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Abstract  

Unbalanced data is an uneven distribution of data objects among the different classes. 

Unbalanced data learning has resided among the top research areas for many decades. 

After a decade of work, conventional algorithms provide inadequate accuracy in 

unbalanced data classification. The majority of existing studies on unbalanced data 

learning rely on sampling strategies, which have downsides such as information loss, 

increased learning time, and over-fitting. The data difficulties also have a substantial 

impact on the algorithm's performance. We experimented with datasets to observe how 

the data difficulties such as small disjunction, class overlapping, and a causal relationship 

between the dependent and independent variables affect the unbalanced data 

classification. The domains with extremely important minority classes, such as medical, 

need accurate unbalanced data classification to minimize the total misclassification cost. 

Research should focus on misclassification cost reduction rather than just improving the 

accuracy when the minority class’s misclassification cost is significantly high. Traditional 

classifiers are built for symmetric datasets and designed to improve accuracy by 

prioritizing the majority class. Even though they misclassify the minority cases, the 

accuracy does not reflect this. A lack of appropriate performance metrics further hampers 

existing unbalanced data learning strategies. We proposed new evaluation measures 

named IRWMean and Bmean, which give a proper cost-sensitive evaluation of 

unbalanced data classification. The IRWMean measures benefit, and the B-mean gives 

an unbiased performance evaluation by considering the appropriate weightage of each 

class based on their misclassification costs. 

In recent times, cost-sensitive unbalanced data learning has become one of the top 

research interest areas. This research proposed new classification algorithms that reduce 

the total misclassification cost without compromising the overall accuracy. We use three 

approaches: cost-sensitive learning, ensemble learning, and hybrid learning to propose 

improved unbalanced data classification models. The decision tree is a widely used 

machine learning algorithm. However, the information gain and the Gini index make the 

decision tree majority-biased. Biased splitting measures select the features that are biased 

towards the majority class. To deal with this problem, we proposed modified tree 

algorithms called MiDTv.1, MiDTv.1.2, MiDTv.2, and LSSDT. The proposed algorithms 
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use new cost-sensitive splitting metrics named Mgini v.1, Mgini v.1.2, Mgini v.2, and 

LSS, respectively. The proposed splitting metrics are asymmetric, which alleviate the 

majority class bias by taking misclassification cost into account when deciding the 

splitting criteria. Compared to traditional decision tree classifiers such as CART and J48, 

our proposed MiDT algorithm reduces misclassification costs by more than 10%.  

Empirical results show that the proposed methods give optimal performance for medical 

datasets, including the COVID-19 dataset. The MiDT's misclassification cost is less than 

half of the SVM. The proposed algorithms are also tested on real-life benchmark datasets 

and found optimal compared to the conventional algorithms.  

In the ensemble approach, two algorithms are proposed named RFMgini1 and RFMgini2. 

The proposed ensemble models use MiDT algorithms as base learners and give more 

optimal results than traditional random forest algorithms. However, the ensemble models 

give suboptimal results due to the bagging technique compared to the cost-sensitive 

MiDT models. Researchers believe that the hybridization of cost-sensitive and ensemble 

algorithms with data sampling techniques can improve the performance of unbalanced 

data classification. We proposed hybridization of our proposed cost-sensitive and 

ensemble algorithms with data oversampling algorithm SMOTE. We proposed cost-

sensitive and cost-insensitive hybrid models. The cost-sensitive hybrid MiDTv.1, hybrid 

MiDTv.2, hybrid RFMgini1, and hybrid RFMgini2 improve unbalanced data 

classification and reduce overall misclassification cost compared to the cost-insensitive 

hybrid models. The proposed algorithms have been evaluated with statistical significance 

tests, and the results are found to be statistically significant. 

Finally, a cost-sensitive algorithm called ImbTree is proposed, which reduces 

misclassification cost without data sampling. ImbTree employs a new causal relationship-

based feature selection measure named MSplit. The ImbTree algorithm has proved 

optimal compared to the state-of-the-art cost-sensitive and ensemble techniques. 

The proposed models have been tested on real-life benchmark datasets for comprehensive 

performance evaluation. The results show that the proposed ImbTree, MiDT, and cost-

sensitive hybrid models outperform the recent techniques AUC4.5, IGSAGAW-CSSVM, 

PSO-SVM, and FOA-SVM.  
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CHAPTER-1 

Introduction 

1.1 Introduction  

Knowledge discovery is the process of analyzing data and summarizing it into 

knowledgeable information through knowledge representation techniques [1]. Machine 

learning is about building a model from the extracted knowledge for the label prediction of 

unseen instances. The trained model is used to add intelligence to the business. Classification 

is one of the most widely used supervised learning techniques for building a machine 

learning model [1]. In supervised learning, the classifier has pre-labeled data as input. 

Classification algorithms are made with the assumptions of symmetric class distribution [2]. 

Thus, existing classification algorithms perform well for balanced data. However, they do 

not function optimally for unbalanced data. Unbalanced data has a skewed class distribution. 

In binary-class unbalanced data, one class is in the majority, and another class is in the 

minority. Because of majority class dominance, the classifier mostly learns for the majority 

class and ignores the minority class. Unbalanced data classification technique should focus 

on accurate prediction of both the classes, which is still considered a challenging task [3]. 

1.2 Background Study 

1.2.1 Classification 

Classification is a supervised learning technique. Supervised learning has two phases: 

training and testing. The classifier builds a model from a pre-labeled dataset known as 

training data in the training phase. The constructed model was used to predict the label for 

the pre-labeled test data in the testing phase. Accuracy is measured by comparing the 

predicted label with the actual label. If the model’s accuracy is above the required threshold, 

then it will be used to predict labels for future unlabeled data.  
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Traditional classification algorithms such as Naïve Bayesian, support vector machine 

(SVM), k-nearest neighbor (KNN), neural network, decision tree, random forest, etc., are 

used to build a classification model. These algorithms are initially developed for balanced 

data and show good accuracy if they have a balanced dataset for classification [4]. However, 

in the case of unbalanced data, these algorithms exhibit bias towards the majority class and 

incorrectly classify minority instances [5,6]. 

1.2.2 Unbalanced Data 

An unbalanced dataset has an unequal distribution of instances among the different 

categories. For example, out of 100 patients of cancer hospitals, only five to ten patients 

might diagnose with cancer (positive class) while the rest diagnosed as cancer-free (negative 

class). Thus, the cancer dataset has more negative than positive class instances, which causes 

a skewed class distribution. Unbalanced data classification is essential for real-life 

applications such as medical diagnosis, activity recognition, suspect identification, cancer 

malignancy grading, credit card fraud detection, traffic accident analysis, political science, 

etc. [3,5,7,8].  

Highly unbalanced data is common in real-world domains. Over the decade, researchers paid 

good attention to the classification of unbalanced data and proposed many techniques for 

binary class unbalanced datasets [4]. The classification becomes even more complicated and 

less accurate for multi-class unbalanced data [9]. The binary-class unbalanced dataset has 

only two classes (negative and positive), and one class outnumbered the other class [7,9,10]. 

There are more than two classes in multi-class unbalanced data with an uneven distribution 

of instances. 

Existing classification techniques face difficulties in unbalanced data classification due to 

the presence of between-class unbalance or within-class unbalance [11]. There is an unequal 

distribution of the instances among the classes in a between-class unbalanced dataset. In a 

within-class unbalanced dataset, the target class has sub-concepts within it [9]. For example, 

in the hospital dataset, the class of patients with respiratory illnesses contains a sub-concept 

that belongs to the different types of flu. Each sub-concept is vital to predict, as some sub-

concepts might represent the deadly swine flu or COVID-19. 

As per Jerzy Stefanowski et al. [11], between-class unbalance is evaluated by the imbalance 

ratio (IR). The IR is defined as the ratio of majority class instances to the number of minority 
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class instances [12]. There is no defined value of IR to determine whether the given dataset 

is unbalanced or not. However, as per  [7], if the binary class dataset contains a class with 

less than 35% of the total instances, it is considered an unbalanced dataset.  Unbalanced 

datasets are either lightly unbalanced or highly unbalanced. If the dataset has an imbalance 

ratio of more than 9, it is called a highly imbalanced dataset [13]. If the dataset is a little 

unbalanced, then data sampling techniques can be used to balance the dataset. But for the 

highly unbalanced dataset, the data sampling becomes more complex. It either increases the 

dataset size or results in a loss of important information. These drawbacks restrict the use of 

the sampling method for absolute rare classes in highly unbalanced datasets [11]. The rare 

class is the minority class, with very few instances compared to the majority class. Rare class 

classification is about building a model that can correctly classify unbalanced data [14]. As 

per [11], for the relative imbalance dataset, it is possible to collect more examples and 

increase the size of the dataset by maintaining a global imbalance ratio. Here, the absolute 

cardinality of the minority class is not rarer, and it may be easier to learn a model for the 

minority class. The minority class instances are very few for the dataset with absolute rare 

class. Thus, to make minority class instances noticeable, the sampling method generates 

more minority instances, which results in a large dataset. This restricts the use of the 

sampling method for the dataset, which contains an extremely rare class. 

Despite many techniques proposed by researchers over the past decade, unbalanced data 

classification still requires more intense research [15,16]. In addition to the high imbalance 

ratio, other data characteristics such as small disjunction, class overlapping, and borderline 

examples make unbalanced data classification less accurate [11]. Traditional classification 

algorithms, such as decision trees, support vector machines, k-nearest neighbor, and neural 

networks, perform poorly on unbalanced datasets with such data difficulties [4,11]. Class 

overlapping and small disjunctions in the dataset make unsupervised techniques like 

clustering and outlier analysis unreliable for accurate prediction of the minority class. 

The unbalanced data explore the shortcoming of the traditional classification techniques. 

The main drawback of SVM is its high computational cost if data is not linearly separable 

[17]. The oversampling technique used in unbalanced data classification increases the class 

overlapping [15]. Due to this, the dataset becomes linearly inseparable, which restricts the 

use of the SVM. The KNN algorithm has a natural bias of the majority class [11]. The 

decision tree algorithm uses splitting measures such as the Gini index, information gain, and 

gain ratio. These splitting measures follow the greedy approach and thus favor the majority 
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class [18]. The information gain has a natural bias towards majority class instances [2]. The 

naïve Bayesian algorithm is based on the Bayes theorem and favors the majority class. 

Existing unbalanced classification algorithms are not optimal even though they exhibit an 

accuracy of around 90% because they favor the majority class and incorrectly classify the 

minority class instances [4]. The high accuracy percentage is due to the accurate 

classification of the majority class, which covers a significant part of the dataset. 

As per Bartosz et al. [3], learning from unbalanced data is still an open challenge. Many 

authors have performed studies of unbalanced data classification for decades. Due to 

continuous changes in data nature, unbalanced data classification is still an open issue [11]. 

As per Jerzy et al. [11], the data difficulty factors of unbalanced data are still not excessively 

studied. 

1.2.3 Experimental Proof of Biased Behavior of Naïve Bayesian for Unbalanced Data 

To understand the difficulty of unbalanced data, we discuss one example with a Naïve 

Bayesian algorithm. The Naïve Bayesian algorithm is selected to understand how the 

dominance of the majority class forces the classifier to ignore the minority class because it 

predicts the class label and gives the probability of its predictions [19].  

Naïve Bayesian predicts the label based on the posterior probability. The posterior 

probability is calculated using (1.1). Naïve Bayesian selects the class that gives the highest 

posterior probability for given instance X. 

P(C|X) = P(X|C) ×
P(C)

P(X)
      (1.1) 

Here, C is the target class, and X is the instance for which we want to predict the class label. 

P(C) is the prior probability of class C, and P(X) is the prior probability of instance X. To 

evaluate (1.1), we need to derive the value of P(X|C). With the assumption of class 

conditional independence, P(X|C) is defined as in (1.2). 

P(X|C)= 𝑎𝑟𝑔𝑚𝑎𝑥(𝑐 ∈ 𝐶) 𝑃(𝑐) ∏ 𝑃(𝑥𝑖 |𝑐)𝑚
𝑖=1     (1.2) 

For this experimental analysis, a synthetic dataset called COVID-19-suspect with a total of 

110 instances is created. It has two independent attributes (Age and 

CloseContactWithCovidPatient) and one target attribute (CovidThreat = Yes/No). 10 

instances belong to the minority class (CovidThreat = Yes), and 100 instances belong to the 

majority class (CovidThreat = No) from 110 instances. We have a test instance X for which 
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we want to predict a label. The instance X originally belongs to the class CovidThreat =Yes, 

and it is given as, 

X = (Age=‘Elder’ and CloseContactWithCovidPatient=‘Yes’) 

The prior probability of a class, 

 P(CovidThreat =Yes) = 10/110 = 0.0909  (Minority Class) 

 P(CovidThreat =No) = 100/110 = 0.9090  (Majority Class) 

 

The step-by-step execution of Naïve Bayesian with the assumption of the prior probability 

of an instance is given below. 

  

Step 1) P(Age=Elder | CovidThreat =Yes) = 1/10 = 0.1 

Step 2) P(Age=Elder | CovidThreat =No) = 40/100 = 0.4 

 

Step 3) P(CloseContactWithCovidPatient=Yes | CovidThreat =Yes) = 3/10 = 0.3 

Step 4) P(CloseContactWithCovidPatient=Yes | CovidThreat =No) = 1/100 = 0.01 

 

Step 5) P(X | CovidThreat =Yes) = 0.1×0.3 = 0.03 

Step 6) P(X | CovidThreat =No) = 0.4×0.01 = 0.004 

 

Step 7) P(CovidThreat =Yes) × P(x | CovidThreat =Yes) = 0.0909 × 0.03 =0.0027  

Step 8) P(CovidThreat =No) × P(x | CovidThreat =No) = 0.9090 × 0.004 =0.0036  

 

From the probability calculation as in steps numbers 7 and 8, instance X is labeled as 

“CovidThreat = No”. In steps 5 and 6, the probability of “CovidThreat = Yes” is higher than 

the probability of “CovidThreat=No”. However, when the class probability is considered in 

steps 7 and 8, the probability of “CovidThreat=No” increases, and the test instance X is 

misclassified as “CovidThreat=No”. The cost of this misclassification is the spread of the 

COVID-19 and more loss of life. 

This misclassification happens because there is a massive difference between minority and 

majority class instances. The size of the minority class is around 9.09% of the total dataset 

size, while the majority class covers 90.9% of the dataset. Because of the huge difference in 

class representation, the naïve Bayesian becomes biased towards the majority class, as 

shown in the calculation of steps 7 and 8. To avoid the discriminatory behavior of 

conventional classifiers for unbalanced data, researchers either use data balancing 

techniques or algorithmic techniques.  
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1.2.4 Techniques Used for Unbalanced Data 

Unbalanced data classification is handled using two techniques: data level techniques and 

algorithm level techniques [5,11]. Past studies of unbalanced data mainly focus on binary 

class classification and use data sampling techniques [4]. Data sampling techniques such as 

over-sampling, under-sampling, and mix-sampling are extensively used in unbalanced data 

classification [20]. However, these techniques have the drawbacks of over-fitting, loss of 

rare sub-concepts, and increased learning time [4,15]. The algorithm techniques include 

cost-sensitive learning, one-class learning, and ensemble techniques [4,8,11]. 

(a) Data Level Technique 

Lots of researches have been performed using sampling techniques for unbalanced data 

classification. Numerous techniques are proposed that uses base algorithms such as decision 

tree, Bayesian network, support vector machine (SVM), neural network, with data-level 

sampling [7,21–23]. 

Data Over-sampling 

Random oversampling is a non-heuristic technique. In this technique, the dataset is balanced 

by replicating the minority class instances until they become equal to the majority class 

instances [10,24]. Random oversampling develops over-fitting and increases computational 

time [4,15]. The SMOTE algorithm is the pioneer algorithm of data oversampling and the 

most widely used algorithm [20,21,24–26]. SMOTE tries to overcome the over-fitting 

problem by generating synthetic samples joining the k nearest minority class instances 

[10,25]. However, many researchers still believe that the SMOTE causes over-fitting and 

class overlapping [15,26,27]. SMOTE uses the same sampling rate for all the instances of 

the minority class that result in poor performance of the classification algorithm [20].  

Under-sampling 

In the random under-sampling technique, majority class instances are randomly eliminated 

from the dataset [9,10]. Under-sampling is a non-heuristic method used to balance the 

unbalanced datasets by removing the majority class instances. Tomek links can be used as 

an under-sampling method [11]. The focused under-sampling technique removes the 

majority class’s instances located further away [28]. The major drawback of under-sampling 

is the loss of valuable information due to the removal of instances. Under-sampling should 

be avoided when the majority class contains important sub-concepts within it. Random 
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removal may result in a complete loss of sub-concepts that are important to predict. Under-

sampling must be done carefully if the majority class has within-class unbalance [9]. 

Hybrid Sampling 

Hybrid sampling is a mixture of data over-sampling and under-sampling. In hybrid sampling, 

the majority class is under-sampled, and the minority class is over-sampled. Astha Agrawal 

et al. [9] proposed a hybrid sampling technique called SCUT (SMOTE and cluster under-

sampling technique). SCUT combines oversampling and under-sampling techniques and 

improves results compared to SMOTE. Vluymans et al. [29] proposed hybrid data sampling 

techniques by prototype selection (under-sampling) and prototype generation 

(oversampling). 

Feature Subset Selection  

In the feature subset selection method, a subset of features is selected. In the past, a similar 

technique was used to improve the cost-sensitive naïve Bayesian algorithm [18,30]. Relevant 

features for the majority and minority classes are selected, and only selected features are 

used for the classification. Feature selection reduces the size of the dataset and overall 

learning time by removing irrelevant features [31]. Appropriate weight is assigned to the 

features based on the causal relationship between the dependent and independent variables 

[4]. Weighted features are used for classification, which is similar to the method used in 

weighted classifiers [19,32,33]. Decision tree and association rule mining techniques can be 

used for feature subset selection and feature weighting [4,18,31,34]. The feature selection 

techniques are categorized into three groups: filter, wrapper, and embedded [31]. The filter 

method involves the prior selection of features, and in the wrapper method, the list of 

selected features is updated as per the classifier's performance. Wrapper methods are 

computationally expensive [31]. The embedded method is a combination of the filter and the 

wrapper method.  

(b) Algorithmic Technique 

In algorithmic techniques, researchers either improve existing base algorithms or build a 

new improved algorithm for unbalanced data classification [35]. The algorithmic techniques 

used for the unbalanced data classification are the ensemble technique, one-class learning, 

and cost-sensitive learning. Many researchers use ensemble techniques to combine different 

weak learners using an ensemble rule [36,37].  



Introduction 

8 
 

Ensemble Technique 

The ensemble technique combines multiple classifiers to improve the accuracy of sub-

optimal classification algorithms [5,10,20]. Bagging (Bootstrap Aggregation) and boosting 

are widely used ensemble techniques for unbalanced data classification. However, these 

techniques may suffer due to over-fitting and loss of valuable information as they rely on 

sampling methods to obtain balanced data [22].  

In the boosting technique, all classifiers are trained serially. The boosting technique 

increases the weight associated with the misclassified instances and decreases the weights 

of the correctly classified instances as the classification advances to the next classifier 

[10,22]. The subsequent classifiers focus more on misclassified instances due to their 

increased weight. As per [4], the SMOTEBoost algorithm combines SMOTE and standard 

boosting techniques to address the unbalanced data learning problem. 

In the bagging technique, data subsets are created using random sampling with replacement 

and given to different classifiers for training [13]. However, due to random sampling with 

replacement, minority representation decreases further in the data subsets and affects the 

classifier's performance. Due to further reduction of minority class instances, the individual 

classifier remains unlearned for the minority class.  

One Class Learning 

In this method, the dataset is partitioned into class-specific subsets, and each subset is given 

to the classifiers for classification. Finally, all the results are combined. Earlier work used 

the One Vs. One (OVO) and One Vs. All (OVA) approaches for multi-class unbalanced data. 

In OVO, two different classifiers are learned for each pair of class labels. In OVA, one class 

is considered positive, and the other is considered negative. This process is repeated for each 

class. In OVO, we need one classifier for each pair of class labels. So, in OVO, we need 

(N(N-1))/2 classifiers for the N class label. In OVA, we need N classifiers for N classes. 

However, combining results from different one-class classifiers trained on different subsets 

may result in a classification error [9,38].  

For unbalanced data classification, other decomposition techniques are also in use, such as 

One-Against-Higher-Order (OAHO), All-and-One, and the Error-Correcting Output Codes 

(ECOC Coding) [37]. ECOC first builds a code-word for each class to obtain the largest 

distance between various classes, thus transforming the classes of the multi-class data into c 

code-words. OAHO is a special version of OVA, where classes are arranged in descending 

order based on their number of instances. All-and-one is the combination of OVO and OVA.  
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Cost-Sensitive Learning 

Cost-sensitive learning is the algorithmic technique of unbalanced data classification 

[39,40]. In a cost-sensitive algorithmic approach, researchers focus on reducing 

misclassification cost or test cost [22,39,40]. Generally, class unbalance problems do not 

have defined test costs [12].  

In the cost-sensitive approach, each class is assigned misclassification costs [38]. The 

machine learning algorithm pays penalties for each wrong prediction [2,38,40]. This penalty 

is called misclassification cost or simply cost. Different classes have different costs of 

incorrect prediction [38]. For example, the wrong prediction of a cancer patient as cancer-

free may result in a loss of life, while the wrong prediction of the cancer-free patient as a 

positive cancer patient may require some additional tests that incur financial expenses. Such 

uneven misclassification costs make unbalanced data classification a more challenging 

problem. The cost-sensitive classification algorithm should focus on reducing 

misclassification costs instead of improving the accuracy [41].  

The majority class with a low misclassification cost in binary class unbalanced data is called 

the negative class. The minority class with a high misclassification cost is called the positive 

class because the minority class represents the event of our interest, and it is more important 

to classify. As per Sun et al. [22], cost-sensitive learning assigns low cost to the majority 

class and higher cost to the minority class, giving more weightage to the minority class and 

improving the minority class prediction accuracy. However, determining the initial 

misclassification cost is difficult, and variation in the misclassification cost also affects the 

performance. 

As per Turney et al. [42], nine types of costs can be considered for the reduction in cost-

sensitive inductive concept learning. However, as per the authors, generally, 

misclassification cost is reduced in machine learning research. 

 Cost of misclassification. 

 Cost of tests (evaluation). 

 Cost of labeling. 

 Cost of intervention or changing the system from which observations are drawn. 

 Cost of unwanted achievements or outcomes from intervening. 

 Cost of computation. 

 Cost of cases or data collection. 

 Cost of human-computer interaction or framing the problem and using software to 

fit and use a model. 

 The cost of instability or variance is known as concept drift. 

https://www.apperceptual.com/
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Cost-sensitive learning is preferred against the traditional learning approach for datasets 

having uneven prediction penalties for different classes [41]. Most researchers focus on 

reducing misclassification cost as it is most important when there is a huge penalty for the 

wrong prediction of the minority class. Specifically, a reduction in misclassification cost for 

medical datasets is desirable [41,43]. 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 [35]. 

Cost Determination 

The cost matrix should be carefully defined to ensure optimal results of the cost-sensitive 

unbalanced data learning. When it is impossible to define a particular misclassification cost, 

then a range of the costs can be tested [12]. An optimization algorithm can be used to derive 

an optimal cost that minimizes the total misclassification cost. Cost can also be determined 

through the help of domain experts [35]. When domain expertise is not available, researchers 

used misclassification cost equal to the imbalance ratio or reverse imbalance ratio [2,12,38].  

In a reverse imbalance ratio, the distribution-based weight of the majority class is used as 

the cost of the minority class, and the distribution-based weight of the minority class is 

assigned as the cost of the majority class. The reverse imbalance ratio-based cost method is 

useful in medical datasets where the actual cost of the wrong prediction of the positive 

patient is unknown [2,12,43].  

The misclassification cost matrix is derived after determining the misclassification cost for 

each class. Table 1.1 shows the misclassification cost matrix for the dataset with 1000 

majority and 100 minority class instances. A reverse imbalance ratio is used to calculate the 

cost of misclassification. There is a zero cost for the correct prediction of positive and 

negative classes. However, as per the reverse imbalance ratio, the penalty for the wrong 

prediction of a positive class (minority class) is 10, and for a negative class, it is 0.1. Using 

the misclassification cost matrix, the total misclassification cost is derived for the evaluation 

of the classifier.  

TABLE 1.1 Misclassification Cost Matrix 

Misclassification cost matrix Prediction as Positive Prediction as Negative 

Actual Positive 0 10 

Actual Negative 0.1 0 
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1.2.5 Importance of Cost-Sensitive Approach 

Traditional machine learning algorithms are developed to classify balanced data and 

consider the equal importance of each class [44]. The performance of the traditional 

classifier is evaluated by the total number of correctly predicted instances. Because of this, 

the classifier tries to reduce the total number of false predictions regardless of the class of 

the instances. However, instances that belong to the different classes have different costs of 

false prediction. When the misclassification cost of one class is higher than the other, then it 

should be treated as a cost-sensitive problem [12,40].  

Existing algorithms for unbalanced data classification don’t consider the misclassification 

cost difference. They prioritize the majority class because they cover a large portion of the 

dataset. Existing data sampling-based techniques have the drawbacks of over-fitting, more 

computation time, and loss of information [9,10,22,29,45,46]. Because of this, these 

techniques fail to achieve the desired performance level for unbalanced data classification 

[7,9,29]. Further, the majority class-biased evaluation parameters such as accuracy, 

precision, and g-mean don’t properly evaluate minority class classification. 

Accurate and cost-effective classification of unbalanced data is a challenging task, and 

recently it has attracted the interest of many researchers [3,25,34,38,40,47]. The cost-

sensitive technique alleviates the problems associated with data sampling techniques 

[4,22,39]. Because of the low representation of the minority class and the high cost of 

misclassification, cost-sensitive learning becomes more difficult. The classifiers should 

perform accurate classification of minority classes despite their little representation in the 

dataset to reduce the overall misclassification cost.  

1.2.6 Shortcomings of Existing Unbalanced Data Classification Techniques 

In the simplest form of data oversampling, the minority instances are replicated, which 

causes the problem of over-fitting [27]. Another way of oversampling is the generation of 

synthetic minority class instances by combining existing minority class instances [25]. It 

avoids over-fitting, but it is challenging to decide the number of instances from which a 

synthetic instance is generated. It is also challenging to determine the rate of oversampling. 

Further, it increases class overlapping. The classification of minority class becomes complex 

if class overlapping or small disjuncts are present in the dataset [25]. 
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The data under-sampling technique reduces the size of the dataset and thus minimizes the 

learning time. However, this may result in information loss [11]. A small sub-section within 

the class might get removed during the removal of the majority instances. Such sub-sections 

are essential to identify, especially in the medical dataset. Because of such elimination, the 

classifier remains unlearned for the removed sub-sections, which adversely affect the 

classifier's performance [3,10]. Under-sampling increases the variance and bias to the 

posterior probability [48]. When the imbalance ratio is high, the under-sampling necessitates 

the removal of more instances, which results in the unavailability of required data [48].  

The decomposition techniques like One Vs. One, One Vs. All, One-Against-Higher-Order, 

All-and-One, and the Error-Correcting Output Codes (ECOC Coding) are used for 

unbalanced data classification [37]. However, it is challenging to combine different one-

class learners trained over different subsets of the data, and this is not the best technique for 

the imbalanced data [9,38]. 

The unbalanced data learning models, which claim accuracy of around 90%, are still not 

considered the optimal cost-sensitive classifier if they misclassify the minority instances. 

They claim such high accuracy because of the biasing of evaluation parameters towards the 

majority class. Such classification techniques can only classify the majority class optimally 

[25].  

1.2.7 Major Challenges of Unbalanced Data Classification 

Some data difficulties block the road to the accurate prediction of unbalanced data 

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

overlapping, and the absence of unbiased evaluation parameters make accurate unbalanced 

data classification a difficult task. 

High Imbalance Ratio 

The imbalance ratio (IR) is the ratio of majority class instances to minority class instances. 

A high imbalance ratio makes the minority class rarer, and thus the classifier has very few 

minority instances to learn. This results in complete ignorance of the minority class. 

Furthermore, if the minority instances are distributed farther away from each other, then the 

classification algorithm treats them as noise [27,43]. The sparse distribution of the minority 

class and the high imbalance ratio together adversely affect the prediction rate of the 

minority class. 
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Small Sub-Concepts within Class 

Small sub-clusters within-class make the classification task more complex [11]. If the 

minority class has small sub-concepts, it is more difficult for the classifier to learn from 

them. If the majority class has small sub-concepts, then the under-sampling technique may 

remove them. Sub-concepts create within-class unbalance that increases the complexity of 

classification.  

Class Overlapping 

In class overlapping, instances belonging to the minority class are surrounded by instances 

of the majority class. This situation forces the classifier to ignore the minority instances as 

the majority instances outnumber them [15]. Support vector machine and K-nearest neighbor 

algorithms are suboptimal for unbalanced data classification due to class overlapping and a 

high imbalance ratio. 

Absence of Unbiased Evaluation Parameters 

Unbiased evaluation metrics are required for the classifier's unbiased evaluation. 

Conventional evaluation metrics such as accuracy, F-measure, and G-mean are majority 

class-biased. The classifier can produce good accuracy if it only classifies the majority class 

and ignores the minority class. Traditional evaluation metrics hide the poor performance of 

the minority class. Such a biased evaluation of classifiers is inappropriate in sectors like 

medical diagnosis, where the minority class has a high misclassification cost. 

1.2.8 Important Application Area of Cost-Sensitive Unbalanced Data Classification 

 Medical diagnosis 

The medical domain is an important application area for cost-sensitive unbalanced data 

classification. The disease diagnosis data is mainly unbalanced, and the minority class of 

positive cases has more misclassification cost than the majority class of negative cases [49]. 

For instance, in the case of COVID-19 prediction, if the covid positive patient is predicted 

as non-covid, then the cost is enormous compared to the prediction of the non-covid patient 

as covid positive. In the earlier case, due to the misclassification, the COVID-19 virus spread 

rapidly, and it cost more. In the latter case, additional clinical tests are required, which are 

less expensive than the former.   

 Banking system 



Introduction 

14 
 

In a bank, selecting a person to grant a loan is crucial. One lousy loan can eliminate the profit 

from many good loans. Thus, selecting the wrong person to grant the loan costs more than 

rejecting the right person for the loan. In the bank-loan dataset, the number of bad loans is 

lower than the number of good loans. Thus, traditional classification algorithms face 

difficulties in correctly predicting the minority class. A cost-sensitive approach can give 

importance to the minority class and improve its prediction rate. 

 Phishing detection 

Phishing detection is the detection of phishing URLs. Phishing URLs look similar to 

legitimate URLs, but they steal users' important information. The legitimate URLs are 

greater in number and have a lower misclassification cost, while phishing URLs are fewer 

in number but have a higher misclassification cost. The cost-sensitive approach is more 

meaningful due to the uneven misclassification costs and skewed data distribution. 

 Detection of anti-social activity in social media  

Detection of anti-social activity from huge social media data is a difficult task. The enormous 

amounts of social data hide the anti-social activity in it. It cost more if the classifier fails to 

detect anti-social activity. This social media data is unbalanced and has an uneven cost 

distribution. 

Classification algorithms that consider equal misclassification costs for all the classes are 

not helpful for the applications discussed here. Because uneven misclassification costs 

necessitate misclassification cost reduction, not just improvement in prediction accuracy. 

Other major application areas of the cost-sensitive approach are software defect detection 

problems [50], churn prediction for telecommunication [47], traffic accident analysis [7], 

suspect identification, music, image categorization [51], engineering applications such as 

prediction of rock-burst in the VCR rockburst datasets [20], intrusion detection, credit rating 

[52], etc. 

1.3 Problem Statement 

As per Liu et al. (2019) [40], traditional classification algorithms usually aim to increase 

accuracy instead of minimizing misclassification costs. In unbalanced data learning, when 

the misclassification cost of the minority class is higher than the majority class, the research 

should minimize the misclassification cost. The focused problem statement of this research 

is:  
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“To propose improved machine learning techniques which alleviate the biasing towards the 

majority class and improve accuracy for the minority class to reduce the overall 

misclassification cost.” 

1.4 Aim and Research Objectives 

This research aims to develop improved unbalanced data classification models using 

machine learning techniques such as cost-sensitive, hybrid, and ensemble learning. The 

Ph.D. research work proposes to achieve the following objectives: 

• To investigate and review existing research studies on unbalanced data classification. 

• To define unbiased and minority-sensitive evaluation parameters for unbalanced data 

classification performance evaluation. 

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

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

• To develop and investigate cost-sensitive techniques for 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. 

1.5 Scope of the Research 

The proposed research focused on binary class datasets. The multi-class dataset is classified 

by converting it into the binary class dataset, as per the standard process defined by the 

researchers [37,39]. 

1.6 Research Contributions 

This research focuses on improved unbalanced data learning that reduces misclassification 

costs. A literature study is presented to discuss the existing research work on unbalanced 

data learning. The data difficulties that hinder the classifiers’ performance are studied with 

the experimental analysis. Two new evaluation measures (IRWMean and Bmean) are 

proposed for the appropriate performance evaluation of the unbalanced data classification. 
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Three approaches are employed to propose improved unbalanced data classification models: 

cost-sensitive learning, ensemble learning, and hybrid learning. A statistical significance test 

was employed to validate the results of the proposed models.  

1.6.1 Cost-Sensitive Approach 

The main contributions of this research are the cost-sensitive algorithms called MiDTv.1, 

MiDTv.2, and ImbTree. New cost-sensitive asymmetric splitting measures are developed to 

propose a cost-sensitive decision tree model. The ImbTree is based on the causal 

relationship-based weighted model. 

1.6.2 Ensemble Approach 

In the second ensemble approach, two algorithms (RFMgini1 and RFMgini2) are proposed, 

which show the optimal result as compared to the conventional random forest algorithm. 

The RFMgini models use a proposed cost-sensitive splitting measure called Mgini to 

generate forest trees.  

1.6.3 Hybrid Approach  

The third hybrid approach proposes a hybridization of cost-sensitive and data sampling 

methods. Two methodologies are employed to propose cost-sensitive and cost-insensitive 

hybrid models. The cost-sensitive hybrid models named hybrid MiDTv.1, hybrid MiDTv.2, 

hybrid RFMgini1, and hybrid RFMgini2 give optimal performance.  

1.7 Structure of Thesis 

Chapter 1 gives the general introduction of the research work. It explains the classification, 

unbalanced data classification, and the various techniques used to deal with it. It also 

discusses the shortcomings of existing techniques and the application of unbalanced data 

classification. The chapter ends with the problem statement, research objectives, and scope 

of the research work. 

Chapter 2 presents a comprehensive literature survey of unbalanced data classification. It 

reviews the conventional classification algorithm used for unbalanced data classification. 
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The literature review includes existing data-level techniques, algorithmic techniques, and 

hybrid techniques used for unbalanced data. It ends with a summary table and a discussion 

of the open issue. 

Chapter 3 presents a comprehensive study of evaluation parameters and their limitations in 

the unbalanced data classification performance evaluation. It also discusses two new 

proposed performance evaluation parameters named IRWMean and BMean and presents a 

detailed experimental study. 

Chapter 4 discusses the data difficulties that hinder the performance of unbalanced data 

classification. It identifies the data characteristics that decrease the performance of 

classification. 

Chapter 5 discusses the proposed asymmetric splitting measures of the decision tree and, 

based on that, describes the proposed unbalanced data classification algorithms. It presents 

a detailed result analysis and performance comparison with the conventional classification 

algorithms for real-life datasets. 

Chapter 6 discusses the proposed ensembles and hybrid technique-based models. It presents 

a detailed result analysis and performance comparison with the existing ensemble and hybrid 

techniques. 

Chapter 7 discussed the proposed causal relationship-based splitting measure called Msplit 

for tree-based classification. The proposed ImbTree algorithm is discussed, and its 

performance is compared with other state-of-the-art techniques. The statistical significance 

test is employed, and the results are validated. 

Chapter 8 discusses comprehensive performance comparisons of proposed algorithms with 

state-of-the-art techniques. The proposed cost-sensitive algorithms are compared with the 

existing cost-sensitive algorithms, and the proposed hybrid and ensemble models are 

proposed with the recent hybrid techniques. 

Chapter 9 includes a conclusion that summarizes the research findings. It discusses the 

experimental study's major findings and observations. 
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CHAPTER-2 

Literature Survey 

2.1 Introduction 

Despite more than two decades of continuous development, unbalanced data learning is still 

the focus of intense research, and it is an open challenge [3,25,47]. Fig. 2.1 depicts research 

paper publication trends using the number of papers published between 2006 and 2016. The 

trend is based on the data collected from 192 influential journals and conference proceedings 

in computer science, operational research, engineering, and biotechnology [38].  

 

 

FIGURE 2.1 Publishing Trends of Unbalanced Learning [38] 

 

Since 2015, there has been a sharp rise in researchers’ interest in unbalanced data learning. 

Researchers realize the inadequate performance of conventional machine learning 

algorithms in unbalanced data classification. 

In the early years of the twenty-first century, researchers realized the importance of an 

accurate classification algorithm for data with a skewed distribution, and this active area of 

research called learning from unbalanced data began [25]. In 2000, during the American 

Association for Artificial Intelligence conference, the foundation of this research area was 

established in the first workshop on class unbalanced learning [25]. In 2019, Koziarski et al. 

stated that despite more than 20 years having passed, learning from unbalanced data is still 

among the top challenges faced by machine learning algorithms [15].  



Literature Survey 

19 
 

2.2 Review of Conventional Classification Algorithms for Unbalanced 

Data  

For unbalanced data classification, various models have been proposed using traditional 

classification algorithms like Naïve Bayesian, decision tree, support vector machine (SVM), 

neural network, etc. The fundamental disadvantage of SVM is its high processing cost and 

the need for adequate kernel functions [17]. The decision tree algorithm is somewhat greedy 

and uses a top-down approach of divide and conquer. The decision tree algorithm builds a 

tree using splitting measures such as information gain, Gini index, and gain ratio. These 

splitting measures are majority biased and build a decision tree that is also majority-class 

biased [11]. The intrinsic characteristics of the k-nearest neighbor (KNN) make it a majority-

class biased algorithm. In unbalanced data, the k-nearest neighbors of any instance are more 

likely to belong to the majority class. Due to this, KNN misclassifies the minority instances 

when there is a class overlap [11]. If the imbalance ratio and overlapping increase, the 

performance of the SVM and KNN algorithms drop dramatically [11]. Most conventional 

classification algorithms fail to claim high accuracy when dealing with unbalanced data 

[9,22,51]. If the imbalance ratio is high, the classifiers ignore the minority data objects and 

only focus on the correct classification of the majority class.  

2.2.1 Performance Review of Conventional Classification Algorithms for Balanced and 

Unbalanced Data 

We designed an experiment to review the performance of conventional algorithms for 

balanced and unbalanced data classification. This experiment highlights the inadequacy of 

conventional classification algorithms in unbalanced data classification. For this experiment, 

we used the Ecoli dataset. Ecoli is a multi-class dataset with eight classes, seven attributes, 

and 336 instances. The class distribution in the Ecoli dataset is unbalanced (cp = 143, im = 

77, pp = 52, imU = 35, om = 20, omL = 5, imL = 2, and imS = 2). Three variants of the Ecoli 

dataset are created in this experiment. The first variant is unbalanced data itself, and the 

other two variants are obtained by balancing the dataset using two data sampling techniques: 

synthetic minority oversampling technique (SMOTE) and SCUT, a hybrid data sampling 

algorithm (SMOTE and cluster oversampling technique). SCUT uses SMOTE for 

oversampling and expectation-maximization clustering for under-sampling. 10-fold cross-

validation is used for training and testing. The performance of the classifiers is evaluated 
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using g-mean, F-measure, and ROC value. The WEKA library is used for the 

implementation. The WEKA implementation of Naïve Bayesian (NB), support vector 

machine (SMO), and decision tree (J48) are applied to three variants of the Ecoli dataset. 

Table 2.1 shows the results of three classifiers for three different variants of datasets. 

TABLE 2.1 Performance Comparison for Balanced and Unbalanced Datasets 

Algorithm Balanced data using SCUT 

[9] 

Balanced data using 

SMOTE [9] 

Original Unbalanced 

Dataset 

F-

measure 

Gmean ROC F-

measure 

Gmean ROC F-

measure 

Gmean ROC 

NB 0.893  0.936 0.973  0.88  0.941 0.979  0.854 0.819 0.960 

SVM(SMO) 0.847  0.904 0.966 0.863 0.919 0.970 0.653 0.67 0.940 

J48 0.817 0.907 0.927  0.870 0.921 0.941 0.745 0.732 0.920 

 

Results indicate that conventional classification algorithms do not perform optimally in the 

case of unbalanced data. It shows good performance when the dataset is balanced. Naïve 

Bayesian with balanced data obtained using SMOTE shows the best result as compared to 

the other combinations. The SVM on unbalanced data gives the least optimal result. This 

indicates that conventional algorithms alone in their original form do not give good results 

for unbalanced data. Fig. 2.2 shows the performance comparison of conventional classifiers 

for the original unbalanced dataset and balanced datasets obtained through SMOTE and 

SCUT.  

The performance of conventional algorithms is improved by either data level techniques or 

algorithmic techniques, or both [7,9,11,47]. Cost-sensitive unbalanced data classification 

has attracted much attention from researchers in recent times [7,9,12,39–41,50].  

 

FIGURE 2.2 Performance Comparison of Traditional Algorithms 
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2.3 Background Study and Related Work of Unbalanced Data Learning 

From the total research works done for the unbalanced data classification, most of the 

research is based on data sampling techniques. Most of the researchers rely on data balancing 

techniques to balance the dataset. In recent times, there has been a shift in the paradigm and 

researchers have given more focus to cost-sensitive unbalanced data learning [12,31,43]. 

However, data sampling techniques are still important to discuss as they establish the 

foundation of unbalanced data learning.  

Jerzy et al. [11] identify and explain data difficulties that researchers still face during 

unbalanced data classification. Authors discuss data characteristics such as class 

overlapping, small disjunction, and difficulties in distinguishing different class instances and 

claim that these characteristics have a vital role in unbalanced data classification. The author 

also admits that the recall-precision curve is more appropriate compared to the ROC curve 

for the performance evaluation. The authors highlight the drawbacks of SVM in unbalanced 

data classification when imbalance ratio and class overlapping increase. High imbalance 

ratio, presence of noise, and class overlapping make unsupervised techniques such as cluster 

and outlier analysis unreliable for the identification of minority class from unbalanced data 

[11].  

Krawczyk et al. [3] discussed various open issues and challenges that need to be addressed 

for further development in unbalanced data learning. As per the authors, data overlapping, 

multi-class unbalanced data, and extremely unbalanced data with a high imbalance ratio are 

major challenges for unbalanced data learning. The authors identify cancer detection as one 

of the important applications of unbalanced data classification, and it is in high demand due 

to the huge misclassification cost associated with the minority class. 

2.3.1 Literature Survey on Data Level Techniques 

Unbalanced data learning reached its first milestone in 2002 when Chawla et al. proposed 

the SMOTE algorithm to balance the dataset [24]. Since SMOTE was proposed, it has 

proven to be one of the game-changer algorithms [25]. Since its release, researchers have 

proposed many extensions and modifications to improve its performance. SMOTE is 

considered one of the most influential oversampling algorithms in machine learning [53].  
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Kotsiantis et al. [10] performed a detailed study of unbalanced data classification techniques. 

They explain various sampling techniques and suggest SMOTE with a one-class learning 

technique for unbalanced data classification. Vluymans et al. [29] proposed an evolutionary 

prototype reduction-based ensemble method for nearest neighbor classification of 

unbalanced data (EPRENNID). In this paper, the authors proposed hybrid data preprocessing 

techniques of prototype selection (PS) and prototype generation (PG). PS creates a subset of 

the original dataset by selecting instances, while PG selects some instances and may create 

artificial instances if required. During instance selection, PS might omit majority instances 

as well as minority class instances. A genetic algorithm is used for prototype selection, and 

the accuracy of KNN is used as the fitness function. Prototype reduction reduces the number 

of instances and creates a new dataset that is smaller than the original dataset, which causes 

information loss. The drawbacks of KNN are low efficiency, high storage requirements, and 

sensitivity to noise [11].  

As per Herna et al. [9], the SMOTE algorithm has the disadvantage of over-fitting. They 

proposed a new hybrid sampling technique called SCUT (SMOTE and Cluster Under-

sampling Technique). SCUT combines under-sampling and oversampling. It performs over-

sampling of the minority class using SMOTE and under-sampling of the majority class using 

the expectation-maximization clustering technique. Using expectation-maximization 

clustering, it handles within-class unbalance. It ensures the representation of each sub-cluster 

in the final dataset.   

As per Jiang et al. [20], SMOTE uses the same sampling rate for all minority class instances 

that affect the classification performance. The authors proposed a genetic algorithm-based 

SMOTE (GASMOTE) that determines different sampling rates for different class instances 

to address this limitation. The authors used oversampling as a preprocessing technique and 

C4.5 as the fitness function. 

In 2015, Sáez et al. [21] proposed the SMOTE-IPF (SMOTE with iterative partitioning filter) 

algorithm. The SMOTE-IPF uses a filter technique for noise reduction. However, as 

Koziarski et al. [15], SMOTE-IPF uses a computationally costly filtering technique. 

Koziarski et al. [15], proposed a radial-based oversampling method for binary class noisy 

unbalanced data classification. It generates synthetic samples based on the estimation of an 

unbalanced distribution using the radial basis function. The radial basis function identifies 

the majority regions where synthetic minority instances should be generated. The minority 

samples are generated in majority class regions that result in class overlapping. The authors 
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highlight the drawbacks of the SMOTE algorithm and admit that unbalanced data learning 

is still a challenging problem despite 20 years of study.  

Gosain et al. [26] proposed a modified SMOTE approach called farthest SMOTE 

(FSMOTE). The FSMOTE generates synthetic samples by joining the minority instances 

with their k-farthest minority class neighbors. The algorithm randomly selects instances 

from the k-farthest neighbors to generate a synthetic sample. The authors used naïve 

Bayesian and SVM with different data sampling techniques and compared the results. 

Results show that the proposed FSMOTE gives a better result as compared to other sampling 

techniques such as SMOTE [24], Borderline-SMOTE [54], ADASYN [55], and safe level 

SMOTE (SLSMOTE) [56]. 

Nguyen et al. [57], proposed an oversampling technique for borderline samples residing 

between the minority and majority regions. In their experiment, the dataset is oversampled 

using the proposed borderline oversampling (BOS) method, and SVM is used as a learning 

algorithm. Results are compared with other data sampling methods such as SMOTE, 

oversampling with duplication, and borderline-SMOTE. The g-mean is used for 

performance evaluation. The proposed technique only targets the minority samples near the 

border of minority and majority regions and proved more effective for the dataset with low 

overlapping [57].   

Kamalov et al. [58], proposed a kernel density estimation (KDE) based oversampling 

technique for unbalanced data classification. They used G-mean and F-measure for 

performance evaluation. However, these evaluation parameters favor the majority class. 

SVM, KNN, and multilayer perceptron (MLP) are employed as the base learner. Results are 

compared with oversampling techniques such as random oversampling, SMOTE, 

ADASYN, and an under-sampling technique called NearMiss. Authors found the SVM and 

KNN to be better performers as compared to the MLP.  

Han et al. [27], proposed distribution-sensitive oversampling for binary class unbalanced 

medical data. They highlight the problem of over-fitting that occurs due to oversampling of 

the minority class. The authors first categorized the minority class instances into stable, 

noise, unstable, and boundary samples based on their location. After this, they assign 

different replication ratios to different categories. The replication ratio determines how many 

new minority samples are required to be generated. The authors categorized minority 

samples as noise if some threshold number of majority samples surrounds them. The samples 
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identified as noise get deleted, resulting in information loss. Further, deletion of such 

complex instances increases accuracy, but that is a fabricated accuracy of the minority class. 

Pozzolo et al. [59] proposed a theoretical analysis to study the impact of under-sampling 

when the degree of imbalance is high. Authors claim that the performance of the minority 

class suffers due to the class overlapping and decomposition of the minority class into small 

disjuncts. As per the authors, under-sampling increases the variance of the classifier. 

Ahn et al. [60], proposed an under-sampling algorithm based on the membership probability 

to the majority class. To minimize information loss due to under-sampling it only eliminates 

instances that have a low membership probability to the majority class. They used the SVM 

algorithm for classification and compared the result of the proposed work with that of the 

random under-sampling and NearMiss. The authors use F-measure for performance 

evaluation. However, the F-measure is a majority biased evaluation parameter [38]. 

Lin et al. [61], proposed a clustering-based under-sampling technique. As per the authors, 

traditional under-sampling might remove useful information present in the majority class. 

Authors favor the combination of data sampling with novel classification algorithms. As per 

Kaur et al. [62], the SMOTE oversampling technique is more robust than an under-sampling 

technique such as RUS.  

2.3.2 Literature Survey of Hybrid and Algorithmic  

The algorithmic approach to unbalanced data is building a new algorithm or improving the 

existing base algorithm [35]. This can be achieved by using ensemble techniques or cost-

sensitive learning. Currently, cost-sensitive unbalanced data learning is ranked among the 

top ten most challenging problems, and many researchers show interest in it [3,7,9,35,40,50]. 

However, misclassification costs vary in real-world applications and can be challenging to 

determine. The hybrid technique is the hybridization of the data level technique with a cost-

sensitive or ensemble algorithm [63]. Researchers believe that performance can be improved 

by combining the data sampling method with an algorithmic approach [35]. As per 

Krawczyk et al. [3], the hybrid method can combine the advantages of algorithmic and data-

level methods. 

Ensemble and Hybrid Techniques of Unbalanced Data Learning 

Triguero et al. [34] proposed the random oversampling and evolutionary feature weighting 

for random forest (ROSEFW-RF) algorithm for the extremely unbalanced dataset. They used 
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preprocessing strategies such as data oversampling and feature weighting. Data 

oversampling increases the learning time and size of the dataset [4]. The Map-Reduce 

approach requires more maps for the large dataset. The authors recognize the significance 

of using an evolutionary feature selection approach for unbalanced data classification.  

Su et al. [13] proposed the use of Hellinger distance as the splitting measure to improve the 

random forest and rotation forest algorithms for highly unbalanced data classification. As 

per the authors, the dataset is highly unbalanced if the imbalance ratio is greater than 9. The 

authors prefer the precision-recall curve over the ROC for performance evaluation. The best 

results were obtained using the rotation forest with Hellinger’s distance decision tree as the 

base classifier. 

Zhang et al. [5], proposed an ensemble classification technique for unbalanced sentiment 

data. They used data preprocessing techniques such as under-sampling, re-sampling, and 

random selection of feature space. Data sampling has the disadvantages of increasing 

learning time and information loss [25,27,48], whereas simply selecting features at random 

does not work for real-world problems [4]. The authors comprehend the importance of 

feature selection and mention it as future work. 

Muchlinski et al. [8], proposed a detailed study of unbalanced data classification and 

compared the random forests with the logistic regression model. They demonstrated that the 

statistical method does not perform well in predicting the minority class. They discovered 

that the algorithmic approach outperforms logistic regression models in predicting the onset 

of civil war. 

Chomboon et al. [14] determined that feature selection with oversampling is the best 

technique for unbalanced data classification. As per Chen et al. [52], feature selection for 

unbalanced data has attracted many researchers in recent times. The authors proposed a 

feature selection based on the neighborhood rough set. 

Mujalli et al. [7], proposed a Bayes classifier for an unbalanced accident dataset with major 

injuries as the minority class and minor injuries as the majority class. The authors used data 

oversampling, undersampling, and mix-sampling to create different versions of a balanced 

dataset. The authors used semi-naive Bayesian classifiers (AODEsr and WAODE) and 

Bayesian network classifiers with various search methods. The authors also identified the 

characteristics that have a high influence on minority class prediction. 
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In 2017, Gui et al. [47] combined different techniques to handle unbalanced data. They 

performed detailed research for the prediction of customer churn in the telecommunication 

industry. The authors investigated three feature selection techniques (random forest, relative 

weight, and standardized regression coefficients (SRC)) and three balancing techniques 

(over-sampling, under-sampling, and SMOTE). They used a random-forest classifier for 

learning. The results suggest that the SRC with SMOTE is the most optimal with the lowest 

cost. The authors proposed feature removal, which is not recommended if the unbalanced 

data has an important minority class because it may remove features necessary for 

identifying minority class [64].  

In 2018, Sci et al. [50] introduced a balanced cost factor (BCF) – a cost-sensitive learning 

framework for the unbalanced data classification – to forecast software errors in NASA 

(National Aeronautics and Space Administration) applications. Authors extract knowledge 

using decision forest classifiers, and interesting rules are derived, which are used in the cost-

sensitive forest (CSforest) classifier. The authors create a cost matrix by combining the 

domain cost with data distribution-based balancing costs. The cost matrix is fed into the 

CSForest algorithm. For split point identification, CSForest employs cost rather than 

information gain. In the final step, interesting rules are identified from the extracted rules. 

The authors [50] proposed future work based on the empirical investigation of data 

characteristics. The random forest algorithm is not optimal for unbalanced data because the 

decision tree follows a greedy learning strategy, and the bagging technique reduces minority 

class representation [11]. 

Cost-Sensitive Unbalanced Data Learning Proposed for Medical Diagnosis 

Cost-sensitive learning is an algorithmic technique [39,40]. Cost-sensitive unbalanced data 

learning is becoming increasingly important for disease diagnosis [3,65]. Many 

classification studies have been proposed for accurate medical machine learning tools [36]. 

Compared to other classification methods, the decision tree, Bayesian network, and neural 

network are widely used classification techniques. The CART and C4.5 decision tree models 

are the most frequently used [36]. The decision tree algorithm is one of the most popular 

classification techniques because of its simplicity and interpretability [35]. However, the 

unbalanced nature of medical data degrades the performance of the classification algorithm 

[27]. Classification of unbalanced medical data is considered one of the focused areas of 

research in the current time of the COVID-19 pandemic [66]. As per Zhuang et al. [16], 
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building an intelligent diagnosis system using machine learning techniques for an 

unbalanced medical dataset is still an open challenge. 

Isra et al. [67], experimented with classification methods to predict MERS-CoV infections. 

They used the naïve Bayesian and the decision tree for the classification and found that the 

decision tree (J48) outperformed the naïve Bayesian algorithm. 

Coenen et al. [68] proposed an association rule-based classification technique for breast 

cancer classification that achieved 90% accuracy. As per Bartosz et al. [3], cancer 

malignancy grading is a recent real-time application requiring accurate unbalanced data 

classification. In 2016, Shen et al. [69] proposed an evolving support vector machine (SVM) 

using a fruit fly optimization technique. The SVM parameters are tuned using the fruit fly 

optimization algorithm (FOA). The proposed method gives optimal accuracy for the 

Wisconsin breast cancer, diabetes, Parkinson's, and thyroid datasets.  

Venkatesan et al. [70] compare the performance of decision tree algorithms J48, CART, AD 

TREE, and BF TREE for the breast cancer dataset and discover that J48 gives the most 

optimal result. 

Krawczyk et al. [65] realize the importance of early detection of breast cancer. They used a 

boosting strategy for the unbalanced data classification of breast cancer malignancy using 

an image dataset. As per the authors, the classification of malignancy grading is a 

challenging problem because of the uneven distribution of classes. They employ an under-

sampling strategy in conjunction with a boosting technique. However, according to Barot et 

al. [4], important information such as rare sub-concepts might be lost during under-sampling. 

In 2017, Karar et al. [71] presented an automated heart sound-based diagnostic using a rule-

based classification tree. For rule extraction, the authors employ normalized Lyapunov 

exponents. Selvi et al. [72] proposed an upgraded grayscale adaptive approach for breast 

cancer prediction using an image dataset. Devarriya et al. [49] proposed a genetic 

programming-based technique for the classification of unbalanced data of breast cancer. 

They proposed two fitness functions: F2-score-based F2GP and distance-score-based DGP. 

F2GP is proposed for the minority class, and DGP is used for both classes. By doubling the 

Beta value, the F2-score gives more weight to recall. Distance score assigns equal weight to 

both classes, which is inefficient for unbalanced data classification where the cost of 

misclassification varies. As part of preprocessing, the authors proposed the deletion of the 

missing values. Such deletion may result in a loss of information. Specifically, if deleted 



Literature Survey 

28 
 

instances belong to the minority class, it makes it even harder for the classifiers to learn for 

the minority class. In the medical domain, information belonging to the minority class is 

important, and classifiers should be able to handle missing values. The authors claim a 99.1% 

prediction rate using F2GP and 98.7% using DGP for the minority class of breast cancer 

dataset. However, the breast cancer dataset has missing values in some instances, which are 

deleted as part of the preprocessing.   

Ahsen et al. [73], proposed a bias-aware algorithm for a breast cancer diagnostic. As per the 

authors, the use of biased datasets results in bias classification. The authors claim that their 

proposed algorithm gives unbiased results. However, the theoretical study is restricted to the 

binary-class dataset with only two attributes. 

Kozegar et al. [41] proposed a cost-sensitive Bayesian combiner for reducing false positives 

in mammographic mass detection. The problem of mass detection is a cost-sensitive problem 

because the cost of false detection of mass is much higher than the cost of false detection of 

normal regions. Researchers state that research should focus on the reduction of 

misclassification cost and treat it as a cost-sensitive problem when the misclassification cost 

of one class is higher than the other. This ensemble study used seven classifiers with a 

Bayesian combiner for mass detection using an image dataset. However, detection of breast 

cancer using mammography is less reliable [40]. The authors proposed the use of SMOTE 

to remove majority bias. 

Gan et al. [43] proposed a cost-sensitive TANBN called AdaC-TANBN for medical 

diagnosis. The misclassification cost of minority and majority classes is derived from the 

class imbalance ratio. The authors admit that less work was done on the feature selection for 

unbalanced data. Selection of the favorable features of the minority class can avoid the risk 

of treating them as noise.  

For feature selection, Liu et al. [40] proposed an information gain-directed simulated 

annealing genetic algorithm wrapper (IGSAGAW). They proposed IGSAGAW-CSSVM, a 

cost-sensitive support vector machine (CSSVM) for breast cancer diagnosis. The authors 

select the best features based on their ranking determined by information gain and an 

optimization algorithm. They use misclassification cost as an evaluation parameter. As per 

the author, conventional classifiers usually aim to increase accuracy instead of reducing 

misclassification costs. In the breast cancer dataset, the misclassification cost of the 

malignant class is higher than the misclassification cost of the benign class. In this study, 
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information gain is used to decide the rank of the features. However, the information gain 

itself is a greedy measure, and it favors the features associated with the majority class. 

Liu et al. [40] assign a misclassification cost of 10 to malignant and 1 to benign. This ratio 

is extremely low. The misclassification cost ratio should reflect the cost of lives to the cost 

of some medical tests. The authors give some interesting facts related to breast cancer 

diagnosis. According to the authors, breast cancer is the leading cause of death in women 

worldwide, and mammography is a less reliable technique for detecting breast cancer. Early 

detection of cancer has the potential to reduce the number of deaths. Many researchers have 

recently proposed data-driven approaches using conventional machine learning algorithms. 

However, as per the author, traditional classification algorithms usually aim to increase 

accuracy instead of minimizing misclassification costs.   

Kusuma et al. [74] proposed the back-propagation neural network (BPNN) with the Nelder 

Mead optimization technique for breast cancer classification. The Nelder Mead optimization 

technique is used to optimize the weights of the hidden layers of BPNN. The breast cancer 

Coimbra dataset (BCCD) and the Wisconsin breast cancer dataset (WBCD) are used for the 

experiments. Results show that the decision tree outperforms the proposed NM-BPNN and 

achieves an accuracy of 96.1% for the WBCD dataset. However, the proposed NM-BPNN 

method outperforms the original BPNN method for both datasets. Further, the authors note 

that the neural network with the back-propagation technique suffers from over-fitting. 

Recent Unbalanced Data Learning Research Work Using Improved Conventional Algorithms 

Zhang et al. [64], proposed the BRFE-PBKS-SVM, an SVM-based classification method for 

high-dimensional unbalanced data. The authors proposed SVM-BRFE using recursive 

feature elimination (RFE) for feature selection and PBKS for data sampling. PBKS used the 

particle swarm optimization technique for the optimization of the oversampling rate of 

minority class instances in the boundary region. The authors state that the removal of features 

using the existing majority-biased feature selection technique degrades the performance of 

minority class classification. The SVM-BRFE is used to reduce the number of dimensions 

of high-dimensional datasets, and PBKS is used to avoid biasing of SVM towards the 

majority class. For feature selection, SVM is iteratively trained, and subsets of features are 

selected based on the maximum value of the F-measure. The F-measure is the majority-

biased evaluation parameter. Thus, the proposed feature selection process becomes majority-

biased. The author also admits that in feature selection, their main aim is to reduce the 

number of dimensions, biasing will be alleviated using the data sampling technique. This 
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study targets class overlapping in boundary regions only. However, it may occur in other 

regions as well. 

Lu et al. [75], proposed an improved weighted extreme learning machine (IW-ELM) for 

binary class unbalanced data. The extreme learning machine (ELM) is the least square-based 

algorithm proposed for a single-layer feed-forward network. ELM randomly generates the 

input weights and tunes the output weights. For the proposed method, the computational 

complexity is high. The authors used the g-mean measure for performance evaluation, which 

is majority biased [35].  

Jayadeva et al. [76] proposed a twin neural network (TwinNN) for the classification of 

multiclass unbalanced data. G-mean, F-measure, and the Mathew Correlation Coefficient 

(MCC) are used for performance evaluation. The proposed TwinNN is compared with recent 

versions of SVM. The proposed methods require training two neural networks for the binary 

class unbalanced dataset. For multiclass unbalanced data, it requires a k-neural network for 

the k-classes, which requires more computation and increases over-fitting.  

Li et al. [2] proposed a cost-sensitive approach called hybrid attribute measure multi-

dimensional tree (CHMDT). According to the authors, the decision tree is one of the most 

popular classifiers, but it struggles with the class unbalanced problem. The information gain 

and the Gini index are used as splitting measures in the traditional decision tree. The 

information gain is biased towards the majority class [77]. The Gini index gives symmetric 

behavior, however, the majority class gets more importance due to its dominance in the 

dataset. In this study, the authors proposed a hybrid attribute selection measure by combining 

the information gain and the Gini index. They also proposed a cost-sensitive hybrid attribute 

selection measure based on the misclassification cost. The authors discovered that a feature 

selection measure is critical for resolving the bias-to-majority class problem. 

Instead of using a single top-rated attribute as splitting criteria, Li et al. [2] built multiple 

trees by using top N-attributes as splitting criteria. The top N-attributes are selected using 

the hybrid splitting measure. Decision rules from all trees are combined and used for the 

classification. The authors proposed four models: hybrid attribute measure based single 

decision tree (HSDT), cost-sensitive and hybrid attribute measure based single decision tree 

(CHSDT), multi-decision tree (MDT), and cost-sensitive and hybrid attribute measure based 

multi decision tree (CHMDT). G-mean, accuracy, and misclassification cost are used for 

performance evaluation. Results suggest that the cost-sensitive approaches improve the g-

mean without decreasing the accuracy.  
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Chaabane et al. [35], proposed a new asymmetric entropy measure for the decision tree 

called AECID (asymmetric entropy for classifying imbalanced data). As per the authors, the 

algorithmic approach means either building a new algorithm or improving an existing 

conventional algorithm. The authors proposed a new adapted entropy measure for 

unbalanced data classification, which gives the same performance as the Gini index for 

balanced data. The authors also use their new splitting measure in ensemble and hybrid 

approaches. 

Lee et al. [39], proposed a cost-sensitive approach called AUC4.5 to minimize the overall 

misclassification cost. The author proposed a new splitting measure based on the area under 

the curve (AUC) value and named AUCGainRatio. They modified the traditional C4.5 

decision tree algorithm and used the proposed new splitting measure instead of the original 

gain ratio. After the tree generation, the authors have proposed tree pruning. However, tree 

pruning is not advisable for unbalanced data [12]. The main aim of this study is to maximize 

the AUC value. But maximization of AUC doesn't guarantee improved accuracy of the 

minority class [11,39]. The authors admit that AUC is a poor choice for evaluating the 

performance of unbalanced data classification because it produces a high AUC value even 

when the classifier has a low TPR and a high FPR. AUC is not sensitive to class unbalance, 

and it requires predictive probability, which is not readily available in certain algorithms, 

including KNN and SVM [58].  

Octavio et al. [12], proposed a cost-sensitive method for pattern discovery. They used 

contrast pattern mining to build a cost-sensitive classification. The authors proposed a new 

cost-sensitive splitting measure for the decision tree, which is used to build the random 

forest. Cost-sensitive patterns are extracted from the built decision trees of random forests. 

The patterns that are too specific are removed from the extracted patterns. However, too 

specific patterns may represent a sub-concept within a class, and removing them may cause 

the classifier to remain unlearned for them. In this study, the dataset-specific results are not 

shown. Detailed results are required to comprehend the impact of the splitting measure on 

various datasets with varying characteristics (distribution). Trees are built using a cost-

sensitive splitting measure developed using information gain. However, information gain is 

biased toward tests with many outcomes [2]. 

Zhao et al. [44] proposed a cost-sensitive meta-learning method. The misclassification costs 

are integrated with the classification. As per the authors, classification is a technique that 

uses hidden relations between the dependent and independent variables. The authors 
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proposed a Siamese Parallel Fully-connected Neural Network (SPFCNN) based on a fully 

connected neural network (FCNN) for binary class unbalanced data. The SPFCNN is used 

to classify a small amount of data with high dimensions, and a meta-learning method is used 

to handle class unbalance. However, over-fitting is a common problem in neural networks. 

The meta-learning method is an ensemble technique where the majority class is divided into 

small subsets, and minority class instances are merged with the majority subsets to create k-

subsets. These k-subsets are applied as input to the k-SPFCNN-miner. 

Liu et al. [31], proposed a cost-sensitive embedded feature selection technique. Authors use 

the decision tree for the feature selection. The authors proposed a weighted Gini index (WGI) 

to select and rank the features. As per the authors, unbalanced data classification using 

conventional classifiers suffer from the bias-to-majority problem. Because traditional 

algorithms assume symmetric class distribution, the bias-to-majority problem worsens as the 

imbalance ratio rises. Authors also claim that selecting the minority class-related features 

improve the minority class accuracy.  

In summary, data sampling methods suffer from increased variance, more learning time, loss 

of information, and the problem of over-fitting. Cost-sensitive techniques outperform data 

sampling methods for unbalanced data classification [10,45,46]. In domains such as medical 

diagnosis, banking systems, civil war onset prediction, etc., the misclassification cost of the 

minority class is higher compared to that of the majority class. For such domains, accurate 

unbalanced data learning is important. Despite accuracy above 90%, the conventional 

classifiers favor the majority class and misclassify the minority class [3,11,25]. Most of the 

existing unbalanced data classification techniques are for binary class data and rely on data 

sampling techniques [3,7,10,11,25]. Effective cost-sensitive learning is in demand and, 

recently, many authors have proposed this as future work [3,5,7,10,11,22,25,34,38,50,78]. 

The development of a machine learning-based intelligent disease diagnosis system from 

unbalanced medical data is still an open challenge [16]. 

Improved unbalanced data learning technique, that can learn from datasets with data issues, 

as discussed by Jerzy et al. and Krawczyk et al. [3,11], is still an open challenge. Existing 

unbalanced data classification and clustering algorithms are suboptimal due to high 

imbalance ratios, class overlapping, and rare sub-concepts surrounded by the majority class 

[3,11,25].  
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2.3.3 Summarization of Literature Review 

Table 2.2 shows a review summary of existing research work on unbalanced data learning. 

It includes findings and remarks. Table 2.3 summarizes the details of the unbalanced data 

classification techniques from different research works proposed by various researchers. It 

includes the methodology type, base method used, proposed modifications, and evaluation 

parameters used. 

TABLE 2.2 Comparative Summary of Unbalanced Data Learning 

     

Sr. 

No. 

Authors  Publication  Finding Remarks 

1 Li et al. [2] 2018, 
Information 
sciences, 
Elsevier  

 The decision tree is the most 
popular algorithm. However, it 
doesn't handle the class 
imbalance. 

 The authors proposed a cost-
sensitive approach. 

 The authors propose a new 
attribute selection measure. 

 The author found that the 
characteristics of the attribute 
selection criteria play an 
important role in solving biased 
problems. And author still 
expects new split criteria to 
improve performance.  

 Misclassification cost, 
gmean, accuracy are used 
as evaluation parameters. 

 The authors proposed a 
hybrid approach by 
combining information 
gain and the Gini index. 

 CART method is robust to 
outliers and noisy data. 

 Misclassification cost is 
derived from the 
imbalance ratio. 

2 Bartosz 
Krawczyk et 
al. [3] 

2016, 
Springer 

 The authors discussed open 
issues and challenges that need 
to be addressed for further 
development in imbalanced 
learning. 

 The lack of extremely 
imbalanced data learning 
method, Overlapping, Poor 
performance of ensemble 
techniques, and Multi-class 
imbalanced data are important 
research issues to address.  

 The authors provide future 
directions for the research 
in imbalanced data 
learning, and seven vital 
research areas are 
identified. 

 Incorporation of 
background knowledge, 
important feature 
identification can be 
proved vital to handle 
challenges and issues of 
imbalanced data. 

3 Randa Oqab 
Mujalli et al. 
[7] 

Dec-2015, 
Elsevier 

 Authors preprocess datasets 
with different sampling 
methods and then apply 
different flavors of the naïve 
Bayesian algorithm. 

 List out features that are 
closely related to the target 
class. 

 Binary-class problem. 

 With the original dataset, 
all classifier favors the 
majority class. 

 Uses a sampling method 
with drawbacks like loss of 
information, over-fitting, 
and increased computation 
time. 
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4 Dongmei 
Zhang et al. 
[5] 

2015,11th 
IEEE Inter. 
Conf. on 
Natural 
Comp. 

 Authors propose ensemble 
learning with under-sampling, 
re-sampling, and random 
feature space selection. 

 Divides majority class into k 
disjoint subset, where k = 
(#maj / #min). Then merge 
with minority class to create a 
balanced dataset. 

 This study may have 
disadvantages associated 
with sampling techniques  

 The decision tree is used as 
a base-learners and 
ensemble into one 
classifier. 

 Feature selection is given 
as future work. 

5 Jerzy 
Stefanowski 
et al. [11] 

2016  
Springer 

 The authors explain data 
difficulty in handling 
imbalanced data.  

 Other characteristics of the 
dataset like overlapping, small 
disjunct, and difficulties in 
distinguishing instances make 
rare class classification more 
complex. 

 For skewed data, the author 
suggests Precision-Recall 
curves over ROC. 

 Datasets can be divided 
into different categories 
like safe, borderline and 
noisy. 

 A clear separation line 
between classes makes 
rare class classification 
simple.  

 A sudden drop in 
performance of SVM if IR 
and overlapping increases. 

 Noise and overlapping 
make clustering and 
outlier unreliable tech.  

6 Sarah 
Vluymans et 
al. [29] 

Aug-2016, 
Elsevier 

 Hybrid preprocessing 
techniques of prototype 
reduction using Prototype 
Selection (PS) and Prototype 
Generation (PG) with KNN 
classifier is proposed. 

 During selection, PS might 
omit majority as well as 
minority class instances. PG 
either replicates or generates 
synthetic instances. 

 Removal of minority 
instances is costly for rare 
class classification.  

 Drawbacks of KNN are 
low efficiency, high 
storage requirement, and 
sensitivity to noise. 

 

7 Chun Gui 
[47] 

2017, 
Artificial 
Intelligence 
Research 

 Narrated detailed study of 
customer churn prediction 
from binary-class imbalanced 
data of telecommunication 
industry. 

 Three kinds of feature 
selection techniques and three 
kinds of balancing techniques 
are used with the random 
forest. 

 Sampling tech. has 
drawbacks. 

 SMOTE selects the same 
sampling rate for all 
instances [20]. 

 ROC curve is a better 
measure for imbalanced 
data. 

 Feature removal cannot be 
suggested for rare classes 
[64]. 

 RF algorithm has poor 
performance for the rare 
class. 
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8 Michael J. 
Siers et al. 
[50] 

2018, 
Information 
Science, 
Elsevier 

 Proposed cost-sensitive 
learning strategy using 
knowledge extraction from the 
imbalanced dataset. 

 Build a decision forest 
classifier and extract 
knowledge from it.   

 The decision tree is not 
optimal for imbalanced 
data [11]. 

 Proposed future work with 
empirical investigation of 
dataset characteristics.  

9 Alberto 
Fernandez, 
Chawla et al. 
[25] 

Apr-2018 
Journal of 
Artificial 
Intelligence 
Research, 
USA 

 The authors explain 15 years 
of journey of SMOTE 
algorithm. 

 SMOTE has 5370 citations till 
Feb-2018. 

 As per the authors, learning 
from imbalanced data is still an 
active area of research.  

 Under-sampling increases the 
variance of the classifier.  
Oversampling too has 
disadvantages. 

 The authors discuss various 
extensions of SMOTE. 

 Authors confess that 
challenges due to intrinsic data 
characteristics like small 
disjuncts, noisy data, loss of 
data, overlapping are 
challenges to the research 
community in unbalanced 
classification. 

 SMOTE is not able to 
handle within-class 
imbalance. 

 Dataset shift like concept 
shift is a major challenge 
for the existing unbalanced 
classifier. 

 A scalable unbalanced 
learning algorithm for 
BigData is still an open 
research issue.  

 SMOTE-based techniques 
are not scalable for Big 
Data [3]. 

 SMOTE may result in 
class overlapping [15].  

 Authors realize that 
research of imbalanced 
data learning remains in 
demand for the next 15 
years. 

  

10 Tingting 
Zhou et. al 
[78] 

2018, IEEE  In unbalanced data, 
performance drops sharply. 

 Proposed semi-supervised 
learning techniques. 

 Combines the Generative (for 
minority sample generation) 
and discriminative (for 
classification) approaches. 

 From the results, it is clear 
that the performance of 
veteran algo. RF is better 
than the proposed algo. 

 Semi-supervised learning 
is sub-optimal as 
compared to supervised. 

 The author refers the 
feature extraction as future 
work. 

11 Isaac 
Triguero et 
al.  [34]. 

2015, 
Elsevier. 

 This paper used the Map-
Reduce technique with 
evolutionary weight for feature 
selection. 

 Proposed ROSEFW-RF 
algorithm for big data. 

 Oversampling increases 
learning time and the 
number of Maps. 

12 Zhongbin 
Sun, et al. 
[22]. 

2014, 
Elsevier. 

 Proposed ensemble technique 
for binary class unbalanced 
data. 

 Proposed new ensemble rule. 

 It cannot be used for 
Multi-class classification. 

13 Astha 
Agrawal et 
al. [9] 

2015,  
ScitePress- 
IEEE explore.  

 Authors proposed SCUT algo. 
which combines oversampling 
and under-sampling  

 Performs oversampling using 
SMOTE and performs under-

 For the true rare class, the 
results are not optimal. 

 It uses a sampling method 
which has disadvantages. 

file:///D:/PhdThesis/Papers/13%20A%20novel%20ensemble%20method%20for%20classifying%20imbalanced%20data.pdf
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sampling through clustering 
using EM techniques. 

 Authors realize the future 
importance of cost-
sensitive learning. 

14 José A. Sáez 
et al. [21]. 

Aug-2014, 

Elsevier. 

 SMOTE-IPF is SMOTE 
algorithm with an additional 
noise filtering technique. 

 SMOTE suffers from the 
disadvantage of 
oversampling. 

 Uses C4.5 to identify and 
remove misclassified 
examples. 

 SMOTE-IPF uses a 
computationally costly 
filtering technique [15]. 

15 Kun Jiang et 
al. [20]  

May-2016, 

Springer. 

 Authors propose a novel 
genetic algorithm-based 
SMOTE (GASMOTE), which 
uses different sampling rates 
for minority class instances. 

 C4.5 is used as a base learner. 

 C4.5 is greedy and cannot 
be used for rare classes. 

 SMOTE uses the same 
sampling rate for all 
instances. 

16 David 
Muchlinski et 
al. [8]. 

OCT-2015, 

Oxford 

University 

Press. 

 Statistical methods for the 
analysis of binary data, such as 
logistic regression, perform 
poorly at predicting rare events 
in civil war. 

 The algorithmic approach 
provides significantly 
more accurate predictions 
of civil war onset in out-
of-sample data than any 
logistic regression model. 

17 G. Weiss et 
al. [46]. 

2007, in Proc. 
of the Inter. 
Conf. on Data 
Mining. 

 There is no clear winner when 
comparing the performance of 
oversampling, under-
sampling, and a cost-sensitive 
learning algorithm. 

 For datasets with more 
than 10,000 examples, the 
cost-sensitive learning 
algorithm consistently 
outperforms the sampling 
methods 

18 Chris Seiffert 
et al. [45]. 

 2008, IEEE 
International 
Conference 
on Data 
Mining 
Workshops. 

 Authors found under-sampling 
is the best sampling followed 
by cost-sensitive tech. 

 Oversampling performs worst. 

 The author admits the 
drawback of under-
sampling as information 
loss and not good if the 
cost ratio is high. 

 The study is made for 
binary-class problems. 



Literature Survey 

37 
 

19 N. V. 
Chawla, [24] 

2002, 

Journal of 
Artificial 
Intelligence 
Research  

 Proposed SMOTE algo. Which 
performed oversampling by 
creating a synthetic minority 
sample. 

 SMOTE uses the same 
sample rate [20]. 

 Not scalable for Big Data 
[3]. 

 Increases dataset size. 

 In SMOTE, the value of k-
nearest neighbor is mostly 
5. However, this value is 
not most optimal. For 
medical dataset, it is 
required to determine the 
value of k for the 
generation of new 
instances [27] 

 SMOTE is not sensitive to 
class imbalance. 
Calculating AUC requires 
probabilities of the 
predicted labels which are 
not readily available for 
certain algorithms 
including KNN and SVM 
[58]. 

20 Weihong 
Han et al. 
[27] 

2019, 

Journal of 
Medical 
Systems,  
Springer 

 The authors proposed 
distribution-sensitive 
oversampling for binary class 
unbalanced data. 

 They highlight that 
oversampling of minorities 
results in over-fitting. 

 Authors categorized minority 
samples into noise, unstable, 
and boundary samples and 
then uses different 
oversampling ratios for these 
samples according to their 
category/distribution 

 The authors categorized 
minority samples as noise 
if some threshold number 
of majority samples 
surrounded it and deleted 
it. 

 Deletion of such a 
minority may result in 
information loss. 

 Deleting such complex 
instances increases model 
accuracy, but that is called 
the fabricated accuracy of 
minority sample. 

21 Mehmet Eren 
Ahsen et al. 
[73] 

2018  
Information 
System 
Research 

 The authors proposed a bias-
aware algorithm for use in a 
clinical diagnosis support 
system for breast cancer 
diagnosis.  

 They use a linear classifier for 
experiments. 

 As per the authors, such biases 
in the dataset result in bias 
classification. 

 The authors address the 
situation of human bias 
(radiologist).  

 If research work targets 
reducing bias in machine 
learning algorithms, it can 
ultimately achieve the 
desired goal. 

22 Jong-Seok 
Lee et al. [39] 

2019, IEEE  Researchers work upon a cost-
sensitive approach for 
unbalanced data classification. 

 Proposed modified C4.5 
algorithm for unbalanced data. 

 They use AUC as splitting 
criteria in the decision tree and 

 The authors proposed tree 
pruning, but pruning is not 
advisable for unbalanced 
data with an absolute 
minor class. 

 The main aim of this study 
is to maximize AUC. But 
maximization of AUC 
doesn't guarantee 
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proposed a model called the 
AUCC4.5. 

improved predictive 
performance for the 
minority class.  

 This is still a greedy 
approach. 

23 Hongmei 
Chen et al. 
[52] 

2019, 
Information 
Science, 
Elsevier 

 The authors have proposed a 
neighborhood rough set-based 
feature selection approach for 
the unbalanced data. 

 The proposed algorithm is 
implemented using WEKA. 

 Feature removal cannot be 
suggested for rare 
(minority) classes [64]. 

 The proposed model is 
used only for feature 
selection. For 
classification, they used 
the traditional classifier 
J48, RF, NB. 

24 Michał 
Koziarski et 
al. [15] 

2019, 

Neurocomput
ing, Elsevier. 

 Proposed radial-based 
oversampling method for 
binary class unbalanced data. 

 It generates synthetic samples 
on basis of the unbalanced 
distribution estimation using 
the radial basis function. 

 The radial basis function 
identifies the regions in which 
synthetic minority instances 
should be generated. 

 Due to the fewer minority 
samples and data overlapping, 
the classification model is not 
capable of generalization and 
causes over-fitting. 

 As per the authors, despite 
more than 20 years passed, 
learning from unbalanced 
data is still among the 
challenges faced by 
machine learning. 

 If the dataset is free from 
noise, the classification 
model should recognize 
rare minority instances.  

 Rare and noisy samples are 
not the same. Noise may 
be unused or due to an 
error while rare instances 
are useful and important to 
recognize. 

 In a medical dataset, each 
rare instance is important 
and it should be 
recognized accurately to 
save a life.  

25 Ehsan 
Kozegar et al. 
[41] 

2017,  

Biomedical 
Eng.-
Biomedical 
Technology 

 The authors proposed a cost-
sensitive Bayesian combiner 
for reducing false positives in 
mammographic mass detection 

 As per the study, due to early-
stage detection of breast 
cancer, there is a 96% of 
survival rate. 

 This ensemble study used 
seven classifiers with a 
Bayesian combiner for mass 
detection using an image 
dataset. 

 This paper is based on 
image processing. 

 Authors commit that when 
the misclassification cost 
of one class is higher than 
the other, research should 
focus on the reduction of 
misclassification cost and 
treat it as a cost-sensitive 
problem. 

 Detection of breast cancer 
using mammography is 
less reliable [40]. 

26 Na Liu et al. 
[40] 

2019, 
Information 
processing 
and 
management, 
Elsevier 

 Early-stage detection of breast 
cancer increases the survival 
rate. 

 The authors use information 
gain (IG) to rank the features.  

 They use an optimization 
algorithm to select the best 
features and then they apply a 

 Information gain used here 
to rank the features is itself 
greedy approach, and it 
favors the features which 
are biased towards the 
majority class. 

 In the breast cancer 
dataset, there is class 
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cost-sensitive SVM (CSSVM) 
algorithm for classification. 

overlapping which affects 
the performance of SVM 
[11]. 

 Feature removal cannot be 
suggested for the dataset 
with an absolute rare class. 

27 Chengbo Lu 
et al. [75] 

2017, 
Memetic 
Comp. 
Springer 

 The authors proposed an 
improved weighted extreme 
learning machine (IW-ELM) 
for binary class unbalanced 
data. 

 For evaluation, they used the 
G-mean measure. 

 G-mean gives a majority 
biased performance 
evaluation [35]. It doesn't 
give the proper result of 
minority class accuracy. 

28 Octavio et al. 
[12] 

2019, 

IEEE access 

 The authors proposed a cost-
sensitive approach of pattern 
discovery for unbalanced data.  

 Authors use new information 
gain based cost-sensitive 
measures as splitting criteria in 
the decision tree. 

 Authors use contrast pattern 
mining based on the random 
forest for building cost-
sensitive classification for 
unbalanced data.  

 As per the authors, three 
approaches are there for the 
class imbalance problem:  data 
level, algorithm level, and 
cost-sensitive learning.  

 However, Information Gain is 
a skew-sensitive measure 
having a bias toward the 
majority class 

 In this paper dataset-
specific result is not 
shown. It is important to 
know it to understand the 
effect of the splitting 
criteria on different 
datasets with different 
characteristics 
(distribution). 

 Patterns are extracted from 
tree build using cost-
sensitive splitting criteria 
based on information gain. 
However, information 
gain is biased toward tests 
with many outcomes, and 
the Gini gives 
symmetrized costs to all 
samples [2]. 

29 Chaabane et 
al. [35] 

2020, 
Advances in 
Data Analysis 
and 
Classification, 
Springer 

 Proposed new splitting 
measure (AECID) of decision 
tree for unbalanced data. 

 The authors proposed a new 
adapted entropy fitting for 
imbalanced data, which 
converges to the Gini index 
performance for balanced data. 

 As per the authors, the 
algorithmic approach of 
unbalanced data means 
either building a new 
algorithm or improving the 
existing base algorithm. 

 Experimenting with 
different approaches 
indicates that AECID with 
sampling works better 
among all. 

 

 

TABLE 2.3 Summarization of Classification Techniques of Unbalanced Data Learning 

Research 
Work 

Technique Base Method Proposed 
Improvement / 
modification 

Evaluation 
parameter 
used 

Remarks / Research 
Gap 

Chawla et al. 
2008 [24] 

Data level SMOTE Synthetic minority 
sample generation 

AUC Oversampling Increase 
learning time and over-
fitting [9,21,25,29,46]. 
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AUC does not give a 
proper view of 
minority class 
accuracy [39]. 

Randa Oqab 
Mujalli et al. 
2016, 
Elsevier [7] 

Data level Oversampling, 
under-
sampling, mix-
sampling 

Bayesian network 
classifier with 
different search 
methods 

AUC, 
Accuracy, 
Sensitivity, 
F-measure 

Data sampling suffers 
from information loss, 
increased learning 
time, and over-fitting 
[11,25]. 

Dongmei 
Zhang et al. 
2015, IEEE 
proc. [5] 

Algorithmic 
+ Data 
Sampling 

Ensemble + 
sampling 
(under-
sampling, 
Resampling) 

The proposed new 
framework uses the 
ensemble technique 
on under-sampled 
and resampled data. 

G-mean,  

F-measure, 
Weighted 
Accuracy, 

and AUC 

Information loss, 
Increased learning 
time and over-fitting 

AUC does not give a 
proper view of 
minority class 
accuracy [39]. 

José A. Sáez 
et al., 2014, 
Information 
Science, 
Elsevier [21] 

Data level SMOTE, 

C4.5 as the 
classifier. 

SMOTE-IPF 

SMOTE-IPF is 
SMOTE algorithm 
with an additional 
noise filtering 
technique. 

AUC SMOTE suffers from 
the disadvantage of 
over fitting and uses 
the same oversampling 
rate for all minority 
instances [12]. 

Uses C4.5 to identify 
and remove 
misclassified 
examples. C4.5 is 
biased towards the 
majority class [18]. 

Kun Jiang et 
al., 2016, 
Springer [20] 

Data level SMOTE, 

C4.5 is used as 
a base learner. 

Genetic algorithm-
based SMOTE uses 
different sampling 
rates for different 
minority class 
instances. 

Uses WEKA for 
implementation. 

F-measure 

G-mean 

C4.5 has to the bias of 
the majority class [18]. 

Sampling increases 
learning time. 

Evaluation parameters 
used are not able to 
reflect the performance 
of each class [35]. 

Sarah 
Vluymans et 
al. 2016, 
Elsevier   
[29] 

Data level Prototype 
reduction 
using 
prototype 
selection, 
Prototype 
generation. 

KNN is used 
as a learner. 

Sample reduction 
and artificial sample 
generation with 
KNN classification. 

AUC Drawbacks of KNN 
are low efficiency, 
high storage 
requirement, and 
sensitivity to noise 
[29].  

Removal of minority 
instances is costly for 
rare class 
classification. 

AUC does not give a 
proper view of 
minority class 
accuracy [11,39]. 

Chun Gui et 
al., 2017, 
Artificial 
Intelligence 
Research  
[47] 

Algorithmic 
+ Data 
Sampling 

Feature 
selection and 
data sampling 

Modified 
random forest 

Random forest with 
feature selection and 
data sampling 
(oversampling, 
under-sampling, 
SMOTE).  

AUC Under-sampling has 
the problem of 
information loss.  

Oversampling suffers 
from over-fitting and 
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an increase in learning 
time. 

Feature removal may 
harm the classification 
of extremely rare 
classes [64]. 

Michael J. 
Siers et al. 
2018, 
Information 
Science, 
Elsevier [50] 

Algorithmic Cost-sensitive 
learning 
framework. 

Random forest 
is used to 
extract 
interesting 
rules. 

Csforest classifier 
based on random 
forest. 

Cost(Defect 
cost) 

Random forest is 
biased towards the 
majority class. So it 
extracts the rules 
which more relevant to 
the majority class. 

The minority-sensitive 
decision tree can 
improve minority class 
accuracy. 

Mehmet 
Eren Ahsen 
et al. 2018, 
Information 
Systems 
Research 
[73] 

Algorithmic Linear 
classifier 

Linear classifier with 
the bias-aware 
framework. 

AUC The authors address 
the situation of human 
bias (radiologist).  

If research work 
targets reducing bias in 
machine learning 
algorithms, it can 
ultimately achieve the 
desired goal. 

Non-linear classifiers 
are better than linear 
classifiers. 

Weihong 
Han et al. 
2019 Journal 
of Medical 
Systems, 
Springer  
[27] 

Data level Oversampling, 

KNN 

Proposed 
distribution-
sensitive 
oversampling. 

Uses different 
oversampling ratios 
according to the 
category/distribution 
of minority 
instances. 

Accuracy The authors 
categorized minority 
samples as noise if 
some threshold 
number of majority 
samples surrounded it 
and deleted it.  

Deletion of such a 
minority may result in 
information loss. 

Deleting such complex 
instances increases 
accuracy, but that is 
called the fabricated 
accuracy of a minority 
sample. 

Jong-Seok 
Lee et al. 
2019 
Neurocompu
ting, Elsevier 
[39] 

Algorithmic 

(Cost-
sensitive) 

C4.5 They use 
AUCGainratio as 
splitting criteria in 
the decision tree and 
called the AUC4.5 
algorithm. 

Cost 

Accuracy 

TPR (True 
positive 
rate) 

FPR (False 
positive rate 

The authors proposed 
tree pruning, but 
pruning is not 
advisable for 
unbalanced data with 
an absolute minor 
class. 

The main aim of this 
study is to maximize 
AUC. But 
maximization of AUC 
doesn't guarantee 
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improved accuracy of 
minority class [9].  

This is still a greedy 
approach. 

Hongmei 
Chen et al. 
2019, 
Elsevier [52] 

Data level + 
algorithmic 

Feature 
selection 

J48, RF, and 
NB using 
WEKA 
library. 

Proposed 
neighborhood rough 
set-based feature 
selection approach. 

AUC Feature removal 
cannot be suggested 
for the extremely 
minority class [64]. 

Michał 
Koziarski et 
al. 2019 
Elsevier  
[15] 

Data level Oversampling 

CART, NB, 
KNN, SVM 

Proposed radial-
based oversampling 
(RBO) method. 

AUC Class overlapping and 
small minority class 
disjuncts decrease the 
performance of RBO. 

Authors confess that 
SMOTE gives a better 
result as compared to 
RBO in some cases. 

Ehsan 
Kozegar et 
al. 2017 [41] 

Algorithmic 

(Ensemble, 

(Cost-
sensitive) 

Bayesian 
combiner with 
7 base 
classifiers. 

The authors 
proposed a cost-
sensitive Bayesian 
combiner for 
reducing false 
positives in 
mammographic 
mass detection 

FROC The authors accept that 
when the 
misclassification cost 
of one class is higher 
than the other, research 
should focus on the 
reduction of 
misclassification cost 
and treat it as a cost-
sensitive problem. 

Used SMOTE to 
remove majority 
biasing. 

Chengbo Lu 
et al. 2019 
Springer [75] 

Algorithmic Ensemble 
technique 

Neural 
Network 

Proposed improved 
weighted extreme 
learning machine 
(IW-ELM). 

ELM is the least 
square-based 
algorithm proposed 
for a single-layer 
feed-forward 
network. 

G-mean G-mean gives a 
majority biased 
performance 
evaluation. It doesn't 
give the proper result 
of minority class 
accuracy and cost-
benefit. 

Computational 
complexity is too high. 

Na Liu et al. 
2019 
Elsevier [40] 

Algorithmic 

(Cost-
sensitive) 

SVM Uses information 
gain to rank the 
features. 

Proposed cost-
sensitive SVM 
(CSSVM) for 
classification. 

Accuracy, 

G-mean, 

Misclassific
ation cost 

Information gain is 
biased towards the 
majority class. IG is 
the maximum prior 
partition. So, after the 
split, it remains away 
from maximum [2]. 

Feature removal 
cannot be suggested 
for the dataset with 
extremely minority 
classes. 

SVM doesn't perform 
well for overlapped 
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data like the Breast 
cancer dataset [11].  

Li et al. 2018 
Elsevier  [2] 

Algorithmic 

(Cost-
sensitive) 

Decision Tree 
(CART) 

Proposed new cost-
sensitive splitting 
criteria for the 
decision tree by 
combining 
information gain and 
Gini index. 

Misclassification 
cost is used for 
feature selection. 

Misclassi. 
cost, 

G-mean, 
Accuracy 

Selection of Beta 
parameter value is 
difficult.  

It is a hybrid approach 
that combines 
information gain and 
Gini index and controls 
their influence by 
tuning the Beta value. 

Accuracy and G-mean 
give biased evaluation. 

 

2.4 Open Issue 

As per Liu et al. [40], the main aim of conventional classifiers is to increase the accuracy. 

Traditional classification algorithms don’t handle unbalanced data classification because 

they assume symmetric misclassification costs [44]. Regardless of the class label, 

conventional classification algorithms aim to reduce the overall number of false predictions 

[44]. In unbalanced data, the majority class covers the major portion of the dataset. If the 

imbalance ratio is too high, the minority samples are too less. In such cases, traditional 

classifiers can achieve high accuracy by focusing solely on the majority class and ignoring 

the minority class [40]. However, when the cost of misclassification for the minority class 

is significantly higher than the cost of misclassification for the majority class, research 

should focus on minimizing the cost of misclassification rather than simply improving 

accuracy [12,41]. Cost-sensitive classifiers that minimize the misclassification cost instead 

of just improving majority class-biased performance evaluation parameters are in demand 

[41,44]. However, class overlapping, small disjunctions within the data, and a high 

imbalance ratio pose significant challenges in reducing the misclassification costs 

[3,11,15,25]. 
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CHAPTER-3 

Unbalanced Data and Limitations of Performance 

Evaluation Measures 

3.1 Introduction 

Performance measures are used to evaluate the classification algorithms. The evaluation 

metrics should provide holistic and unbiased performance evaluation for appropriate 

algorithm evaluation. Accuracy, F-measure, g-mean, precision, sensitivity, specificity, and 

ROC (AUC) are the most frequently used performance evaluation metrics. Mathematical 

equations for these metrics are given in Table 3.1.  

TABLE 3.1 Performance Evaluation Measures 

Sr. No. Name Formula 

1 Accuracy (TP + TN) / 

(TP+TN+FP+FN) 

2 Precision TP / (TP + FP) 

3 Recall (TP rate or Sensitivity) TP / (TP + FN) 

4 TN rate (Specificity) TN / (TN + FP) 

5 F-measure 2* (precision*recall)   

──────────    

(precision + recall) 

6 G-mean(Geometric Mean) 

 

 

The ROC curve is a graphical representation of the true positive rate versus the false positive 

rate for various threshold values. It is also referred to as the area under the ROC curve 

(AUC). For unbalanced data, many researchers use ROC (AUC) as a balanced performance 

measure [22,38,39,69]. The X-axis of the ROC curve represents the percentage of false 

positives, while the Y-axis represents the percentage of true positives [24]. The ROC curve 

is more useful as an overall performance indicator [38]. The ROC (AUC) value equal to or 
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close to 1 indicates a good result, and the ROC value of 0.5 or less indicates a sub-optimal 

result.  

3.2 Limitations of Performance Measures in Evaluation of Unbalanced 

Data Classification 

According to the researchers, traditional evaluation parameters don’t provide a proper 

evaluation of unbalanced data classification [11,31,58]. The accuracy metrics are biased 

towards the majority class [9,38]. The minority class's low predictive performance rate has 

no discernible impact on overall accuracy. The classifier gives an accuracy of around 90% 

for unbalanced data due to the majority class's accuracy, which covers the majority portion 

of the dataset. Nonetheless, accuracy is the most general metric used for performance 

evaluation [38,47]. In the case of highly skewed data distribution, the overall accuracy is not 

sufficient [7,39]. Precision, F-measure, and recall are also inappropriate for unbalanced data 

classification performance evaluation [4]. Some researchers, however, use precision and 

recall for unbalanced data [20,49,51].   

Many researchers considered the g-mean and AUC the most appropriate measures to 

evaluate the performance of the unbalanced data classification [7,9,10,31,57]. However, 

AUC is difficult to calculate for classifiers that don’t provide probability with classification 

results [58]. Classifiers such as SVM, KNN, and the decision tree do not readily provide 

predictive probability [58]. As per Jerzy et al. [11], AUC has limitations in the performance 

evaluation of skewed data classification. Some researchers give priority to the g-mean over 

ROC [9,58]. However, g-mean has the limitation that it cannot reflect the performance of 

each class in its overall value [35].  

In unbalanced data, when the minority class is more important than the majority class, the 

performance evaluation metric should reflect the minority class's correct prediction rate. In 

this case, the accuracy metric is insufficient [7]. In recent times, many researchers used the 

cost as an evaluation parameter for the unbalanced data classification [2,39–41,47]. If there 

is a significant difference between the misclassification costs of the majority and minority 

classes, then the misclassification cost should be used as an evaluation parameter. The 

misclassification cost provides a proper cost-based evaluation [40].  
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3.2.1 An Example of Biased Behaviour of Performance Evaluation Measures 

A synthetic dataset of 100 instances and two classes (positive (P) and negative (N)) is taken 

to demonstrate how the performance evaluation measures give biased evaluation. 70 

instances belong to the positive class (P), and 30 instances belong to the negative class (N). 

The negative class is in the minority, and the positive class is in the majority. The machine 

learning algorithm is applied to the dataset, and the result after classification is given below 

in the confusion matrix. 

TABLE 3.2 Confusion Matrix 

Actual/Predicted Positive Negative 

Positive TP = 60 FN = 10 

Negative FP = 20 TN = 10 

 

From this confusion matrix, commonly used performance evaluation metrics are derived as 

under. 

TN_rate  = TN/N = 10/30 = 0.333   (Accuracy of Minority class) 

Recall   = TP_rate = TP / (TP+FN)= 60 / (60+10) = 0.85 (Accuracy of Majority class) 

Precision  = TP/TP+FP = 60 / (60+20) = 0.75 (Biased towards the majority class) 

F-measure  = 2*((precision*recall) / (precision + recall))  

= 2 * (0.6375) / 1.6 = 0.79  (Biased towards the majority class) 

G-Mean = sqrt(TP_rate * TN_rate) = sqrt(0.85 X 0.033) =0.53 

Accuracy = (60+10) / (100) = 0.70 

The results found that the accuracy, precision, and recall are close to the TP_rate as they are 

biased towards the majority class prediction rate. We found that, except for the g-mean, all 

other measures are biased towards the accuracy of the majority class. The g-mean 

comparatively shows a somewhat balanced result. However, in this example, the minority 

class representation is around 30%, whereas in real-life, unbalanced data has a minority class 

representation of less than 15% of the total dataset. In such cases, even the g-mean becomes 

biased towards the majority class classification rate. 

The F-measure, with a value of 0.79, is close to the 0.85 majority class prediction rate. The 

minority class's low true prediction rate, which is only 0.33 percent, is hidden beneath higher 

values of accuracy, precision, recall, and F-measure. In such cases, the classifier is declared 

to be a good classifier despite producing poor results for minority class prediction. Such 
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classifiers should not be considered optimal for unbalanced data classification, especially 

when the minority class is more important and has significant misclassification penalties. 

We observe from this example that accuracy, precision, recall, or F-measure are preferred 

when the accurate classification of the majority class is more important, or misclassification 

of the minority class has no significant penalties. If both the classes have equal importance, 

then g-mean or AUC are preferred measures. However, when the performance for the 

minority class is more important, we require evaluation parameters that highlight the 

performance for minority class prediction. Furthermore, if the minority class faces 

significant misclassification penalties, the evaluation parameters should be able to account 

for it as well. Considering this, we proposed two evaluation measures: IRWMean and B-

mean. The IRWMean is a weighted mean derived using an unbalanced ratio, and it is more 

sensitive to the prediction rate of the costly minority class. If the cost of misclassification 

for the minority class is high compared to the majority class, then IRWMean is the best 

choice for performance evaluation because it provides an overall cost-benefit. The B-mean 

is a more balanced measure compared to the g-mean. 

3.3 IRWMean and Balanced Mean (B-Mean)  

One major issue that many researchers usually face is the selection of an ideal metric for the 

performance evaluation of unbalanced data classification [11]. Generally, the 

misclassification cost of the minority class is higher in unbalanced data learning [4]. Thus, 

the accurate classification of the minority class is desirable and should be evaluated 

appropriately.  

Cost-sensitive unbalanced data classification needs evaluation parameters that provide cost-

sensitive evaluation without the majority class's influence. Biased metrics are not considered 

viable for performance evaluation, particularly for the cost-sensitive classification of 

unbalanced medical datasets.  

For the unbiased performance evaluation, we proposed two new performance measures. The 

imbalance ratio (IR) based weighted mean (IRWMean) is sensitive to the costly minority 

class prediction rate, and the balanced-mean (B-mean) gives a balanced performance 

evaluation considering the misclassification cost of each class. 
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If the misclassification cost ratio of the minority to the majority class is huge, then IRWMean 

is the most suitable cost-sensitive evaluation measure. For binary class datasets, IRWMean 

is defined as in (3.1).  

IRWMean = (IRC × TN_rate) + (1/IRC × TP_rate) ÷ (IRC + 1/IRC) (3.1) 

Here, TN_rate is minority class accuracy, and TP_rate is majority class accuracy. IRC is a 

misclassification cost. If explicit misclassification cost is available, it can be used as IRC. In 

the absence of such a misclassification cost, an inverse imbalance ratio is used to derive the 

IRC. We also propose a balanced evaluation parameter called the B-mean, defined in (3.2). 

B-mean = (((IRC × TN_rate) + (1/IRC × TP_rate) ÷ (IRC + 1/IRC)) + Acc) ÷ 2 (3.2) 

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

IRWMean in (3.1). 

To compare the behavior of conventional performance measures with our proposed 

performance measures, we consider 12 different scenarios, as shown in Table 3.3.  

TABLE 3.3 Behavior Analysis of Performance Evaluation Measures 

Sr. 

No. 
P N TP TN FP FN Acc TN_rate TP_rate IRWMean B-mean Gmean 

1 700 300 350 150 150 350 0.50 0.50 0.50 0.50 0.50 0.50 

2 700 300 700 100 200 0 0.80 0.33 1.00 0.44 0.62 0.58 

3 700 300 650 110 190 50 0.76 0.37 0.93 0.45 0.61 0.58 

4 700 300 600 150 150 100 0.75 0.50 0.86 0.56 0.65 0.65 

5 700 300 500 200 100 200 0.70 0.67 0.71 0.67 0.69 0.69 

6 700 300 700 250 50 0 0.95 0.83 1.00 0.86 0.90 0.91 

7 700 300 700 300 0 0 1.00 1.00 1.00 1.00 1.00 1.00 

8 700 300 650 50 250 50 0.70 0.17 0.93 0.28 0.49 0.39 

9 700 300 100 100 200 400 0.25 0.33 0.20 0.31 0.28 0.26 

10 700 300 200 200 100 500 0.40 0.67 0.29 0.61 0.50 0.44 

11 700 300 300 200 100 400 0.50 0.67 0.43 0.63 0.56 0.53 

12 700 100 50 50 50 650 0.13 0.50 0.07 0.49 0.31 0.19 

  

Out of 1000 instances, 700 are of the majority class (P), and 300 are of the minority class 

(N) in the first 11 scenarios. In the 12th case, the IR is high with 700 positive class instances 

and 100 negative class instances. The last scenario is used to observe the behavior of the 

evaluation metrics when IR is high. True positive (TP) and true negative (TN) values are 

carefully selected in each scenario, and the accuracy, TP_rate, TN_rate, g-mean, IRWMean, 

and B-mean are derived. The inverse imbalance ratio is used as a misclassification cost for 
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calculating IRWMean and B-mean. Many researchers proposed an imbalance ratio-based 

misclassification cost [2,12,43]. 

Table 3.3 indicates the minority class-biased behavior of IRWMean as the minority class 

has a higher misclassification cost than the majority class. Due to the lower misclassification 

cost, the majority class prediction rate has a low influence on IRWMean. Proper tuning of 

IRC as per the actual misclassification cost of the minority class gives a more appropriate 

evaluation.  

Figure 3.1 shows the behavior analysis of TP_rate, TN_rate, accuracy, g-mean, and 

IRWMean for different scenarios listed in Table 3.3. The figure shows that the accuracy line 

resembles the TP_rate (majority class prediction rate), while the IRWMean is close to the 

TN_rate (minority class prediction rate). The g-mean shows a balanced result as compared 

to the other metrics. The IRWMean is close to the TN_rate, but it is not the same as the 

TN_rate. The IRWMean considers the benefit incurred due to the true prediction of the 

majority class and the penalties of minority class misclassification. The IRWMean gives 

total financial gain. Initially, when there is a good TP_rate but a poor TN_rate, the financial 

gain (IRWMean) is low. However, the IRWMean is higher than the TN_rate due to the 

accurate prediction of majority class instances. In later stages, when the TN_rate of the costly 

minority class is higher and the TP_rate is low, the gain (IRWMean) is higher. IRWMean 

can show cost-benefit when the costly minority class is more accurately predicted. However, 

it also accounts for the misclassification cost of the low-cost majority class. These 

capabilities of IRWMean distinguish it from the TN_rate and provide an appropriate cost-

benefit. 

       

FIGURE 3.1 Comparison of Performance Measures with IRWMean 
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Figure 3.2 shows the behavior comparison of the B-mean with accuracy, g-mean, and 

IRWMean. The figure shows that the B-mean is a more balanced than the accuracy, g-mean, 

and IRWMean.  

 

 

FIGURE 3.2 Comparison of Performance Measures with B-Mean 

Figure 3.3 shows the comparison of the B-mean with the g-mean. The B-mean is a more 

balanced metric than the g-mean for the different prediction rates of minority and majority 

classes. 

 

 

FIGURE 3.3 Comparison of G-mean and B-mean 
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As shown in Fig. 3.3, initially, the TP rate of the low-cost majority class is high, and the TN 

rate of the high-cost minority class is low. They are almost equal at a high value in the middle 

of the graph. The B-mean and g-mean are somewhat equal and almost overlapping from the 

beginning to the middle of the graph. Towards the tail of the graph, the TN rate goes high, 

and the TP rate goes low. Just before and after the crossover point of TP_rate and TN_rate 

lines (at point no. 9 on the x-axis), the B-mean is more balanced than the g-mean. We note 

that the B-mean shows more balanced behavior even if the minority class prediction rate is 

high than the majority class prediction rate. As shown in Fig. 3.3, for case no. 12 on the x-

axis, we observed that the g-mean becomes biased towards the majority class prediction rate 

when the IR is high. However, the B-Mean still shows balanced behavior. The B-mean 

shows balanced performance in all the scenarios we considered. The g-mean gives the 

geometric mean of class-specific accuracy, while the B-mean can provide an evaluation by 

considering the misclassification cost as well.  

3.4 Experimental Case Study of Phishing URL Classification to Compare 

IRWMean and B-mean with Conventional Metrics. 

In this experimental study, we compare the behavior of proposed measures with 

conventional performance measures and highlight the issue of misleading performance 

evaluation. We use an unbalanced phishing URL dataset and conduct a detailed analysis of 

the results to illustrate the limitations of existing performance metrics in the performance 

evaluation of unbalanced data classification. We tested four classification methods and 

discovered that if the dataset is unbalanced, the classifier with more than 90% accuracy does 

not qualify as an ideal classifier. 

Several studies have been conducted to propose effective phishing detection methods [79–

84]. However, the researchers have not explored the skewed class distribution of the 

phishing dataset. The phishing dataset is unbalanced with two class labels: legitimate and 

phishing. Most of the existing research work used the phishing dataset, with phishing URLs 

in the majority and legitimate URLs in the minority. 

The anti-phishing working group (APWG) [85] is a non-profit group dedicated to preventing 

phishing attacks. The APWG investigates and publishes reports of phishing attempts. 

According to the APWG report, a total of 2,63,538 phishing attempts were discovered in the 

first quarter of 2018, and a total of 2,33,040 phishing attempts were found in the second 
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quarter of 2018. Phishing attacks are especially common in the online banking and payment 

sectors. 

Compared to other anti-phishing technologies, machine learning is the most promising 

technique [86]. Machine learning-based classifiers are effective, with an accuracy rate of 

above 90% [87]. Support vector machine (SVM), Naive Bayesian, KNN, decision tree, and 

random forest algorithms are extensively used as classification methods. The random forest 

is a collection of decision trees that use an ensemble methodology to forecast the outcome. 

Many researchers have discovered that random forest improves the accuracy of phishing 

website detection [73,88–93]. 

Jain et al. [94] proposed a URL-based machine learning technique for phishing detection. 

The authors used SVM and achieved 91.28% accuracy. However, in the case of redundant 

or irrelevant features, performance decreased. Authors use accuracy for performance 

evaluation, which provides a majority biased performance evaluation [31,40,58]. 

Alejandro et al. [92] proposed a neural network algorithm for the identification of phishing 

URLs. They developed a model based on recurrent neural networks (RNNs). For phishing 

website identification, Sudhanshu et al. [95] suggested a rule-based classification approach. 

They discovered that the association classification algorithm outperforms the other 

compared techniques. Bayu et al. [90] compared the decision tree with ensemble methods 

such as random forest, rotation forest, gradient boosted machine, and extreme gradient 

boosting. Compared to other classifiers, the results suggest that random forest outperforms 

other compared methods. 

Gupta et al. [91] proposed an anti-phishing approach that extracts features from the client-

side. The proposed approach is fast, but it extracts features only from the URL and source 

code. This approach has the limitation that it can detect web pages written in HTML only. 

Ahmad et al. [96] proposed three new features to improve the accuracy rate for phishing 

website detection. Liu et al. [93] proposed an approach that focuses on character frequency 

features. In this work, they have combined statistical analysis of URLs with a machine 

learning technique. However, the authors use majority class-centric performance evaluation 

parameters. In 2016, Amaad et al. [97] proposed a hybrid model for the classification of 

phishing websites. 
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A feature-based strategy was developed by Bhagyashree et al. [89] in 2015. Phishing and 

non-phishing websites are distinguished using features such as WHOIS, page rank, Alexa 

rank, and phish-tank-based features. 

Practically, there are more genuine URLs than phishing URLs. This necessitates a reliable 

phishing detection algorithm that can detect phishing URLs even when many genuine URLs 

surround them. Most of the researchers claim around 90% accuracy in phishing detection. 

However, the phishing dataset is unbalanced, and accurate detection of both classes is 

important. The conventional accuracy measure gives biased results for unbalanced data. 

Thus, validating the performance evaluation of the phishing detection methods is crucial. 

Accurate and evenhandedly evaluation of unbalanced data classification is a critical task. 

We need neutral metrics for performance evaluation, especially when the misclassification 

cost of the minority class is higher than the misclassification cost of the majority class.  

3.4.1 Datasets Information 

The PhishTank [98] data repository is used for phishing URLs, while non-phishing URLs 

are taken from the DMOZ [99] repository. The phishing class is in the majority, while the 

legitimate class is in the minority, resulting in an unbalanced dataset. The dataset 

information is shown in Table 3.4. The final dataset has 23000 phishing URLs from 

PhishTank [98] and 2000 legitimate URLs from DMOZ [99]. For the experiment, a pre-

labeled unbalanced dataset is generated from the extracted features of URLs. The 11 features 

extracted from the URL are IP Address, presence of subdomain, presence of '@' in URL or 

not, presence of dash (-) in URL or not, length of URL, suspicious words in URL, embedded 

domain, presence of HTTPS Protocol, HTTP Count, DNS lookup, and inconsistent URL. If 

the domain name in the WHOIS database does not match the URL, it is considered 

inconsistent.  

TABLE 3.4 Phishing Dataset Information 

Source  No of instances Category  

PhishTank [98] 23000 Phishing 

DMOZ [99] 2000 Legitimate 

Total 25000 Unbalanced Dataset 
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3.4.2 Experimental Setup 

For the experiment, Naïve Bayesian, SVM (SMO), decision tree, and random forest are used. 

The WEKA library is used for the implementation of algorithms. To highlight the poor rate 

of minority class prediction, which would otherwise go unreported by majority class biased 

performance metrics, data balancing techniques are avoided to keep the phishing dataset 

imbalanced. 

Main Steps of Proposed Approach: 

The major steps of our experimental study are: 

Step 1: Prepare the dataset by collecting phishing URLs from PhishTank [98] and legitimate 

URLs from the DMOZ directory [99].  

Step 2: Feature extraction: extraction of features from the URL, using a feature extraction 

algorithm.  

Step 3: Train the model: The WEKA library is used to implement traditional algorithms. The 

training dataset is used to train the classifiers. 

Step 4: Test model: The trained model is tested using the test dataset. 

Step 5: Results analysis and performance evaluation using evaluation matrices 

The 10-fold cross-validation technique is used for training and testing.  

3.4.3 Result Discussion 

Figure 3.4 shows a comparison of the Naive Bayesian, SMO, decision tree, and random 

forest classifiers. We observe the same level of performance as existing phishing detection 

studies claim. The Naive Bayesian, random forest, and decision tree produce almost the same 

results with an accuracy of 91.99%, while SMO shows an accuracy of 91.89%.  

 

 

FIGURE 3.4. Performance (Accuracy) Comparison for Phishing Detection 
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Despite the algorithms' excellent accuracy, a deeper investigation of the results suggests that 

the used classifiers are not the best solution for phishing detection. Table 3.5 shows the 

detailed results of Naive Bayesian, random forest, and decision tree using TP rate, precision, 

and F-measure.  

TABLE 3.5 Detailed Results of Phishing Detection 

 TP Rate Precision F-measure 

Phishing 0.999 0.920 0.958 

Legitimate 0.000 0.000 0.000 

Weighted Avg. 0.920 0.846 0.882 

 

As shown in Table 3.5, the TP rate, precision, and F-measure for the minority legitimate 

class are all 0. It is due to the misclassification of all legitimate instances. Legitimate 

instances are few and thus ignored by all three classifiers. However, still, the weighted 

average of the TP rate is 92%, the precision is 84.6%, and the F-measure is 88.2%.  

Table 3.6 shows the confusion matrix for the Naïve Bayesian algorithm. It shows that all 

legitimate (minority) instances are misclassified as phishing (majority) instances. Only one 

instance of the majority class is misclassified as a minority class, and the rest are correctly 

classified as the majority (phishing) class. The algorithms that show a similar pattern of 

results are not considered optimal for phishing detection, even if their overall accuracy is 

above 90%. 

TABLE 3.6 Confusion Matrix of Naïve Bayesian for Phishing Detection 

Confusion Matrix Phishing Legitimate 

Phishing 22999 1 

Legitimate 2000 0 

 

None of the classifiers are considered optimal because their high accuracy is owing to their 

proclivity to classify all instances as phishing. As the phishing class covers 92% of the 

dataset, the classifier can achieve 92% accuracy if it simply treats all instances of the dataset 

as phishing. However, it conceals the inaccuracy of legitimate URL detection. 

Such high accuracy is deceiving in the situation of class unbalance. Even though classifiers 

exhibit greater than 90% accuracy, such classifiers are not the best solution for practical 

application and should be avoided. The use of a classifier solely because of its accuracy more 

than 90% blocks all URLs. Both genuine and phishing URLs get blocked as each URL is 
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detected as a phishing URL by the biased classifiers. Because of the dominance of majority 

class instances, the biased algorithm produces biased results but still maintains high 

accuracy. 

The experiment suggests that when the misclassification cost of a minority class is high, the 

classifier should be carefully selected. Just more than 90% accuracy or a higher value of 

majority biased performance measures does not entitle any classifier to classify the 

unbalanced data. We need unbiased performance measures when an unbalanced dataset has 

an uneven misclassification cost. The proposed B-mean gives a more balanced performance 

evaluation compared to the g-mean. The IRWMean gives more weightage to the prediction 

rate of the costly minority class.  

Table 3.7 shows the calculation of B-mean and IRWMean for the results shown in the 

confusion matrix given in Table 3.6. As shown in the table, the B-mean is 0.46. Because of 

the poor prediction of the minority class, the value of the B-mean is low as compared to the 

majority-biased precision and F-measure. Due to the misclassification of the whole minority 

class, the IRWMean is 0.016. Here, we considered an imbalance ratio as a misclassification 

cost. The IRWMean is not exactly zero because the benefit incurred due to the correct 

prediction of the majority class is accounted for in the calculation. The IRWMean can give 

a more appropriate performance evaluation by properly tuning the weight (cost) according 

to the actual misclassification cost. 

TABLE 3.7 IRWMean and B-mean Calculation for Phishing Detection 

Imbalance Ratio (IR) 1/IR IRWMean Accu. B-mean Precision F-measure 

7.33 0.136 0.016 0.91 0.46 0.846 0.882 

 

Figure 3.5 shows a comparison of TP_rate, precision, F-measure, accuracy, IRWMean, and 

Bmean. The TN_rate for the minority legitimate class is zero. But still, the precision, F-

measure, and accuracy values are all around 90%, giving biased and misleading results. By 

observing the value of accuracy, precision, or F-measure, one cannot discover that all the 

minority instances are wrongly classified by the naïve Bayesian algorithm. If both the classes 

have equal importance, then the B-mean gives the more appropriate result. If the 

misclassification cost of the minority class is higher as compared to the majority class, then 

the IRWMean can give a more meaningful result. The IRWMean value is close to zero 

because there is no noticeable cost benefit from the majority class's high prediction rate due 

to their low misclassification cost. Minority instances, on the other hand, have a higher 
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misclassification cost, but they are misclassified, yielding an overall cost-benefit close to 

zero. 

 

FIGURE 3.5 Comparison of Performance Evaluators 

3.5 Summarization 

Medical datasets also show cost unbalance with class unbalance. The cancer positive patients 

are in the minority and misclassification cost may be loss of life. While the non-malignant 

patients are in the majority and their misclassification may require some additional tests. If 

the classifier classifies all patients as free from cancer in the cancer patient dataset, it 

automatically claims more than 90% accuracy. The misclassification of all cancer-positive 

patients does not degrade the overall accuracy because cancer-free patients are in the 

majority and cover more than 90% of the dataset. However, due to deceiving overall 

accuracy, such classifiers may result in a loss of life and should be avoided for practical 

implementation. In such domains of unbalanced data, IRWMean can give a more appropriate 

performance evaluation of the classification algorithms. In the medical domain, accurate and 

unbiased performance evaluation is more important compared to the other application 

domains because misclassification of minority positive samples might cost a loss of life. 
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CHAPTER-4 

Impact of Data Difficulties on Unbalanced Data 

Learning 

4.1 Introduction  

Good quality data aids in the optimization of machine learning algorithms, whereas poor 

quality data degrades performance. The study of the dataset characteristics is an important 

task to understand the quality of the data. The unbalanced data is itself a data difficulty, and 

due to this, the conventional classification algorithms struggle to achieve the desired 

accuracy for the minority class. The classifiers suffer from the majority-minority tradeoff, 

in which classifiers achieve a high prediction rate for the majority class at the expense of 

poor predictions for the minority class. With the help of data sampling, the classifier achieves 

an optimal minority class prediction rate at the expense of a lower majority class prediction 

rate due to over-fitting. 

Unbalanced data learning becomes more difficult when data difficulty factors such as high 

imbalance ratio, data overlapping, rare sub-concepts surrounded by the majority class, poor 

relationship between the dependent and independent variable, presence of borderline 

examples, noise, missing values, within-class imbalance, and within-class sub-concepts 

present in the dataset [11,15]. These data difficulties play an important role in deciding the 

performance of the learning algorithm.  

We performed a detailed study to verify the presence of data difficulties and their impact on 

the performance of conventional classification algorithms. The datasets used for the study 

are listed in Table 4.1. The imbalance ratio is defined as the ratio of majority and minority 

classes [4,11,12]. 

In the Wisconsin biopsy breast cancer dataset, the attribute “bare nuclei” has 16 missing 

values. Missing values can be handled by replacing them with the attribute mean or global 

mean value. The missing values of the “bare nuclei” attribute are filled with the mean value 
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of the “bare nuclei” attribute. The new-thyroid, HIV, diabetes, mammography, and shuttle 

datasets are free from missing values. 

TABLE 4.1 Dataset Description [100,101] 

Sr. 

No. Name #Att #Class #Instance 

IR ratio 

(#Maj / 

#Min)  

Description 

1 
Wisconsin Biopsy 

Breast Cancer 
10 2 699 1.89 

Class Distribution:- Benign: 458, 

Malignant:241 

Samples are from clinical cases periodically 

reported by Dr. Wolberg. He assessed 

biopsies of breast tumors for 699 patients and 

built this dataset.  

2 New-Thyroid 5 3 215 4.84 

An imbalanced version of the Thyroid 

Disease (New Thyroid) dataset with three 

classes: hyper and hypo are minority class. 

Hypo is the smallest class with 30 instances, 

and Normal is the largest class with 150 

instances. 

3 
HIV-1 protease 

data 
9 2 1625 3.34 

Class distribution:- cleaved:375, non-

cleaved:1250 

It contains lists of octamers (8 amino acids) 

and a flag/class (-1 or 1) depending on 

whether HIV-1 protease will cleave in the 

central position (between amino acids 4 and 

5). 

4 Diabetes 9 2 768 1.86 

It has two classes: Class 0 is the majority 

class with 500 instances, and class 1 is the 

minority class with 268 instances. 

5 
Mammography 

[102] 
7 2 11183 42.01 

It has two classes. The minority class 

(Calcification) has 260 instances, and the 

majority class has 10923 instances. It 

contains outliers as well. 

6 Shuttle 10 2 3316 66.67 

It is the binary-class dataset. The minority 

class has only 49 instances, and the majority 

class has 3267 instances. This dataset has a 

large imbalance ratio. It contains outliers as 

well. 

  

In the diabetes dataset, zero blood pressure is observed in some instances. This is invalid, as 

zero “blood pressure” is impossible for living humans. We also found zero values for 

“plasma glucose levels” in some instances, which is also invalid. This is called noise, and it 

needs to be replaced by the attribute mean or global mean. In the medical domain, such noise 

requires domain knowledge to handle it. However, noise is kept to study intrinsic data 
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characteristics and their adverse impact on classification performance. Other datasets are 

free from noise. The CART algorithm is resistant to noise and outliers, whereas KNN 

struggles with missing values [29].  

4.2 Data Distribution and Class Overlapping 

We examined the data distribution to see if class overlapping is present in the dataset. A data 

distribution graph is plotted to analyze the distributions. The datasets are multi-dimensional, 

and thus data plotting is not straightforward. The multi-dimensional data is converted into 

two-dimensional using multi-dimensional scaling (MDS). As per Jerzy et al. [11], the MDS 

plot is used to visualize the data distribution. The MDS technique keeps the original data 

distribution while scaling down the dimensions. 

4.2.1 Multi-Dimensional Scaling  

MDS is used to visualize similarities and dissimilarities between data objects. Graphical 

visualization of high-dimensional data is not possible if there are more than four dimensions. 

MDS is used as a dimension reduction technique. Even though the data was scaled down, it 

kept the original properties. The data objects that are together in multi-dimensional space 

remain together in low-dimensional space. MDS is useful for visualizing high-dimensional 

data in a low-dimensional space.  

The main objective of multidimensional scaling is to preserve the intrinsic properties of the 

data objects by calculating geodesic distances between them and mapping them into the 

reduced feature space. In this experiment, the R language is used to implement 

multidimensional scaling. Fig. 4.1 shows the 2-D data distribution for the breast cancer 

dataset. The X-axis is named “coordinate-1”, and the Y-axis is named “coordinate-2”, 

representing the two resultant dimensions after scaling down the multi-dimensional breast 

cancer dataset. In the MDS plot, the values of the axis labeled as coordinate-1 and 

coordinate-2 are meaningless, and the orientation of the picture is arbitrary [103]. However, 

it shows which data objects are close to each other, and which are far from each other [103].  

The breast cancer dataset is normalized using decimal scaling to develop a low-dimensional 

MDS plot. Then the multi-dimensional dataset is converted into a 2-dimensional dataset to 
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plot the 2D graph. Most of the data objects are overlapped in the MDS plot, as shown in Fig. 

4.1. In the MDS plot, the cluster represents the group of items that are similar to each other.  

 

FIGURE 4.1 2-D Data Distribution of Normalized Breast Cancer Dataset 

Figure 4.2 shows the MDS plot for the new-thyroid dataset. The MDS plot shows that most 

data objects are in one group. A few data objects are seen that are scattered and not part of 

the cluster. Figures 4.3 and 4.4 show the 2-D data distribution for the HIV and diabetes 

datasets, respectively.  

 

FIGURE 4.2 2-D Data Distribution of New-Thyroid Dataset 
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FIGURE 4.3 2-D Data Distribution of HIV Dataset 

 

 

FIGURE 4.4 2-D Data Distribution of Diabetes Dataset 

The MDS plot gives information about the data overlapping; however, class overlapping is 

not visible. Class overlapping is discussed in the next section.  

4.2.2 Class Overlapping 

Class overlapping is considered a significant challenge in unbalanced data learning [11]. We 

incorporate one more dimension of class label into the 2-D dataset obtained using MDS to 
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observe class overlapping. The Glueviz tool is used to visualize the class distribution. Class 

overlapping adversely affects the minority class prediction [15]. Fig. 4.5 shows the class 

distribution for the breast cancer dataset. In breast cancer, class overlapping is relatively low, 

and classes are somewhat separable. 

 

FIGURE 4.5 Class Distribution for Breast Cancer Dataset 

In the breast cancer dataset, benign is the majority (purple point) class, and malignant 

(yellow point) is the minority class. As seen in the figure, some minority class objects are 

covered by majority class objects. The data distribution is plotted in a 3-dimensional plot to 

make overlapping visible. Fig. 4.6 shows a 3D plot for the breast cancer dataset. When the 

3D graph is rotated to view as a 2D graph, the majority class objects at the bottom of the 

figure hide some minority data objects at the top of the figure. 

 

FIGURE 4.6 3D View of Class Distribution for Breast Cancer 
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The new-thyroid is a multi-class unbalanced dataset. It has three classes: hyper, hypo, and 

normal. Hypo is the smallest class, and the normal class is in the majority. Hyper and hypo 

are both minority classes. Fig. 4.7 shows the class overlapping plot for new-thyroid. Here 

we observe that data objects belonging to the hypo class are scattered. Another minority 

class hyper is surrounded by majority class data objects. Hyper and normal data objects are 

seen together in one cluster. 

 

FIGURE 4.7 Class Distribution for New-Thyroid Dataset 

The minority hyper-class data objects (sky blue point) are overlapped by majority class 

objects (blue point). To make this overlapping visible, the data is mapped in a 3D plot in 

Fig. 4.8. 

 

FIGURE 4.8 3D Class Distribution of New-Thyroid 
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As shown in Fig. 4.8, there is a majority class called normal at the bottom. The hyper class 

can be seen in the middle region, and the smallest class, hypo, can be seen in a scattered 

form at the top of the figure. If the 3D plot is rotated to be viewed as a 2D plot, it will look 

the same as in Fig. 4.7. 

Fig. 4.9 shows the class overlapping plot for the HIV dataset. The HIV dataset contains 

nominal values that are converted to numeric values. Each attribute in the HIV dataset has a 

character value from the character set "A, R, N, D, C, Q, E, G, H, I, L, K, M, F, P, S, T, W, 

Y, V.". Using WEKA, the character value is converted to a numeric value using the 

“ordinalToNumeric” filter method. The 2-dimensional dataset was created using the MDS. 

The class overlapping is less in the HIV dataset as compared to mammography. However, 

there are good similarities between the minority and majority class objects. Data objects 

belonging to different classes are close to each other, and some are overlapped too. A 3D 

plot is created to understand class overlapping as shown in Fig. 4.10. 

 

FIGURE 4.9 Class Distribution for HIV Dataset 

In Fig. 4.10, the majority class region is dense and seen on the bottom side, while the 

minority region is sparse and visible on the top side. In a 3D plot, we observe that objects 

from the majority class overlap minority class objects. Because of this, in the center part of 

the 2D plot shown in Fig. 4.9, the yellow data points of the minority class are not visible.  
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FIGURE 4.10 3D Class Overlapping of HIV Dataset 

Figure 4.11 shows a 2-dimensional distribution plot for the diabetes dataset and Fig 4.12 

shows a 3D distribution plot for the same dataset. 

 

FIGURE 4.11 Class Distribution for Diabetes Dataset 
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FIGURE 4.12 3D Class Distribution for Diabetes Dataset 

Figure 4.13 shows the class distribution for the mammography dataset, which has a high 

imbalance ratio. Most minority class data points are hidden under the majority class data 

points. To distinguish the classes, the 3D graph is shown in Fig. 4.14.   

 

FIGURE 4.13 2D Class Distribution of Mammography Dataset 

In the 2D graph, only a few yellow points are visible on the left side of the plot. When we 

look into the 3D plot, we observe minority data objects underneath the majority class objects, 

resulting in a class overlapping. 
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FIGURE 4.14 3D Class Distribution of Mammography Dataset 

Figure 4.15 shows the class distribution for the shuttle dataset, which has the largest 

imbalance ratio among all the datasets we have used. In a 2D plot, only one yellow point is 

visible. The rest of the minority class objects are overlapped by the majority class. Fig. 4.16 

makes this visible. 

 

FIGURE 4.15 2D Class Distribution of Shuttle Dataset 
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FIGURE 4.16 3D Class Distribution of Shuttle Dataset 

At the bottom of the 3D plot, the majority class resides. The minority class resides at the top 

of the 3D plot. In the shuttle dataset, minority class objects are very few. However, they are 

very close to each other, forming one small cluster of minority data objects.  

From these class distributions, we observed that the minority examples reside in majority 

regions for most of the datasets, which is one of the data difficulty factors discussed by Jerzy 

et al. [11]. We also observed class overlapping and within-class subgroups of the minority 

class. Within-class sub-concepts make the prediction of the minority class even more 

difficult [11]. Traditional classification algorithms such as SVM and KNN perform sub-

optimally in the case of class overlapping [11]. 

Figure 4.17 shows the proximity analysis for the breast cancer dataset. The proximity matrix 

gives similarity and dissimilarity between minority vs. minority, minority vs. majority, and 

majority vs. majority class instances. In the highlighted part, we observe some minority class 

objects are surrounded by majority class objects that make distance-based machine learning 

algorithms sub-optimal for accurate identification of minority class instances [11]. From 

proximity analysis, we observe the high similarity between some minority-majority class 

instances compared to the similarity between majority-majority or minority-minority class 

instances. High similarity between different class instances leads the classification 

algorithms to predict minority instances falsely. 
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FIGURE 4.17 Proximity Analysis of Minority and Majority Class Data Objects 

4.3 Small Dis-junctions 

The decomposition of the minority class into small sub-concepts is known as disjuncts. As 

per Jerzy et al. [11], small disjuncts affect the performance of the classifiers. If the minority 

instances dominate the sub-cluster, then the minority class prediction rate does not get 

affected. However, if sub-clusters have fewer minority instances and minority instances are 

scattered in different majority-dominated clusters, then it adversely affects the performance 

of the minority class. 

To check the quality of clusters, we create clusters within the dataset and see if the clusters 

are minority or majority-dominated. In this experiment, six clusters are created using K-

means clustering for each dataset.  

Figure 4.18 shows clusters for breast cancer, HIV, new-thyroid, mammography, shuttle, and 

diabetes datasets. There are four small size clusters for the breast cancer dataset with 

minority class dominance. No minority disjuncts are seen in the breast cancer dataset. In the 

HIV dataset, all clusters are almost the same size and have majority class dominance. Thus, 

in the HIV dataset, the decomposition of the minority class into majority-dominated clusters 

is seen. Fig. 18(c) shows that the new-thyroid has two clusters for two minority classes. We 

found that all data objects of the hyper and hypo classes are in their respective clusters. This 

is beneficial for classifiers to achieve good accuracy for minority prediction.   
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FIGURE 4.18 Clusters with Minority (red) and Majority (Blue) Class Representation: (a) Breast    

Cancer (b) HIV (c) New-Thyroid (d) Mammography (e) Shuttle (f) Diabetes 

Figure 4.18 (d) shows clusters for the mammography dataset. All clusters are majority class-

dominated, resulting in disjuncts. In the previous section of the class overlapping study, we 

also observed higher class overlapping in the mammography dataset. These types of data 

characteristics adversely affect the classifier’s performance.  

Figure 4.18(e) shows clusters for the shuttle dataset. Shuttle datasets have a large imbalance 

ratio. However, one dedicated cluster for the minority class is seen. These data 

characteristics enable classifiers to achieve a high prediction rate for the minority class even 

when the dataset has a high imbalance ratio. Fig. 4.18(f) shows clusters for the diabetes 

dataset. In the diabetes dataset, all minority class objects reside in one cluster.  

From the analysis of the results, minority class-dominated small size clusters are observed 

for breast cancer, shuttle, new-thyroid, and diabetes datasets. There are no noticeable 

disjuncts in the minority class in these datasets. While in the HIV and mammography 

datasets, all 6 clusters are dominated by the majority class. The minority class instances are 

scattered in majority-dominated clusters that create small disjuncts of the minority class. 

When the majority class dominates sub-clusters, most classifiers fail to provide an optimal 

prediction for the minority class. 

The presence of the minority class-dominated sub-clusters indicates high similarity between 

minority class instances, and they are close to each other. In contrast to this, if the minority 
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instances are scattered in the majority class dominated clusters, then it means the minority 

instances are more similar to the majority class instances that cause misclassification of 

minority class instances.  

4.4 Relationship between Dependent and Independent Variables and Its 

Impact on Classification Performance 

Multivariate attribute distribution analysis is useful to know if the problem is separable by a 

given attribute. Fig. 4.19 shows the multivariate attribute distribution for the breast cancer 

dataset. 

 

FIGURE 4.19 Multivariate Attribute Distribution for Breast Cancer 

In unbalanced data learning, the focus is on the improvement of the costly minority class’s 

prediction [41]. If attribute distribution has class-dominated bars, then the decision tree can 

use it to generate class-specific branches. As shown in Fig. 4.19, the breast cancer dataset 

has attribute distributions dominated by the minority class. The data distribution shown in 

Fig. 4.19 highlights the relationship of dependent-independent variables that improve the 

minority class classification. The classifiers can build classification rules based on class-

dominated distributions. For instance, the higher value of attribute V1 has a minority-

dominated bar, which means a higher value of V1 increases the chances of prediction as a 

minority class. 
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In contrast to the breast cancer dataset, the HIV dataset does not have a strong relationship. 

Fig. 4.20 shows that none of the attribute distributions has minority dominance. Only A1 

and A3 attributes have a single bar with comparable minority class instances. The accurate 

classification of a minority class becomes difficult if the dataset exhibits such data 

characteristics.  

Figure 4.21 shows the multivariate attribute distribution for the diabetes dataset that has 

small bars with minority dominance. Fig. 4.22 shows the distribution for the multi-class 

New-thyroid dataset. A minority class-specific distribution for both the classes (hyper and 

hypo) is observed in the figure.  

 

FIGURE 4.20 Multivariate Attribute Distribution for HIV 

 

FIGURE 4.21 Multivariate Attribute Distribution for Diabetes 
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FIGURE 4.22 Multivariate Attribute Distribution for New-Thyroid 

Figure 4.23 shows the worst multivariate attribute distribution as far as minority 

representation is concerned. The mammography dataset has a high imbalance ratio, and none 

of the attribute distribution bars shows minority dominance. Due to this, the minority class 

does not have a visible presence in the distribution bars.  

The shuttle dataset has an even greater imbalance ratio than mammography. However, as 

shown in Fig. 4.24, attribute distribution with minority dominance is visible. Because of 

such a favorable distribution, classifiers can predict the minority class with comparatively 

good accuracy even if the shuttle dataset has the highest imbalance ratio among all the 

datasets we used for this study.   

 

FIGURE 4.23 Multivariate Attribute Distribution for Mammography 
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In Fig. 4.24, there are small size bars for the attribute A1 with minority class dominance. 

This means the small value of A1 increases the chances of classification as a minority class. 

As the imbalance ratio is high and there are very few minority class instances, the minority-

dominated bars are very small compared to the size of majority-dominated distribution bars.  

 

FIGURE 4.24 Multivariate Attribute Distribution for Shuttle 

4.5 Influence of Data Characteristics on Classifiers’ Performance  

After an extensive study of data characteristics, we experimented with the SVM, J48, and 

CART algorithms. We applied the classifiers to the studied datasets, and the performance 

was evaluated by the minority class prediction rate. The result is shown in Fig. 4.25. 

 

FIGURE 4.25 Comparison of Minority Class Prediction Rate of SVM, J48, and CART  
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We got the best results for Wisconsin breast cancer, followed by the shuttle and new-thyroid 

dataset. For the breast cancer dataset, all three algorithms have an average minority class 

prediction rate of 0.954. The average prediction rate for the shuttle is 0.918 and 0.826 for 

the new thyroid. For the HIV dataset, it ranges from 70% to 80%, resulting in an average 

minority class prediction rate of 0.824. The average minority accuracy for diabetes is 0.760, 

and for mammography, it is 0.384. 

Observations: 

As shown in Fig. 4.5, the breast cancer dataset has the least class overlapping when 

compared to the other datasets. In the previous sections, as shown in Fig. 4.18(a), four 

minority class-dominated clusters and the absence of minority dis-junctions were observed 

in the breast cancer dataset. From multivariate attribute distribution, we observed that the 

breast cancer dataset is easily separable, and a strong relationship exists between the 

dependent and independent variables. In Fig. 4.19, we found attribute distribution bars 

dominated by the minority class. Almost all the data factors in the breast cancer dataset are 

supportive, and thus classifiers give the best minority class prediction rate. 

The shuttle dataset has the largest imbalance ratio among the six datasets we used. However, 

classifiers still show good results for it. The reason for this is the supportive data 

characteristics of the shuttle dataset. From the class overlapping plot shown in Fig. 4.15, we 

observe some class overlapping. However, the sub-cluster analysis from Fig. 4.18(e) reveals 

that minority class objects are closely related to each other and form a single cluster. We do 

not observe any minority class dis-junctions in the shuttle dataset. Further, as shown in Fig 

4.24, some distribution bars have minority dominance. Because of this data distribution, 

even if the dataset has the highest imbalance ratio, the classifiers can predict minority classes 

with comparatively good accuracy. The presence of minority class-dominated attribute 

distribution and high similarities between minority data objects aid decision tree classifiers 

in providing the best performance for the shuttle dataset. However, due to class overlapping, 

the performance of SVM is not optimal as compared to the decision tree classifier. 

As shown in Fig. 4.9, In the HIV dataset, class overlapping is greater as compared to the 

breast cancer and shuttle datasets. However, there are no minority dis-junctions, and the 

multivariate attribute distribution shows exclusive distribution bars for the minority class. 

The decision tree uses the strong relationship between the attributes and the target class to 

build a classification tree. Thus, the J48 and CART show good results. However, due to 

moderate class overlapping, the SVM performs sub-optimally [11].   
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The new thyroid has three classes. As shown in Fig. 4.7, the hypo class was not merged with 

the majority class. However, another minority class hyper is merged with the majority class, 

and some minority data objects are overlapped too. This will adversely affect the 

performance of SVM. Fig. 4.18 (c) shows pure clusters for both minority classes. Further, 

in Fig. 4.22, we also observe that the minority class dominates the attribute distribution bars. 

These characteristics help the decision tree to have a good prediction rate.  

As shown in Fig. 4.11, the 2D distribution of the diabetes dataset shows class overlapping. 

In Fig. 4.12, the class overlapping is visible in the 3D distribution plot as well. Fig. 4.18 (f) 

shows that small disjunctions are not seen, and there is one minority class-dominated cluster. 

In the multivariate attribute distribution shown in Fig. 4.21, high glucose has a strong 

influence on diabetes positive prediction. That is why distribution bars for the high value of 

glucose are dominated by the minority class. But other attribute distributions do not show 

such a strong relationship.  

In the left part of the 2D plot of the mammography dataset given in Fig. 4.13, only the 

majority-class instances are visible. To verify the presence of overlapping, when we look 

into the 3D distribution plot given in Fig. 4.14, we observe the minority class cluster, which 

is completely overlapped by the large majority class cluster. This is why we don't see many 

minority yellow points on the left side of the 2D plot in Fig. 4.13. The 3D distribution reveals 

the fact that even though many yellow points are not visible in the 2D plot, they are present 

under the dense majority class cluster. Such a high degree of class overlapping affects the 

performance of SVM [11]. The small disjunction analysis of mammography, shown in Fig. 

4.18 (d), reveals the presence of small disjuncts of the minority class. The multivariate 

attribute distribution was also biased against the minority class. There is no minority 

dominance in any of the attribute distributions. In fact, because of the high imbalance ratio, 

the minority class is barely visible in the attribute distribution bars. 

According to the analysis of mammography data, the minority class objects are surrounded 

by a large number of majority objects. There is more similarity between the minority and 

majority cases. Minority instances are dispersed across the majority class clusters. There is 

no strong relationship between the dependent and independent variables that the classifiers 

can use. Because of these difficulties, all three classifiers used in our experiment produced 

the least optimal minority class prediction rate for the mammography dataset.  

Data difficulties are important factors in determining the performance of the classifier. When 

the data characteristics are favorable, the classification algorithms perform optimally. 
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However, researchers realize the importance of classification algorithms that provide 

optimal results despite the presence of data challenges [3,11,15].  
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CHAPTER-5 

MiDT – The Minority Sensitive Decision Tree 

5.1 Introduction  

The decision tree is one of the most widely used classification algorithms [2,31,35]. As per 

Ghorbani et al. [36], the decision tree is the most commonly used algorithm for the medical 

dataset classification. The popularity of the decision tree is due to its simplicity, easy 

interpretability, and ability to balance generalization and specialization [35].  

The decision tree method was developed for balanced data. Therefore, it assumes balanced 

data behavior even if the dataset is unbalanced. This makes the decision tree algorithm sub-

optimal for unbalanced data [2]. As per Fenglian et al. [2], the existing decision tree 

algorithm is not suitable for unbalanced data with an uneven misclassification cost. Authors 

realize the need for new techniques for unbalanced data. 

The decision tree is constructed in a top-down manner by recursively splitting the tree nodes. 

This process stops when it reaches the termination condition. Commonly used termination 

conditions are: (1) all the samples of nodes belong to the same class, (2) there are no more 

attributes available for splitting, (3) there are no more data samples, and (4) the tree's depth 

reaches the maximum depth threshold value. 

FIGURE 5.1 Illustrating a Decision Tree. (Source: Navlani 2018 [104]) 
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The decision tree shown in Fig. 5.1 has three types of nodes. The root node has no incoming 

edges, and it is the starting point of decision tree induction. Internal nodes represent data 

subsets created by applying splitting criteria to a higher-level data node. A leaf or terminal 

node represents the class label. They have only incoming edges, without any outgoing edges.  

Classification of test instances is straightforward once the tree is built. It starts from the root 

node and follows the path as per the internal splitting criteria until it reaches the terminal 

node. The label attached to the terminal node is predicted as the label of the test instance. 

To construct a decision tree, starting from the root node, all tree nodes are recursively split 

until they reach any termination conditions. Nodes are split using splitting criteria. Various 

splitting measures are used to determine the best attribute-value pair to split the node. 

Information gain, Gini index, and gain ratio are well-known measures used to identify the 

best splitting criteria [105]. These measures evaluate the splitting criteria based on the 

impurity in the resultant split. Splitting with less impurity means the resultant nodes have a 

less skewed class distribution, making it easier to determine the class label. While high 

impurity means the resultant node does not have decisive class distribution. So it is difficult 

to determine the class label, and the node requires a further split. 

 

 

FIGURE 5.2 Decision Tree Model 
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5.1.1 Information Gain 

Quinlan et al. [106] proposed a decision tree algorithm called ID3 that uses information gain 

as the splitting measure. It selects the attribute that provides the maximum information gain. 

For a given dataset, the expected information (entropy) required is given as, 
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i ppEntropy 


      (5.1) 

Here, Pi is the distribution probability of the ith class. M is the total number of classes. 

Suppose attribute S is a used as splitting attribute, then the information required after the 

split on attribute S is defined as, 
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Here, Dj is the jth data partition created because of the splitting attribute S. After splitting on 

attribute S, and the information gain is determined using (5.3), 

(D)rSplitquiredAfteInfoEntropy(D)Gain(S) SRe   (5.3) 

Attribute S is selected as a splitting attribute if it maximizes the information gain given in 

(5.3).   

5.1.2 Gain Ratio 

Quinlan [107] proposed the decision tree algorithm called C4.5 that uses gain ratio as the 

splitting measure. The C4.5 can handle continuous attributes. The gain ratio is defined as the 

ratio of gain given in (5.3) and the splitInfo given in (5.4). 
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)(/ DSplitInfoGain(S)S)GainRatio( S     (5.5) 

5.1.3 Gini Index 

The classification and regression tree (CART) algorithm uses the Gini index as the splitting 

measure. The CART is a binary decision tree proposed by Breiman et al. [108]. The Gini 

index measures the impurity of the dataset. The Gini index is defined as in (5.6) for the given 

dataset D. 
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Here, Pj is the probability of the jth class. If attribute S is used as splitting attribute, then the 

Gini index after the split is defined as, 
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Here, v is the number of splits, and Dj is the jth split. The reduction in impurity is defined as, 

)()()( DginiDginiSgini
S

     (5.8) 

Attribute S is selected as a splitting attribute if it maximizes the impurity reduction given in 

(5.8). Impurity reduction is maximized only when attribute S minimizes the Ginis(D). 

 

FIGURE 5.3 Entropy Vs. Gini Vs. Misclassification Error 

Figure 5.3 compares splitting measures for binary classification problems. In only 2% of 

problems, it matters whether information gain or the Gini index is used [109]. However, 

entropy calculation is slower than the Gini index. When the class distribution is equal, the 

impurity measures are highest. The minimum value is obtained when the majority of the data 

objects belong to either class. The misclassification error is highest when it is not possible 

to decide class labels from the given class distribution in the node. When any one of the 

classes has dominance, it can be labeled as a predicted class and the error rate can be 

minimized.  
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In Fig. 5.3, we observe the symmetric behavior of entropy and the Gini index. In unbalanced 

data classification problems, such balance behavior of splitting measures makes them 

majority biased [2]. Due to the dominance of the majority class in the dataset, there are more 

chances to have split nodes with all objects belonging to the majority class. The majority 

class-biased splitting measures ignore the minority class. In unbalanced data, when the 

minority class is more important, we need a splitting measure that gives a minimum value 

when there is a minority-dominated split and a higher value in the case of a majority-

dominated split.  

The Gini index is favored over information gain because it is computationally efficient and 

can be extended to include costs [2]. Compared to the ANN and SVM, the Gini index-based 

CART algorithm is more accurate and faster [110]. 

5.1.4 Advantages of CART   

As per the Liu et al. [31] and Li et al. [2], the advantages of the CART are:  

 It can handle the outlier. The splitting criteria can isolate them in a separate node. 

 It is robust to noisy data.   

 Features can be used repeatedly as splitting criteria. 

 It can handle both continuous and categorical features. The Gini index checks all 

possible values for the continuous feature and measures impurity for each split. 

However, the Gini index used in CART assumes equal class distribution. Thus, the Gini 

index would be biased towards the majority class for unbalanced data. The efficiency of the 

decision tree is proved for the balanced data. However, the CART, C4.5, ID3, and rule-based 

classifiers such as CBA are biased towards the majority class [77]. The conventional splitting 

measures such as information gain and Gini index are sensitive to the skewed class 

distribution [35,111]. Unbalanced data classification need skew-insensitive and asymmetric 

splitting measure [35]. Recently many authors proposed new splitting measures for the 

unbalanced data classification [31,35,39,77]. The conventional splitting measures are 

optimized for the unbalanced data and based on that, modified decision tree models are 

proposed. Some of cost-sensitive measures proposed are IDX [112], CS-ID3 [113], CSgain 

[114], CS-C4.5 [115]. Recently many authors proposed decision tree models based on new 

splitting measures such as AUC4.5 [39], AECID (Asymmetric entropy for classifying 

imbalanced data) [35], weighted Gini index WGI [31], and Cost-sensitive and Hybrid 
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attribute measure Multi-Decision Tree (CHMDT) [2]. We proposed a minority-sensitive 

index for the unbalanced data to alleviate the majority-biased problem. 

The cost-sensitive decision tree is a modification of the traditional decision tree algorithm 

to improve the predictive performance of the costly minority class [2]. We proposed cost-

sensitive decision tree algorithms called MiDT models that use new proposed splitting 

measures explained hereafter. 

5.2 The Mgini – Splitting Measure 

Despite the wide acceptance and use of the CART algorithm, it is not considered a suitable 

algorithm for unbalanced data classification [2,77]. The Gini index is symmetric and cost-

insensitive [31]. As per Li et al. [2], the attribute selection measure plays an important role 

in solving the biased problem. Thus the new splitting measure is still expected to improve 

unbalanced data classification. For the unbalanced data, we proposed a minority-sensitive 

measure called Mgini. The Mgini increase the possibility of minority-biased feature 

selection.  

Mgini is a cost-sensitive metric. It prioritizes the minority class when the minority class's 

misclassification cost is greater than the majority class's misclassification cost. For balanced 

misclassification costs, it works the same as the Gini index. 

Mginiv.1 = 1 - ∑ (𝑃𝑖 ÷  𝛿𝑗 ∗ 𝑃𝑖 ÷  𝛿𝑗)iϵc , j = 1 - i   (5.9) 

C represents the two classes of the dataset, Pi denotes the probability of the ith class. 𝛿𝑖 is 

the misclassification factor of ith class. The misclassification factor is derived from the 

misclassification costs. [Mc0, Mc1] is the misclassification cost vector for the binary class 

dataset. 

𝛿𝑖 = 𝑙𝑜𝑔(𝑀𝑐𝑗) , Mcj > 1, j= 1 - i     (5.10) 

If we consider equal misclassification costs for both the classes, just like in balanced data, 

the Mgini index behaves similarly to the Gini index. If the misclassification cost is not 

available, Mci for the ith class is derived from the class distribution weight Wci as shown in 

(5.11) and (5.12). 

Wci =|𝐶𝑗|/|𝐶𝑖| , j ≠ i, j=1- i     (5.11) 

Ci and Cj are the cost of ith and jth class respectively. 



MiDT – The Minority Sensitive Decision Tree 

85 
 

Mci = Wci * 10k       (5.12) 

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

Using the minority sensitive Gini index named Mgini v.1 as defined in (5.9), we construct a 

decision tree known as the MiDTv.1. With an extensive experimental study of Mgini, we 

proposed other splitting measures called Mgini v.1.2, Mgini v.2, and least split size (LSS). 

5.2.1 Mgini v.1.2 

To alleviate the biasing of the majority class, the proposed Mgini v.1.2 use class distribution-

based weights. Mathematic theory of Mgini v.1.2 is, 

£ = 𝐶𝑚𝑎𝑗 ÷ 𝐶𝑚𝑖𝑛 

𝑃𝑚𝑖𝑛 = 𝑃𝑚𝑖𝑛 

𝑃𝑚𝑎𝑗 = 𝑃𝑚𝑎𝑗 ÷  £ 

𝑃𝑚𝑎𝑗 =  𝑃𝑚𝑎𝑗 ∗  𝑃𝑚𝑎𝑗 

  Mgini v.1.2 = 1 - ∑ Piiϵc , where c={min, maj}    (5.13) 

Here, Pmin is minority class probability, and Pmaj is majority class probability. 

5.2.2 Mgini v.2 

To alleviate the majority-biased behavior, the proposed Mgini v.2 uses the misclassification 

factor to scale down the impact of the majority class probability product. The 

misclassification factor is derived using (5.10). The mathematical equation of Mgini v.2 is 

as given in (5.14).  

 Mgini v.2 = 1 - ∑ (𝑃𝑖 ∗ 𝑃𝑖) ÷  𝛿𝑖𝑐
𝑖=1      (5.14) 

5.2.3 Least Split Size 

The least split size (LSS) does not consider the class distribution-based weighting or 

misclassification factor. It selects splitting criteria that produce subsamples of the least size. 

This theory aims to check whether the minority class dominates if it produces small nodes. 

In the large size of the node, the majority class’s dominance is apparent. 

LSS =  ∑ (1 –  ProbSum)  ∗  | DSi | / |D|𝑐
𝑖=1    (5.15) 
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Here, ProbSum = δmin/ δmaj, DSi is the size of the ith split, D is the size of the dataset and 

δ min 𝑎𝑛𝑑 δmaj are the misclassification factors of minority and majority class respectively. 

The ProbSum is close to 0 when the imbalance ratio is too large.  

5.3 Comparison of Proposed Splitting Measures with Gini Index 

To compare the traditional Gini index with proposed cost-sensitive splitting measures, we 

calculate the splitting measures for different data subsets having different minority and 

majority class probabilities. As shown in Table 5.1, we consider nineteen different cases of 

minority-majority probability combination, and for each scenario, we compute the Gini 

index, Mgini v.1, Mgini v.1.2, and Mgini v.2. The LSS is based on the least split size only, 

so it is not considered for this comparison. 

For the calculation of our proposed splitting measures, we used a misclassification factor 𝛿 

derived from (5.10) for the breast cancer dataset.  The derived misclassification factors for 

the minority and majority classes are 0.71 and 1.27. Fig. 5.4 to Fig. 5.7 compare the proposed 

splitting measures and the Gini index.   

TABLE 5.1 Calculation Sheet for Splitting Measures 

Sr. no. Pmin Pmaj Gini Mginiv.1 Mginiv.1.2 Abs(Mginiv.1) Mginiv.2 

1 0.05 0.95 0.095 -0.7424 0.3904 0.7424 0.2858 

2 0.06 0.94 0.1128 -0.7067 0.3921 0.7067 0.2992 

3 0.07 0.93 0.1302 -0.6714 0.3937 0.6714 0.3121 

4 0.08 0.92 0.1472 -0.6366 0.3952 0.6366 0.3246 

5 0.09 0.91 0.1638 -0.6024 0.3965 0.6024 0.3367 

6 0.1 0.9 0.18 -0.5687 0.3977 0.5687 0.3483 

7 0.2 0.8 0.32 -0.2593 0.4031 0.2593 0.4405 

8 0.3 0.7 0.42 -0.0010 0.3961 0.0010 0.4891 

9 0.4 0.6 0.48 0.2063 0.3768 0.2063 0.4943 

10 0.5 0.5 0.5 0.3627 0.345 0.3627 0.4559 

11 0.6 0.4 0.48 0.4681 0.3008 0.4681 0.3740 

12 0.7 0.3 0.42 0.5225 0.2442 0.5225 0.2485 

13 0.8 0.2 0.32 0.5260 0.1752 0.5260 0.0796 

14 0.9 0.1 0.18 0.4785 0.0938 0.4785 0.1328 

15 0.91 0.09 0.1638 0.4709 0.0849 0.4709 0.1565 

16 0.92 0.08 0.1472 0.4628 0.0760 0.4628 0.1805 

17 0.93 0.07 0.1302 0.4543 0.0669 0.4543 0.2051 

18 0.94 0.06 0.1128 0.4452 0.0577 0.4452 0.2300 

19 0.95 0.05 0.095 0.4356 0.0484 0.4356 0.2554 

  



MiDT – The Minority Sensitive Decision Tree 

87 
 

 

FIGURE 5.4 Comparison of Gini and Mgini v.1 

The decision tree algorithm selects the attribute as the splitting criteria that gives the lowest 

Gini value. As shown in Fig. 5.4, the Gini index shows symmetric behavior. It gives the 

highest value when the data node has the highest impurity - i.e., node with an equal number 

of minority and majority class instances. It gives the lowest value when the data node is pure 

- i.e., a node with the dominance of either the majority or minority class. In unbalanced data, 

there is a higher chance of getting data nodes with majority class dominance. In Fig. 5.4, we 

observe the negative value of Mgini v.1 when the probability of the majority class is more 

and the positive value when the probability of the minority class is greater or equal to 0.4. 

The absolute value of Mgini v.1 gives the highest value when the majority class probability 

is high and the low value when the minority class probability is high.  

 

 

FIGURE 5.5 Comparison of Gini and Absolute Mgini v.1 

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19

Gini 0.1 0.1 0.1 0.1 0.2 0.2 0.3 0.4 0.5 0.5 0.5 0.4 0.3 0.2 0.2 0.1 0.1 0.1 0.1

Mgini1 -1 -1 -1 -1 -1 -1 -0 -0 0.2 0.4 0.5 0.5 0.5 0.5 0.5 0.5 0.5 0.4 0.4

-1

-0.8

-0.6

-0.4

-0.2

0

0.2

0.4

0.6

V
a
lu

e 
o
f 

G
in

i 
a
n

d
 M

g
in

i 
v
.1

Probability Distribution of Minority and Majority Class

Gini Vs. Mgini V.1

Gini Mgini1

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19

Gini 0.1 0.1 0.1 0.1 0.2 0.2 0.3 0.4 0.5 0.5 0.5 0.4 0.3 0.2 0.2 0.1 0.1 0.1 0.1

Abs(Mgini1) 0.7 0.7 0.7 0.6 0.6 0.6 0.3 0 0.2 0.4 0.5 0.5 0.5 0.5 0.5 0.5 0.5 0.4 0.4

0
0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8

V
a
lu

e 
o
f 

G
in

i 
a
n

d
 A

b
s(

M
g

in
i 

v
.1

)

Probability Distribution of Minority and Majority Class

Gini Vs. Abs(Mgini V.1)

Gini Abs(Mgini1)



MiDT – The Minority Sensitive Decision Tree 

88 
 

The graph shown in Fig. 5.5 suggests that the absolute value of Mgini v.1 has sharply 

declined after the 6th point. The middle part of the graph shows behavior that is the opposite 

of the Gini index. Absolute Mgini v.1 is the minimum for case no. 8. We observe that after 

the 6th point, the absolute Mgini v.1 value remains low as compared to the value before the 

6th point. This means if a split node with a minority probability of between 0.2 and 0.9 is 

possible, then it will get higher priority as opposed to the traditional Gini, where majority 

dominance gets higher priority.  

 

 

FIGURE 5.6 Comparison of Gini and Mgini v.1.2 

In Fig. 5.6, the Mgini v.1.2 and Gini index are compared. As shown in the figure, Mgini 

v.1.2 penalizes the majority class’s dominance by giving high value. It shows low value 

when minority class dominance is greater in split subsets. The Mgini does not have 

symmetric behavior as it favors minority dominance. 

 

FIGURE 5.7 Comparison of Gini and Mgini v.2 
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In the comparison chart shown in Fig. 5.7, we observe a higher Mgini v.2 when the 

probability of the majority class is greater than the minority class in the data node. As the 

probability of the minority class increases, the Mgini v.2 value decreases. This proves that 

Mgini v.2 favors the split node with more minority class representation. This means it gives 

more weightage to the splitting criteria that produce such subsets. In Fig. 5.7, from point 11 

onwards (minority class dominant region), we have a low Mgini value compared to the 

Mgini value for points 1 to 10 in the graph (the majority class dominant region). In contrast 

to this, the Gini gives symmetric behavior for the dominance of either class. 

Finding:  

From the study of this graphical analysis, we found that compared to the original Gini index, 

the Mgini v.2 prefers subsets with more minority samples. Compared to Mgini v.1, Mgini 

v.2 prefers the subsets with even more minority class representation. Other observations 

about Mgini are: 

• The Mgini works well when it is possible to have splitting criteria that produce 

data subsets with minority dominance.  

• If there are splitting criteria that can produce subsets with minority dominance, 

then Mgini can explore them. It gives more priority to minority dominance. On 

the other hand, the original Gini prioritizes data subsets with majority class 

dominance. 

• The proposed Mgini measure is asymmetric, whereas the Gini index is a 

symmetric measure.   

• The proposed Mgini measures are cost-sensitive, while the traditional Gini is 

skew-sensitive. 

5.3.1 Behaviour Analysis of Proposed Mgini and Gini index. 

The behavior of splitting measures is examined to detect changes in splitting measures due 

to variations in the majority and minority class distributions. As shown in Fig. 5.6, Mgini 

v.1.2 follows the same behavior pattern as of majority class probability. It is high when 

majority class probability is high and low when majority class probability is low. So, it is 

not included in the behavior comparison. To observe the behavior of the splitting measures, 

we set up different scenarios of probability distributions and calculated the values of Gini, 
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Mgini v.1, and Mgini v.2. Table 5.2 shows the probability distribution for a total of 37 

different scenarios. We considered the minority probability (Pmin) range from 0.01 to 1.0 (1-

minority probability, for the majority class probability Pmaj) and calculated the splitting 

measures. For the calculation of Mgini, we considered the misclassification factor derived 

from the mammography dataset, which has 260 minority instances and 10923 majority 

instances. This behavior study is conducted to observe the difference between traditional 

Gini and Mgini. 

TABLE 5.2 Calculation of Gini, Mgini v.1, and Mgini v.2 

Sr. No. Original Gini calculation Mgini V.1 Mgini V.2 

Pmin Pmaj Pmin
2 Pmaj

2 Score Gini 

1 0.01 0.99 0.0001 0.9801 0.9802 0.0198 6.159248 0.728984 

2 0.02 0.98 0.0004 0.9604 0.9608 0.0392 6.01537 0.733615 

3 0.03 0.97 0.0009 0.9409 0.9418 0.0582 5.872969 0.73765 

4 0.04 0.96 0.0016 0.9216 0.9232 0.0768 
5.732043 0.74109 

5 0.05 0.95 0.0025 0.9025 0.905 0.095 5.592594 0.743934 

6 0.06 0.94 0.0036 0.8836 0.8872 0.1128 5.454621 0.746182 

7 0.07 0.93 0.0049 0.8649 0.8698 0.1302 5.318124 0.747834 

8 0.08 0.92 0.0064 0.8464 0.8528 0.1472 5.183103 0.748891 

9 0.09 0.91 0.0081 0.8281 0.8362 0.1638 5.049559 0.749351 

10 0.1 0.9 0.01 0.81 0.82 0.18 4.917491 0.749216 

11 0.11 0.89 0.0121 0.7921 0.8042 0.1958 4.786899 0.748485 

12 0.12 0.88 0.0144 0.7744 0.7888 0.2112 4.657783 0.747158 

13 0.13 0.87 0.0169 0.7569 0.7738 0.2262 4.530143 0.745236 

14 0.14 0.86 0.0196 0.7396 0.7592 0.2408 4.403979 0.742718 

15 0.15 0.85 0.0225 0.7225 0.745 0.255 4.279292 0.739604 

16 0.16 0.84 0.0256 0.7056 0.7312 0.2688 4.156081 0.735894 

17 0.17 0.83 0.0289 0.6889 0.7178 0.2822 4.034346 0.731588 

18 0.18 0.82 0.0324 0.6724 0.7048 0.2952 3.914087 0.726687 

19 0.19 0.81 0.0361 0.6561 0.6922 0.3078 3.795304 0.721189 

20 0.2 0.8 0.04 0.64 0.68 0.32 3.677998 0.715096 

21 0.3 0.7 0.09 0.49 0.58 0.42 2.586123 0.621398 

22 0.4 0.6 0.16 0.36 0.52 0.48 1.641866 0.46812 

23 0.5 0.5 0.25 0.25 0.5 0.5 0.845228 0.255264 
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24 0.6 0.4 0.36 0.16 0.52 0.48 0.196208 0.017172 

25 0.7 0.3 0.49 0.09 0.58 0.42 0.305194 0.349186 

26 0.8 0.2 0.64 0.04 0.68 0.32 0.658977 0.740779 

27 0.9 0.1 0.81 0.01 0.82 0.18 0.865143 1.191952 

28 0.91 0.09 0.8281 0.0081 0.8362 0.1638 0.87764 1.240346 

29 0.92 0.08 0.8464 0.0064 0.8528 0.1472 0.888662 1.289336 

30 0.93 0.07 0.8649 0.0049 0.8698 0.1302 0.898207 1.338921 

31 0.94 0.06 0.8836 0.0036 0.8872 0.1128 0.906276 1.389103 

32 0.95 0.05 0.9025 0.0025 0.905 0.095 0.912868 1.43988 

33 0.96 0.04 0.9216 0.0016 0.9232 0.0768 0.917985 1.491253 

34 0.97 0.03 0.9409 0.0009 0.9418 0.0582 0.921626 1.543222 

35 0.98 0.02 0.9604 0.0004 0.9608 0.0392 0.92379 1.595786 

36 0.99 0.01 0.9801 0.0001 0.9802 0.0198 0.924478 1.648947 

37 1 0 1 0 1 0 0.92369 1.702703 

   

From the observations given in Table 5.2, we plot graphical charts of Gini, Mgini v.1, and 

Mgini v.2. Fig. 5.8 shows a graphic chart indicating the behavior of the Gini index for the 

variation of majority class probability (Pmaj) and minority class probability (Pmin). The figure 

shows the known symmetric behavior of the Gini index with a maximum Gini value when 

the data node has an equal class distribution. There is no difference in the behavior of Gini 

for either class dominance. In contrast to this, Fig. 5.9 shows the asymmetric behavior of 

Mgini v.1. 

 

 

FIGURE 5.8 Behavior of Gini Index on Variation of Class Probability 
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As shown in Fig.5.9, the Mgini v.1 penalizes the majority class dominance. As shown in 

Table 5.2, the initial minority probability is very small. Thus, in Fig. 5.9, initially, the Mgini 

value is greater than 6 when Pmaj is higher.  However, when minority probability increases, 

the Mgini value decreases. For case no. 24, the Mgini v.1 is lowest when the minority 

probability is higher than the majority class probability. The Mgini v.1 remains low on the 

right side of the graph (when Pmin outnumbers the Pmaj) compared to the left side of the graph.  

    

 

FIGURE 5.9 Mgini v.1 Behavior on Variation of Class Probability 

Gini shows symmetric behavior no matter which class representation is better in data subsets. 

However, as shown in Fig. 5.10, the Mgini v.2 is higher when the probability of the majority 

class is more than the probability of the minority class. The Mgini v.2 shows a somewhat 

reverse pattern of the Gini index, and it shows a minimum value as soon as minority 

probability outweighs the majority probability.  

From the behavior comparison of Mgini with the traditional Gini index, we discover that for 

the variations of minority and majority class probability, our proposed splitting measures 

favor minority dominance. In the decision tree, the splitting criteria generate two data 

subsets. The splitting attribute is selected if it gives the lowest impurity on both the split 

nodes. So, it is important to analyze the overall behavior of the proposed splitting measures 

as combined measures for both the resultant data subsets. To analyze this, we discuss two 

synthetic examples and calculate the splitting measures to highlight the difference between 

the Gini index and the proposed Mgini measures. 
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FIGURE 5.10 Mgini v.2 Behavior on Variation of Class Probability 

Example – 1: 

The dataset has 3 minority and 7 majority class instances. The misclassification factor D0 is 

0.632 for the minority class, and D1 is 1.367 for the majority class, calculated using (5.10). 

Table 5.3 shows the Gini, Mgini v.1, and Mgini v.2 calculations for the various splitting 

criteria based on designation, income, and age values. We got the lowest Gini and Mgini v.1 

values for age=young and the lowest Mgini v.2 value for income=Good (or medium). From 

the example, the following observations are derived: 

• Based on the Gini, we have two subsets: the first subset has seven majority instances 

and one minority class instance. The second subset has zero majority and two 

minority class instances. One minority instance in the first subset will be 

misclassified as per the majority rule. 

• We have two subsets based on the Mgini2: the first subset has two majority and three 

minority class instances, and the second subset has five majority and zero minority 

class instances. As per the majority rule, two majority class instances in the first 

subset are misclassified, but all three minority instances are correctly classified. 

• The Mgini v.1 gives the same splitting criteria as traditional Gini for this data 

distribution. However, this behavior might vary for other data distributions. 

• The Mgini splitting measure usually favors splitting criteria that produce data subsets 

with minority class dominance.  
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TABLE 5.3 Calculation for Example-1 

Split 

Attribute 
Split value 

Data Split 

Size 

Majority 

Instance 

Minority 

Instance 
Gini value 

Mgini v.2 

value 

Mgini1 v.1 

value 

Desig. Student 4 3 1    

Desig. Professor 6 4 2 0.416 0.4955 -0.2798 

Income Medium 5 2 3    

Income Good 5 5 0 0.24 0.29121 -0.5481 

Age Young 8 7 1    

Age other 2 0 2 0.175 0.4489 -0.6468 

 

Example-2: 

In example-2, we consider another scenario with a higher imbalance ratio and calculate the 

Gini, Mgini v.1, and Mgini v.2. Table 5.4 shows the dataset information and the calculation 

of splitting measures. The datasets have three attributes called occupation, income, and age. 

The dataset has 100 instances, of which 6 instances are minority class instances, and 94 are 

majority class instances. The table also shows the calculation of required parameters such as 

Wc0, Wc1, i-value, Mc0, and Mc1 for the calculation of misclassification factors as per 

(5.10). The table gives the calculation of splitting measures for all possible attribute-value 

pairs as splitting criteria. 

TABLE 5.4 Calculations for Example-2 

Total Instances Minority (0) Majority (1) Wc0 Wc1 i-value Mc0 Mc1 D0 D1 

100 6 94 15.66 0.0638 2 1566.66 6.382 0.805 3.194 

Calculation of Splitting Measures 

Splitting 

Attribute 

Split 

value 

Data 

Subset 

Size Majority Minority Pmaj Pmin 

Pmaj* 

Pmaj 

Pmin* 

Pmin Gini Mgini2 Mgini1 

Occupation Student 97 94 3 0.969 0.0309 0.9391 0.00095      

Occupation Manager 3 0 3 0 1 0 1 0.058 0.691 -0.408 

Income Medium 94 92 2 0.978 0.0212 0.9579 0.0004       

Income Good 6 2 4 0.333 0.666 0.111 0.444 0.065 0.682 -0.402 

Age Youth 80 79 1 0.987 0.0125 0.975 0.0001       

Age Other 20 15 5 0.75 0.25 0.5625 0.0625 0.094 0.704 -0.378 

  

From Table 5.4, we observe the lowest Gini value for the “occupation = student”. If we use 

the Gini index or Mgini v.1, then it creates two subsets of equal size. The first subset has 94 

majority instances and 3 minority instances. The second subset has 3 minority instances 

only.  
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Using Mgini v.2 as a splitting measure, it selects “income = Medium” as the splitting criteria 

and creates two subsets. The first subset is comparatively large and contains 94 instances 

(92 majority class instances and 2 minority class instances). The second subset consists of 6 

instances, with 4 minority and 2 majority instances. This demonstrates the ability of the 

Mgini to explore minority-dominated subsets if possible, even at the expense of majority 

class misclassification. For medical datasets such as mammography, minority class 

prediction is important even at the expense of majority class misclassification. 

The comparison of proposed splitting measures with the Gini index, behavior analysis, and 

calculation of examples show how the proposed Mgini versions are different from the 

traditional Gini index. The proposed Mgini measures are minority class sensitive and can 

give minority-dominated subsets. 

5.4 The MiDT Models 

The CART algorithm is widely used for balanced data [36,77]. It uses the Gini index as a 

splitting measure [1]. Due to the Gini index, the CART algorithm is biased towards the 

majority class [77]. The Gini index is skew sensitive [111]. It prioritizes the splitting criteria 

that are biased to the majority class [35]. The Gini index assumes equal class distribution, 

and thus it constructs a biased decision tree. We proposed a modified decision tree algorithm 

based on the minority-sensitive Gini index (Mgini) discussed in the previous section to 

handle class unbalances.  

Mgini is a cost-sensitive asymmetric splitting measure. It is useful when the 

misclassification cost of the minority class is higher than the majority class. Based on the 

proposed four splitting measures, we proposed four minority sensitive decision tree 

algorithms named MiDTv.1, MiDTv.1.2, MiDTv.2, and LSSDT for unbalanced data 

classification.  

5.4.1 MiDTv.1  

The first minority sensitive decision tree model, MiDTv.1, is shown in Fig. 5.11. It uses a 

proposed measure called Mgini v.1 to select splitting attributes. Mgini v.1 is defined in (5.9). 
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FIGURE 5.11 The MiDTv.1 Model 

The figure shows that the data is first preprocessed before creating training and testing splits. 

To identify the splitting feature, the Mgini v.1 is used. The splitting feature with the lowest 

Mgini value is selected to split the data and create new subsets. If the termination condition 

is not reached, the process gets repeated for each subset, and nodes are recursively divided 

based on Mgini v.1. The algorithm for MiDTv.1 is given below. 

Algorithm for MiDTv.1 Model: 

Algorithm: MiDTv.1 

Input: Dataset (D), - -CW is class weight vector (This is optional). 

Output: MGTree 

Begin 

 D = CleanData(D) 

 CD = vector contains class distribution in terms of the number of instances. 

 If CW is not empty 

  RCWi = CWj / CWi,  j<>i, j=1-i --RCW is relative class weight.  

 Else  

  RCWi = CDj / CDi,  j<>i, j=1-i --If inverse IR is used as weight 

 For each RCW
i 
from RCW 

 Begin
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  Mc
i
=RCW

i
 * 10

k   
--MC is misclassification cost vector 

  𝛿𝑗 = log(Mci) , Mc
i
 > 1, j= 1-i 

 End 

  For each features-value 

 Begin 

  DS= dataset splits for given feature-value 

  If Mgini > ComputeMginiV.1(D, DS, 𝛿)  

  Begin 

   Mgini = ComputeMginiV.1(D, DS, 𝛿) 

   FV = Splitting Criteria  --FV is splitting criteria 

  End 

 End 

 STree = SplitData(D, FV) --STree is sub-trees due to splitting criteria 

 MGTree.append(STree) 

 For each DS in STree  --Ds is data subset correspond to subtree 

 Begin 

         If reached to stopping criteria 

         Begin  

   Continue:  

          Else 

         Begin 

          MiDTv.1(DS) 

         End 

 End 

 Return  MGTree   --Return built MGTree 

End 

 

Algorithm: ComputeMginiV.1 

Input: Dataset (D), DS, δ 

- -PV vector contains class size in terms of the number of instances in given subsamples. 

Output: Mgini  

Begin 

 For each subset DSk from DS 
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  PV = class distribution in given subset  

  For each ith class 

   Pi = | PVi | / | DSk |   --get probability of ith class. 

   ProbSum = ProbSum + (Pi/ δj) * (Pi/ δj), j=1-i   

end  

  Mgini = Mgini + (1 – ProbSum) * | DSk | / |D| 

 end 

 Return Mgini  

End  

5.4.2 MiDTv.1.2 

The Mgini v.1.2 based model of minority sensitive decision tree named MiDTv.1.2 is given 

in Fig. 5.12. 

 

FIGURE 5.12 The MiDTv.1.2 Model 

The MiDTv.1.2 scales down the impact of the majority class using class weights. It considers 

the misclassification cost of the minority class to scale down the impact of the majority class.   
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5.4.3 MiDTv.2 

 

FIGURE 5.13 The MiDTv.2 Model 

MiDTv.2 uses the misclassification factor to alleviate the majority-biased behavior of the 

decision tree algorithm. The detailed algorithm of the MiDTv.2 is given below. It uses Mgini 

v.2 as the splitting measure. 

Algorithm for MiDTv.2 Model: 

Algorithm: MiDTv.2 

Input: Dataset (D), - -CW is class weight vector (This is optional). 

Output: MGTree 

Begin 

 D = CleanData(D) 

 CD = vector contains class distribution in terms of the number of instances. 

 If CW is not empty 

  RCWi = CWj / CWi,  j<>i, j=1-i --RCW is relative class weight.  

 Else  

  RCWi = CDj / CDi,  j<>i, j=1-i --If inverse IR is used as weight 

 For each RCW
i 
from RCW 

 begin
 
 

  Mc
i
 =RCW

i
 * 10

k   
--MC is misclassification cost vector 
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  𝛿𝑗 = log(Mci) , Mc
i
 > 1, j= 1-i 

 end 

  

 For each features-value 

 begin 

  DS= dataset splits for given feature-value 

  If Mgini > ComputeMginiV.2(D, DS, 𝛿)  

  begin 

   Mgini = ComputeMginiV.2(D, DS, 𝛿) 

   FV = Splitting Criteria  --FV is splitting criteria 

  end 

 end 

 STree = SplitData(D, FV) --STree is sub-trees due to splitting criteria 

 MGTree.append(STree) 

 For each DS in STree  --Ds is data subset correspond to subtree 

 begin 

         If reached to stopping criteria 

         begin  

   Continue:  

          else 

         begin 

          MiDTv.2(DS) 

         end 

 end 

 Return  MGTree   --Return built MGTree 

End 

 

Algorithm: ComputeMginiV.2 

Input: Dataset (D), DS, δ 

- -PV vector contains class size in terms of number of instances in given subsamples. 

Output: Mgini  

Begin 

 For each subset DSk from DS 
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  PV = class distribution in given subset  

  For each ith class 

   Pi = | PVi | / | DSk |   --get probability of ith class. 

   ProbSum = ProbSum + ((Pi*Pi)/ δi)   

end  

  Mgini = Mgini + (1 – ProbSum) * | DSk | / |D| 

 end 

 Return Mgini  

End 

5.4.4 LSSDT 

The least split size decision tree (LSSDT) algorithm gives priority to the splitting attribute 

that produces data subsets of the smallest size. Instead of using misclassification cost, it 

assumes that if data nodes are of small size, then there is a possibility to have comparatively 

more minority class representation.  

Algorithm for MiDTv.2 Model: 

Algorithm: LSSDT 

Input: Dataset (D, - -CW is class weight vector (This is optional). 

Output: LSSDTree 

Begin 

 D = CleanData(D) 

 CD = vector contains class distribution in terms of the number of instances. 

 If CW is not empty 

  RCWi = CWj / CWi,  j<>i, j=1-i --RCW is relative class weight.  

 Else  

  RCWi = CDj / CDi,  j<>i, j=1-i If inverse IR is used as weight 

 For each RCW
i 
from RCW 

 begin
 
 

  Mc
i
=RCW

i
 * 10

k   
--MC is misclassification cost vector 

  𝛿𝑗 = log(Mci) , Mc
i
 > 1, j= 1-i 

 end 
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 For each features-value 

 begin 

  DS= dataset splits for given feature-value 

  If LSS > ComputeLSS(D, DS, 𝛿)  

  begin 

   LSS = ComputeLSS(D, DS, 𝛿) 

   FV = Splitting Criteria  --FV is splitting criteria 

  end 

 end 

 STree = SplitData(D, FV) --STree is sub-trees due to splitting criteria 

 LSSDTree.append(STree) 

 For each DS in STree  --Ds is data subset correspond to subtree 

 begin 

         If reached to stopping criteria 

         begin  

   Continue:  

          else 

         begin 

          LSSDT(DS) 

         end 

 end 

 Return  LSSDTree   --Return built MGTree 

End 

 

Algorithm: ComputeLSS 

Input: Dataset (D), DS, δ 

- -PV vector contains class size in terms of number of instances in given subsamples. 

Output: LSS  

Begin 

 For each subset DSk from DS 

  ProbSum = ProbSum + (δmin/ δmaj)   

LSS = (1 – ProbSum) * | DSk | / |D| 

 end 



MiDT – The Minority Sensitive Decision Tree 

103 
 

 Return LSS  

End 

  

The value of ProbSum approaches zero if the imbalance ratio is too high. The large 

imbalance ratio indicates that minority class instances are rare, and thus large subsets do not 

have noticeable minority representation. The LSSDT model is shown in Fig. 5.14. 

 

FIGURE 5.14 The LSSDT Model 

5.5 Experimental Study and Result Discussion  

We perform a comprehensive empirical study of our proposed algorithms and compare the 

results with conventional and state-of-the-art machine learning algorithms. We used a 

variety of datasets to demonstrate the generalizability of our proposed models. First, we test 

the proposed models on medical datasets and then conduct a detailed experimental study of 

MiDTv.1 on COVID-19 prediction. Finally, for a thorough evaluation, the proposed models 

are compared with traditional algorithms for 17 real-world datasets varying in size and 

imbalance ratio. Experimenting on datasets with varying imbalance ratios helps to validate 

the robustness of our proposed algorithms. 

Table 5.5 shows the information of datasets taken from the UCI machine learning repository 

[100], KEEL repository [101]. With the main focus on the medical datasets, we also include 

the shuttle dataset because of its large imbalance ratio.  
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TABLE 5.5 Dataset Information  

Sr. 

No. Name #Att #Class #Inst 

IR ratio 

(#Maj/ #Min) 

[11] 

Description 

1 

Wisconsin 

Biopsy Breast 

Cancer 

10 2 699 1.89 

Class Distribution:- Benign: 457, 

Malignant:241 

Samples are from clinical cases 

periodically reported by Dr. Wolberg. He 

assessed biopsies of breast tumors for 699 

patients and built this dataset.  

2 Mammography 7 2 11183 42.011 

An unbalanced dataset with 10,923 

majority class instances and 260 minority 

class instances. It has a large imbalance 

ratio. 

3 
HIV-1 protease 

data 
9 2 1625 3.34 

Class distribution:- cleaved:375, non-

cleaved:1250 

It contains lists of octamers (8 amino acids) 

and a flag/class (-1 or 1) depending on 

whether HIV-1 protease will cleave in the 

central position (between amino acids 4 

and 5). 

4 Shuttle 10 2 3316 66.67 

This is an unbalanced version of the Statlog 

(Shuttle) data set with a large unbalanced 

ratio. There are 49 minority instances and 

3267 majority class instances.  

The original dataset from the UCI machine 

learning repository is a multi-class 

dataset. The smallest five classes, i.e., 2, 3, 

5, 6, 7, are combined to form the minority 

class, while class 1 forms the majority 

class. Data for class 4 is discarded, and a 

modified dataset is also available in Keel 

and Kaggle repository. 

  

5.5.1 Implementation Detail 

The implementation detail of the proposed algorithms is as under, 

 Implementation environment 

• Python 3.7 

• Spyder 

• Windows 10 operating system with 4GB RAM. 
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 Model Training and Testing Technique 

• We have used k-fold cross-validation for training and testing. We evaluated 

our model in terms of accuracy, recall, g-mean, and misclassification cost. 

The total misclassification cost (TMC) is calculated using (5.16).  

TMC = MCmin * (100 – MinoirityAcc) + MCmaj * (100 – MajorityAcc)  (5.16) 

 

The MCmin is the misclassification cost of the minority class, and MCmaj is the 

misclassification cost of the majority class.  

 

Implementation Steps 

Step 1) Preprocess the dataset to handle the missing values and noise, if any.  

Step 2) The class distribution ratio is derived from the dataset distribution. 

Step 3) Misclassification factors and distribution weights for both the classes are 

calculated as per (5.10) and (5.11) given in the mathematical explanation. 

Step 4) The splitting measures are calculated from the misclassification factor and 

class weights as per the previous section's mathematical explanation. 

Step 5) The feature-value pair with the least splitting measure value is selected as a 

splitting criterion, and the dataset is split according to it. 

Step 6) The process mentioned in steps 4 and 5 is repeated for all dataset subsets 

until it reaches the termination condition.  

Step 7) Evaluate results using accuracy, recall, g-mean, and total misclassification 

cost. 

Primarily, we experiment with cancer datasets and compare the results of each proposed 

model with the CART, J48, and SVM. Then we performed experimental studies with HIV, 

shuttle, and COVID-19 datasets. The results of the best two proposed models are compared 

with the conventional algorithms for the 17 real-life datasets. 

5.5.2 Result Discussion-1: Experiment with Medical Datasets 

There is a huge difference in misclassification costs for the minority and majority classes in 

the medical dataset. This makes accurate prediction of the minority class most important. 
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We started our experiment with breast cancer and mammography datasets. To calculate the 

total misclassification cost for cancer datasets, we define the misclassification cost matrix as 

shown in Table. 5.6. The cost difference for misclassification is chosen to reflect the actual 

cost difference between loss of life and the cost of the extra medical report. 

TABLE 5.6 Misclassification Cost Matrix 

Misclassification Cost True Majority Class True Minority Class 

Predicted Majority Class 0 95 (MCmin) 

Predicted Minority Class 5 (MCmaj) 0 

 

Results Analysis of MiDTv.1: 

Table 5.7 shows the comparisons of MiDTv.1 with conventional decision tree algorithms 

and SVM. 

TABLE 5.7 MiDTv.1 Results Comparison for Cancer Datasets 

Dataset Algorithm Accuracy 
Minority Acc. 

(Recall) 
Majority Acc. G-mean 

Total 

Misclassification 

Cost 

Wisconsin 

Biopsy Breast 

Cancer 

J48 94.84 92.9 95.9 0.943 695 

MiDTv.1 94.26 94.6 94.3 0.944 541.5 

CART 94.24 94.1 94.3 0.941 589 

SVM 96.85 0.963 0.972 0.967 365.5 

Mammography 

J48 98.56 0.546 0.996 0.737 4314.925 

MiDTv.1 98.4 0.51 0.991 0.71 4663.25 

CART 98.4 0.48 0.996 0.691 4942 

SVM 97.9 0.12 1 0.350 8331.5 

 

The MiDTv.1 shows the best performance for the minority class prediction for the breast 

cancer dataset. The MiDTv.1 shows improved results as compared to the Gini index-based 

CART algorithm. The total misclassification cost for MiDTv.1 is the least as compared to 

the traditional decision tree algorithms. However, it is more than the SVM. 

MiDTv.1 shows the 2nd best result for the minority class for the mammography dataset. The 

proposed MiDTv.1 shows improved results compared to the original CART algorithm, 
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which proves that the MiDTv.1 is an improved version of the CART algorithm. However, 

the total misclassification cost in J48 is the least among the SVM, MiDTv.1, and CART. 

The performance of SVM was unstable in respect to the two datasets we used. It gives the 

least misclassification cost for the breast cancer dataset and the worst for the mammography 

dataset. This is because of class overlapping. As discussed in chapter 4, in the breast cancer 

dataset, the class overlapping is less than the overlapping in the mammography dataset.  

Results Analysis of MiDTv.1.2: 

Table 5.8 compares the results of MiDTv.1.2 with the SVM and conventional decision tree 

algorithms J48 and CART. 

TABLE 5.8 MiDTv.1.2 Results Comparison for Cancer Datasets 

Dataset Algorithm Accuracy 
Minority Acc. 

(Recall) 

Majority 

Acc. 
G-mean 

Total 

Misclassification 

Cost 

Wisconsin 

Biopsy Breast 

Cancer 

J48 94.84 92.9 95.9 0.943 695 

MiDTv.1.2 94.253 0.954 0.936 0.944 469 

CART 94.24 94.1 94.3 0.941 589 

SVM 96.85 0.963 0.972 0.96749 365.5 

Mammography 

J48 98.56 0.546 0.996 0.737 4314.925 

MiDTv.1.2 98.3 0.376 0.968 0.612 5929 

CART 98.4 0.48 0.996 0.691 4942 

SVM 97.9 0.123 1 0.350714 8331.5 

 

The MiDTv.1.2 shows the best performance for the minority class prediction for the breast 

cancer dataset. It show the best results compared to the CART and J48 algorithms in terms 

of reducing misclassification costs. The total misclassification cost for MiDTv.1.2 is the 

least among the J48 and CART algorithms. However, SVM shows the best reduction among 

all compared methods 

The MiDTv.1.2 does not give optimal minority class prediction for the mammography 

dataset compared to the traditional tree-based algorithms. The total misclassification cost in 

J48 is the least among all algorithms. 

Results Analysis of MiDTv.2 

Table 5.9 shows the comparisons of MiDTv.2 with J48, CART, and SVM. 
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TABLE 5.9 MiDTv.2 Results Comparison for Cancer Datasets 

Dataset Algorithm Accuracy 
Minority Acc. 

(Recall) 

Majority 

Acc. 
G-mean 

Total 

Misclassification 

Cost 

Wisconsin 

Biopsy Breast 

Cancer 

J48 94.84 92.9 95.9 0.943 695 

MiDTv.2 92.68 0.967 0.908 0.937 359 

CART 94.24 94.1 94.3 0.941 589 

SVM 96.85 0.963 0.972 0.96749 365.5 

Mammography 

J48 98.56 0.546 0.996 0.737 4314.92 

MiDTv.2 98 0.56 0.990 0.744 4185 

CART 98.4 0.48 0.996 0.691 4942 

SVM 97.9 0.123 1 0.350714 8331.5 

 

The MiDTv.2 gives the best performance for the minority class prediction for the breast 

cancer dataset. The proposed MiDTv.2 algorithm shows the least misclassification cost than 

the SVM, CART, and J48 algorithms.  

The MiDTv.2 shows the best result for the minority class prediction for the mammography 

dataset. It improves results compared to the original CART, J48, and SVM. The total 

misclassification cost in the MiDTv.2 is the least among the compared methods. 

The proposed MiDTv.2 outperforms the SVM in reducing the total misclassification cost for 

both cancer datasets. 

Results Analysis of LSSDT: 

Table 5.10 shows the comparisons of LSSDT with J48, CART, and SVM. 

TABLE 5.10 LSSDT Results Comparison for Cancer Datasets 

Dataset Algorithm Accuracy MinorityAcc. MajorityAcc. G-mean 

Total 

Misclassification 

Cost 

Wisconsin 

Biopsy Breast 

Cancer 

J48 94.84 0.929 0.959 0.943 695 

LSSDT 65.57 0 1 0 9500 

CART 94.245 0.941 0.943 0.941 589 

SVM 96.85 0.963 0.972 0.967 365.5 

Mammography 

J48 98.5 0.546 0.996 0.737 4314.92 

LSSDT 97.6 0 1 0 9500 

CART 98.4 0.48 0.996 0.691 4942 

SVM 97.9 0.123 1 0.350714 8331.5 

 

For the breast cancer dataset, the LSSDT - new LSS based decision tree shows poor 

performance for the minority class. The proposed LSSDT algorithm shows poor cost 

reduction compared to the CART and J48 algorithms. However, it shows the best result for 
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the majority class. The total misclassification cost for the LSSDT is the highest among the 

J48 and CART algorithms. This model could be considered optimal if the majority class's 

misclassification cost is higher than that of the minority class. 

LSSDT shows the 3rd best result for the minority class for the mammography dataset. 

However, it shows the best result for the majority class. The total misclassification cost in 

J48 is the least among the LSSDT, SVM, and CART. 

Table 5.11 compares the results of our proposed models to those of conventional algorithms 

for the HIV and shuttle datasets. The shuttle dataset has the highest imbalance ratio among 

the datasets we used for the experiment. The MiDTv.2 performs better on the HIV dataset, 

with equal predictive accuracy for the majority and minority classes. Even for the dataset 

with a large imbalance ratio, our proposed models perform optimally. 

As per the cost analysis, the MiDTv.1 and MiDTv.1.2 show the best results for the shuttle 

dataset. For the HIV dataset, the MiDTv.2 shows the 2nd best result. The SVM algorithm 

shows poor results for the shuttle dataset, but it shows the best result for the HIV dataset. 

Investigation of the results reveals that our proposed models show optimal performance for 

the datasets with different data characteristics.  

TABLE 5.11 Results Comparison for HIV and Shuttle Datasets 

Dataset Algorithm Accuracy MinorityAcc. MajorityAcc. G-mean 

Total 

Misclassification 

Cost 

HIV 

J48 0.908 0.779 0.948 0.859 295.75 

CART 0.895 0.744 0.94 0.836 342.5 

SVM 0.942 0.893 0.957 0.924 149.87 

MiDTv.1 0.895 0.744 0.936 0.834 344 

MiDTv.1.2 0.897 0.757 0.939 0.843 326.625 

MiDTv.2 0.857 0.858 0.857 0.857 231.125 

LSSDT 0.694 0 1.0 0 1250 

Shuttle 

J48 1 1 1 1 0 

CART 1 1 1 1 0 

SVM 0.996 0.755 1 0.869 800.41 

MiDTv.1 1 1 1 1 0 

MiDTv.1.2 1 1 1 1 0 

MiDTv.2 0.985 0 1 0 3267 

LSSDT 0.988 0.938 0.988 0.962 203.142 
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We observe biased accuracy measures for the majority class from this result analysis. Even 

if the traditional algorithm shows poor results for the minority class, they show good overall 

accuracy. 

Comparison of Proposed Algorithms 

Table 5.12 shows the comparisons of our proposed algorithms. We considered the 

classification results for breast cancer, mammography, HIV, and shuttle datasets for the 

result comparison. The table also displays the number of minority instances correctly 

predicted and the algorithm rankings based on recall value. Results suggest that out of our 

four proposed algorithms, the MiDTv.2 gives the best results in minority class prediction 

and reduction of total misclassification cost. The LSSDT shows the best performance in the 

majority class prediction. 

TABLE 5.12 Results Comparison of Proposed Algorithms 

Dataset Algorithm Accuracy MinAcc MajAcc G-mean 
#True 

min. 

Rank as 

per 

MinAcc 

Breast Cancer 

MiDTv.1 94.265 0.946 0.943 0.944 228 3 

MiDTv.1.2 94.253 0.954 0.936 0.944 230 2 

Mgini V.2  92.68 0.967 0.908 0.937 233 1 

LSSDT 65.57 0 1 0 0 4 

        

Mammography 

MiDTv.1 98.4 0.51 0.991 0.710 134 2 

MiDTv.1.2 98.3 0.376 0.998 0.612 98 3 

Mgini V.2  98 0.56 0.99 0.744 147 1 

LSSDT 97.6 0 1 0 0 4 

        

HIV 

MiDTv.1 89.538 0.744 0.936 0.834 279 3 

MiDTv.1.2 89.723 0.757 0.939 0.843 284 2 

Mgini V.2  85.78 0.858 0.857 0.857 322 1 

LSSDT 69.44 0 1 0 0 4 

        

Shuttle 

MiDTv.1 100 1 1 1 49 1 

MiDTv.1.2 100 1 1 1 49 1 

MiDTv.2 98.522 0 1 0 0 3 

LSSDT 98.79 0.938 0.988 0.962 46 2 

 

Ranking of Proposed Models on Minority Class Prediction Rate (Compared to J48, 

CART, and SVM algorithms) 

We compare the results of each proposed algorithm with J48, CART, and SVM. For each 

dataset, Table 5.13 shows the proposed algorithms' ranking compared to traditional 
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classifiers. The low rank suggests the best performance. The MiDTv.2 gets the best average 

rank of 1.75 when compared with the CART, J48, and SVM. The MiDTv.1 gets the second 

rank. 

TABLE 5.13 Performance Ranking of Proposed Algorithms 

Datasets MiDTv.1 MiDTv.1.2 MiDTv.2 LSSDT 

Breast Cancer 2 2 1 4 

Mammography 2 3 1 4 

HIV 3 3 2 4 

Shuttle 1 1 3 2 

Avg. Rank 2 2.25 1.75 3.25 

 

Tables 5.12 and 5.13 show that the MiDTv.2 is the best of our proposed models and one of 

the best algorithms compared to traditional classifiers. It has an overall rank of 1.75, with 

the first rank for breast cancer and mammography and the second rank for the HIV dataset. 

5.5.3 Empirical Study of MiDT for Covid-19 Detection   

The recent outbreak of COVID-19 highlights the importance of unbalanced data learning. 

COVID-19 is a coronavirus-related respiratory illness. The coronavirus disease strain 

SARS-CoV-2 is an acronym for Severe Acute Respiratory Syndrome [116]. According to 

the World Health Organization (WHO) report [116], the COVID-19 virus has spread in more 

than 200 countries. In 2020, the WHO declared the COVID-19 outbreak a pandemic. 

Even in developed countries, the COVID-19 exposes the scarcity of medical facilities. 

Despite having the best medical facilities globally, the United States is one of the worst-

affected countries by the COVID-19 virus. They struggled due to a lack of medical 

equipment, which was inadequate in the face of the rapid spread of the coronavirus.  

As a result of COVID-19, Moody's predicted that India would experience zero percent 

growth in 2020-21 [117]. COVID-19's adversary harms the world's gross domestic product 

(GDP). According to the United Nations [118], the global GDP has been reduced by one 

percent. According to David Muchlinski et al. [8], one of the primary causes of civil war is 

decreased GDP. Due to all these negative aspects of COVID-19, it is critical to keep it under 

control. To control the spread of COVID-19, it is necessary to diagnose it well in advance 
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and with high predictive performance. Because of this, an effective machine learning-based 

medical diagnosis algorithm is in demand in the pandemic. 

The early detection of COVID-19 reduces the risk of life loss and virus spread. COVID-19 

spreads quickly with an exponential growth rate. As a result, increased testing and accurate 

early detection are critical to mitigating the corona outbreak. When a country lacks medical 

support systems and medical personnel, a machine learning algorithm could be very useful 

for medical diagnosis [3,65,119]. The COVID-19 outbreak emphasizes the importance of 

accurate machine learning tools in the medical domain. 

Many types of research are being conducted to predict positive COVID-19 cases accurately. 

However, the medical data is generally skewed. It contains more patients diagnosed with a 

negative result than those diagnosed with a positive result. Even in the case of COVID-19, 

despite its rapid and widespread spread, the number of positive cases is less than the number 

of negative cases. Traditional machine learning algorithms perform poorly with such 

unbalanced data [11].     

Recently, many studies have been conducted to predict COVID-19. These studies are either 

image-driven or data-driven. Most image-driven studies are based on radiographic image 

processing, where they analyze the chest x-ray for COVID-19 detection [120–122]. Most 

image-driven studies used a neural network to diagnose COVID-19 from image datasets. 

Numerous data-driven studies on COVID-19 have been performed too [44,66,70,123]. The 

majority of these studies aim to predict the COVID-19 spread trend, the death rate, the 

recovery rate, and the future hospital and support staff requirements [123]. 

There is a significant difference in the misclassification costs of classes in the medical 

domain. Because COVID-19 has an exponential growth rate, classification as a false 

negative case result in enormous misclassification costs. Classification as a false positive too 

has high misclassification costs in a pandemic. However, it is much smaller than the earlier 

one. 

We experimented with a proposed minority sensitive decision tree (MiDT) algorithm for 

unbalanced data classification of COVID-19. The use of sampling techniques is avoided. 

Under-sampling eliminates the majority class’s instances, resulting in data loss and poor 

prediction accuracy [11]. Because of the high cost of misclassification associated with 

positive COVID-19 patients and the varying symptoms of COVID-19 cases, it is critical to 

ensure that no information is lost. Oversampling increases the number of minority samples, 
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increasing the risk of biasing the machine learning model towards minority samples [4]. 

There is a shortage of hospitals, doctors, and medical support staff during a pandemic. Thus, 

the false prediction of negative cases is also a big concern for the administration. Because 

of these drawbacks associated with the sampling technique, the machine learning model 

without sampling techniques is desirable for unbalanced data classification of COVID-19 

[4]. 

Dataset Information and Pre-processing of COVID-19 

In the majority of the cases, the symptoms of COVID-19 are similar to the other influenza 

viruses caused by respiratory viruses [66]. As a result, distinguishing COVID-19 from other 

flu-like viruses is difficult. We used a clinical dataset from Kaggle [124] for our proposed 

model. This dataset was gathered at the Israelita Albert Einstein Hospital in So Paulo, Brazil. 

This hospital, which opened in 1971, is regarded as one of the best in Latin America. The 

dataset contains information gathered during a hospital visit by patients seeking COVID-19 

tests such as SARS-CoV-2 RT-PCR and other laboratory tests. There are 123 attributes and 

5644 instances in the dataset. 90% of the instances in this dataset belong to the majority class 

(negative case), and 10% of the instances belong to the minority class (positive case). The 

patient identity and other confidential information are encoded. 

There are a lot of missing values in this dataset. Only 607 samples out of 5644 contain some 

meaningful clinical information, while the remaining samples contain no significant clinical 

data. The distribution of data is extremely sparse. Out of the total of 5644 instances for most 

of the samples, only the patient's id, age, gender, and whether the patient was admitted to a 

regular ward or ICU is available. However, this data doesn’t have a meaningful contribution 

to the diagnosis of positive cases. As a result, samples that had no clinical significance are 

discarded. After this, 607 instances remain that have some meaningful information. 

Even in the remaining 607 instances, many features have a missing value. Missing values 

and noisy data are replaced with the attribute mean. Primarily, we only need clinical data to 

build effective machine learning models. As a result, we removed the patient's ID and their 

admission to the normal ward or ICU. Urine-related attributes contain no meaningful clinical 

information, and nearly 99 percent of the tuples have a missing value. As a result, we 

eliminated all urine-related features from the dataset. Other attributes that have more than 

60% missing values are also eliminated. Finally, we chose 30 features for our experimental 

study. We use class-specific mean values to deal with the missing values and noise. This 

ensures that clinical data retains its class-specific properties. 
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Finally, the dataset has 30 attributes and 607 instances after data preprocessing. It contains 

519 negative and 88 positive cases. We ensure that all minority cases with valid clinical data 

remain in the final dataset. 

Result Discussion and Analysis of Covid-19 Diagnosis 

We used 10-fold cross-validation for training and testing. Performance is evaluated using 

accuracy, ROC, recall, and misclassification cost. Table 5.14 displays the results of J48, 

CART, MiDT, and SVM for the COVID-19 dataset. Results indicate that the value of the 

majority biased accuracy parameter is best in the CART algorithm. However, MiDT gives 

the best ROC value. For unbalanced data, ROC is a good performance evaluation parameter 

[4,11]. The correct prediction of positive cases is critical for the COVID-19 dataset, and the 

MiDTv.1 gives the most optimal performance in it. The MiDTv.1 gives 67.04% minority 

accuracy, which is the best among the compared machine learning algorithms. 

TABLE 5.14 Result Comparison for COVID-19 Prediction 

Parameters J48 MiDTv.1 CART SVM 

Accuracy 90.77 93.255 93.751 85.5 

ROC 0.797 0.82 0.81 0.5 

Minority Accuracy 62.5 67.04 63.63 0 

Majority Accuracy 96.56 98.07 99.03 100 

Total Misclassification Cost 3579 3140 3460 9995 

Rank 3 1 2 4 

 

The MiDTv.1 algorithm has the least misclassification cost compared to the other traditional 

classification algorithms. The MiDTv.1 gets the best rank due to the most optimal minority 

class prediction rate and the least misclassification cost. The SVM has an accuracy of 85.5%. 

However, it completely misclassifies the minority class, making it a costlier algorithm. 

Missing values cover the major portion of the COVID-19 dataset, and there is noise too. The 

results of MiDT can be improved further with a more clinically rich and noise-free COVID-

19 dataset. We further experimented with MiDTv.1 and MiDTv.2 on real-world datasets to 

learn more about the top two performing MiDT models and to demonstrate their 

generalizability. 
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5.5.4 Empirical Study of MiDTv.1 and MiDTv.2 with Real-life Datasets  

The MiDTv.1 and MiDTv.2 are proven top-performing algorithms among the four proposed 

models. We tested these two models with unbalanced datasets of varying data characteristics 

to do more experimental analysis. This section compares MiDTv.1 and MiDTv.2 algorithms 

with conventional algorithms for 17 real-life unbalanced datasets. The details of the datasets 

are given in Table 5.15. 

TABLE 5.15 Real-life Datasets Information [100–102] 

Sr. No. Dataset #Minority Instance #Majority Instances 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 (CMC) 333 1140 3.42 

14 Wisconsin Breast Cancer 241 458 1.90 

15 HIV 375 1250 3.33 

16 Shuttle 49 3267 66.67 

17 Mammography 260 10923 42.01 

  

We used the CART, SVM, and J48 algorithms for performance comparison. Fig. 5.15 to Fig 

5.19 shows the graph for performance comparison using accuracy, precision, g-mean, AUC, 

and recall. Detailed results are given in Appendix-B. 
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FIGURE 5.15 Performance Comparison Based on Accuracy 

As shown in Fig. 5.15, the proposed MiDT models do not compromise accuracy in achieving 

a high minority class prediction rate. 

Figure 5.16 gives a performance comparison in terms of precision value. Accuracy and 

precision are considered majority-biased evaluation parameters.  

 

 

FIGURE 5.16 Performance Comparison Based on Precision 

Figure 5.17 shows a G-mean comparison. The G-mean is a comparatively balanced measure 

compared to the accuracy and precision. The MiDTv.1 and MiDTv.2 show the most optimal 

g-mean value for 9 datasets. Our proposed MiDT models outperformed the original CART 

algorithm for most of the datasets.  
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FIGURE 5.17 Performance Comparison Based on G-mean 

Figure 5.18 shows a comparison based on the AUC value. The proposed model provides a 

competitive AUC value for almost all of the datasets tested. 

 

 

FIGURE 5.18 Performance Comparison Based on AUC 

The recall is calculated by considering the minority class as a positive class. Fig. 5.19 shows 

the graph of the recall comparison. In unbalanced data, the minority class is usually more 

important to predict and has higher misclassification costs. As a result, recall is an important 

evaluation measure when considering the minority class as positive. Improved recall lowers 

the overall cost of misclassification. 
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FIGURE 5.19 Performance Comparison Based on Recall (Minority Prediction Rate) 

Table 5.16 shows the ranking of the algorithms based on recall value. Rank 1 indicates the 

most optimal performance, and rank 5 indicates the worst performance. The MiDTv.2 has 

an average rank of 2.18, which is the best among the algorithms used in the experiment. The 

MiDTv.1 proved to be the 2nd best algorithm with a rank of 2.62. 

TABLE 5.16 Ranking Based on Performance for the Minority Class Prediction 

Dataset MiDTv.1 MiDTv.2 CART J48 SVM 

Banknote 3 4 5 2 1 

Car 4 2 2 1 5 

Diabetes 2 1 3 4 5 

Ecoli 1 1 1 4 5 

ILPD 3 1 4 2 5 

Nursery 2 1 2 5 4 

Wine-quality white 1 3 3 2 5 

Yeast 2 4 1 3 5 

Mammographic Mass 5 2 4 2 1 

tic-tac-toe 2 4 5 3 1 

Credit approval 4 2 5 2 1 

Contraceptive Method Choice 2 1 3 3 5 

Wisconsin Breast Cancer 3 1 4 5 2 

HIV 4 2 4 3 1 
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Shuttle 1 5 1 1 4 

Mammography 3 1 4 2 5 

Average 2.62 2.18 3.18 2.75 3.43 

 

The CART algorithm that uses the original Gini index has the fourth rank, and information 

gain based J48 has the 3rd rank with 2.75. The SVM comes last, with an average rank of 

3.43. 

Table 5.17 shows details about how many times the algorithms come in 1st or 2nd position in 

recall value comparison for all 17 datasets. According to the table, the MiDTv.1 achieves 

the best results for the three datasets and gives the second-best performance for the six 

datasets. The MiDTv.2 proved the most optimal algorithm by showing the most optimal 

performance for seven datasets and the second-best performance for four datasets. The SVM 

gets the first position for five datasets and the second position for one dataset. The J48 comes 

in second for six datasets and comes first for only one dataset. The CART appears three 

times in first place and twice in second place. The MiDT models show the most optimal 

results. 

TABLE 5.17 Result Analysis on Basis of Minority class Prediction Rate 

Algorithm #Time At No.1 #Time At No.2 

MiDTv.1 3 6 

MiDTv.2 7 4 

CART 3 2 

J48 1 6 

SVM 5 1 

 

5.6 Findings 

In a pandemic, the importance of a machine learning algorithm for effective medical 

diagnosis from unbalanced medical data is recognized. The performance of traditional 

decision tree algorithms suffers due to the unbalanced class distribution. The decision tree's 

existing splitting measures are biased towards the majority class, causing the decision tree 

to prefer the majority class. We proposed a cost-sensitive decision tree model (MiDT) that 

uses minority-sensitive splitting measures to deal with the class imbalance. Empirical results 
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show that the proposed methods give optimal results for medical datasets, including the 

COVID-19 dataset. 

When there is a significant difference in misclassification costs between minority and 

majority classes, the machine learning algorithms should reduce misclassification costs 

rather than improving the accuracy. Because the majority class prediction rate dominates the 

overall accuracy measure, it cannot provide a true performance evaluation of unbalanced 

data classification. In such a scenario, the total misclassification cost should be considered 

for true performance evaluation. 

Compared to traditional decision tree classifiers such as CART and J48, our proposed MiDT 

algorithm reduces misclassification costs by more than 10%. The SVM misclassified all 

minority class instances in Covid-19's unbalanced data classification. On the other hand, the 

MiDT yields an unbiased result compared to the SVM's performance. The MiDT's 

misclassification cost is less than half of the SVM, demonstrating the MiDT's importance 

for unbalanced data. Compared to the CART algorithm, the MiDT algorithm nearly doubles 

the minority class prediction rate for the mammography dataset. MiDT improves unbalanced 

data classification and lowers the misclassification costs without the data-level sampling. 

The MiDT models are also tested on other real-world unbalanced datasets, and in most cases, 

they outperform their predecessor - the CART algorithm. Compared to traditional tree-based 

classifiers and SVM, MiDTv.2 and MiDTv.1 rank first and second, respectively. 

The performance of proposed algorithms can be improved further using a hybrid approach. 

As a hybrid approach, our proposed algorithms can be combined with sampling techniques 

to improve the performance of unbalanced data learning. 
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CHAPTER-6 

Ensemble and Hybrid Techniques for Unbalanced 

Data Classification 

6.1 Introduction  

Hybrid and ensemble techniques have better predictive performance in medical machine 

learning [36]. As per Krawczyk et al. [3], hybrid methods can combine the advantages of 

algorithmic methods and data-level methods. Merging data level techniques with ensemble 

methods such as random forest can give a robust and efficient model [3]. Hybridization of 

random forest with cost-sensitive or data sampling methods proves highly competitive [3].  

Considering the significant performance improvement, we proposed classification models 

based on hybrid and ensemble approaches using our proposed cost-sensitive algorithms for 

unbalanced data classification. As an ensemble approach, we proposed a modified cost-

sensitive random forest algorithm called RFMgini. For the construction of decision trees, the 

RFmgini1 and RFMgini2 use cost-sensitive Mginiv.1 and Mginiv.2 as splitting measures, 

respectively. 

In the hybrid approach, we combine our proposed cost-sensitive models, discussed in chapter 

5, with the data over-sampling technique. We also performed hybridization of RFMgini 

algorithms with data over-sampling, and it gives competitive results. 

6.2 Ensemble Model - RFMgini 

A random forest algorithm is an ensemble of decision tree classifiers that minimizes the 

variance [1]. Random forest uses the bagging technique to create subsets of the dataset to 

train the base learners [125]. Bagging is the bootstrap aggregation that generates different 

versions of original datasets using random sampling with replacement. Bagging is 

computationally more efficient than boosting because of its capability to train the models in 

parallel [126].  
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FIGURE 6.1 Random Forest Model 

The random forest algorithm samples data and features both. It uses M datasets for M 

models. Each bootstrap dataset has different features selected from the original feature set. 

As shown in Fig. 6.1, random forests combine multiple decision trees. The final prediction 

is based on the majority vote or average predictions from different trees.  

We proposed a modified random forest classifier called RFMgini. Instead of traditional 

decision trees, the RFMgini uses our proposed minority-sensitive Gini index-based 

minority-sensitive decision trees. Figure 6.2 shows the RFMgini model. The figure shows 

that the RFMgini creates n-bootstrapped datasets for n-MiDT classifiers. It uses the majority 

rule technique to combine the results of all classifiers. 

 

FIGURE 6.2 RFMgini Model 
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We proposed two models: RFMgini1 and RFMgini2. The RFMgini1 (RFMgini 1.0) uses 

Mgini v.1, and the RFMgini2 (RFMgini 2.0) uses Mgini v.2 as a splitting measure. The 

algorithms for RFMgini are given below. The RFMgini uses a modified version of our 

proposed MiDT algorithm. There are two phases of model building in RFMgini: Training 

and classification. In the training phase, MiDT classifiers are trained. In the classification 

phase, predictions from different MiDT trees are combined to give the final prediction. The 

algorithms for each phase are mentioned here: 

Algorithm for RFMgini 

Training Phase: 

Input:  

D - dataset 

K – number of trees for random forest 

Max_depth of tree 

Min_size for the tree 

Output: 

Model M - The Mgini based random forest (ensemble) classifier  

Begin 

 For i=1 to K do 

   Create bootstrap dataset Di using sampling with the replacement on the dataset. 

 Done 

 For i=1 to K do 

  N_f = sqrt(number of original features in the dataset) 

  #Create feature subset fi from feature set F, where fi < F 

  While length (fi) < N_f do 

   T_f = random selection from (F) 

   fi.append (T_f) 

  Done 

 Done 

For i=1 to K do 

    Treei = MiDT(Di, fi, max_depth, min_size)  #build Mgini Tree using MiDT algorithm 

    M.append(Treei) 

Done 

End 
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##MiDT algorithm modified for random forest algorithm RFMgini ## 

Algorithm: MiDT 

Input:  

  Dataset (D) 

  Feature subset (f) 

  Max_depth of tree 

  Min_size for the tree 

Output: MGTree 

Begin 

 D = CleanData(D) 

            CD = vector contains class distribution in terms of the number of instances. 

 RCWi = CDj / CDi,  j<>i, j=1-i  --Inverse IR is used as weight 

 For each RCWi from RCW 

 begin  

Mci=RWCi * 10k   --MC is misclassification cost vector 

  𝛿𝑗 = log(Mci) , Mc
i
 > 1, j= 1-i 

 end 

 

For each feature fi from feature subset f 

 begin 

  DS= dataset splits for given feature fi 

  If Mgini > ComputeMgini(D, DS, 𝛿)  

  begin 

Mgini = ComputeMgini(D, DS, 𝛿) 

FV = Splitting Criteria --FV is splitting criteria 

  end 

 end 

STree = SplitData(D, FV) --STree is sub-trees due to splitting criteria 

 MGTree.append(STree) 

For each DS in STree  --Ds is data subset corresponds to the subtree 

begin 

          If reached to stopping criteria of Max_depth or Min_size 
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          begin  

Continue:  

           else 

          begin 

          MGTree(DS, f-fi, Max_depth, Min_size) 

          end 

 end 

 Return  MGTree   --Return built MGTree 

End 

 

Algorithm: ComputeMgini 

Input: Dataset (D), DS, 𝛿 

- -PV vector contains class size in terms of number of instances in given subsamples. 

Output: Mgini  

Begin 

 For each subset DSk from DS 

     PV = class distribution in given subset --PV is class distribution vector in 

subset. 

      For each ith class 

Pi = | PVi | / | DSk |  --get proba. of ith class. 

ProbSum = ProbSum + (Pi/ 𝛿𝑗) * (Pi/ 𝛿𝑗), j=1-i 

        end  

       Mgini = Mgini + (1 – ProbSum) * | DSk | / |D| 

end 

Return Mgini  

End 

 

Classification Phase 

Input: 

 RFMgini Model M, Instance X 

Output: 

 Label for X. 

Begin 

 X = Test Tuple to predict its class 
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 Label Y(X) = Max_Rule(Yi, where Yi = M.Treei(X)) 

 Return Y 

End 

6.2.1 Result discussion 

Table 6.1 shows results of RFMgini1, and Table 6.2 shows results of RFMgini2 for 17 

datasets as mentioned in Table 5.15. Performance is evaluated using accuracy, minority class 

accuracy (recall), majority class accuracy (MajAcc), g-mean, AUC, precision, and 

misclassification cost.  

TABLE 6.1 RFMgini1 Performance 

  

TABLE 6.2 RFMgini2 Performance 

Dataset #min #maj Accu Tmin Tmaj Recall MajAcc Gmean AUC Precision Mis. Cost 

Banknote 610 762 0.96 605 713 0.991 0.935 0.963 0.963 0.925 0.759 

Car 65 1663 0.985 45 1658 0.692 0.996 0.83 0.844 0.9 7.911 

Diabetes 268 500 0.721 179 375 0.667 0.75 0.707 0.708 0.588 1.021 

Dataset #min #maj Accu Tmin Tmaj Recall MajAcc Gmean AUC Precision Mis. Cost 

Banknote 610 762 0.985 605 747 0.991 0.980 0.986 0.986 0.975 0.025 

Car 65 1663 0.987 44 1662 0.676 0.999 0.822 0.838 0.977 8.265 

Diabetes 268 500 0.702 127 412 0.473 0.824 0.624 0.648 0.590 1.075 

Ecoli 20 316 0.973 12 315 0.6 0.996 0.773 0.798 0.923 6.320 

ILPD 167 416 0.686 42 358 0.251 0.860 0.465 0.556 0.42 1.920 

Nursery 330 12630 0.975 22 12624 0.066 0.999 0.258 0.533 0.785 35.72 

Wine quality 

Red 18 1581 0.988 0 1581 0 1 0 0.5 0 87.83 

Wine quality 

white 175 4723 0.967 20 4717 0.114 0.998 0.337 0.556 0.769 23.90 

Yeast 244 1240 0.881 103 1205 0.422 0.971 0.640 0.696 0.746 2.942 

Mammographic 

Mass 445 516 0.802 341 430 0.766 0.833 0.799 0.799 0.798 0.41 

tic-tac-toe 332 626 0.881 248 596 0.746 0.952 0.843 0.849 0.892 0.502 

Credit approval 307 383 0.830 235 338 0.765 0.882 0.821 0.823 0.839 0.386 

Contraceptive 

Method Choice 333 1140 0.767 70 1061 0.210 0.930 0.442 0.570 0.469 2.724 

Wisconsin 

Breast Cancer 241 458 0.954 224 443 0.929 0.967 0.948 0.948 0.937 0.151 

HIV 375 1250 0.888 259 1185 0.690 0.948 0.809 0.819 0.799 1.046 

Shuttle 49 3267 0.999 49 3265 1 0.999 0.999 0.999 0.960 9.18E-06 

Mammography 260 10923 0.986 139 10901 0.534 0.997 0.730 0.766 0.863 19.551 
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Ecoli 20 316 0.979 13 316 0.65 1 0.806 0.825 1 5.593 

ILPD 167 416 0.655 72 310 0.431 0.745 0.566 0.588 0.404 1.716 

Nursery 330 12630 0.976 21 12625 0.063 0.999 0.252 0.531 0.807 35.863 

Wine quality 

Red 18 1581 0.988 0 1580 0 0.999 0 0.499 0 87.844 

Wine quality 

white 175 4723 0.966 17 4717 0.097 0.998 0.311 0.547 0.739 24.403 

Yeast 244 1240 0.835 0 1240 0 1 0 0.5 0 5.278 

Mammographic 

Mass 445 516 0.864 353 422 0.793 0.817 0.805 0.805 0.789 0.945 

tic-tac-toe 332 626 0.826 252 540 0.759 0.862 0.809 0.81 0.745 0.911 

Credit approval 307 383 0.843 257 325 0.837 0.848 0.842 0.842 0.815 0.883 

Contraceptive 

Method Choice 333 1140 0.771 99 1038 0.297 0.91 0.52 0.603 0.492 2.671 

Wisconsin 

Breast Cancer 241 458 0.927 238 410 0.987 0.895 0.94 0.941 0.832 0.494 

HIV 375 1250 0.836 296 1064 0.789 0.851 0.819 0.82 0.614 0.957 

Shuttle 49 3267 0.997 43 3265 0.877 0.999 0.936 0.938 0.955 8.179 

Mammography 260 10923 0.984 116 10895 0.446 0.997 0.667 0.721 0.805 23.291 

RFMgini1 and RFMgini2 results are compared to the conventional random forest algorithm. 

Table 6.3 shows performance comparisons using accuracy, recall, and AUC for 17 datasets. 

TABLE 6.3 Performance Comparison of RFMgini1, RFMgini2, and Traditional Random Forest 

Dataset 

Sr. No. 

Accuracy Recall AUC 

RFMgini 

1.0 

RFMgini 

2.0 
RF 

RFMgini 

1.0 

RFMgini 

2.0 
RF 

RFMgini 

1.0 

RFMgini 

2.0 
RF 

1 0.985 0.960 0.969 0.991 0.991 0.973 0.986 0.963 0.969 

2 0.987 0.985 0.978 0.676 0.692 0.476 0.838 0.844 0.737 

3 0.702 0.721 0.716 0.473 0.667 0.559 0.648 0.708 0.679 

4 0.973 0.979 0.958 0.6 0.65 0.35 0.798 0.825 0.673 

5 0.686 0.655 0.641 0.251 0.431 0.197 0.556 0.588 0.508 

6 0.975 0.976 0.976 0.066 0.063 0.109 0.533 0.531 0.554 

7 0.988 0.988 0.988 0 0 0 0.5 0.499 0.499 

8 0.967 0.966 0.965 0.114 0.097 0.125 0.556 0.547 0.561 

9 0.881 0.835 0.878 0.422 0 0.450 0.696 0.5 0.706 

10 0.802 0.864 0.801 0.766 0.793 0.768 0.799 0.805 0.798 

11 0.881 0.826 0.862 0.746 0.759 0.719 0.849 0.810 0.828 

12 0.830 0.843 0.820 0.765 0.837 0.742 0.823 0.842 0.812 

13 0.767 0.771 0.782 0.210 0.297 0.291 0.570 0.603 0.608 

14 0.954 0.927 0.964 0.929 0.987 0.946 0.948 0.941 0.958 

15 0.888 0.836 0.931 0.690 0.789 0.746 0.819 0.820 0.866 

16 0.999 0.997 0.999 1 0.877 0.938 0.999 0.938 0.969 

17 0.986 0.984 0.988 0.534 0.446 0.565 0.766 0.721 0.781 
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Figure 6.3 shows an accuracy comparison of RFMgini1, RFMgini2, and the traditional 

random forest algorithm. Results suggest that the proposed algorithms show better accuracy 

than the traditional random forest.  

 

FIGURE 6.3 Accuracy Comparison of RFMgini 1.0, RFMgini 2.0, and RF 

Accuracy is a majority biased evaluation parameter. But still, our proposed algorithms show 

promising results in terms of accuracy, which indicates that the proposed algorithms can 

give overall improved performance. The difference in performance is visible in the AUC 

comparison given in Fig. 6.4. 

 

 

FIGURE 6.4 AUC Comparison of RFMgini 1.0, RFMgini 2.0, and RF 
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The figure shows that the RFMgini 1.0 outperforms other algorithms for banknote, tic-tac-

toe, and shuttle datasets. The RFMgini 2.0 outperforms other algorithms for the car, diabetes, 

Ecoli, ILPD, and credit approval datasets. RF has the best AUC value for the nursery, wine-

quality white, yeast, contraceptive, breast cancer, HIV, and mammography datasets. For 

wine-quality red, our proposed algorithms and RF show similar results. 

Figure 6.5 shows the recall comparison. The recall is calculated by considering the important 

minority class as the positive class. The figure shows a better minority class prediction rate 

from our proposed algorithms than the random forest. The RFMgini2 algorithm is the best 

in predicting the minority class, yielding the best results for 11 of 17 datasets. For the rest of 

the datasets where RFMgini2 fails to give optimal results, our proposed RFMgini1 gives 

competitive performance to the traditional random forest algorithm.  

 

 

FIGURE 6.5 Recall Comparison of RFMgini 1.0, RFMgini 2.0, and RF 

6.3 Comparison of RFMgini with MiDT Models. 

MiDT algorithms are cost-sensitive algorithms, as explained in Chapter 5. Figure 6.6 shows 

the comparison of the RFMgini and MiDT based on the predictive performance of the 

minority class. 
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FIGURE 6.6 Comparison of RFMgini 1.0, RFMgini 2.0 with MiDTv.1 and MiDTv.2 

Except for the banknote, diabetes, ILPD, and breast cancer datasets, the MiDT models 

outperformed the RFMgini models with a comparatively large difference. Because of the 

bagging technique, random forest-based models do not provide optimal performance for 

minority class prediction. Bagging creates data subsets through random sampling with 

replacement, which further reduces minority representation in the data subsets. If the number 

of trees increases, it needs more bootstrap subsets, which reduces minority representation in 

training data and causes the model to be unaware of minority class instances that fail to 

appear in any of the bootstraps. Because of unlearning, there is a higher chance of 

misclassification of minority instances.  

Figure 6.7 depicts an RFMgini execution log for a breast cancer dataset that uses an 

ensemble of 10 trees. There are 241 minority instances in the breast cancer dataset. However, 

we see fewer minority instances in each bootstrap because of the sampling with the 

replacement method. This reduction causes the model to remain unlearned for minority 

samples that do not appear in any bootstrap data.  
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FIGURE 6.7 Execution Log of RFMgini 2.0 with Number of Trees=10 

Figure 6.8 shows the execution log of RFMgini 2.0 with the number of trees equal to 3. As 

the number of trees is less, we need fewer bootstrapped subsets, and thus minority 

representation is better than the one shown in Fig. 6.7. However, it is still fewer than the 

original 241 instances. In Fig. 6.7, there are ten bootstrapped created with maximum 

minority instances equal to 193, while in Fig. 6.8, three bootstrapped are needed, resulting 

in maximum minority instances equal to 209. 

 

 

FIGURE 6.8 Execution Log of RFMgini 2.0 with Number of Trees=3 

The RFMgini models outperformed the traditional random forest algorithm in minority class 

prediction. Due to the sampling with replacement, the minority class instances did not get 
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enough representation in the training datasets. Because of this, the MiDT models show better 

results as compared to the RFMgini models. If the dataset is balanced, the minority class 

instances can have the same selection probability as the majority class instances in sampling 

with replacement. The following section discusses the hybridization of our proposed cost-

sensitive and ensemble algorithms with the data over-sampling technique. 

6.4 Hybridization of Cost-Sensitive and Ensemble Algorithms with Data 

Over-Sampling    

Researchers believe that classification performance can be improved by combining the 

sampling method with an algorithmic approach [35]. To propose a hybrid model, our 

proposed minority class sensitive models are combined with the oversampling technique to 

improve the performance of unbalanced data classification. We proposed cost-sensitive and 

cost-insensitive hybrid models. 

Krawczyk et al. [65] proposed a hybridization of under-sampling with a boosting technique. 

However, as per the study of Barot et al. [4], due to under-sampling, important information 

might be lost. If such a loss happens for important sub-concepts, then it increases the total 

misclassification cost of the model. Oversampling is a preprocessing technique that can work 

with any classifier [15]. We combine our proposed cost-sensitive algorithms with a data 

oversampling technique SMOTE. SMOTE is the pioneer and widely accepted algorithms 

for data oversampling. SMOTE generates minority samples by interpolating k minority 

samples. Considering the importance of the hybrid approach, many authors have proposed a 

hybrid approach by combining data sampling with algorithmic techniques [35].  

As discussed in Chapter 5, the proposed Mgini-based algorithms, MiDTv.1 and MiDTv.2 

outperform traditional unbalanced data classification algorithms. To improve the 

performance of proposed models, they are combined with the data sampling technique. 

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

with balanced data. 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. 

Two methods are evolved for experiments with the proposed hybrid approach. Initially, in 

the cost-insensitive hybrid method, we experiment by assigning the same weightage (cost) 

to the minority and majority classes. The weightage is derived after balancing the dataset. 

This experiment helps to prove that our proposed models give optimal and unbiased results 

for the balanced dataset as well. In a second cost-sensitive hybrid approach, weights (cost) 

are derived from the imbalance ratio of the original unbalanced dataset. 

The hybrid model is shown in Fig. 6.9. The MiDT and RFMgini models are cost-sensitive 

classification models discussed earlier. If the minority class is extremely important, then 

hybridization of oversampling and cost-sensitive learning gives more optimal performance.  

 

 

FIGURE 6.9 Hybrid Model of Unbalanced Data Classification 

6.4.1 Algorithms of Hybrid Approach 

The generalized algorithm for hybridization is given below. For the cost-sensitive hybrid 

models, original unbalanced cost and oversampled data are given as inputs to the cost-

sensitive algorithms. The balanced cost and oversampled data are given as inputs to the cost-

sensitive algorithms for the cost-insensitive hybrid model. The cost-sensitive algorithms 

give equal importance to both classes in the cost-insensitive hybrid model because of equal-

cost assignment. The proposed cost-sensitive algorithms MiDTv.1, MiDTv.1.2, MiDTv.2, 

RFMgini1, and RFMgini2 are used in the hybridization. 

Algorithm: Hybridization 
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Input: Dataset (D),  

Output: Built Model (Cost-sensitive M1 and Cost-insensitive M2) 

Begin 

 D = CleanData(D) 

 OCD = contains original class distribution (D) 

 OD = SMOTE(D, MinC) 

 BCD = contains class distribution from balanced data(OD) 

 M1 = Cost-sensitive Models(OD, OCD) 

 M2 = Cost-Insensitive Models(OD, BCD) 

End 

 

The cost-sensitive hybrid-MiDT algorithm that employs hybridization of cost-sensitive 

MiDTv.1 and over-sampling techniques is given below. 

 

Algorithm: Hybrid-MiDT 

Input: Dataset (D), - -CW is class weight vector (This is optional). 

Output: Built Model (M) 

Begin 

 D = CleanData(D) 

 CD = vector contains original class distribution. 

 OD = SMOTE(D, MinC) 

 If CW is not empty 

 RCWi = CWj / CWi,  j<>i, j=1-i  

--RCW is relative class weight calculated.  

 Else  

 RCWi = CDj / CDi,  j<>i, j=1-i 

--If inverse IR is used as weight 

 For each RCWi from RCW 

 begin  

   Mci=RCWi * 10k --MC is misclassification cost vector 

   δj = log(Mci ) , Mc
i
 > 1, j= 1-i 

 end 

 M = BuildMGtree(OD, δ)  

 -- δ is set of misclassification factor δi and δj 
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 Return M --Return built Model 

End 

 

Algorithm: BuildMGtree 

Input: DS, δ  

Output MGTree 

Begin 

 For each features-value 

 begin 

  DSS= dataset splits for ith feature-value pair(DS) 

If Mgini > ComputeMginiV.1(DS, DSS,δ)  

      begin 

  Mgini = ComputeMginiV.1(DS, DSS,δ) 

  FV = Feature-value   

--FV is splitting criteria 

  end 

 end 

STree = SplitData(DS, FV)  

 --STree is sub-trees due to splitting criteria 

MGTree.append(STree) 

For each DSS in STree  

begin 

  If reached to stopping criteria 

    begin  

  Continue:  

            else 

    begin 

     BuildMGtree(DSS, δ) 

            end 

end 

Return MGTree 

End 

 

Algorithm: ComputeMgini 



Ensemble and Hybrid Techniques for Unbalanced Data Classification 

136 
 

Input: Dataset (D), DS, δ 

--PV vector contains class size in terms of the number of instances in given subsamples. 

Output: Mgini  

Begin 

 For each subset DSk from DS 

  PV = class distribution in given subset 

--PV is a class distribution vector in the subset. 

  For each ith class 

 Pi = | PVi | / | DSk | --get probability of ith class. 

 ProbSum = ProbSum + (Pi/ δj) * (Pi/ δj), j=1-i   

  end  

  Mgini = Mgini + (1 – ProbSum) * | DSk | / |D| 

 end 

 Return Mgini  

End 

6.4.2 Result Discussion 

Using cost-sensitive and cost-insensitive hybridization approaches, we proposed hybrid 

MiDTv.1, hybrid MiDTv.1.2, hybrid MiDTv.2, hybrid RFMgini1, and hybrid RFMgini2 

models. With the main aim of improvement of the costly minority class prediction rate, other 

evaluation measures such as accuracy, AUC, and misclassification cost are also employed 

to provide a holistic performance evaluation.  

First, an experiment with the cost-insensitive approach is performed by assigning the same 

cost to the majority and minority classes. Thus, even if the algorithms used in hybridization 

are cost-sensitive, the overall approach becomes cost-insensitive as the algorithms don’t 

prioritize the costly minority class. This approach verifies the performance of our proposed 

algorithms on balanced datasets. Results suggest that all proposed models perform well in 

minority class prediction even if the dataset is balanced. Table 6.4 shows minority class 

accuracy given by proposed hybrid models. 

TABLE 6.4 Minority Class Accuracy of Cost-Insensitive Hybrid Models 

Dataset 

Hybrid 

MiDTv.1 

Hybrid 

MiDTv.2 

Hybrid 

MiDTv.1.2 

Hybrid 

RFMgini1 

Hybrid 

RFMgini2 

Banknote 0.984 0.984 0.982 0.985 0.985 
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Car 1 1 1 1 1 

Diabetes 0.735 0.733 0.721 0.731 0.777 

Ecoli 0.965 0.965 0.953 0.984 0.959 

ILPD 0.772 0.774 0.748 0.815 0.750 

Nursery 0.991 0.991 0.991 0.987 0.988 

Wine quality Red 0.977 0.974 0.971 0.980 0.967 

Wine quality white 0.940 0.940 0.940 0.934 0.918 

Yeast 0.848 0.850 0.846 0.809 0.812 

Mammographic Mass 0.784 0.802 0.782 0.802 0.802 

tic-tac-toe 0.841 0.842 0.830 0.858 0.834 

Credit approval 0.835 0.835 0.843 0.791 0.791 

Contraceptive Method 

Choice 
0.782 0.782 0.779 0.799 0.795 

Wisconsin Breast 

Cancer 
0.922 0.917 0.933 0.951 0.968 

HIV 0.866 0.866 0.861 0.849 0.861 

Shuttle 0.999 0.394 0.999 0.999 0.999 

Mammography 0.929 0.929 0.928 0.925 0.922 

 

Figure 6.10 shows the performance pattern of our proposed algorithms for 17 datasets. Our 

proposed algorithms show stable and good minority class predictions for the most balanced 

datasets. This indicates that our proposed cost-sensitive unbalanced data classification 

models perform well even if the dataset is balanced. 

In cost-sensitive hybrid models different misclassification costs for minority and majority 

classes are used. The misclassification cost is derived from the inverse imbalance ratio of 

the original unbalanced data. Table 6.5 shows the minority class prediction rate of cost-

sensitive hybrid models. 

Figure 6.11 shows the performance pattern of proposed cost-sensitive hybrid models. We 

observe that the hybrid MiDTv.2 and hybrid RFMgini2 show the most optimal results from 

the proposed models. 
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FIGURE 6.10 Minority Class Prediction Pattern for Cost-insensitive Hybrid Models 

 

TABLE 6.5 Minority Class Prediction Accuracy of Cost-Sensitive Hybrid Models 

Dataset 

Hybrid 

MiDTv.1 

Hybrid 

MiDTv.2 

Hybrid 

MiDTv.1.2 

Hybrid 

RFMgini1 

Hybrid 

RFMgini2 

Banknote 0.984 0.992 0.983 0.986 0.986 

Car 1.000 1.000 1.000 1.000 0.709 

Diabetes 0.736 0.839 0.720 0.765 0.855 

Ecoli 0.966 0.984 0.966 0.984 0.991 

ILPD 0.772 0.851 0.763 0.787 0.880 

Nursery 0.991 1.000 0.991 0.985 0.997 

Wine quality Red 0.977 0.386 0.977 0.982 0.388 

Wine quality white 0.941 0.967 0.941 0.926 0.974 

Yeast 0.849 0.996 0.850 0.821 0.589 

Mammographic Mass 0.785 0.795 0.783 0.806 0.828 

tic-tac-toe 0.841 0.870 0.835 0.667 0.867 

Credit approval 0.836 0.867 0.843 0.843 0.953 

Contraceptive Method 

Choice 
0.783 0.942 0.779 0.784 0.920 

Wisconsin Breast 

Cancer 
0.922 0.991 0.933 0.965 0.993 

HIV 0.867 0.962 0.861 0.852 0.959 

Shuttle 0.999 0.394 0.999 1.000 0.388 

Mammography 0.929 0.991 0.929 0.925 0.990 
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FIGURE 6.11 Minority Class Prediction Pattern of Cost-sensitive Hybrid Models 

 

Statistical Significance Test of Cost-Sensitive and Cost-Insensitive Hybrid Models 

The statistical significance claim asserts that a result from data generated by testing or 

experimentation is unlikely to occur randomly or by chance but is instead likely to be 

attributable to a specific cause. Results of cost-sensitive and cost-insensitive hybrid models 

were validated using the statistically significant test. The statistical significance test checks 

whether the minority accuracy of cost-sensitive and cost-insensitive hybrid models is just 

coincidence or real. For this statistical comparison, we used MiDTv.2 based hybrid model, 

which is most optimal from the proposed models. The statistical test compares the minority 

class prediction rate of cost-sensitive and cost-insensitive hybrid MiDTv.2.  

The significance of the performance test starts with the null hypothesis. The null hypothesis 

taken is, the cost-sensitive and cost-insensitive models are the same. If the statistical test 

rejects the null hypothesis, that means the models are different. Friedman test is used to 

compare two hybrid models on 17 datasets. The statistical summary is shown in Table 6.6. 
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TABLE 6.6 Friedman Statistical Significant Test Summary 

Variable 
Observatio

ns 

Obs. 

with 

missing 

data 

Obs. 

without 

missing 

data 

Min. Max. Mean 
Std. 

deviation 

Cost-Insensitive MiDTv.2 17 0 17 0.394 1.000 0.858 0.146 

Cost-sensitive MiDTv.2 17 0 17 0.386 1.000 0.872 0.193 

        

        

Friedman's test:        

        

Q (Observed value) 8.067       

Q (Critical value) 3.841       

DF 1       

p-value (one-tailed) 0.005       

alpha 0.050       

An approximation has been used to compute the p-value.    

        

Test interpretation:        

H0: The both models are same.     

Ha: The models are different.    

As the computed p-value is lower than the significance level alpha=0.05, one should reject the null 

hypothesis H0, and accept the alternative hypothesis Ha. 

 

The p-value (0.005) is lower than the significance level alpha (0.05). The statistical 

significant test rejects the null hypothesis and thus proves that the performance of the two 

models is different. Further, the mean value of the minority class prediction rate is higher in 

cost-sensitive hybrid models. This result indicates that the cost-sensitive hybrid models with 

unequal misclassification costs are more optimal than the cost-insensitive hybrid models. 

The optimal cost-sensitive hybrid models are compared with the traditional algorithm-based 

hybrid models in the next section of the result discussion.  

Result Comparison of Cost-Sensitive Hybrid Models with Traditional Algorithms Based 

Hybrid Models  

To comprehensively evaluate proposed cost-sensitive hybrid models, we used traditional 

classifier-based hybrid models for comparison. Figure 6.12 shows the minority class 

prediction patterns of proposed cost-sensitive hybrid models and traditional algorithms (J48, 

CART, SVM, and RF) based models. From the figure, we observe that even for balanced 

datasets, the MiDTv.2 based cost-sensitive hybrid models show the most optimal result. 
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FIGURE 6.12 Minority Class Prediction Pattern of Cost-sensitive Hybrid Models and Traditional 

Algorithms based Hybrid Models 

Table 6.7 shows the ranking of each of the compared algorithms. Based on the prediction 

performance of the costly minority class, each algorithm is assigned a performance rank. A 

low value indicates optimal performance, and a high value indicates less optimal 

performance. Our proposed cost-sensitive hybrid MiDTv.2 model shows the most optimal 

result for minority class prediction. The hybridMiDTv.2 gets the average rank of 3.23, which 

is best among the other compared models, followed by hybrid-J48 with 3.82 and 

hybridRFMgini2 with 3.97.  

A statistical significance test is done using the Friedman test to validate the results of cost-

sensitive hybrid models. The null hypothesis is that all models are the same. We reject or 

accept this null hypothesis based on the p-value obtained using the Friedman test. 

Misclassification cost is used as an evaluation parameter. 
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TABLE 6.7 Model Ranking Based on Performance for Minority Class Prediction 

Dataset 
Hybrid 

MiDTv.1 

Hybrid 

MiDTv.2 

Hybrid 

MiDTv.1.1 

Hybrid 

MiDTv.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 

Wine quality 

Red 
5 9 10 5 2 8 5 7 1 3 

Wine quality 

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 

   

Friedman's test:        

         

Q (Observed 

value) 64.803        

Q (Critical value) 16.919        

DF 9        

p-value (one-

tailed) <0.0001        

Alpha 0.050        

An approximation has been used to compute the p-value.    

         

Test interpretation:        

H0: The models are same.     

Ha: The models are different.    

As the computed p-value is lower than the significance level alpha=0.05, one should reject the 

null hypothesis H0, and accept the alternative hypothesis Ha. 
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Here, the p-value is less than 0.05, and thus the null hypothesis is rejected. The alternative 

hypothesis that all models are different is accepted.  

Table 6.8 shows the accuracy of hybrid models. As per the accuracy comparison, the hybrid 

J48 gives the most optimal result, followed by the hybrid MiDTv.1, hybrid RFMgini1, 

hybrid CART, hybrid MiDTv.2, hybrid RF, hybrid MiDTv.1.2, hybrid SVM, and hybrid 

RFMgini 2.0. 

TABLE 6.8 Result (Accuracy) of Hybrid Models  

Dataset 

Hybrid 

MiDT 

v.1 

Hybrid 

MiDT 

v.2 

Hybrid 

MiDT 

v.1.2 

Hybrid 

RFMgini 

1.0 

Hybrid 

RFMgini 

2.0 

Hybrid 

CART 

 

Hybrid 

J48 

 

Hybrid 

SVM 

 

Hybrid 

RF 

 

Banknote 0.980 0.980 0.980 0.975 0.975 0.980 0.991 0.980 0.975 

Car 0.998 0.998 0.998 0.995 0.991 0.998 0.996 0.972 0.991 

Diabetes 0.726 0.733 0.737 0.726 0.752 0.728 0.751 0.750 0.724 

Ecoli 0.973 0.970 0.967 0.978 0.954 0.973 0.987 0.984 0.973 

ILPD 0.718 0.717 0.696 0.738 0.695 0.718 0.675 0.685 0.699 

Nursery 0.987 0.987 0.988 0.979 0.977 0.987 0.995 0.990 0.979 

Wine quality 

Red 0.951 0.950 0.949 0.955 0.952 0.951 0.963 0.896 0.955 

Wine quality 

white 0.845 0.845 0.845 0.853 0.851 0.845 0.921 0.738 0.008 

Yeast 0.833 0.835 0.829 0.821 0.829 0.833 0.854 0.769 0.824 

Mammographic 

Mass 0.802 0.810 0.802 0.821 0.819 0.801 0.824 0.792 0.805 

tic-tac-toe 0.826 0.827 0.820 0.855 0.833 0.826 0.870 0.861 0.857 

Credit approval 0.847 0.847 0.858 0.817 0.817 0.847 0.867 0.864 0.828 

Contraceptive 

Method Choice 0.796 0.796 0.793 0.790 0.790 0.796 0.810 0.688 0.803 

Wisconsin 

Breast Cancer 0.939 0.933 0.943 0.957 0.963 0.939 0.956 0.975 0.952 

HIV 0.855 0.855 0.853 0.859 0.860 0.855 0.895 0.737 0.870 

Shuttle 1.000 0.495 1.000 1.000 1.000 0.990 1.000 1.000 1.000 

Mammography 0.941 0.941 0.941 0.938 0.938 0.941 0.959 0.885 0.938 

 

Figures 6.13 and 6.14 show the comparison of the hybrid models based on accuracy and 

AUC, respectively. Our proposed models show comparatively good results compared to the 

traditional algorithm-based models in the accuracy and AUC comparisons. This comparative 

analysis suggests that our proposed models give the optimal minority accuracy without 

compromising overall accuracy or AUC performance parameters. 
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FIGURE 6.13 Accuracy Comparison of Cost-sensitive Hybrid Models for Balanced Data  

 

 

FIGURE 6.14 AUC Comparison of Cost-Sensitive Hybrid Models for Balanced Data  
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Cost-Sensitive Comparison of Hybrid MiDTv.2 with J48 Based Hybrid Models  

The MiDTv.2 based cost-sensitive hybrid model shows the most optimal result for minority 

class prediction, followed by the J48 based model and hybrid RFMgini2. The cost-sensitive 

models aim to reduce the overall cost by providing accurate results for the costly classes. 

Table 6.9 shows the cost comparison of the top two hybrid models. The total 

misclassification cost is calculated using (5.16). As shown in Table 6.10, performance rank 

is assigned to each hybrid model based on their performance for each dataset. 

TABLE 6.9 Misclassification Cost of Hybrid MiDTv.2 and Hybrid J48 

Dataset 

Hybrid MiDTv.2 Hybrid J48 

Misclassification 

Cost 

Misclassification 

Cost 

Banknote 0.073 0.018 

Car 0.000 0.016 

Diabetes 0.481 0.508 

Ecoli 0.256 0.051 

ILPD 0.553 0.722 

Nursery 0.016 0.209 

Wine quality Red 53.902 2.440 

Wine quality white 0.899 1.746 

Yeast 0.214 0.635 

Mammographic Mass 0.390 0.355 

tic-tac-toe 0.408 0.301 

Credit approval 0.298 0.268 

Contraceptive Method Choice 0.360 0.764 

Wisconsin Breast Cancer 0.120 0.104 

HIV 0.284 0.406 

Shuttle 40.378 0.000 

Mammography 0.405 2.067 

 

TABLE 6.10 Performance Ranking of Hybrid MiDTv.2 and Hybrid J48 

Dataset Rank of Hybrid 

MiDTv.2 

Rank of Hybrid 

J48 

Banknote 2 1 

Car 1 2 

Diabetes 1 2 

Ecoli 2 1 

ILPD 1 2 

Nursery 1 2 

Wine quality Red 2 1 

Wine quality white 1 2 

Yeast 1 2 

Mammographic Mass 2 1 

tic-tac-toe 2 1 
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Credit approval 2 1 

Contraceptive Method Choice 1 2 

Wisconsin Breast Cancer 2 1 

HIV 1 2 

Shuttle 2 1 

Mammography 1 2 

Average Rank 1.47 1.53 

 

As shown in Table 6.10, the hybrid MiDTv.2 works better than the J48+SMOTE model. 

Figure 6.15 shows a percentage stacked bar chart to compare the misclassification cost 

contributions for each dataset.  

 

FIGURE 6.15 Misclassification Cost Comparison of Hybrid MiDTv.2 and J48+SMOTE 

Figure 6.15 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.  

6.4.3 Comparison between Hybrid MiDT and Cost-Sensitive MiDT 

To measure performance improvement due to hybridization, results from hybrid MiDTv.1 

and cost-sensitive MiDTv.1 are compared. For a clear idea of improvement, the performance 

difference of cost-sensitive MiDTv.1 and hybrid MiDTv.1 is derived and plotted in the graph 

as shown in Fig. 6.16. 
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Except for the misclassification cost, the negative value of other evaluation measures 

indicates the hybrid model's superior performance. In contrast, the positive difference in 

misclassification cost indicates that the hybrid model has a lower misclassification cost than 

the cost-sensitive MiDT. 

 

 

FIGURE 6.16 Performance Difference between Cost-Sensitive MiDTv.1 and Hybrid MiDTv.1 

Except for the misclassification cost, a higher value is better for other performance measures. 

This means the negative performance difference of the evaluation measure indicates that the 

cost-sensitive MiDTv.1 has a lower value compared to the hybrid MiDTv.1. The positive 

difference for any measure indicates that the hybrid MiDTv.1 has a lower value for that 

measure. As shown in Fig. 6.16, except for the mammographic mass, tic-tac-toe, and breast 

cancer datasets, the performance difference is negative, indicating the superior performance 

of the hybrid MiDTv.1. The misclassification cost difference is positive for most datasets 

that indicate the cost-effective performance of hybrid MiDTv.1. This result analysis shows 

the significance of hybridization. 
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CHAPTER-7 

ImbTree – The Unbiased Cost-Sensitive 

Classification Algorithm  

7.1 Introduction  

In previous chapters, we proposed cost-sensitive, ensemble, and hybrid models. The hybrid 

models give the best performance. However, they require a data balancing technique to 

improve the performance of the minority class prediction. Nonetheless, the need for 

unbalanced data classification arises, which does not necessitate data balancing. This chapter 

proposes a new cost-sensitive model that doesn’t require data balancing and still manages to 

show optimal performance compared to the recent state-of-the-art cost-sensitive, ensemble, 

and hybrid techniques. 

Cost-sensitive classification is an algorithmic technique [3,4,39,40]. The cost-sensitive 

method focuses on lowering the total misclassification cost. To reduce the overall cost of 

misclassification, it is important to establish an accurate prediction of the important minority 

class. We present an improved cost-sensitive classification algorithm to classify unbalanced 

data correctly. To achieve accurate minority class prediction, our proposed minority-

sensitive model employs a causal relationship-based feature selection technique.  

To understand the impact of an important class's misclassification on total misclassification 

cost, the variation in total misclassification cost is analyzed by varying the misclassification 

rates of the minority and majority classes. Table 7.1 shows how the total misclassification 

cost varies with the different prediction rates of minority and majority classes. In the 

beginning, the total misclassification cost is calculated by increasing the false positive rate 

(FPR) from 0 to 0.5 while keeping the false-negative rate (FNR) constant at 0. After that, 

the scenario was reversed, and the total misclassification cost was again calculated. The 

imbalance ratio used here is 1.90, derived from the breast cancer dataset. A misclassification 

cost of 10 is considered for the minority class (positive) and 1 for the misclassification of 

the majority class (negative) [40]. The misclassification cost ratio (Cnp: Cpn) of 1:10 is 

taken by considering the importance of correct prediction of the minority class in the cancer 
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dataset as stated in [40]. The Cnp is the cost incurred due to the misclassification of a 

negative class as positive, and the Cpn is the cost incurred due to the misclassification of a 

positive class as negative. The impact of false predictions on the total misclassification cost 

is depicted in Fig. 7.1. 

TABLE 7.1 Impact of False Prediction in Total Misclassification Cost 

IR FPR FNR Cpn Cnp 

Total 

Misclassification 

Cost 

1.90 0.1 0 10 1 0.190 

1.90 0.2 0 10 1 0.380 

1.90 0.3 0 10 1 0.570 

1.90 0.4 0 10 1 0.760 

1.90 0.5 0 10 1 0.950 

1.90 0 0.1 10 1 0.526 

1.90 0 0.2 10 1 1.052 

1.90 0 0.3 10 1 1.578 

1.90 0 0.4 10 1 2.104 

1.90 0 0.5 10 1 2.631 

 

Figure 7.1 shows a small rise in the misclassification cost when the misclassification of 

negative class (FPR) increases from 0 to 0.5. However, after the 6th iteration, with an 

increase in the misclassification of positive class (FNR), the cost of misclassification rises 

sharply. Results suggest that the misclassification of the important positive class has a 

significant impact on the total misclassification costs, so improving minority class prediction 

can lower the total misclassification costs. 

Researchers proposed improved classification algorithms based on feature selection and 

feature weighting strategies for balanced data [17–19,30,32]. Many authors have recently 

proposed similar work for unbalanced data as well [39,40]. We introduced a cost-sensitive 

model for unbalanced data classification called ImbTree. The ImbTree is an unbiased variant 

of the decision tree algorithm that employs a causal relationship for feature selection. It 

prioritizes each class based on the misclassification cost to reduce total misclassification 

cost. 
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FIGURE 7.1 Total Misclassification Cost Behavior on Variations of FPR and FNR  

7.2 Related Work  

Machine learning tools have the potential to be extremely useful in medical diagnosis 

[3,65,71,119]. However, the inefficiency of traditional classification algorithms for 

unbalanced data is a bottleneck. Several studies for accurate medical machine learning tools 

have been proposed. However, they ignore the unbalanced characteristics of the medical 

data. 

Researchers use feature selection and feature weighting-based algorithmic techniques to 

propose cost-sensitive unbalanced data classification. Many authors have proposed an 

improved decision tree algorithm using modified feature selection measures. Lee et al. [39] 

presented AUC4.5 - a modified C4.5 algorithm. The area under the curve (AUC) based 

AUCGainRatio is used as a splitting measure in the AUC4.5 algorithm. Based on the 

AUCGainRatio, features are selected to split the data nodes. Chaabane et al. [35] proposed 

an asymmetric entropy measure called AECID (asymmetric entropy for classifying 

imbalanced data) for unbalanced data classification.  

Liu et al. [40] proposed an information gain-guided simulated annealing genetic algorithm 

wrapper (IGSAGAW) for feature selection. Selected features are used to develop a cost-

sensitive support vector machine named IGSAGAW-CSSVM. The authors rank the features 

using information gain (IG) and select the best features using an optimization approach. 

They used the breast cancer dataset for the experiment and employed the cost of 

0

0.5

1

1.5

2

2.5

3

1 2 3 4 5 6 7 8 9 10

C
h
an

g
e 

in
 F

P
R

, 
F

N
R

 a
n
d

 C
o

st

Nuber of iterations

Impact anaysis of FPR and FNR on Total 

Misclassificaiton Cost

FPR FNR Cost



ImbTree – The Unbiased Cost-Sensitive Classification Algorithm 

151 
 

misclassification as an assessment criterion. Kusuma et al. [74] proposed a breast cancer 

detection study based on an optimized back-propagation neural network (NM-BPNN). The 

authors optimize the BPNN using the Nelder Mead optimization approach. The proposed 

NM-BPNN approach outperforms the original BPNN method. However, the decision tree 

outperforms the proposed NM-BPNN in terms of accuracy, with a score of 96.1 percent. 

The proposed ImbTree model identifies exclusive causes of the minority class and then, 

based on that, identifies important features. The ImbTree prioritizes features based on the 

causal relevance to the target class. The selected causal features are used to determine 

splitting criteria by the proposed splitting measure called MSplit. The following section 

describes the proposed ImbTree model, ImbTree algorithm, and the proposed splitting 

measure MSplit. The chapter concludes with a detailed result discussion and comparison 

with the state-of-the-art cost-sensitive algorithms and the proposed hybrid and ensemble 

algorithms. 

7.3 The ImbTree 

As a cost-sensitive unbalanced data classifier, ImbTree's major goal is to keep 

misclassification costs to a minimum. The objective function is defined as in (7.1). 

𝑎𝑟𝑔 𝑚𝑖𝑛
£𝑝,   £𝑛

 𝐶𝑝𝑛 ×  £𝑝 +  𝐶𝑛𝑝 ×  £𝑛    (7.1) 

Cpn and Cnp, respectively, represent the misclassification costs of minority and majority 

examples. The minority class's misclassification factor is £p, while the majority class's 

misclassification factor is £n. 

The Cpn and Cnp are constant and domain-specific. Thus, the classifier must minimize the 

£p and £n to minimize the objective function. In the medical domain, the misclassification 

cost of positive instances is typically 10 times greater than the misclassification cost of 

negative instances [39,40]. As a result, the emphasis should be on lowering (Cpn * £p) to 

minimize the objective function (7.1). Because Cpn is fixed and domain-specific, the £p 

must be reduced which represents the misclassification factor of the minority instances. Fig. 

7.1 also suggests that the misclassification of minority instances significantly impacts the 

steep growth in total misclassification costs. This means the objective cost function can be 

reduced by increasing the prediction accuracy of the minority class. 
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Figure 7.2 depicts the model of the proposed minority-sensitive algorithm. The ImbTree 

model has four phases: (1) data preprocessing (2) pattern base generation (3) Using the 

pattern base, compute the MSplit for each feature-value pair, and (4) construct a minority 

class sensitive tree and perform classification and performance evaluation. 

The data is initially preprocessed to remove the noise and to replace the missing values. The 

ImbTree then discovers and extracts unique patterns of the target class to generate a pattern 

base. Barot et al. [4] established a method for identifying the responsible causes of a targeted 

minority class. The feature weights are computed based on the extracted causes, and the 

weights are employed in the derivation of the new minority-sensitive splitting approach 

named MSplit. 

7.3.1 Pattern Base Generation 

For each target class, exclusively responsible patterns are systematically discovered. A 

modified apriori method is employed as described by Barot et al. [4] to extract causes. The 

bonding level between the feature(s) and the target class is used to identify features that are 

closely related to the target class. The causal relationship is established as follows: 

{Ai, ..Ak, ..Ap} => Ci [exclusiveness=%c]     (7.2) 

Ai,... Ak,... Ap is the set of features, and Ci is the ith class. The strength of the relationship 

between features and class is indicated by the exclusiveness (%c). When the exclusiveness 

value is one, the patterns are exclusive to the target class.  

The pattern base is set up from the extracted patterns. It stores all patterns in order of their 

bonding with the target class. "Bonding" refers to the exclusiveness of the pattern with the 

target class.  The exclusiveness determines the strength of the patterns' ties to the target class. 

The exclusiveness is determined by, 

Exclusiveness (R⇒ C) = P(C|R)        (7.3) 

Here, R is the responsible cause, and C is the target class. If exclusiveness equals one, then 

there is a tight bond between the target class and patterns. From the pattern base, features 

are identified that strongly influence the determination of the target class. The proposed 

splitting measure MSplit considers the influential features during the selection of the best 

splitting criteria. Table 7.2 gives a sample list of features that strongly influence the 

prediction of target class for the New-thyroid, breast cancer, HIV, and diabetes datasets. 
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FIGURE 7.2 ImbTree Model 

 

TABLE 7.2 Highly Influential Features  

Dataset Features Class 

New-

Thyroid 

Thyroidstimulating, Thyroxin, T3resin, Triiodothyronine Hypo 

New-

Thyroid 

Thyroxin, Triiodothyronine, T3resin Hyper 

Breast 

Cancer 

Clump Thickness, uniformity of cell size, uniformity of 

cell shape 

Malignant 

HIV A1, A2, A3, A5 Cleaved 

Diabetes Pregnancies, Skinthickness, Insulin, BMI  Diabetic 

 

As shown in Table 7.2, pregnancies, skin thickness, BMI, and insulin are the driving features 

for prediction in diabetic patients. Clump thickness, uniformity of cell size, and cell shape 

are the main features for diagnosis as malignant. For the HIV dataset, A1, A2, A3, and A5 

are the most influential features for classification as cleaved. Similarly, influential features 

for two minority classes of new-thyroid are listed in the table.  
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7.3.2 MSplit – Minority Sensitive Splitting Measure 

The MSplit is used as the splitting measure in the ImbTree algorithm. It is defined as in (7.4). 

MSplit = {
𝑓𝑣,                                            𝑖𝑓 𝑓𝑣 ∈ 𝑃
𝑓𝑣 𝑤𝑖𝑡ℎ 𝑙𝑒𝑎𝑠𝑡 𝑔𝑖𝑛𝑖 𝑣𝑎𝑙𝑢𝑒, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

       (7.4) 

∀𝑓𝑣 ∈  𝑓𝑒𝑎𝑡𝑢𝑟𝑒 𝑣𝑎𝑙𝑢𝑒 𝑝𝑎𝑖𝑟 𝑖𝑛 𝑡ℎ𝑒 𝑑𝑎𝑡𝑎𝑠𝑒𝑡 

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. [4]. There are a total of 

m patterns from p1 to pm. Each Pi is defined as d1, d2,...,dk => Ci. K gives the total number of 

dimensions in the pattern Pi, and Ci is the ith class. To set up a pattern base, the ImbTree 

extracts the minority class-specific exclusive causes only, which can be infrequent in the 

dataset. The traditional apriori algorithm is modified to give infrequent exclusive causes, as 

explained by Barot et al. [4]. 

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

the build pattern base to decide the splitting criteria for an unbalanced dataset. The ImbTree 

is constructed using Msplit. When misclassification costs are identical across all the classes, 

ImbTree behaves similarly to standard decision tree techniques. However, if the 

misclassification penalties differ significantly, the ImbTree introduces special branches to 

the tree to assure unbiased minority class classification. The ImbTree algorithm is given 

below. 

7.3.3 ImbTree Algorithm 

Algorithm: ImbTree 

Input  

D, Dk, MinC   

--Input dataset (D), optional domain knowledge dataset (Dk), minority class MinC 

Output  

Built Model (M) 

Begin 

  P = ConfidentPatternExtractor (D ∪ Dk, MinC) 

//P contains exclusive and confident patterns of minority class. 

TempD = D 

LabelBack: For each fv ∈ features-value pair of TempD 
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 Begin 

  If  fv ∈ P then 

   MSplit = fv 

   Exit 

  Else 

DS= dataset splits resulted using feature-value (fv) 

   If Gini > ComputeGini(TempD, DS) then 

    MSplit = fv   

--fv is splitting criteria which produce minimum gini 

  End 

 End 

STrees = SplitDataNode(TempD, Msplit)  

--STrees is sub-trees developed due to splitting of data node using splitting criteria 

 ImbTree.append(STrees) 

For each DataNodei in STrees 

 Begin 

         If reached to stopping criteria for DataNodei 

         Begin  

  Continue: --continue to check if another data node required to be split 

          Else 

         Begin 

  TempD = DataNodei 

          GoTo LabelBack: 

         End 

 End 

 Return  ImbTree   --Return built ImbTree 

End 

  

Algorithm: ConfidentPatternExtractor 

Input: D, MinC 

Output: Exclusive and Confident Pattern P 

Begin 

Dr = Descretize dataset D 
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   P = ConfidentPatternExtractionUsingAprioriAlgorithm(Dr, MinC) 

--Extract exclusive confident patterns of minority class C from Dr  

  Return (P) 

End 

 

Algorithm: ComputeGini 

Input: Dataset (D), Data subsets created from splitting criteria (DS) 

Output: Gini  

Begin 

 For each subset DSk from DS 

  PV = class distribution in subset DSk   

--PV is class distribution vector in subset. 

  For each ith class 

   Pi = | PVi | / | DSk |   --get probability of ith class. 

   ProbSum = ProbSum + (Pi* Pi) 

End  

  Gini = Gini + (1 – ProbSum) * | DSk | / |D| 

 End 

 Return Gini  

End 

7.4 Implementation and Result Discussion 

The implementation steps of the ImbTree model are given below. 

1. Data preprocessing.  

a) The data is initially preprocessed to remove the noise and to fill in the missing 

values. Attribute-mean is used for this. 

2. Generation of the pattern base.  

a) The ImbTree discovers and extracts unique patterns of the targeted class to 

generate a pattern base. Patterns are ranked according to their exclusiveness 

with the targeted minority class. 

3. Derived MSplit for each feature-value pair.  

a) The feature weights are computed based on the extracted causes. 
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b) Feature weights are employed in the derivation of the new proposed minority 

sensitive splitting approach called MSplit. 

4. Build a minority class-sensitive tree.  

5. Classification and performance evaluation. 

The proposed ImbTree technique first extracts exclusive causes of the specified class. As 

per (7.4), the ImbTree determines the MSplit splitting measure from the extracted unique 

causes. Based on the MSplit value, the ImbTree model builds a tree with special branches 

known as causal branches. The development of minority class-sensitive causal branches is 

important to make the ImbTree algorithm neutral for both classes. 

The minority class is more important and carries higher misclassification costs than the 

majority class in domains such as medical datasets. As a result, ImbTree only extracts the 

causes responsible for the minority class. For instance, the cause extraction process 

discovered several intriguing trends from the breast cancer dataset that could be useful in 

cancer prediction. Fig. 7.3 depicts the extracted primary reasons and their level of influence 

in the malignant prediction. 

 

 

FIGURE 7.3 Analysis of Major Causes of Breast Cancer 

Figure 7.3 demonstrates that if V1 (clump thickness) is greater than 8, the patient will 

certainly be diagnosed as malignant. More than half of all malignant cases have a clump 

thickness of more than eight. The ImbTree ensures that the causes should be exclusive to the 

class. Thus, we conclude from the breast cancer data that the clump thickness pattern is one 

of the most significant identifications for malignant cases. Other key characteristics of a 

malignant patient include cell size uniformity, marginal adhesion, and normal nucleoli. The 

52%

17%

2%
5%

6%

18%

Causalal Analysis for Malignant Class

8< V1 < inf

9.1<=V2<inf

9.1<=V3<inf

7.3<=V4<=8.2

9.1<=V8<inf

RestCauses



ImbTree – The Unbiased Cost-Sensitive Classification Algorithm 

158 
 

ImbTree finds such unique and influential causes from the datasets and uses the feature 

importance in the derivation of the MSplit splitting criteria.  

7.4.1 Implementation Detail 

We used Python 3.7 on a Windows computer with 4GB of RAM to build and test the 

ImbTree. Starting with breast cancer classification, three medical datasets are initially used 

to test the proposed model. The medical domain is the primary focus area because, in the 

medical domain, the classification mostly has to deal with unbalanced data, and the minority 

class has huge importance. Our proposed algorithm's results are compared to those of Shen 

et al. [69], Liu et al. [40], Lee et al. [39], and Kusuma et al. [74].  

For training and testing, we employed 10-fold cross-validation. The ImbTree is evaluated 

using different evaluation measures such as accuracy, recall, precision, specificity, g-mean, 

AUC, and misclassification cost.  

7.4.2 Experimental Results and Discussion 

Experimental Setup 

The ImbTree is first applied to the breast cancer dataset and the results are compared with 

recent methods of breast cancer classification called IGSAGAW-CSSVM [40] and NM-

BPNN [74]. The ImbTree algorithm is applied on other medical datasets such as Diabetes 

and New-thyroid, and the results are compared with the recently proposed work of FOA-

SVM and PSO-SVM [69]. To show the generalizability of our proposed method, we used 

13 real-life datasets and the results compared with the recent cost-sensitive approach 

AUC4.5 [39].  

Result Discussion -1 

The first experiment was performed with the breast cancer dataset, as cancer is a major cause 

of death. Breast cancer is the most serious health issue among women. Table 7.3 shows the 

ImbTree results for the breast cancer dataset. The ImbTree got an accuracy score of 96.1% 

for breast cancer diagnosis. Especially for the costly minority class, it earned a 99.5% correct 

classification rate. 

TABLE 7.3 Results of ImbTree on Breast Cancer Dataset 

Accuracy Recall Precision Specificity FPR FNR AUC 

0.961 0.995 0.90 0.943 0.057 0.005 0.969 
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The majority class's misclassification in the cancer dataset needs some extra medical tests 

that require additional financial expenses. Whereas the minority class's misclassification 

might result in a loss of life, which is huge compared to the cost of additional medical tests. 

ImbTree can lower the overall misclassification cost by accurately detecting the minority 

class. A reduction in misclassification cost is considered a major benefit in medical datasets. 

The ImbTree algorithm's results suggest that out of the total 241 minority cases, 240 are 

correctly identified. As a result, the recall value is 0.99, and the FNR is close to zero. Correct 

prediction of costly minority malignant cases can drastically reduce the misclassification 

cost. Table 7.4 compares the performance of the ImbTree with that of the IGSAGAW-

CSSVM [40]. The IGSAGAW-CSSVM was proposed for breast cancer data classification. 

We used accuracy, g-mean, and average misclassification cost (AMC) to compare the 

performance. AMC is determined using the (7.5) as Liu et al. [40] recommended. 

AMC = 
#𝐹𝑃 × 𝑀𝐶𝑏𝑚 + #𝐹𝑁 × 𝑀𝐶𝑚𝑏 

(#𝑇𝑃 + #𝑇𝑁 + #𝐹𝑃 + #𝐹𝑁)
    (7.5) 

The number of false positives is given by #FP, whereas # FN gives the number of false 

negatives. The #TP and #TN stand for the number of true positives and true negatives, 

respectively. According to Liu et al. [40], In breast cancer prediction, misclassification of a 

minority class as a majority class (MCmb) is ten times more expensive than misclassification 

of a majority class as a minority class (MCbm). 

TABLE 7.4 Performance Comparison of ImbTree, IGSAGAW-CSSVM and NM-BPNN 

Algorithm Accuracy G-mean AMC 

IGSAGAW-CSSVM [40] 0.958 0.971 0.121 

ImbTree 0.961 0.969 0.051 

NM-BPNN [74] 0.898 - - 

 

Compared to the IGSAGAW-CSSVM, the ImbTree performs better, as demonstrated in 

Table 7.4. Minority cases are predicted more accurately by ImbTree. It has a high prediction 

rate for the majority and minority classes, lowering the total misclassification cost. The 

ImbTree shows superior accuracy compared to the recent algorithm called NM-BPNN, 

proposed in 2020 by Kusuma et al. [74]. The ImbTree outperforms the IGSAGAW-CSSVM 

and NM-BPNN and comes out as the optimal alternative for unbalanced data classification.  
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Result Discussion - 2 

For the comprehensive evaluation of the ImbTree, a range of datasets and classifiers are used 

for comparison. Tables 7.5 and 7.6 compare ImbTree's performance to FOA-SVM and PSO-

SVM [69] for medical datasets such as breast cancer, diabetes, and new-thyroid. We 

discovered that the ImbTree outperforms the FOA-SVM and PSO-SVM for medical 

datasets. Although accuracy is the majority biased evaluation parameter, it is still the most 

widely used parameter for performance evaluation. The ImbTree shows improved accuracy 

for the new-thyroid and diabetes datasets. 

TABLE 7.5 Performance (Accuracy) Comparison with FOA-SVM and PSO-SVM 

Dataset PSO-SVM FOA-SVM ImbTree 

Breast Cancer 0.962 0.969 0.961 

New-Thyroid 0.952 0.963 0.965 

Pima Indian Diabetes 0.765 0.774 0.856 

 

Many researchers favor AUC as a more balanced performance parameter and use it for 

unbalanced data classification. As shown in Table 7.6, the ImbTree has the best AUC value 

for the breast cancer and diabetes datasets. The AUC value for new-thyroid is not available 

for FOA-SVM. The ImbTree does not show the best accuracy for the breast cancer dataset. 

However, it shows the most optimal AUC compared to FOA-SVM and PSO-SVM.   

TABLE 7.6 Performance (AUC) Comparison with FOA-SVM and PSO-SVM 

Dataset PSO-SVM FOA-SVM ImbTree 

Breast Cancer 0.962 0.968 0.969 

New-Thyroid - - 0.978 

Pima Indian Diabetes 0.714 0.723 0.877 

 

Figure 7.4 compares the average misclassification cost of PSO-SVM, FOA-SVM, 

IGSAGAW-CSSVM, and ImbTree for the breast cancer dataset to demonstrate ImbTree's 

cost sensitivity. The average misclassification cost of the proposed ImbTree model is 0.051, 

which is the lowest among the compared algorithms. 
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FIGURE 7.4 Average Misclassification Cost Comparison for Breast Cancer 

Result Discussion - 3: Comparison of ImbTree and AUC4.5 

To verify the robust performance of the ImbTree, we experiment with it on more real-life 

unbalanced datasets of varying class imbalance ratios, ranging from 1.15 to 87.83. Results 

are compared with AUC4.5 [39]. Table 7.7 shows details of the datasets we used for the 

experiment. AUC4.5 is a cost-sensitive approach proposed for unbalanced data 

classification. Lee et al. [39] modify the existing C4.5 algorithm and use AUC to decide 

splitting criteria. The authors proposed AUCGainRatio as a splitting measure for the 

decision tree algorithm. The main aim of AUC4.5 is to maximize the AUC value.  

TABLE 7.7 Dataset Details [100] 

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 
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Table 7.8 shows the results of ImbTree and AUC4.5. Performance is evaluated using 

accuracy, recall, g-mean, AUC, and total misclassification cost. Performance measures are 

thoroughly discussed in Chapter 3. The total misclassification cost (TMC) is defined in 

(5.16), and it is calculated using the following equation, 

 TMC = MCmin * (100 – MinoirityAcc) + MCmaj * (100 – MajorityAcc)  (7.6) 

MCmin and MCmaj are derived from the imbalance ratio. Many authors have used an 

imbalance ratio as a misclassification cost for unbalanced data classification [2,12]. We used 

the inverse imbalance ratio-based misclassification costs as discussed in Chapter 3 and 

suggested by many authors [2,12,38]. 

TABLE 7.8 Results of ImbTree and AUC4.5 

Datasets 
ImbTree AUC4.5 

Accu. Recall Gmean A U C Precision T MC Accu. Recall Gmean A U C Precision T M C 

Banknote 0.988 1.000 0.989 0.990 0 . 9 7 4 0.017 0.983 1.000 0.984 0.984 0 . 9 7 0 0 . 0 2 5 

Car 0.999 1.000 0.996 0.996 0 . 8 4 4 0.000 0.972 1.000 0.985 0.986 0 . 9 7 2 0 . 0 0 1 

Diabetes 0.865 0.970 0.885 0.889 0 . 7 3 0 0.159 0.726 0.640 0.703 0.706 0 . 7 3 7 0 . 7 9 4 

Ecoli 0.967 0.850 0.910 0.912 0 . 6 8 0 2.372 0.982 0.850 0.917 0.924 0 . 9 8 8 2 . 3 7 1 

ILPD 0.797 0.802 0.799 0.799 0 . 6 1 2 0.574 0.685 0.856 0.726 0.735 0 . 6 9 0 0 . 5 1 3 

Nursery 0.990 0.873 0.931 0.933 0 . 7 5 4 4.871 0.976 0.936 0.956 0.956 0 . 9 7 6 2 . 4 5 0 

Wine quality 

Red 
0.770 0.389 0.548 0.581 0 . 0 1 9 53.679 0.949 0.500 0.691 0.727 0 . 9 1 6 43.917 

Wine quality 

white 
0.990 0.966 0.978 0.978 0 . 7 8 6 0.926 0.670 0.734 0.700 0.701 0 . 6 8 9 7 . 1 9 1 

Yeast 0.917 0.791 0.863 0.866 0 . 7 2 8 1.074 0.792 0.704 0.755 0.756 0 . 7 8 7 1 . 5 4 2 

Mammographic 

Mass 
0.813 0.784 0.810 0.811 0 . 8 0 6 0.391 0.811 0.918 0.812 0.818 0 . 7 6 5 0 . 3 3 8 

tic-tac-toe 0.948 1.000 0.959 0.960 0 . 8 6 9 0.042 0.838 0.694 0.796 0.804 0 . 8 9 0 0 . 6 2 3 

Credit approval 0.835 0.782 0.828 0.830 0 . 8 3 6 0.371 0.820 0.879 0.824 0.826 0 . 7 9 5 0 . 3 3 3 

Contraceptive 

Method Choice 
0.822 0.655 0.755 0.763 0 . 5 9 7 1.220 0.692 0.604 0.659 0.661 0 . 6 8 2 1 . 4 3 8 

 

Figure 7.5 shows an accuracy comparison between ImbTree and AUC4.5. The ImbTree 

shows better accuracy for 11 datasets out of 13 datasets.  
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FIGURE 7.5 Accuracy Comparison between ImbTree and AUC4.5 

Figure 7.6 shows the AUC value comparison between AUC4.5 and ImbTree. The ImbTree 

shows a better AUC value for 9 out of 13 datasets. 

 

 

FIGURE 7.6 AUC Comparison between ImbTree and AUC4.5 

The recall value is calculated for the positive minority class. Figure 7.7 shows a recall 

comparison between the ImbTree and AUC4.5. The ImbTree shows better recall for 

diabetes, Wine-quality white, yeast, tic-tac-toe, and contraceptive method datasets. The 

ImbTree and AUC4.5 show the same result for the Banknote, CAR, and Ecoli datasets. The 
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AUC4.5 shows better recall for ILPD, Nursery, Wine-quality red, mammographic mass, and 

credit approval datasets.  

 

 

FIGURE 7.7 Recall Comparison between ImbTree and AUC4.5 

Figure 7.8 shows a g-mean comparison between the ImbTree and AUC4.5. The figure shows 

that the ImbTree shows a better g-mean value for 9 out of 13 datasets. 

  

 

FIGURE 7.8 G-mean Comparison between ImbTree and AUC4.5 
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Figure 7.9 shows the total misclassification cost comparison using a percentage stacked bar 

chart. A percentage stacked bar chart is used to compare the contributions of algorithms. The 

figure shows one bar for each dataset, which is further decomposed into sub-bars as per the 

number of algorithms we used to compare. The percentage stacked bar chart displays how 

an individual algorithm contributes to the misclassification cost for each dataset. Each 

dataset bar stretches to have the same height so that each sub-bar becomes a percentage 

contribution to the overall contribution for each dataset. This allows us to analyze the 

algorithm’s relative contribution of misclassification cost. 

The figure shows the comparison in the form of the cost contribution by ImbTree and 

AUC4.5 for each dataset. The ImbTree gives lesser misclassification costs for banknote, car, 

diabetes, wine-quality white, yeast, tic-tac-toe, and contraceptive method choice datasets. 

Both AUC4.5 and ImbTree show the same results for Ecoli. The AUC4.5 shows a lower 

misclassification cost for the ILPD, nursery, wine-quality red, mammographic mass, and 

credit approval datasets. In the figure, each dataset’s bar indicates the cost contribution from 

ImbTree (blue) and AUC4.5 (red).  

 

 

FIGURE 7.9 Total Misclassification Cost Comparison between ImbTree and AUC4.5 

Except for the precision measure, other performance measures indicate ImbTree as an 

optimal algorithm compared to the AUC4.5. Compared to AUC4.5, the ImbTree 

successfully reduces misclassification costs as a cost-sensitive approach. 
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The experiment and in-depth result analysis suggest that the ImbTree is more optimal than 

the IGSAGAW-CSSVM, PSO-SVM, FOA-SVM, and AUC4.5 algorithms. 

Comparison of ImbTree with MiDTv.1, MiDTv.2 and AUC4.5  

Table 7.9 compares the results of the proposed algorithms ImbTree, MiDTv.1, and MiDTv.2 

with AUC4.5. The IDs correspond to the thirteen datasets listed in Table 7.7.  

  TABLE 7.9 Results Comparison of ImbTree, MiDTv.1, MiDTv.2 and AUC4.5 

  ImbTree AUC4.5 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 0.0508 0.946 0.977 0.9498 0.090 

2 0.999 1 0.996 0 0.972 1 0.986 0.001 0.993 0.861 0.929 3.5426 0.985 0.923 0.9552 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 0.8526 0.72 0.656 0.7054 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 2.3708 0.976 0.85 0.9171 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 1.9879 0.639 0.395 0.5666 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 9.6264 0.996 0.951 0.9747 1.855 

7 0.77 0.389 0.581 53.679 0.949 0.5 0.727 43.917 0.976 0 0.493 87.8335 0.980 0 0.4959 87.83 

8 0.99 0.966 0.978 0.926 0.67 0.734 0.701 7.191 0.958 0.177 0.582 22.2082 0.959 0.154 0.5717 22.82 

9 0.917 0.791 0.866 1.074 0.792 0.704 0.756 1.542 0.866 0.487 0.714 2.6151 0.833 0.127 0.5498 4.441 

10 0.813 0.784 0.811 0.391 0.811 0.918 0.818 0.338 0.818 0.759 0.814 0.3908 0.800 0.8 0.8215 0.367 

11 0.948 1 0.96 0.042 0.838 0.694 0.804 0.623 0.876 0.795 0.857 0.4286 0.777 0.738 0.7683 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 0.3281 0.837 0.837 0.8442 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 2.3572 0.746 0.420 0.6313 2.030 

  

Figure 7.10 shows the accuracy-based comparison of ImbTree, MiDTv.1, MiDTv.2, and 

AUC4.5. Fig. 7.11 shows performance comparison based on recall, and Fig. 7.12 shows 

performance comparison based on AUC.  
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FIGURE 7.10 Accuracy Comparison of ImbTree, MiDTv.1, MiDTv.2 and AUC4.5 

 

 

FIGURE 7.11 Recall Comparison of ImbTree, MiDTv.1, MiDTv.2 and AUC4.5 
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FIGURE 7.12 AUC Comparison of ImbTree, MiDTv.1, MiDTv.2 and AUC4.5 

Figure 7.13 shows a misclassification cost comparison of four algorithms using a percentage 

stacked bar chart. For each colored bar, the algorithm with the least representation of color 

indicated the least misclassification cost. 

    

 

FIGURE 7.13 TMC Comparison of ImbTree, MiDTv.1, MiDTv.2 and AUC4.5 
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Table 7.10 gives the name of the winner algorithm for each dataset, based on AUC, recall, 

accuracy, and total misclassification cost. It is observed that, as per the AUC value, our 

proposed algorithms perform most optimally. Specifically, the ImbTree dominates the 

winner list. The recall-based performance evaluation indicates that ImbTree is optimal for 

five datasets, AUC4.5 gives the best results for three datasets, and MiDTv.2 gives the best 

results for one dataset. For the two datasets, ImbTree and AUC4.5, both are the winners, and 

for one dataset, all algorithms give the same performance.  

As per the accuracy, the ImbTree again dominates the winning list with the best accuracy 

for 9 datasets, followed by the MiDTv.2, which shows the best accuracy for two datasets. 

The AUC4.5 and MiDTv.1 show the best accuracy for one dataset each. 

Performance evaluation based on TMC suggests the cost-effectiveness of our proposed 

algorithms. The ImbTree is the winner for seven datasets, the MiDTv.2 is the winner for two 

datasets, and the MiDTv.1 is the winner for one dataset. Results indicate that out of 13 

datasets, for 10 datasets, our proposed algorithms show a reduction in misclassification cost.  

TABLE 7.10 List of Winner Algorithms 

ID 
Winner Algorithm 

As per AUC As per Recall As per Accuracy As Per TMC 

1 ImbTree ImbTree and AUC4.5 ImbTree ImbTree 

2 ImbTree ImbTree and AUC4.5 ImbTree  ImbTree 

3 ImbTree ImbTree ImbTree  ImbTree 

4 AUC4.5 ALL AUC4.5 MiDTv.1 

5 ImbTree AUC4.5 ImbTree AUC4.5 

6 MiDTv.2 MiDTv.2 MiDTv.2 MiDTv.2 

7 AUC4.5 AUC4.5 MiDTv.2 AUC4.5 

8 ImbTree ImbTree ImbTree  ImbTree 

9 ImbTree ImbTree ImbTree ImbTree 

10 MiDTv.2 AUC4.5 ImbTree AUC4.5 

11 ImbTree ImbTree ImbTree ImbTree 

12 MiDTV.1 AUC4.5 MiDTv.1 MiDTv.2 

13 AUC4.5 ImbTree ImbTree ImbTree 
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7.4.3 Statistical Significant Test 

The results of our proposed algorithms are statistically evaluated with statistical significance 

tests. The statistical significance test is used to verify that the results of the classifiers are 

not just a coincidence but real.  

The one-way ANOVA with repeated measures was implemented using ANOVA: two-factor 

without replication. The significance level (α) is the maximum acceptable risk for rejecting 

the null hypothesis when the null hypothesis is true (type I error). We used α = 0.05 for this 

statistical significance test. We used statistical evaluation of ImbTree, AUC4.5, MiDTv.1, 

MiDTv.2 for 13 datasets based on the AUC value. The AUC4.5 was proposed with the main 

aim of improving the AUC value for unbalanced data. Table 7.11 shows the statistical 

summary of the analysis using ANOVA with repeated measures. 

TABLE 7.11 Statistics Summary using ANOVA: Two-Factor without Replication 

SUMMARY Count Sum Average Variance   

Banknote 4 3.897564 0.974391 0.000308   

Car 4 3.867484 0.966871 0.000914   

Diabetes 4 2.995672 0.748918 0.008755   

Ecoli 4 3.672101 0.918025 2.31E-05   

ILPD 4 2.635075 0.658769 0.016479   

Nursery 4 3.733733 0.933433 0.002062   

Wine quality Red 4 2.297156 0.574289 0.012002   

Wine quality white 4 2.833057 0.708264 0.035767   

Yeast 4 2.886691 0.721673 0.017243   

Mammographic Mass 4 3.265104 0.816276 2.1E-05   

tic-tac-toe 4 3.390055 0.847514 0.006978   

Credit approval 4 3.344825 0.836206 9.73E-05   

Contraceptive Method Choice 4 2.64184 0.66046 0.005591   

       

ImbTree 13 11.3072 0.869785 0.013462   

AUC4.5 13 10.584 0.814154 0.013002   

MiDTv.1 13 9.817674 0.755206 0.026774   

MiDTv.2 13 9.751479 0.750114 0.030076   

       

       

ANOVA       

Source of Variation SS df MS F P-value F crit 

Rows 0.805021 12 0.067085 12.40103 1.98E-09 2.032703 

Columns 0.123976 3 0.041325 7.639181 0.000447 2.866266 

Error 0.194747 36 0.00541    

       

Total 1.123744 51         
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In the table, rows correspond to the dataset's performance used in the experiment, and the 

columns represent the performance of the classifiers. There are two null hypotheses here: 

one for the rows and the second for the columns.  

The null hypothesis for the rows H0 (Rows) is: there is no significant difference in AUC 

between the (population) means of the datasets. The alternative hypothesis H1 (Rows) is that 

there is a statistically significant difference in AUC between datasets. 

From the summary shown in Table 7.11, we observe that the p-value for the rows = 1.98E-

09, which is less than α (and F (12.40103) > F-crit (2.03270)). So here, we reject the null 

hypothesis and accept the alternate hypothesis. This means there is a significant difference 

in the AUC produced for the datasets. 

The null and alternate hypotheses for the columns are defined as follows: 

H0 (column): there is no significant difference in AUC between the (population) means for 

the classifier models. The alternate hypothesis H1 (column) is that there is a significant 

difference in the AUC value of algorithms. 

Since the p-value for the columns = 0.000447, that is less than α (0.05) (and F (7.639181) 

> F-crit (2.866266)). So, we reject the null hypothesis and accept the alternate hypothesis. 

Results indicate a significant difference in the AUC value of the ImbTree, AUC4.5, 

MiDTv.1, and MiDTv.2. Furthermore, the statistical summary shows that the ImbTree 

provides the best average AUC value of 0.869786 compared to the other methods. 

7.4.4 Comparison of ImbTree and AUC4.5 based on IRWMean and Bmean. 

The proposed evaluation parameters IRWMean (imbalance ratio based weighted mean) and 

Bmean (balanced mean) are explained in chapter 3. These two parameters are proposed for 

the unbiased evaluation of unbalanced data classification. Considering the importance of the 

minority class, the ImbTree and AUC4.5 are compared using IRWMean and Bmean. The 

IRWMean is computed using (3.1), and the Bmean is computed using (3.2). Table 7.12 

shows the result comparison of ImbTree and AUC4.5. Figure 7.14 and 7.15 shows the 

comparison of ImbTree and AUC4.5 based on the IRWMean and Bmean. 
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TABLE 7.12 Comparison of ImbTree and AUC4.5 using IRWMean and B-mean 

Dataset ImbTree AUC4.5 

 IRWMean Bmean IRWMean Bmean 

Banknote 0.991 0.990 0.987 0.985 

Car Evaluation 0.999 0.999 0.999 0.986 

Diabetes 0.933 0.899 0.669 0.697 

Ecoli 0.850 0.908 0.850 0.916 

ILPD 0.801 0.799 0.822 0.753 

Nursery 0.872 0.931 0.936 0.955 

Wine quality Red 0.388 0.579 0.500 0.724 

Wine quality white 0.965 0.977 0.733 0.702 

Yeast 0.796 0.856 0.707 0.749 

Mammographic Mass 0.806 0.809 0.832 0.821 

tic-tac-toe 0.982 0.965 0.742 0.790 

Credit approval 0.819 0.826 0.837 0.828 

Contraceptive Method Choice 0.671 0.746 0.612 0.652 

 

The ImbTree shows better IRWMean value for banknote, CAR evaluation, diabetes, Ecoli, 

wine-quality white, yeast, tic-tac-toe, and contraceptive method choice datasets. Bmean is 

proved to be a more balanced performance evaluation parameter than the g-mean. The 

ImbTree shows more optimal and balanced performance as compared to the AUC4.5. The 

ImbTree shows a better Bmean value for the 8 out of 13 datasets.  

 

FIGURE 7.14 IRWMean Comparison of ImbTree and AUC4.5 
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FIGURE 7.15 B-mean Comparison of ImbTree and AUC4.5 

When there is a significant difference in misclassification costs between minority and 

majority classes, the IRWMean can provide a realistic performance evaluation. The value of 

IRWMean provides a cost-benefit analysis, and as a result, it is biased toward high-cost 

minority class performance. As discussed in chapter 3, the B-mean is a more balanced 

measure that considers the cost of misclassification in performance evaluation. The ImbTree 

outperforms the AUC4.5 in terms of IRWMean and B-mean.  

7.4.5 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 [39]. All the algorithms are applied to 13 datasets, 

and the average value of accuracy, recall, TNR, g-mean, precision, AUC, IRWMean, and 

Bmean is calculated. Fig. 7.16 shows the average performance comparison in the form of a 

horizontal bar chart. The ImbTree outperforms the compared algorithms and shows 

maximum average values of accuracy, recall, g-mean, AUC, IRWMean, and Bmean. 
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FIGURE 7.16 Performance Comparison 

The ImbTree algorithm is compared with the state-of-the-art cost-sensitive techniques and 

proposed ensemble and hybrid algorithms for generalized and comprehensive performance 

evaluation. The ImbTree proves to be the most cost-effective and optimal algorithm for 

unbalanced data classification compared to the other algorithms. 

 

  



Comparisons of Proposed Cost-Sensitive, Ensemble and Hybrid Algorithms with Conventional and 

State-of-The-Art Techniques 

175 
 

CHAPTER-8 

Comparisons of Proposed Cost-Sensitive, 

Ensemble and Hybrid Algorithms with 

Conventional and State-of-The-Art Techniques 

8.1 Introduction  

This chapter compares our proposed algorithms to recent work on unbalanced data 

classification. We investigated recent unbalanced classification techniques developed using 

cost-sensitive, hybrid, and ensemble learning approaches. The proposed cost-sensitive 

algorithms, MiDT, RFMgini, and ImbTree are compared to the existing algorithmic 

techniques. The proposed hybrid models and ImbTree are compared to the existing hybrid 

and ensemble techniques. The comparison is based on accuracy, recall, precision, F-

measure, g-mean, AUC, and misclassification cost. For the dataset-specific comparison, 

results are gathered from various existing research works on that dataset. Compared to 

existing cost-sensitive, hybrid, and ensemble algorithms, the ImbTree proved to be the most 

optimal algorithm. 

8.2 Comparisons with the State-of-The-Art Cost-Sensitive Algorithms 

Table 8.1 summarizes the accuracy comparison of proposed cost-sensitive algorithms with 

existing state-of-the-art algorithmic techniques of unbalanced data classification. Accuracy 

is a majority-biased performance measure; however, it is the most commonly used 

evaluation criterion. The proposed algorithms outperformed the most recent state-of-the-art 

algorithms in terms of accuracy. 

Table 8.1 displays the results for 9 datasets gathered from various research studies. For 7 of 

the 9 datasets, the proposed ImbTree and MiDT algorithms outperform the compared 

algorithms in accuracy comparison. 
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TABLE 8.1 Accuracy Comparison with Existing Algorithmic Techniques 

Dataset Research Work Name of Algorithm Accuracy 

Wisconsin Breast 

Cancer 

Na Liu et al. (2019) [40] IGSAGAW-CSSVM 0.963 

Frans Coenen et al. (2007) [68] 

TFPC 0.9 

CMAR 0.912 

CBA 0.941 

Bayrak et al. (2019)  [127] 

SMO 0.969 

LibSVM 0.957 

MPL 0.954 

Voted Perceptron 0.9 

Devarriya et al. (2020) [49] 
DGP 0.993 

F2GP 0.997 

Zhao et al. (2019) [44]  
Cost-insensitive SPFCNN + 

MLF 
0.912 

Lavanya and Rani (2012) [128] Decision Tree Algorithm 0.929 

Tran, Xue, and Zhang (2017) [129] CGPFC 0.939 

Pratik A Barot et al. ImbTree 0.961 

Pratik A Barot et al. MiDTv.1 0.942 

Pratik A Barot et al. MiDTv.2 0.926 

Pima Diabetes 

Jayadeva et al. (2019) [76] 

Twin-NN 0.781 

Lin TWSVM 0.729 

Ker TWSVM 0.759 

 Zhu et al. (2020) [130] 

WELM(L)  0.777 

WELM(B)  0.773 

WELM(E)  0.778 

SDA-WELM  0.778 

DA-WELM  0.779 

GA-WELM  0.770 

Pratik A Barot et al. ImbTree 0.865 

Pratik A Barot et al. MiDTv.1 0.722 

Pratik A Barot et al. MiDTv.2 0.720 

Mammographic 

Mass 

Zhao et al. (2019) [44] 
Cost-insensitive SPFCNN + 

MLF 
0.889 

Jayadeva et al. (2019) [76] 

Twin-NN 0.807 

Lin TWSVM 0.785 

Ker TWSVM 0.801 

Pratik A Barot et al. ImbTree 0.813 

Pratik A Barot et al. MiDTv.1 0.818 

Pratik A Barot et al. MiDTv.2 0.800 

Credit approval 

Jayadeva et al. (2019) [76] 

Twin-NN 0.705 

Lin TWSVM 0.655 

Ker TWSVM 0.695 

Pratik A Barot et al. ImbTree 0.835 

Pratik A Barot et al. MiDTv.1 0.847 

Pratik A Barot et al. MiDTv.2 0.837 

ILPD 

Jayadeva et al. (2019) [76] 

Twin-NN 0.731 

Lin TWSVM 0.699 

Ker TWSVM 0.713 

Gan et al. (2020) [43]  

AdaC-TANBN  0.682 

AdaC1 0.669 

TANBN 0.717 

Pratik A Barot et al. ImbTree 0.797 

Pratik A Barot et al. MiDTv.1 0.665 

Pratik A Barot et al. MiDTv.2 0.639 

Yeast Chaabane et al. (2019) [35] 

AECID 0.758 

AE 0.760 

OCE 0.743 
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HD 0.756 

CF 0.729 

Pratik A Barot et al. ImbTree 0.917 

Pratik A Barot et al. MiDTv.1 0.866 

Pratik A Barot et al. MiDTv.2 0.833 

Ecoli (Ecoli1) 

Chaabane et al. (2019) [35] 

AECID 0.928 

AE 0.934 

OCE 0.913 

HD 0.904 

CF 0.931 

Pratik A Barot et al. ImbTree 0.967 

Pratik A Barot et al. MiDTv.1 0.979 

Pratik A Barot et al. MiDTv.2 0.976 

Contraceptive 

Method Choice 

(Medical dataset) 

Zhu et al. 2020 [130] 

WELM(L)  0.669 

WELM(B)  0.668 

WELM(E)  0.669 

SDA-WELM  0.678 

DA-WELM  0.679 

GA-WELM  0.674 

Pratik A Barot et al. ImbTree 0.822 

Pratik A Barot et al. MiDTv.1 0.7305 

Pratik A Barot et al. MiDTv.2 0.746 

Wine-quality Red 

Zhu et al. 2020 [130] 

WELM(L)  0.779 

WELM(B)  0.749 

WELM(E)  0.759 

SDA-WELM  0.826 

DA-WELM  0.882 

GA-WELM  0.871 

Pratik A Barot et al. ImbTree 0.770 

Pratik A Barot et al. MiDTv.1 0.976 

Pratik A Barot et al. MiDTv.2 0.980 

 

Table 8.2 shows the g-mean comparison of proposed cost-sensitive algorithms with existing 

techniques. Our proposed algorithms show an optimal g-mean value for 9 out of 13 datasets. 

TABLE 8.2 G-mean Comparison with Existing Algorithmic Techniques 

Dataset Research Work Name of Algorithm G-mean 

Wisconsin Breast 

Cancer 

Na Liu et al. (2019) [40] IGSAGAW-CSSVM 0.971 

Lu et al. (2019) [75] IW-ELM 0.989 

Pratik A Barot et al. ImbTree 0.969 

Pratik A Barot et al. MiDTv.1 0.945 

Pratik A Barot et al. MiDTv.2 0.936 

Yeast 

Lu et al. (2019)  [75] IW-ELM 0.754 

Chaabane et al. (2019) [35] 

AECID 0.635 

AE 0.619 

OCE 0.625 

HD 0.636 

CF 0.605 

Jayadeva et al. (2019) [76] 

Twin-NN  0.840 

Lin TWSVM  0.177 

Ker TWSVM  0.310 
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MMTSSVM (2017) 0.733 

Pratik A Barot et al. ImbTree 0.863 

Pratik A Barot et al. MiDTv.1 0.677 

Pratik A Barot et al. MiDTv.2 0.352 

Ecoli 

Lu et al. (2019) [75] IW-ELM 0.917 

Chaabane et al. (2019) [35] 

AECID 0.870 

AE 0.859 

OCE 0.799 

HD 0.822 

CF 0.797 

Jayadeva et al. (2019) [76] 

Twin-NN  0.900 

Lin TWSVM  0.697 

Ker TWSVM  0.825 

MMTSSVM (2017)  0.872 

Pratik A Barot et al. ImbTree 0.910 

Pratik A Barot et al. MiDTv.1 0.916 

Pratik A Barot et al. MiDTv.2 0.915 

Pima Diabetes 

Lu et al. (2019) [75] IW-ELM 0.832 

Zhao et al. (2020) [63] 
WHMBoost  0.610 

MEBoost, (2017) 0.362 

Zhu et al. (2020) [130] 

WELM(L)  0.773 

WELM(B)  0.768 

WELM(E)  0.773 

SDA-WELM  0.773 

DA-WELM  0.774 

GA-WELM  0.765 

Pratik A Barot et al. ImbTree 0.885 

Pratik A Barot et al. MiDTv.1 0.689 

Pratik A Barot et al. MiDTv.2 0.704 

Shuttle 

Lu et al. (2019) [75] IW-ELM 1.000 

Pratik A Barot et al. ImbTree - 

Pratik A Barot et al. MiDTv.1 1.000 

Pratik A Barot et al. MiDTv.2 0.000 

Mammographic 

Mass 

Lee et al. (2019) [39] AUC4.5 0.812 

Pratik A Barot et al. ImbTree 0.810 

Pratik A Barot et al. MiDTv.1 0.813 

Pratik A Barot et al. MiDTv.2 0.821 

Credit approval 

Lee et al. (2019) [39] AUC4.5 0.824 

Pratik A Barot et al. ImbTree 0.828 

Pratik A Barot et al. MiDTv.1 0.845 

Pratik A Barot et al. MiDTv.2 0.844 

ILPD 

Lee et al. (2019) [39] AUC4.5 0.726 

Pratik A Barot et al. ImbTree 0.799 

Pratik A Barot et al. MiDTv.1 0.438 

Pratik A Barot et al. MiDTv.2 0.540 
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Car Evaluation 

Jayadeva et al. (2019) [76] 

Twin-NN  1.000 

Lin TWSVM  0.935 

Ker TWSVM  0.955 

MMTSSVM (2017)  0.992 

Zhao et al. (2020) [63] 
WHMBoost  0.943 

MEBoost,( 2017) 0.000 

Pratik A Barot et al. ImbTree 0.996 

Pratik A Barot et al. MiDTv.1 0.927 

Pratik A Barot et al. MiDTv.2 0.955 

Wine-quality-white 

Jayadeva et al. (2019) [76] 

Twin-NN  0.735 

Lin TWSVM  0.250 

Ker TWSVM  0.290 

MMTSSVM  0.179 

Pratik A Barot et al. ImbTree 0.978 

Pratik A Barot et al. MiDTv.1 0.418 

Pratik A Barot et al. MiDTv.2 0.391 

Tic-tac-toe 

Lee et al. (2019) [39] AUC4.5 0.796 

Pratik A Barot et al. ImbTree 0.959 

Pratik A Barot et al. MiDTv.1 0.855 

Pratik A Barot et al. MiDTv.2 0.768 

CMC 

Zhu et al. (2020) [130] 

WELM(L)  0.695 

WELM(B)  0.693 

WELM(E)  0.694 

SDA-WELM  0.692 

DA-WELM  0.688 

GA-WELM  0.691 

Pratik A Barot et al. ImbTree 0.755 

Pratik A Barot et al. MiDTv.1 0.525 

Pratik A Barot et al. MiDTv.2 0.595 

Wine-quality Red 

Zhao et al. (2020) [63] 
WHMBoost  0.600 

MEBoost,(2017) 0.096 

Zhu et al. (2020) [130] 

WELM(L)  0.746 

WELM(B)  0.761 

WELM(E)  0.756 

SDA-WELM  0.648 

DA-WELM  0.590 

GA-WELM  0.568 

Pratik A Barot et al. ImbTree 0.548 

Pratik A Barot et al. MiDTv.1 0.000 

Pratik A Barot et al. MiDTv.2 0.000 

 

Table 8.3 compares the AUC result of proposed cost-sensitive algorithms to existing 

algorithmic techniques. AUC-based performance evaluation is gathered from existing 
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research work for 13 datasets. Out of 13 datasets, the proposed algorithms produce the best 

results for 7 datasets. 

TABLE 8.3 AUC Comparison with Existing Algorithmic Techniques 

Dataset Research Work Name of Algorithm AUC 

Breast Cancer 

Bayrak et al. (2019)  [127] 

SMO 0.968 

LibSVM 0.964 

MPL 0.988 

Voted Perceptron 0.929 

Zhao et al. (2019) [44] 
Cost-insensitive SPFCNN + 

MLF 
0.948 

Pratik A Barot et al. ImbTree 0.970 

Pratik A Barot et al. MiDTv.1 0.945 

Pratik A Barot et al. MiDTv.2 0.936 

Yeast 

Chen et al. (2019) [52] 

RSFASID + J48 0.732 

CfsSubsetEval + J48 0.739 

SYMON + J48 0.730 

RSFASID + RF 0.795 

CfsSubsetEval + RF 0.773 

SYMON + RF 0.792 

RSFASID + NB 0.781 

RSFASID + NB 0.780 

RSFASID + NB 0.780 

Chaabane et al. (2019) [35] 

AECID 0.345 

AE 0.326 

OCE 0.351 

HD 0.347 

CF 0.344 

Roshan et al. (2020) [126] 
2obj 0.891 

3obj 0.767 

Pratik A Barot et al. ImbTree 0.866 

Pratik A Barot et al. MiDTv.1 0.714 

Pratik A Barot et al. MiDTv.2 0.550 

Ecoli 

Su et al. (2015) [13] 

AD+HDDT 0.902 

AD+C4.5 0.899 

AD+CART 0.891 

BAG+HDDT 0.951 

BAG+C4.5 0.955 

BAG+CART 0.911 

ROF+HDDT 0.989 

ROF+C4.5 0.991 

ROF+CART 0.990 

Chaabane et al. (2019) [35] 

AECID 0.435 

AE 0.421 

OCE 0.381 
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HD 0.412 

CF 0.359 

Roshan et al. (2020) [126] 
2obj 0.915 

3obj 0.909 

Pratik A Barot et al. ImbTree 0.912 

Pratik A Barot et al. MiDTv.1 0.919 

Pratik A Barot et al. MiDTv.2 0.917 

Pima Diabetes 

Chen et al. (2019) [52] 

RSFASID + J48 0.768 

CfsSubsetEval + J48 0.766 

SYMON + J48 0.756 

RSFASID + RF 0.824 

CfsSubsetEval + RF 0.792 

SYMON + RF 0.815 

RSFASID + NB 0.822 

RSFASID + NB 0.823 

RSFASID + NB 0.825 

Zhao et al. (2020) [63] 
WHMBoost  0.672 

MEBoost,(2017) 0.655 

Zhu et al. (2020) [130] 

WELM(L)  0.774 

WELM(B)  0.769 

WELM(E)  0.774 

SDA-WELM  0.774 

DA-WELM  0.775 

GA-WELM  0.766 

Pratik A Barot et al. ImbTree 0.889 

Pratik A Barot et al. MiDTv.1 0.695 

Pratik A Barot et al. MiDTv.2 0.705 

Shuttle 

Su et al. (2015) [13] 

AD+HDDT 1.000 

AD+C4.5 1.000 

AD+CART 0.965 

BAG+HDDT 1.000 

BAG+C4.5 1.000 

BAG+CART 1.000 

ROF+HDDT 1.000 

ROF+C4.5 1.000 

ROF+CART 1.000 

Pratik A Barot et al. ImbTree - 

Pratik A Barot et al. MiDTv.1 1.000 

Pratik A Barot et al. MiDTv.2 0.500 

Mammographic 

Mass 

Zhao et al. (2019) [44] 
Cost-insensitive SPFCNN + 

MLF 0.872 

Pratik A Barot et al. ImbTree 0.811 

Pratik A Barot et al. MiDTv.1 0.815 

Pratik A Barot et al. MiDTv.2 0.822 

Credit approval Chen et al. (2019) [52] RSFASID + J48 0.883 
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CfsSubsetEval + J48 0.873 

SYMON + J48 0.891 

RSFASID + RF 0.923 

CfsSubsetEval + RF 0.905 

SYMON + RF 0.934 

RSFASID + NB 0.919 

RSFASID + NB 0.889 

RSFASID + NB 0.904 

Pratik A Barot et al. ImbTree 0.830 

Pratik A Barot et al. MiDTv.1 0.845 

Pratik A Barot et al. MiDTv.2 0.844 

ILPD 

Lee et al. (2019) [39] AUC4.5 0.725 

Gan et al. (2020) [43] 

AdaC-TANBN (Proposed) 0.695 

AdaC1 0.671 

TANBN 0.602 

Pratik A Barot et al. ImbTree 0.799 

Pratik A Barot et al. MiDTv.1 0.534 

Pratik A Barot et al. MiDTv.2 0.567 

Car Evaluation 

Su et al. (2015) [13] 

AD+HDDT 0.992 

AD+C4.5 0.987 

AD+CART 0.947 

BAG+HDDT 0.986 

BAG+C4.5 0.984 

BAG+CART 0.990 

ROF+HDDT 0.993 

ROF+C4.5 0.988 

ROF+CART 0.992 

Zhao et al. (2020) [63] 
WHMBoost  0.982 

MEBoost,(2017) 0.969 

Pratik A Barot et al. ImbTree 0.996 

Pratik A Barot et al. MiDTv.1 0.930 

Pratik A Barot et al. MiDTv.2 0.955 

Wine-quality-white 

Lee et al. (2019) [39] AUC4.5 0.701 

Pratik A Barot et al. ImbTree 0.978 

Pratik A Barot et al. MiDTv.1 0.582 

Pratik A Barot et al. MiDTv.2 0.572 

Tic-tac-toe 
Chen et al. (2019) [52] 

RSFASID + J48 0.877 

CfsSubsetEval + J48 0.730 

SYMON + J48 0.884 

CfsSubsetEval + RF 0.819 

SYMON + RF 0.959 

RSFASID + NB 0.764 

RSFASID + NB 0.745 

RSFASID + NB 0.769 

Pratik A Barot et al. ImbTree 0.960 



Comparisons of Proposed Cost-Sensitive, Ensemble and Hybrid Algorithms with Conventional and 

State-of-The-Art Techniques 

183 
 

Pratik A Barot et al. MiDTv.1 0.858 

Pratik A Barot et al. MiDTv.2 0.768 

CMC 

Zhu et al. (2020) [130] 

WELM(L)  0.697 

WELM(B)  0.695 

WELM(E)  0.697 

SDA-WELM  0.694 

DA-WELM  0.691 

GA-WELM  0.693 

Lee et al. (2019) [39] AUC4.5 0.661 

Pratik A Barot et al. ImbTree 0.763 

Pratik A Barot et al. MiDTv.1 0.587 

Pratik A Barot et al. MiDTv.2 0.631 

Wine-quality Red 

Lee et al. (2019) [39] AUC4.5 0.727 

Zhao et al. (2020) [63] 
WHMBoost  0.725 

MEBoost,(2017) 0.615 

Zhu et al. (2020) [130] 

WELM(L)  0.754 

WELM(B)  0.764 

WELM(E)  0.760 

SDA-WELM  0.687 

DA-WELM  0.688 

GA-WELM  0.663 

Pratik A Barot et al. ImbTree 0.581 

Pratik A Barot et al. MiDTv.1 0.494 

Pratik A Barot et al. MiDTv.2 0.496 

 

The recall comparison is shown in Table 8.4. Compared to previous research, the proposed 

cost-sensitive algorithms have the best recall value for 8 out of 11 datasets. The recall is 

calculated for the positive minority class. Accurate prediction of the costly minority class 

yields a better benefit. 

TABLE 8.4 Recall Comparison with Existing Algorithmic Techniques 

Dataset Research Work Name of Algorithm Recall 

Breast Cancer 

Bayrak et al. (2019)  [127] 

SMO 0.970 

LibSVM 0.957 

MPL 0.954 

Voted Perceptron 0.910 

Devarriya et al. (2020) [49] 
DGP 0.987 

F2GP 0.991 

Pratik A Barot et al. ImbTree 0.996 

Pratik A Barot et al. MiDTv.1 0.946 

Pratik A Barot et al. MiDTv.2 0.967 

Yeast (YEast1) Chaabane et al. (2019) [35] 
AECID 0.499 

AE 0.469 
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OCE 0.494 

HD 0.501 

CF 0.469 

Pratik A Barot et al. ImbTree 0.791 

Pratik A Barot et al. MiDTv.1 0.488 

Pratik A Barot et al. MiDTv.2 0.127 

Ecoli (Ecoli1) 

Chaabane et al. (2019) [35] 

AECID 0.807 

AE 0.784 

OCE 0.688 

HD 0.739 

CF 0.668 

Pratik A Barot et al. ImbTree 0.850 

Pratik A Barot et al. MiDTv.1 0.850 

Pratik A Barot et al. MiDTv.2 0.850 

Pima Diabetes 

Lee et al. (2019) [39] AUC4.5 0.640 

Pratik A Barot et al. ImbTree 0.970 

Pratik A Barot et al. MiDTv.1 0.604 

Pratik A Barot et al. MiDTv.2 0.657 

Mammographic 

Mass 

Lee et al. (2019) [39] AUC4.5 0.918 

Pratik A Barot et al. ImbTree 0.784 

Pratik A Barot et al. MiDTv.1 0.760 

Pratik A Barot et al. MiDTv.2 0.800 

Credit approval 

Lee et al. (2019) [39] AUC4.5 0.879 

Pratik A Barot et al. ImbTree 0.782 

Pratik A Barot et al. MiDTv.1 0.821 

Pratik A Barot et al. MiDTv.2 0.837 

ILPD 

Lee et al. (2019) [39] AUC4.5 0.856 

Pratik A Barot et al. ImbTree 0.802 

Pratik A Barot et al. MiDTv.1 0.228 

Pratik A Barot et al. MiDTv.2 0.395 

Car Evaluation 

Lee et al. (2019) [39] AUC4.5 1.000 

Pratik A Barot et al. ImbTree 1.000 

Pratik A Barot et al. MiDTv.1 0.862 

Pratik A Barot et al. MiDTv.2 0.923 

Wine-quality-white 

Lee et al. (2019) [39] AUC4.5 0.734 

Pratik A Barot et al. ImbTree 0.966 

Pratik A Barot et al. MiDTv.1 0.177 

Pratik A Barot et al. MiDTv.2 0.154 

Tic-tac-toe 

Lee et al. (2019) [39] AUC4.5 0.694 

Pratik A Barot et al. ImbTree 1.000 

Pratik A Barot et al. MiDTv.1 0.795 

Pratik A Barot et al. MiDTv.2 0.738 

CMC 

Lee et al. (2019) [39] AUC4.5 0.604 

Pratik A Barot et al. ImbTree 0.655 

Pratik A Barot et al. MiDTv.1 0.324 
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Pratik A Barot et al. MiDTv.2 0.420 

 

The precision comparison is shown in Table 8.5. Our proposed algorithms show the most 

optimal precision value for 5 out of 11 datasets compared to existing research work. 

TABLE 8.5 Precision Comparison with Existing Algorithmic Techniques 

Dataset Research Work Name of Algorithm Precision 

Breast Cancer 

Bayrak, 2019  [RR index 23] 

SMO 0.970 

LibSVM 0.960 

MPL 0.954 

Voted Perceptron 0.919 

Pratik A Barot et al. ImbTree 0.902 

Pratik A Barot et al. MiDTv.1 0.898 

Pratik A Barot et al. MiDTv.2 0.844 

Yeast (YEast1) 

Chaabane et al. RR-18, 2019 

AECID 0.340 

AE 0.335 

OCE 0.319 

HD 0.338 

CF 0.295 

Pratik A Barot et al. ImbTree 0.728 

Pratik A Barot et al. MiDTv.1 0.620 

Pratik A Barot et al. MiDTv.2 0.477 

Ecoli (Ecoli1) 

Chaabane et al. RR-18, 2019 

AECID 0.444 

AE 0.471 

OCE 0.378 

HD 0.357 

CF 0.448 

Pratik A Barot et al. ImbTree 0.680 

Pratik A Barot et al. MiDTv.1 0.810 

Pratik A Barot et al. MiDTv.2 0.773 

Pima Diabetes 

Lee et al. (2019) [39] AUC4.5 0.737 

Pratik A Barot et al. ImbTree 0.730 

Pratik A Barot et al. MiDTv.1 0.602 

Pratik A Barot et al. MiDTv.2 0.589 

Memmographic 

Mass 

Lee et al. (2019) [39] AUC4.5 0.765 

Pratik A Barot et al. ImbTree 0.806 

Pratik A Barot et al. MiDTv.1 0.835 

Pratik A Barot et al. MiDTv.2 0.815 

Credit approval 

Lee et al. (2019) [39] AUC4.5 0.795 

Pratik A Barot et al. ImbTree 0.836 

Pratik A Barot et al. MiDTv.1 0.834 

Pratik A Barot et al. MiDTv.2 0.818 

ILPD 
Lee et al. (2019) [39] AUC4.5 0.690 

Pratik A Barot et al. ImbTree 0.612 
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Pratik A Barot et al. MiDTv.1 0.365 

Pratik A Barot et al. MiDTv.2 0.377 

Car Evaluation 

Lee et al. (2019) [39] AUC4.5 0.972 

Pratik A Barot et al. ImbTree 0.844 

Pratik A Barot et al. MiDTv.1 0.949 

Pratik A Barot et al. MiDTv.2 0.741 

Wine-quality-white 

Lee et al. (2019) [39] AUC4.5 0.689 

Pratik A Barot et al. ImbTree 0.786 

Pratik A Barot et al. MiDTv.1 0.344 

Pratik A Barot et al. MiDTv.2 0.346 

Tic-tac-toe 

Lee et al. (2019) [39] AUC4.5 0.890 

Pratik A Barot et al. ImbTree 0.869 

Pratik A Barot et al. MiDTv.1 0.841 

Pratik A Barot et al. MiDTv.2 0.660 

CMC 

Lee et al. (2019) [39] AUC4.5 0.682 

Pratik A Barot et al. ImbTree 0.597 

Pratik A Barot et al. MiDTv.1 0.386 

Pratik A Barot et al. MiDTv.2 0.438 

 

8.3 Comparison with State-of-The-Art Hybrid and Ensemble Techniques 

The proposed cost-sensitive algorithm ImbTree, hybrid RFMgini1, hybrid RFMgini2, 

hybrid MiDTv.1, hybrid MiDTv.2 are compared with the recent state-of-the-art ensemble 

and hybrid techniques. Figure 8.1 shows the comparative analysis. For this analysis, recent 

hybrid techniques-based research work proposed by various researchers, such as Gosain et 

al. [26], Cieslak et al. [111], Kamalov et al. [58], Bej et al. [131], Rayhan et al. [125], Huang 

et al. [132], Chaabane et al. [35], and Kaya et al. [133] are used. Researchers used different 

datasets and various performance evaluation parameters to evaluate their proposed work. 

The performance of our proposed algorithms is measured in terms of accuracy, recall, 

precision, g-mean, and ROC and compared with the existing research work results. 

Gosain et al. [26] give the result of naïve Bayesian with sampling techniques such as  

SMOTE, BSMOTE, ADASYN, SLSMOTE, FSMOTE. MetaSampling and SMOTE + 

Fractal Dimension were taken from the research work proposed by Cieslak et al. [111]. 

KNN+KDE, SVM+KDE, MLP+KDE are proposed by Kamalov et al. [58]. The LoRAS was 

proposed by Bej et al. [131]. Results of CUSBoost, SMOTEBoost, RUSBoost, and 

AdaBoost are taken from research work proposed by Rayhan et al. [125]. Huang et al. [132] 

evaluated their proposed RBSBagging technique and compared it with SMOTE-Boost 
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results. The results of AECID, SM-AECID, S2-AECID, Cc-AECID, NCc-AECID, SE-

AECID, SMRF-AECID, S2RF-AECID, CcRF-AECID, NCcRF-AECID, SERF-AECID are 

taken from the research work proposed by Chaabane et al. [35]. The results of the 

DEBOHID+DT, DEBOHID+SVM, and DEBOHID+KNN algorithms are taken from 

research work proposed by Kaya et al. [133]. Table 8.6 summarizes dataset-specific results 

from the recent state-of-the-art ensemble and hybrid research work and compares them to 

the proposed cost-sensitive hybrid and ImbTree. 

TABLE 8.6 Comparison with Existing State-of-The-Art Ensemble and Hybrid Techniques 

Dataset Model Name Accuracy Recall Precision F-measure G-mean ROC 

Breast Cancer 

NONE [26] 0.960 0.971 0.918 0.944 0.962 0.987 

SMOTE [26] 0.969 0.983 0.958 0.970 0.968 0.988 

BSMOTE [26] 0.963 0.974 0.948 0.961 0.964 0.987 

ADASYN [26] 0.967 0.981 0.956 0.968 0.967 0.987 

SLSMOTE [26] 0.968 0.981 0.957 0.969 0.967 0.987 

FSMOTE [26] 0.969 0.983 0.958 0.970 0.968 0.988 

Meta sampling[44]  0.876   0.882   

SMOTE + Fractal 

Dimension (2017) [44] 
0.862 

  0.871   

Cost-Sensitive Hybrid 

MiDTv.1 0.939 0.922 0.952 0.937 0.938 0.938 

Cost-Sensitive Hybrid 

MiDTv.2 0.897 0.991 0.832 0.905 0.892 0.897 

Cost-Sensitive Hybrid 

RFMgini1 0.963 0.965 0.960 0.962 0.963 0.963 

Cost-Sensitive Hybrid 

RFMgini2 0.907 0.993 0.847 0.914 0.904 0.908 

ImbTree 0.961 0.996 0.902 0.947 0.969 0.970 

        

Mammography 

NONE [26] 0.956 0.715 0.308 0.431 0.830 0.920 

SMOTE [26] 0.951 0.721 0.473 0.572 0.833 0.926 

BSMOTE [26] 0.953 0.751 0.456 0.568 0.850 0.940 

ADASYN [26] 0.947 0.604 0.403 0.484 0.763 0.882 

SLSMOTE [26] 0.954 0.766 0.473 0.585 0.858 0.942 

FSMOTE [26] 0.957 0.844 0.513 0.638 0.901 0.957 

KNN + KDE [58]    0.568 0.663  

SVM + KDE [58]    0.427 0.535  

MLP + KDE [58]    0.518 0.629  

LoRAS [131] 
   

0.511 
  

Cost-Sensitive Hybrid 

MiDTv.1 0.941 0.929 0.952 0.941 0.941 0.941 

Cost-Sensitive Hybrid 

MiDTv.2 0.656 0.991 0.593 0.742 0.564 0.656 

Cost-Sensitive Hybrid 

RFMgini1 0.938 0.925 0.950 0.938 0.938 0.938 
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Cost-Sensitive Hybrid 

RFMgini2 
0.648 0.990 0.588 0.738 0.550 0.648 

ImbTree 0.984 0.527 0.717 0.607 0.724 0.761 

        

Pima Diabetes 

NONE [26] 0.763 0.616 0.676 0.645 0.720 0.825 

SMOTE [26] 0.723 0.612 0.806 0.696 0.718 0.823 

BSMOTE [26] 0.727 0.573 0.729 0.642 0.695 0.817 

ADASYN [26] 0.682 0.513 0.755 0.611 0.657 0.789 

SLSMOTE [26] 0.726 0.617 0.805 0.699 0.721 0.831 

FSMOTE [26] 0.779 0.720 0.830 0.711 0.779 0.869 

KNN + KDE [58]    0.622 0.711  

SVM + KDE [58]    0.635 0.706  

MLP + KDE [58]    0.628 0.695  

CUSBoost [125]      0.668 

SOMTEBoost [125]      0.667 

RUSBoost [125]      0.680 

AdaBoost [125]      0.665 

RBSBagging [132]  0.681 0.707    

SMOTE-Boost [132]  0.604 0.692    

Cost-Sensitive Hybrid 

MiDTv.1 
0.726 0.736 0.723 0.729 0.726 0.726 

Cost-Sensitive Hybrid 

MiDTv.2 
0.752 0.839 0.715 0.772 0.746 0.751 

Cost-Sensitive Hybrid 

RFMgini1 
0.741 0.765 0.731 0.748 0.740 0.741 

Cost-Sensitive Hybrid 

RFMgini2 
0.746 0.855 0.703 0.771 0.737 0.745 

ImbTree 0.865 0.970 0.730 0.833 0.885 0.889 

        

Mammographic 

Mass 

Meta sampling[44]  0.876   0.882   

SMOTE + Fractal 

Dimension (2017) [44] 
0.851   0.862   

Cost-Sensitive Hybrid 

MiDTv.1 
0.802 0.785 0.812 0.798 0.802 0.802 

Cost-Sensitive Hybrid 

MiDTv.2 
0.809 0.795 0.817 0.806 0.809 0.809 

Cost-Sensitive Hybrid 

RFMgini1 
0.816 0.806 0.821 0.813 0.816 0.816 

Cost-Sensitive Hybrid 

RFMgini2 
0.825 0.828 0.821 0.825 0.825 0.825 

ImbTree 0.813 0.784 0.806 0.795 0.810 0.811 

        

Yeast (YEast1) 

AECID [35] 0.758 0.499 0.340 0.404 0.635  

SM-AECID [35] 0.736 0.532 0.319 0.399 0.643  

S2-AECID [35] 0.783 0.625 0.398 0.487 0.713  

Cc-AECID [35] 0.592 0.704 0.244 0.362 0.633  

NCc-AECID [35] 0.632 0.636 0.253 0.362 0.633  

SE-AECID [35] 0.695 0.676 0.307 0.422 0.687  

SMRF-AECID [35] 0.789 0.587 0.403 0.478 0.698  

S2RF-AECID [35] 0.783 0.625 0.398 0.487 0.713  
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CcRF-AECID [35] 0.597 0.814 0.265 0.399 0.672  

NCcRF-AECID [35] 0.643 0.748 0.281 0.408 0.682  

SERF-AECID [35] 0.718 0.720 0.334 0.456 0.718  

KNN + KDE [58]    0.293 0.465  

SVM + KDE [58]    0.380 0.504  

MLP + KDE [58]    0.317 0.623  

CUSBoost [125]      0.790 

SOMTEBoost [125]      0.765 

RUSBoost [125]      0.801 

AdaBoost [125]      0.784 

Cost-Sensitive Hybrid 

MiDTv.1 
0.833 0.849 0.822 0.835 0.832 0.833 

Cost-Sensitive Hybrid 

MiDTv.2 
0.507 0.996 0.504 0.669 0.130 0.506 

Cost-Sensitive Hybrid 

RFMgini1 
0.823 0.821 0.825 0.823 0.823 0.823 

Cost-Sensitive Hybrid 

RFMgini2 
0.489 0.589 0.491 0.536 0.478 

0.489 

ImbTree 0.917 0.791 0.728 0.758 0.863 0.866 

        

Ecoli (Ecoli1) 

AECID [35] 0.929 0.807 0.444 0.573 0.870  

SM-AECID [35] 0.920 0.771 0.405 0.531 0.847  

S2-AECID [35] 0.899 0.757 0.341 0.470 0.829  

Cc-AECID [35] 0.857 0.793 0.267 0.399 0.826  

NCc-AECID [35] 0.857 0.743 0.259 0.384 0.802  

SE-AECID [35] 0.872 0.871 0.298 0.444 0.872  

SMRF-AECID [35] 0.902 0.820 0.356 0.496 0.863  

S2RF-AECID [35] 0.881 0.848 0.315 0.459 0.866  

CcRF-AECID [35] 0.872 0.873 0.298 0.445 0.873  

NCcRF-AECID [35] 0.860 0.873 0.279 0.423 0.867  

SERF-AECID [35] 0.872 0.921 0.305 0.458 0.895  

KNN + KDE [58]    0.691 0.753  

SVM + KDE [58]    0.709 0.659  

MLP + KDE [58]    0.724 0.762  

CUSBoost [125]      0.666 

SOMTEBoost [125]      0.675 

RUSBoost [125]      0.677 

AdaBoost [125]      0.646 

DEBOHID + DT [133]     0.818 0.838 

DEBOHID + SVM  [133]     0.956 0.958 

DEBOHID + KNN  [133]     0.902 0.906 

Cost-Sensitive Hybrid 

MiDTv.1 0.973 0.966 0.981 0.973 0.973 0.973 

Cost-Sensitive Hybrid 

MiDTv.2 0.923 0.984 0.877 0.928 0.920 0.923 

Cost-Sensitive Hybrid 

RFMgini1 0.975 0.984 0.966 0.975 0.975 0.975 

Cost-Sensitive Hybrid 

RFMgini2 0.939 0.991 0.898 0.942 0.937 0.938 
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ImbTree 0.967 0.850 0.680 0.756 0.910 0.912 

        

Wine-quality-

white 

KNN + KDE [58]    0.335 0.527  

SVM + KDE [58]    0.287 0.440  

MLP + KDE [58]    0.299 0.449  

LoRAS [131]  
  

0.197 
  

Cost-Sensitive Hybrid 

MiDTv.1 0.845 0.941 0.790 0.859 0.840 0.845 

Cost-Sensitive Hybrid 

MiDTv.2 0.802 0.967 0.727 0.830 0.785 0.802 

Cost-Sensitive Hybrid 

RFMgini1 0.842 0.926 0.792 0.854 0.837 0.842 

Cost-Sensitive Hybrid 

RFMgini2 0.803 0.974 0.726 
0.832 0.784 

0.803 

ImbTree 0.990 0.966 0.786 0.867 0.978 0.978 

        

CMC 

RBSBagging [132]  0.681 0.421 0.520   

SMOTE-Boost [132]  0.629 0.378 0.472   

Cost-Sensitive Hybrid 

MiDTv.1 0.796 
0.783 0.803 0.792 

0.796 0.796 

Cost-Sensitive Hybrid 

MiDTv.2 0.695 
0.942 0.630 0.755 

0.652 0.696 

Cost-Sensitive Hybrid 

RFMgini1 0.787 
0.784 0.787 0.785 

0.787 0.787 

Cost-Sensitive Hybrid 

RFMgini2 0.683 
0.920 0.623 0.743 

0.641 0.683 

ImbTree 0.822 0.655 0.597 0.625 0.755 0.763 

        

CAR 

RBSBagging [132]  0.974 0.985 0.979   

SMOTE-Boost [132]  0.979 0.963 0.971   

Cost-Sensitive Hybrid 

MiDTv.1 0.998 
1.000 0.996 0.998 

0.998 0.998 

Cost-Sensitive Hybrid 

MiDTv.2 0.998 
1.000 0.996 0.998 

0.998 0.998 

Cost-Sensitive Hybrid 

RFMgini1 0.995 
1.000 0.989 0.995 

0.995 0.995 

Cost-Sensitive Hybrid 

RFMgini2 0.853 
0.709 0.975 0.821 

0.834 0.846 

ImbTree 0.999 1.000 0.844 0.915 0.996 0.996 
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FIGURE 8.1 Comparison with Recent Hybrid Techniques: For CAR, CMC, Wine-quality red, Ecoli, 

Yeast, Mammography mass, Diabetes, Mammography, Breast cancer Datasets 
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As shown in Fig. 8.1, in 7 out of 8 datasets, our proposed algorithms have the highest 

accuracy.  The ImbTree outperforms other algorithms in 6 out of 8 datasets in terms of 

accuracy. The proposed algorithms outperform the compared methods for all nine datasets 

in terms of recall. Compared to all other methods, the cost-sensitive hybrid RFMgini2 and 

the hybrid-MiDTv.2 have the most optimal recall value. Our proposed algorithms provide 

the most optimal precision for 6 datasets, the most optimal g-mean value for 9 datasets, and 

the most optimal ROC value for 7 datasets. 
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CHAPTER-9 

Conclusion and Future Work 

9.1 Conclusion 

In pandemic times, the importance of a machine learning algorithm is recognized for 

unbalanced medical data. The traditional classifiers are built for symmetric class 

distribution. They used data-level sampling techniques to address the class imbalance. Data 

level sampling techniques have been widely used for unbalanced data for more than two 

decades and improve accuracy at the cost of increased learning time and loss of information. 

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

adversely affect the classification performance. We presented a detailed experimental study 

to identify data difficulties within datasets and demonstrated their impact on classifier 

performance. We highlighted the biased performance evaluation of conventional parameters 

for unbalanced data classification. We proposed a cost-sensitive evaluation parameter called 

IRWMean and a balanced metric called BMean for unbalanced data having an unbalanced 

misclassification cost. The proposed evaluation measures consider the misclassification cost 

in performance evaluation. 

When there is a significant difference in misclassification costs of minority and majority 

classes, the machine learning algorithms should reduce misclassification costs rather than 

improving the accuracy. Data-level sampling techniques are not recommended for datasets 

with a high imbalance ratio and uneven misclassification cost. The performance of 

traditional decision tree algorithms suffers due to the unbalanced class distribution. The 

decision tree's existing splitting measures are biased towards the majority class, causing the 

decision tree to prefer the majority class. To improve performance for unbalanced data, we 

used three approaches: cost-sensitive, ensemble, and hybrid learning. To propose cost-

sensitive decision tree models, we proposed new cost-sensitive splitting measures called 

Mgini v.1, Mgini v.1.2, LSSDT, and Mgini v.2. These asymmetric splitting measures 

prioritize the splitting subsets having costly minority class dominance. Using the proposed 

new cost-sensitive splitting measures, we proposed four models called MiDTv.1, 

MiDTv.1.2, LSSDT, and MiDTv.2. From the proposed models, except for LSSDT, the other 
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three models show improved results compared to the traditional decision tree algorithms. 

The proposed MiDTv.1 and MiDTv.2 models show promising results for minority class 

prediction compared to the traditional decision tree algorithms and SVM.  

In the comparison of the traditional decision tree classifiers CART and J48, our proposed 

MiDT algorithm reduces misclassification costs by more than 10%. The MiDTv.1 gives the 

least misclassification cost in Covid-19 prediction than the CART, J48, and SVM. The 

MiDT's misclassification cost is less than half of the SVM, demonstrating the MiDT's 

importance for the unbalanced data. Compared to the CART algorithm, the MiDT algorithm 

nearly doubles the minority class prediction rate for the mammography dataset. The 

MiDTv.1 and MiDTv.2 improve unbalanced data classification and lower the 

misclassification costs without data-level sampling. The MiDTv.2 get the 1st rank, and the 

MiDTv.1 get the 2nd rank when compared with the conventional tree-based classifiers and 

SVM. The MiDT models outperform their predecessors - the CART algorithm for most 

datasets. The proposed LSSDT model shows good predictive performance for the majority 

class.  

As an ensemble approach, we proposed RFMgini – a modified random forest algorithm that 

uses proposed Mgini as a splitting measure. Results suggest that the proposed RFMgini has 

superior results than the traditional random forest algorithm. However, the bagging 

technique used in the random forest model reduces the minority class representation, which 

degrades the algorithm’s performance. 

Many researchers have recently favored the hybridization of cost-sensitive and data 

sampling methods. We proposed hybridization of proposed cost-sensitive algorithms MiDT 

and RFMgini with data oversampling to propose hybrid MiDTv.1, hybrid MiDTv.1.2, 

hybrid MiDTv.2, hybrid RFMgini1, and hybrid RFMgini2. We use a cost-sensitive and cost-

insensitive hybrid methodology. The cost-sensitive hybrid models outperform the cost-

insensitive hybrid models. The hybrid MiDTv.2 outperformed other proposed hybrid 

models and traditional algorithm-based hybrid models when tested on 17 real-world 

datasets. 

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

majority class bias. Feature selection and weighting are effective cost-sensitive 

methodologies. The ImbTree extracts the exclusive relationship between the features and 

the target class and uses it to assign weight to the features. The proposed Msplit uses feature 

weight to prioritize the costly minority class and ensure branches correspond to the minority 
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class. Results suggest that ImbTree gives the best result compared to the recent cost-

sensitive algorithms such as AUC4.5, PSO-SVM, FOA-SVM, and IGSAGAW-CSSVM. 

Results of the proposed models are found statistically significant when evaluated using 

ANOVA and Friedman methods. The ImbTree algorithms show the least misclassification 

cost compared to the other recent state-of-the-art algorithms, including the proposed MiDT 

and RFMgini. The ImbTree gives optimal performance without data level balancing 

techniques. Compared to recent state-of-the-art ensemble and hybrid models, the ImbTree 

gives a competitive performance.  

9.2 Scope of the Future Work 

The proposed LSSDT can be tweaked in the future to prioritize the minority class. The 

exclusive causal extraction process can be further enhanced for a large dimensional space 

of the image's feature set. A new and improved bagging technique that ensures adequate 

representation of the minority class is required in the future to earn the most of the benefits 

of the ensemble approach. More research to incorporate minority class-specific weighting 

parameters in a neural network can be shown to be cost-effective for image classification. 
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APPENDIX-A: Dataset Description 

TABLE A.1 Dataset Description 

Sr. 

No. 
Dataset % of 

Minority 

Class description 

(Minority, Majority) 

# 

Instances 

#Attributes Missing 

values 
Continuous Discrete 

1 Banknote 

authentication  

13.99%  (1, 0)  886  4  0  y  

2 Car Evaluation  3.76%  (v. good, reminders)  1728  0  6  n  

3 Pima Indians 

Diabetes  

34.90%  (1, 0)  768  8  0  y  

4 Ecoli  5.95%  (outer mumbrane, 

remainders)  

336  8  1  n  

5 ILPD  28.64%  (2, 1)  583  9  1  n  

6 Nursery  2.53%  (very_recom, reminders)  12960  0  9  n  

7 Wine Quality - Red  1.13%  (8, reminders)  1599  12  0  n  

8 Wine Quality - 

White  

17.97%  (7, reminders)  4898  12  0  n  

9 Yeast  16.44%  (MIT, reminders)  1484  8  0  y  

10 Mammographic 

Mass  

46.31%  (malignant, benign)  961  5  0  n  

11 Tic-Tac-Toe 

Endgame  

34.66%  (negative, positive)  958  0  9  n  

12 Credit Approval  44.49%  (+, -)  690  6  9  y  

13 Contraceptive 

Method Choice  

22.61%  (Long-term, reminders)  1473  9  0  n  

14 Wisconsin Breast 

Cancer 

34.47% (Malignant, Benign) 699 9 0 y 

15 HIV 23.07% (cleaved, non- cleaved) 1625 0 1(8) n  

16 Shuttle 1.47% (-1,1) 3316 9 0 n  

17 Mammography 2.32% (calcifications, non-

calcifications) 

11183 6 0 n  
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APPENDIX-B: Detailed Classification Results 

TABLE B.1 MiDTv.1 and MiDTv.2 Results  

 MiDTv.1 MiDTv.2 

Dataset Accu Minacc MajAcc Gmean AUC Precision MisCost Accu Minacc MajAcc Gmean AUC Precision MisCost 

Banknote 0.974 0.979 0.970 0.974 0.974 0.963 0.051 0.947 0.977 0.923 0.949 0.950 0.910 0.091 

Car 0.993 0.862 0.998 0.927 0.930 0.949 3.543 0.985 0.923 0.987 0.955 0.955 0.741 1.969 

Diabetes 0.723 0.604 0.786 0.689 0.695 0.602 0.853 0.720 0.657 0.754 0.704 0.705 0.589 0.772 

Ecoli 0.979 0.850 0.987 0.916 0.919 0.810 2.371 0.976 0.850 0.984 0.915 0.917 0.773 2.371 

ILPD 0.665 0.228 0.841 0.438 0.534 0.365 1.988 0.640 0.395 0.738 0.540 0.567 0.377 1.612 

Nursery 0.986 0.748 0.992 0.862 0.870 0.718 9.626 0.997 0.952 0.998 0.974 0.975 0.921 1.856 

Wine quality 
Red 0.976 0.000 0.987 0.000 0.494 0.000 87.833 0.981 0.000 0.992 0.000 0.496 0.000 87.833 

Wine quality 

white 0.959 0.177 0.988 0.418 0.582 0.344 22.208 0.959 0.154 0.989 0.391 0.572 0.346 22.825 

Yeast 0.867 0.488 0.941 0.677 0.714 0.620 2.615 0.834 0.127 0.973 0.352 0.550 0.477 4.442 

Mammographic 

Mass 0.819 0.760 0.870 0.813 0.815 0.835 0.391 0.800 0.800 0.843 0.821 0.822 0.815 0.367 

tic-tac-toe 0.877 0.795 0.920 0.855 0.858 0.841 0.429 0.778 0.738 0.799 0.768 0.768 0.660 0.601 

Credit approval 0.848 0.821 0.869 0.845 0.845 0.834 0.328 0.838 0.837 0.851 0.844 0.844 0.818 0.322 

Contraceptive 

Method Choice 0.731 0.324 0.849 0.525 0.587 0.386 2.357 0.747 0.420 0.842 0.595 0.631 0.438 2.030 

Wisconsin 

Breast Cancer 0.943 0.946 0.943 0.945 0.945 0.898 0.132 0.927 0.967 0.906 0.936 0.936 0.844 0.112 

HIV 0.895 0.744 0.936 0.834 0.840 0.777 0.873 0.858 0.859 0.857 0.858 0.858 0.643 0.514 

Shuttle 1.000 1.000 1.000 1.000 1.000 1.000 0.000 0.985 0.000 1.000 0.000 0.500 0.000 66.673 

Mammography 0.984 0.515 0.991 0.715 0.753 0.578 20.360 0.980 0.565 0.990 0.748 0.778 0.574 18.259 

 

TABLE B.2 Classification Results Comparisons (AUC) 

Dataset MiDTv.1 MiDTv.2 

RFMgini 

1.0 

RFMgini 

2.0 CART J48 SVM RF 

Banknote 0.974252 0.949811 0.986059 0.963749 0.969661 0.985405 0.982283 0.969825 

Car 0.929867 0.955225 0.838161 0.844651 0.957329 0.998497 0.752644 0.73756 

Diabetes 0.695239 0.705358 0.64894 0.708955 0.704373 0.705507 0.719522 0.679851 

Ecoli 0.918671 0.917089 0.798418 0.825 0.917089 0.840506 0.7 0.673418 

ILPD 0.534446 0.566595 0.556037 0.588165 0.529048 0.585322 0.5 0.508658 

Nursery 0.870402 0.974689 0.533096 0.53162 0.870402 0.852408 0.8542 0.554268 

Wine quality Red 0.493675 0.495889 0.5 0.499684 0.494307 0.5 0.5 0.499684 

Wine quality white 0.582325 0.571744 0.556508 0.547936 0.571744 0.579575 0.5 0.561269 

Yeast 0.714417 0.549815 0.696953 0.5 0.723017 0.715124 0.555394 0.706861 

Mammographic Mass 0.814853 0.821512 0.799813 0.805544 0.795782 0.822635 0.79573 0.798998 

tic-tac-toe 0.857654 0.768337 0.849532 0.810828 0.816992 0.829906 0.975904 0.82879 

Credit approval 0.845149 0.844154 0.823989 0.842849 0.829522 0.858515 0.856473 0.812589 

Contraceptive Method 

Choice 
0.586724 0.631263 0.570456 0.603912 0.586166 0.613359 0.5 

0.608804 

Wisconsin Breast Cancer 0.944645 0.936459 0.948355 0.941374 0.941478 0.943988 0.967136 0.958837 

HIV 0.84 0.857733 0.819333 0.820267 0.842 0.863333 0.925067 0.866533 

Shuttle 1 0.5 0.999694 0.938469 1 1 0.877551 0.969388 

Mammography 0.753206 0.777703 0.766301 0.721795 0.740339 0.771109 0.561538 0.781731 
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TABLE B.3 Classification Results Comparisons (Recall) 

Dataset MiDTv.1 MiDTv.2 

RFMgini 

1.0 

RFMgini 

2.0 CART J48 SVM RF 

Banknote 0.978689 0.977049 0.991803 0.991803 0.972131 0.985246 1 0.97377 

Car 0.861538 0.923077 0.676923 0.692308 0.923077 1 0.507692 0.476923 

Diabetes 0.604478 0.656716 0.473881 0.66791 0.600746 0.597015 0.541045 0.559701 

Ecoli 0.85 0.85 0.6 0.65 0.85 0.7 0.4 0.35 

ILPD 0.227545 0.39521 0.251497 0.431138 0.221557 0.341317 0 0.197605 

Nursery 0.748485 0.951515 0.066667 0.063636 0.748485 0.709091 0.712121 0.109091 

Wine quality white 0.177143 0.154286 0.114286 0.097143 0.154286 0.165714 0 0.125714 

Yeast 0.487705 0.127049 0.422131 0 0.504098 0.47541 0.118852 0.45082 

Mammographic Mass 0.759551 0.8 0.766292 0.793258 0.764045 0.802247 0.833708 0.768539 

tic-tac-toe 0.795181 0.737952 0.746988 0.759036 0.713855 0.762048 0.951807 0.71988 

Credit approval 0.820847 0.837134 0.765472 0.837134 0.781759 0.837134 0.921824 0.742671 

Contraceptive Method 

Choice 0.324324 0.42042 0.21021 0.297297 0.315315 0.315315 0 0.291291 

Wisconsin Breast Cancer 0.946058 0.966805 0.929461 0.987552 0.941909 0.929461 0.962656 0.946058 

HIV 0.744 0.858667 0.690667 0.789333 0.744 0.778667 0.893333 0.746667 

Shuttle 1 0 1 0.877551 1 1 0.755102 0.938776 

Mammography 0.515385 0.565385 0.534615 0.446154 0.484615 0.546154 0.123077 0.565385 

 

TABLE B.4 Hybrid-MiDTv.1 Results 

Dataset Accuracy Minacc MajAcc Gmean AUC Precision MisCost IRWMean B-Mean 

Banknote 0.980 0.984 0.975 0.980 0.980 0.975 0.040 0.981 0.980 

Car 0.998 1.000 0.996 0.998 0.998 0.996 0.000 1.000 0.999 

Diabetes 0.726 0.736 0.716 0.726 0.726 0.723 0.646 0.731 0.729 

Ecoli 0.973 0.966 0.981 0.973 0.973 0.981 0.544 0.966 0.969 

ILPD 0.718 0.772 0.663 0.716 0.718 0.697 0.703 0.757 0.738 

Nursery 0.987 0.991 0.983 0.987 0.987 0.983 0.340 0.991 0.989 

Wine quality Red 0.951 0.977 0.925 0.951 0.951 0.929 1.997 0.977 0.964 

Wine quality 

white 0.845 0.941 0.750 0.840 0.845 0.790 1.614 0.940 0.893 

Yeast 0.833 0.849 0.816 0.832 0.833 0.822 0.804 0.848 0.840 

Mammographic 

Mass 0.802 0.785 0.820 0.802 0.802 0.812 0.405 0.800 0.801 

tic-tac-toe 0.826 0.841 0.810 0.825 0.826 0.817 0.400 0.834 0.830 

Credit approval 0.847 0.836 0.859 0.847 0.847 0.856 0.318 0.845 0.846 

Contraceptive 

Method Choice 0.796 0.783 0.809 0.796 0.796 0.803 0.800 0.785 0.790 

Wisconsin Breast 

Cancer 0.939 0.922 0.954 0.938 0.938 0.952 0.172 0.929 0.934 

HIV 0.855 0.867 0.844 0.855 0.855 0.847 0.490 0.865 0.860 

Shuttle 1.000 0.999 1.000 1.000 1.000 1.000 0.061 0.999 0.999 

Mammography 0.941 0.929 0.953 0.941 0.941 0.952 2.975 0.929 0.935 

 



APPENDIX-B: Detailed Classification Results 

211 
 

TABLE B.5 Hybrid-MiDTv.2 Results 

Dataset Accuracy Minacc MajAcc Gmean AUC Precision MisCost IRWMean B-Mean 

Banknote 0.957 0.992 0.921 0.956 0.957 0.926 0.073 0.964 0.961 

Car 0.998 1.000 0.996 0.998 0.998 0.996 0.000 1.000 0.999 

Diabetes 0.752 0.839 0.664 0.746 0.751 0.715 0.481 0.800 0.776 

Ecoli 0.923 0.984 0.861 0.920 0.923 0.877 0.256 0.984 0.953 

ILPD 0.699 0.851 0.546 0.682 0.698 0.653 0.553 0.809 0.754 

Nursery 0.697 1.000 0.394 0.627 0.697 0.623 0.016 1.000 0.848 

Wine quality Red 0.486 0.386 0.586 0.476 0.486 0.483 53.902 0.386 0.436 

Wine quality 

white 0.802 0.967 0.637 0.785 0.802 0.727 0.899 0.967 0.884 

Yeast 0.507 0.996 0.017 0.130 0.506 0.504 0.214 0.959 0.733 

Mammographic 

Mass 0.809 0.795 0.824 0.809 0.809 0.817 0.390 0.807 0.808 

tic-tac-toe 0.782 0.870 0.693 0.777 0.782 0.741 0.408 0.831 0.806 

Credit approval 0.851 0.867 0.836 0.851 0.851 0.841 0.298 0.855 0.853 

Contraceptive 

Method Choice 0.695 0.942 0.451 0.652 0.696 0.630 0.360 0.903 0.799 

Wisconsin Breast 

Cancer 0.897 0.991 0.803 0.892 0.897 0.832 0.120 0.950 0.924 

HIV 0.717 0.962 0.471 0.673 0.717 0.645 0.284 0.922 0.819 

Shuttle 0.495 0.394 0.595 0.484 0.495 0.493 40.378 0.395 0.445 

Mammography 0.656 0.991 0.321 0.564 0.656 0.593 0.405 0.990 0.823 

  

 


