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Abstract 

 

 

Class imbalance is a common challenge in real-world datasets. In critical applications such as 

medical diagnosis, intrusion detection, fault detection, and disease identification. In most of these 

cases, the positive examples are very rare. For this, machine learning models often get biased 

towards to negative class and identify any unseen samples as negative class examples. This 

imbalance mostly favors the majority class, resulting in poor prediction performance for the 

minority class. This thesis thoroughly evaluates various state-of-the-art methods for addressing 

class imbalance over 100+ datasets with different imbalance ratios. A through experimental 

analysis have been done to find out the patterns of the outcomes. By experimenting with numerous 

sampling strategies, including under-sampling, over-sampling, and hybrid approaches, this study 

highlights the strengths and weaknesses of each technique. Additionally, we explored the impact 

of class overlap, a condition where instances of different classes share similar features, further 

complicating predictive modeling. The findings underscore the necessity of combining sampling 

methods with cost-sensitive learning to improve prediction accuracy and generalization. The 

research introduces novel hybrid approaches that optimize the balance between majority and 

minority classes, demonstrating significant improvements in performance. These advancements 

contribute valuable insights and methodologies for future research and practical applications in 

handling imbalanced data. 
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Chapter 1 

Introduction 

The majority of real-world datasets contain some degree of imbalance. The data may be very 

distorted, particularly in some important applications. It becomes very difficult for the machine 

learning classifier to learn from the skewed data sets. So, to create a trustworthy prediction 

framework, the appropriate measures must be taken to solve the class imbalance issue [[1]. 

Predictive modeling frequently faces class imbalance, especially in the medical field. The majority 

and minority classes in many real-world applications, such as the prediction of complications from 

myocardial infarction, and Intrusion Detection System are notably imbalanced in datasets. The 

minority class, which is usually the class of more interest in different settings, experiences subpar 

prediction performance as a result of this imbalance, which biases machine learning (ML) 

algorithms toward the majority class. Many methods have been developed to address this issue, 

but their success varies across different datasets and levels of imbalance. This thesis aims to 

thoroughly evaluate the performance of various advanced methods on different imbalanced 

datasets, highlighting the strengths and weaknesses of each approach. An uneven distribution of 

classes, where the minority class is considerably underrepresented in comparison to the majority 

class, is a common feature of imbalanced datasets. To address the effectiveness of various 

imbalance handling strategies, the study entailed a great deal of experimentation on more than 100 

datasets with different imbalance ratios. The datasets cover a wide range of imbalance ratios, from 

slightly skewed distributions to highly skewed ones. For example, in certain datasets, the minority 

class makes up about 30–40% of the total samples, resulting in a relatively low imbalance ratio. 

The minority class may make up between 10 and 20 percent of the samples in other datasets. 

Prediction performance can be enhanced and the class imbalance problem efficiently addressed by 

sampling strategies. But the main factors that determine success are the resampling technique used 

and other intrinsic properties of the data, like class overlap, noisy sample presence, imbalance ratio 

(IR), etc.[2] 

 

1.1      Class Imbalance and Class Overlap: 

1.1.1   Class Imbalance: 

Class imbalance affects many real-world applications and is a major difficulty in predictive 

modeling. It happens when there are disproportionately more instances of one class (the majority 

class) in the dataset than in the other class (the minority class). The machine learning algorithms 

become biased in favor of the majority class because of this data imbalance. The minority class is 

frequently of greater relevance in many domains, such as fraud detection, disease diagnosis, 

intrusion detection, and customer churn prediction, because it represents the essential occurrences 

that must be accurately detected. For example, in the minority class of medical diagnosis, there 

may be examples of uncommon but critical illnesses that, although underrepresented in the dataset, 

require proper detection. Reducing class disparity is essential to creating accurate prediction 
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models. Commonly employed methods include under-sampling, which lowers the number of 

majority class samples, and oversampling, which raises the number of minority class samples. To 

enhance model performance, hybrid approaches that combine these techniques with cost-sensitive 

learning—giving larger penalties for incorrectly categorizing instances of minority classes—are 

also used. Recently, Generative adversarial network is also used to produce examples of minority 

classes [3]. By balancing the class distribution and improving the model's capacity to correctly 

anticipate the minority class, these techniques contribute to the development of more reliable and 

efficient prediction systems in a variety of domains. 

Imbalance ratio (IR)) = 
𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑚𝑎𝑗𝑜𝑟𝑖𝑡𝑦 𝑐𝑙𝑎𝑠𝑠 𝑠𝑎𝑚𝑝𝑙𝑒𝑠

𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑚𝑖𝑛𝑜𝑟𝑖𝑡𝑦 𝑐𝑙𝑎𝑠𝑠 𝑠𝑎𝑚𝑝𝑙𝑒𝑠
  (1.1) 

 

 

 1.1.2   Class Overlap: 

Predictive modeling is further complicated by the essential problem of class overlap in imbalanced 

datasets. When instances of the majority class and the minority class have similar traits, it is called 

class overlap, and this makes it harder for ML models to distinguish between the two. Predictive 

model performance can be severely harmed by this overlap since it complicates the decision 

boundaries and increases the rate of misclassification. Because the ML models with imbalanced 

datasets are already biased towards the majority class as a result of the imbalance, the problem of 

class overlap is made more difficult. This bias makes it more likely that occurrences of the minority 

class will be mistakenly identified as belonging to the majority class when classes overlap [4].  

This overlap raises the possibility of incorrectly identifying occurrences of the minority class. To 

address this, several techniques are used, including cost-sensitive learning to assign higher 

penalties for misclassifying minority classes, advanced sampling techniques like SMOTE to 

generate better representative samples, and ensemble methods like Balanced Random Forest to 

integrate multiple weak learners for better handling of overlapping classes. These solutions 

improve overall performance in many real-world applications by effectively addressing class 

overlap and enhancing the model's capacity to forecast minority class instances. 

Class overlap has not been mathematically well characterized, and no standard measurement 

exists. This research adapts a measure from Garcia et al. [5] to calculate the overlap degree 

concerning the minority class area, addressing potential biases caused by class imbalance. 

Degree of Overlap (%) = 
𝑜𝑣𝑒𝑟𝑙𝑎𝑝𝑖𝑛𝑔 𝑎𝑟𝑒𝑎

𝑚𝑖𝑛𝑜𝑟𝑖𝑡𝑦 𝑐𝑙𝑎𝑠𝑠 𝑎𝑟𝑒𝑎
∗ 100   (1.2) 
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1.2    Motivation 

Imbalanced data is a common and important problem in the fields of machine learning and data 

mining. Datasets that exhibit a considerable overrepresentation in one class relative to other classes 

are considered imbalanced. Predictive model performance and dependability are severely 

hampered by this mismatch. Here, we experimented some ways to tackle the issue of learning from 

imbalanced data. 

Firstly, in Real-World Applications, ensuring effective learning from imbalanced data is essential 

for deploying robust and reliable machine learning models in these domains, where the minority 

class often represents the most critical outcomes. Imbalanced data is common in many real-world 

applications, such as fraud detection, where fraudulent transactions are much rarer than legitimate 

ones, and medical diagnosis, where certain diseases are significantly less common than others. 

Secondly, Performance Degradation of Standalone Algorithms, when used to imbalanced datasets, 

traditional machine learning techniques often presume a balanced class distribution and hence 

perform poorly. Low prediction accuracy for the minority class is caused by this bias towards the 

dominant class. This might result in potentially disastrous outcomes in situations such as medical 

diagnosis, when uncommon but critical illnesses go unidentified. Creating strategies to address 

class imbalance is crucial to raising these models' overall effectiveness and dependability. 

Thirdly, Societal and Ethical Implications, ignoring class disparity can have serious negative 

effects on society and ethics, particularly when it comes to applications that deal with justice and 

equity. Minority groups may, for example, be underrepresented in loan approval procedures, which 

can produce biased results and reinforce prejudice. By addressing imbalanced data, models 

become more egalitarian and fairer, advancing social justice and lowering systematic prejudice. 

Fourthly, Advancements in Machine Learning Techniques and the problem of imbalanced data 

have led to significant progress in machine learning. Scholars have devised an array of tactics, 

including cost-sensitive learning, resampling techniques (oversampling the minority class or 

under-sampling the majority class), and specialized algorithms intended to better manage 

imbalance. These developments not only enhance model performance on imbalanced datasets but 

also add significant new techniques and perspectives to the machine learning community at large. 

Another one is Improved Decision-Making. Precise forecasts for the underrepresented group are 

frequently essential for efficient decision-making across diverse fields. For example, finding 

uncommon failure occurrences in predictive maintenance can save expensive downtime and 

increase operational effectiveness. Accurately identifying uncommon diseases in the medical field 

can result in early treatments and improved patient outcomes. Through an emphasis on learning 

from imbalanced data, we may improve our ability to make decisions in a variety of contexts. 
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1.3     Research Objectives:   

 

This study's main goal is to thoroughly assess and improve the application of diverse sampling 

strategies in order to address the problem of class imbalance in predictive modeling. In 

particular, we approached to, 

I) Examine the Effects of Sampling Methodologies:  

Perform a thorough experimental investigation to determine the advantages and disadvantages of 

both widely used and cutting-edge sampling strategies. To ensure thorough examination, a 

variety of 100 datasets with different imbalance ratios are used. Examine more than 35 distinct 

sample strategies, both established and new, to determine how effective they are in various 

imbalanced situations 

II) Identify and address common issues related to class imbalance: Reduce the bias that machine 

learning models have in favor of the majority class, which frequently results in less-than-ideal 

performance.  

Inadequate Generalization: To increase prediction models' performance on data that hasn't been 

observed yet, strengthen their generalization skills. 

Increased False Negatives: Lower the false negative rate, which is essential in applications like 

fraud detection and medical diagnosis where the minority class is of greater concern. 

Misclassification Costs: Use cost-sensitive learning and sophisticated sampling strategies to 

reduce the significant costs connected with misclassifications, particularly for the minority class. 

III) Create Novel Approaches: 

Create innovative procedures that combine the advantages of several sampling strategies based on 

the results of our thorough investigation. The objective of these novel methods is to achieve the 

best possible balance between under-sampling the majority class and oversampling the minority 

class. Provide hybrid approaches that combine cost-sensitive learning with sampling to improve 

prediction performance and lessen the drawbacks of applying these strategies independently. 

IV) Provide Novel Approaches for Upcoming Studies: 

Offer perspectives and theories to direct future studies in the area of imbalanced learning. This 

involves proposing fresh approaches to class overlap, feature engineering, and ensemble method 

integration. To further enhance the handling of imbalanced datasets, promote the investigation of 

novel sampling strategies and their applications in many fields. 
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1.4    Contributions  

  

1.4.1    Extensive Experimental Analysis: 

Our thesis makes a significant contribution in the form of a thorough experimental study that aims 

to reveal the advantages and disadvantages of both widely used and cutting-edge sampling 

strategies. This research encompasses more than 100 datasets that illustrate many real-world 

settings, including healthcare, banking, and network security. The datasets display a broad range 

of imbalance ratios, from slightly skewed distributions to highly skewed ones. We do a thorough 

analysis and comparison of over 34 distinct sampling strategies, encompassing both state-of-the-

art and popular techniques such as SMOTE and ADASYN. We use all the chosen methods for 

each dataset, training machine learning models and evaluating their efficacy with cross-validation 

to guarantee robustness. Metrics like accuracy, recall, F1-score, and AUC-ROC are used to gauge 

the models' effectiveness. This thorough assessment offers insightful information on the 

advantages and disadvantages of every strategy, illustrating the situations in which particular 

approaches work well or poorly. By applying these ideas, practitioners may optimize model 

performance by making well-informed judgments about which strategies to use in particular 

settings. Additionally, our results advance the field by pointing out shortcomings in existing 

approaches and providing guidance for future studies aimed at creating more potent remedies for 

imbalanced data processing. 

 

1.4.2     Development of New Methodologies: 

Building on the knowledge gathered from our thorough investigation, we have created new 

approaches intended to address the difficulties presented by imbalanced data, improving the 

functionality of machine learning models in these situations. These methods improve upon the 

drawbacks of previous approaches by including a number of novel strategies and improvements. 

For instance, we may incorporate cost-sensitive learning strategies that give classes varying 

weights according to their significance, sophisticated resampling techniques that carefully choose 

samples to better balance the dataset, and hybrid approaches that combine several techniques to 

take advantage of their advantages. To make sure these new approaches are reliable, adaptable, 

and have good generalization, they have been put through a thorough testing process on a variety 

of datasets with varying imbalance ratios. Our objective is to offer useful technologies that are 

easily implemented in real-world scenarios where precisely identifying the minority class is 

essential, such as fraud detection, medical diagnostics, and anomaly detection. Our methodologies 

bridge the gap between theoretical research and practical application, thereby improving decision-

making and prediction accuracy in critical areas while simultaneously advancing the state of 

research and providing immediate benefits to practitioners dealing with imbalanced data. 

 

 



19 | P a g e  

 

1.4.3     Suggesting New Directions in Research: 

Our thesis not only proposes new theories and suggests directions for future study, but it also goes 

further into the field of imbalanced data. Our aim is to broaden the theoretical framework related 

to the comprehension and handling of imbalanced datasets in addition to introducing novel 

methodologies. Through the application of our research findings, we provide new ideas and 

methods that might revolutionize the field of data science and machine learning. These realizations 

are meant to act as stimulants for more research and inquiry rather than being restricted to the 

pages of our thesis. Our goal is to encourage scholars to investigate previously undiscovered or 

understudied areas by setting out into new territory. We anticipate that by working together, we 

will be able to create fresh approaches and strategies that will successfully tackle the enduring 

problems caused by class disparity. Our ultimate goal is to make a significant contribution to the 

field's continued growth, encouraging an innovative culture and advancing machine learning and 

data science. 
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Chapter 2 

Literature Review: 

The majority of real-world datasets have some degree of imbalance. The data may be very 

distorted, particularly in some important applications. To create a trustworthy prediction 

framework, appropriate actions must be taken to address the issue of class imbalance [1].An 

efficient way to address the imbalanced classification issue is to resample the data to balance the 

uneven class distribution before training the model. Oversampling and under-sampling are two 

major categories under which various resampling approaches have been proposed throughout the 

years [6]Under-sampling removes instances of the majority class from the data, whereas 

oversampling creates new minority-class samples. Two non-heuristic techniques are random 

under-sampling (RUS) and random oversampling (ROS), wherein the majority-class instances are 

randomly deleted to reduce the number of samples and the minority-class instances are duplicated 

to increase the number of samples, respectively. Several alternative heuristic methods have been 

devised to produce novel synthetic samples instead of merely replicating them [7]. To address the 

issue of class imbalance, scholars have developed a variety of strategies across time. This covers 

many SMOTE technique iterations [8]. The blending of cost-sensitive learning and sampling 

methods [9], the hybridization of various sampling strategies [10], and the integration of 

evolutionary algorithms with sampling techniques [11]. Gyorgy Kovac illustrated 85 SMOTE-

variants' performance on a variety of imbalanced datasets [12]. After analyzing thus many 

permutations, the author came to the conclusion that there was no discernible change in 

performance. Although numerous adaptations of the original algorithm were developed as a result 

of the SMOTE approach's success, the oversampling technique is typically insufficient to provide 

the desired performance [13].Hybridization appears to be a more promising concept, and various 

methods for it have been devised. For example, Xu et al. presented a hybridization between M-

SMOTE and ENN for medically imbalanced data in and compared the performance of various 

approaches using the MCC score [14]. It is feasible to hybridize other techniques in different ways, 

but more research is needed in this area. A significant problem with the sampling approaches is 

that they lead to an increase in variance and a loss of generalizability in the models [15].In this 

context, using ensemble learning makes sense, and researchers have created fresh ways to apply 

ensemble techniques to issues with class imbalance. As stated in[10], an ensemble strategy called 

"Random Balance" was proposed by Dıez-Pastor et al. to provide more diversity. It uses the 

SMOTE algorithm to randomly balance various subsets of the ensemble. The technique was 

further expanded by the authors to include multiclass imbalanced circumstances [16]. To enhance 

the performance of the ensemble techniques, Ribeiro et al. presented a multi-objective 

optimization strategy in [17]. They improved the model's performance by testing it on an actual 

anomaly detection problem. Yang et al. [18] presented a hybrid ensemble classifier in a different 

work that blends cost-sensitive learning with density-based under-sampling. Both bagging and 

boosting frameworks can be used with the sampling strategies. However, as the actual results from 

this study show, simply merging the approaches with the ensemble methodologies does not 

increase the prediction performance. Prior to making it easier to distinguish between the two 

classes, the sampling strategy must be able to generate appropriately resampled data. To improve 

generalization, these sampling strategies can be further integrated into the framework for ensemble 

learning. Multiple weak learners, each trained on a distinct subset of the data, make up ensemble 

algorithms. To create a more reliable classifier, the predictions from several weak learners—
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typically decision trees (DT)—are added together. These ensemble methods frequently yield better 

results than a single DT or other classifiers and have lower bias and volatility. One such ensemble 

method that employs RUS to resample every bootstrap subset of the data before training the DTs 

is the Balanced Random Forest (BRF) classifier [19]. Chawla et al.[8] were the ones who first 

presented the SMOTE method. Over time, this heuristic sampling method has grown in popularity. 

The algorithm has been widely applied in numerous fields since its creation. A comprehensive 

overview of the many SMOTE algorithm enhancements created during the past 10 years was given 

by Fernandez et al. [8]. The writers did not, however, offer a critical evaluation of these methods' 

effectiveness. To perform their research, Blagus et al. [20] tested the SMOTE algorithm in high-

dimensional environments. The authors looked at the SMOTE algorithm's applicability to high-

dimensional data from both an empirical and theoretical standpoint. They also looked into how 

SMOTE-based oversampling impacts various classification systems. According to the authors' 

research, the SMOTE method works well in low-dimensional environments but not in high-

dimensionally imbalanced data. Before using SMOTE, they advised using feature selection 

approaches to reduce the dimension size. In their investigation, Kovacs et al. investigated the 

performance of several SMOTE extensions by classifying them according to the techniques used 

in [12], [21]. Although they were able to pinpoint some of the most effective methods, their 

research was restricted to SMOTE extensions alone. In a lithological classification situation using 

geophysical data, Nugroho et al. [22] examined several imbalanced learning strategies, including 

class-weight tuning and hybrid sampling. They discovered that oversampling methods produced 

more trustworthy outcomes than others. An experimental design was developed by Prati et al.[23] 

to assess the effectiveness of four distinct sampling strategies on 22 imbalanced datasets. They 

also worked with one of the most widely used cost-sensitive algorithms, MetaCost. The results of 

our investigation are consistent with their study, which found no discernible benefit of SMOTE 

over its variations. A thorough analysis of the methods applied in multi-label imbalanced 

classification problems was given by Tarekegn et al. [24].In their study, they did not conduct any 

experimental analysis to evaluate the state-of-the-art approaches they highlighted for the task.  
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Chapter 3 

Methodology  

3.1 Overview:  

Predictive modeling frequently faces class imbalance, which presents serious difficulties for vital 

applications including risk assessment, fraud detection, and medical diagnostics. A dataset that is 

imbalanced exhibits a disproportionate distribution of classes, which can lead to a number of 

serious issues. Machine learning algorithms have a tendency to become biased in favor of the 

majority class, producing models that forecast the majority class more often than the minority 

class, which is usually of greater interest. This bias results in poor generalization performance, 

especially when it comes to detecting occurrences of minority classes, which has serious real-

world ramifications like missed medical diagnoses or undiscovered fraud. Imbalanced datasets 

also raise the risk of false negatives, which are particularly troublesome in industries like 

healthcare since they mistakenly classify cases of the minority class as instances of the majority 

class. Traditional algorithms do not sufficiently account for these varied misclassification costs, 

which results in inefficient decision-making. The costs associated with misclassifications are 

frequently larger for the minority class. The methods of oversampling, under-sampling, and cost-

sensitive learning that are currently in use to address class imbalance have drawbacks. 

Oversampling can cause overfitting, under-sampling can cause the loss of important information, 

and cost-sensitive learning might not be able to adequately handle the complexity of imbalanced 

datasets found in the real world. In order to tackle these issues, this thesis carried out a thorough 

experimental examination of more than 35 cutting-edge sampling strategies on a wide range of 

100 datasets with different imbalance ratios. The objective is to determine the advantages and 

disadvantages of these approaches and create new approaches that combine their benefits. This 

will result in solid solutions for enhancing model performance when a class imbalance exists and 

advancing the cause of more precise and dependable predictive modeling in a range of important 

applications. 

 

3.2 Classification Algorithms: 

 

3.2.1  Support Vector Machines (SVM) 

Support Vector Machines (SVM) is a supervised learning algorithms used for classification and 

regression. SVM works by finding the optimal hyperplane that separates data points of different 

classes with the maximum margin. This involves using support vectors, which is equidistant from 

both positive and negative examples. Besides, the kernel trick allows SVM to handle non-linear 

boundaries by transforming data into higher-dimensional spaces. SVM is particularly effective in 

high-dimensional spaces.  
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3.2.2  Random Forests (RF) 

Random Forests (RF) is a robust ensemble learning algorithms used for classification and 

regression tasks. It constructs multiple decision trees using bootstrap samples of the training data 

and aggregates their predictions to improve accuracy and reduce overfitting. By randomly 

selecting subsets of features for splitting at each node, RF introduces additional randomness, 

enhancing model generalization. RF is used as a base model in almost every case for its robustness. 

3.3 Evaluation Metrics:  

3.3.1  Accuracy:  

Accuracy measures the percentage of correct predictions among all examples. It is calculated by 

dividing the number of correct predictions by the total number of predictions. Accuracy is useful 

for balanced datasets with evenly represented classes but may not fully represent model 

performance on imbalanced datasets. While straightforward, accuracy is a starting point for 

evaluating a model's overall predictive performance.                           

Accuracy = 
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝐹𝑃+𝐹𝑁+𝑇𝑁
                                        (3.1) 

 

 3.3.2  Precision: 

Precision measures the percentage of correctly predicted positives among all instances predicted 

as positive. It is calculated by dividing the number of true positives by the sum of true and false 

positives. Precision is crucial in scenarios where false positives carry significant financial risk, as 

it highlights the model's ability to avoid them. High precision indicates a reliable model with a low 

false positive rate. However, for a complete evaluation of a model's performance, precision should 

be considered alongside other metrics like recall.  

Precision =
𝑇𝑃

𝑇𝑃+𝐹𝑁
         (3.2) 

 

3.3.3  Specificity: 

Specificity measures a model's ability to correctly identify negative examples in binary classification tasks. 

It is calculated by dividing the number of true negatives by the sum of true negatives and false positives. 

Specificity indicates the percentage of accurately identified negative cases and works with sensitivity 

(recall) to evaluate a model's effectiveness. High specificity signifies a low false positive rate, which is vital 

in scenarios where correctly recognizing negative instances is crucial. For a complete understanding of a 

model's performance, specificity should be considered alongside other metrics. 
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                                                   Specificity = 
𝑇𝑁

𝐹𝑃+𝑇𝑁
    (3.3) 

3.3.4  Recall (Sensitivity): 

Recall, also known as sensitivity or the true positive rate, measures a model's ability to identify all 

relevant instances of a given class. It calculates the percentage of actual positive cases correctly 

predicted as positive. Recall is crucial when missing positive cases has serious consequences. It is 

computed by dividing the number of true positives by the sum of true positives and false negatives. 

High recall indicates a low false negative rate, showing the model's effectiveness in capturing 

positive examples. For a comprehensive evaluation of model performance, recall should be 

considered alongside other metrics like accuracy. 

Sensitivity = 
𝑇𝑃

𝑇𝑃+𝐹𝑁
        (3.4) 

 

3.3.5    F1- SCORE: 

The F1 score provides a balanced measure of a model's performance by combining precision and 

recall into a single metric. It is the harmonic mean of precision and recall, useful for imbalanced 

datasets or when false positives and false negatives carry equal costs. A high F1 score indicates 

the model effectively balances precision and recall, demonstrating robust performance across 

multiple parameters. 

F1 =
2 ⨯𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ⨯𝑟𝑒𝑐𝑎𝑙𝑙 

𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑟𝑒𝑐𝑎𝑙𝑙
     (3.5) 

                                 

3.3.6   G-MEAN: 

The G-Mean measures a model's performance by calculating the geometric mean of sensitivity 

(true positive rate) and specificity (true negative rate). It is particularly useful for imbalanced 

datasets, as it equally weighs both metrics. A high G-Mean indicates the model effectively 

classifies both positive and negative examples, providing a single number that represents balanced 

performance across classes. 

G-mean = √Sensitivity x Specificity                      (3.7) 

 

3.3.7    ROC-AUC Score: 

The Area Under the Receiver Operating Characteristic Curve (AUC-ROC) is a performance 

measurement for classification problems at various threshold settings. It quantifies the overall 

ability of the model to distinguish between positive and negative classes, with values ranging from 
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0 to 1, where a higher value indicates better performance. An AUC of 1 represents perfect 

classification, while an AUC of 0.5 suggests no discriminative power, equivalent to random 

guessing. 

TPR= 
𝑇𝑃

𝑇𝑃+𝐹𝑁
           (3.8)     

 FPR = 
𝐹𝑃

𝐹𝑃+𝑇𝑁
  (3.9) 

 

3.3.8    MCC: 

The Matthews Correlation Coefficient (MCC) assesses binary classification performance, 

especially with imbalanced datasets. It considers true positives, true negatives, false positives, and 

false negatives, producing a value between -1 and 1. An MCC of 1 indicates perfect prediction, 0 

indicates random guessing, and -1 indicates total disagreement. MCC is a comprehensive measure, 

accounting for all confusion matrix elements and remaining stable with imbalanced data. The 

definition of MCC in mathematics is: 

MCC = 
𝑇𝑃 .  𝑇𝑁−𝐹𝑃 .  𝐹𝑁

√(TP+FP).  (𝑇𝑃+𝐹𝑁).  (𝑇𝑁+𝐹𝑃).  (𝑇𝑁+𝐹𝑁)
 (3.10) 

 

3.4 Handling Imbalanced Dataset 

Imbalanced data handling techniques can broadly be divided into two categories: Data Level 

Modification and Algorithmic Level Modification. Within Data Level Modification, strategies like 

oversampling, under-sampling, and hybrid sampling are examined. These techniques directly 

manipulate the dataset, ensuring a balanced representation of both majority and minority classes, 

thus fostering equitable learning. Concurrently, Algorithmic Level Modification strategies, 

including a cost-sensitive learning This approach not only mitigates the adverse effects of class 

imbalance but also enhance model performance.  By experimenting with these methodologies, our 

thesis aims to contribute substantially to the development of machine learning models, particularly 

in domains where accurate classification of minority class instances is paramount. 

 

 

Fig. 1. Broad categories of imbalanced data handling techniques. 
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3.4.1 Data Level Modification 

   

Oversampling:  

 

Oversampling is a technique used in machine learning to address class imbalance, where one 

class has significantly fewer instances than the other. It involves increasing the number of 

instances in the minority class to balance the class distribution, thereby improving model 

performance by providing more representative training data. 

Several oversampling methods have been developed to achieve this goal, each with its unique 

approach: 

Random Oversampling (ROS): ROS duplicates randomly selected instances from the minority 

class to increase its representation in the dataset. 

Synthetic Minority Oversampling Technique (SMOTE): SMOTE generates synthetic instances 

for the minority class by interpolating between existing minority class samples and their nearest 

neighbors in feature space. This method aims to create new, realistic minority class instances rather 

than simply duplicating existing ones. 

Adaptive Synthetic Minority Oversampling Technique (ADASYN): ADASYN is an extension 

of SMOTE that adjusts the density of synthetic samples based on the local distribution of minority 

class instances. It focuses more on generating synthetic instances in regions where the class 

imbalance is more pronounced. 

Borderline-SMOTE: Borderline-SMOTE is a variation of SMOTE that only generates synthetic 

instances near the decision boundary between classes, aiming to improve the generalization 

capability of the model. 

Polynom-fit-SMOTE: This method fits a polynomial surface to the minority class instances and 

generates synthetic samples along this surface to better capture the underlying distribution of the 

minority class. 

ProWSyn: ProWSyn combines both oversampling and under-sampling techniques by applying 

SMOTE to the minority class and simultaneously under-sampling the majority class, resulting in 

a more balanced dataset. 

SMOTE-IPF: SMOTE with Instance Pre-selection Function (IPF) selects informative instances 

from the minority class to oversample, enhancing the quality of synthetic samples generated by 

SMOTE. 

SMOBD: SMOTE with Borderline Distance (SMOBD) selects minority class instances based on 

their proximity to the decision boundary and then applies SMOTE to generate synthetic samples, 

focusing on regions crucial for classification. 
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G-SMOTE: Geometric SMOTE (G-SMOTE) adjusts the number of synthetic samples generated 

for each minority class instance based on its local geometric characteristics, providing a more 

adaptive oversampling approach. 

Assembled-SMOTE: Assembled-SMOTE combines multiple base oversampling algorithms, 

such as SMOTE and ADASYN, to improve overall performance. 

In our study, we conducted a comprehensive evaluation of various oversampling methods, 

including ROS, ADASYN, SMOTE, Borderline-SMOTE, Polynom-fit-SMOTE, ProWSyn, 

SMOTE-IPF, SMOBD, G-SMOTE, and Assembled-SMOTE. Utilizing metrics such as the 

Matthews Correlation Coefficient (MCC) and other complementary measures, we systematically 

assessed the performance of these techniques across diverse datasets and domains. 

Our findings revealed significant variations in the effectiveness of oversampling methods, with 

certain techniques demonstrating superior performance in specific contexts. ROS, ADASYN, 

SMOTE, and their variations emerged as the most promising oversampling strategies, showcasing 

their versatility and efficacy in addressing class imbalance. Moreover, our study elucidated the 

nuanced impact of oversampling techniques on model performance, providing valuable insights 

for practitioners seeking to optimize machine learning models in imbalanced settings. 

 

 

Under-sampling:  

Under-sampling is a technique used in machine learning to address class imbalance by reducing 

the number of instances in the majority class. By randomly removing samples from the majority 

class, under-sampling aims to create a more balanced distribution of classes in the dataset, thus 

mitigating the dominance of the majority class during model training. 

Several under-sampling methods have been developed to achieve this objective, each with its 

unique approach: 

Random Under-sampling: Randomly selects a subset of instances from the majority class to 

match the size of the minority class. While simple to implement, random under-sampling may lead 

to the loss of valuable information and potentially important instances from the majority class. 

NearMiss: NearMiss is a family of under-sampling techniques that select instances from the 

majority class based on their proximity to instances in the minority class. NearMiss variants 

include NearMiss-1, which selects instances from the majority class with the smallest average 

distance to the nearest k minority class instances, and NearMiss-2, which focuses on selecting 

instances from the majority class that are farthest from the minority class instances. 

CNN: CNN is an iterative under-sampling technique that starts with a small subset of majority 

class instances and gradually adds instances from the majority class that are correctly classified by 

a nearest neighbor classifier trained on the minority class instances. 
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Tomek Links: Tomek Links are pairs of instances from different classes that are closest to each 

other. Under-sampling by removing Tomek Links eliminates instances that are ambiguous or 

noisy, thereby improving the separation between classes. 

ENN: ENN is an iterative under-sampling technique that removes majority class instances whose 

class label differs from the majority class label of their k nearest neighbors. This process aims to 

remove noisy or misclassified majority class instances. 

OSS: OSS combines the CNN and ENN algorithms to iteratively select a subset of majority class 

instances that are well-separated from the minority class. 

IHT: IHT selects instances from the majority class that are misclassified with high certainty by a 

classifier trained on the original imbalanced dataset. This approach aims to retain instances that 

are more challenging to classify correctly. 

These under-sampling techniques offer different trade-offs in terms of preserving information from 

the majority class, maintaining class distribution, and computational complexity. The choice of 

under-sampling method depends on the specific characteristics of the dataset and the goals of the 

machine learning task. 

 

 

 

Hybrid Sampling:  

Among the hybridized techniques used in practice are: 

SMOTE-ENN: SMOTE-ENN combines the oversampling capabilities of SMOTE with the 

instance editing functionality of ENN. It first applies SMOTE to generate synthetic instances for 

the minority class and then uses ENN to remove noisy or misclassified instances from both the 

majority and minority classes. 

SMOTE-Tomek: SMOTE-Tomek combines SMOTE oversampling with Tomek Links under-

sampling. After generating synthetic instances with SMOTE, Tomek Links are used to identify 

and remove pairs of instances (Tomek Links) that are nearest neighbors but belong to different 

classes, thereby improving the separation between classes. 

SMOTE-CNN: SMOTE-CNN combines SMOTE oversampling with CNN under-sampling. It 

first applies SMOTE to augment the minority class and then uses CNN to iteratively select a subset 

of majority class instances that are well-separated from the minority class. 

SMOTE-NC: SMOTE-NC is a hybrid approach that combines SMOTE oversampling with a 

neighborhood cleaning step. After generating synthetic instances with SMOTE, instances are 

removed if they are misclassified by a k-nearest neighbor classifier trained on the original 

imbalanced dataset. 
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3.4.2 Algorithmic Level Modification 

 

Cost-Sensitive Learning:  

Cost-sensitive learning is a technique used to address class imbalance by modifying the learning 

algorithm to incorporate the costs associated with misclassifying minority class instances. Unlike 

traditional learning algorithms that treat misclassification errors uniformly across classes, cost-

sensitive learning assigns higher penalties to errors made on the minority class, thereby 

emphasizing the importance of correctly classifying minority instances. 

Additionally, frameworks like imbalanced-learn provide specialized tools and techniques for cost-

sensitive learning in Python. Imbalanced-learn offers various resampling algorithms, ensemble 

methods, and metrics tailored for imbalanced datasets, facilitating the implementation of cost-

sensitive learning approaches within machine learning pipelines. 

Our findings highlighted the efficacy of cost-sensitive learning in improving model performance 

on imbalanced datasets, particularly when combined with appropriate resampling techniques and 

evaluation metrics. By incorporating cost-sensitive learning into our analysis, we provided 

valuable guidance for practitioners seeking to develop robust and accurate models in imbalanced 

learning scenarios. 

3.4.3 Ensemble Techniques  

 

Ensemble techniques offer a powerful strategy for addressing class imbalance by combining 

multiple base learners to create a more robust and accurate model. These techniques leverage the 

diversity of individual models to compensate for weaknesses and biases, ultimately improving 

overall performance on imbalanced datasets. 

Several ensemble methods have been developed, each with its unique approach to leveraging 

multiple models: 

Balanced Random Forest: Balanced Random Forest is an extension of Random Forest that 

incorporates techniques to address class imbalance. It adjusts the training process to give more 

weight to minority class instances, thereby improving their representation in the ensemble model. 

EasyEnsemble: EasyEnsemble is a specific ensemble method designed for imbalanced datasets. 

It creates multiple balanced subsets of the original dataset by under-sampling the majority class 

and then trains individual base learners on each subset. By focusing on balanced subsets, 

EasyEnsemble can effectively mitigate the effects of class imbalance. 

OverBoost: OverBoost is an ensemble learning technique that enhances classifier performance on 

imbalanced datasets by emphasizing the importance of data sampling. It increases the weights of 

misclassified minority class instances during the boosting process. This targeted resampling 

ensures that the classifier gives more attention to the minority class, reducing bias towards the 

majority class.  
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3.4.4 GAN  

Generative adversarial networks (GANs) involve a dynamic adversarial process between two 

neural networks, the generator and the discriminator. The discriminator's main job is to examine 

data samples and determine which ones are genuine and which are made up by the generator. On 

the other hand, the generator creates random noise to create data samples, such pictures, in order 

to produce outputs that appear realistic. The generator refines its tactics to provide increasingly 

convincing results as the discriminator improves its capacity to distinguish between real and 

produced data through recurrent training. The two networks have a symbiotic relationship under 

this competitive learning framework, where the discriminator's judgment drives the generator's 

evolution to produce more authentic data, and the generator's advancement tests the discriminator's 

discriminatory abilities. GANs have become a highly versatile tool across multiple domains, 

exhibiting outstanding performance in applications from data synthesis, which makes it easier to 

generate synthetic data to supplement small training datasets, to domain adaptation, where models 

trained in one domain are effectively transferred to another. Moreover, GANs have made a 

substantial contribution to image production by making it possible to produce high-fidelity pictures 

for a variety of uses in entertainment, design, and the arts. Their capacity to provide accurate data 

has created new opportunities for creativity and innovation, with the potential to have a 

revolutionary effect on a variety of sectors. GANs have several difficulties despite their amazing 

success, such as mode collapse, stability problems during training, and the possibility of producing 

biased or unwanted results. As GANs continue to advance and find more complex uses, researchers 

are actively working to discover solutions to these problems. In conclusion, GANs are a 

revolutionary approach to deep learning, fostering innovation and progress in a variety of domains 

thanks to their framework for competitive learning and the mutually beneficial interaction between 

the discriminator and the generator. 

 

 

Fig. 2. Working procedure of Generative Adversarial Network (GAN) 
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Chapter 4 

Performance analysis of different imbalanced data 

handling techniques: 

 

4.1               Overview: 

In this section, the performance analysis of different imbalanced data handling techniques is 

discussed. One of the limitations of imbalanced data handling research is that the experiments are 

done with only a handful of datasets. However, in this research, the techniques are tested on a wide 

range of datasets with varied imbalanced ratios. In total 84 imbalanced datasets with different 

sample sizes, dimensions, overlapping, and class imbalance ratios (IR) are used in this experiment. 

By analyzing the results obtained, we attempt to address questions like how these algorithms 

perform with different degrees of imbalance, which techniques constantly provide better results, 

what hinders the performance of these approaches in high imbalance scenarios, and what are more 

suitable approaches for handling such scenarios.  

 

4.2              Experimental Design: 

Working with imbalanced data requires some careful handling. To avoid any data leakage, the data 

was first split into training and testing sets. Only the training set was resampled. The testing set 

was untouched and only used for validation purposes. A stratified 5-fold cross-validation scheme 

was undertaken, and the average of the results from five different testing folds was considered. 

The experiments were conducted on 84 imbalanced datasets collected from the KEEL dataset 

repository. A list of the datasets utilized in this study is provided in the associated repository of 

this paper. The IR of the datasets varied from 1.8 to 129. Five different measures are calculated to 

evaluate the performance: MCC, G-mean, ROC-AUC, sensitivity, and specificity. Support Vector 

Machine (SVM) and Random Forest (RF) classifiers are utilized as the learning algorithm. The 

outline of the experimental design is presented in Fig. 2. We have grouped the datasets into 3 IR 

categories: low imbalance (IR<10), mid imbalance (IR=10 to 30), and high imbalance (IR>30). 

The IR value ranges are chosen arbitrarily for ease of discussion. The default parameters of the 

Scikit-Learn, Imblearn, and smote_variants libraries were utilized in training the models.  

To compare the performance of different approaches, we consider the MCC metric in particular. 

Other metrics such as accuracy, sensitivity, specificity or F1-score get biased towards one class 

and do not represent the entire scenario. MCC score takes into consideration all 4 confusion matrix 

parameters and only provides a high score when the classifier is performing well in all 4 

categories– True positive, True negative, False positive, and False negative. Other metrics such as 

G-mean or ROC-AUC are based on sensitivity and specificity values. While these metrics are quite 

useful in imbalanced scenarios, they do not represent the overall classification performance. A 
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classifier may produce a very high sensitivity score (correctly classifying only a smaller number 

of minority class samples) but a comparatively lower specificity score (misclassifying a larger 

number of majority class samples). However, the g-mean score will still be high as the measure is 

the geometric mean of sensitivity and specificity. It does not take into account the total number of 

misclassifications made by the model, unlike MCC. MCC score will drop if too many 

misclassifications are made. Our goal is to assess the overall classification performance of the 

model and therefore, the MCC score is considered for evaluation.  

 

Fig. 3. The outline of the experimental design  
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4.3               Performance analysis of the oversampling techniques: 

Oversampling techniques generate new data points for the minority class, making it easier for the 

machine learning algorithm to classify the test samples. In this study, we used 13 oversampling 

techniques including smote and its variants. The performance comparison of the oversampling 

techniques is shown in Fig.4. All the oversampling techniques showed performance improvements 

in different imbalanced scenarios. However, smote and its different variants e.g., LEE, CCR, LVQ-

SMOTE, SMOBD, etc. showed similar performances. LEE scored the highest average MCC score 

of 69.6% for the datasets having an IR of less than 10. It performed quite well in highly imbalanced 

datasets as well. Polynom-fit-SMOTE produced the highest average MCC score of 59.6% for the 

datasets having IR within the range of 10 to 30 and 49.3% for IR more than 30. While a drop in 

performance in high imbalance cases is noticeable, it is noteworthy that among all the different 

sampling techniques, the OS algorithms provided the best performance. 

The reason behind the drop in performance can be related to the fact that when the IR is high, a 

substantial number of new samples have to be generated to balance the dataset. When so many 

new samples are generated from only a handful of examples, noisy samples are generated that 

might not actually belong to the minority class, resulting in a poor MCC score. Another limitation 

of these OS techniques is that most of them do not attempt to reduce overlapping. While increasing 

the number of minority-class samples definitely improves the performance, we hypothesize that it 

can be further enhanced by reducing overlapping through additional means.  

 

Fig. 4. Performance comparison of the oversampling techniques. 
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4.4               Performance analysis of the under-sampling techniques: 

Under-sampling techniques are also very popular in handling imbalanced scenarios. A total of 7 

US approaches were experimented in this study. While there is an overall improvement in 

performance with the application of these techniques, some critical observations were made. These 

techniques work well when the IR is lower. However, all the techniques showed a drastic decline 

in performance when the IR increased. Neighborhood Cleaning Rule (NC) showed the best 

performance among the under-samplers. NC scored 68.25% in terms of MCC for the datasets 

having an IR of up to 10. The average MCC score of NC drops to 54.65% when the IR is in-

between 10 to 30. The performance further drops by 12% when the IR becomes more than 30. A 

similar drop in performance is observed in other US algorithms as well. A detailed performance 

comparison of the under-sampling techniques is provided in Fig. 5. 

One of the key reasons behind this can be traced back to the fact that US techniques remove 

samples from the data to reduce overlapping and IR. 5 of these US techniques focus on reducing 

overlapping, while only RUS and Near-miss attempt to balance the class distribution. Now, when 

the IR is lower, these overlapping-based techniques successfully manage to alleviate the scenario 

and thus provide high prediction performance. However, when the IR is increased, these methods 

fail to adequately balance the data. While they may reduce overlapping to some extent, the data 

remains quite imbalanced and the bias persists towards the majority class. On the other hand, to 

balance the distribution, RUS or Near-miss algorithms remove samples which leads to information 

loss. With higher imbalances, significant loss of information can occur. This makes the system 

quite unreliable in making accurate predictions. Moreover, these US techniques do not increase 

the presence of minority-class samples in the data. Consequently, the classifier fails to correctly 

identify the rare samples in the data. This explains why the performance of the US techniques is 

comparatively much lower than the OS approaches.  

Based on the experimental results, it can be concluded that while US strategies can effectively 

handle lower-class class-imbalance scenarios, the techniques are completely inappropriate and 

should be avoided when the data is highly imbalanced.
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Fig. 5. Performance comparison of the under-sampling techniques 

 

4.5               Performance analysis of the hybrid sampling techniques: 

The hybrid sampling approach combines both OS and US strategies to provide a more balanced 

sampling method. Two popular hybrid sampling approaches, SMOTE-ENN and SMOTE-Tomek, 

were tested in this study. Both approaches provided significantly better results than their under-

sampling counterparts. However, they did not provide much improvement compared to the 

SMOTE algorithm. Their performance was comparable with the other OS techniques. This type 

of hybridization has good prospects, especially in the higher imbalanced scenarios. Despite its 

potential advantages, it is noteworthy that the exploration of hybrid methods remains relatively 

limited in the existing literature. Hybridization can address both the overlapping and IR problems 

simultaneously and provide better results. Further investigation and empirical studies are 

suggested to comprehensively assess its efficacy and applicability in diverse datasets. In this 

experiment, we used two popular hybrid sampling techniques available in the imbalanced-learn 

library. The performance comparison of the hybrid sampling techniques is provided in Fig. 6. 
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Fig. 6. Performance comparison of the hybrid sampling techniques 

4.6               Performance analysis of the ensemble algorithms: 

Ensemble algorithms combine multiple weak learners to provide more robust prediction 

performance. In this experiment, we tested 7 popular ensemble algorithms used in imbalanced 

learning. Average mcc scores obtained from the ensemble algorithms are provided in details in 

Table 1. The base learner for the ensembles is the Decision Tree. SMOTE-Bagging and Over-

Bagging are two of the OS-based bagging ensemble techniques. RUSBoost and Over-Boost are 

two of the boosting-based ensemble approaches. While the goal of the ensemble approach is to 

improve performance, surprisingly, that kind of improvement was not achieved in imbalanced 

cases. Most of the ensembles could not even outperform the US techniques and their performance 

was considerably poor in highly imbalanced datasets. The results from the ensemble algorithms 

are reported in Table 3. Among these algorithms, the Over-boost technique performed the best. It 

scored 63.55% MCC when the IR < 10. The performance decreased to 58.50% as the IR increased 

up to 30. Significant degradation in performance is observed as the IR further increases. For the 

datasets having an IR of more than 30, the approach scored only 43.72%. The performance 

comparison of the ensemble algorithms is shown in Fig. 7.  

Bagging ensembles work based on bootstrapping that creates random subsets of data. Weak 

learners are trained individually on these subsets and predictions are later aggregated. However, 

this does not mitigate the imbalance issue. So, the bootstrap subsets are resampled using RUS or 

SMOTE to attain balance. However, the original issues associated with these sampling techniques 

persist. Creating an ensemble incorporating the RUS approach reduces the chance of information 

loss, resulting in a slightly better performance from BRF or BB over RUS. However, as the RUS 

algorithm does not fix the class overlapping issue, it persists in the ensemble approaches, resulting 

in poorer performance compared to other US techniques. From the experimental results, it is 

evident that directly preprocessing the entire data with SMOTE or its variants provides better 



37 | P a g e  

 

results than merging them with the ensemble learning frameworks, especially for the higher 

imbalanced cases. To obtain better results, the underlying sampling techniques first need to 

mitigate the issues of imbalanced learning. 

 

Fig. 7. Performance comparison of the ensemble algorithms 

Table 1: Average mcc scores obtained from the ensemble algorithms (in percentage) 

 

Method Average MCC scores 

IR < 10 10 ≤ IR < 30 IR ≥ 30 ALL 

BRF 64.5724 54.0610 40.5768 53.8633 

Balanced-Bagging (BB) 62.6736 52.8011 40.6634 52.7790 

Over-Bagging 64.2763 52.0729 38.1633 52.3850 

SMOTE-Bagging 65.7740 51.4461 41.5806 53.8749 

RUSBoost 57.1440 52.8859 39.2745 50.2768 
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Over-Boost 63.5572 58.5065 43.7280 55.8358 

Easy Ensemble 60.0863 53.0360 36.3134 50.5205 

 

 

4.7               Performance analysis of cost-sensitive learning: 

Cost-sensitive learning is an algorithm-level modification that increases the misclassification cost 

for the minority samples. As the penalty for misclassifying the minority class is greater, the 

algorithm will try not to misclassify any minority sample to reduce the overall cost. In this study, 

different costs were chosen for each dataset, and it was kept equal to the IR of that specific dataset. 

Cost-sensitive RF scored an average MCC score of 53.8% for all the datasets. For high imbalanced 

cases (IR>30), the MCC score was about 40%, which is comparable to other US or ensemble 

approaches. However, the OS techniques far outperform cost-sensitive learning. Cost-sensitive 

learning can be hybridized with oversampling techniques which is discussed in detail in the next 

chapter. 

 

4.8               Performance analysis of GAN sampling techniques: 

Generative adversarial network (GAN) is very popular for generating new data whenever the test 

samples are not sufficient. GAN can also be used in generating minority class samples in 

imbalanced scenarios. In this experiment, we used 4 types of GAN to produce new minority class 

samples. TVAE performed best whenever the imbalance ratio was less. However, with the increase 

of the imbalance ratio the performance of the GAN sampling techniques gradually declined. TVAE 

achieved an MCC score of 46% on average for the datasets. A detailed performance comparison 

of the GAN sampling technique is provided in Fig. 8. 
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Fig. 8. Performance comparison of the GAN sampling techniques. 

 

4.9        Performance comparison of all the techniques: 

A total of 34 imbalanced data-handling methods were explored in this study. Among the 

experimented algorithms, LVQ-SMOTE, a variant of SMOTE, achieved the highest average MCC 

score of 59.14% for all datasets. Most of the techniques performed well when the data is less 

skewed (IR<10). However, as the IR increases, the performance of all techniques starts to decrease. 

This decline in performance is the highest in the under-sampling strategies. With larger imbalances 

in data, ensemble approaches also start to fall short in performance. In high imbalanced cases 

(IR>30), the performance from these approaches (US or ensemble or cost-sensitive learning) was 

significantly lower, making them unsuitable for such data. This fluctuation in performance is the 

lowest among the oversampling techniques. 

 Among all the techniques used, under-sampling approaches scored the lowest average MCC score. 

The best-performing under-sampling algorithm, NC, scored only 51.77%, which is significantly 

lower than the oversampling approaches. Based on the scores obtained from all experiments, it can 

be concluded that SMOTE variants are much more effective in handling datasets with high IR 

compared to other imbalanced data handling approaches. A comparison among the best-

performing techniques in 5 different categories is provided in Fig. 9. 
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Fig. 9. Performance comparison of all the sampling techniques. 
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Chapter 5 

Hybridization of sampling and cost-sensitive learning: 

5.1        Overview: 

Sampling is one of the most popular techniques to handle class imbalance problems. Creating new 

minority class samples or reducing the majority class data points helps to balance the dataset. This 

process eventually helps the machine learning classifier to learn the data pattern properly. Cost-

sensitive learning is another popular method to handle the class imbalance issue. In cost-sensitive 

learning, the misclassification cost of the minority class is increased so that the classifier does not 

misclassify any minority data points to reduce overall cost. The common practice in the 

imbalanced data handling technique is to use either data sampling or cost-sensitive learning. How 

hybridization of these two techniques can produce better results than that of using them separately. 

 

5.2        Proposed Methodology: 

Data sampling and cost-sensitive learning are two distinct strategies used to address the issue of 

imbalanced learning. In data sampling, the dataset is balanced by either generating additional 

minority class samples or removing some majority class samples. Cost-sensitive learning, on the 

other hand, assigns a higher penalty to misclassifications of the minority class to reduce bias. Both 

strategies have their advantages and drawbacks. For example, eliminating too many majority class 

samples can result in the loss of significant information, while creating excessive minority class 

samples may reduce generalization ability. Cost-sensitive learning alone is not always effective 

because the data remains imbalanced, thus still susceptible to bias. Typically, these methods are 

used independently to manage imbalanced data. However, we propose a novel method that 

combines both approaches to achieve superior performance. The key idea is that a balanced 

integration of these methods can mitigate their individual limitations. This can be accomplished 

by initially reducing the imbalance ratio through sampling, followed by applying a cost-sensitive 

classifier with a moderate penalty for the minority class. Overproduction of minority class samples 

can result in synthetic samples that do not accurately represent the minority class. Conversely, 

removing too many majority class samples can lead to the loss of important data. A higher 

imbalance ratio necessitates a greater number of samples to be generated or removed, which 

increases the risk of overfitting. In our proposed method, the data remains somewhat imbalanced, 

thereby reducing the number of samples that need to be generated or removed. With a lower 

imbalance ratio, assigning a moderate penalty can sufficiently counteract the bias toward the 

majority class. Therefore, an optimal balance between these two approaches can lead to improved 

performance. Achieving this balance requires fine-tuning two parameters: the sampling ratio (α) 

and the weight factor (ω). The step-by-step procedure to develop such a hybrid model is presented 

below –  
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i. At first, we found out the imbalance ratio of the dataset. Imbalance ratio is very crucial 

in the later sampling part. The amount of sampling mostly depends on the ratio between 

presence of positive and negative class examples. 

𝐼𝑅 =  
𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑠𝑎𝑚𝑝𝑙𝑒𝑠 𝑖𝑛 𝑡ℎ𝑒 𝑚𝑎𝑗𝑜𝑟𝑖𝑡𝑦 𝑐𝑙𝑎𝑠𝑠

𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑠𝑎𝑚𝑝𝑙𝑒𝑠 𝑖𝑛 𝑡ℎ𝑒 𝑚𝑖𝑛𝑜𝑟𝑖𝑡𝑦 𝑐𝑙𝑎𝑠𝑠
 

ii. The processed dataset is then split into training and testing folds, with only the training 

fold undergoing resampling using the SMOTE algorithm to prevent data leakage.  The 

model performance is evaluated on the testing fold. Smote has more than hundreds of 

variants. Various SMOTE algorithm variations can also be employed for resampling the 

training set. 

iii. iii. The data was retained somewhat skewed during the resampling process rather than 

being completely balanced. The SMOTE implementation of the "Imbalanced-learn" 

package may also be adjusted with the α parameter. The right value for α cannot be 

predicted in advance because it relies on the facts. To determine which α would work 

best for the MI dataset, a grid-search technique was used. XGBoost is used as the base 

classifier. Parameter tuning can be done using the ‘scale_pos_weight’ parameter, where 

the sampling ratio and weight can be adjusted. 

5.3        Result and Discussion: 

The above-mentioned hybridized approach is used in a myocardial infarction dataset collected 

from the UCI machine learning repository [25]. External validation is often done to ensure the 

robustness of the predictive modeling. In this experiment, we also validated the modeling with 36 

other imbalanced datasets, which were collected from UCI and KEEL repositories.  We adopted a 

10-fold repeated stratified cross-validation method to avoid any potential data leaking. For 

evaluation purposes, we mainly used ROC-AUC, Geometric mean score and the MCC scores to 

compare the performance of the classifiers. 

5.3.1 Implementation and performance evaluation of the proposed strategy 

The presence of class imbalance in the data results in an accuracy measure biased toward the 

majority class, as indicated by high specificity but low sensitivity scores in the algorithms. To 

mitigate this performance bias, this study employs a combination of data sampling and cost-

sensitive learning techniques. Initially, the SMOTE algorithm is used to generate synthetic 

minority class samples, partially balancing the data. The XGBoost classifier is then trained on this 

resampled data. Rather than using a standard error-driven evaluation process, a cost-driven 

approach is adopted, modifying the algorithm to act as a cost-sensitive classifier by assigning 

higher costs to the minority class samples. This adjustment penalizes misclassifications of minority 

class instances more severely, thereby shifting the decision boundary away from the majority class 

and reducing bias.  
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A key challenge in resampling is determining the appropriate sampling ratio to control the number 

of synthetic samples generated, as too many can lead to overfitting. Similarly, selecting an 

appropriate weight for the minority class in cost-sensitive learning is crucial, as too small a weight 

fails to reduce majority class bias, while too large a weight can cause bias toward the minority 

class. Thus, finding the optimal weight requires careful consideration and cannot be 

predetermined. A grid-search approach is employed to determine the best values for the sampling 

ratio and class weights. A sampling ratio of 0.9 for the SMOTE algorithm and a weight value of 5 

for the minority class yielded the best results. The results, presented in Table 2, demonstrate that 

combining these approaches enhances prediction performance and generalization by optimizing 

the number of synthetic samples generated and the class weights assigned. 

Table 2: Performance comaparison of different sampling techniques with the XGBoost classifier 

(in percentage) 

Metrics SMOTE ADASYN RUS 

Tomek-

link 

 

ENN 

Weighted 

XGBoost 

 

Proposed 

Accuracy 91.1431 91.4009 81.9014 90.8850 90.4317 91.5311 91.9843 

Sensitivity 56.3922 57.6688 77.5485 52.9694 58.1498 59.8520 65.0323 

Specificity 97.2623 97.3384 82.6616 97.5665 96.1216 97.1103 96.73 

G-mean 73.7770 74.6062 79.8933 71.7280 74.6397 76.0671 79.0185 

ROC-

AUC 76.8272 77.5036 80.1050 75.2680 77.1357 

78.4811 80.8812 

Precision 78.5531 78.9781 44.0476 79.4797 73.2514 78.6094 77.9264 

MCC 61.6813 62.7711 48.7644 60.0629 59.7997 63.8604 66.5321 

 

 

5.3.2 Performance comparison of the proposed approach with other 

approaches used in imbalanced learning 

The proposed approach was evaluated against several popular techniques for imbalanced learning, 

including ADASYN, Random Under Sampling (RUS), Edited Nearest Neighbors (ENN), and 

Tomek-links based under-sampling. Additionally, comparisons were made using SMOTE and 

weighted XGBoost classifiers independently, with XGBoost serving as the base algorithm for all 

methods. ADASYN adaptively generates synthetic samples based on density distribution, creating 

more samples for harder-to-learn minority class instances. RUS balances the data by randomly 

removing majority class samples, while ENN uses the KNN algorithm to selectively remove 

misclassified majority class samples. Tomek-links under-sampling removes noisy boundary 

samples by identifying and eliminating majority class instances in Tomek-link pairs. Performance 
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measures from these techniques are detailed in Table 2, and Fig. 10 illustrates a comparative 

analysis. 

As shown in Table 2, our proposed approach outperforms other techniques in metrics such as 

ROC-AUC, MCC, and overall accuracy. Although RUS achieves the highest sensitivity 

(77.55%), it suffers from the lowest specificity (82.66%), MCC (48.76%), and precision 

(44.05%), indicating a bias toward the minority class due to excessive removal of majority class 

instances. Conversely, Tomek-links achieves the highest specificity (97.57%) but the lowest 

sensitivity (52.97%). Composite metrics like ROC-AUC and MCC are more appropriate for 

assessing imbalanced learning performance, with our approach achieving the highest ROC-AUC 

(80.88%) and MCC (66.53%). Our hybrid approach also shows significant performance 

improvements compared to using SMOTE or weighted XGBoost independently, with MCC 

scores of 66.53% versus 61.68% and 63.86%, respectively. 

 

Fig. 10. Performance analysis of other sampling methods in MCC  
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5.3.3 Performance analysis of the proposed approach in other imbalanced 

datasets 

For external validation, we evaluated the performance of our proposed approach in 36 other 

imbalanced datasets collected from the KEEL repository [26]. A summary of the datasets is 

provided in Table 3. The performance metrics obtained were compared with other widely used 

techniques in imbalanced learning, using the XGBoost classifier as the base algorithm and 

employing a 10-fold stratified cross-validation strategy for model evaluation. The data was 

normalized before training, and sampling was performed only on the training folds to prevent data 

leakage, with performance calculated on the testing folds. The average results from the 10 different 

testing folds were considered, following a pipeline similar to that illustrated in Figure 1. Detailed 

performance measures for each dataset are provided in the associated GitHub repository, including 

the average scores across 36 imbalanced datasets, as shown in Figure 11. 

Figure 11 demonstrates that the proposed approach achieves the highest average ROC-AUC, g-

mean, and MCC scores among all techniques. The hybrid method significantly outperforms the 

independent use of SMOTE or weighted classifiers. The performance of SMOTE and ADASYN 

was comparable, while the RUS algorithm achieved the highest sensitivity but had the lowest 

specificity and MCC scores, indicating an imbalanced prediction performance. Our proposed 

approach achieved superior scores, validating its effectiveness in addressing class imbalance. 

Table 3: A summary of imbalanced datasets used for external validation 

 

Name No. of samples 

No. of positive 

samples 

Number of 

features 

Imbalance 

Ratio 

1 wisconsin 683 239 9 1.86 

2 vehicle2 846 218 18 2.88 

3 vehicle1 846 217 18 2.9 

4 vehicle3 846 212 18 2.99 

5 vehicle0 846 199 18 3.25 

6 new_thyroid1 215 35 5 5.14 

7 ecoli2 336 52 7 5.46 

8 glass6 214 29 9 6.38 

9 yeast3 1484 163 10 8.1 

10 ecoli3 336 35 7 8.6 
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11 yeast-2_vs_4 514 51 8 9.08 

12 

yeast-0-2-5-6_vs_3-7-8-

9 1004 99 10 9.14 

13 vowel 988 90 13 9.98 

14 

led7digit-0-2-4-6-7-

89_vs_1 443 37 7 10.97 

15 glass2 214 17 9 11.59 

16 ecoli-0-1-4-7_vs_5-6 332 25 6 12.28 

17 glass4 214 13 9 15.46 

18 ecoli4 336 20 7 15.8 

19 page-blocks-1-3_vs_4 472 28 10 15.86 

20 abalone 731 42 8 16.4 

21 yeast-1-4-5-8_vs_7 693 30 10 22.1 

22 yeast 1484 51 10 28.1 

23 yeast-1-2-8-9_vs_7 947 30 10 30.57 

24 yeast5 1484 44 10 32.73 

25 winequality-red-8_vs_6 656 18 11 35.44 

26 

abalone_17_vs_7_8_9_1

0 2338 58 8 39.31 

27 

winequality-white-

3_vs_7 900 20 11 44 

28 

winequality-red-8_vs_6-

7 855 18 11 46.5 

29 

Kddcup 

land_vs_portsweep 1061 21 40 49.52 

30 

abalone-19_vs_10-11-

12-13 1622 32 8 49.69 
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31 

winequality-white-3-

9_vs_5 1482 25 11 58.28 

32 poker-8-9_vs_6 1485 25 25 58.4 

33 winequality-red-3_vs_5 691 10 11 68.1 

34 kddcup-land_vs_satan 1610 21 30 75.67 

35 poker-8-9_vs_5 2075 25 25 82 

36 poker-8_vs_6 1477 17 25 85.88 

 

 

Fig. 11. Performance comparison with other approaches on 36 imbalanced datasets 
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Table 4: Average of the performance measures obtained from different approaches on 36 

imbalanced datasets 

Metrics SMOTE ADASYN RUS 

Tomek-

link 

 

ENN 

Weighted 

XGBoost 

 

Proposed 

Accuracy 93.57 94.49 78.09 94.25 93.64 94 93.3 

Sensitivity 62.34 62.5 79.72 51.06 56.79 56.44 71.22 

Specificity 95.22 95.09 77.87 96.46 94.92 95.91 94.35 

G-mean 70.3 70.54 76.45 59.22 62.76 65.18 78.52 

ROC-

AUC 78.78 78.79 78.8 73.76 75.86 

76.17 82.78 

Precision 59.11 59.93 39.64 57.64 55.07 59.61 60.09 

MCC 56.14 56.57 46.62 49.94 51.24 53.49 60.55 
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Chapter 6 

Conclusion and Future Works: 

 

In this thesis, we provided an extensive analysis of the sampling technique followed by a critical 
review. Rigorous experimentation was conducted to analyze the effectiveness of the algorithms in 
a broad range of imbalanced scenarios. The performance of these techniques is also compared to 
find the most appropriate approach in different imbalanced settings.  

Overall, OS techniques performed better than the other approaches. Especially in highly imbalanced 
scenarios, they have no alternatives. While the SMOTE variants showed similar performance, 
algorithms such as LEE, SMOBD, SMOTE-IPF, and LVQ-SMOTE provided comparatively better 
results. Hybrid sampling techniques also showed comparable performance. Other hybridizations 
between algorithms should be explored for better results. The under-sampling and ensemble 
approaches provided quite a good result in lower imbalances. However, as the IR rises, performance 
decreases drastically. The boosting ensemble performed better than bagging-based ensembles. OS-
based ensembles performed better than US-based ensembles. However, in the datasets with high 
IR, all the ensembles failed to produce good results. Using SMOTE or its variants on the entire 
dataset produces better results. As compared to using data resampling techniques, we also tested 
the cost-sensitive learning approach. While they cannot outperform the best-performing sampling 
approaches, they still provide quite a good performance in lower imbalances. Considering the 
simplicity of the technique, it can be considered a good alternative when the dataset size is very 
large, and sampling becomes time-consuming. 

We also suggested the hybridization of oversampling and cost-sensitive learning. This technique 
performed quite well and performed the best among the sampling techniques when tested on 36 
imbalanced datasets. This proves the effectiveness of hybridization in handling imbalanced 
datasets.  

In the future, we would like to extend our work to multiclass classification. Besides, we are also 
expanding our research to handle other factors e.g., class overlap, multiple minority class clusters, 
and multiple majority class issues that make learning from an imbalanced dataset difficult. 
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Chapter 7 

Demonstration of Outcome Based Education (OBE) 

 

7.1    Introduction 

We explore a range of sampling strategies designed to mitigate imbalanced data issues, specifically 

concentrating on class overlap issues. Rebalancing datasets through adjustments to minority and 

majority class distributions is made possible in large part by sampling techniques. We carefully 

assess a variety of sample strategies, taking into account imbalance ratio (IR), other important 

metrics, and how well they work in situations when classes overlap. We hope to shed light on these 

methods' advantages and disadvantages by evaluating their performance on a variety of metrics, 

which will help us better understand how these methods affect model performance in scenarios 

where class distributions aren't equal in the real world. Our investigation involves investigating 

new approaches by combining several sample techniques to develop more reliable and efficient 

ways to deal with imbalanced data. We pay close attention to overlapping classes and offer 

solutions to resolve this problem. Our goal is to address the challenges of managing several 

minority classes in imbalanced data sets by utilizing R and Python technologies. Our objective is 

to provide people with the information and resources they need to cope with imbalanced data using 

our thorough examination of sampling strategies and application of R and Python technologies. 

We think we may better handle the issues presented by imbalanced datasets and enhance overall 

model performance by learning more about sampling techniques and investigating novel 

approaches. 
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Addressing COs and POs 

  Table 5: The following table shows the COs for EEE 4700/4800. 
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Table 6: The following table shows the aspects addressed for certain Program Outcomes (POs) 

addressed in EEE 4700/4800 for Project and Thesis.  
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Table 7: The following table explains or justifies how the COs and corresponding POs have been 

addressed in EEE 4700/4800 (Project and Thesis).  
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Addressing Knowledge Profiles (K3 – K8)  

Table 8: The following table shows the Knowledge Profiles (K3 – K8) addressed in EEE 

4700/4800.  
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Table 9: The following table explains or justifies how the Knowledge Profiles (K3 – K8) have 

been addressed in EEE 4700/4800.  
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Addressing Attributes of Ranges of Complex Engineering Problem 

Solving (P1 – P7)  

Table 10: The following table shows the attributes of ranges of Complex Engineering Problem 

Solving (P1 – P7) addressed in EEE 4700/4800.  
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Table 11: The following table explains or justifies how the attributes of ranges of Complex 

Engineering Problem Solving (P1 – P7) have been addressed in EEE 4700/4800 (Project and 

Thesis).  
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Addressing Attributes of Ranges of Complex Engineering Activities 

(A1 – A5)  

Table 12: The following table shows the attributes of ranges of Complex Engineering Activities 

(A1 – A5) addressed in EEE 4700/4800 (Project and Thesis).  
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Table 13: The following table explains or justifies how the attributes of ranges of Complex 

Engineering Activities (A1 – A5) have been addressed in EEE 4700/4800 (Project and Thesis).  
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