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1. INTRODUCTION TO CLASS IMBALANCE PROBLEM 

This chapter starts with a concise overview of machine learning. A review of the main 

approaches used to derive information from data is accompanied by the concept of 

machine learning followed with type of the data used to learning the algorithms, the 

performance metric for evaluation of imbalanced datsets and also highlights major issues 

encountered for imbalanced datasets.  

1.1 INTRODUCTION TO MACHINE LEARNING :  

The term Machine Learning was first coined by Arthur Samuel in 1959. He stated that "it 

gives computers the ability to learn without being explicitly programmed".  Further, 

Machine learning is a branch of artificial intelligence (AI) that learns from the given data 

without being programmed. In General, machine learning is classified into supervised 

and unsupervised learning. 

1.1.1 Supervised Learning:  

Supervised learning is most important and popular learning technique. In a supervised 

learning, the algorithms learn from a labelled dataset and are designed to learn by 

experience. In supervised learning, each instance is a pair consisting of set of input 

features and a desired output label called class label. A supervised learning algorithm 

analyzes the training data based on the class label and correctly determine the class labels 

for unseen instances. Supervised learning is further classified into two categories of 

algorithms:  

 Classification: A classification algorithm is applied when the output variable is a 

category. 

Regression: A regression algorithm is applied when the output variable is a real value or 

continuous. 

1.1.2 Unsupervised Learning: 

Unsupervised learning is a machine learning models in which training datasets are not 

associated with class labels. Instead, the models itself learn from the hidden insights 

present in the data. The training data will have input data but with no corresponding 

output labels. The objective of unsupervised learning is to group that data based on the 



2 
 

data similarities. Unsupervised learning is further classified into two categories of 

algorithms:  

Clustering: Clustering method groups the data instances into clusters or groups based on 

the similarities.  

Association: An association rule is an unsupervised learning method which is used for 

finding the relationships between variables in the large database. 

 

1.2 DATASETS AND ITS TYPES 

Datasets play a vital role in machine learning. Without data the algorithms cannot be 

implemented. Data is a collection of information. Each element in a given row is called 

an instance. The collections of instance with common properties or attributes are called 

datasets. In general, Data will be in many forms, but machine learning algorithms 

depends primarily on numerical data, categorical data, time series data, and text data. To 

train the traditional learning algorithms, the given datasets would be associated with class 

label.  In real time, the datasets generated for training the classification algorithms are 

divided into balanced and imbalanced datasets. 

 

1.2.1 Balanced Dataset 

Taken into consideration a binary classification problem, a dataset is said to be balanced 

if the number of class labels are equally distributed for the given dataset. For example 

(refer Figure 1.1: Example of Balanced Dataset) in a given dataset the number of 

minority (positive) and majority (negative) samples are approximately same.  

 

Figure 1.1: Example of Balanced Dataset 

For the above figure, assume the orange points as minority class labels and blue points as 

majority class labels, then we can say that the datasets is rational with same number of 

positive and negative class labels. Table 1.1 shows  an example for  golf balanced 
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datasets. The dataset consists of fourteen instances with attributes such as Outlook, 

Temperature, Humidity, windy and a class label. The class label consists of Yes and No 

as its outcome. The number of Yes (7) and No (7) are propotionally equal. Such datasets 

are considered as well balanced datasets. 

Table 1.1: Golf Dataset (balanced dataset) 

 
Attributes 

Class 

label 

No Outlook Temperature Humidity Windy Play 

1 Sunny 85 85 FALSE No 

2 Sunny 80 90 TRUE No 

3 Overcast 83 86 FALSE Yes 

4 Rainy 70 96 FALSE Yes 

5 Rainy 68 80 FALSE Yes 

6 Rainy 65 70 TRUE No 

7 Overcast 64 65 TRUE Yes 

8 Sunny 72 95 FALSE No 

9 Sunny 69 70 FALSE Yes 

10 Rainy 75 80 FALSE Yes 

11 Sunny 75 70 TRUE Yes 

12 Overcast 72 90 TRUE No 

13 Overcast 81 75 FALSE No 

14 Rainy 71 91 TRUE No 

 

 

1.2.2 Imbalanced Dataset 

In contrast, the imbalanced dataset will not have alike class labels distribution. For 

example (refer Figure 1.2: Example of Imbalanced Dataset) in a given dataset the number 

of minority (positive) and majority (negative) samples are highly different. 
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Figure 1.2: Example of Imbalanced Dataset 

For the above figure, assume the orange points as positive class labels and blue points as 

negative class labels, then we can say that the datasets is skewed towards negative class 

labels. Table 1.2 shows  an example for imbalanced datasets. It consists of fourteen 

instances with attributes such as Outlook, Temperature, Humidity, windy and a class 

label and a class label. The class label comprises of Yes and No as its outcome. The 

number of Yes (2) and No (12) are propotionally unequal. Such datasets are considered 

as imbalanced datasets. 

Table 1.2: Golf Dataset (Imbalanced Dataset) 

 
Attributes 

Class 

label 

No Outlook Temperature Humidity Windy Play 

1 Sunny 85 85 FALSE No 

2 Sunny 80 90 TRUE No 

3 Overcast 83 86 FALSE Yes 

4 Rainy 70 96 FALSE No 

5 Rainy 68 80 FALSE No 

6 Rainy 65 70 TRUE No 

7 Overcast 64 65 TRUE No 

8 Sunny 72 95 FALSE No 

9 Sunny 69 70 FALSE No 

10 Rainy 75 80 FALSE No 

11 Sunny 75 70 TRUE Yes 

12 Overcast 72 90 TRUE No 

13 Overcast 81 75 FALSE No 
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14 Rainy 71 91 TRUE No 

 

So, imbalanced datasets are major issue in machine learning. The next section discuss the 

various performance metric used to measure the imbalance dataset . 

 

1.3 EVALUATION METRICS OF LEARNING MODELS ON IMBALANCED 

DATASETS 

Accuracy could provide a reasonable measure for classifier performance on balanced 

datasets. The confusion matrix is considered for binary class problems. It comprises of 

number of TP (True Positive), TN (True Negative), FP (False Positive), and FN (False 

Negative). 

 

  Classified/ Predicted 

  Positive Negative 

Actual 
Positive TP FN 

Negative FP TN 

 

Figure 1.3: Confusion matrix 

From the confusion table, positive refers to minority class and negative refers to majority 

class. The confusion matrix provides information about the real and predicted values after 

classification. In general, the classifier performance is evaluated based on the confusion 

matrix. 

The confusion matrix consist of four entries represented as  

1. True Positive (TP) refers to the number of positive samples  which are correctly 

predicted as positive by a classifier   

2. True Negative (TN) denotes as the number of majority samples correctly 

classified as negative by a classifier   

3. False Positive (FP), often referred to as false alarm; defines as the number of 

negative samples incorrectly classified as positive by a classifier   
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4. False Negative (FN), sometimes known as miss; is determined as the number of 

positive samples incorrectly assigned as negative by a classifier 

 

For class imbalance data sets, however the output of both the minority and majority 

classes should be taken into consideration in determining the classification outcomes. If a 

classifier is overloaded by the majority class, then it may classify all instances as majority 

and obtain 90% accuracy if the majority instances comprise 90% of the evaluation set. 

Therefore, several metrics are derived from the confusion matrix. The different 

performance metrics are provided in the Table 1.3. 

Table 1.3: Performance metrics, formula and its description 

Metric Formula Description 

Sensitivity/Recall 

 

 

𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

It is the ability of the 

classifier in identifying the 

positive class correctly. 

Also Known as True 

Positive Rate (TPR). 

It is the measure of 

completeness. 

Specificity 

 

 

𝑇𝑁

𝐹𝑃 + 𝑇𝑁
 

It is the ability of the 

classifier in identifying the 

negative class correctly. 

Also Known as True 

Negative Rate (TPR). 

Accuracy 

 

 

𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝐹𝑃 + 𝑇𝑁 + 𝐹𝑁
 

It is the ability of the 

classifier to correctly 

predict the classes both 

positive and negative. 

It is the proportion of true 

result. 

False Positive Rate (FPR)  It is the ratio between the 
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𝐹𝑃

𝐹𝑃 + 𝑇𝑁
 

 

 

number of negative 

samples wrongly 

categorized as positive 

(false positives) and the 

total number of actual 

negative samples. 

Also known as False 

Alarm Ratio. 

False Negative Rate (FNR) 

 

 

𝐹𝑁

𝐹𝑁 + 𝑇𝑃
 

It is the ratio between the 

number of positive samples 

wrongly categorized as 

negative (false negatives) 

and actual positive 

samples. 

Precision 

 

 

𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

It is the measure of 

exactness. 

It is the proportion of 

samples from positive class 

correctly classified as 

positive. 

It specifies the number of 

correct classification for 

positive class. 

F-measure 

 

 

2 ˟ 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ˟ 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
 

Also known as F-score. 

It measures the test’s 

accuracy. 

It is the harmonic average 

of precision and recall. 

The perfect score is 1. 

G-mean (geometric mean)  It is the ability of the 

classifier in balancing the 
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√𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ˟ 𝑅𝑒𝑐𝑎𝑙𝑙 classification accuracy 

between the positive and 

negative classes. 

Also known as G-Measure. 

 

In the literature, many researchers used Receiving Operating Characteristic of Area 

Under Curve (ROC-AUC) curve metric for better understating of imbalanced datasets.  It 

is a graph produced by plotting the true positive rates versus the false positive rates over 

all possible acceptance thresholds. The performance of the two-class classification is 

calculated using various discrimination thresholds. The area under curve (ROC-AUC) 

measure is independent of the selection criterion and prior probabilities of data 

distributions, and therefore it is not overburden by the negative/ majority class instances. 

Oommen et al. [1] indicate that "AUC more robust over other measures and is not 

influenced by class imbalance or sampling bias."  

The graphical representation of ROC-AUC curve come up with false positive rate (FPR)/ 

Specificity on the x- label and true positive rate (TPR)/Sensitivity on the y-label. The 

balance between true positives and false positives is shown by the ROC curve. In the 

ROC space, each point represents a prediction arising from a matrix of uncertainty. The 

ideal point on the curve would be (0,1), namely, all examples are classified correctly 

which means that a discrimination threshold is found under which the classifier will 

obtain 0% false positives and 100% true positives. A strong classification model should 

therefore produce points close to the upper left coordinate. as represented in Figure 1.4. 

In addition, the region under the AUC (ROC-AUC) demonstrates the classifier model's 

efficiency.  



 

Figure 1.4:  

Hence this section presents the important 

on imbalanced datasets and the next section address in detail the issues raised with 

imbalance data. 

1.4 ISSUES WITH IMBALANCED DATASETS

In machine learning, the classification 

information for predicting the unknown occurrences

from real world domain will

software defect detection, medical 

class imbalance problems  occur when more number of samples of one class exist than 

that of the other class. 

dramatically. 

The issues raised by imbalance

1. Irrespective of the imbalance ratio, one major problem arise in classification is 

small sample size [4]. This problem leads to “lack of information” and make the learning 

algorithm difficult to make 

2. Next, the presence of small disjuncts in the 

performance [5]. This happens as the concepts are defined inside small clusters, which 

emerge as a direct consequence of sub

data. 
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Figure 1.4:  An example of Area Under Curve (ROC

resents the important metrics used to evaluate the learning algorithms 

on imbalanced datasets and the next section address in detail the issues raised with 

1.4 ISSUES WITH IMBALANCED DATASETS 

In machine learning, the classification algorithms learn from previously known 

icting the unknown occurrences. Conversely

domain will be distorted in nature [2]. Typical examples include finance, 

detection, medical analysis, churn prediction and 

class imbalance problems  occur when more number of samples of one class exist than 

that of the other class. Training on these samples degrades the classification performance 

imbalanced data are mentioned as below. 

Irrespective of the imbalance ratio, one major problem arise in classification is 

]. This problem leads to “lack of information” and make the learning 

algorithm difficult to make data distribution generality. 

Next, the presence of small disjuncts in the data may degra

This happens as the concepts are defined inside small clusters, which 

emerge as a direct consequence of sub-concepts that are underrepresented in the

 

ROC-AUC). 

luate the learning algorithms 

on imbalanced datasets and the next section address in detail the issues raised with 

algorithms learn from previously known 

Conversely, most of the datasets 

]. Typical examples include finance, 

churn prediction and many more [3]. The 

class imbalance problems  occur when more number of samples of one class exist than 

Training on these samples degrades the classification performance 

Irrespective of the imbalance ratio, one major problem arise in classification is 

]. This problem leads to “lack of information” and make the learning 

data may degrade the classifier 

This happens as the concepts are defined inside small clusters, which 

concepts that are underrepresented in the given 
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3. Degradation of performance may also be caused by the presence of overlapping of 

the samples in other boundary regions called overlapping problem [4]. 

4. Another important challenge is related to Imbalance ratio (IR). Most of the real 

world data comes up with imbalance ratios ranging from 1:1000 up to 1:5000. Such 

datasets are called extremely imbalanced datasets [4]. 

5. Another issue is when training the algorithms simply by changing the data 

distribution without considering the imbalance effect on the classification output (and 

thus adjusting it properly) may be misleading the classification performance [5]. 

6. This problem of imbalance classification increases in the presence of high 

dimensional data, i.e. a large number of features [4]. 

7. The lack of good understanding of diversity in imbalanced learning before 

applying ensemble classification may lead to poor insight into the classifier performance 

[5]. 


