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ABSTRACT 

 

Data mining techniques are extensively used for data analysis in a variety of 

applications. Especially, credit analyzers often use predictive analysis of credit risk to 

determine the applicant users are to be trusted or not. Prediction analysis of credit data for 

financial risk management within the banking industry is critical to extend credit to 

customers. It is a challenge to build a model well equipped with data mining techniques to 

estimate the financial risk for credit data. Especially, it is important that classification of 

credit data to determine the credit risk of a customer is good loans or bad loans. Supervised 

learning techniques such as K-Nearest Neighbors (KNN) and its improved algorithm, 

distance-weighted K-Nearest Neighbors (WKNN) algorithms are experimented in this 

system. In addition, the classification model, KNN is compared with WKNN and evaluated 

the performance of these classifiers. This thesis intends to predict credit risks using the 

KNN classification model which will describe the trustworthiness of an individual for 

getting a loan. The classification model is trained and tested with the Credit data. The 

Classification performances of KNN and WKNN are compared using banking credit data 

from UCI repository. The Dataset consists of  1000 instances and twenty-one attributes. 

The proposed system also aims to help in choosing the relevant classifiers for credit 

analysis. To evaluate the credit risk, different k values of KNN and WKNN classifiers are 

tested and analyzed. The experimented results show that the KNN outperforms the WKNN 

in terms of accuracy. According to the experiments on performance analysis between KNN 

and WKNN, the better performer classifier is selected for further prediction of credit risk.  

 

 

Keywords: data mining, classification, predictive, knn, wknn,credit risk, 

credit score, model. 
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CHAPTER 1 

INTRODUCTION 

In the recent times, increasing banking transaction drives to a tendency towards 

observing on financial risk, particularly studies that set at the risk of customer credit 

transactions in commercial banks. Promoting ‘credit analysis’ with data mining techniques has 

added more feathers to the wings. Studies have shown that most of a financial loss risk in 

commercial banks comes from the customer credit risk, which is one of the most expeditiously 

increasing issues in the banking industry. Hence, the commercial organization especially the 

banks need to apply an analysis system to enumerate customers' credit risk. Recommending 

new ways of doing a less risky business with an entirely efficient and profitable feature is a 

invariable claiming in the banks. In detail, risks are often taken with no definite estimate of 

their degree and probable results. 

In this day and age, ‘Credit Risk Analysis’ has come forth as a reliable method to ensure 

the individuals/organizations that can be trusted to give a loan for the sake of security of the 

Loan Granting organizations. So basically, ‘credit analysis’ is a technique that aids 

organizations to determine whether to give loans to consumers who applies for them. In other 

words, it can be specified as a statistical number by which lenders will compute the probability 

that an individual will repay his/her debt in time and this credit risk is determined based on 

each individual’s credit history. 

There exist primary decisions in the process of loan to a consumer in financial 

organizations that crucially needs to rely on different algorithmic results rather than human 

decisions. For example, in the process of loan approval in many banks, data analysis models 

play the primary role in decision-making. Thereby, a classification model with degraded credit 

risk analysis, which contains error misclassification costs, could lead to non-optimal capital 

allocation [10,16]. 

Data Mining techniques have been broadly applied to enhance precision in lots of real-

world classification problems. Estimation of Credit risk in the commercial industry is one of 

these challenges that has been investigated by these techniques in recent years. Most of them 

have been emphasized on the methods that comprised the results of various classifier 

algorithms to gain the optimal results [16]. Two different entities, both dataset, and algorithm, 
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have a crucial part to get better performance. The utilized databases for credit risk assessments, 

commonly have high dimensional data with the anomaly. The irrelevant attributes cause less 

precision in the training process's classification data. Feature selection, the method of choosing 

the crucial features, is required to contribute outperformed predictive accuracy and enhanced 

speed and scalability. Feature selection techniques are roughly utilized in the preprocessing 

step of classification process [10, 13]. Classifying objects is the core task of many kinds of 

research in pattern recognition, artificial intelligence, vision analysis, and medicine. In this 

respect, many studies have been explored on the most important feature selection approaches 

such as Support vector machine (SVM) and random forest [3], K nearest neighbor (KNN) 

[6,10], fuzzy KNN algorithm [14,16], decision Tree [9,14]. The performance of classifiers is 

usually evaluated according to the predictive accuracy of constructed models. However, 

numerous real-world data, including financial data, is imbalanced. The data mining algorithms 

with imbalanced data cannot well classify, so sometimes presents minority class data to the 

majority class by mistake. In other words, standard classification algorithms on imbalanced 

datasets experience a loss of performance. 

Nowadays, there are several Classification algorithms, for example, Decision trees, 

Logistic Regression, Gradient Boosted Trees, Support Vector Trees, and Random Forest, etc. 

for estimating of borrower’s trustiness. Now, a question arises, which algorithm is the best for 

Credit risk analysis model? There have been some comparative researches of the classification 

algorithms where the ranking of classifiers is provided. However, we are concerned about 

relevance of these thesis results in employment to the real life, because these studies were 

performed on the basis of sample data which were not taken from any commercial bank. 

Therefore, the prediction of the classification model too will be influenced since some part of 

the data was also used to train the credit risk analysis model. 

Here our work seeks to compare the performance of the KNN and WKNN classifiers 

and a better performer model is going to use to develop a model that will forecast the credit 

default risks. The KNN is one of the most straightforward algorithms in data mining. It is an 

greatly used data mining techniques being applied in a wide variety of sectors including credit 

risk analysis in the banking sector. Credit risk analysis plays an vital role in a core activity of 

banking around the world. The higher availability of credit becomes households to make larger 

consumption and to make investing for companies that could not be achieved with their own 
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funds.  

 Analysis and building Credit risk assessment models can be done with data mining 

algorithms. Among them, KNN is one of the most extensively used techniques for analysis 

credit risks. Many research concentrates on KNN to determine the risks concerning with the 

allowing to an organization or a person. The WKNN technique appoints distinct weights to 

each of the nearest neighbors k. The greater weights is assigned to a nearer neighbor compared 

with the more further neighbors. This thesis review and tested the performance of KNN and 

WKNN for analysis of classification on credit data. 

1.1. Motivation 

In the banking sector of Myanmar, C redit Risk Analysis System for individuals 

in practice within our country does not exist widely. With the employing of this credit risk 

analysis model, we are attempting to the some light at the fact that personal credit risk 

analysis by classification technique is a far finer and faster approach to estimate the credit 

risk and loan system.Thegoal is to conduct the financial organizations so that they can 

be inspired to change their old system of personal banking for customers and make the 

system faster, more precise, efficient and secure. Now, the organizations are doing it 

manually and this is only applied for organizations and not on personal levels. For this, a 

large amount of time is being wasted for personal loaning process. If the personal credit 

risk analysis system gets initiated in Myanmar, individual lending system will take minimal 

time and complexities and can be sustained easily. Customers would not have to wait for 

lengthy times for getting loans then, for which they are suffering now. 

1.2. Objectives 

 To analyze the risks whether to grant a loan to the customer or not 

 To support the classification analysis for loan applications 

 To support the retention on each particular loan customer 

 To distinguish the good or bad credit risk from a credit dataset 

 To help the credit suppliers to manage the monetary risk involved in providing credit   
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1.3. Organization of the Thesis 

 The organization of the thesis is organized as follows: Chapter 1 presents and highlights 

some of the techniques previously used and wide grow of the credit data presence, which led 

to surfacing of the statistical techniques. The following sections is Chapter 2 which will be the 

Data Mining and its techniques, especially the classification techniques and then the literature 

review which presents some of the research work related with Classification analysis, 

especially describing a brief overview of KNN and WKNN algorithms. A concise introduction 

of the applied concepts and proposed system design are presented in Chapter 3. Chapter 3 also 

present the modelling technique that will be applied on the credit data. It is worthy to mention 

that Jupyter notebook and Spider IDE were used across the entire pre-processing and modelling 

stages. The Credit dataset used in the experiment is also described in Section 3. A study of 

credit analysis from a financial institution and its implementation results and evaluation 

measures are presented in Chapter 4. In this Chapter, the classification models to Credit dataset 

is applied and implemented. Finally, Chapter 5 summarizes the performance analysis of KNN 

compared with WKNN.  This section highlight all the outputs and discuss the accuracy of each 

model. Chapter 6, the final section summarize our work. 
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CHAPTER 2 

THEORY BACKGROUND AND  

LITERATURE REVIEW 

Data mining is observing for hidden, authentic and potentially helpful patterns in large 

data sets. Data mining is all about uncovering unsuspected/ previously unknown relations 

amongst the data. It is a inter-disciplinary skill that uses machine learning, statistics, AI and 

database technology. 

2.1. Data Mining 

Data mining is a technique that aids in pulling out information from a given data set to 

distinguish trends, patterns, and useful data. The purpose of using data mining is to make data-

supported decisions from immense data sets. Data mining functions in conjunction with 

predictive analysis, a branch of statistical science that uses complicated algorithms designed 

to work with a particular group of challenges.  

The predictive analysis first recognizes patterns in large amount of data, which data 

mining hypothesizes for predictions and forecasts. Data mining serves a unique objective, 

which is to identify patterns in datasets for a set of problems that belong to a particular domain. 

It does this by using a complicated algorithm to train a model for a specific problem. When 

you know the domain of the problem you are dealing with, you can even use data mining to 

model a system that is capable of recognizing patterns in a data set. When you put data mining 

to work, you will be automating the problem-solving system as a whole, and you would not 

need to come up with special programming to solve every problem that you come across.  

Data mining can also be described as a technique of exploration patterns of data that 

belong to specific perspectives. This helps us in classifying that data into useful information. 

This useful information is then accumulated and assembled to either be stored in database 

servers, like data warehouses, or used in data mining algorithms and analysis to support in 

decision making. Moreover, it can be taken for advantage of revenue generation and cost-

cutting amongst other purposes. 

It is also the process of seeking huge sets of data to look out for patterns and trends that 
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cannot be found using simple classification analysis techniques. It makes use of complicated 

mathematical algorithms to examine data and then evaluate the possibility of events occurring 

in the future based on the findings. It is also mentioned as knowledge discovery of data or 

KDD. Data mining is used by businesses to extract specific information from massive amount 

of data to discover solutions to their business problems. It has the capability of converting raw 

data into information that can encourage businesses grow by taking better decisions. Data 

mining has multiple types, including pictorial data mining, text mining, social media mining, 

web mining, and audio and video mining amongst others. 

 Data mining can also be regarded as Knowledge discovery while considering data 

mining essential step in process of knowledge discovery.  

The following diagram shows the process of knowledge discovery process: 

 

 Figure 2.1 Architecture of KDD 

 “Data Cleaning and Integration” the noise and inconsistent data is eliminated, several 

data sources are merged. 

 “Data Selection and Transformation” relevant data to the analysis task are retrieved 

from the database, data are converted or consolidated into forms appropriate for 

mining by executing summary or aggregation operations. 

 “Data Mining” perceptive methods are applied in order to withdraw data pattern. 

 “Pattern Evaluation” data patterns are measured. 

 “Knowledge Presentation” knowledge is described. 
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2.2. Data Mining Techniques 

 Several data mining techniques have been designing and using in data mining projects 

recently including: association, classification, clustering, prediction, sequential patterns and 

decision tree. k-nearest neighbors classification techniques is employed in this system. 

2.2.1. Association 

It is one of the most applied data mining techniques out of all the other techniques. In 

this association technique, a transaction and the relationship between its items are used to 

recognize a pattern. This is the reason this technique is also referred to as a relation technique. 

It is used to perform market basket analysis, which is performed to find out all those products 

that customers buy together on a regular basis. 

This technique is very advantageous for retailers who can use it to explore the buying 

habits of different customers. Retailers can examine sales data of the past and then lookout for 

products that customers buy together. Then they can put those products in close proximity of 

each other in their retail stores to aid customers save their time and to expand their sales.  

2.2.2. Clustering 

This technique forms expressive object clusters that share the same characteristics. If 

they properly know how both these techniques work, they would not have any issue. Unlike 

classification that locates objects into pre-defined classes, clustering sets objects in classes that 

are defined by it. 

A library is filled with books on different topics. Now the challenge is to arrange those 

books in a way that readers do not have any problem in finding out books on a specific topic. 

Clustering can be used to keep books with similarities in one shelf and then give those shelves 

a meaningful name. Readers looking for books on a specific topic can go straight to that shelf. 

They would not be necessitate to roam the entire library to search their book.  
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2.2.3. Classification of Data Mining Systems 

The data mining system can be categorized according to the following criteria: 

 Database Technology 

 Statistics 

 Machine Learning 

 Information Science 

 Visualization 

 Other Disciplines 

Some Other Classification Criteria: 

 Classification according to kind of databases mined 

 Classification according to kind of knowledge mined 

 Classification according to kinds of techniques utilized 

 Classification according to applications adapted 

 Classification according to kind of databases mined 

This technique considers its origins in machine learning. It classifies items or variables 

in a data set into pre-defined groups or classes. It takes advantages of linear programming, 

statistics, decision trees, and artificial neural network in data mining, amongst other 

techniques. Classification is used to develop software that can be modelled in a way that it 

becomes capable of categorizing items in a data set into different classes. 

For instance, it can be used to classify all the candidates who conducted an interview 

into two groups – the first group is the list of those candidates who were chosen and the second 

is the list that features candidates that were refused. The analysis software using data mining 

techniques can be used to perform this classification job.  

2.2.3.1. Classification Models 

For many years, data mining has grown various techniques to carry out the tasks that 

include database-oriented techniques, statistics, machine learning, pattern recognition, neural 

network, rough set and etc.  Database is rich with concealed information that can be used to 

support intelligent decision making. Intelligent decision denotes to the ability to perform 
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automated decision that is quite similar to human decision. Classification and prediction in 

machine learning are among the techniques that can generate intelligent decision.  At this time, 

many classification and prediction techniques have been proposed and suggested by 

researchers in machine learning, pattern recognition and statistics. 

 Classification is the work used to forecast the class label of the dataset which is discrete 

or nominal. Various techniques that are employed for data classification are Decision tree, 

Bayesian methods, Bayesian network, rule-based algorithms, neural network, support vector 

machine, association rule mining, k-nearest-neighbor, case-based reasoning, genetic 

algorithms, rough sets, and fuzzy logic. Each has its own advantages and disadvantages. 

  This section examines the various algorithms available for the classification task in the 

literature. 

1. Support Vector Machine 

  Support Vector machine is a kind of Machine Learning technique that can be applied 

for both classification and regression. It has particularly two variants to support linear and non-

linear problems. Linear SVM has no kernel and searches a minimum margin linear solution to 

the problem. SVM with kernels are used when the solution is not linearly separable 

Basic Theory: 

  Support Vector Machine is a supervised learning technique widely used in text 

classification, image classification, bioinformatics etc. 

  The problem space must be linearly separable non Linear SVM. A hyper plane is 

obtained by the model that maximizes the classification margin. That will be an N-1 

dimensional subspace if there are N features present. The boundary nodes in the feature space 

are called support vectors. Based on the relative position, the maximum margin is gained and 

an optimal hyper plane is extracted in the midpoint. 

  It is Non-linear SVM when the dataset is not linearly separable. A kernel function is 

employed to infer a new hyper plane for all the training data. The distribution of labels in new 

hyper plane will be such that training data will be linearly separable. Later, a linear curve will 
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categorize the labels in the hyper plane. When the classification results are undertaking back 

to the feature space, a non-linear solution is acquired. 

2. Random Forest 

  Random Forest is an ensemble model, multiple decision trees are merged to get a 

stronger model. The acquired model will be more robust, accurate and handles over fitting 

better than constituent models. 

Basic Theory: 

  Random Forest have a set of decision trees ensemble with “bagging method” to gain 

classification and regression results. In classification, it computes the result using majority 

voting, whereas in regression, mean is computed. And random Forest recommend a robust, 

accurate model that can manage large varieties of input data with binary, categorical, 

continuous features. 

Hyperparameters: 

n_estimators : It is the number of trees in the forest. With large number of trees comes high 

accuracy, but high computational complexity. 

maximum features : maximum number of features permitted in an individual tree. 

minimum sample leaf : It is the minimum number of samples needed to split an internal node. 

3. Logistic Regression 

  It is a Machine Learning classification algorithm that is used to estimate the probability 

of a categorical dependent variable. In logistic regression, the dependent variable is a binary 

variable that includes data coded as 1 (yes, success, etc.) or 0 (no, failure, etc.). In other words, 

the logistic regression model estimates P(Y=1) as a function of X.  

Logistic Regression Assumptions 

 Binary logistic regression necessitates the dependent variable to be binary. 

 For a binary regression, the factor level 1 of the dependent variable should describe the 

desired outcome. 

 Only the meaningful variables should be contained. 
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 The independent variables should not be influenced by each other. That is, the model 

should have little or no high correlation. 

 The independent variables are linearly connected to the log odds. 

Logistic regression demands quite large sample sizes. 

4. Naives Bayes 

It is one of the most popular and powerful algorithm for classification analysis. If a 

dataset has millions of instances with many features, then the Naïve Bayes classifier is the 

recommended one. The foundation of Naïve Bayes classifier is Bayes theorem. Bayes Theorem 

serves as conditional probability. A conditional probability is something like, probability of an 

event (A), given that another (B) has already appeared [9]. The assumption of Naïve Bayes 

classification on Bayesian probability titled class condition independence. 

The naïve Bayesian classifier, or simple Bayesian classifier, serves as follows: 

(i). Let D be a training set of tuples and their associated class labels. As usual, each 

tuple is described by an n-dimensional attribute vector, X = (x1, x2, …,xn), representing n 

measurements made on the tuple from n attributes, respectively, A1, A2, …, An. 

(ii). Suppose that there are m classes, C1, C2, …, Cm. Given a tuple, X, the classifier 

will estimate that X belongs to the class having the highest posterior probability, in 

condition on X. That is, the naïve Bayesian classifier estimates that tuple X belongs to the 

class Ci if and only if 

P(Ci|X) > p(Cj|X) for 1 ≤ jm, j ≠ i                    2.1 

Thus we maximize P(CijX). The classCifor which P(CijX) is maximized is called 

the maximum posteriori hypothesis. By Bayes’ theorem 

 

    P(Ci|X) = P(X|Ci) P(Ci) 𝑃(𝑋)⁄                                       2.2 

(iii). As P(X) is constant for all classes, only P(X|Ci)P(Ci) need be maximized. If the 

class prior probabilities are not known, then it is commonly supposed that the classes are 

equally likely, that is, P(C1) = P(C2) = …= P(Cm), and we would therefore maximize 

P(X|Ci). Otherwise, we maximize P(X|Ci)P(Ci). 
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(iv). Given data sets with many attributes, it would be extremely computationally costly 

to compute P(X|Ci). In order to decrease computation in evaluating P(X|Ci), the naive 

assumption of class conditional independence is performed. This assumes that the values 

of the attributes are conditionally independent of one another, given the class label of the 

tuple. Thus, 

(𝑋|𝐶𝑖) = ∏ 𝑃(𝑥𝑘|𝐶𝑖)

𝑛

𝑘=1

 

                                                                       = 𝑃(𝑥1|𝐶𝑖) × 𝑃(𝑥2|𝐶𝑖) × … × 𝑃(𝑥𝑛|𝐶𝑖)    2.3 

We can easily evaluate the probabilities P(x1|Ci), P(x2|Ci), : : : , P(xn|Ci) from 

the training tuples. For each attribute, we look at whether the attribute is categorical or 

continuous-valued. For instance, to calculate P(X|Ci), we consider the following: 

 If Ak categorical, then P(xk|Ci) is the number of tuples of class Ciin D havingthe 

value xk for Ak, divided by |Ci,D| the number of tuples of class Ciin D. 

 If Ak continuous-valued, then we need to do a bit more work, but the calculations 

pretty straight forward. 

A continuous-valued attribute is typically supposed to have a Gaussian distribution with a 

mean μ and standard deviation, defined by 

g(𝑋𝑘|𝐶𝑖)(x, μ, σ) =
1

√2πσ
e

−
(𝑥−𝜇)2

2𝜎2                  2.4 

                                    P = g(Xk, μCi, σCi)     2.5    

 (v). In order to estimate the class label of X, P(XjCi)P(Ci) is measured for each class 

Ci. The classifier estimates that the class label of tuple X is the class Ciif and only if 

P(X|Ci)P(Ci) > P(X|Cj)P(Cj)for1 ≤ j ≤ m, j ≠ i                2.6 
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5. Decision Tree 

  Let us suppose that the loan applicants dataset is characterized by n attributes 

or characteristics: x1, x2, x3…etc. The applicants fall into two different classes: ‘good 

credit’ and ‘bad credit’. The basic objective of this decision tree model is to search a 

classifier which can split good credit samples and bad credit samples. The tree contains of 

a set of sequential binary splits of data. At the beginning of the tree, there is a root node 

comprising both the samples of good or bad credit data. In order to find the attribute and 

corresponding cut-off value C whose objective is offering the best separation keeping the 

good samples mostly on one side and bad on the other, the algorithm initiates to loop over 

each and every binary split. Fig 2.1: shows a tree which is optimized when the data in the 

root node is separated between the instances with attributes .  The 

procedure is continuously reiterated for the child nodes until it meets a stopping criterion 

[25]. 

 

  

 

  

   

 

 

 

 

 

 

 

Figure 2.2 Illustration of the Decision Tree for Sample Credit Analysis 
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2.2.4. Prediction 

Prediction technique predicts the relationship that prevails between independent and 

dependent variables as well as independent variables alone. It can be applied to predict future 

profit based on the sale. Let us suppose that profit and sale are dependent and independent 

variables, correspondingly. Now, based on what the past sales data says, we can perform a 

profit prediction of the future using a regression curve.  

2.2.5. Sequential patterns 

These sequential patterns technique targets to use transaction data, and then distinguish 

similar trends, patterns, and events in it over a period of time. The historical sales data can take 

advantage to discover items that buyers bought together at different times of the year. Business 

can construct sense of this information by recommending customers to buy those products at 

times when the historical data doesn’t recommend, they would. Businesses can use lucrative 

deals and discounts to force through this recommendation. 

2.3. Issues Regarding Classification and Prediction 

There are two issues in classification: data preparation and data cleaning. In data 

Preparation, the preprocessing steps may be applied to the data for classification and prediction 

are: data cleaning, feature selection, and data transformation. In data cleaning, this 

preprocesses the data in order to reduce noise and handle missing values. The above mentioned 

steps are performed in this system to help improve performance of the credit risk prediction. 

1. Preparing the Data for Classification and Prediction: 

 The following preprocessing steps may be performed to the data to help increase the 

accuracy, efficiency, and scalability of the classification or prediction process. 

(i). Data cleaning: 

 This is referred as the preprocessing of data in order to eliminate or reduce noise (by 

applying smoothing techniques) and the treatment of missing values (e.g., by substituting a 

missing value with the most commonly occurring value for that attribute, or with the most 

probable value depending on statistics). 

 Although most classification algorithms have some mechanisms for handling noisy or 

missing data, this step can help decrease confusion during learning. 



15 

 

(ii). Relevance analysis: 

 Many of the attributes in the data may be unnecessary or redundant. Correlation 

analysis can be applied to identify whether any two given attributes are statistically connected. 

For example, a strong correlation between attributes A1 and A2 would suggest that one of the 

two could be eliminated from further analysis. 

 A database may also contain irrelevant attributes. Attribute subset selection can be used 

in these cases to find a reduced set of attributes such that the resulting probability distribution 

of the data classes is as close as possible to the original distribution received using all attributes. 

 Hence, relevance analysis, in the form of correlation analysis and attribute subset 

selection, can be used to detect attributes that do not contribute to the classification or 

prediction task. Such analysis can help increase classification efficiency and scalability. 

(iii). Data Transformation and Reduction 

 The data may be converted by normalization, particularly when neural networks or 

methods involving distance measurements are utilized in the learning step. Normalization 

contains scaling all values for a given attribute so that they fall within a small particular range, 

such as -1 to +1 or 0 to 1. 

 The data can also be converted by hypothesizing it to higher-level concepts. Concept 

hierarchies may be used for this intention. This is specifically useful for continuous valued 

attributes. 

  For example, numeric values for the attribute income can be hypothesized to discrete 

ranges, such as low, medium, and high. Similarly, categorical attributes, like street, can be 

hypothesized to higher-level concepts, like city. 

 Data can also be lessen by applying many other methods, designating from wavelet 

transformation and principle components analysis to discretization techniques, such as binning, 

histogram analysis, and clustering. 
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2.4. Data Mining Applications 

Some of the most useful data mining applications are described below. In this section, 

we have focused some of the applications of data mining and its techniques are analyzed 

respectively Order. 

1. Healthcare 

Data mining has the potential to change the healthcare system entirely. It can be utilized 

to determine best practices based on data and analytics, which can support healthcare facilities 

to shrink costs and enhance patient outcomes. Data mining, together with machine learning, 

statistics, data visualization, and other techniques can be used to perform a difference. It can 

get in handy when estimating patients of different categories. This will support patients to 

obtain intensive care when and where they want it. Data mining can also support healthcare 

insurers to recognize fraudulent activities. 

2. Education 

Employing data mining in education is still in its emerging phase. It helps to develop 

techniques that can use data coming out of education environments for knowledge 

examination. The objectives that these techniques are anticipated to serve include studying 

how educational support impacts students, supporting the future-leaning needs of students, and 

promoting the science of learning amongst others. Educational institutions can apply these 

techniques to not only forecast how students are going to do in examinations but also perform 

accurate decisions. With this knowledge, these institutions can emphasize more on their 

teaching pedagogy.  

3. Market basket analysis 

This is a modelling technique that utilizes hypothesis as a basis. The hypothesis states 

that if you purchase certain products, then it is highly likely that you will also buy products 

that don’t belong to that category that you usually purchase from. Retailers can utilize this 

technique to know the buying habits of their customers. Retailers can take advantage of this 

information to make changes in the layout of their store and to cause shopping a lot easier and 

less time consuming for customers.  
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4. Customer relationship management (CRM) 

CRM includes acquiring and keeping customers, enhancing loyalty, and employing 

customer-centric strategies. Every business requires customer data to examine it and take 

advantage of the findings in a way that they can build a long-lasting relationship with their 

customers. Data mining can support them do that process. 

5. Manufacturing Engineering 

A manufacturing company depends a lot on the data or information available to it. Data 

mining can support these companies in distinguishing patterns in processes that are too 

complicated for a human mind to recognize. They can recognize the relationships that exist 

between different system-level designing elements, involving customer data needs, 

architecture, and portfolio of products. 

Data mining can also verify useful in estimating the overall time required for product 

development, the cost involved in the process, and the expectations companies can have from 

the final product.  

6. Finance and Banking 

The banking system has been perceiving the generation of huge amount of data from 

the time it underwent digitalization. Bankers can apply data mining techniques to resolve the 

baking and financial problems that businesses face by uncovering correlations and trends in 

market costs and business information. This job cannot be accomplished without data mining 

as the volume of data that they are dealing with is too large. Managers in the banking and 

financial sectors can use this information to procure, retain, and maintain a customer.  

7. Fraud Detection 

Fraudulent activities expense businesses billions of dollars every year. Methods that 

are usually used for detecting frauds are too complicated and time-consuming. Data mining 

supports a simple alternative. Every ideal fraud detection system requiress to protect user data 

in all circumstances. A method is supervised to collect data, and then this data is classified into 

fraudulent or non-fraudulent data. This data is employed in training a model that distinguishes 

every document as fraudulent or non-fraudulent. 
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8. Monitoring Patterns 

This is known as one of the basic data mining techniques, it generally composes 

tracking data patterns to draw business conclusions. For an organization, it could mean 

anything from determining sales upsurge or tapping recent demographics. 

9. Classification 

To derive relevant metadata, the classification technique in data mining helps in 

differentiating data into separate classes:  

 Based on the kind of data sources, mined 

 Based on the data framework involved 

 Based on data mining functions 

 Based on user communication in data mining 

10. Association 

Alternatively recognized as relation technique, the data is recognized depending upon 

the relation between the values in the same transaction. It is practically handy for organizations 

trying to spot trends into purchases or product preferences. Since it is connected to customers’ 

shopping behavior, an organization can collapse data patterns based on the buyers’ purchase 

histories. 

11. Anomaly Detection 

If a data item is distinguished that does not match up to a preceding behavior, it is an 

outlier or an exception. This method delves into the process of the take advantage of such 

exceptions and backs it with important information.  

Generally, anomalies can be aloof in its origin, but it also comes along with the 

possibility of exploring a focus area. Therefore, businesses often employ this method to track 

system intrusion, error detection, and keeping a check on the system’s overall health. Experts 

like better the emission of anomalies from the data sets to boost the chances of correctness. 

12. Clustering 

This approach involves assembling identical data objects into the same clusters. 

Depending on the dissimilarities, the groups often comprise of using metrics to promote 
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maximum data association. Such processes can be beneficial to profile customers based on 

their income, shopping frequency, etc.  

13. Regression 

It is also a data mining process that supports in forecasting customer behavior and yield, 

it is applied by enterprises to know the correlation and independence of variables in an 

environment. For product development, such kind of analysis can assist to understand the 

influence of factors like market demands, competition, etc.  

14. Prediction 

This powerful data mining technique supports enterprises to match patterns depending 

on current and historical data records for predictive analysis of the future. While some of the 

approaches include Artificial Intelligence and Machine Learning aspects, some can be 

performed via simple algorithms. Organizations can often predict profits, extract regression 

values, and more with such data mining techniques. 

15. Sequential Patterns 

It is used to recognize striking patterns, trends in the transaction data available in the 

specific time. For detecting items that customers prefer to buy at different times of the year, 

businesses offer arranges on such products.  

16. Visualization 

No data is valuable without visualizing the right way since it’s always varying. The 

different colors and objects can expose valuable trends, patterns, and insights into the huge 

datasets. Therefore, businesses often bring into play to data visualization dashboards that 

automate the process of generating numerical models. 

17. Neural Networks 

It denotes the connecting of a particular machine learning model to an AI-based 

learning technique. Since it is encouraged by the neural multi-layer system discovered in 

human anatomy, it illustrates the working of machine learning models in precision. It can be 

increasingly complicate and therefore requires to be dealt with extreme care. 
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18. Data Warehousing 

While it means data storage, it identifies the storing of data in the form of cloud 

warehouses. Companies often exploit such a precise data mining approaches to have more in-

depth real-time data analysis.  

Data mining comes together different methods from a variety of disciplines, including 

data visualization, machine learning, database management, statistics, and others. These 

techniques can be made to work together to solve complex problems. Typically, data mining 

software or systems take advantages of one or more of these methods to deal with different 

data requirements, kinds of data, application areas, and mining tasks.  

2.5. Related Works 

The KNN method was introduced in 1967 and many researches have been examined 

using KNN since the algorithm was submitted. This section presents some of the research 

approaches connected with KNN algorithms and a brief lookback on previous approaches by 

some authors, we well as some of their impressive results. 

 Gata[7]  utilized RapidMiner tools for data analysis process using K-NN algorithm. In 

their approach, they developed the data through KDD stages: namely the preprocessing and 

data transformation stages. Najat Ali,[18] combined the measures of numerical and binary 

distance computation as a good approach to obtain more credible results than applying one 

single measure. They introduced some similarity measure based on common distance measure: 

numerical and binary data. 

Rajaguru.H[24] experimented a classification approach which contributes a solution in 

analysis of breast cancer. They applied two classifications approaches, Decision tree and K-

Nearest Neighbors (KNN) algorithm for the classification of breast tumour. They verified that 

the lazy-learning method is more capable compared with the decision-tree method. 

Bastos (2008) in his approach has introduced a credit analysis model using boosted 

decision trees. He analysed the performance of the Boosted decision trees using two commonly 

available credit card datasets. His research demonstrates that the prediction accuracy of 

Boosted decision tree being  benchmarked  against two alternative data mining approach: 

Multilayer perceptron and Support Vector machines and Boosted decision tree is created to be 
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a competitive method for credit analysis after out-performing both SVM and Multilayer 

perceptron on two real world credit datasets. In his studies he also verified that Boosted 

decision trees can also be applied to rank the attributes which reveals the likelihood of default 

[15]. 

Chen.Y[5] proposed an approach for disease prediction using K-NN improvement 

algorithm from the patient data analysis. An improved k-nearest neighbors technique based on 

maximum entropy is proposed. Their testing results proves that the improved K-NN is better 

than the traditional KNN in terms of accuracy and operational efficiency. 

The objectives of this system is to discover a more preferable performer classifier 

technique of nearest neighbors for forecasting and employing a prediction model which will 

evaluate a core and estimation will be made depending on that. 
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CHAPTER 3 

MODELS AND METHODOLOGY FOR CLASSIFICATION 

OF BANK CREDIT DATA 

 In this section, classification of bank data using nearest neighbors classification 

techniques is presented. The performance of the KNN and WKNN classifiers is analyzed and 

compared in this experiment, and a better performer model is going to use to develop a model 

that will forecast the credit default risks. The analysis process is composed of four main series 

of steps: label encoding and standardization are performed in data preprocessing step. While 

dividing the credit dataset into training set and testing set is done in data splitting step. KNN 

and WKNN classifiers are modelled and tested using the dataset. Evaluation and analyzing of 

the classifiers are done in subsequent step.  

3.1. Classification Models 

Classification is a data mining function that assigns items in a collection to target 

categories or classes. The goal of classification is to accurately predict the target class for each 

case in the data. Each has its own strengths and weakness. As a report result of crucial research 

groups of classification problems and their instances are explained, for which some data 

mining algorithms are recommended.  

The proposed system analyses one of the most common classification algorithms, the 

k-nearest neighbor algorithm, represented as KNN and its improved model distance-weighted 

KNN (WKNN). The main strengths of KNN compared with other data mining techniques are 

straightforward implementation, no need of explicit training, and easy explanation of the 

accomplished results. The algorithm needs to be provided with a data set of recognized classes. 

In this system, the data was investigated using the two above mentioned classification 

algorithms, KNN and distance-weighted KNN (WKNN). The analysis of k-nearest neighbor 

and weighted k-nearest Neighbors is compared in this experiment. A short introduction of each 

classifier is presented below. 

 



23 

 

3.1.1. K-Nearest Neighbors Classification 

  Nearest-neighbor classification methods are established on studying by analogy, that 

is, the highest proximity measures between the training tuples and the test examples are 

computed and selected. The training examples are described by n attributes. Each example 

symbolizes a point in an n-dimensional space. In this way, all the training examples are stored 

in an n-dimensional pattern space. When given an unknown example, a k-nearest-neighbor 

classifier explores the pattern space for the k training examples that are closest to the unknown 

example. These k training examples are the k nearest neighbors of the test example. Proximity 

specified terms of a distance metric, such as Euclidean distance. 

  In KNN, predicting a test data point is performed based on the number of votes of its k 

neighbors and the training data point is analyzed to classify the credit risks. The distance 

measure is computed for each test data point with all the training data point. In this testing, 

different number of k is tested to get the optimal classification accuracy. By using the majority 

vote of test data nearest neighbors, class label is predicted.  To calculate the distance measure 

between the training data and testing data, Euclidean distance is applied in this system. The 

processing steps of KNN is illustrated in Figure 3.1. Figure 3.2 describes the classification of 

an instance using 3-Nearest Neighbor classifier.  

Step-1: Computation of distances between data sets.  

Step-2:Exploring the nearest neighbors on the basis  of the 

computed   distances;  

Step-3: Selecting a class for the new data set corresponding 

to the class of the nearest neighbors.  

Figure 3.1 K- Nearest Neighbor Algorithm 
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Figure 3.2 Illustration of Classify an instance by a 3-Nearest Neighbor Classifier 

3.1.2. Distance-Weighted KNN Classification 

 WKNN is an improved model of KNN classification model and the distances of the 

nearest neighbors are taking into consideration in the latter model. In WKNN, the distance-

weighted function is proposed as shown in equation (3.1), giving greater weights to closer 

neighbors than other neighbors. 

 Figure 3.3 is used for differentiating prediction between KNN and WKNN. Label 0 and 

1 are used for red circle and green circle in Figure 3.3 respectively. Query data point is 

presented in white circle. If KNN is used for prediction white data point in this case, label 0 is 

predicted although the query data is nearer to class label 1. WKNN intends to solve this kind 

of problem. WKNN assigns more weight values to nearer data point and less weight values to 

farther data point. When distance increases between data points, the weight value becomes 

decreased. Therefore, the greatest weight is given to nearest data point in WKNN prediction. 

To compute weight value, inverse distance function is used. Hence, the main difference 

between WKNN and KNN is distance weighted function to predict the class. 

𝐖𝐢 =  
𝟏

𝐃𝐢
                             3.1 

Where  

W=weight and D=Distance. 
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Figure 3.3 Data Points 

3.2. Methodology for Classification of Bank Credit Data 

In general, Classification process involves some steps to accomplish its analysis 

process. The workflow of the proposed classification process is illustrated in Figure 3.4. Figure 

3.5 shows the steps involved in modelling the classification process for Credit data analysis. 

The beginning step is called the learning step where in the model; predetermined classes are 

constructed by analyzing a set of training dataset variables. Each variable is supposed that has 

a relation and observes to a predetermined class. The secondary step is responsible for 

evaluating the accuracy of model or classifier (verifyingg the model) through testing the model 

using a different dataset. If the classifier’s accuracy was examined acceptable, the model or 

classifier can be used to apply to new unknown data to give prediction about specific unseen 

class and this is considered the tertiary step as shown in figure 3.5. Therefore, the model 

performs as a classifier in the process of decision-making. There are several classification 

techniques have been used in the prediction process such as Decision Tree, Naïve Bayes, SVM, 

etc. 
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Figure 3.4 The Workflow of the Credit Risk Analysis 

 The series of steps performed in analysis process is described in Figure 3.5. In this 

section, classification of bank customer data using k-nearest neighbors and weighted k-nearest 

neighbors is presented. The analysis process is composed of four main series of steps. Label 

encoding and standardization are performed in data preprocessing step. KNN and WKNN 

classifiers are modelled and tested using the dataset. Evaluation and analyzing of the classifiers 

are done in subsequent step.  
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Figure 3.5 The Processing Steps of KNN Classifiers 

 In the proposed system, ‘Credit Dataset [32]’ is used for classification and then the 

dataset is pre-processed for later classification steps. After that the data has been trained and 

tested with KNN and WKNN models. Subsequently, the parameters of algorithms are tuned to 

get the credible results. The performance was evaluated using different performance measures. 
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3.3. Data Preprocessing 

 Data preprocessing transforms rough dataset to a much more understandable data 

format so that data becomes more useful consistent by applying label encoding and 

standardization. As Most of the datasets is often incomplete, inconsistent and is likely to 

contain substantial differences in scale per feature. Data preprocessing techniques can resolve 

these issues. For the credit dataset described in Table 3.1, the following data preprocessing 

techniques were used to be compatible with the KNN classifiers and to generate meaningful 

results. 

3.3.1. Dataset Description  

  Bank Credit dataset with 1000 transactions is used to classify credit risk for each 

customer is risky or not. The dataset has twenty-one attributes including class label. The brief 

description of the dataset is shown in Table 3.1. 80% of the Credit data is used for training data 

and 20% is as testing data, which were used as a test instances, were selected randomly, and 

each analysis on each dataset was repeated 10 times to obtain random examples for testing and 

training phases. 

Table 3.1 Credit Dataset 

No. Attribute Value 

1.  Default 0,1 

2.  Account check 

< 0 DM 

>= 200 DM /  

salary assignments for  

at least 1 year 

0 <= ... < 200 DM 

no checking account 

3.  Duration_in_month 6,48,12,43,24,36,24,36,12,30 

4.  Credit History 

all credits at this bank paid back duly 

critical account/ other credits 

existing  

(not at this bank),  

delay in paying off in the past,  
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No. Attribute Value 

existing credits paid back duly till 

now,  

no credits taken/ all credits paid back 

duly 

5.  Purpose 

(Vacation does not exist?), 

business, 

car(new), 

car(used), 

Domestic application, 

education, 

furniture/equipment 

radio/television,  

repairs, 

retraining, 

6.  Credit amount 
1169,5951,2069,7882,4875,9055, 

2835,6948,3059,5234 

7.  Saving 

>=1000DM, 

--<100DM, 

100<=--<500DM 

500<=--<1000DM, 

unknown/ no savings account, 

8.  Present_emp_since 

--- >=7 years, 

1<=4 years, 

4<=7years,unemployed, 

--<1year 

9.  Installment_as_income 1,2,3,4 

10.  Personal_status_sex 

female:divorced/separated/married,  

male : divorced/separated 

male:married/widowed,  

Male:single, 

11.  Other_debtors 
co_applicant 

guarantor,  
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No. Attribute Value 

Non,  

12.  Present_res_since 1,2,3,4 

13.  Property 

If not A121:building society saving 

 agreement/life insurance, 

If not A121/A122:car or other, 

not in attribute6 

real estate, 

Unknown/no property, 

14.  Age 67,22,49,45,53,35,61,28 

15.  Other_installment_plans 

bank 

none, 

stores, 

16.  Housing 

For free, 

Own, 

Rent 

17.  Credit_this_bank 1,2 

18.  Job 

management/ self-employed/ 

highly qualified employee/ officer 

skilled employee / official,  

unemployed/ unskilled - non-

resident,  

unskilled – resident, 

19.  People_under_maintenace 1,2 

20.  telephone 

None,  

Yes, registered under the customers 

name 

21.  Foreign worker 
No 

Yes,  

22.  Class 
Bad, 

Good 
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3.3.2. Label Encoding 

 Label encoding is widely used labelling techniques for converting categorical variables 

to numeric values. For example, Credit dataset has a column of ‘housing’, which includes 

‘rent’, ‘own’, ‘for free’. After applying the label encoder, it will be converted into 0,1 and 2 

respectively. It is a crucial pre-processing step in supervised learning. In this classification 

model, data conversion was performed using label encoding and some of the encoded features 

is shown in Table 2. Figure 3.6 shows the illustration of how to encode labels for data. 

 

 

 

 

 

 

 

Figure 3.6 Label Encoding 

Table 3.2 Label Encoded Dataset 

No. Attribute 
Encoded 

label 
Value 

1.  Default  0,1 

2.  Account check 

0 

1 

2 

3 

< 0 DM 

>= 200 DM /  

salary assignments for  

at least 1 year 

0 <= ... < 200 DM 

no checking account 

3.  Duration_in_month  6,48,12,43,24,36,24,36,12,30 

Housing number 

For free 0 

Own 1 

rent 2 

Housing 

Own 

For free 

rent 

Label Encoding 
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No. Attribute 
Encoded 

label 
Value 

4.  Credit History 

0 

1 

2 

3 

4 

all credits at this bank paid back 

duly 

critical account/ other credits 

existing  

(not at this bank),  

delay in paying off in the past,  

existing credits paid back duly till 

now,  

no credits taken/ all credits paid 

back duly 

5.  Purpose 

0 

1 

2 

3 

4 

5 

6 

7 

8 

9 

(Vacation does not exist?), 

business, 

car(new), 

car(used), 

Domestic application, 

education, 

furniture/equipment 

radio/television,  

repairs, 

retraining, 

6.  Credit amount  
1169,5951,2069,7882,4875,9055, 

2835,6948,3059,5234 

7.  Saving 

0 

1 

2 

3 

4 

>=1000DM, 

--<100DM, 

100<=--<500DM 

500<=--<1000DM, 

unknown/ no savings account, 

8.  Present_emp_since 

0 

1 

2 

3 

--- >=7 years, 

1<=4 years, 

4<=7years,unemployed, 

--<1year 



33 

 

No. Attribute 
Encoded 

label 
Value 

9.  Installment_as_income  1,2,3,4 

10.  Personal_status_sex 

0 

1 

2 

3 

female:divorced/separated/married,  

male : divorced/separated 

male:married/widowed,  

Male:single, 

11.  Other_debtors 

0 

1 

2 

co_applicant 

guarantor,  

Non,  

12.  Present_res_since  1,2,3,4 

13.  Property 

0 

1 

2 

3 

If not A121:building society saving 

 agreement/life insurance, 

If not A121/A122:car or other, 

not in attribute6 

real estate, 

Unknown/no property, 

14.  Age  67,22,49,45,53,35,61,28 

15.  Other_installment_plans 

0 

1 

2 

bank 

none, 

stores, 

16.  Housing 

0 

1 

2 

For free, 

Own, 

Rent 

17.  Credit_this_bank  1,2 

18.  Job 

0 

1 

2 

3 

management/ self-employed/ 

highly qualified employee/ officer 

skilled employee / official,  

unemployed/ unskilled - non-

resident,  

unskilled – resident, 

19.  People_under_maintenace  1,2 
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No. Attribute 
Encoded 

label 
Value 

20.  telephone 
0 

1 

None,  

Yes, registered under the customers 

name 

21.  Foreign worker 
0 

1 

No 

Yes,  

22.  Class 
1 

2 

Bad, 

good 

 

3.3.3. Standardization 

In this experiment, z-scores formula is used as a standardization function to obtain a 

normalized value (z-score) grounded on the mean and standard deviation. Z-score is presented 

in equation (3.2). Z-score is gained by standardizing scores on the equal scales while applying 

a score’s deviation by the standard deviation for the credit dataset.  

Z =  
 (X−µ)

( σ)
               3.2 

Where                                   

Z =score,  

X = a random member,  

µ =mean of population   

𝜎 = standard deviation of population. 

3.4. Euclidean Distance 

    The Euclidean distance is computed between two data instances, say, X1 = (x11, x12, … 

, x1n) and X2 = (x21, x22, … ,x2n), is  

               dist(X1, X2) = √∑ (x1i − x2i)2n
i=1                    3.3 
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In other words, the difference between the corresponding values of that attribute in tuple X1 

and in tuple X2  taken for each numeric attribute, then square this difference, and gather it. The 

square root is taken of the total accumulated distance count. 

 

 

3.4.1. Computing Euclidean Distances  

 In this section, Euclidean distances between sample data and testing data is computed. 

Figure 3.7 shows sample data for computing Euclidean distance.  

 

 

 

 

 

 

 

 

 

Figure 3.7 Data for Sample Computation of Euclidean Distances 

Test data 
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This section shows the sample computation of Classification for demonstrative 

purposes. The following computation shows the calculation of Euclidean distances between 

five training sample data and one unseen data. Then, according to the calculation, final 

prediction results are obtained using K5.  

Distance-1 

 

  Distance-2 
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  Distance-3

 

Distance 4 
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Distance-5

 

 

 

 

 

 

 

 

According to this calculation, Credit risk prediction shows that the classification result 

is “good” for K5.  

3.5. Training and Testing Dataset  

Credit dataset is separated into two subsets: 1) Training Dataset 2) Testing dataset. This is 

accomplished only to meet our classification model into training data, in order to make 

predictions on the testing dataset. After going through all these steps, it is supposed to avoid 

both over-fitting and under-fitting since they both will affect the predictability. Due to over 

fitting the model will be very accurate on training data but will perform poorly on new 

instances or the data which were not trained. This occurs because the model is not hypothesized 

anywhere which means anyone can now hypothesize the outcomes and from here can’t make 

any inferences on other data.   

Before sorting of Distances  After sorting of Distances 

 8.344336   6.173=bad 

  6.173    7.386268= good 

  7.386268   7.605164= bad 

  7.96693    7.96693= good 

  7.605164    8.344336=good 

 



39 

 

On the other hand, when the model being under-fitted means the model doesn’t fit into the 

training data and thus misses out on the pattern of the data. So, it can’t be generalized to new 

data as well. Therefore, to avoid both the scenarios, either cross validation or Train/test-split 

can be done.  

3.5.1. Train/test-split 

The data is divided into training data and test data in the previous above mentioned step. 

The technical term affiliated with this division is “splitting”. In the training data, there is a 

known class on which our model has to learn the trend for being hypothesized on the test data 

later on. Specifically, the dataset is split using the train_test_split method of scikit-learn library 

into desired ratios. “test size=0.2” inside the train_test_split function defines that the split ratio 

is 80-20, which represents that 80% of data is allocated for training the model and the rest 20% 

is allocated for testing the model. 
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CHAPTER 4 

CREDIT DATA PROCESSING AND ANALYSIS 

  The experiments on performance analysis between KNN and WKNN have been 

conducted and the better performer classifier is selected for further prediction of credit risk. 

The analysis are carried out and the following results are discussed.   

 Exploratory analysis is performed with the aid of summary statistics and graphical 

representations 

 The performance of the KNN and WKNN algorithms are tested with different K 

parameters using Spyder IDE.  

 Credit risks are estimated with higher performance classifier using Jupyter Notebook. 

  The experiments are carried out for the purposes of predictive analysis to the two KNN 

classifiers. The performance of classification analysis is done using Python programming 

language on Spyder Integrated Development Environment.   

  An Analytical comparison is performed initially, to assess which Models fare well in 

making accurate predictions. Hence, the performance of these two KNN algorithms are tested 

for different k parameters. This system has concentrated on comparing classification 

performances of KNN and WKNN models through studying and testing the different k values 

of KNN classifier. Then the better performer classifier is applied to predict the credit risk. In 

this experiment, the highest accuracy scores of the KNN is 93.3% and its average accuracy for 

k=1 to 41 is 89.1%. On the other hand, WKNN classifiers obtains the highest accuracy scores 

of 94.0% and its average accuracy for k=1 to 41 is 88%. Therefore, according to the 

experiment, the KNN classifier outperform the WKNN.  
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4.1. Exploratory Data Analysis 

It is known as the vital technique of doing initial investigations on data so as to find 

patterns, to spot anomalies, to test hypothesis and to check assumptions with the aid of 

summary statistics and graphical representations [28]. 

There are twenty variables in the credit dataset and the classification process is 

examined whether a customer is a Good or a Bad credit risk for a total of one thousand loan 

applicants. There are one thousand individuals, seven are numerical variables including the 

response and fourteen attributes are categorical variables with various levels in this Credit 

Dataset. 

There are two kinds of classes for classifying credit risks, 1 is for bad credit risks and 

2 for good credit risks. Seventy percent of the examples are good credits out of all examples, 

whereas the remaining thirty percent of examples are bad credit risks. 

 Good Credits: Negative or majority class (70%). 

 Bad Credits: Positive or minority class (30%). 

It is indicated that the “good” class is the focal point of the prediction task and that it 

is more expensive to the bank or financial organization to give money to a bad customer than 

to not give money to a good customer. This must be considered when evaluating a performance 

metric. 

Figure 4.1, 4.2 and 4.3 describe the data distribution of “savings”, “job” and 

“personal_status_sex” attributes using the histogram. A histogram is a illustration of the 

distribution of numerical data, where the data are binned and the count for each bin is 

represented.. In this histograms X axis represent the “age” feature and Y axis represents 

frequency of instances in our dataset. 
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Figure 4.1 Distribution of Savings Account Attribute for Class 

According to 'Savings Account' we can visually observe that people with 'little or 

'moderate' income are likely to be better credit. According to Figure 4.2, group 0 and 3 (female: 

divorced and male: single) are more likely to be good credit.  
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Figure 4.2 Distribution of personal_status_sex Attribute for Class 

 

Figure 4.3 Exploring Frequency of Age 
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Figure 4.4 shows the data distribution between the age and credit amount. The younger 

age group tended to ask slightly for higher loans compared to the older age groups. The young 

and elderly groups had the highest ratio of high risk loans. 

 

Figure 4.4 Data Distribution between Credit Amount and Age 
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Figure 4.5 Data Distribution between Credit Amount and duration_in_month 

Figure 4.5 describes that the higher the credit amount borrowed, the most likely the 

loan will end up bad. The higher the duration of the loan, the most likely the loan will turn out 

to be bad. 

4.2. Classification Accuracy of the KNN and WKNN  

  In this section, accuracy measures of the KNN and WKNN classifiers have been tested 

using different K parameters (K=1,3,5,…,41) and attempted to find the preferable classifier for 

credit risk analysis. The proposed credit analysis system has also focused on the capacity of 

constructing a predictive model for defining customers whether good or bad risks using 

classification techniques through evaluating and testing the factors.  
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Figure 4.6 Classification Score of KNN with Different K Values 

Python 2.7 on Spyder IDE was used through executing the experiments. Figure 4.6, 4.7 

and 4.8 shows the illustration of executing accuracy performance of KNN and WKNN on 

Spyder IDE with different K values. The performance of both classifiers is not much difference 

in each iteration but the average accuracies of both classifiers for all K values is slightly 

different. The mean accuracy scores of KNN is higher than WKNN, and hence KNN is selected 

as a predictive model for the credit risk analysis. 

 

Figure 4.7 Classification Score of KNN for K=41 
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Figure 4.8 Classification Score of WKNN with Different K Values 

4.3. Prediction Credit Risk with Higher Performer Classifier  

  A predictive classifier constructed on this data is anticipated to help a bank manager 

guidance for making a decision whether to grant a loan to a prospective applicant depending 

on his/her credit data. According to the experiment, the average accuracies of KNN and 

WKNN are 89.2% and 88.7% respectively. The model KNN outperforms the WKNN model 

and hence it is credible that KNN is better performer for analysis of credit risk data. 

  This section will present the prediction results of superior predictive models using 

Jupyter Notebook. Figure 4.9 shows that the prediction results of unseen data using the 

proposed algorithm in our experiments. Actual Class labels of the five instances are “good, 

good, good, good and bad “respectively and the estimated results misclassified the last instance 

as good. According to the prediction result is “good, bad, bad, bad, and bad”. 
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Figure 4.9 Classification Result of the KNN Classifier 

The prediction task pays attention to the “good” class and that it is more expensive to 

the bank or financial sectors to give money to a bad customer than not to give money to a good 

customer. The evaluation performance of the classifier will be discussed in the following 

section. 
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CHAPTER 5 

PERFORMANCE EVALUATION 

 In data mining Classification techniques, the percentage of accuracy rate is used for 

performance analysis. The accuracy rate suggests that the classifier having a higher accuracy 

rate classified the datasets in highly corrected manner. In this experiment, the data is firstly 

split into training dataset and testing dataset. The training set is used to construct the classifier 

and test set used for validation. The percentage of dataset used for training and testing data are 

80% and 20% respectively in this testing. Table shows evaluation results for the classification 

methods tested on Credit dataset in Spyder IDE. 

5.1. Evaluation Measures for the Classification 

   The accuracy of a classification model on a given test dataset is the percentage of test 

dataset that are accurately categorized by the classifier. In the pattern recognition process, this 

is also known as the overall recognition rate of the classifier, that is, it reflects how well the 

classifier identifies tuples of the various classes. 

   The error rate or misclassification rate of a classifier, M, which is simply 1-Acc(M), 

where Acc(M) is the accuracy of M. The confusion matrix is a useful tool for analyzing how 

well your classifier can recognize tuples of different classes. 

 True positives relate to the positive tuples that were correctly labeled by the 

classifier. 

 True negatives are the negative tuples that were accurately labeled by the 

classifier. 

 False positives are the negative tuples that were erroneously labeled. 

How well the classifier can classify, for this sensitivity and specificity measures can be 

applied. Accuracy is a function of sensitivity and specificity. 

  The performances are calculated using confusion matrix. Evaluation measures are 

described as in Table 5.1 and the basic formulas of performance measures as follows in the 

Equations (5.1) to (5.5). 
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Table 5.1 Confusion Matrix 

  Predicted 

  Positive Negative 

Actual 

Positive 

True 

Positive 

(TP) 

False 

Negative 

(TN) 

Negative 

False 

Positive 

(FP) 

True 

Negative 

(FN) 

  

   The Confusion Matrix is a helpful measure for analyzing how correctly the classifier 

can classify tuples of different classes. The sensitivity and specificity measures can be used to 

calculate accuracy of classifiers. Sensitivity is also known as the true positive rate (the 

proportion of positive tuples that are correctly identified), while Specificity is the true negative 

rate (that is, the proportion of negative tuples that are correctly identified). These measures are 

defined as follows: 

 

Accuracy, precision recall, f-measure and error rate will be calculated for the KNN 

classifier using all the similarity measures and distance metrics discussed in this section, this 

Accuracy = 
TP+TN

TP+FN+FP+TN
 

 

5.1 

Precision = 
TP

TP+FP
 

 

5.2 

Recall =  
TP

TP+FN
 

 

5.3 

F-measure = 2* 
Precision∗Recall

Precision +Recall
                                                                                             5.4 

 

Error Rate =  (FP +  FN) / (TP +  FN +  FP +  TN) 

 

5.5 
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is to contrast and assess the evaluation measures of the KNN classification model using 

different k values and similarity scores. 

5.2. Performance Analysis of KNN and WKNN Classifiers  

 The classification process of KNN classifier with different k values are built and it had 

the different prediction accuracy through the testing practically. According to a general rule, 

odd value of k is selected and tested because the number of labels used in the dataset is two.  

 The classifier with k=1,2,3,5,7,9,11,13,15,….41 had executed and the highest accuracy 

percentage 94.2% has got with k=5. Python 2.7 on Spyder IDE was used through executing 

the experiments. 

 After analyzing practically, the evaluation results of KNN Classifier with different k 

values is shown in Table5.2 which present the results from the computing experiments using 

Spyder. According to the experiments, the test result shows that the accuracy of the Classifier 

is greatest for k = 9 (93.3%). Evaluation measures of KNN is visualized and shown in Figure 

5.1 for checking classification model’s performance. 

 

Figure 5.1 Evaluation Scores of KNN 
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  As in KNN, WKNN classifier is trained and tested with different k 

parameters(k=1,2,3,5,7,9,11,13,15) and according to the experiment, the optimal k parameter 

is 11 with accuracy score of  93.3% . 

  Accuracy measures of WKNN is described in Table 5.2 which presents the results from 

the experiments. According to the experiments, that the accuracy of the Classifier is greatest 

for k = 9 (94%). Evaluation measures of WKNN is visualized and shown in Figure 5.2 for 

checking classification model’s performance. 

 

Figure 5.2 Evaluation Scores of WKNN 

 Figure 5.3 and Figure 5.2 show the accuracy values of the KNN and WKNN, 

respectively. Both Figure 5.1 and 5.2 show that accuracy scores are slightly decreased when k 

value is greater than or equal 13 and the scores are unchanged when k is greater than or equal 

31. The maximum score for KNN is reached at k=9. Figure 5.2 shows that accuracy measures 

are fluctuated at initial k values. The maximum score for WKNN is reached at k=5. The 

accuracy scores are slightly decreased from k values=13 onwards. KNN has the preferable 

overall performance compared to WKNN. Hence, in this experiment, KNN performs better 

than WKNN with comparative accuracy scores. 
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Table 5.2 Average Accuracy Scores of KNN and Weighted KNN 

Sr. K KNN WKNN 

1 K=1 90.9% 91.3% 

2 K=2 91.5% 91.3% 

3 K=3 92.3% 93.0% 

4 K=5 92.7% 94.0% 

5 K=7 92.8% 93.3% 

6 K=9 93.3% 92.3% 

7 K=11 92.8% 91.7% 

8 K=13 92.9% 90.6% 

9 K=15 92.1% 90.4% 

10 K=17 90.9% 89.9% 

11 K=19 90.4% 89.3% 

12 K=21 89.9% 88.9% 

13 K=23 89.3% 88.0% 

14 K=25 88.7% 87.5% 

15 K=27 88.2% 86.8% 

16 K=29 87.9% 86.9% 

17 K=31 86.7% 85.6% 

18 K=33 86.0% 85.5% 

19 K=35 85.0% 84.9% 

20 K=37 83.7% 84.2% 

21 K=39 82.6% 83.6% 

22 K=41 81.5% 82.6% 
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Figure 5.3 Accuracy Scores of KNN and WKNN Models 

  In this experiment, accuracy measures of the KNN and WKNN classifiers have been 

tested using different K parameters and attempted to find the preferable classifier for credit 

risk analysis. Table 5.2 displays models’ accuracies and a comparison between them. KNN 

and WKNN models, with the highest accuracy of 93.3% and 94% respectively.  

  However, the average accuracy of KNN classifier is slightly higher than WKNN. The 

average accuracy scores of KNN and WKNN are 89% and 88% respectively. Therefore, KNN 

classifier outperform the WKNN classifier in prediction of credit risk for credit data. Observing 

that KNN classifier is well-suited for prediction of credit risk using credit data. 

5.3. Summary of the Predictive Results  

  The prediction results of our classification models is described in this section. The 

model KNN outperforms the WKNN model and hence it is credible that KNN is better 

performer for analysis of credit risk data. The performance of KNN was evaluated using 

several performance measurements. 
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Figure 5.4 Accuracy Measures of the KNN Classifier 

 

Figure 5.5 Error Rate of the KNN Classifier 

Accurate scores and error rates are illustrated in Figure 5.4 and Figure 5.5 respectively. 

It is significant that the highest accuracy score and lowest error rates are achieved at k=5. 

Confusion Matrix and Classification report are also generated for the classification in Table 

5.3 and Figure 5.5, respectively. 
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Table 5.3 Confusion Matrix for Prediction Using KNN 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 5.6 Classification Report 

Accuracy = 
TP+TN

TP+FN+FP+TN
 =  

44+141

44+15+0+141
 = 0.925 

Precision= 
TP

TP+FP
= 

44

44+0
    = 1 

Recall      = 
TP

TP+FN
 =  

44

44+15
 =0.745   

F-measure = 2* 
Precision∗Recall

Precision +Recall
 =  2* 

0.745∗1

0.745+1
    = 2* 

0.745

1.745
    = 0.853 

Error rate = (FP +  FN) / (TP +  FN +  FP +  TN)   =  
15

200
   = 0.075 

  Predicted 

  good bad 

Actual 

good 44 15 

bad 0 141 

  precision  recall  f1-score support 

1 1.00 0.75   0.85    59 

2  0.90 1.00 0.95 141 

 

micro avg  0.93 0.93 0.93 200 

macro avg  0.95 0.87 0.90 200 

weighted avg  0.93 0.93 0.92 200 
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  A Classification report can be applied to measure how correct the predictions from a 

classification algorithm. This is the most common evaluation measure for classification 

problems. It performs better for equal number of observations in each class. The above-

mentioned calculation shows the main classification metrics precision, recall and f1-score on 

a per-class basis. The error rate can also be computed from the confusion matrix as the 

sum of incorrect cells of the table (false positives and false negatives) divided by all cells of 

the table 5.3. Accuracy and error rate are the de facto standard measures for summarizing and 

evaluating the performance of classification models. 

  The presented classification model makes predictions and predicts 141 examples as 

belonging to the “bad” class and 44 examples belonging to the “good” class, hence, total 185 

samples of which are predicted correctly, and 15 of which are misclassified. The result is a 

precision of 1 and f1 score of 0.961 which are quite credible. In this case, although the model 

predicted far more examples as belonging to the minority class, the ratio of correct “good” 

examples is much better. 

  The “good” class is paid attention and it is the focus of the prediction task and that it is 

more expensive to the bank or financial organization to give money to a bad customer than to 

not give money to a good customer. 
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CHAPTER 6 

CONCLUSION 

 In financial sector such as banking, credit data’ evaluation plays a critical role for 

banks. Banks often require to evaluate customer credit to decide against risk and competition. 

Recognizing influential factors of the credit card can support them. The proposed system has 

undertaken to describe the importance of using data mining for credit risk analysis especially 

classification and prediction problems. This system has also concentrated on the capacity of 

constructing a predictive model for determining customers whether good or bad risks using 

high performance classification models through studying and testing the factors. In this system, 

evaluation measures (accuracy measure and precision) of the KNN classifier has been tested 

using different K parameters. The system is designed on the needs of financial institutions in 

that it will be able to predict whether the loan risks is good or bad. The experimented and 

predicted results of the model can be tuned to minimize errors that result in a financial loss for 

the institution. According to the experiment, KNN outperforms the W KNN classifier and its 

average accuracy is 93.3%. 

6.1. Advantages of the System 

  Data mining techniques have been extensively utilized in credit risks application. 

Among them, Classification technique is commonly used technique in bank loan data analysis. 

These techniques are also applied to analyze and evaluate credit risk. The analysis process 

extracts hidden knowledge from credit data then the decisions for credit risks are determined 

as a bad or good credit risk based on the results of the classified process.  

6.2. Limitations and Further Extension 

  The proposed system can only classify only two states, good or bad. Multi class 

predictions is intended for further research. The future work will aim to experiment different 

classification techniques to classify on the different credit datasets and evaluate their respective 

accuracy performance.  
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