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Abstract— Lending money to those in need is a significant 

activity of the banking industry. The bank collects the interest 

paid by the principal borrowers in exchange for the principal 

borrowed from the depositor. (“Credit risk analysis using 

machine learning classifiers ...”) Credit risk analysis is 

turning into a significant field in monetary danger for the 

executives. The interest payments on the loan are used by the 

lender to mitigate the risk of losses caused by the borrower's 

failure to make principal and interest payments. (“Purpose of 

Credit Risk Analysis - Overview, How It Works ...”) In this 

case, the lender is exposed to the risk of loss due to the 

inability of the borrower. Lenders experience cash flow 

interruptions when borrowers default on their obligations. 

Lenders can perform a credit risk analysis to determine how 

easily the borrower will be able to meet its obligations to 

cushion itself from losses and reduce the severity of losses. 

Borrowers with an elevated level of credit risk are charged a 

higher interest rate on loans as compensation for the risk of 

default. A real-life data set for consumer lending is used in 

this paper to compare the performances of different 

classification algorithms. Several types of classifiers (logistic 

regression, random forest, decision tree, svm, xgbm, lgbm, 

etc) are evaluated and their performance compared. 
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I. INTRODUCTION 

Banks and other financial institutions rely heavily on 

consumer and commercial loans to stay afloat. Even though 

banks now offer a variety of other products such as insurance 

and equity funds, loans remain their primary business and 

generate significant profit. Banks make their money through 

loans. Banks, on the other hand, face significant losses if 

some of these borrowers’ default on their loans and are unable 

to repay them. As a result, it is critical for banks to distinguish 

between "good" and "bad" customers when making loan 

offers. In consumer lending, a "good" customer is one who is 

creditworthy and has a minimal risk of default, making the 

loan a safe bet for the bank. On the other hand, a "bad" 

customer is at an elevated risk of default. A certain percentage 

of the bank's loans are likely to default. The bank incurs costs 

when a loan is defaulted on, and in most cases, the bank 

suffers a significant loss. If the number of defaulters 

increases, especially in a bad economy, the bank's financial 

health may be jeopardised. As a result, one of the bank's goals 

is to reduce the number of defaulted loans. Banks can reduce 

the number of defaulters by tightening their lending policies, 

but this will have an impact on the total amount of loans and 

profits. If banks are lenient, however, losses incurred in 

absorbing default loans may have an impact on their 

profitability. The choice of evaluating customers and risk 

profiling them is critical. 

 As a result, banks used to devote a significant 

amount of time and resources to analysing their customers to 

distinguish between "good" and "bad" customers based on 

their demographic and financial profiles. For a company's 

profitability, assessing the risk of a customer defaulting on a 

credit card is critical. Traditionally, experienced staff would 

make such decisions after gathering consumer data and 

consulting with them. Subjective evaluation is no longer 

possible due to the increased volume of loans and increased 

competition. Credit scoring was developed by western banks 

to assess a loan applicant's financial risk profile. Based on the 

consumer's financial history, status, and previous 

transactions, a single score is calculated. Lower scores 

indicate risky customers who are more likely to default. Over 

the years, sophisticated statistical and probability models 

have been developed and are now widely used in many 

financial institutions. This process has been automated thanks 

to tremendous advances in computing power and algorithms. 

Many banks are now able to make loan decisions in hours 

rather than weeks. Both banks and consumers can benefit 

from such a quick turnaround time. 

II. RELATED WORK 

"Credit scoring is a statistical method for predicting the 

likelihood of a loan applicant or current borrower defaulting 

or becoming delinquent." [1] This method has been widely 

used for processing consumer loans since its introduction 

several decades ago. Credit scoring assesses a consumer loan 

application's credit risk, allowing for objective decision-

making. Credit scoring captures how various applicant 

characteristics influence whether the consumer will default 

on the loan by using historical data and statistical techniques. 

The method usually yields a total score, which is then used to 

rank the applicants in terms of risk. The higher the score, the 

less likely the consumer is to default, and thus the lower the 

risk of the loan being extended. Low-risk customers who are 

unlikely to default should be given higher scores, while 

potential defaulters should be given lower scores. The bank 

may rank the applicants based on their scores, with a cut-off 

score below which the applicant will be rejected. Many 

lenders base their decisions solely on the score (and the 

applicant's overall ranking), while others may add in more 

personal factors. Consumer information is gathered from 

their loan application as well as other sources such as their 

place of employment, the government, other businesses, and 

credit bureaus. 

 Consumer personal information, employment 

information, income, assets, liabilities and other debts, past 

loan payment history, and so on are all data attributes. There 

can be a lot of these attributes, and they are all linked together. 

Statistical methods are sometimes used to remove correlated 

attributes from a set of 50-60 attributes. The final scoring 

model may include 8-12 attributes. 

 Credit scoring systems are built using a variety of 

statistical models based on historical data and borrower 

characteristics. A linear relationship between the attributes 

and the probability of default is assumed in a linear model. 

The probability of default is assumed to be a cumulative 
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normal distribution in the logit model and a logistic 

distribution in the probit model. Discriminant analysis 

divides borrowers into two groups: high-risk borrowers and 

low-risk borrowers. Decision Trees, Support Vector 

Machines, Neural Networks, Genetic Algorithms, and their 

variants are examples of more recent machine learning 

models.  

 Various nonlinear, nonparametric forecasting 

models based on machine learning techniques are developed 

in [2] for predicting consumer credit risk. Feature vectors are 

created by combining customer transactions and past credit 

data for a sample of a bank's customers. A delinquency 

forecast model is built using machine learning algorithms 

(generalised classification and regression trees). The model's 

output is an estimate of the likelihood that the customer 

account will become delinquent. The dataset had a 99 percent 

correct classification rate, a kappa statistic between 0.72 and 

0.83, and a ROC curve between 0.89 and 0.95. 

 This demonstrates that separating the two classes 

can be done with a high degree of accuracy. Cost savings 

were estimated using conservative assumptions for the costs 

and benefits of cutting credit lines based on machine-learning 

forecasts.[3] conducts a performance analysis of various 

state-of-the-art credit scoring classification algorithms. Eight 

real-world credit scoring data sets are used, including some 

from major financial institutions. Some well-known 

classifiers are evaluated and compared, including decision 

trees, logistic regression, discriminant analysis, neural 

networks, and k-nearest neighbour. 

 The suitability and performance of advanced kernel-

based classification algorithms like support vector machines 

and least-squares support vector machines (LS- SVMs) are 

also investigated. The classification accuracy and the area 

under the receiver operating characteristic curve are used to 

evaluate the algorithms' performance. Significant 

performance differences between classifiers are identified 

using appropriate test statistics. 

 The results show that LS-SVM and neural networks 

perform well. In addition, simple classifiers like logistic 

regression and linear discriminant analysis work well.  

 This study [4] is an update to Baesens et 

albenchmarking.'s of credit scoring classification algorithms 

in 2003. Credit scoring and risk prediction have become 

extremely popular in recent years. However, there have been 

several recent advances in computation and learning. Novel 

learning methods, performance measures, and techniques for 

reliably comparing different classifiers are among these. By 

comparing several novel classification algorithms to state-of-

the-art credit scoring techniques, this study aims to fill 

research gaps and keep up with developments. The study also 

investigates the differences in the evaluation of alternative 

methods between well-known and newer predictive accuracy 

indicators. This research provides useful information on 

credit scoring, allowing readers to stay up to date on technical 

advances in predictive modelling. It is an unbiased evaluation 

of recent scoring methods that establishes a new benchmark 

against which future approaches can be measured. 

 Credit scoring and behavioural scoring are two 

major tools used by financial institutions to determine 

whether to lend credit to new customers or to extend credit to 

existing customers. Lyn Thomas's study [5] provides 

historical context and examines a variety of statistical and 

operational research-based methods. The objectives, 

techniques, and issues of credit scoring techniques used for 

forecasting financial risk in consumer lending are discussed 

in this study. Consumer risk forecasting methods must 

consider economic conditions and automatically adjust for 

changes in the economy. Many scoring methods assist 

institutions in reducing risk by reducing the percentage of 

customers who default. Profitable scoring methods that can 

identify the most profitable customers, on the other hand, will 

better align with company goals. The classification accuracy 

of various scoring methods is presented and compared, 

including linear regression, logistic regression, decision trees, 

neural networks, and genetic algorithms. 

 [6] presents a general systematic literature survey of 

credit scoring classification techniques spanning two decades 

of progress in modern statistical and data mining techniques. 

The authors carefully review research papers using a dozen 

diverse selection criteria. The research papers are organized 

into four categories, including journals published, datasets 

used, methodologies, and performance, and are summarised 

over four time periods. The focus of the review is on a binary 

classification study that predicts a consumer default. A 

simulation study of nine methodologies, ranging from linear 

regression to genetic programming, is presented, leading to a 

better understanding of credit rating's practical applications. 

It also goes over two recent events: (a) The need for economic 

conditions to be factored into scoring systems. (b) In addition, 

credit scoring systems must calculate the profit a consumer 

will bring to the lending institution, not just the likelihood of 

a default. The most common credit scoring techniques are 

neural networks, SVM, and hybrid methods. Despite the 

successes to date, the review concludes that the field of 

financial risk forecasting has more research potential. 

 In many domains, the Support Vector Machine 

(SVM) has been successfully used to solve classification 

problems. Three strategies are used in this study [7] to build 

SVM-based hybrid credit scoring models to evaluate the 

applicant's credit score. The SVM classifier's accuracy is 

tested against two credit datasets in the UCI database. The 

results show that SVM classifiers perform similarly to neural 

networks, genetic programming, and decision trees in terms 

of classification accuracy, but with fewer input features. 

Furthermore, a hybrid GA-SVM model that combines genetic 

algorithms with an SVM classifier can perform feature 

selection and model parameter optimization at the same time. 

The study concludes that SVM is a useful addition to existing 

credit scoring methods. 

 Financial institutions must assess the likelihood of a 

consumer default supported their application and credit 

agency data. This study [8] compares the performance of 

SVM with well-known credit-scoring algorithms like logistic 

regression and discriminant analysis. By testing against an 

outsized database of master card customers and using 

different kernels, the study expands on previous work on 

evaluating SVM for credit scoring.  

 The results show that SVM is competitive with other 

methods and might be used as a range method to seek out the 

foremost key features in determining default risk. 

Furthermore, the polynomial kernel performed poorly, in 

keeping with the authors, because it over fits the training data. 
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 A hybrid genetic algorithm with neural networks 

(HGA-NN) is presented during this paper [9], with the goal 

of identifying an optimal feature subset and improving credit 

risk assessment classification accuracy and scalability. This 

algorithm assumes that a high-dimensional input feature 

space will be restricted to only the foremost key features 

initially. Fast filter techniques for feature ranking, like 

information gain, correlation, and others, still as previous 

domain experience and previously known solutions, are 

utilized in the initial solution stage. Additionally, 

improvements are made to the initial population generation 

process, still because the introduction of an incremental stage 

within the genetic algorithm. The HGA-NN classifier's 

performance is assessed employing a real-world credit dataset 

from a Croatian bank, so validated employing a second real-

world credit dataset from the UCI database. The HGA-NN 

classifier's experimental results are found to be promising and 

equivalent to many others within the literature. The authors 

conclude that this novel hybrid model are often utilized in 

retail credit risk assessment for feature selection and 

classification. 

III. METHODOLOGY 

A. Data Set 

Prof. Hofmann generated the first dataset, which has 1000 

entries with 20 categorical/symbolic properties. Each entry 

during this dataset represents someone who obtains credit 

from a bank. everybody is assessed as good or bad credit risks 

in keeping with the set of attributes. The attributes are: 

 Age (numeric) 

 Sex (text: male, female) 

 Job (numeric: 0 assigned for unskilled and non-resident 

whereas 1 is for unskilled and resident; 2 is assigned to 

skilled and 3 is for highly skilled) 

 Housing (text: own, rent, or free) 

 Saving accounts (text - little, moderate, quite rich, rich) 

 Checking account (numeric, in DM) 

 Credit amount (numeric, in DM) 

 Duration (numeric, in month) 

 Purpose (text: car, equipment, Television, household 

appliances, repair work, education, businesses, others 

 Risk (Value target stating whether Good or Bad) 

B. Outlier Analysis 

Outliers are consumer instances with attribute values that are 

notably different from the remainder. In other words, it is 

graphically separated from the opposite data points within the 

data collection. An outlier may well be a slip or an exception. 

Because such data are not indicative of the final scenario, they 

will influence the model. However, eliminating them may 

lead to the loss of valuable data that would be useful to the 

model. Outliers were found in several attributes within the 

data set. We began by retrieving only those consumer 

instances that contained several outliers and removing them. 

the number of outliers for every attribute was decreased to 

some. the worth of the outliers that are exceeding a threshold 

is then set to it value. 

 

 The median is that the middle observation in an 

exceedingly set of information that has been sorted. this 

suggests that the quantity of observations below the median 

is up to the quantity of observations above the median. 

 The second quartile, or Q2, is additionally referred 

to as the median. Similarly, Q1 represents the primary 

quartile, and Q3 represents the third quartile, in order that the 

ratio of observations on either side is 1:3 and 3:1, 

respectively. The discrepancy between the third and first 

quartiles is known as the interquartile range (IQR). 

(“Interquartile Range (IQR): Meaning, Formula, 

Calculation ...”) 

 Our dataset contained 4 primary attributes that had 

outliers, viz., Age (23), Job (370), Credit Amount (72) and 

Duration (70). 

 Beyond the primary and third quartiles, we define 

threshold mutually and a half times the interquartile range 

(1.5*IQR). Any attribute value over or adequate to the 3rd 

quartile + 1.5*IQR are changed to the 3rd quartile+1.5*IQR, 

and contrariwise. we can use linear transformations on 

attributes if the number of values that have changed is just too 

high. We replaced the attribute values with threshold values 

for out of range using this method. 

C. Normalisation 

Normalisation may be a technique that is employed on 

numerical attributes to cast the values to a predefined range 

([-1, +1] in our case). 

 Standard normalisation is another method which is 

employed to rework the information such its mean is 0 and 

standard deviation is 1. Normalising data also helps in faster 

convergence to solution in certain machine learning models 

(Gradient descent with momentum). All the numerical 

variables are normalised before running the classifiers. 

D. Machine Learning Tools 

On this dataset, we compared the performance of nine 

machine learning models in predicting the probability of loan 

default. 

 LOGISTIC REGRESSION could be a statistical method 

that involves fitting the info of predictor variables into a 

logit function to explain a binary categorical result. 

 RANDOM FOREST is an ensemble learning technique 

during which an outsized number of decision trees are 

built from a random subset of the dataset's features. 

 LINEAR DISCRIMINANT ANALYSIS may be a 

machine learning approach for linear classification. The 

approach entails creating a probabilistic model for every 

input variable supported the individual distribution of 

knowledge. The conditional likelihood of a fresh 

example belonging to every class is then calculated, and 

therefore the class with the best probability is chosen. 

 KNN (K neighbours Classifier), where K within the 

classifier's name stands for the k closest neighbours, and 

k is an integer number given by the user. because the 

name implies, this classifier uses learning supported the 

k closest neighbours. 

 CART (Classification and Regression Trees) is a 

classification and regression tree that may be used for 

both classification and regression. The distinction is 

found in the target variable. 
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 GAUSSIAN NAIVE BAYES classifier assumes that 

each label's data is generated from a basic Gaussian 

distribution. 

 XGBM (eXtreme Gradient Boosting Model) is a more 

advanced version of the gradient boosting method that 

requires parameter modification to maximise its benefits 

over other algorithms. 

 LightGBM is a decision tree-based gradient boosting 

framework that improves model efficiency while 

reducing memory utilisation. 

 Support Vector Machine is a supervisedearning method 

with an associated learning algorithm for analysing data 

for classification and regression.  

IV. EVALUATION 

For evaluating the performance of each machine learning 

classifier model, we employed accuracy, precision, recall, 

and specificity. 

 Correct number of defaulters and non-defaulters 

predicted divided by total number of defaulters and non-

defaulters equals accuracy = (TP + TN) / (P + N). 

 Recall = TP/P (total number of defaulters predicted 

divided by correct number of defaulters anticipated) 

 Precision is TP / (TP+FP), which equals the number 

of correct defaulters predicted divided by the total number of 

defaulters anticipated. 

 The correct number of non-defaulters predicted 

divided by the total number of non-defaulters equals TN/N. 

V. RESULTS AND DISCUSSION 

Using the German dataset, we compared the accuracies of 

different classifier algorithms. Following are the results.  

Algorithms 
Accuracy (Standard 

deviation) 

LOGISTIC REGRESSION 0.272724 (0.104171) 

RANDOM FOREST 0.268590 (0.077028) 

LINEAR DISCRIMINANT 

ANALYSIS 
0.274640 (0.102902) 

KNN 0.276635 (0.107262) 

CART 0.410582 (0.070595) 

GAUSSIAN NAIVE BAYES 0.542452 (0.126091) 

XGBM 0.338552 (0.061773) 

LightGBM 0.340371 (0.061128) 

Support Vector Machine 0.000000 (0.000000) 

 The Naive Bayes, Decision Tree, LightGBM and 

XGBoost models resulted as the best methods. They were 

subjected to hyperparameter optimization using the 

verification method one by one. 

VI. CONCLUSION 

We got different accuracy scores in all the model estimation 

evaluations. Machine learning algorithms can be used to 

accurately identify customers who are likely to fail on their 

loans based on their characteristics. On real-world consumer 

credit data, we have first performed pre-processing to handle 

outliers and correlations. Next, we have compared the 

performance of different classifiers like Logistic Regression, 

Random Forest, decision trees, discriminant analysis, neural 

networks, and k-nearest neighbor. The four best methods 

were hyper optimized and their accuracies stood at NB - 0.62, 

XGBM - 0.708, LGBM - 0.656, and LR - 0.710. Therefore, 

the top two classifiers with the best accuracy finding were 

found to be XG Boost Model and Logical Regression for 

counter party risk inspection.   
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