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ABSTRACT 

 

EVALUATION OF STACKING FOR PREDICTING CREDIT RISK SCORES  

 

DALL’ASTA RIGO, Elif Yağmur 

MSc., Applied Data Science Program 

Supervisor: Assist. Prof. Dr. Ceyda Yazıcı 

 

August 2020 

 

Over the past few years, credit scoring has got an increasing attention for the financial 

institutions and has become a popular research topic. The purpose of this study is to 

construct an ensemble classification model based on the machine learning techniques 

to increase the prediction performance of credit scoring. First; Logistic Regression, 

Multivariate Adaptive Regression Splines, Support Vector Machines, Random Forest, 

Gradient Boosting are selected as base classifiers and fitted on the data sets. Second, 

a stacked generalization ensemble model is integrated through these base classifiers.  

The model is evaluated on four real-life credit scoring data sets to test its prediction 

performance and effectiveness. Four performance metrics are chosen to evaluate 

performance of single base models and stacking. The results demonstrated that the 

model has slightly better performance than the single base model classifiers in terms 

of different performance criteria. This study shows that this method can be an 

alternative and provide an effective decision support for the financial institutions. 

Keywords: Credit Scoring, Machine Learning, Stacking, Classification, Probability of 

Default 
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ÖZ 

 

KREDİ RİSK PUANI TAHMİNLEMENİN YIĞINLAMA İLE 

DEĞERLENDİRİLMESİ 

 

DALL’ASTA RİGO, Elif Yağmur 

Yüksek Lisans, Uygulamalı Veri Bilimi Bölümü 

Tez Yöneticisi: Dr. Öğr. Üyesi Ceyda Yazıcı 

 

Ağustos 2020 

 

Geçtiğimiz birkaç yılda, kredi puanlama finansal kurumları için artan bir ilgi görmeye 

başladı ve popüler bir araştırma konusu haline geldi. Bu çalışmanın amacı, kredi 

puanlamasının tahmin performansını artırmak için makine öğrenme tekniklerine 

dayalı bir topluluk sınıflandırma modeli oluşturmaktır. İlk olarak; Lojistik Regresyon, 

Çok Değişkenli Uyarlanabilir Regresyon Eğrileri, Destek Vektör Makinaları, Rassal 

Ormanlar, Eksrem Gradyan Arttırma temel sınıflandırıcılar olarak seçildi ve veri 

kümeleri modellendi. İkinci olarak, bu temel sınıflandırıcılar aracılığıyla oluşturulan 

bir topluluk yığınlama modeli entegre edildi. Bu model, tahmin performansını ve 

etkinliğini test etmek için dört adet gerçek kredi puanlama veri kümesine uygulandı. 

Temel sınıflandırıcı modellerin ve yığınlama modelinin performansını 

değerlendirmek için dört performans metriği seçildi. Sonuçlar, önerilen modelin, tek 

temel model sınıflandırıcılarından kısmen daha iyi performansa sahip olduğunu 

göstermiştir. Bu çalışma, önerilen modelin bir alternatif olabileceğini ve finansal 

kurumlar için etkili bir karar desteği sağlayabileceğini göstermektedir. 

Anahtar Kelimeler: Kredi Puanlama, Makine Öğrenmesi, Yığınlama, Sınıflandırma, 

Temerrüt Olasılığı 
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1. INTRODUCTION 

 

Credit can be explained as the capability of a customer to acquire goods or services 

before payment, based on the trust that payment will be made in the future (FNBO, 

2020). Banks, credit unions, saving and loan institutions and finance companies 

provide credits for customers upon an application. A credit application is a request to 

get approval for credit from lenders, used by potential borrowers. Lenders examine 

the request by evaluating eligibility of the borrower for funding with the help of the 

data provided by credit bureaus. 

Credit bureaus collect data that includes variables related with customers and the type 

of credit in order to interpret the credit worthiness of the customers. They provide 

identification and demographic information of customers, inquiry information, 

collections’ accounts, payment history, credit limits, and credit cards’ balances of 

customers on a credit report. In this sense, a credit report is a summary of how a 

customer has handled his or her credit accounts, including these variables, as well as 

certain other information that is reported to credit bureaus by lenders and creditors.  

Credit information of a customer is a strong tool to predict his or her future behavior 

about the credit. For instance, sufficient information can facilitate lenders in 

monitoring financial situations of borrowers and avoid providing loans to high risk 

people (Miller, 2003). Moreover, lenders and creditors use credit information for 

scoring them, so that an individual who is below the threshold is considered more at 

risk. 

In today’s world, machine learning algorithms are becoming a mainstream in the area 

of risk-related processes of financial decisions, such as credit scoring.  The advent of 

machine learning in finance lead to automation of these processes. There are several 

machine learning methods used to calculate the risk of scoring by using credit data 

(Vojtek & Koèenda, 2006). 

With the help of machine learning, the number of data sources that can be used when 

building a credit default model is theoretically unlimited. There are numerous 
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variables that may be used to estimate an applicant's ability to repay their loans, and 

machine learning is powerful for finding patterns in large data sets. Machine learning 

based credit models can affect data points that are not yet known, where a borrower 

predicts the probability of repaying their loan. (Vojtek & Koèenda, 2006). 

 

1.1. Credit Scoring 

Credit scoring is an analysis applied by financial institutions to determine the 

creditworthiness of a borrower. In addition, it is common for lending institutions to 

create their own customer credit scoring models based on the information about the 

customer. (Khandani, 2010). A credit score can be used in many financial transactions 

including mortgages, housing loans, auto loans, investment loans, consumer loans, 

credit cards, and other private loans (Kenton, 2020). 

Credit scoring is performed when a customer applies for a loan and the probability of 

default over the related periods is predicted by using customer credit history and 

financial behaviors. Default risk is related to the inability of a borrower to refund a 

loan (Lauren, 2008). Moreover, credit score is also used to specify a threshold value 

that helps decision makers decide whether to approve or deny customer credit requests. 

Applicants whose score is above the threshold is usually considered as a credit worthy 

customer that is more likely to repay the loan. On the other hand, applicants whose 

score is below the threshold is more at risk, and more likely to default on his debt 

obligations. 

Another purpose to use credit scoring is to increase the profit of lenders who aim to 

have a tremendous impact on their profitability for their loan business by measuring 

the quality of the borrower. There are two main benefits of risk classification, the 

ability to screen high-risk borrowers and the ability to target more generous loans to 

lower-risk borrowers (Einav et al., 2013).  

The prediction step of the score is called credit scoring which has a wide application 

area in finance. The financial intuitions generally take it into account to determine 

applicants who may get credit. Usually, credit scoring consists of two main parts as 

construction of the model and using this model to assign a score to a credit applicant. 
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1.2. Problem Definition 

Over the last decades, financial institutions have been trying to develop systems to 

quantify the default risk of a customer. Credit scoring models have gained commercial 

prominence as the outputs are considered as having a large role in the risk 

management. The use of credit scoring models provides a framework to financial 

institutions in order to investigate their risk. Thus, it may contribute to measure and 

manage the risk of credit default. Nowadays, credit reliability is an important issue 

since it is considered as an indication of how reliable a customer is to repay. In several 

situations, credit providers need to evaluate the credit history of applicants and then 

decide whether they provide the service or not. But it takes time to check the whole 

personal portfolio and assign a credit report manually. So, the credit scoring process 

is designed and used for this purpose, as it is easily comprehensible. 

Credit scoring models are influenced by credit quality, market variables and the 

changes in the economic environment. In all extents, modeling methodology can 

provide a more responsive tool for risk management. Using outputs generated from 

credit scoring models, companies may optimize their business strategies to achieve 

their business goals (Basle Committee on Banking Supervision,1999).  

Credit scoring is used to determine whether an applicant should get the credit or not. 

Many people have difficulty to get credit because of their inadequate or non-existent 

credit histories. Unfortunately, this population is often affected by unreliable lenders. 

In other respects, customers who receive a credit but are affected by insolvency, 

significantly disrupt the financial statues of institutions. When considered from this 

point of view, credit scoring can allow a better distribution of loan capital among the 

borrowers and may contribute to a more transparent decision-making process. 

However, during this decision-making process, the prediction accuracy is seriously 

affected by the class imbalance problems which occur when the number of instances 

in one class greatly overweighs the other. In credit scoring data sets, class imbalance 

problems exist in credit default prediction problems since there are always less 

unqualified cases than approved applications (Zhao et al., 2014).  

In this study, the purpose is to use machine learning algorithms to predict the 

repayment abilities of different sort of credit clients by computing scores for them.  As 
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consumer credit scoring methods are relatively new, it is indeterminate which method 

performs better for credit scoring. For this reason, different models, including Logistic 

Regression, Multivariate Adaptive Regression Splines, Support Vector Machines, 

Random Forest, Extreme Gradient Boosting, and an ensemble method called as 

Stacking are applied and then the performance of them are evaluated by using four 

different imbalanced data sets with different scales and sample sizes.  Here, the main 

aim is to investigate the performance of these models to predict probability of default. 

Even though the response is a binary variable, the aim of the study is not construct 

classification models but calculating the probability of default and compare them by 

the methods mentioned. 

The current study includes 8 chapters and each one is organized in the following way. 

Chapter 2 includes the literature review for the models used in credit risk scoring. The 

machine learning methods and their performance criteria used in that study are 

explained in detail in Chapter 3. Application of the models on the main data set are 

presented in Chapter 4, and findings are presented in Chapter 5. Applications and 

findings of the models obtained from the other data sets are covered in Chapter 6, 

separately. The next one, Chapter 7 contains the discussions and then the conclusions 

and future studies are given in the last chapter, Chapter 8. 
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2. LITERATURE REVIEW 

 

There are number of studies on applying machine and deep learning methods in credit 

scoring area. In these studies, a range of predictive models have been used for credit 

scoring, especially for the last decades. For example, Addo et al. (2018), constructed 

several classifiers by using machine and deep learning models on real data to predict 

loan default probability. They stated that data science approaches that they used have 

an important effect in credit risk modeling. These studies can be categorized into two 

parts. 

First; some of these studies evaluated individual algorithms to estimate the probability 

of default to generate credit scores. For instance, Galindo and Tamayo (2000) studied 

probit regression, decision-tree CART model, neural networks and K-nearest neighbor 

methods on credit risk assessment. They evaluated the error rates for classes and stated 

that the decision trees produced the most accurate models.  In the same year, West 

(2000) applied five different neural network models on credit scoring and the results 

of these models are compared to the more traditional methods in terms of accuracies. 

In this study, the results showed that neural network models can be used for credit 

scoring. Besides, logistic regression is evaluated as the most accurate model among 

the traditional methods, and it is considered as another alternative to the neural models. 

It is also stated that the other nonparametric models did not produce promising results 

for this study. 

The number of studies try to extract credit scores using machine learning and deep 

learning algorithms increased over the years and more algorithms have been 

considered in these studies. As an illustration, the objective of the proposed study by 

Lee et al. (2006) is to explore the performance of credit scoring using classification 

and regression tree (CART) and multivariate adaptive regression splines (MARS). In 

this study, the results showed that CART and MARS both have better average correct 

classification rate compared to other models in the study.  
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As other examples, Hu and Ansell (2007) draw attention to naïve bayes, logistic 

regression, recursive partition, artificial neural network, and sequential minimal 

optimization models for credit scoring. It is stated that all these models performed well 

in terms of accuracy and Area Under the Curve (AUC). Overall, it is concluded that 

the ability of sequential minimal optimization to rank the performances is slightly 

better than the other models in the study. During the same year, Huang et al. (2007), 

performed three strategies to build the hybrid Support Vector Machine (SVM)-based 

credit scoring models to investigate the credit score of the applicants using two data 

sets. It is stated that the SVM-based approach can classify the applications as either 

accepted or rejected. In addition to these studies, Alp et al. (2011), applied Generalized 

Additive Models (GAM) & Conic Quadratic Programming (CQP) and Conic 

Multivariate Adaptive Regression Splines (CMARS) algorithms for credit default. It 

is concluded that GAM & CQP and CMARS are equally performed. Later on, studies 

have started considering the imbalance of credit default data sets. For instance, Brown 

and Mues (2012) put out to compare different methods used for credit scoring and 

studied their performance over various class distributions in five imbalanced real-life 

data sets. The results showed that the gradient boosting and random forest performed 

well in highly imbalanced data sets. Their study also showed that the most popular 

credit scoring methods, such as linear discriminant analysis and logistic regression, 

produce results that were reasonably competitive with the more complex methods and 

this performance is valid even when the data sets are much more imbalanced. 

Similarly, Zurada et al. (2014), considered to evaluate the performances of logistic 

regression, neural network, radial basis function neural network, support vector 

machine, k-nearest neighbor, and decision tree on five different data sets. It is 

concluded that the performances of the models depend on the size and the positive 

class ratio of the datasets. For that reason, different algorithms perform the best on 

each of the data sets.  

Gurný and Gurný (2013) conducted a study on estimating probability of default by 

applying linear discriminant analysis, logistic regression and probit regression. It is 

demonstrated that logistic regression provided the highest AUC.  

Secondly, there are also studies that ensemble machine learning methods are studied. 

For instance, Gang Wang et al. (2012) proposed two dual strategy ensemble trees: 

bagging and random subspace, to remove the effect of the noise data and the redundant 
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attributes to obtain higher classification accuracy. This study showed that the 

ensemble methods have better results than the single decision tree. In another study, 

Wang et al. (2011), conducted a comparative evaluation of the performance of three 

popular ensemble methods; bagging, boosting, and stacking, based on four base 

learners; logistic regression, decision tree, artificial neural network and support vector 

machine. The results of their study revealed that the three ensemble methods can 

substantially improve the performance of the individual base learners. As another 

example, He et al. (2018), used a stacking approach to merge the random forest and 

gradient boosting algorithms as base classifiers to build a new ensemble model. 

Similarly, Guo et al. (2019), applied numerous classification algorithms and chose the 

top five classifiers among them as the base classifiers to ensemble machine learning 

algorithms. The results demonstrated that the proposed stacking model is more robust 

and predict better than the single classifier and other ensemble classifiers. 
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3. METHODS 

 

The machine learning models used in this study and the performance measures used 

to compare them are explained in this chapter.  

 

3.1. Machine Learning Algorithms for Credit Scoring 

Machine learning which has a wide application area has a human-level or even better 

performance in many studies, including image classification, speech recognition and 

machine translation (Munkhdalai et al., 2019). Furthermore, in the financial domain, 

machine learning has a vital role especially in credit risk models. (Munkhdalai et al., 

2019).  

Financial institutions try to obtain the probability of default (PD) for their clients and 

try to obtain minimum loss for their sustainability by using credit scoring systems. The 

main aim of this system is to predict whether the applicant is going to keep up with 

the loan repayment or not. Therefore, the purpose of credit scoring is to classify loan 

applicants as good and bad payers. Since there are two objective classes, credit scoring 

is generally considered as a binary classification problem. However, the goal in binary 

classification problems is either classification (picking a group of instances at higher 

risk of churn) or sorting (ordering instances by predicted probability). Binary 

classifiers can be constructed on the machine and deep learning models on real data to 

predict PD (Addo, 2018). Moreover, the predictions for probability of default can be 

used as scores that means machine learning models can be used to calculate “scores” 

that represent the creditworthiness of consumers (Khandani, 2010). In this study, the 

predictions for probability of default are used to obtain the scores. 

There are different types of machine learning algorithms that are used in binary 

classification. In this study, Logistic Regression (LR), Multivariate Adaptive 

Regression Splines (MARS), Support Vector Machines (SVM), Random Forest (RF) 

and Gradient Boosting Algorithm (XGB) are used. In addition to them, a stacking 
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machine learning algorithm which is also used as an ensemble method is also 

performed. 

 

3.1.1. Logistic Regression (LR) 

Logistic Regression is a parametric model used to predict the probability of an event 

having results as success or fail. This event is summarized with a binary variable, 

where the two values are assigned as "0" and "1", referring to the possible outcomes 

of the dependent variable with two different classes. A binary indicator variable means 

that there are only two possible outcomes of a certain situation. Thus, it might also 

refer win/lose, alive/dead, healthy/sick, spam/not spam and can be extended to 

whether an image contains a certain figure or not. 

Logistic regression is used when the response is binary. It is constructed to explain the 

relationship between the response and one or more independent variables which are 

called as predictors and can be nominal, ordinal, interval, continuous, binary and ratio-

level. As the outcome, each class is assigned a probability between 0 and 1, which are 

the probabilities of success and failure (Kleinbaum et al., 2002) 

In this model, the logarithm of the odds which is a linear combination of predictors is 

used and the logistic function converts log-odds to probabilities (Hosmer et al., 2013). 

The way to examine the contribution of each predictor is conducted by analyzing the 

coefficients. In logistic regression, the estimated coefficients are used to explain the 

change in the logit for each unit change in the independent variable (Olama et 

al.,2014). The logistic regression ensures that probabilities remain in the interval of 

[0,1]. The model has the form of a logistic function that gives outputs which are 

probabilities between 0 and 1 for all values of observations (James et al., 2013) 

In this model, the logistic function is defined as 

 

𝑝(𝑋) =
𝑒!!"!"#

1 + 𝑒!!"!"#
 

 

(1) 
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where p(X) is the probability of success, 𝛽  is the parameter vector that will be 

estimated, and X is the matrix of independent variables. 

By applying mathematical operations, the odds definition in Equation (2) is obtained 

as follows. 

 

𝑝(𝑋)
1 − 𝑝(𝑋) = 	 𝑒

!!"!"# 

 

where the ratio 𝑝(𝑋)/[1 − 𝑝(𝑋)] is called as the odds and can take on any value in (0, 

∞). The odds value which are close to the boundaries indicate very low and very high 

probabilities, respectively. By taking the logarithm of both sides, the following logit 

function is obtained. 

 

𝑙𝑜𝑔 2
𝑝(𝑋)

1 − 𝑝(𝑋)3 = 	𝛽$ + 𝛽%𝑋 

 

The left-hand side is called the log-odds or logit. It can be easily seen that this form of 

the model is similar to the linear regression (James, 2013).  

The model is defined in terms of K − 1 log-odds where K defines the number of classes 

in the response. It is possible to use any class in the denominator to calculate the odds-

ratios, but generally the last class is preferred (Hastie et al., 2009). 

When applying LR, some issues should be considered. For instance, this model is not 

an algorithm that can handle outliers and missing values so that there should not be 

any missing values and outliers in the data set.  Outliers and missing value problems 

should be handled in the data preprocessing step before model construction. 

Multicollinearity is another issue that restricts logistic regression performance. To 

achieve reliable results using logistic regression, there should not be strong 

correlations among the predictors. Correlation coefficients should be checked before 

(2) 

(3) 
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constructing the model, to make sure that the predictors are not correlated (James, 

2013). 

 

3.1.2. Multivariate Adaptive Regression Splines (MARS) 

In statistics, MARS which is a nonparametric model is defined as a form of regression 

analysis. MARS is an adjustable method for regression and is also proposed to 

handlehigh dimensional problems. It can be considered as a modification of the CART 

to improve the performance of regression, or generalization of stepwise linear 

regression. To sum up, it is a non-parametric regression method and can be considered 

as an extension of linear models that handles nonlinearities and interactions.  

MARS constructs flexible models by fitting piecewise linear regressions. The 

nonlinearity is approximated by constructing separate regression slopes in different 

intervals of the independent variable space. Therefore, the slope of the model changes 

for the two “knot” points of intervals are crossed (Lee et al., 2006). 

MARS uses the following forms of the independent variables instead of the original 

form of them and illustrated in Figure 1 as reflected pair of each other. Each function 

is piecewise linear, with a knot at the value t and called as Basis Functions (BFs) 

(Taylan et al., 2010).  

 

(𝑥 − 𝑡)" =	 6
𝑥 − 𝑡, 𝑖𝑓	𝑥 > 𝑡,
						0,										𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒, 

				𝑎𝑛𝑑 

(𝑡 − 𝑥)" =	 6
𝑡 − 𝑥, 𝑖𝑓	𝑥 < 𝑡,
						0,										𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒. 

 

where 𝑡	𝜖F𝑥%& , 𝑥'& , … , 𝑥(&H	(𝑗 = 1,… , 𝑝)  and p and N denotes the number of 

independent variables and the sample size, respectively (Alvarez et al., 2012). 

(4) 
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The basis function is exemplified in the Figure 1: 

 

 

Figure 3.1. The BFs (x − t) + (solid orange) and (t – x) + (broken blue) used by MARS (Based on Hastie et al., 

2009) 

 

The collection of possible BFs are given in the Equation 5. 

 

𝐶 = KL𝑋& − 𝑡M", L𝑡 − 𝑋&M"N		      𝑡	 ∈ 	 F𝑥%& , 𝑥'& , … , 𝑥(&H         𝑗 = 1,2, … , 𝑝. 

 

Each basis function BF takes one these three forms listed below: 

1) A constant 1, which is the intercept 

2) A hinge function, which has the form max (0, x - constant) or max (x - 

constant, 0). MARS automatically selects variables and values for knots of the 

hinge functions. 

3) A product of two or more hinge functions. These basis functions can model 

interaction between two or more variables. At each step, MARS use all 

products of a candidate pair with a basis function in the model. The one that 

decreases the residual error the most is kept in the current model. (Kisi et al., 

2017) 

MARS constructs models with forward and backward steps, respectively. Forward is 

similar to forward stepwise linear regression, but uses the BFs in the set C.  The MARS 

model is defined as 

(5) 
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𝑓(𝑋) = 𝛽$ +Q𝛽)ℎ)(𝑋)
*

+,%

 

 

where ℎ)(𝑋) is a function in the set C or any interaction of them. 

At the end of forward step, a large model is constructed which may produce 
overfitting (Özmen, 2016). 

 In order to overcome this problem, backward step is conducted. The model which 

produce the minimum GCV is the final model. 

 

𝐺𝐶𝑉(𝜆) = 	
∑ V𝑦+ − 𝑓X-(𝑥+)Y

'
(
+,%

(1 − 𝑀(𝜆) 𝑁⁄ )'  

 

where 𝑦+ is the response variable 	(	𝑖 = 1,… ,𝑁) and 𝑀(𝜆) is the number or effective 

parameters in the model (Hastie et al., 2009). 

The independent variables can appear in MARS models as continuous, categorical, or 

ordinal and they can interact with each other (Bi et al., 2016). 

MARS performs well at uncovering important relationships that is often not apparent 

in high-dimensional data. By allowing for any indiscriminate shape for the function 

and interactions, MARS is capable of creditably tracking down the very complex data 

structures (Lee et al., 2006).  

Several strategies have been suggested for the MARS algorithm to be extended to 

handle classification problems. For binary outcome, the output can be given as 0 and 

1 and consider the problem as a regression. MARS is considered competitive with 

other methods reported in the literature when performing on binary classification 

(Holmes and Denison, 2003).  

 

(6) 

(7) 
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3.1.3. Support Vector Machines (SVM) 

SVMs are supervised learning models that are used in both classification and 

regression analysis. SVM is a representation of the examples as points in space, so that 

the different categories are separated by a very wide gap. Then, new examples are 

assigned to the same space and estimated to belong to a category based on either side 

of the gap on which they fall. 

For classification problems, SVM constructs hyperplanes and there are many possible 

hyperplanes to separate two classes. The aim of the support vector machine algorithm 

is to find a hyperplane that clearly classifies the data points. (Kranjčić et al., 2019). 

These hyperplanes are regarded as decision boundaries and their dimension is equal 

to the number of features (independent variables) (Noble, 2006). 

Strictly, a SVM creates a hyperplane or a set of hyper planes in a high dimensional or 

in some cases infinite space, that can be used for classification, regression and also 

detection of outliers. Intuitively, a good classification on the test data is achieved by a 

large margin on the train set. (Hastie et al., 2009) Generally, linear boundaries in the 

enlarged space provide better separation and transform to nonlinear boundaries. 

(Hastie et al., 2008) 

SVMs can powerfully perform linear and non-linear classification. The representation 

of how SVM applies classification is showed on the figure 2 below. 

 

 

Figure 3.2. Classification by SVM (García-Gonzalo et al., 2016) 

 



15 

 

The support vector classifier classifies a test observation depending on the side of a 

hyperplane it is located. The hyperplane which is chosen to correctly classify the most 

of the observations into the two classes is the solution of the optimization problem of 

a nonnegative tuning parameter that is presented in the following optimization 

problem (James et al., 2013).   

 

maximize
!!,!",…,!#,0",…,0$,*

𝑀 

 

𝑠𝑢𝑏𝑗𝑒𝑐𝑡	𝑡𝑜	Q𝛽&' = 1,
1

&,%

 

 

𝑦+L𝛽$ + 𝛽%𝑥+% + 𝛽'𝑥+' +⋯+ 𝛽1𝑥+1M ≥ 𝑀(1 − 𝜖+), 

 

𝜖+ ≥ 0,Q𝜖+

2

+,%

≤ 𝐶 

 

where C is a nonnegative tuning parameter for the optimization problem. 

 

3.1.4. Random Forest (RF) 

RF is a tree-based method thus, it is better to explain the decision trees first. Decision 

Trees (DT) are one of the predictive modeling techniques used widely. The aim of a 

decision tree is to build a model that estimates the value of a target variable based on 

various independent variables. Within this context, a decision tree generates 

conclusions about the target value of an item using the observations about it. On a 

decision tree, observations are represented in the branches and predictions are 

(8) 

(9) 

(10) 

(11) 
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represented in the leaves. In decision analysis, a tree can represent the rules visually 

and explicitly.  

DTs can be applied on both classification and regression models. If the response 

variable takes a discrete set of values, then it is called as classification trees, whereas 

if the response variable which can take continuous values are called as regression trees. 

In general, DT algorithms are referred to as Classification and Regression Trees or 

CART for short.  

A CART is a binary decision tree that is built by splitting a node into two child 

nodes recursively, starting with the root node that includes the whole sample. In this 

algorithm, each split depends on the value of only one independent variable, which 

means only univariate splits are taken into account. The main aim is to decide the 

best split among all the possible splits of each predictor, so the resulting child nodes 

are the purest. Sheng & Gengxin, 2010) 

 

There are two steps while building a tree. 

1) The entire set of possible values for X1, X2,…, Xp which is called as the 

predictor space is divided into J distinct and non-overlapping regions R1, 

R2,…, Rj.  

2) The mean of the response values for the training observations in Rj, is assigned 

to each observation that is located into the region Rj, (Walker et al., S., 2020) 

 

The aim is to find boxes R1, R2,…, Rj that minimizes the Residual Sum of Squares 

(RSS),  

QQV𝑦+ − 𝑦i3%Y
'

+03%

4

&,%

 

 

(12) 
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where 𝑦+ is the observed value of the response of the ith observation (𝑖 = 1,… ,𝑁) and 

𝑦i3% is the predicted value of the same observation in the Rj th box (Huang et al., 2019). 

All independent variables; X1, X2,…, Xp  and all possible values of the cut points for 

each of them are considered and then the predictor and the associated cut point which  

has the lowest RSS is constructed. For any j and s, the pair of half planes are defined 

as; (James et al., 2013)  

 

𝑅%(𝑗, 𝑠) = F𝑋& < 𝑠H		𝑎𝑛𝑑		𝑅'(𝑗, 𝑠) = F𝑋& ≥ 𝑠H 

 

and the value of j and s that minimizes the equation is: 

 

Q L𝑦+ − 𝑦i3"M
' + Q L𝑦+ − 𝑦i3&M

'

+:	7"03&(&,9)+:	7"03"(&,9)

 

 

In the splitting process, all given features as predictors are taken into account and 

different split points are tested considering a cost function. The split with the lowest 

cost is chosen and the algorithm continues recursively. The root node is the best 

predictor, meaning it has the highest importance. In this regard, the feature importance 

is clear, and relations can be viewed easily.  

Other than simple classification and regression trees, there are other types of decision 

trees that are used in ensemble methods referring to construct more than one decision 

tree. Bootstrap aggregated (bagged) decision trees are one of the methods that are used 

in ensemble learning. This method creates multiple decision trees by recurrently and 

randomly resampling train data with replacement and voting the trees for a final 

prediction which are called as bagged trees (Breiman, 1996) 

A random forest classifier is a certain type of bootstrap aggregating (bagging). Since 

the DT models has a low prediction accuracy, RF is constructed in order to solve this 

(13) 

(14) 
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problem. RF is an ensemble method for both classification and regression. The 

algorithm is as follows: 

1) Draw ntree bootstrap samples from the original data. 

2) Construct an unpruned tree or each of the bootstrap samples. At each node, 

randomly sample mtry of the predictors and choose the best split among those 

variables where mtry is k𝑝  where p represents the number of independent 

variables. 

3) Predict the new observation by aggregating the all predictions of the ntree trees 

(majority votes for classification, average for regression) (Liaw and Wiener, 

2002).  

It is a bagging method that the trees in RFs are run at the same time, so that the trees 

are independent while building them. RF combines the results from multiple 

predictions by aggregating several decision trees. It creates a large number of DTs at 

training and assigns the class which is the mode of the classes in classification or mean 

prediction of the individual trees in regression. This method is a significant 

modification of bagging that builds many uncorrelated trees, and then averages them.  

Bagging predictors generate multiple versions of one independent variable and use 

them to get an aggregated predictor. As mentioned before, the aggregation averages 

over the versions when predicting a numerical value and choose the predominance of 

values when predicting a class (Chrzanowska et al., 2009). 

Random forest uses out-of-bag samples, which means for each observation it 

constructs its independent variable by taking the average of those trees corresponding 

to bootstrap samples in which this observation is not included (Hastie et al., 2009). 

This is a significant qualification of RFs to obtain a different feature importance 

measure, to quantify the prediction effect of each variable. However, random forests 

might be biased on the categorical variables in the data. Therefore, the feature 

importance from RFs might not be suggested for a data set with categorical variables. 

RFs are likely to perform inadequately on noisy data when there is a large number of 

variables, but the ratio of relevant features is small. There is a small chance that the 

relevant variables will be selected to construct a tree. (Hastie et al., 2009). Only a 

limited percentage of total variables can be split on each node. This prevents the trees 
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from being highly correlated and ensures that the model does not extremely depend 

on any individual feature, so make fair use of all the predictive features (Ho, 1995).  

To sum up, deep trees tend to learn highly irregular patterns by overfitting the train set 

(Nakahara et al., 2016). In this case, they have low bias, but high variance. RFs are a 

way of averaging multiple deep decision trees that are trained with different sample 

features of the same training set, in order to reduce the variance (Hastie et al., 2009).  

 

3.1.5. Gradient Boosting (XGB) 

Boosted decision trees are another tree-based method of that are used in ensemble 

learning. Boosted trees gradually construct an ensemble model by training each new 

sample of features to highlight previously incorrectly modeled training examples. 

These trees are also suggested for regression and classification problems (Friedman, 

2002). It constructs decision trees to obtain a prediction model as an ensemble of weak 

prediction models. This method allows an optimization of a differentiable loss 

function. Thus, the loss function offers more control by depending on what to optimize 

and does not correspond with real world applications. 

Gradient Boosting aims to obtain predictions whose loss function is minimum. It 

updates predicted values by adding trees based on a learning rate to obtain the values 

where the loss function is minimum. In other words, it keeps adding trees and updating 

the predictions until the predicted values are sufficiently close to the actual values. 

Thus, the loss function indicates how good are the coefficients of the model are at 

fitting the data (Friedman, 2001).  

Boosting is an ensemble method of transforming weak learners into strong learners. 

Each new tree in boosting is a fit on a modification of the original data set.  

 

3.1.6. Stacking 

Stacking, in other words tacked generalization is introduced by David H. Wolpert, 

which is a scheme for minimizing the generalization error rate of one or more 

generalizers. It is stated that tacked generalization is obtained by deducing the biases 
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of the generalizer(s) with respect to a provided learning set (Wolpert, 1992). The idea 

of stacking is that each machine learning model is capable of learning different parts 

of the problem, and the overall performance might be improved by using the 

predictions obtained from each learned model.  

Different from the “bagging” and “boosting” approaches, which can only merge the 

algorithms of the same type, the stacking can combine various different types of 

algorithms through a meta-machine learning model to maximize the generalization 

accuracy (Wang, 2018). For this reason, different base machine learning models are 

built for the same problem to combine their outputs as intermediate predictions. The 

purpose is to estimate the same target by performing a gradient boosting algorithm as 

the second level model stacking algorithm that learns from the intermediate 

predictions of individual base models. 

 

3.2. Performance Criteria  

In this section, the performance measures that are used to compare the models are 

explained. Since this study aims to evaluate the models based on the probabilities 

predicted, Gain and Lift Charts, Area Under the Receiver Operating Characteristic 

Curve and the stability of the models are calculated and compared. 

 

3.2.1. Confusion Matrix 

Confusion matrix are generally used only with class output models. A confusion 

matrix is an N X N matrix that shows N number of classes being predicted. There are 

many numbers of performance metrics than can be generated from a confusion matrix, 

such as accuracy, sensitivity and specificity. The probability predictors are classified 

into two groups as success and failure based on a threshold value. Accuracy, precision, 

negative predictive value, sensitivity and specificity and are the most commonly used 

ones. 
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• Accuracy: The proportion of the total number of correctly predicted values. 

• Positive Predictive Value or Precision: The proportion of correctly identified 

positive classes. 

• Negative Predictive Value: The proportion of correctly identified negative 

classes. 

• Sensitivity or Recall: The proportion of correctly identified actual positive 

classes 

• Specificity: The proportion of correctly identified actual negative classes. 

(Deng et al., 2016) 

Positive predictive value and negative predictive value might change inversely based 

on a threshold value chosen. The same rule stands for sensitivity and specificity. When 

changing the threshold value, these values can come closer or diverge more. The 

metrics that are calculated from the confusion matrix are explained on the Table 1 

below. 

 
Table.3.1 Confusion Matrix and Performance Measures 

Confusion Matrix 
Target     

Positive Negative    

Model 
Positive TP FP Positive Predicted 

Value TP / (TP + FP) 

Negative FN TN Negative Predicted 
Value TN / (FN + TN) 

    Sensitivity Specificity Accuracy = (TP + TN) / (TP + FN + FP + 
TN)     TP / (TP + FN) TN / (FP + TN)  

 

3.2.2. Area Under the ROC Curve (AUC – ROC) 

AUC is a commonly used metric in performance measurement of classification 

models. AUC itself is the ratio under the curve and the total area. On a confusion 

matrix, there is a different specificity value based on the threshold chosen. Sensitivity 

and Specificity variation is presented in the Figure 3 below: 
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Figure 3.3. Change in Sensitivity and Specificity (Srivastava, T. S.,2019) 

 
The ROC curve is the plot between sensitivity and (1 - specificity) for every threshold 

value. These two values represented by x and y axes on the plot come from columnar 

calculations of confusion matrix. Two axes change on similar scale in case of response 

rate shift. For this reason, ROC (Receiver operating characteristic) curves are 

independent of the change in proportion of responders (Hanley et al., 1982). The 

following figure; Figure 4 illustrates the ROC curve. 

 

 
Figure 3.4. ROC-AUC Curve (Srivastava, T. S.,2019) 

 

As a rule of thumb, model performance based on the AUC values are evaluated as it 

is shown on the Table 2 below. 

 
 
 
 



23 

 

Table 3.2. Evaluation of AUC Values 

AUC Value Model Performance 

0.90 – 1.00 Excellent 

0.80 – 0.89 Good 

0.70 – 0.79 Fair 

0.60 – 0.69 Poor 

0.50 – 0.59 Fail 

 
 

3.2.3. Gain and Lift Charts 

Gain and Lift charts are mainly used to check the rank ordering of the probabilities or 

scoring. They help to evaluate the performance of a classification model by comparing 

it without a model (Shen and Deng, 2007). A gain-and-lift chart is constructed with 

the following steps (Jaffery and Liu, 2009). 

• Step 1: Calculate the probability for each observation in the data set. 

• Step 2: Sort these probabilities in decreasing order. 

• Step 3: Create deciles with each group having 10% of the observations in the 

data. 

• Step 4: Calculate the number of observations, the number of actual events and 

the number of cumulative actual events in each decile. The percentage of 

cumulative actual events in each decile is called Gain Score. 

• Step 5: Divide the gain score by how many percent of the data is used in each 

portion of 10 deciles.  

Gain at a given decile level is the ratio of cumulative number of targets (events) up to 

that decile to the total number of targets (events) in the entire data set. It gives the 

percentage of targets covered at a given decile level. Lift measures how much better 

can be done with the predictive model compared without a model. (Bhalla, 2014) 
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3.2.4. Stability Measure 

It is expected from a stable machine learning algorithm that the predictions do not 

change much when the training data is slightly altered. The stability of a model 

measured by  

 

𝑆𝑇𝐴𝐵;3 = 𝑚𝑖𝑛 6
𝐶𝑅<3
𝐶𝑅<=

,
𝐶𝑅<=
𝐶𝑅<3

q , 0 < 𝑆𝑇𝐴𝐵;3 ≤ 1 

 

where 𝐶𝑅<3  and 𝐶𝑅<= represents the performance measures that are obtained from 

training and testing samples, respectively. The stability of a machine learning model 

increases as the stability measure gets closer to one (Osei-Bryson, 2004). A stable 

model performs equally well both on training and testing data. (Yazici et al., 2015) 

 

 

 

 

 

 

 

 

 

 

 

 

 

(15) 
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4. APPLICATIONS OF MACHINE LEARNING MODELS ON THE MAIN 

DATA SET 

 

This section includes detailed information about data description, data preparation, 

feature generation, feature selection, data preprocessing and model construction steps 

applied to the main data set.  

 

4.1. Data Sets 

LR, MARS, SVM, RF, XGB and Stacking are applied on four different data sets in 

order to obtain and compare the performances of the models constructed. These data 

sets are used to reflect the certain data properties such as size and scale on the 

performance of the models. Here, sample size (n) represents the size and scale (p) 

explains the complexity of the features.   

Two different sample sizes (small and medium) and scales (small and medium) are 

used in this study. The data sets are taken from different sources which has the 

properties mentioned (Table 3). 

 

Table 4.1. Properties of the data sets 

   Scale (p) 

  (n, p) Small  Medium  

Sample Size (n) 

Small  

Data Set 1: Data Set 2: 

German Credit (GC)  Credit Card Default (CC)  

(1000, 9) (30000, 23) 

Pc ratio: 30% Pc ratio:  22.12% 

Medium 

Data Set 3: Data Set 4: 

Give Me Credit (GMC)  Home Credit (HC) 

(150000, 10) (307511, 33) 

Pc ratio: 6.95% Pc ratio: 8.07% 
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• Small-Size and Small-Scale Data Set: German Credit whose label is GC, 

includes 9 independent variables with 1,000 observations. This data set has 

30% default applications which is represented as positive class ratio (Pc ratio). 

(Available at: https://www.kaggle.com/kabure/german-credit-data-with-risk) 

• Small-Size and Medium-Scale Data Set: Credit Card Default whose label is 

CC, includes 23 independent variables with 30,000 observations. This data set 

has 22.12% default applications. (Available at: 

https://www.kaggle.com/uciml/default-of-credit-card-clients-

dataset?select=UCI_Credit_Card.csv) 

• Medium-Size and Small-Scale Data Set: Give Me Credit whose label is GMC, 

includes 10 independent variables with 150,000 observations. This data set has 

6.95% default applications. (Available at: 

https://www.kaggle.com/c/GiveMeSomeCredit/data) 

• Medium-Size and Medium-Scale Data Set: Home Credit whose label is HC, 

includes 33 independent variables with 307,511 observations. This data set has 

6.95% default applications. (Available at: https://www.kaggle.com/c/home-

credit-default-risk/data) 

 

4.2. Data Description, Preparation and Feature Generation 

Medium-Size and Medium-Scale data set which is Home Credit (HC) is the main data 

set of this study. It has a large sample size and scale which reflects the financial 

situation of a large population of customers. On the other hand, this set has more than 

one data source that has financial information of the applicants, such as credit card, 

previous applications and credit bureau. For that reason, it represents real-life credit 

scoring problems more than the other data sets that are used in this study. All methods 

including data preprocessing and modeling are applied to four data sets. However, the 

applications will be explained based on HC in detail in this Chapter since it is the main 

data set of this study.  

The data set used for main set for the modeling is prepared using six separate data 

resources as one static and five supplementary sets which are listed below: 
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• Static Set: 

The static set has a sample size of 307,511 and 122 variables which includes 

information about the home credit application of a client where each row represents 

one loan. There is personal information about the clients related to the application time 

for the home credit. The personal information involves columns such as, gender, age, 

amount of income, occupation type, marital status, number of children, level of highest 

education; information about owned cars, mobile phones, realties; the rating for the 

region where the client lives, credit scores of the clients from external sources, 

information about the certain type of documents if the client provided and physical 

features of the building where the client lives. This set also includes variables about 

the loan that the client applies for, such as contract type, amount of the loan and the 

accepted amount of the loan, as well as whether the application is approved or not 

which represents the target as a binary variable. Static set is kept as the main source 

and other information are added from the supplementary sets.  

• Bureau: 

This set includes information about all the clients having a loan in the main data set 

whose previous credits provided by other financial institutions were reported to Credit 

Bureau. It has a sample size of 1,716,428 and 17 variables. For every loan in the 

sample, there are as many rows as the number of credits the client had in Credit Bureau 

before the application date. The number of previous applications from the most 

frequently applied credit types, their currencies, the number of active credits, total 

credit amount, total debt and total limit, total overdue amount for each loan are 

retrieved from this set. The subsets that are used to obtain the main set are explained 

below. 

• Pos-Cash Balance: 

This set contains the monthly balance snapshots of previous POS and cash loans that 

the applicant had, and the data set has a sample size of 10,001,358 with 8 variables, 

each row being related to each month of history of every previous credit. The number 

of previous and active credits, total count of active installments in the feature, average 

number of cash installments and the average amount left from the cash installments 

are included in the main set from pos-cash balance set. 



28 

 

• Credit Card Balance: 

Monthly balance snapshots of previous credit card applications for each client are 

listed in the credit card balance data set. The sample size of the data set is 3,840,312 

and it includes 23 variables. Number of previous and active credit cards, total balance 

and total limit of them, total amount and number of drawings are extracted from this 

set. 

• Previous Application: 

All previous applications of clients who have loans in the static set are listed in the 

previous application data set. The sample size of the data set is 1,670,214 and it 

includes 38 variables. The total number and amount of applications, in addition to 

approved applications, the total amount of annuity for them are retrieved from 

previous application set. 

• Installments Payments: 

Installment payment set contains the information about the repayment history for the 

previous credits of each loan in the static set. This data set has a sample size of 

13,605,401 with 8 variables. Average number of installments that the payment is 

observed and the total difference between the installment and the payment are 

extracted from this set.  

In the end, after combining all these sets, the HC data set includes 160 variables and 

307,511 observations, where each row representing an application. This set is highly 

imbalanced with the positive class ratio of 8.07%. 

 

4.3. Feature Selection 

Two steps are applied to the data set in order to select the features (independent 

variables) to perform the machine learning models. As the first step, important features 

are determined among these 160 columns mentioned. In order to specify the important 

features on the target (response) variable, Catboost algorithm is applied to the data set 

as it does not require missing imputation and it performs well with the categorical 

values (Dorogush et al., 2018). This algorithm is applied iteratively and features 
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having importance higher than zero are chosen in each iteration until all the features 

have a positive importance. 

As the second step, correlation is considered among the features that are determined 

as important and features that have a strong linear correlation between themselves is 

eliminated. Correlation matrix of continuous features is constructed to observe that 

there is no strong linear correlation between any of the two features, and it is shown 

on the Figure 5 below. 

 

 

Figure 4.1 Correlation Matrix of numerical columns plotted by a heatmap 

 
Then, the final Catboost algorithm is performed to make sure that all the final features 

to be used in modeling are important. There are 33 features in the final set where 24 

of them are continuous and 8 of them are categorical with one more binary target 

variable showing whether the applicant defaults on the loan or not. On the table below 

(Table 4); variable importance calculated by Catboost algorithm (Importance), 

descriptions, types of the variables, source tables and ratio of missing observations 
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(Null ratio) of the categorical and continuous features are shown for each of the 

variable used in HC data set. 

 
Table 4.2. Information about the variables used in HC data set  

Feature Importance Description Variable Type Source Table Null 
Ratio 

EXT_SOURCE_3 25.09 
Score that comes 
from an external 
source 

Continuous Main 19.8% 

EXT_SOURCE_2 20.43 
Score that comes 
from an external 
source 

Continuous Main 0.2% 

COUNT_OF_APPROVED_APPLS 4.71 

How many times 
the client's 
application is 
approved 
previously 

Continuous Previous 
Application 0.0% 

DAYS_EMPLOYED 4.70 

How many days 
before the 
application the 
person started 
current employment 

Continuous Main 0.0% 

TOTAL_AMT_PAYMENT_DIFFERENCE 4.31 

Total difference 
between the 
installment amount 
and the payment of 
the client 

Continuous Installment 
Payments 0.0% 

AMT_CREDIT 4.01 Credit amount of the 
loan Continuous Main 0.0% 

CODE_GENDER 3.81 Gender of the client Categorical Main 0.0% 

AVG_OF_INSTALLMENTS_LEFT_CASH 3.23 
Current debt on 
Credit Bureau 
credit 

Continuous Bureau 0.0% 

NAME_EDUCATION_TYPE 3.17 
Level of highest 
education the client 
achieved 

Categorical Main 0.0% 

AMT_CREDIT_SUM_DEBT 2.35 

Current debt 
amount for the 
Credit Bureau 
credit 

Continuous Bureau 0.0% 

COUNT_OF_DRAVINGS_CARD 2.33 

Number of 
drawings during 
this month on the 
previous credit 

Continuous Credit Card 0.0% 

AMT_CREDIT_SUM 2.29 

Current credit 
amount for the 
Credit Bureau 
credit 

Continuous Bureau 0.0% 

OCCUPATION_TYPE 1.55 
What kind of 
occupation does the 
client have 

Categorical Main 0.0% 

NUMBER_OF_PREVIOUS_APPLS 1.53 
How many times 
the client applied 
for a credit 

Continuous Previous 
Application 0.0% 
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FLAG_OWN_CAR 1.41 Flag if the client 
owns a car Categorical Main 0.0% 

FLAG_DOCUMENT_3 1.41 Did client provide 
document 3 Categorical Main 0.0% 

NUMBER_OF_ACTIVE_CREDIT_BUREAU 1.25 

The number of 
active Status of the 
Credit Bureau (CB) 
reported credits 

Continuous Bureau 0.0% 

AMT_INCOME_TOTAL 1.23 Income of the client Continuous Main 0.0% 

TOTAL_CREDIT_APPLS 1.22 
The total amount of 
previous credit 
applications 

Continuous Previous 
Application 0.0% 

TOTAL_LIMIT_CARD 1.18 

Total credit card 
limit during the 
month of the 
previous credit 

Continuous Credit card 0.0% 

NAME_FAMILY_STATUS 1.13 Family status of the 
client Continuous Main 0.0% 

NUMBER_OF_ACTIVE_CONTRACT_CARD 1.07 
How many active 
credit cards the 
client has 

Continuous Credit Card 0.0% 

ConsumerCreditCount 0.96 

How many times 
the client applied 
for a consumer 
credit previously 

Continuous Bureau 0.0% 

NAME_YIELD_GROUP 0.94 

Grouped interest 
rate into small 
medium and high of 
the previous 
application 

Categorical Main 0.0% 

Mortgage 0.84 

How many times 
the client applied 
for a mortgage 
previously 

Continuous Bureau 0.0% 

MicroloanCount 0.73 

How many times 
the client applied 
for a micro credit 
previously 

Continuous Bureau 0.0% 

DEF_30_CNT_SOCIAL_CIRCLE 0.73 

How many 
observations of 
client's social 
surroundings 
defaulted on 30 
DPD (days past 
due) 

Continuous Main 0.3% 

AMT_CREDIT_SUM_OVERDUE 0.63 
Current amount 
overdue on Credit 
Bureau credit 

Continuous Bureau 0.0% 

AMT_CREDIT_SUM_LIMIT 0.60 

Current credit limit 
of credit card 
reported in Credit 
Bureau 

Continuous Bureau 0.0% 

CarLoanCount 0.48 

How many times 
the client applied 
for a car loan 
previously 

Continuous Bureau 0.0% 

CreditCardLoanCount 0.46 How many times 
the client applied Continuous Bureau 0.0% 
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for a credit card 
previously 

NAME_INCOME_TYPE 0.24 

Clients income type 
(businessman, 
working, maternity 
leave...) 

Categorical Main 0.0% 

 

4.4. Data Preprocessing 

This section includes organizing the categorical columns, missing value imputation, 

train-test split and model construction steps of machine learning algorithms on Home 

Credit Default data set. 

 

4.4.1. Organizing the Categorical Columns 

Target variable of Home Credit Default dataset is a categorical variable with two 

levels. It is a binary variable indicating “1” for default applications and “0” for non-

default applications. The number of non-default applications highly overweigh the 

number of default applications. In other words, it is a highly imbalanced set with the 

positive class (non-default) ratio of 8.07%. The percentages of default and non-default 

applications are shown on the table 5 below. 

 
Table 4.3. Percentages of default and non-default applications in HC data set 

Target Percentage 

Default 8.07% 

Non-Default 91.93% 

 
 

There are 8 important categorical variables in the data set, with different levels. Some 

categories are combined in order to reduce the number of levels in the columns with 

high level of categories. After combining the levels, the categorical features with their 

explanations, number of levels, and the categories by occurrences are shown on the 

table below for each variable (Table 6).  

 



33 

 

Table 4.4. Properties of the categorical features in the HC data set 

Feature Description Level Categories by 
Occurrences  

CODE_GENDER Gender of the client 2 F: 202,448 
M:                         105,059  

NAME_INCOME_TYPE 
Clients income type 
(businessman, working, 
maternity leave...) 

5 

Working: 158,786 
Commercial: 71,616 
Pensioner: 55,362 
StateServant: 21,703 
NotWorking:                 40 

 

NAME_EDUCATION_TYPE Level of highest education 
the client achieved 5 

Secondary: 218389 
Higher: 74862 
HigherIncomplete: 10276 
LowerSecondary: 3816 
Academic:                    164 

 

NAME_YIELD_GROUP 
Grouped interest rate into 
small medium and high of the 
previous application 

4 

Other: 81864 
Low: 81666 
Middle: 74392 
High:                        69585 

 

NAME_FAMILY_STATUS Family status of the client 4 

Married: 226203 
Single: 45444 
Separated: 19770 
Widow:                    16088 

 

OCCUPATION_TYPE What kind of occupation does 
the client have 8 

Laborers: 57278 
OtherStaff: 32476 
SalesStaff: 32102 
CoreStaff: 27569 
Managers: 21370 
Drivers: 18603 
IT: 11906 
Accountants:              9812 

 

FLAG_OWN_CAR Flag if the client owns a car 2 N: 202920 
Y:                           104585  

FLAG_DOCUMENT_3 Did client provide document 
3 2 1: 218340 

0:                              89165  

 
 

Categorical columns in the data set are later encoded using one-hot encoding 

methodology as there is no ordinal relationship exists among the categories in one 

feature. One-hot encoding refers to adding a new binary variable for each unique 

categorical value. These binary variables are also called dummy variable. One of the 

dummy variables from each column is excluded to prevent dummy variable trap 

(Mahto, 2019).  
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4.4.2. Missing Value Imputation 

There are 3 continuous features, namely EXT_SOURCE_3, EXT_SOURCE_2 and 

DEF_30_CNT_SOCIAL_CIRCLE have missing values with different ratios. Missing 

imputation is performed using MICE package in R which applies Multivariate 

Imputation by Chained Equations. The distributions of the observed and imputed 

values for these features are shown in Figure 6. 

 

 
Figure 4.2. Observed and fitted values for features 

 
The Figure 6 shows the distributions of imputed and observed values of the variables 

(features) which include missing observations. The blue density represents the 

distribution of observed values and red density represents the distribution of the 

imputed values. EXT_SOURCE_3 and EXT_SOURCE_2 have right skewed 

distribution in both imputed an observed density. On the other hand, 

DEF_30_CNT_SOCIAL_CIRCLE variable has a mode at “0” in both imputed and 

observed densities. Since both distributions are similar in all three variables with 

missing values, the imputed values are acceptable. 
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4.4.3. Train-Test Split 

Data set is split into two, stratified according to the target, using the ratio of 75% for 

train set and 25% for test set. Stratification helps to keep the proportion of levels 

(default and non-default) in train and test sets. After splitting the data, train and test 

sets are compared to examine whether the split is consistent. It is observed that the 

distribution of categorical columns and descriptive statistics of continuous columns 

are conformable for both train and test sets. Later on, continuous columns are 

standardized, and the same method is also applied on the test set by using the same 

values (mean and standard deviation) of the variables in the train set. In the end, the 

train data set has a sample size of 230,628 which includes 33 variables and the test 

data set has a size of 76,876 with the same number of variables. 

 

4.5. Model Construction 

As credit scoring is a classification problem with binary response, the methods we 

attempt to perform are LR, MARS, SVM, RF and XGB algorithms for classification 

problems. These algorithms are fitted on the train set and their performances are 

observed on the test set. 

As k- fold cross-validation approach is primarily used in to estimate the performance 

of a model on unseen data, 5-fold cross validation is used as resampling procedure 

when training the algorithms. According to the k-fold cross validation procedure, the 

data set is shuffled randomly and divided into k groups or folds. For each unique fold, 

one of them is chosen as the test set and the other groups are taken as the train set so 

that the model is fitted on the train but evaluated on the test set. Each observation in 

the data is assigned to an individual fold and stays in that group for the duration of the 

procedure. This means that each sample is used in the test set once and k-1 times in 

the train set (Bengio and Grandvalet, 2004). 

Another procedure that is applied while training the algorithms is hyperparameter 

tuning which is the step of choosing a set of optimal hyperparameters for an algorithm. 

(Thornton et al., 2013) The value of the hyperparameter has to be determined before 

the beginning of the learning process, because its value is used to control the learning 
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process. Grid search is one of the methodologies used to obtain the 

optimal hyperparameters of a model which produces the most accurate predictions is 

used in XGB and RF to tune the parameters of tree-based algorithms. 

After finding the best parameters and fitting the algorithms with 5-fold cross 

validation, a stacking method is also applied using the output of these five algorithms 

mentioned, to ensemble these multiple classification models. In addition to these base 

model predictions, four more variable that are generated from these intermediate 

predictions are included in the second level gradient boosting model. The first variable 

refers to the weighted predictions from each base model that maximizes the AUC. The 

second variable follows the same idea but excluding the base model that performs the 

best AUC on the train set. Third and fourth variables are respectively arithmetic and 

geometric means of these five base model predictions. The structure of the stacking 

model that is used in this study is shown in Figure 7: 

 

 

 

 

 

 

 

 

After all, the probability predictions that the machine learning models provide are 

converted into binary predictions using the threshold value that maximizes the 

accuracy for the algorithm. Each algorithm has different threshold values since the 

probabilities are represented differently by each algorithm. Probability predictions and 

binary predictions are used to evaluate performances of the models. 
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Figure 4.3. Stacking Algorithm 
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5. FINDINGS 

 

The performance results of the LR, MARS, SVM, RF, XGB and Stacking (explained 

in Chapter 3) for train and test sets and stability measures for the main data set (HC) 

are presented in this Chapter. The performance criteria used to evaluate and compare 

the models are given in Section 3.2. Accuracy that is obtained from confusion matrix 

is used to evaluate binary classifications. It calculates the cost of false positives and 

false negatives as they are the same, however in most applications they are very 

different. As the scoring is the main focus of this study, the probability predictions are 

used as order evaluation and AUC and decile-lift charts are used to interpret how 

probability predictions perform. 

Higher values of accuracy and AUC, and stability values closer to one indicate better 

performance, while Decile-Lift Charts need special interpretation. It is chosen to 

compare the performance of the models at the second decile as a reference for each 

model. The comparisons made are based on the the absolute differences.  

HC is the main set since it represents real-life credit scoring problems more than the 

other data sets that are used in this study, the detailed sections are organized for each 

of the models constructed for HC and then a separate Chapter for all models in the 

remaining three data sets. 

The performance measures of the models constructed from HC data set is presented in 

the Table 7 below, while the decile-lift charts obtained from the same data is presented 

in the Table A1 in the Appendix. 
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Table 5.1. The performance measures of the models constructed from HC data set 

  Train Test Stability 

Models Threshold AUC Accuracy AUC Accuracy AUC Accuracy 

LR 0.50 74.72% 91.94% 74.42% 91.93% 1.00* 1.00* 

MARS 0.40 73.20% 91.92% 72.81% 91.93% 0.99 1.00* 

SVM 0.50 74.75% 91.92% 74.49% 91.90% 1.00* 1.00* 

RF 0.72 75.15% 91.96% 73.81% 91.92% 0.98 1.00* 

XGB 0.74 75.36% 91.96% 73.64% 91.90% 0.98 1.00* 

Stacking 0.91 77.13%* 91.99%* 74.61%* 91.94%* 0.97 1.00* 

*shows a better model according to the corresponding performance measure  

 

5.1. LR Results 

When performing LR, 5-fold cross validation is used on the train set. Logistic 

regression gives probability predictions as the output. Therefore, these probability 

predictions need to be converted to binary predictions by using a threshold in order to 

evaluate the performance metrics that are extracted from the confusion matrix. The 

results are presented in the Table 7. Logistic regression reaches the mean AUC value 

of 74.72%. The threshold value for the logistic regression is taken as 0.5. Using this 

value, the accuracy which is true classification rate of the model on the train set is 

obtained as 91.94%.  

It also attains the mean AUC value of 74.42% on the test set, which is very close to 

the value for the train set. This demonstrates that the model does not overfit on the 

train dataset. The accuracy of the model on the test set is 91.93% which is also close 

to the value in the train. LR is a very stable model with the stability value of 1.00 for 

both AUC and the accuracy.  

Table (A1) presents the decile-lift chart of the LR obtained from HC data set. At the 

second decile, the model covers 49.76% of the default credits on this set which means 

49.76% of the default credits would be eliminated if 20% of the applicants with the 

highest score is rejected. It also means that when 20% is the applicants with the highest 
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score is selected, 2.49 times more of default credits would be expected than being 

found by randomly selecting 20% of the applicants. 

 

5.2. MARS Results 

The “py-earth” package is used to construct the MARS model in Python. To obtain 

the lowest generalized cross validation, different values are tried for the parameters of 

maximum degree of interaction and maximum number of model terms before pruning.  

This method returns probability predictions by applying regression on the target 

variable. The performance measures are also presented in the Table 7. The mean AUC 

value for the MARS algorithm is 73.20% on the train set. The threshold value to 

convert the MARS probability predictions into classes is 0.4, and the accuracy of the 

model predictions on the train set is 91.92%.  

MARS model has the value of AUC 72.81% on the test set, which is the lowest among 

the other base models. The accuracy of the MARS model on the test set is 91.93%. 

The stability value for MARS is 0.99 for AUC, while the same measure is 1.00 for the 

accuracy.  

At the second decile on the gain-lift chart, which is presented in the Table A1, the 

model covers 47.82% of the default credits on this set. Among the base models it has 

the lowest lift as 2.39, at the second decile. 

 

5.3. SVM Results 

The linear SVM classifier is fitted with 500 iterations and 5-fold cross validation. The 

performance measures of the model for the HC data set is given in the Table 7. SVM 

algorithm has the mean AUC value that is equal to 74.75% on the train set. The 

threshold value to convert the SVM probability predictions into default and non-

default classes is 0.5, and the accuracy of the model predictions on the train set is 

91.92% which is exactly the same with that of MARS.  
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SVM gives the best results among the base models in terms of AUC with the value of 

74.49% on the test set. It also performs with 91.90% of accuracy in the same set. SVM 

has the stability of 1.00 for both performance measures which has equal performance 

with LR with respect to that measure. 

Moreover, the decile-lift chart is presented in Table A1 which provides the best results 

on the decile-lift chart. At the second decile, the model covers 50.11% of the default 

credits on the test set, which is 22 more default credits being found until the second 

decile of the logistic regression model. Among the base models it attains the highest 

lift 2.51, at the second decile. 

 

5.4. RF Results 

Random Forest Classifier algorithm is applied to HC data set with 5-fold cross 

validation and 1,000 iterations is performed on the train set. In order to apply 

hyperparameter tuning for the maximum depth of the tree (max_depth) and the 

minimum number of samples required to split an internal node (min_samples_split), 

grid search approach is used giving 3 options for each parameter. This procedure with 

5-fold cross validation requires 5×3×3 = 45 times of runs. In addition, to control the 

balance of positive and negative classes in the unbalanced data set, weights of 11 for 

class “1” and 0 for class “0” are given to the algorithm (Hasanat et al., 2010). 

The performance measures of the RF constructed on HC data set is given in Table 7. 

Random forest classifier algorithm has the mean AUC value of 75.15% on the train 

set. The threshold value to convert the probability predictions into classes is 0.72, that 

makes the accuracy which is the true classification rate of the model on the train set is 

91.96%. The stability of RF is 0.98 for AUC while it is 1.00 for the accuracy. 

RF gives similar to XGB results in terms of AUC and accuracy, also on the decile-lift 

chart which is presented in the Table A1. RF provides the AUC value of 73.81% on 

the test set and performs with 91.92% of accuracy. At the second decile, the model 

covers 48.86% of the default credits on this set. It is expected to observe 2.44 times of 

default credits among the applicants from until the second decile, compared to the 

randomly selected 20% of the data.  



41 

 

5.5. XGB Results 

Extreme Gradient Boosting (XGB) algorithm with 5-fold cross validation and 100 

iterations is applied on the train set. Grid Search approach is used as a way of 

hyperparameter tuning to find the best values for the minimum sum of the instance 

weight needed in a child (min_child_weight) and the maximum depth of a tree 

(max_depth) among three options for each parameter (Gu et al., 2020). This procedure 

with 5-fold cross validation requires 5×3×3 = 45 times of runs. 

Randomness and overfitting prevention parameters are added to the algorithm, and the 

feature weights are shrunk in order to avoid overfitting. Besides, to control the balance 

of positive and negative weights in the unbalanced data set, the value of the sum of 

negative instances divided by the sum of positive instances is given to the algorithm 

to scale the positive class ratio. (Junior et al., 2020) 

The performance measures of the XGB when it is applied on the HC data set is 

presented in the Table 7. XGB algorithm has the mean AUC value of 75.36% on the 

train set. The threshold value to convert the XGB probability predictions into classes 

is 0.74, that makes the accuracy of the model on the train set is 91.96%.  

XGB does not perform the best on the test set .It gives the AUC value of 73.64% and 

it performs with 91.90% of accuracy. Moreover, the model has 0.98 and 1.00 for the 

stability values of the AUC and accuracy, respectively. 

On the other hand, the decile-lift chart of the model is given in the Table A1. XGB 

does not provide better results than logistic regression on the decile-lift charts. At the 

second decile, the model covers 48.89% of the default credits on this set, which is 54 

less default credits being found until the second decile of the logistic regression model. 

It is expected to observe 2.44 times of default credits among the applicants from until 

the second decile, compared to the randomly selected 20% of the data.  

 

5.6. Second Level Stacking Model Results 

The five algorithms mentioned above are stacked by using the probability predictions 

that these algorithms return as the predictors for the second level stacking model. 
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Moreover, the arithmetic and geometric mean of these model predictions for each 

instance in the train set are included in the model as predictors. Besides, two more 

variables are added as Variable 1 and Variable 2. 

Variable 1: 0.1 × LR Probability Predictions + 0.4 × SVM Probability Predictions + 

0.3 × XGB Probability Predictions + 0.1 × RF Probability Predictions (The 

coefficients of predictions are calculated so that the weighted predictions give the 

highest AUC on the train set) 

Variable 2: 0.4 × RF Probability Predictions + 0.6 × SVM Probability Predictions 

(The coefficients of predictions are calculated so that the weighted predictions give 

the highest AUC on the train set, excluding the base algorithm that performs the 

highest AUC on the train set) 

The performance of the stacking applied on the HC data set is also given in the Table 

7. Stacking model that we perform has the mean AUC value of 77.13% on the train 

set. The threshold value to convert the probability predictions into classes is 0.91, that 

makes the accuracy of the model on the train set is 91.99%. Stacking performs the best 

on the train set in terms of accuracy and the AUC value. 

It is observed that stacking makes slight improvements for the final predictions. 

Stacking model reaches the 74.61% as the value of AUC and 91.94% as the accuracy 

value in the test data set. Moreover, the stability values for the AUC and the accuracy 

are 0.97 and 1.00, respectively. However, it has a lower stability value than all of the 

base models for the AUC. 

It performs very close the SVM model on the decile-lift chart which is given in the 

Table A1 with 50.03 % of the default credits covered and the value of lift as 2.50 at 

the second decile.  

In summary, the stacking method performs the best in terms of the AUC and accuracy 

measures both in train and test sets. When stability measure is considered, all methods 

perform equal for the accuracy, but the stacking has the smallest stability for AUC 

even though it is 0.97. It can be concluded that the stacking has the best in terms of 

performance criteria If all models except from stacking is considered, it can be said 

that SVM is preferred based on the evaluation in the test and stability which represents 

the performance in the unseen data. 
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In order to investigate which variables has an effect on the credit scoring of the HC 

data set, the variable importance values are obtained for the best performing model; 

stacking and shown on the bar chart on the Figure 8. Here, the variable importance 

measure takes a value between 0 and 1, means the least important to the most 

important features, respectively. For stacking obtained from the HC data set, the 

variable importance suggests that iter1; the weighted predictions of base classifiers 

that maximizes the AUC, is the most important variable. 

 

 
Figure 5.1. Variable importance of Stacking Model on HC dataset 
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6. APPLICATIONS AND FINDINGS OF THE MODELS OBTAINED FROM 

THE OTHER DATA SETS 

 

After evaluating the model performances on HC data set which is the medium-size and 

medium-scale, the same steps mentioned in sections 4 and 5 are applied on the other 

data sets having different sizes and scales. 

 

6.1. German Credit Data Set 

German Credit (GC) data set is the small-size and small-scale data set which contains 

1,000 observations with 10 features. In this data set, each entry represents a person 

who takes a credit by a bank. Each person is classified as good or bad credit risk 

according to the set of attributes.  It is an imbalanced data set with the positive class 

ratio of 30%. There are five categorical variables among these attributes. Before model 

construction, the data preprocessing methods mentioned in section 4.4 are applied. 

The split is made with the ratio of 75% from the train set and 25% for the test set. 

After splitting the dataset, categorical variables are encoded, and standardization is 

applied for both sets to prepare the data for the modeling. Since there were not any 

missing values in the data set, they are not handled. Thereafter, the same idea of 

stacking that is performed on the HC data set is applied on this set. LR, MARS, SVM, 

RF and XGB algorithms are applied on the train set accordingly, as the base models.  

Second level model is fitted with the predictions from the base models and other 

variables are created from these predictions to ensemble these five models. The other 

variables that are included in the models are, the arithmetic and geometric mean of the 

base predictors and they are defined as the following; 

Variable 1 = 0.3 × XGB Probability Predictions + 0.1 × LR Probability Predictions + 

0.6 × RF Probability Predictions (The coefficients of predictions are calculated so that 

the weighted predictions give the highest AUC on the train set) 
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Variable 2 = 0.8 × XGB Probability Predictions + 0.2 × LR Probability Predictions 

(The coefficients of predictions are calculated so that the weighted predictions give 

the highest AUC on the train set, excluding the base algorithm that performs the 

highest AUC on the train set) 

The performance measures of the models constructed from GC data set can be seen 

on the table below. 

 
Table 6.1. The performance measures of the models constructed from GC data set 

  Train Test Stability 

Models Threshold AUC Accuracy AUC Accuracy AUC Accuracy 

LR 0.50 77.14% 75.60% 76.36% 74.00% 0.99 0.98* 

MARS 0.50 75.14% 73.60% 74.95% 75.20%* 1.00* 0.98* 

SVM 0.50 76.77% 75.07% 75.20% 72.40% 0.98 0.96 

RF 0.83 77.70% 76.27% 76.20% 73.20% 0.98 0.96 

XGB 0.50 76.15% 75.07% 74.72% 70.40% 0.98 0.94 

Stacking 0.60 87.32%* 80.40%* 76.51%* 72.40% 0.88 0.90 

  *shows a better model according to the corresponding performance measure  
 
 

It can be seen that, among the base models for AUC, LR gives the best results and 

XGB has the lowest performance on the test set and stability measure. Stacking 

improves the performance compared to all of the base models. However, it does not 

seem as a stable model, because of the difference between train and test for AUC, with 

the stability value of 0.88. When test and stability is considered, MARS overperforms 

all models except the AUC. 

At the second decile on the gain-lift chart, which is presented in the Table A2 in the 

appendix, MARS and Stacking models reach the same performance. Both models 

cover 47.67% of the default credits on this set. The lift is 2.13 at the second decile for 

both models. 

The variable importance of the stacking model can be seen on the Figure 9 below. For 

stacking obtained from the GC data set, the variable importance suggests that iter1; 
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the weighted predictions of base classifiers that maximizes the AUC, is the most 

important variable. 

 

 

Figure 6.1. Variable Importance of Stacking model on GC Dataset 
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are included in the models are, the arithmetic and geometric mean of the base 

predictors and; 

Variable 1 = 0.8 × RF Probability Predictions + 0.2 × MARS Probability Predictions 

(The coefficients of predictions are calculated so that the weighted predictions give 

the highest AUC on the train set) 

Variable 2 = 0.3 × MARS Probability Predictions + 0.7 × XGB Probability 

Predictions (The coefficients of predictions are calculated so that the weighted 

predictions give the highest AUC on the train set, excluding the base algorithm that 

performs the highest AUC on the train set) 

The performance measures of the models constructed from CCD data set can be seen 

on the table below. 

 
Table 6.2. The performance measures of the models constructed from CCD data set 

  Train Test Stability 

Models Threshold AUC Accuracy AUC Accuracy AUC Accuracy 

LR 0.50 72.52% 81.04% 72.91% 81.04% 0.99 1.00* 

MARS 0.50 77.44% 82.12% 77.11% 82.39% 1.00* 1.00* 

SVM 0.40 72.10% 81.43% 72.69% 81.77% 0.99 1.00* 

RF 0.88 78.62% 81.64% 77.51% 80.96% 0.99 0.99 

XGB 0.70 77.78% 82.24% 77.32% 82.32%* 0.99 1.00* 

Stacking 0.75 80.33%* 82.44%* 78.07%* 82.24% 0.97 1.00* 

   *shows a better model according to the corresponding performance measure  

 
 

It can be seen that, among the base models, RF gives the highest AUC and SVM has 

the lowest AUC performance on the test set. When only base models are considered, 

MARS overperforms all others except from AUC in test set if test and stability is 

considered to reflect the performance in the unseen data set. Stacking improves the 

performance compared to all of the base models. The stacking model has the lowest 

stability for AUC which is 0.97, however all models are equally stable for both 

measures 



48 

 

At the second decile on the gain-lift chart, which is presented in the Table A3 in the 

appendix, RF model reaches the highest performance among the base models. It covers 

51.66% of the default credits on this set. The lift is 2.58 at the second decile for this 

model. Stacking model performs very close to the RF model with 51.48% gain and 

2.57 lift on the second decile. 

The variable importance of the stacking model can be seen on the Figure 10 below. 

Here, the variable importance measures ranges from 0 to 1, indicating the least 

important to the most important variable, respectively. For stacking obtained from the 

CCD data set, the variable importance suggests that RFPredProd; the base classifier 

of RF predictions, is the most important variable. 

 
 

 
Figure 6.2. Variable Importance of Stacking model on CCD Dataset 
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6.3. Give Me Credit Data Set 

Give Me Credit Data Set (GMC) is the Medium-Size and Small-Scale data which 

includes information about the historical financial situations of the borrowers. The aim 

is to predict the probability that somebody will experience financial distress in the next 

two years. There are 150,000 observations and 11 variables in the data set, that none 

of them is categorical. This set has a few missing values that we decide to exclude. 

After cleaning all the rows having at least one missing column, there are 120,269 rows 

for modeling. This set is a very imbalanced set with the positive class ratio of 6.95%. 

Before model construction, the data preprocessing methods mentioned in section 4.3 

are applied. This set is split into two, with 90,201 rows in the train set and 30,068 rows 

in the test set. Later on, feature scaling is applied and both sets are prepared for 

modeling. The same idea of stacking and LR, MARS, SVM, RF and XGB models are 

applied respectively, as the base models. Second level model is fitted with the 

predictions from the base models and other variables that are created from these 

predictions to ensemble them. The other variables that are included to the models are, 

the arithmetic and geometric mean of the base predictors and; 

Variable 1 = 0.9 × XGB Probability Predictions + 0.1 × LR Probability Predictions 

(The coefficients of predictions are calculated so that the weighted predictions give 

the highest AUC on the train set) 

Variable 2 = 0.2 × RF Probability Predictions + 0.8 × SVM Probability Predictions 

(The coefficients of predictions are calculated so that the weighted predictions give 

the highest AUC on the train set, excluding the base algorithm that performs the 

highest AUC on the train set) 

The performance measures of the models constructed from CCD data set can be seen 

on the table below. 
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Table 6.3. The performance measures of the models constructed from GMC data set 

  Train Test Stability 

Models Threshold AUC Accuracy AUC Accuracy AUC Accuracy 

LR 0.50 69.43% 93.13% 68.06% 93.11% 1.00* 1.00* 

MARS 0.50 78.73% 93.11% 78.28% 93.09% 1.00* 1.00* 

SVM 0.10 76.74% 93.37% 76.32% 93.14% 1.00* 1.00* 

RF 0.80 84.12% 93.30% 84.03% 93.19% 1.00* 1.00* 

XGB 0.94 85.82% 93.36% 85.24% 93.32% 1.00* 1.00* 

Stacking 0.92 86.22%* 93.49%* 85.27%* 93.37%* 1.00* 1.00* 

*shows a better model according to the corresponding performance measure  
 

It can be seen that, among the base models for AUC and accuracy, XGB gives the best 

results and LR has the lowest performance on the test set. While tree-based models 

(RF and XGB) perform well on this data set, LR performs very poorly compared to 

them. 

Stacking slightly improves the performance compared to all of the base models. 

Besides, it seems as a very stable model, because of the close values for the train and 

test AUC, with the stability value of 1.00, however all models including Stacking have 

the same stability value for both measures 

At the second decile on the gain-lift chart, which is presented in the Table A4 in the 

appendix, XGB and Stacking models reach the same performance. Both models cover 

69.2% of the default credits on this set. The lift is 3.46 at the second decile for both 

models. 

The variable importance of the stacking model can be seen on the Figure 11 below. 

For stacking obtained from the GMC data set, the variable importance suggests that 

iter1; the weighted predictions of base classifiers that maximizes the AUC, is the most 

important variable. XGBPredProd which is the base classifier of XGB predictions, has 

very close importance to iter1.  

 



51 

 

 
Figure 6.3. Variable Importance of Stacking model on GMC Dataset 
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7. DISCUSSIONS 

 

In this Chapter, the purpose is to compare the methods studied, namely LR, MARS, 

SVM, RF, XGB and Stacking in general (Section 7.1), and also with respect to 

different properties of the data sets such as scale (Section 7.2) and sample size (Section 

7.3). Accuracy, AUC and stability are considered in these comparisons. The 

comparisons are based on the absolute differences. 

 

7.1. Comparison with respect to Overall Performances 

The mean and standard deviations of the measures are calculated by using the four 

data sets and presented in the Table 11. They are calculated for train and test data in 

addition to stability of the measures. In this table, higher values for AUC, accuracy 

and stability implies better performance. The robustness is measured with the standard 

deviation of the performance measures so the lower value for the variation indicates 

more robust model. The following interpretations can be obtained from this table: 
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Table 7.1. The mean and standard deviations of the measures are calculated by using the four data sets 

Models Performance  
Measures Train Test Stability 

LR 
AUC 73.45% ± 0.03 72.94% ± 0.04 1.00* ± 0.01 

Accuracy 85.43% ± 0.08 85.02% ± 0.09 1.00* ± 0.01** 

MARS 
AUC 76.13% ± 0.02** 75.79% ± 0.02** 1.00* ± 0.00** 

Accuracy 85.19% ± 0.09 85.65%* ± 0.08** 1.00* ± 0.01** 

SVM 
AUC 75.09% ± 0.02** 74.68% ± 0.02** 1.00* ± 0.01 

Accuracy 85.45% ± 0.08 84.80% ± 0.10 0.99 ± 0.02 

RF 
AUC 78.90% ± 0.03 77.89% ± 0.04 0.99 ± 0.01 

Accuracy 85.79% ± 0.08 84.82% ± 0.09 0.99 ± 0.02 

XGB 
AUC 78.78% ± 0.04 77.73% ± 0.05 1.00* ± 0.01 

Accuracy 85.66% ± 0.08 84.49% ± 0.11 0.99 ± 0.03 

Stacking 
AUC 82.75%* ± 0.04 78.62%* ± 0.05 0.97 ± 0.06 

Accuracy 87.08%* ± 0.06** 84.99% ± 0.10 0.98 ± 0.05 

*shows a better model according to the mean 
*shows a better model according to the variability 

 

For train sets: 

• Stacking has the best performance with respect to AUC and accuracy 

measures. 

• MARS and SVM are the most robust methods which means lowest variability 

in terms of the AUC measure, while Stacking is the most robust method for 

the accuracy measure. 

• Among the base classifiers, DT based models (RF and XGB) performs better 

for credit scoring based on the AUC values.  

For test sets: 

• Stacking has the best performance with respect to AUC and MARS provides 

the highest accuracy. 

• MARS and SVM are the most robust methods in terms of the AUC measure 

and MARS is also the most robust method for the accuracy measure. 
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• As for the train set, DT based models (RF and XGB) among the base classifiers 

perform better for credit scoring based on the AUC values on the test set.  

For stability: 

• Although Stacking performs better than base classifiers, it has the lowest 

stability value for both measures.  

• MARS is the most robust method in terms of the AUC and accuracy measures. 

LR and MARS have the lowest variability for the accuracy. 

• Among the base classifiers, LR, MARS, SVM and XGB provides the highest 

stability with the value of 1.00 while RF has the lowest stability with the value 

of AUC. For accuracy, LR and MARS are the most stable models, and SVM, 

RF, XGB have the lowest stability even though there is only 1% absolute 

difference between the stability values of the models. 

 

7.2. Comparison with respect to Scales 

Table 12 represents the performance measures of the models with respect to two scale 

categories: small and medium. Following conclusions can be obtained by using the 

results in the table 

 

 

 

 

 

 

 

 

 



55 

 

Table 7.2. The performance measures of the methods with respect to two scale categories: small and medium 

Scale Performance 
Measure 

Train 

LR MARS SVM RF XGB Stacking 

Small 
AUC 73.29% 76.94% 76.76% 80.91% 80.99% 86.77%* 

Accuracy 84.37% 83.36% 84.22% 84.79% 84.22% 86.94%* 

Medium 
AUC 73.62% 75.32% 73.43% 76.89% 76.57% 78.73%* 

Accuracy 86.49% 87.02% 86.68% 86.80% 87.10% 87.21%* 

Scale Performance 
Measure 

Test 

LR MARS SVM RF XGB Stacking 

Small 
AUC 72.21% 76.62% 75.76% 80.12% 79.98% 80.89%* 

Accuracy 83.56% 84.14%* 82.77% 83.20% 81.86% 82.89% 

Medium 
AUC 73.67% 74.96% 73.59% 75.66% 75.48% 76.34%* 

Accuracy 86.49% 87.16%* 86.84% 86.44% 87.11% 87.09% 

Scale Performance 
Measure 

Stability 

LR MARS SVM RF XGB Stacking 

Small 
AUC 0.99 1.00* 0.99 0.99 0.99 0.94 

Accuracy 0.99* 0.99* 0.98 0.98 0.97 0.95 

Medium 
AUC 1.00* 1.00* 1.00* 0.99 0.99 0.97 

Accuracy 1.00* 1.00* 1.00* 0.99 1.00* 1.00* 

     *shows a better model according to the associated measure and sample 
 

For train sets: 

• Small scale data sets perform better than medium scale in terms of AUC except 

from LR. 

• Medium scale data sets perform better than small scale data sets in terms of 

accuracy for all models. 

• Stacking model performs the best in terms of accuracy and AUC for both small 

and medium scales. 

• XGB provides the highest AUC among the base classifiers for small scale data 

sets, and for the medium scale datasets RF provides the highest AUC among 
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the base classifiers. However, when accuracy is considered the RF is the best 

for small scale data sets and XGB performs best for medium scale data. 

For test sets: 

• Small scale data sets perform better than medium scale data sets in terms of 

AUC except from LR which is the same conclusion coming from the train data. 

• Medium scale data sets perform better than small scale data sets in terms of 

accuracy for all models which is also consistent with the conclusion of the train 

data. 

• Stacking model performs the best in terms of AUC while MARS performs the 

best in terms of accuracy for both small and medium scales. 

• RF provides the highest AUC among the base classifiers for both small and 

medium scale data sets; while MARS is the best performing one for the 

accuracy when both scale types are considered 

For stability: 

• All models perform equal in both measures. MARS has the highest stability in 

terms of AUC for small scale data sets. For medium scale datasets, LR, MARS 

and SVM reach the maximum stability value of 1.00 in terms of AUC.  

• Stacking has the smallest stability value in terms of AUC among all models 

for both small and medium scale data sets. 

 

7.3. Comparison with respect to Sample Sizes 

Table 13 represents the performance measures of the methods with respect to two 

sample size categories: small and medium. Following conclusions can be obtained by 

using the results in the table: 
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Table 7.3. The performance measures of the methods with respect to two sample size categories: small and 

medium 

Sample Size Performance 
Measure 

Train 

LR MARS SVM RF XGB Stacking 

Small 
AUC 74.83% 76.29% 74.44% 78.16% 76.97% 83.83%* 

Accuracy 78.32% 77.86% 78.25% 78.96% 78.66% 81.42%* 

Medium 
AUC 72.08% 75.97% 75.75% 79.64% 80.59% 81.68%* 

Accuracy 92.54% 92.52% 92.65% 92.63% 92.66% 92.74%* 

Sample Size Performance 
Measure 

Test 

LR MARS SVM RF XGB Stacking 

Small 
AUC 74.64% 76.03% 73.95% 76.86% 76.02% 77.29%* 

Accuracy 77.52% 78.80%* 77.09% 77.08% 76.36% 77.32% 

Medium 
AUC 71.24% 75.55% 75.41% 78.92% 79.44% 79.94%* 

Accuracy 92.52% 92.51% 92.52% 92.56% 92.61% 92.66%* 

Sample Size Performance 
Measure 

Stability 

LR MARS SVM RF XGB Stacking 

Small 
AUC 0.99 1.00* 0.99 0.99 0.99 0.93 

Accuracy 0.99* 0.99* 0.98 0.98 0.97 0.95 

Medium 
AUC 1.00* 1.00* 1.00* 0.99 0.99 0.99 

Accuracy 1.00* 1.00* 1.00* 1.00* 1.00* 1.00* 

*shows a better model according to the associated measure and sample 
 

For train sets: 

• Stacking model performs the best in terms of accuracy and AUC for both small 

and medium sample sizes. 

• Medium sample size data sets perform better than small sample size data sets 

in terms of accuracy for all models. 

• LR and MARS perform better on small sample size while SVM, RF and XGB 

performs better in medium sample size in terms on AUC when only base 

models are considered. 
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• RF provides the highest AUC among the base classifiers for small sample size 

data sets, and for the medium sample size data sets XGB provides the highest 

AUC among the base classifiers. Moreover, the same conclusions are drawn if 

accuracy is considered. 

For test sets: 

• Stacking model performs the best in terms of AUC for both small and medium 

sizes. In terms of accuracy, while Stacking model performs the best for 

medium sample size datasets, MARS performs the best for small sample size 

datasets. 

• Medium size data sets perform better than small sample size data sets in terms 

of accuracy for all models.LR and MARS perform better on small sample size 

while SVM, RF and XGB performs better in medium size in terms on AUC if 

only base classifiers are considered. 

• RF provides the highest AUC among the base classifiers for small size data 

sets while XGB gives the highest AUC for medium size data sets. 

For stability: 

• MARS has the highest stability in terms of AUC for small size data sets. 

• For medium size data sets; LR, MARS and SVM reach the maximum stability 

value of 1.00 in terms of AUC.  

• Stacking is the least stable model in terms of AUC among all models for both 

small and medium sample size data sets. 
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8. CONCLUSIONS & FUTURE WORK 

 

Recently, machine learning technology has made rapid development in credit scoring 

area. Ensemble learning has also been applied to estimate the probability of default. 

Researches showed that ensemble techniques are prevalent and useful. 

In this study, we constructed an ensemble classification model using the predictions 

generated by machine learning methods. LR, MARS, SVM, RF, XGB machine 

learning models are used as base classifiers and then a stacked generalization ensemble 

model is applied by combining them. This model is applied on four different real-

world credit scoring data sets having different size and scales. The prediction 

performance of the proposed stack generalization model and the base models is 

evaluated by using four performance metrics that are accuracy, AUC, decile-lift charts 

and stability. The results of this experimental study show that the proposed stacked 

generalization model is comparatively superior in performance to the single base 

model classifiers. This study also demonstrates the base algorithm that performs the 

best on a data set to estimate the probability of default can vary based on the size and 

scale of the given data set. 

It is shown that DT based models (RF and XGB) among the base classifiers perform 

better for credit scoring based on the AUC values in terms of overall performance. 

Although stacking performs better than base classifiers in terms of overall 

performance, it has the lowest stability value for both AUC and accuracy. 

It is also demonstrated that algorithms except form LR performs better on small scale 

data than medium scale data in terms of AUC. LR and MARS perform better on small 

sample size while SVM, RF and XGB performs better in medium sample size in terms 

on AUC if only base classifiers are considered. 

In this study, the performance of the stacking method illustrates usefulness and 

validity. Besides, this model might provide effective decision support for financial 

institutions. However, there are still possible improvements to carry this study a step 

further. The first step is to examine how to choose the optimal combination of base 
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classifiers for an ensemble method. Furthermore, the time cost of the ensemble model 

will also be considered in the future work. 

Moreover, we will also try to apply the proposed approach to data sets having different 

default percentages and also search for the possibilities to use some larger data sets in 

order to verify the validity of the proposed model.  

For the future study it will be considered to use different performance measures such 

as F1 score when dealing with imbalanced data sets. 

As another future research direction, deep learning algorithms will be combined with 

the base classifiers and ensemble models to improve prediction performance in credit 

scoring. 
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APPENDIX 

 

Table A1: Decile-Lift Chart for HC Dataset 

LR 

Decile Number Of Samples Number Of Defaults Cumulative Gain Percentage Lift 

1 7688 1955 31.50% 3.15 

2 7687 1133 49.76% 2.49 

3 7688 839 63.28% 2.11 

4 7687 600 72.95% 1.82 

5 7688 480 80.68% 1.61 

6 7687 370 86.64% 1.44 

7 7688 326 91.89% 1.31 

8 7687 234 95.67% 1.20 

9 7688 162 98.28% 1.09 

10 7688 107 100.00% 1.00 

MARS 

Decile Number Of Samples Number Of Defaults Cumulative Gain Percentage Lift 

1 7688 1854 24.12% 2.99 

2 7687 1114 14.49% 2.39 

3 7688 826 10.74% 2.04 

4 7687 619 8.05% 1.78 

5 7688 475 6.18% 1.58 

6 7687 414 5.39% 1.42 

7 7688 311 4.05% 1.29 

8 7687 236 3.07% 1.18 

9 7688 200 2.60% 1.08 

10 7688 157 2.04% 1.00 

SVM 

Decile Number Of Samples Number Of Defaults Cumulative Gain Percentage Lift 

1 7688 1946 31.36% 3.14 

2 7687 1164 50.11% 2.51 

3 7688 813 63.21% 2.11 

4 7687 627 73.32% 1.83 

5 7688 458 80.70% 1.61 

6 7687 370 86.66% 1.44 

7 7688 322 91.85% 1.31 

8 7687 251 95.89% 1.20 

9 7688 153 98.36% 1.09 

10 7688 102 100.00% 1.00 
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Table A1 continued: 

RF 

Decile Number Of Samples Number Of Defaults Cumulative Gain Percentage Lift 

1 7688 1907 30.73% 3.07 

2 7687 1125 48.86% 2.44 

3 7688 817 62.02% 2.07 

4 7687 629 72.16% 1.80 

5 7688 517 80.49% 1.61 

6 7687 382 86.64% 1.44 

7 7688 292 91.35% 1.30 

8 7687 230 95.05% 1.19 

9 7688 190 98.11% 1.09 

10 7688 117 100.00% 1.00 

XGB 

Decile Number Of Samples Number Of Defaults Cumulative Gain Percentage Lift 

1 7688 1888 30.42% 3.04 

2 7687 1146 48.89% 2.44 

3 7688 799 61.76% 2.06 

4 7687 627 71.87% 1.80 

5 7688 501 79.94% 1.60 

6 7687 382 86.09% 1.43 

7 7688 320 91.25% 1.30 

8 7687 251 95.29% 1.19 

9 7688 175 98.11% 1.09 

10 7688 117 100.00% 1.00 

Stacking 

Decile Number Of Samples Number Of Defaults Cumulative Gain Percentage Lift 

1 7688 1946 31.36% 3.14 

2 7687 1159 50.03% 2.50 

3 7688 829 63.39% 2.11 

4 7687 600 73.06% 1.83 

5 7688 506 81.21% 1.62 

6 7687 376 87.27% 1.45 

7 7688 306 92.20% 1.32 

8 7687 206 95.52% 1.19 

9 7688 174 98.32% 1.09 

10 7688 104 100.00% 1.00 
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Table A2: Decile-Lift Chart for GC Dataset 

LR 

Decile Number Of Samples Number Of Defaults Cumulative Gain Percentage Lift 

1 25 18 24.00% 2.40 

2 25 10 37.33% 1.87 

3 25 13 54.67% 1.82 

4 25 11 69.33% 1.73 

5 25 7 78.67% 1.57 

6 25 7 88.00% 1.47 

7 25 2 90.67% 1.30 

8 25 3 94.67% 1.18 

9 25 2 97.33% 1.08 

10 25 2 100.00% 1.00 

MARS 

Decile Number Of Samples Number Of Defaults Cumulative Gain Percentage Lift 

1 25 14 18.67% 1.87 

2 25 18 42.67% 2.13 

3 25 8 53.33% 1.78 

4 25 9 65.33% 1.63 

5 25 10 78.67% 1.57 

6 25 6 86.67% 1.44 

7 25 2 89.33% 1.28 

8 25 3 93.33% 1.17 

9 25 2 96.00% 1.07 

10 25 3 100.00% 1.00 

SVM 

Decile Number Of Samples Number Of Defaults Cumulative Gain Percentage Lift 

1 25 16 21.33% 2.13 

2 25 13 38.67% 1.93 

3 25 14 57.33% 1.91 

4 25 7 66.67% 1.67 

5 25 8 77.33% 1.55 

6 25 6 85.33% 1.42 

7 25 3 89.33% 1.28 

8 25 3 93.33% 1.17 

9 25 3 97.33% 1.08 

10 25 2 100.00% 1.00 
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Table A2 continued: 

RF 

Decile Number Of Samples Number Of Defaults Cumulative Gain Percentage Lift 

1 25 16 21.33% 2.13 

2 25 12 37.33% 1.87 

3 25 11 52.00% 1.73 

4 25 12 68.00% 1.70 

5 25 9 80.00% 1.60 

6 25 5 86.67% 1.44 

7 25 5 93.33% 1.33 

8 25 1 94.67% 1.18 

9 25 2 97.33% 1.08 

10 25 2 100.00% 1.00 

XGB 

Decile Number Of Samples Number Of Defaults Cumulative Gain Percentage Lift 

1 25 18 24.00% 2.40 

2 25 11 38.67% 1.93 

3 25 10 52.00% 1.73 

4 25 12 68.00% 1.70 

5 25 7 77.33% 1.55 

6 25 6 85.33% 1.42 

7 25 4 90.67% 1.30 

8 25 2 93.33% 1.17 

9 25 3 97.33% 1.08 

10 25 2 100.00% 1.00 

Stacking 

Decile Number Of Samples Number Of Defaults Cumulative Gain Percentage Lift 

1 25 18 24.00% 2.40 

2 25 14 42.67% 2.13 

3 25 8 53.33% 1.78 

4 24 11 68.00% 1.70 

5 26 8 78.67% 1.57 

6 25 5 85.33% 1.42 

7 25 3 89.33% 1.28 

8 25 4 94.67% 1.18 

9 25 2 97.33% 1.08 

10 25 2 100.00% 1.00 
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Table A3: Decile-Lift Chart for CCD Dataset 

LR 

Decile Number Of Samples Number Of Defaults Cumulative Gain Percentage Lift 

1 750 519 31.28% 3.13 

2 750 295 49.07% 2.45 

3 750 177 59.73% 1.99 

4 750 113 66.55% 1.66 

5 750 96 72.33% 1.45 

6 750 81 77.22% 1.29 

7 750 104 83.48% 1.19 

8 750 112 90.24% 1.13 

9 750 90 95.66% 1.06 

10 750 72 100.00% 1.00 

MARS 

Decile Number Of Samples Number Of Defaults Cumulative Gain Percentage Lift 

1 750 540 32.55% 3.25 

2 750 299 50.57% 2.53 

3 750 204 62.87% 2.10 

4 750 137 71.13% 1.78 

5 750 111 77.82% 1.56 

6 750 112 84.57% 1.41 

7 750 80 89.39% 1.28 

8 750 62 93.13% 1.16 

9 750 63 96.93% 1.08 

10 750 51 100.00% 1.00 

SVM 

Decile Number Of Samples Number Of Defaults Cumulative Gain Percentage Lift 

1 750 517 31.16% 3.12 

2 750 296 49.01% 2.45 

3 750 164 58.89% 1.96 

4 750 126 66.49% 1.66 

5 750 92 72.03% 1.44 

6 750 91 77.52% 1.29 

7 750 101 83.60% 1.19 

8 750 102 89.75% 1.12 

9 750 89 95.12% 1.06 

10 750 81 100.00% 1.00 
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Table A3 continued: 

RF 

Decile Number Of Samples Number Of Defaults Cumulative Gain Percentage Lift 

1 750 493 29.72% 2.97 

2 750 364 51.66% 2.58 

3 750 166 61.66% 2.06 

4 750 163 71.49% 1.79 

5 750 120 78.72% 1.57 

6 750 104 84.99% 1.42 

7 750 90 90.42% 1.29 

8 750 75 94.94% 1.19 

9 750 55 98.25% 1.09 

10 750 29 100.00% 1.00 

XGB 

Decile Number Of Samples Number Of Defaults Cumulative Gain Percentage Lift 

1 750 536 32.31% 3.23 

2 674 289 49.73% 2.49 

3 826 204 62.03% 2.07 

4 740 140 70.46% 1.76 

5 749 129 78.24% 1.56 

6 761 102 84.39% 1.41 

7 749 85 89.51% 1.28 

8 751 80 94.33% 1.18 

9 291 23 95.72% 1.06 

10 1209 71 100.00% 1.00 

Stacking Model 

Decile Number Of Samples Number Of Defaults Cumulative Gain Percentage Lift 

1 744 531 32.01% 3.20 

2 756 323 51.48% 2.57 

3 749 178 62.21% 2.07 

4 750 151 71.31% 1.78 

5 743 125 78.84% 1.58 

6 758 108 85.35% 1.42 

7 747 85 90.48% 1.29 

8 736 76 95.06% 1.19 

9 767 49 98.01% 1.09 

10 750 33 100.00% 1.00 
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Table A4: Decile-Lift Chart for GMC Dataset 

LR 

Decile Number Of Samples Number Of Defaults Cumulative Gain Percentage Lift 

1 3007 760 36.38% 3.64 

2 3007 228 47.30% 2.36 

3 3007 184 56.10% 1.87 

4 3006 169 64.19% 1.60 

5 3007 143 71.04% 1.42 

6 3007 128 77.17% 1.29 

7 3006 111 82.48% 1.18 

8 3007 114 87.94% 1.10 

9 3007 66 91.10% 1.01 

10 3007 186 100.00% 1.00 

MARS 

Decile Number Of Samples Number Of Defaults Cumulative Gain Percentage Lift 

1 3007 775 37.10% 3.71 

2 3007 478 59.98% 3.00 

3 3007 286 73.67% 2.46 

4 3006 153 81.00% 2.02 

5 3007 99 85.73% 1.71 

6 3007 77 89.42% 1.49 

7 3006 52 91.91% 1.31 

8 3007 34 93.54% 1.17 

9 3007 43 95.60% 1.06 

10 3007 92 100.00% 1.00 

SVM 

Decile Number Of Samples Number Of Defaults Cumulative Gain Percentage Lift 

1 3007 918 43.94% 4.39 

2 3007 352 60.79% 3.04 

3 3007 135 67.26% 2.24 

4 3006 127 73.34% 1.83 

5 3007 119 79.03% 1.58 

6 3007 122 84.87% 1.41 

7 3006 97 89.52% 1.28 

8 3007 81 93.39% 1.17 

9 3007 49 95.74% 1.06 

10 3007 89 100.00% 1.00 
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Table A4 continued: 

RF 

Decile Number Of Samples Number Of Defaults Cumulative Gain Percentage Lift 

1 3006 1048 50.17% 5.02 

2 3008 378 68.26% 3.41 

3 3007 183 77.02% 2.57 

4 3006 207 86.93% 2.17 

5 2951 86 91.05% 1.82 

6 2841 51 93.49% 1.56 

7 3228 45 95.64% 1.37 

8 3007 41 97.61% 1.22 

9 2759 31 99.09% 1.10 

10 3255 19 100.00% 1.00 

XGB 

Decile Number Of Samples Number Of Defaults Cumulative Gain Percentage Lift 

1 3007 1089 52.13% 5.21 

2 3007 356 69.17% 3.46 

3 3007 243 80.80% 2.69 

4 3006 147 87.84% 2.20 

5 3006 92 92.25% 1.84 

6 3008 50 94.64% 1.58 

7 3005 44 96.74% 1.38 

8 3008 32 98.28% 1.23 

9 3006 19 99.19% 1.10 

10 3008 17 100.00% 1.00 

Stacking 

Decile Number Of Samples Number Of Defaults Cumulative Gain Percentage Lift 

1 3006 1086 51.99% 5.20 

2 3008 358 69.12% 3.46 

3 3007 250 81.09% 2.70 

4 3006 131 87.36% 2.18 

5 3007 101 92.20% 1.84 

6 3007 51 94.64% 1.58 

7 3005 43 96.70% 1.38 

8 3008 25 97.89% 1.22 

9 3007 29 99.28% 1.10 

10 3007 15 100.00% 1.00 

 

 

 

 


