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Abstract – The advantages of credit scoring are 

considered. The characteristics of bank borrowers 

used in the construction of logit model, decision tree 

and neural network are described. The choice of the 

best model is made.  
Keywords – scoring model, credit risk, borrower 

creditworthiness, intellectual data analysis, logit model, neural 

network, decision tree.  

I. INTRODUCTION 

The current economic situation in Ukraine has led to 

an increase in credit risks associated with non-repayment 

of loans. One of the ways to reduce credit risks is the use 

of scoring technologies that allow you to rapidly assess 

the creditworthiness of potential borrowers based on 

questionnaire data. The use of credit scoring facilitates the 

speed of decision-making on granting loans and 

conducting an express analysis of creditworthiness in the 

presence of the borrower. Most banking professionals 

consider that credit scoring is the most suitable technology 

for consumer lending. For example, see [1]. The 

introduction of credit scoring system in the practice of 

banks is necessary both for the banks themselves to assure 

the return of the loan as well as for borrowers because the 

scoring system significantly reduces the time taken by the 

bank to decide on a loan.  

It is important to note that for a scoring model it is 

typical to use a certain set of variables (characteristics of 

the borrower) that reflects the credit risk associated with 

the borrower. The construction of scoring models is based 

on statistical methods in which the qualitative and 

quantitative characteristics of a potential borrower are 

compared with the level of credit risk, which is 

determined on the basis of retrospective credit histories. 

For each variable of the scoring model cut-offs are 

determined, according to which the scoring model divides 

borrowers into “bad” and “good”. For each scoring model 

the own cut-off determined, which reflects the boundary 

of vulnerability in relation to the bank’s credit policy and 

external factors. The purpose of credit scoring is to 

calculate the level of credit risk inherent in one or another 

borrower, in other words, his credit rating. Comparison of 

the obtained results with the limit value allows providing 

borrowed funds to one or another borrower. 

The result of the credit scoring is, as a rule, a certain  

integral indicator, which is proportional to the borrower’s 

creditworthiness. Based on the received credit scoring 

estimates, the bank has the opportunity to classify 

borrowers by their level of creditworthiness. For example, 

see [2]. Unfortunately, there is currently no qualitative 

statistical database on borrowers in Ukraine, and credit 

bureaus are not yet operational. Ukrainian banks have to 

rely on their own methods of assessing credit risk and take 

the full burden of credit risk. 

II. RESEARCH RESULTS 

The source of informat ion used fo r the pract ical 

implementation  of scoring  models is the characteristics 

of borrowers of one of the Ukrain ian banks: borrower's 

age, gender, work experience, annual income, annual 

household income, the existence of borrower’s  own real 

estate, the purpose of the loan agreement (consumer 

credit , mortgage, cred it fo r study fees, business 

development loan, car loan, cred it card, build ing real 

estate lending), the average amount of payment fo r a 

loan, the amount o f the last payment  fo r a loan, the 

amount of the next  payment  fo r a loan, the frequency of 

payments on  the loan, the discip line of payments, the 

amount of past due payments in  the last year, the total 

amount of past due payments in credit  h istory, the result  

of the loan agreement  (loan  was not repaid , loan  was 

repaid). The SAS Enterprise Miner software p roduct 

was selected for scoring models development. It is an  

integrated component o f the SAS system of intellectual 

data analysis and  designed to detect in formation in  large 

amounts of data which is necessary for management 

decisions to be made. For example, see [3]. 

To construct scoring models, we used the SAS 

Enterprise Miner tools of regression analysis, decis ion 

trees and neural networks. The ent ire incoming data set 

(TRAIN ) of 14559 borrowers was randomly  d ivided  into 

two parts (80% – train ing data and 20% – validat ion 

data) with the preservat ion o f the d istribut ion o f the 

positive response (loan  was repaid) and the negative 

response (loan was not repaid) o f the target variable (the 

result of the loan  agreement). Thus, all models were 

constructed and tested on equivalent data sets (Fig.1).
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Figure 1.  ETL-diagram of the simulation process of scoring of the bank’s borrowers creditworthiness 

Incoming data was div ided into equal parts in  

percentage terms (Data Partition tool). They are given  

in table 1. 

TABLE I.  BREAKDOWN OF INCOMING DATA SET 

 

Number of credit 

order with positive 

response 

Number of credit 

order with negative 

response 

units % units % 

Incoming 

data 
9 716 66,74 % 4 843 33,26 % 

Training 

data 
6 800 66,74 % 3 389 33,26 % 

Validation 

data 
2 916 66,73 % 1 454 33,27 % 

 

As a result  o f the primary  analysis (StatExplore 

tool), the basic statistical characteristics of the input 

data were obtained, the ro le o f variables in the 

simulat ion was determined, and it was found that the 

input data array has missing values in the interval 

variab les that were filled (Impute too l). Missed data was 

filled in this way: fo r interval variab les all missed 

values were replaced  by the average for all availab le 

values, for categorical input variab les, all missed values 

were replaced by the most frequently  encountered 

category 

As a result of the cluster analysis carried out by the 

k-means method (Cluster too l), four clusters were 

obtained. The first cluster (19,7%) has been formed  by 

senior cit izens with  significant (higher than  the average) 

work experience (Segment  Pro file too l). The second 

cluster (34,9%) has been formed by borrowers without 

own real estate, with an  average work experience, 

midd le age and average income. The third cluster 

(39,1%) has been formed by  borrowers with  own real 

estate, with an  average work experience, middle age and 

midd le income. The fourth cluster (6,3%) has been 

formed main ly by borrowers with an  income h igher than 

the average. 

To optimize the complexity o f the logit model, the 

method of stepwise exclusion of non-s ignificant 

variab les was selected (Regression tool). The 

significance of the latters were determined  by us 

according  to the statistical Wald ch i-squared test. Result  

is given in figure 2. 

 

 

Figure 2.  Significance of the logit model variables 

It turned out that the following variables have high  

statistical significance: the purpose of the loan  

agreement (Type), the frequency of payments on the 

loan (PaymentFrequency), the amount of the next  

payment for a loan  (IMP_NextPaymentAmount), the 

discip line of payments (Discipline), the amount of past 

due payments in the last year (DelayAmountLastYear), 

the total amount o f past due payments in cred it h istory 

(DelayAmountTotal).  

By evaluat ing the odds rat io, we have investigated 

how selected variab les of the log it model affect the 

target variab le. According  to the results o f a constructed 

logit  model, a  borrower with  a min imum amount of past 

due payments in the last year, a senior age and with a 

maximum average amount of payment for a loan , who 

has paid payments every  two months and received a 

credit card, is most likely a creditworthy borrower. 

The decision t ree was built in an automatic mode 

(Decision Tree  tool). Optimizat ion of the complexity of 

the decision t ree was carried  out using average squared 

error. Result is given in figure 3. 
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Figure 3.  Graph of changes of average squared error 

For the train ing and validat ion data sets, the graph  

has a declin ing trend. At the 6th step, the value of the 

average squared erro r starts to decrease less rap idly , and 

therefore further increase in the number of b ranches is 

not needed. Thus, as the optimal opt ion, a tree with 6 

branches of branching was selected. Classificat ion ru les 

for this model are given in table 2. 

According to the results of the decision tree, the 

most likely  сred itworthy borrower is a client  who had  

overdue payment to four months, paid without past due 

in the last year or repay the loan using a pledge. 

The neural network was built in  an automat ic mode 

(AutoNeural tool), the hyperbolic tangent was chosen as 

an activat ion funct ion. Opt imizat ion of the complexity  

of the neural network has been made on the basis of 

min imizing the proport ion of incorrect ly classified  

borrowers. The result  is a  neural network, which  

consists of one hidden layer with two neurons. The 

constructed neural network is characterized by  low 

values of the average squared error (0,189 and  0,191 for 

train ing and validation data respectively). The 

misclassification rate of the model data also has low 

values, namely: 0,296 and 0,295, respectively. Thus, we 

can conclude that the built neural network is qualitative 

and adequate. 

The choice of the best model was performed (Model  

Comparison tool) on  the basis of the misclassificat ion 

rate (MISC), the average squared error (ASE) and the 

Gini coefficient (G). Result is given in table 3. 

The lowest values o f the misclassificat ion rate, the 

average squared  error and  the highest values of the Gin i 

coefficient has  a decis ion t ree. In the second p lace – the 

neural network, the last place occupies the logit model. 

Classificat ion capab ilit ies of the built models were 

also studied using the Classification Table of Model 

Comparison tool. Result is given in figure 4. 

 

 

 

 

 

TABLE II.  RULES FOR CLASSIFYING A DECISION TREE 

Classification 

rule 

Training data Validation data 

The amount of past due payments in the last year 

(DelayAmountLastYear): 

more than 5 100% borrowers 

not repayed loan 

100% borrowers 

not repayed loan 

less or equals 5 70 % borrowers 

repayed loan, 

30% – no 

70 % borrowers 

repayed loan, 

30% – no 

more than 1 64% borrowers 

repayed loan, 

36% – no 

64% borrowers 

repayed loan, 

36% – no 

less or equals 1 94% borrowers 

repayed loan, а 

6% – no 

93% borrowers 

repayed loan, 

7% – no 

The discipline of payments  (Discipline): 

overdue 

payment more 

than 120 days, 

deferment of 

loan payment 

64% borrowers 

repayed loan, 

36% – no 

66% borrowers 

repayed loan, 

34% – no 

overdue 

payment to 119 

days, payment 

without past due 

last year, 

repayment on a 

loan using a 

pledge 

98% borrowers 

repayed loan, 

2% – no 

98% borrowers 

repayed loan, 

2% – no 

The amount of the last payment for a loan 

(LastPaymentAmount): 

more than 

1 403 hrn 

70% borrowers 

repayed loan, 

30% – no 

71% borrowers 

repayed loan, 

29% – no 

less or equals 

1 403 hrn 

61% borrowers 

repayed loan, 

39% – no 

61% borrowers 

repayed loan, 

39% – no 

The total amount of past due payments in credit 

history (DelayAmountTotal): 

more than 11 59% borrowers 

repayed loan, 

41% – no 

59% borrowers 

repayed loan, 

41% – no 

less or equals 11 66% borrowers 

repayed loan, 

34% – no 

69% borrowers 

repayed loan, 

31% – no 
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Figure 4.  Classification table 

TABLE III.  COMPARATIVE CHARACTERISTICS OF THE QUALITY OF 

THE LOGIT MODEL, DECISION TREE AND NEURAL NETWORK 

Data 
Coefficient 

MISC АSE G 

Logit model 

Training  0,30 0,19 0,41 

Validation 0,31 0,20 0,37 

Decision tree 

Training 0,28 0,18 0,46 

Validation 0,28 0,18 0,46 

Neural network 

Training 0,28 0,18 0,44 

Validation 0,28 0,18 0,43 

 

At the last stage of the study we attach the output of 

the Model Comparison tool and a set of score data 

(SCORE) into the Score  tool (Fig.1). This  tool generates 

forecasts using the model that was selected as the best 

by Model Comparison  tool. In our case, this is a  

decision tree.  

The SAS Enterprise Miner package includes 

specialized Credit Scoring for Banking  solution that 

address specific cred it scoring tasks. For example, see 

[4]. The component Scorecard  automat ically  calcu lates 

scorecards based on the results of a model built  on the 

train ing data. The Interactive Grouping component 

automat ically selects the most sign ificant input variab les 

and interactively  generates groups of values of input 

variables with continuous values (Fig.1).  

The Gini coefficient and Information Value criteria 

were used to  automat ically  select the most s ignificant 

input variables. For the automat ic formation of groups 

of values as criteria fo r the breakdown of the range of 

values into groups, the Weight of Evidence was used. 

As a result  of automatic implementation o f the 

Interactive Grouping tool on the basis of the Gini 

coefficient and Information Value criteria from the 

input data set, it  was suggested that 13 variab les be used 

to form a scorecard. Each variable based on the weight 

of the Weight of Evidence has been broken down to the 

levels. Binary variab les were automatically  rejected  (the 

role of Rejected  is set) due to  the fact that the 

Information Value criteria equals 0. Result is g iven in  

figure 5. 

The final stage is the development of a scorecard  

using the Scorecard tool based on the results obtained at  

Interactive Grouping and  Model Comparison  tools 

(Fig.1). The main coefficients characterizing the quality 

of the built scorecard are given in the table 4. 

 

 
Figure 5.  Selection of the most significant input variables 

TABLE IV.  COEFFICIENTS OF SCORECARD QUALITY 

Coefficient 
Sample 

Training Validation 

Misclassification Rate 0,299 0,289 

Average Squared Error 0,192 0,190 

Kolmogorov-Smirnov criterion 0,269 0,289 

 

According to the results of built scorecard, the most 

likely  cred itworthy borrower is a midd le-aged borrower 

who has taken a consumer loan and has a maximum 

amount of the next  payment  for a loan, made a payment 

delay to the month during the past year or paid o ff loan  

using a pledge. 

CONCLUSIONS 

The developed scoring models are p rimarily  aimed  

at reducing the number of irreversib le and “prob lem” 

loans, that is, the fu lfillment by borrowers o f the terms  

of the loan  agreement. Us ing a scoring model for 

assessing a bank borrower’s creditworth iness based on a 

decision t ree will provide an  opportunity to  achieve a 

range of effects: reducing the role of the subjective 

component when deciding on lend ing, s ignificant 

acceleration  of the decision -making process, improv ing 

the quality o f the loan port folio  as a result  of 

min imizing the share o f prob lem loans. Thus, the 

simulat ion of cred it scoring is one of the most effective 

ways to increase the efficiency of lend ing to bank 

customers. 
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