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ABSTRACT

Context. The problem of credit assessment of a client is considered. It is a simultaneous processing of lender’s data of different
nature with further definition of the credit rating. The object of this study was the process of lending to individuals by credit institu-
tions.

Objective. The purpose of the work is to study the process of improving the quality of lending through the development and use
of a scorecard model.

Method. An analytical review of the domain area was conducted. A business process model for assessing clients’ creditworthi-
ness in the form of an IDEF0 diagram is developed. Dedicated groups of indicators characterizing a potential lender from different
directions. Selected sets of values for each indicator of credit separately. The methods of solving the problem of clients’ creditwor-
thiness are analyzed. Selected Bayesian naive classifier as a method for solving the problem of classification of potential lenders. The
existing information systems for assessing the creditworthiness of clients are analyzed. A scoring model for assessing credit ratings
by the client in the form of an algorithm is developed. The list of functional requirements of the information system, which is pre-
sented in the form of a use case diagram is determined. Three-level architecture for the information system is proposed. A database
model has been developed to preserve customer information. An information system was developed for determining the credit rating
of a client based on the developed scoring model. Numerous studies have been conducted to determine the class of a potential credi-
tor. The process of determining the quality of credit activity is analyzed. Quality indicators for assessing the creditworthiness of cli-
ents are selected. The method of calculating the quality of credit activity is offered.

Results. The scoring model was developed, which was used in solving the credit assessment of clients through the help of the
proposed information system. The process of improving the quality of credit rating is investigated.

Conclusions. The conducted experiments have confirmed the proposed scoring model and allow recommending it for use in
practice for assessment process of client creditworthiness. Scientific novelty is to improve the process of credit activity by automat-
ing the use of naive Bayes classifier, which reduces the human factor in decision-making.

KEYWORDS: scoring model, classification task, naive Bayesian classifier, credit score assessment, lending, lender, borrower,
and creditworthiness.

ABBREVIATIONS
NBC — Naive Bayes classifier;
IS — information system;
IT — information technologies.

P(fjj / g;) — conditional probability of occurrence j -
th value of i -th characteristic fj; from output class g ;

P(g;) — probability of assignment to a client output

class q;;
NOMENCLATURE

K — set of clients;
Q - set of output classes;

P(q / { fi}<+1}) — conditional probability of assign-
ment to a client | -th output class based on conditionals
K+1y .
s

R(q;) — probability of assignment to a k +1-th client

q; — | -th output class, element of the set Q ;
g — | -th output class of thek -th client, k e K ;

K| —set of clients from | -th output class;
output class Q) ;

P — precision of NBC;
R —recall of NBC;

| —set of client’s characteristics;
Jj,i el —setof i-th characteristic meaning;

fij — J-th value of i -th characteristics, je Jj,iel;

fijl-( — j-th value of i-th characteristics from k -th
client, jeJj,iel,keK;
Xilj — number of j -th value of i -th characteristics | -

th output class;
y; — number of | -th output class from set of clients

K|;
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a — the number of clients of a particular class that has
been allocated IS and which are really related to this
class;

b — the number of clients who were mistakenly at-
tributed to a particular group;

¢ — the number of customers who mistakenly was not
in a certain class.

INTRODUCTION
Lending is the main activity of credit institutions,
banks and credit unions. It provides almost 50% of the
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profitability of these institutions [1]. The basic concepts
in the process of lending are a loan, a creditor and a bor-
rower. The credit is the relationship between two subjects
of credit relations the creditor and the borrower, in which
the creditor transfers the borrower’s money, and the bor-
rower undertakes to return the same amount of money
within a certain period [2, 3].

In the process of conducting credit operations, the in-
stitution works with a credit risk. It is the risk of non-
payment by the borrower of the amount of principal and
interests. Non-repayment of loans, especially large ones,
can lead to a bankruptcy of a credit institution, and this
may be the cause of bankruptcy of other enterprises,
banks and individuals associated with this bank or credit
union.

Therefore, credit risk management is an indispensable
part of the strategy and tactics of survival and develop-
ment of any bank or credit institution. Risk reduction in
the implementation of loan operations can be achieved on
the basis of a comprehensive examination of the credit-
worthiness of the bank’s clients. Credibility of a client is
the ability of a person to complete and to pay off in time
for his debt obligations [3, 4].

This topic is of great interest for the research of not
only Ukrainian but also foreign economists [2—8]. The
scientific literature focuses on lending to enterprises and
legal entities. In this case, there are many financial indica-
tors of the company’s work, which allow to assess the
degree of credit risk.

However, there is no effective method for determining
the individual’s creditworthiness, therefore, a great inter-
est is the increase in the quality of the credit assessment
process when working with the people. When it comes to
lending to the population, an important role in determin-
ing the creditworthiness is not so much the ability to re-
pay the borrower’s debt, but the willingness to pay the
loan and pay interest on time. Readiness for this is differ-
ent one; it depends on the personal characteristics of each
person. These characteristics may include education, age,
social class, gender, family status, etc. [7-9]. To analyze
personal and financial indicators of an individual is a
complex process for a financial consultant, which will
result in the adoption of sound financial decisions. In or-
der to minimize the subjectivity of a financial consultant
and reducing the time to take decisions on lending to in-
dividuals use scoring [10, 11].

Scoring is a way to quickly evaluate a potential client.
The result of it a client score. The received score can be
used to solve various financial issues.

Scoring model of credit assessment is a mathematical
model of the borrower’s behavior based on the accumu-
lated statistics. The result of the using is integral assess-
ment of the risk in the view of the probability of repay-
ment of the loan.

Therefore, the actual task is to develop a scoring mod-
el for assessing the creditworthiness of individuals, which
will increase the speed of analysis of information about
the client, reduce the time for approval of the decision on
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the loan and reduce the subjectivity of the assessment.
And all of this will increase the quality of credit activity.

The object of study is the process of lending to indi-
viduals by credit institutions.

The subject of the study is the theoretical and meth-
odological tool for assessing the client’s creditworthiness
by the use of a scorecard model.

The purpose of the work is to improve the quality of
lending through the development and use of a scoring
model that will satisfy the interests of the lending institu-
tion associated with the risk of non-repayment of credit.

1 PROBLEM STATEMENT

The problem of the assessment of creditworthiness is
the task of classification, where the classes are customers
from the database, which need to be classified according
to their indicators into two groups: reliable clients, that is,
the borrowers are creditworthy and unreliable when bor-
rowers are uncreditworthy.

The formal formulation of the task of classifying cli-
ents can be presented in the following way. Let X is a set
of clients of the bank, at the same time X ={xj,..x,,} .

Let Y is a set of classes that need to be broken up by cli-
ents, that is ¥ ={y,...y; } . The task of classification is a

reproduction of one set in another, in which each element
of the first set becomes unambiguous with the particular
element of the second set a: X —> Y .

To solve the problem of assessing the creditworthiness
of a client it is necessary:

—to allocate a set of characteristics of the client — in-
formation about the borrower, which will be taken from
the application form and documents provided by the bor-
rower;

—to choose a method that will allow to determine the
dependence between the characteristics of the client and
the level of his creditworthiness;

— define the client class.

2 REVIEW OF THE LITERATURE

At the present time almost all credit institutions use IT
in solving many financial problems, including lending.
Using IT can improve the quality of the results. An over-
view of IT used to assess the creditworthiness of indi-
viduals allows to emphases following IS:

1. The Ukrainian Bureau of Credit Histories (UBCI)
[12] is an IS that provides such services: collection, proc-
essing, analysis, keeping of information, which is a credit
history; providing legal and individual person with advi-
sory services; providing credit reports

2. Mobile app “Credit History” is app from the Google
Play service [13]. Functional abilities of IS: calculate a
credit rating; see your credit history online and find out
how to improve it; receive reminders for next payments;
analyze personal finances and make informed financial
decisions.

3. Online-banking Privat24 [14] is the IS for assess-
ment creditworthiness of clients. To calculate the credit
rating you need to go to the menu item “My accounts” —
“Credit rating” and fill in the necessary information.
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An analysis of existing IS for assessing creditworthi-
ness in Ukraine shows that the main disadvantage is the
secrecy of methods used by credit institutions to calculate
credit score. Also, systems do not allow to change the
indicators for the calculation of the rating credit assess-
ment. Therefore, the results indicate the relevance of this
study.

There are many methods to determine the credit rat-
ing, which have their advantages and disadvantages. All
methods can be divided into two main groups: expert me-
thods and scorecard models that use mathematical meth-
ods for processing information, such as Data Mining [15—
19].

Expert methods are use only the experience and know-
ledge of a financial advisor, so this approach is character-
ized by a high degree of subjectivity and a high probabil-
ity of error in deciding about issue a loan. The second
group of methods is scoring. The scoring procedure using
a scorecard model includes: information gathering, the
construction of a mathematical model (the choice of the
classification method and the definition of criteria for risk
categories) and the distribution of creditors by risk cate-
gory.

Among the main advantages of scoring systems, one
can distinguish:

— lowering the loan non-repayment level;

—increasing speed and impartiality in decision mak-
ing;

— possibility of effective management of a loan portfo-
lio;

— absence of long-term training of the employee.

The main disadvantages of a scoring system for as-
sessment of client’s creditworthiness:

— high cost of adaptation of the used model under the
current situation;

— the probability of a model error in determining the
creditworthiness of a potential borrower is due to the sub-
jective opinion of a specialist.

The methods and approaches in the scoring systems
are quite diverse, they can be use both individually and in
different combinations. An analytical review of the main
known and currently used methods for assessing credit-
worthiness is presented in Table 1.

Comparing the methods of assessing the creditworthi-
ness of the clients presented in the table above, one can
conclude that the “Naive” Bayesian classifier is a good
classifier in the scoring model for processing information
about a potential lender.

Table 1 — Review of methods for assessing creditworthiness

mathematical calculations.

Method Advantages Disadvantages

1. Experience and knowledge gained by credit experts. 1. Big probability of model error in determining the credit-
Expert 2. Pos‘sibility qf gbtaiping qua.ntitative estimates in cases when wqrthiness ofa pf)teptial borrower is due to the subjective
method there is no statistical information. opinion of a specialist.

3. The speed of obtaining results due to the lack of complex

2. Necessity of long-term training of the employee.

. Good results of classification.

1. Requires a sample containing all possible combinations of

1

2. Simple calculations. variables.
"Naive" clas- 3. Adaptation to new data. 2. Assumptions for the independence of variables.

. 4. High speed. 3. The need to convert different types of data to a category.

sifier Bayes .

5. Modest memory requirements.

6. Small amount of training data.

7. Effectively works with categorical data.

1. Finding the strongest differences between classes — predictors. | 1. Works with interval data or with a scale of relationships.
Discriminant 2. Ability to restore missed values. 2. There is a rather rough method for scoring of the assump-
analysis 3. Possibility of solving the problem of classification of new data | tions of the linearity of the discriminatory function.

using past learning.

1. Ability to choose the number of classes. 1. Complex calculations for obtaining weight coefficients,

2. Ability to find an assessment of the likelihood of non-return of | so it needs a more powerful computer base and advanced
Logistic the loan. computer security.
regression 2. Sensitivity to correlation between characteristics.

3. Low resistance to errors.
4. Dependency on the data set.

1. Ability to classify multidimensional observations.

Cluster analy- | character.
sis 3. Ability to work on small sample sizes.

of normal distribution of random variables.

2. Ability to work with indicators that may have non-numeric

4. Possibility of calculations in the conditions of non-fulfillment

1. The problem of choosing the distance metric in the space
between the centers of the classes.
2. The problem of checking the adequacy of the results.

1. Simple to understand and interpret.
2. Does not require thorough preparation of data.
Decision trees

out special training procedures.

3. Ability to work both with categorical and interval variables.
4. Allows you to work with a large amount of information with-

1. The problem of obtaining an optimal decision tree is NP-
task.

2. The problem of retraining is the problem of creating too
complex structures that do not sufficiently represent the
data.

1. Good results of classification.

Neural Net-

vations.
works

the values of risk factors and their level.

2. Ability to change the structure of the network for new obser-

3. Ability to explain the rather complicated relationship between

1. Great statistics for network learning are required.

2. The problem of choosing a network architecture is exist.
3. The difficulty of choosing a learning method is exist.

4 The complexity of calculations of weight coefficients
between separate layers during training of a network is exist.
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3 MATERIALS AND METHODS

The first step of assessing the client’s creditworthiness
with the help of the NBC is the choice of customer char-
acteristics. Consider the most significant indicators that
characterize the creditworthiness of clients, and their pos-
sible meaning:

— personal indicators;

— indicators on labor activity;

— financial indicators.

Personal indicators of client creditworthiness:

1) Sex = {Man, Woman}

2) Age = {< 25, 25-30, 30-35, 35-45, 45-50, 50-55,
>55}

3) Family status = {Unmarried, Married}

4) Number of dependents = {0, 1, > 2}

5) Education = {Secondary, Specialized Secondary,
Higher}

6) Period of residence in the region = {< | year, 1-3,
3-5, 5-7,7-10, 10-15, > 15 years}

7) Location = {Center, Region}

Indicators on labor activity of client creditworthiness:

1) Branch of the company = {Banking and financial
activity, Information Technology, Non-state medical ser-
vices, Industry, Construction, Service, Transport and
communications, Science or education or culture, State
and social organizations, Policy, Agriculture, Other}

2) Enterprise class = {Small, Medium, Great}

3) Professional experience = {< 3, 3-5, 5-10, 10-15,
> 15 years}

4) Experience in an enterprise = {<l, 1-3, 3-5, 5-7,
7-10,>10 years}

5) Position at an enterprise = {Manager, not a man-
ager}

Financial indicators of client creditworthiness:

1) Own land = {Have, Have not}

2) Own country house = {Have, Have not}

3) Private property = {Have, Have not}

4) Garage = {Have, Have not}

5) Car = {Domestic, Foreign, Have not}

6) An apartment = {Have, Have not}

7) The area of the apartment = { Have not, from 18 to
25 square meters, 25-32, 32-50, 50-70, > 70}

8) How did obtain an apartment = {Have not, Pur-
chase, Gift}

The second stage of solving the problem of assessing
the creditworthiness of a client with the help of NBC is
the development of a scoring model. To do this, first of
all, it is necessary to build a model of the business process
of assessing the creditworthiness of the client. The nota-
tion IDEFO was chosen for modeling process. It let to
create the context level of the business process (Fig. 1).
The input for the client’s creditworthiness assessment
process is a questionnaire. It contains general information
about the client, financial and social. With the help of a
scorecard model, a certain class of creditworthiness is
assigned to the client. After IS make a decision to issue a
loan. This process is a step-by-step process, therefore, for
the implementation of this business process, are needed a
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loan expert and a financial advisor who is responsible for
part of the procedures.

Interviewing  Scoring Validation Verification

regulations  model regulations  regulations
AJ A4 A4 Y
Client Calculate client creditworthiness Decision on issuing a
questionnaire credit to a client

Al
A 'y A 'y

Financial ) - Credit

expert IS Client expert

Figurel — Context level of assessment of client creditworthiness

The list of procedures for evaluating the client’s cred-
itworthiness is presented at the next level of detail of the
business process (Fig. 2).

The customer credit assessment process consists of
four steps:

—an interview: at this stage, the financial consultant
conducts a preliminary selection of clients by clarifying
all conditions of credit;

— validation and verification of the questionnaire: at
this stage, a credit expert with the help of the IS checks
the correctness of filling in the questionnaire, and then the
correspondence of the personal data to the real informa-
tion of the client;

—scoring of the questionnaire: the result of this proc-
ess is the assessment of the client’s creditworthiness,
which is calculated using a scoring model based on the
Bayesian Classifier;

— decision on granting a loan: the final decision on the
issue of a loan is taken at this stage.

A business process model for creditworthiness as-
sessment is the basis for developing a scorecard model
[15, 16, 20-22].

The NBC is a probabilistic classifier that uses the
Bayesian theorem to determine the probability of belong-
ing to the sample element to one of the classes assuming
the independence of the variables. The Bayesian Classi-
fier can be applied to any data set that can be represented
as categorical data or list of features. A feature is any
property that may be present or absent from the sample.
The NBC is often very effective when working with the
data despite assumptions about the independence of the
features. Another important feature of the NBC is that
classifier can be built on a new sample with missing val-
ues. The reason of it the assumption that the presence or
absence of values of variables is completely random. In
practice, the NBC, regardless of a number of shortcom-
ings, has proved itself to be quite good due to the high
speed of operation, simplicity, scalability and moderate
memory requirements. Examples of using are:

— data classification in real time [19, 20];

— classification of texts, for example, spam filtering:
Google Analytics and Yandex metrics confirm that Baye-
sian approach to classification has proven to be very good
when it detects spam emails [23];
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Figure 2 — Assessment process of client creditworthiness

— analysis of the tonality of the text: analysis of social
media, identification of positive and negative clients; this
approach, in conjunction with collaborative filtering, is
implemented in advisory systems [24].

Let consider more detailed using of the NBC for cal-
culating the credit rating. The algorithm of using the
Bayesian Classifier to determine the client’s creditworthi-
ness consists of two steps:

1) training of the NBC — based on data of clients who
have already been issued loans, and who in fact make a
monthly contribution;

2) using of the NBC — credit rating is calculated for
potential lenders.

Each new potential lender should be classified into

one of two classes O ={g;},/=12: the first class g
includes those customers who can give a loan, the second
one ¢, includes all other customers.

Taking into account the introduced notation, the cus-
tomer classification algorithm using the Bayesian Classi-
fier consists of the following steps.

1. Stage of training of the NBC:

I Select set of indicators 7 . Define set of each i-th

characteristic meaning J;,ie/. Find value for

2
fl-]k,k e K,K = U K, for each client and its output class
’ =1

G-l =1.2.
II Calculate number of j -th value of i -th indicator

fyk from all clients for each output class separately

xl{j: z zf;k’ KZEK,l:Lz.
jeJ; kek;
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[T Calculate number of / -th output class

Y= Z qik -
kek;

IV Calculate conditional probability P(f;; / q) of j-

th value of 7 -th indicator f;; in output class g;

/
Xij

R

Jjedi

P(fy]a) =

V Calculate probability P(g;) of client’s output class

Pl =51

>

=1
2. Stage of using of the NBC:

VI Enter set of values { fij]-‘“}, jeJ;,iel for check-

ing k +1-th client.

VII Calculate conditional probability P(g; / { ff“})

of /-th client’s output class according to the conditions
{ ij]-”]}, jediel
k+1 . .
Plgy [ (F D) = P TLP(Sy ). i€ 1. je ;.
l’.]

VIII Assign of conditional probability to the probabil-
ity R(q;) of the output class of & +1-th client

R(gp) = P(q [1fF*1D).
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IX Define output class of & +1-th client
Gik+1 = ArgMmax R(q;).

>

For the automation of the calculating process of the
credit rating is using a scoring model. The following IS
functionality is proposed, which is presented in the form
of a use-case diagram (Fig. 3). This diagram shows the
user of the IS and all the actions that he can perform.
Consider these options for use in more detail way.

In order to work with customer data: to view, to edit,
to enter new data, the option “Management client’s data”
is provided. By analogy, the option “Management indica-
tors” allows to work with the characteristics used in the
scoring model.

The main task of the IS is to assess the creditworthi-
ness of a client. The use case “Calculate creditworthiness”
is responsible for it. This functionality involves the use of
a scorecard model and the generation of a relevant report
on the creditworthiness assessment of clients. The report
can be saved to file or can be showed on the screen. The
use cases “Use Scoring Model”, “Generate Report”,
“Save to File”, “Display to Screen” are responsible for
these functionality accordingly. The use case “Get some

Use scoring
model

<<include>>

Calculate
creditworthiness

-

<<extend>>

Demonstrate <<] 1)cl||dc>t>

on display ———-
<<extend>>
- <<extend>> @

- 1 =
Read "About the extend
program"

Credit
expert

help” is showing information about the program and
FAQ.

The classical three-level architecture is proposed for
IS. Each element of architecture is at its own level and
responsible for the implementation of a limited set of
functions. IS architecture is shown in Fig. 4 in the form of
a deployment diagram where it is possible to separate 3
main nodes presented by devices of different purposes.

The client part is presented with the graphical inter-
face of the web application. For efficient operation of IS,
customer information is stored in a database that should
be located on one of the servers of the credit institution.
Also this database can has information about authorizing
and accessing the database as a separate entities in the
database. In order to access the databases, it is necessary
to make requests from client part, which is presented as a
web application. The web server retrieves the requests to
database. The results of the request (sampling and proc-
essing) the web server will return to the client part.

The following model of the database is proposed for
storing information on existing and potential lenders
(Fig. 5).

Add client
information

View client
information

<<extend>

Edit client

- -~
<<egxtend>>
information

-

« -~ <<extend>>

<<gxtend=>>--

Add an indicator
<extend>>

<<extend>>

Delete client
information

<

Management
indicators

“<<extend>>_

<<extend>> Edit an indicator

Delete an indicator

Figure 3 — Use case diagram

IIS Application Server

i HTTPS

<<component>>
Web Browser

g

I
2 I
! I
o
Client CoaTpeReES gl <oarpanent @ i ) 1S Database Server
ADO.NET Entity - .- | ADONET Entity ;!
Data Model for | Data Model for ; | SecurityDB
<<gcomponent>> SecurityDB : ClientsDB i 1
JavaScript Framework N I AN : | <<gcomponent>> E
l MS SQL Server
N <<component>> : ISecurityData
i

.NET Framework

g

ClientsDB

[}

<<artifact>>
HTML 5

.
_><) <<gomponent>>

|IBusinesslLogicAccess

E____

ASP.NET MVC Application

d

‘ <<component>> @
= MS SQL Server
IClientsData

Figure 4 — Deployment diagram
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( Client h ( FeatureType h)

|| Id_client integer(10) U || Id_featureType integer(10) LJ
FirstName varchar(255) Name varchar(255)

LastName varchar(255) n

MiddleName varchar(255) |

PassportData varchar(255) ?

IdentificationCode  integer(10) {: Features A}
PhoneNumber integer(12) [} | Id_feature integer(10) UJ
\ Email varchar(255) [ ’5 Feature Typeld_feature Type integer{10)

Client_Features Values

Features Values™

™ Clientld_client integer(10) Values
“" Features_ValuesFeaturesld_feature integer(10) ™ Featuresid_feature integer(10) Id_value integer(10) U
" Features_ValuesValuesld_value integer(10) ™ Valuesld_value integer(10) |J Value varchar(255)

Figure 5 — Database model

The structure of Database model is consist of 6-th en-
tities (Table 2):

— the entity of “Client” corresponds to the main data
about clients of a credit institution;

— the entity “FeatureType” describes a group of indi-
cators used to assess the creditworthiness of clients;

— the entity “Features” is a vocabulary for the indica-
tors used for the scorecard model,

— the entity “Values” describes all possible values of
all indicators;

—the associative entity “Features Values” describes
the relationship between the entities «Features» and
«Valuesy;

So, a scorecard model based on NBC and IS was pro-
posed, which automates the process of solving the client’s
creditworthiness assessment task.

4 EXPERIMENTS
For the training of the Bayesian Classifier the data
was used for 113 clients who have already been issued a
loan or have been denied. Granting a loan was the case if
the last line received the value of “1”. An example of in-
put data is presented in Table 3.

Table 3 — Fragment of set with training data

- e ) Set 1 Set 2 Set 113
— the associative entity “Client Features Values” cre- Loan amount 7000 7500 — 110000
ates an interconnection between the entities “Client” and Loan term 6 6 . | 12
“Features Values”. Sex woman man ... | woman
N Age 37 38 .| 41
Table 2 — Description of client database model Family status Unmarried | Unmarried Married
Number of de-
Attribute | Attribute description pendents 2 2 2
Entity “Client” Education Higher Secondary Secondary
Id_client Client’s Id Period of resi-
FirstName Client’s name dence in the re-
LastName Surname gion 22 12 21
MiddleName Third name Location Region Center Center
PassportData Passport Branch of the
IdentificationCode Code of Physical Entity company Industry Service Other
PhoneNumber Phone Number Enterprise class Medium Small Medium
Email Email Professional  ex-
Entity “FeatureType” perience 5 8 5
Id_featureType 1d of Feature Group Experience in an
Name Group name enterprise >10 >10 9
Entity “Features” Position at an | not a man- | not a | .. | not a
1d feature 1d of Feature enterprise ager manager manager
FeatureTypeld featureType Type of feature Own land Have not Have not Have
Entity “Values” Own country
Id_value Id of feature value house Have Have Have not
Value Value of feature Private property Have not Have Have not
Entity “Features_Values” Garage Have Have not Have not
Featuresld feature 1d of Feature Car Domestic | Foreign Domestic
Valuesld value 1d of feature value An apartment Have not Have Have
Entity “Client Features Values” The area of the
Clientld client Client’s Id apartm'ent ' 37 29 38
Features ValuesFeaturesld feature | Id of Feature How did obtain an
Features ValuesValuesld value 1d of feature value apart.ment Have not Have not Have not
To give a loan 1 1 ... 10
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All information from the Table 3 was divided into
three types of indicators: personal indicators, indicators
on labor activity, and financial indicators. After that each
indicator obtained appropriate meaning.

5 RESULTS

The calculation of the creditworthiness of clients is
based on the trained Bayesian classifier. Using the NBC
was conducted on the example of three clients, one of
them was denied in the loan, for the second and third one
scoring model calculated the value of the credit assess-
ment, which corresponds to the economic expediency of
the loan. Example of calculated results and client’s infor-
mation according to table 3 are presented below.

Client 143 = {25500; 12; man; 25 — 30; unmarried; 0;
higher; 1 — 3; Center; Service; Medium; < 3; <I; not a
manager; Have not; Have not; Have not; Have not; Have
not; Have not; Have not; Have not; 0}

Client 97 = {14500; 12; man; >55; married; 1; higher;
> 15 years; Center; Banking and financial activity; Great;
> 15 years; 7 — 10; Manager; Have; Have; Have; Have;
Foreign; Have not; 32 — 50; Have not; 1}

Client 136 = {17000; 24; man; 30-35; married; 1;
higher; > 15 years; Center; Information Technology; Me-
dium; 5 — 10; 3 — 5; Manager; Have not; Have not; Have;
Have; Foreign; Have; 18 — 25; Gift; 1}

Clients 97 and 136 have a good credit assessment, so
they can obtain the loan. Another one doesn’t have any
financial support, so his credit value is very small for is-
suing the loan.

The issuance of money to the client, which the scoring
model has calculated the positive value of the credit as-
sessment, occurs after signing by the bank and the client
of the loan agreement and other agreements (mortgages,
guarantees of commercial pledge, etc.).

6 DISCUSSION

To use the developed IS in real conditions, it is neces-
sary to overcome the adequacy of the scoring model. To
do this, it is necessary to check the quality of the proposed
classifier, which is the basis for making decisions in the
credit activity. For the checking NBC we used client’s
data, which did not use in the training classifier.

The quality of credit activity is an integral characteris-
tic of a process that shows the degree of suitability of a
process for achieving certain goals. To assess the quality
of the classifier, we can use the following quality indica-
tors: precision, recall, measure of Van Risbergen [25, 26].

Precision is a criterion that shows the proportion of
clients that really belong to a particular class with respect
to all clients that IS has identified about this class:

pP=

5 The more precision, the fewer the number of
a+

false alarms.
Recall is a quality metric that shows the proportion of
clients that really belong to a particular class with respect

. The more recall

to all clients from this class: R =
a+c
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of the data obtained from the IS, the greater the benefit of
the received information.

A good metric for a joint assessment of precision and
recall is the F-measure or measure of Van Risbergen,
which is defined as the weighted harmonic average of

2PR

P+R

To check the quality of the work of the NBC 61 cli-
ents were taken, which were not used in the training. A
series of experiments were carried out with different con-
ditions. Firstly, the NBC obtained 61 cards for verifica-
tion, then some of these cards were used for training, and
the remainder was again checked for the definition of
customer classes. The process was repeated until all data
was used. The results of the experiments are shown in
table 4. We can also evaluate the client class definition

precision and recall: F' =

a+c
error: Error =

number of clients

Table 4 — Result of checking NBC

Num-
No a b c ber of P R F Error
clients
1 33 5 3 61 0,87 0,92 0,89 0,13
2 25 4 2 52 0,86 0,93 0,89 0,12
3 23 2 2 43 0,92 0,92 0,92 0,09
4 23 2 1 37 0,92 0,96 0,94 0,08
5 15 1 1 20 0,94 0,94 0,94 0,10
6 10 1 0 16 0,91 1,00 0,95 0,06

As can be seen from Table 4, as the training pattern
increases the Van Riesbergen measure increases (Fig. 6).
The error in determining the client’s credit rating
decreases.

1,05
1,00
0.95
0.90
0.85
0.80

g |

Recall

=« -Precision
Figure 6 — Quality metrics

The IS considered earlier [12—14] are characterized by
the closeness of the scoring model used for decision mak-
ing. This restriction does not allow doing many experi-
ments to test the performance of these IS.

The conducted studies and the obtained results show
the feasibility of using the proposed scoring model and
the developed IS in real conditions.

CONCLUSIONS
In the course of this research, the task of assessing the
creditworthiness of a potential creditor was solved. To do
this, an analytical review of the main methods for assess-
ing creditworthiness was conducted. Result of it is the
method of scoring-analysis based on Data Mining tech-
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nology. A scorecard model for calculating the credit rat-

ing based on the use of the NBC was developed.

A design stage of IS was conducted, during which a
diagram of activity was developed for a clear presentation
of the work of the classification algorithm, a use-case
diagram was developed for allocating functional capabili-
ties, a deployment diagram was developed for represent-
ing the architecture of the IS. A database model was de-
veloped that allows the knowledge domain to be struc-
tured. The conducted pilot studies have shown the prac-
tical significance of the results for credit institutions, as
evidenced by the calculated assessment of the quality of
credit activity.

The scientific novelty of the obtained results consists
in improving the client’s credit rating process by using the
scoring model based on NBC, which reduced the subjec-
tive factor in decision making and also reduced the time
for processing information about a potential creditor.

The results obtained in the course of this research
work indicate the feasibility of using the proposed solu-
tion under real conditions in credit institutions to increase
the quality of lending activities.

Prospects for further research are to automate the
process of selecting informative indicators of customer
creditworthiness.
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HIIBUINEHHA AKOCTI KPEIATHOI TIAJIBHOCTI 3A PAXYHOK BUKOPAUCTAHHS CKOPUHT OBOI MOJIEJII

Mensnuk K. B. — xangunatr TexHiYHMX Hayk, IOUeHT Kadenpu IIporpamHol imkeHepii Ta iHpOpMamiiHMX TEXHOJOTIi
ynpasiiHHs, HanionanbHuUi TeXHIYHUN YHIBepcUTET «XapKiBChKHUI MOMITEXHIYHUI IHCTUTYTY», XapKiB, YkpaiHa.

BopucoBa H. B. — kaumunar TexHiyHHX Hayk, JOUEHT Kadenpu [HTeneKkTyanpHHX KOMII'IOTEpPHHX cucTeM, HauioHanbHUiA
TEXHIYHUH YHIBEPCUTET «XapKiBCHKUH MOJITEXHIYHUH IHCTUTYT», XapKiB, YKpaiHa.

AHOTAIIA

AxTyanbHicTh. Po3ristHyTO mMpoGiieMy OIIHKM KPeIUTOCIPOMOXKHOCTI KilieHTa. BoHa siBisie co6010 ojHOYacHy 00pOOKy maHMX
KpeauTopa pi3HOI MPUPOAX 3 MOJAIBLINM BU3HAYEHHSM KPEIUTHOro pedTHHry. O0’€KTOM JAaHOTO JOCHIIKEHHs BUCTYIAB IPOLEC
KpeAnTyBaHHs (i3HYHNX 0Ci0 KPETUTHUMH yCTaHOBaMHU.

Hiab. i poboTu € qocmimkeHHs MpoLecy MiIBUIIEHHS SIKOCTI KPSAUTHOT isUIHOCTI 32 PaXyHOK PO3POOKH i BUKOPHCTAHHS
CKOPHUHIOBOI MOJETII.

Merton. [IpoBeaeHO aHANITHYHUNA OTJISA MpeaMeTHOI obnacTi. Po3pobiieHo Mozens Gi3Hec-mpoecy OLiHIOBaHHS KPEeIUTOCIIPO-
MOKHOCTI KiieHTiB y Burani IDEFO piarpamu. BupineHi rpynu moka3HHKIB, SKi XapaKTepH3YIOTh NOTEHLIHHOTO KpeauTopa 3 pi3-
HuX 60kiB. OOpaHi HAOOPH 3HAUCHB IS KOXKHOTO ITOKa3HUKA KPEIUTOCIPOMOXKHOCTI OKkpeMo. [IpoaHanizoBaHO METOM BUPIIICHHS
3a1adi OIIHKK KPEeIUTOCIIPOMOXKHOCTI KiieHTiB. OOpano HaiBHMI kiacudikaTop Baitecy sk mMerox BHpimeHHs 3amadi kiacugikarii
MOTEHIIHHUX KpeanTopiB. [IpoananizoBaHo icHyroui iHpoOpMaIiiHi CHCTEMH IS OL[IHKH KPEOUTOCIIPOMOXKHOCTI KiIi€HTiB. P0o3po0-
JICHO CKOPMHI'OBY MOJIENb OLIHKH KPEAUTHOTO PEHTHHTY KII€HTY y BUIJISII aNroputMy. BusHaueHo nepenik GyHKI[IOHATEHUX MOX-
JUBOCTeH 1H(GOPMAIIHOT CHCTEMH, SIKi NPEACTAaBICHO Y BUIIIAAL JliarpaMy BapiaHTIiB BUKOPHCTAaHHs. 3allPOIIOHOBAHO TPHPIBHEBY
apxiTekTypy mns indopmariiiiHoi cucremu. Po3pobiaeno Mozens 6a3u qaHux 1is 30epeskenHst iHpopmaril moao kiieHrtiB. Po3pobie-
HO iH(opMaliiiHy cuCTeMy JUIl BU3HAYEHHS KPEIMTHOTO PEHTHHIY KIIIEHTY Ha OCHOBI BHKOPHUCTaHHS PO3POOJICHOI CKOPHUHIOBOI
mozeni. [IpoBegeHO YMCeNnbHI MOCTIMKEHHS BHU3HAUCHHS KJacy MOTEHHIHHOTO Kpeaurtopa. [IpoaHanizoBaHO mporiec BU3HAYCHHS
SIKOCTI KpeAUuTHOI HisutbHOCTI. OOpaHO MOKA3HWKHU SIKOCTI BH3HAYEHHS OIIHKH KPEOUTOCIIPOMOXKHOCTI KIIIE€HTIB. 3alpOIIOHOBAHO
Croci0 po3paxyHKy SKOCTI KPEAUTHOT TisUTBHOCTI.

Pe3yabTaTn. Po3pobneHo ckopuHroBy MoJemb, sika Oyiia BUKOpPUCTaHA IPH BHUPIIICHH] OLIHKH KPEAUTOCIIPOMOXKHOCTI KIIIEHTIB
3a JIONIOMOT 010 3aIPOIIOHOBAHO]T iH(popMaLiitHoi cucTemMu. JIOCIIDKEHO MPOLEC MMiBUILEHHS SKOCTI OLIHKH KPEAUTHOTO PEUTHHTY.

BucnoBkun. [IpoBesieHi eKCriepUMEHTH i ATBEPAMIN 3HAYMMICTh 3allPOIIOHOBAHOI CKOPUHIOBOI MOJIENI Ta J03BOJISIIOTH peKOMe-
HAyBaTH 11 Ul BUKOPUCTAHHS Ha MPaKTHLI JJIS aHaji3y MpOLeCy KPeIUTOCIPOMOXKHOCTI KiieHTiB. HaykoBa HOBH3HA moisrae B
yIOCKOHAJICHHI MPOLeCy KPEAWTHOI AisUIbHOCTI 32 paXxyHOK aBTOMATH3allii BUKOPHCTaHHs HaiBHOro kiacudikatopa baiiecy, mio
JIO3BOJISIE 3MEHIIUTH JTIOJCHKHUN (aKTOp TPH MPUHAHSTTI PillleHb.

KJIFOYOBI CJIOBA: ckopuHroBa MOJENb, 3a1ada Kiacugikaiii, HaiBHUI OaifeciBChbkHi Kiacu(ikaTop, OIiHKAa KPEAUTHOTO
PEHUTHHTY, KpEIUTYBaHHS, HO3UYAIBHUK, KPEIUTOP, KPEIUTOCTIPOMOXKHICTb.

YK 004.9

MOBBIIIEHUE KAYECTBA KPEJIUTHOM JESITEJILHOCTH 3A CYET HCIIOJIb30BAHHS CKOPHHI'OBOI
MOJIEJIN

Mensnuk K. B. — kangugar TexHHYeCKUX Hayk, AoueHT kadeapsl [IporpaMMHoii nkeHeprn 1 HHGOPMAIIMOHHBIX TEXHOJIOTHIA
yrpasiieHusi, HalimonanbHbIN TEXHUYECKUH YHUBEPCUTET «XapbKOBCKUH MOIUTEXHUYECKUM HHCTUTYT», XapbKOB, Y KpauHa.

Bopucosa H. B. — kaHauaatT TeXHMYeCKUX HAYK, JOIECHT Kadeaphl MHTEIICKTYyaIbHBIX KOMIBIOTEPHBIX CHCTEM, HalmoHambHbIH
TEXHUYECKHH YHUBEPCUTET «XapbKOBCKHUH IOIUTEXHUYECKUI HHCTUTYTY, XapbKOB, YKpauHa.

AHHOTADIUSA

AKTyansHOCTB. PaccMoTpena npoGiieMa OLCHKH KPEAUTOCIIOCOOHOCTH KIMEHTa, KOTOpasi MPEe/ACTaBIseT cOOOH OJHOBPEMEH-
Hy10 00pabOTKy JaHHBIX KPEAUTOPa Pa3IMYHON HMPUPOIBI C MOCIEAYIOMNM ONpelesieHHeM KpeAuTHOro pedTunra. OObeKToM JaH-
HOT'0 MCCIIEI0BaHUS BBICTYIAI MPOLECC KPEAUTOBAHUS (HU3NUECKHUX JIUL KPEAUTHBIMU YUPEKICHUAMU.

Iean. Lenbto paboThI SBISETCS MCCIIENOBAHKE IIPOLECCa TTOBBILICHHS KA4eCTBA KPEIUTHON IEATENBbHOCTH 3a CYET Pa3paboTKu 1
UCIIOJIB30BAHMS CKOPUHTOBOH MOJICIIH.

Merton. [IpoBenen ananuTHdeckuii 0630p npeaMeTHol obmacTu. Pazpaborana monens GH3HEC-TIpoIiecca OLCHKU KPEIUTOCIO-
cobnoctn xmenTos B Buje IDEF0 quarpammel. BeiieneHsr rpy st mokasatesei, XapakTepru3yomnX IOTeHIHATBHOTO KPEUTOPa C
pasHbIX cropoH. OmnpezeneHbl HAOOPbl 3HAYEHMIT JUIS KaXJIOro MOKa3aTess KPeAUTOCIOCOOHOCTH OTAENbHO. IIpoaHanu3upoBaHsl
METOIbI PEIICHHUS 3a1a4l OLIEHKH KPEIUTOCIOCOOHOCTH KIMEHTOB. [30paH HauBHBIN Kiaccudukarop Baiieca kak MeTox pereHus
3a/1auM KIacCU(DUKALMYU OTEHIHAIBHBIX KPeAUTOPOB. IIpoaHanu3upoBaHbl CyILECTBYIONME HHPOPMALMOHHbIE CUCTEMBI IS OLICH-
KH KPEJUTOCIOCOOHOCTH KJIMEHTOB. Pa3paboTaHa CKOPHMHIOBask MOJENb OLEHKH KPEJAUTHOIO PEHTHHra KIIMEHTa B BUJE alrOPUTMA.
OrnpernesieH nepedeHs GyHKIMOHAIBHBIX BO3MOKHOCTEH HHPOPMALIMOHHOIT CHCTEMBI, IIPEACTABICHHBIX B BUJE JUArpaMMbl BapHaH-
TOB HCIOJb30BaHus. IIpeasiokeHa TpeXypOBHEBas apXUTEKTypa MHGOpPMaMOHHON cHcTeMbl. Pa3paboraHa Mozenb 6as3bl JaHHBIX
JUISL XpaHeHMsT HHpOpMaIiK o KinueHTax. Paspaborana nHdopManmonHas cuctemMa ajIs ONpeeNICHUsI KPEJUTHOTO PEHTHHTa KIUSHTY
Ha OCHOBE HCIOJIB30BAHHUS MPEUIOKEHHOH CKOPHHTOBOM Monenu. [IpoBeneHs! YnCciIeHHbIe MCCIISIOBAHUS ONIPEIENICHNS KIacca I11o-
TEHIMAJIBHOTO Kpeautopa. IIpoaHann3upoBaH MpOLECC ONPEIEICHUs KayecTBa KPEOUTHON AESATENbHOCTH. BbIOpaHbI mokasarenu
KauyecTBa OIPE/ICICHUs OLEHKH KPEIUTOCIOCOOHOCTH KIHEHTOB. [IpesioskeH crocod pacuera KauecTBa KPEAUTHON JIEATEIbHOCTH.

PesyabTarbl. Paspaborana CKOPHHIOBast MOJENb, KOTOpask OblIa MCIIOJIB30BaHa IPH OLICHKE KPEAUTOCIIOCOOHOCTH KIMEHTOB €
MIOMOLIBIO MPEIIOKEHHOW MH(OPMALMOHHON crcTeMbl. MceneioBaH mporece MoBBILICHHS Ka4eCTBA OLIEHKN KPEAUTHOTO PEHTHHTA.
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10.

11.

12.

13.

BriBoasl. [IpoBeneHHBIC SKCIIEPUMEHTHI MOATBEPIMIIN 3HAYNMOCTD NPEUIOKEHHOW CKOPUHIOBOH MOJETH M MO3BOJLIIOT PEKO-
MEH/IOBATh €€ [ UCIIONB30BAHMS HA MPAKTUKE Ul aHAIN3a [IpoLecca KPeIuTOCnocoOHOCTH KiIneHToB. Hay4Has HOBH3HA 3aKIIIO-
YaeTcsl B YCOBEPIICHCTBOBAHUH ITPOLIECCa KPEIUTHON JESTELHOCTH 32 CUST aBTOMATH3alliK HCIIOJIb30BaHUSI HAMBHOTO Kiaccu(u-
karopa baiieca, 4To M0O3BOJISIET YMEHBIINUTS YeIOBEUECKUI (PaKTOP MpU NPUHATUH PELICHHUH.

KJIKOUEBBIE CJIOBA: ckopuHroBasi MoJelb, 3a/a4a kKiaccuuKaliy, HauBHbIH OaliecoBCKuil KaccudukaTop, OLeHKa Kpe-
JUTHOTO PEHTHHTY, KPeAUTOBAHHE, 3aeMIIUK, KPEIUTOP, KPEAUTOCIIOCOOHOCTb.
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