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Abstract

This Master’s thesis is focused on applicationu#zy logic on the process of
automatic default client detection from the bargdadrrisk management point of
view. Based on contemporary Credit Risk Managemefurmation system

analysis author suggests changing approach imeclent evaluation.

Abstract

Diplomova prace se zabyva aplikaci fuzzy logikypnaces automatické detekce
Upadkového klienta z pohledtizeni U¢rového rizika banky. Na zaklad
analyzy stavajiciho inforndaiho systému Credit Risk Monitoring autor

navrhuje zminu @Eistupu v hodnoceni éwveho klienta.
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1. Introduction

Volksbank CZ, a.s. (hereinafter Volksbank or the@lBas a universal commercial bank. Bank
activities include processing of loan products. é@dit lines to be provided client risk needs
to be assessed to determine whether the clientiestipn will be able to meet his obligations
to the bank and repay the loan plus the interdse. discipline which examines this issue is

called credit risk management.

Every loan case is carefully examined by the ban&void exposure to the risk of loss, and
Volksbank — like other banks — uses an automatstésyto carry out risk assessment of loan
clients. The current loan clients are subject tanihooing with regard to their meeting the
account turnovers required by their contracts dhwegard to their inclusion in any of the
black lists which are part of various bank register

The Bank currently operates a monitoring informatsystem whose underlying principle is
static. Fixed assessment ranges are set for indivichformation sources in line with the
methodology of the Bank’s Credit Risk Managemenpd&ament. The resulting values are
added together, and the sum represents a roughi@weof the risk posed by a client in
absolute value. In principle, the higher the numbrer higher the potential risk.

However, this leads to a situation in which the rdegto which risk assessment can be
automated is low, as there is a disproportion betwéhe client’s absolute value and
obligation. Larger clients will accumulate a higmember of risk points much more quickly

although they need not be more risky.

The aim of this thesis is to analyze the curreriormation system with respect to the
automatic risk assessment of Volksbank’s loan tdi@md to put forward a new automatic
solution to increase the relevance of risk assessme

The thesis draws on actual data kindly provided/biksbank. The data have been subjected
to an irreversible modification consisting of themroval and change of client specific

information and of text values. The numerical valleve been preserved to avoid any
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adverse effect on the conclusions of this thess¢chvshould, as a result, be able to provide a

valuable solution to the Bank.
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2. [Executive summary

The aim of this thesis is to analyze Volksbank’'patality for assessing the risk in existing
loan clients by means of the Credit Risk Monitor8ystem and to put forward a proposal for

improvement.

The thesis relies on qualitative research souesgscially on documents and books and non-
standardized observations. Two interviews have bEsn conducted, one with Ing. Pavel
Kozak from Volksbank’s Development Department ar tother with Mgr. Martin
Vojtek, Ph.D. from the Czech National Bank’s depemt of Banking Supervision.

The analysis of the methodology used by the Cieik Monitoring System has shown that
the system has a low success rate in detectingrtsiglelients amounting from 17.7 to 19.12
percent. The low success rate is principally caubgdthe weak comparability of the
individual data, which makes a relevant definitadrthe risk client threshold impossible. As a
result, the system can only be automated to adamgixtent and requires human intervention

and correction.

The improvement on the existing risk assessmenhadetogy put forward by the thesis
draws on fuzzy logic. The variables for the transfation matrix have been selected based on
an analysis of the discriminatory power of the wundlial variables established by means of

information value calculation. The thesis dividésrds in two groups: retail and corporate.

Calculation only concerns the retail group, asisigifit data for the corporate segment has not
been available. The corporate segment has only fidgacted to a theoretical analysis, which
recommends the use of the neural network methodiatyzing risk in existing corporate

clients.

The fuzzy model drawn up for the retail group sabsally improves on the accuracy of the
existing Credit Risk Monitoring Methodology to tegtent of up to 72.3%. This improvement
in accuracy is, however, impaired by an increaseat eate.

12



The increased error rate is probably caused byattieof a highly discriminatory variable in
the analyzed data, which would reduce the errerwdiile maintaining or improving the level

of accuracy with respect to the identification riséing risk clients.

The author therefore recommends that the Bank dhoohduct a broader analysis of the
information values of other indicators extractablam client data. A wider application of

neural networks is also an option that should msiclered.

13



3. Theoretical basis of the work

The thesis use qualitative analysis to examine @medit Risk Monitoring System at
Volksbank. Its aim is to conduct a research toymathe existing situation and attempt to put
forward a better solution. The goal of the thesithus to answer the following main research

guestion.
The main research question is:

“Does the existing solution for assessing risk aan clients of the Bank lend itself to

automation and in what ways can the existing smiulie improved?*

The thesis follows the qualitative research stratétgndl (1) notes that when employing this
strategy, the researcher relies on a longer interntact with the situation on the ground or
of the individual or group in question and attemfuisobtain an integrated picture of the
subject of research and the logic of its contextal@ative research is characterized by the
researcher gaining a picture of the situation duresearch and an inductive analysis of the

data followed by their interpretation.

Qualitative research employs the following methadiscument study and non-standardized
observation. “Documents may be the only underlhdatp source for the study or they may
provide support for data obtained through obsemwatr interviews" (1 p. 204) Hendl

differentiates between official documents, archiasa, as well as mass media and virtual

data.

With respect to the event examined, Hendl (1) wigtishes between contemporary
documents (originating at the time of the examinegent), retrospective documents
(originating after the examined event), primary wloents (drawn up by direct witnesses to
the event) and secondary (drawn up based on prirdacpments). Contemporary and
primary documents are the most suitable documeotstie analysis attempted here;
retrospective and secondary documents would berétisble, as they themselves represent

an interpretation of contemporary and primary doents.

14



Another important research method is the intervighich allows the researcher peep into the
world of the interviewee. An interview is based iateraction between the interviewer and
the interviewee. The direction of the interview rmughly sketched ahead of the actual
interview by the interviewer, who may, however,oately on spontaneous questions arising

from the natural flow of conversation between himd &e interviewee (2).
The Credit Risk Information System can be seerpasisting of two theoretical parts.

The first part encompasses the risk managementoahettbgy at the given bank, which is
aimed at defining the individual risk, such as litmplicit Option Risk or Interest Rate Gaps.
The theoretical framework used for risk managementhis thesis is the 2010 book by
Professor Joél Bessis entitldgisk Management in Bankind’rofessor Bessis gives a
comprehensive survey of risk management acrosssbatd only selected parts of his
framework will be relevant for the purposes of analysis of Volksbank.

The second part consists in interpreting the imllial risk areas and their contextualization.
This can be done by using artificial intelligenspecifically by applying fuzzy logic and
neural networks. In this respect, the thesis drawsa 2008 book by Petr Dostal entitled
Pokracilé metody analyz a modelovani v podnikatelstvi eéejué spra¥ (“Advanced

analytical methods and modelling in business ardipadministration”).

15



4. Problem analysis and current situation

This chapter provides basic information on Volkdb&illowed by an analysis of the current
way the automated risk assessment of loan clismpérated. The chapter concludes with an
analysis of the problematic parts of the informaticystem model and makes

recommendations for modifying the information systeased on this analysis.

4.1. Basic information about Volksbank

Volksbank entered the Czech market in 1993 (3 p. ¥ owner of Volksbank is Volksbank
International in Vienna (hereinafter VBI) (3 p. 0% 2010, Volksbank reported an annual
average of 622 employees including employees orenm&y leave (3 p. 04). The overall
volume of loans reached CzZK 39.1 billion (3 p. OQredit risk management is the

responsibility of the Bank’s Credit Risk ManagemBepartment (3 p. 18).

LOANS TO CLIENTS
CZK billion

2006 2007 2008 2009 2010
Figure 1 - Volumes of loans to clients of Volksbani3 p. 4)

4.2. Analysis of the current situation

According to Dostal a Sojka (4 p. 6), “credit riskeans the failure of debtor against the
creditor; it means of not payment of debt, the itoedeceives the loss”. For the purposes of

this thesis the Bank is deemed the creditor, wthieloan client is deemed the debtor. It is the
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interest of each creditor to assess his creditamskto react to change in an adequate manner,
for instance by writing down the loan or by incriegsthe interest rate to cover the risk (4 pp.
7-8).

Volksbank operates an in-house information systaled Credit Risk Monitoring to monitor
current loan clients. Individual client data fronarious sources form the basis for the

assessment of client risk. Credit Risk Monitoriegves as an early warning system.

4.2.1. Definition of the loan client

The concept of a loan client is not as trivial tasiay appear. Even within one bank one may
encounter several interpretations of this term. &omay understand a loan client to denote a
client with a mortgage or a consumer loan. Othersusf the term may understand it to mean
a client with an available credit line, such asredit card. Yet other users may think of a

client with an aggregate debit balance of below & given moment.

For the purposes of Credit Risk Monitoring, the Baampplies the last of the above
methodologies. Thus ‘loan client’ denotes a cliehibse sum of debit balances on all both
on- and off-balance accounts is below 0 at a gineiment. Based on this criterion, the
information system keeps track of all clients redgss of whether they are companies or

individuals.

Although this definition may seem strange — it @, nafter all, based on credit balance
accounts —, there is a good reason for it. Normé#hg bank may not perform netting against
other client's accountsalthough this may be changed contractually. Thed({€rRisk
Monitoring information system, however, is basetklyoon real loan clients, namely those
who have used at least a part of their credit line.

4.2.2. Default and non-default clients

Bessis describes the definition of default usedheyBasel 2 banking rules as follows: “Basel
2 defines a default event as non-payment of deligailons for 90 days“(5 p. 235).
According to the Basel 2 rules, a default analgbiguld be carried out on an annual basis (5
p. 235). This thesis is based on the Basel 2 ird&pon of default.

17



Accordingly, clients who have at least once beedefault of the repayment of their loan for
a period of more than 90 days will be considerddweclients for the purposes of this thesis.
Clients without such a recorded failure to repagirthoan will, by contrast, be considered

non-default clients.

4.2.3. Loan products

Let us now define the individual loan products, ethwill be referred to in the text below.
Naturally, Volksbank’s products needs to be takdn account. The loan products portfolio
of this bank is pretty usual. It consists of moggis current account overdrafts, consumer
loans, bank guarantees, tranche loans and investoars. These are the products that this
thesis focuses on, as these products are subj@cbtessing by the Credit Risk Monitoring

Information System.

Within the Czech contexa mortgage loanis a product available to individuals and suitable
for financing the purchase of a real estate or thencase of an ‘American’ mortgage — its
loan without purpose (6 pp. 3-6). A mortgage loal always be secured by a real estate; if
the mortgage is taken out for a real estate thalb@sit to be or being built, the real estate at its
current (registered) construction stage will seagea guarantee. Furthermore, the client and
his joint debtors will have compulsory death insww& and a bill of exchange of the
corresponding value will be deposited at the bank [t might seem that this form of
assurance is sufficient and that the bank canrftdrsany serious loss if the client breaches
his contractual obligations to such an extent thatbank is forced to a write-down. However,
as the global financial crisis has shown, thedathe real estate market may cause the market

value of the pledge to plunge, resulting in thelkdafailure to satisfy its claims (5 pp. 3-18).

A current account overdraft is essentially a pre-approved credit line which ¢hent may
use as needed for a purpose of his choice and rapany time in the future. However,
interest accrues over the whole period and tende tiess favourable than that of a specific
purpose loan such as a mortgage. A current acauantiraft is available to the entire client
portfolio, and may be acquired by private individyaelf-employed persons and companies
(7; 8;9).

18



A bank guaranteeis a less commonly used bank product. Self-emplgyedsons and
companies might want to provide it to their busspartners to give them the certainty that,
even if they become insolvent, their business panwvill still be able to satisfy its claims on
them up to the amount of the bank guarantee. Tiwisssuing a bank guarantee the bank

becomes a guarant(@; 9).

A tranche loan is used by larger enterprises for inventory anddpetion financing. By
means of such a loan the bank enables its clienmtepeatedly draw on, in individual tranches,

the funds up to the amount of the approved crauht(8).

An investment loanis suitable for self-employed persons and companieged of funds for
the purchase of real estate, machinery and equiponather fixed assets. The duration of its

repayment should not exceed the depreciation pefitite assets purchased (9; 8).

Credit cards operates on a principle which is similar to thiath@ current account overdraft,
but differ in that the loan usually needs to beardpwithin 30 to 60 days to avoid being
charged a high interest.

Volksbank does provide other loan products as welithe above mentioned products are the

most important ones.

4.2.4. Functioning of the current Information System

The Credit Risk Monitoring Information System calie large amounts of data on loan clients
from various sources on a daily basis. Each dataceoprovides different information;

generally, the data in question are either acqun@d in-house bank systems or externally.

The following in-house data, among others, arehtrrtprocessed in the Credit Risk

Monitoring Information System:

- Unapproved debits,

- Failure to meet the minimum obligatory credit turacs,

- Failure to submit documents for the year-on-yeatustassessment of the company as
of the contractual date.

External data includes, among others, data fronfidli@ving sources:

19



- Interbank registers,
- Rating agencies,
- Government institutions (such as the Czech Minisfrizinance or the Czech Ministry
of Justice).
Data from these sources are then processed andtséwge extracted from therRositive or
neutral eventsare kept track of but no risk points are awardadttiem. Events considered
improper by the bank are callégegative events”(see Appendix 1). Risk points are awarded

for negative events in line with preset rules.

Several rule types exists. Generally, risk poinaaivules can be divided into fixed or scope-
based on the one hand and into one-off or recumanthe other. For instance, a negative
entry in the Commercial Register, such as a digfraiould result in the client being awarded
risk points based on a one-off fixed rule. By casty failure to fulfil annual, quarterly or
monthly contractual turnovers will result in thea of risk points based on a recurrent rule
adjusted for scope. This is because the Credit Rishitoring Information System uses what
is called a rule based credit scoring methodoldgy.(

Despite the use of rule based credit scoring metlogg, the aim of the Credit Risk
Monitoring System is clearly not an automatic ridsessment. As Kozak notes: “Employees
of the Credit Risk Management Department issueiopgon the individual events. The
number of points and point ranges applicable tatieg events are defined by the specialists

of this department” (see Appendix 1).

The role of the system rather consists in enaltlegstaff of the Credit Risk Management
Department to take all the relevant data into ast@md comment on the individual events.
The information system should therefore not begieed as a stand-alone tool for automated
risk assessment, but rather as a utility which qi¢he Credit Risk Management Department

carry out preventive detection of risk loans.

4.3. Test of the current Credit Risk Monitoring Informat ion System

A test of a random sample of 1200 loan clients aveeference period of 12 months was

carried out to verify the accuracy of the methodglaurrently used by the Credit Risk

20



Monitoring Information System in terms of default nt detection Out of these clients, ¢
had been identified as actual default clients ahBl2las actual n-default clients based ¢

the Basel 2 methodology.

Data set default share Data set
68 segmentation

213

m Default

m Companies
H Non-default

M Individuals

Figure 2 - Data set default share and segmentatic

Since the Credit Bk Monitoring System uses an absolute point véunel not a percentag
to evaluate risk, a threshold for an automated sassent of default had to be set. -
threshold was set at 50% of the maximum possibheb®u of points over the reference per
of 12 months. The description of the method for eihinlg the succe-rate of the test is

given in the following table.

Default client Credit Risk Monitoring default Result
TRUE TRUE TRUE
TRUE FALSE FALSE TYPE | ERROF
FALSE FALSE TRUE
FALSE TRUE FALSE TYPE Il ERROF

Table 1 4nterpretation of the methodology for establishingthe Credit Risk Monitoring Test succes-rate
TYPE | ERROR indicates that an actual default ¢liggis gone unnoticed. TYPE Il ERR(

indicates that an actual nalefault client has been incorrectly identified agefault clien (5
p. 543).

The current information system did not perform velthe test. 58 actual default clients w
identified as nordefault clients (T'PE | ERROR), and 15 actual ndefault clients wer:
identified as default clients (TYPE Il ERROR). Oniy 10 cases did the Credit Ri

21



Monitoring Information $§stem manage to correctly identify actual risk &gt clients. It

also managed to correctigantify 1117 out of the actual 1132 v-performing clients

Credit Risk Monitoring results
(50% threshold)

B TYPE | ERROR
E TYPE Il ERROR
Default

® Non-default

105

Figure 3 - Credit Risk Monitoring — test results (50% threshold

The test result may be interpreted as showing thebability of correct automati
identification of apotential default client to be 14.7% and the praligbof incorrect

identification of an actual default client as -default to be 1.33%.

To control for any errors resulting from the choafehe threshold based on which a clier
assessed as default or ndefault, the calculation for the same data sampby the sam:
reference period of 12 months was performed agdais, time with a thresholdor the

maximum number of risk points reduced from 50% 560:

However, there was no significant improvent. 13 clients were correctly identified
default, while 55 (actual default) clients werearrectly identified as nc-default (TYPE |
ERROR). 1104 clients were correctly identified asn-default, while 28 clients wei
incorrectly identified as defal (TYPE Il ERROR).

22



Credit Risk Monitoring results
(25% threshold)

528 45

B TYPE | ERROR
B TYPE Il ERROR
Default

® Non-default

Figure 4 - Credit Risk Monitoring results (25% threshold)
The decrease in the sensitivity threshold obvioustyeased the assessment accufor a
default client from14.7% to 19.12%, which arunts to an impvement of 30.C% on the
original result. At the same time, howe, the error rate increased frc1.33 % to 2.47%,

which means that the number of false alarms inedthy as much as 85.71

4.4. Summary of the current situation

The Credit Risk Monitoringinformation §stem clearly does not reflect the real statu
default loans very accuratelgnd its very limited ability to predict default mekit practically
useless for automated risk assessment. It doedliffetentiate between individual lo:
productsor between corporate and retail clients. Its hedagendence on the interpretatior
information by humans dramatically impairs its am#tic interpretation capability as su:

Therefore, the architecture of the whole systenukhbe change

23



5. Proposals and contribution of suggested solutions

As has been already pointed out in the chapterbleno analysis and current situation”, the

existing system for assessing risk in loan cliérats a number of weaknesses:

1. The model it uses has a low accuracy of defaultitifieation.

2. The credit risk scoring model is not clearly define

3. The overall assessment is in absolute values:ralgts generally collect negative
events “more easily” than smaller ones, yet the s the client is not taken into
account and the indicators are not weighted basdHeorelative size of the clients.

4. The system does lend itself to automation only lisnéed extent and it still relies on

human interpretation.

To eliminate these drawbacks, advanced statistethods need to be employed to find a

suitable model.

5.1. Data

The Bank provided a sample containing a higher-tiamal proportion of default clients for
the purpose of examining the relationships betwtberindividual variables and the extent to
which these predict default. The sample includégildients, out of which 910 are retail and
268 corporate. Each client in the dataset has oné&/loan, which enables us to control for
additional influences while testing the individysrameters. As a result, the outcomes of the

calculations are not distorted by the impact of borations of variables.

5.2. Retall clients

Retail clients include natural persons, chiefly mtrepreneurs. For the purposes of
automated risk assessment of loan clients, sellam@ persons will also be considered

retail clients.

24



5.2.1. Selection of an appropriate credit risk model

Although there are a variety of approaches to tmesk assessment of retail clients (11), this
thesis adheres to the methodology put forward bgsBein 2010. For the retail segment,
Bessis differentiates between “behavioural sconmglels” and “origination scoring models”
(5 p. 546).

Bessis defines a behavioral scoring models as tam@ to model the behavior of existing
clients, when there is no new event that would geahe debt level, given historical data of
account and loan behavior. Behavioural models applgxisting clients for whom there is

historical data, say, at least 6 months. It makegasier to deal with existing clients than new

clients for whom there is no credit history” (5526).

By contrast, the origination model is more suitdioleassessing new clients: “There are two
types of origination models. For new clients, thexdess information, although all banks

would collect a minimum set of data on the clienich as revenue, wealth and, eventually,
historical behaviour of other existing accountsther banks. Therefore, we cannot use the
same attributes for modelling their risk as with #xisting clients. Consider an existing client
that requests a new loan. A second type of originanodel is required, because we already
have historical data on the client. In this case,have a different origination model, which

applies to a known client whose credit standinghinlze affected by a new loan. It is also an

origination model because “originating” to thisskig client is considered” (5 p. 546).

Since the role of the Credit Risk Monitoring Infaation System is to monitor current clients
and their loan burdens, the behavioural scoringehisdthe more suitable one. However, this
type of model is more demanding in terms of clidata. Bessis lists the following data as
suitable for analysis (5 p. 547):

- Time series of flows, measured by the absoluteevaliiflows, both negative and
positive, and averaged over a period of the pasbsths;

- Number of debit days, measured by the maximum ditd#gays over the past 6
months;

- Number of transactions suspended by a credit offmecause they would have

triggered an excess overdratft;
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- Count of incidents over the past 6 months;

- Amount of liquid savings — measure of wealth ofkerown by the bank, with some
average calculated from the end of the month aeedgbalances over the past 6
months;

- Leverage ratio — monthly payments of due/credivéip

- origination of the account;

- Other personal wealth characteristics.

Different data sets may be used for actual modgllAkppendix 5 gives a summary of the

various approaches to variables commonly usedail mzedit scoring models.

5.2.2. Data attributes and their information value

The individual data attributes, i.e. variables, ché® be subject to discrimination in order to
determine their importance. Discrimination amoumotgalculating the information value of
the variable in question (5 p. 547; 12 p. 8). Ttimpter will provide a calculation of the
information value of the individual attributes bdsm the data sample provided by the bank.

According to K@&enda and Vojtek (12) a variable’s information vata® be expressed as

follows:

Defaulted; Goodl-)
Defaulted  Good

WhereDefaulted represents the clients identified as default basethe variable (attribute)

IV, = In (0dds,) (

in question, andDefaulted represents all default clients of the data seamil&ily, Good
represents non-default clients identified in themeavay andGood the sum of non-default
clients in the entire data set. The informationueaéxpresses the predictive power of the

variable for the given group (12 p. 8).

Odds is the value expressing the discrimination abibfythe variable in question for the

given group. The vaulue @ddsis given by the following formula:

Defaultedi> ( Good )

Odds; = (Defaulted Good;
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The interpretation of the variables in this formidadentical with that of the values in the

information value formula above.

Kocenka and Vojtek note that: "In banking practiceatue above 0.2 is taken as a sign of the
strong predictability of a given variable.” (12 ). This thesis will use this value as a

benchmark.

Calculations for the individual available variablasghe examined data sample can be easily
performed in the above way. For the sake of clatitg calculation of the information value
of the attribute “female” with regard to clientkis shown below as an example:

70 \ /649
Odds, = (—) (—) — 0.268199 x 3.2288557 = 0.8659758756
5F = 261/ \201

70 201
IV = In(0.8659758756) <m — @> = —0.1438982281 X (0.268199 — 0.30970724)

= —0.1438982281 x (—0.04150824) = 0.00597296

The calculation clearly shows that, with regardhe assessment of risk in a loan client, the
information value of the attribute “female” is veligw. Interestingly, the research conducted
by Ko¢enda and Vojtek (12) at an undisclosed Czech baukd out the information value of
gender to be approximately 0.0230161. Although viaisie does not exceed the threshold of
0.2 either, it is still about 4 times higher thae walue arrived at based on the data sample for
this thesis. This suggests that although gendermoaype a decisive factor, it is obviously a
highly volatile one and that, as a result, it mighthaps not be adequate to use one value for
this indicator across all Czech banks.

For the sake of completeness, let us now calculaeinformation value of the attribute

“male”:
0dds,, = (191)<649>-— 0.731800766 x 1.44866 = 1.06013102
M= \261)\2ag) = ' -
191 448
Hﬁq=ln(106013102)<§€I——€Z§)==00583925 x (0.731800766 — 0.690292758) =

= 0.0583925 x 0.041508008 = 0.00242375635714
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Based on the above calculations, we arrive atahewing information value of the attribute
“gender”:
IVeenper = Ve + 1Vy,= 0.00597296 + 0.00242375635714 = 0.008396446

In our case, the information value of the attribigender” has thus been shown to be below
the considerable predictive power threshold, whscn line with Katenda and Vojtek (12)
who also consider gender a non-discriminatory vafideast in the Czech Republic. Dinh
and Kleimeier, however, note that gender remaimBsariminatory variable in developing
countries (13 p. 483).

Information values for all other variables, for whidata were made available for the
purposes of this thesis, have been calculated f@ddn-discriminatory variables eliminated

in a similar fashion.

Another data attribute is theength of Relationshipin years. It represents the duration of the
relationship between the bank and the client atithe of the loan application to the date of

calculation. The information value of this attribubver the data sample examined in this

thesis looks as follows:

Clients Default Non- Information value
default
0 124 52 72 0.051695
1 567 130 437 0.052838
1-3 68 27 41 0.019862
3-5 50 16 34 0.001401
5-10 74 25 49 0.004827
>10 27 11 16 0.00938
Total 910 261 649 0.140003

Figure 5 - Length of Relationship

As shown in the table above, the overall informmati@lue of the Length of Relationship
between the bank and its client at the time of It application is significantly more

important than gender.
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Percentage of default clients by length
of the relationships with the bank
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Figure 6 - Percentage of default clients by lengtbf the relationships with the bank

The graph above clearly shows that the data sadg#s not allow for the conclusion to be
made that a client who has been with the bank flonger period of time at the time of his
loan application is less likely to default on hesuh than a client who has been with the bank

for a shorter period.

Interestingly, the same calculation for a Czechkbearried out by Kdenda and Vojtek
arrived at an information value of 0.601787, whiktiplies very high predictive power. This
suggests that the variable Length of Relationshigeipendent on the specific client portfolio

and may thus not be suitable for an indiscrimiragelication in risk assessment.

Kocenda and Vojtek (12) are strong supporters of ngakne ‘Points’ variable part of the

analysis. They define this variable as “the chastics of a client’'s behavior in the current
account” (12 p. 28). Unfortunately our data setsdioet comprise a sufficient amount of data,
and there is no known way of constructing this afsle retroactively and so, although
Koc¢enda and Vojtek assert the information value of ttariable to amount to 0.502122 (see

Appendix 3), this thesis cannot take it into acdoun

Another attribute which could be used for risk gse is the client’®ate of Birth. The

following table gives a list of the calculated vedu
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Born up to Clients Default Non- Information value
year default

1953 54 15 39 0.000117
1957 43 9 34 0.007489
1962 67 23 44 0.005330
1966 75 30 45 0.023051
1969 76 22 54 0.000014
1972 79 23 56 0.000039
1974 62 17 45 0.000263
1977 125 34 91 0.000732
1993 329 88 241 0.003300
Total 910 261 649 0.040333

Figure 7 - Date of Birth information value

Not surprisingly, in our case, the client’s ag@a$ an absolutely decisive factor. However,
the overall Date of Birth information value arrivatifrom our data is roughly identical with

the information value reported by Eenda and Vojtek, which is 0.047698 (see Appendix 3)
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Figure 8 - Percentage of default clients by Date d@irth

The Number of Yearsfrom the client’s opening of a current accounthat ibank proves to be
an important attribute. The following table shows talculations of the information values
for the individual periods.
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Years Clients Default Non-default Information value

1 124 4 120 0.422288
2 90 19 71 0.014909
3 240 62 178 0.005278
4 210 83 127 0.059395
5-6 121 44 77 0.017543
>6 125 49 76 0.03334

Total 910 261 649 0.552754

Figure 9 - Number of years from the opening of theurrent account as at 1 July 2011

Kocenda and Vojtek report an information value of Q%8 for the attribute “number of
years for which a person has been the bank’s tli€hé difference between the information
value for this attribute arrived at from our dasanple and the information value reported by
Koc¢enda and Vojtek is not as substantial as the oserebd for the Length of Relationship
attribute. Consequently, the Number of Years aitalmight be considered a generally strong
variable, which could be used for defining sconmgdels at other Czech banks as well. The
following graph illustrates an interesting growtertd: longer relationships between clients

and the bank generally result in an increasedtatiefault risk for the bank.

Percentage of default clients by the Number
of Years from the opening of the account
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Figure 10 - Percentage of default clients by the Nmber of Years from the opening of the account
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The information value for thédmount of Loan attribute was calculated by Eenda and
Vojtek at 0.123972 (see Appendix 3). In our casmydver, the information value for this

attribute is slightly higher, reaching the threshof 0.2, at which the information value of a

variable is considered high.

Amount of Loan in CZK Clients Default Non-default Information value
<100000 86 35 51 0.02967
>100000 and <300000 154 57 97 0.026142
>300000 and <800000 143 35 108 0.006975
>800000 and <1200000 133 26 107 0.032875
>1200000 and <1800000 142 38 104 0.001405
>1800000 and <3000000 147 28 119 0.040779
>3000000 105 42 63 0.032271

Total 910 261 649 0.170118

Figure 11 - Amount of Loan

The graph below shows default risk to be lowestvbeh CZK 800,000 and 3,000,000.

Percentage of default clients by the
Amounts of their Loans
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Figure 12 - Percentage of default clients by the Aaunts of their Loans

For the Type of Product variable K@&enda and Vojtek report an information value of
0.022380 (see Appendix 3). Numbers from 1 to 4used to indicate different loan product

types to ensure that data confidentiality is mamad and the data basis is clear.
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Type of Product Clients Default Non- Information value

default
1 23 10 13 0.011858
2 880 249 631 0.000346
3 3 1 2 0.000163
4 4 2 2 0.004173
Total 910 262 648 0.016539

Figure 13 - Type of Product

There is no major difference compared to the valued at by Kéenda and Vojtek (see
Appendix 3), but the information value of the Prodiiype variable does not reach a value

sufficient to consider it discriminatory.

Kocenda and Vojtek (12) also considelRagion attribute, which they ascertain from the
postal code. However, the data available for thesis do not include any information on
regions; the region attribute will, therefore, m&t included in our analysis. If Kenda and
Vojtek are right, then the omission of the Regitintzute should not be a serious issue, as the
information value they calculated based on theta dmly reaches 0.093896 (see Appendix
3), and is thus not discriminatory.

Marital Status is yet another variable used in our analysis. Tatqmt client data, actual
information on marital status has been transformgxda numerical index. This has, however,

no bearing whatsoever on the process of variaBl&idiination.

Marital Status Clients Default Non-default Information value \

1 177 66 111 0.032003
2 296 87 209 0.000390
3 320 75 245 0.024597
4 105 30 75 0.000003
5 12 3 9 0.000445
Total 910 261 649 0.056993

Figure 14 - Marital Status

The accuracy of risk calculation for a current ladient is obviously not too much affected
by his or her Marital Status. Although &mnda and Vojtek report a Marital Status
information value of 0.112809 (see Appendix 3),\thkie in our case is about 50% lower.
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The Citizenship attribute has proven irrelevant to risk assessmBm information values

concerned are clearly presented in the followireta

Citizen of the CR Clients Default Non-default Information value

Yes 883 257 626 0.000415
No 27 4 23 0.016861
Total 910 261 649 0.017276

Figure 15 - Citizen of the Czech Republic

Likewise, the impact of the Residenatgribute is minimal.

Residency Clients Default Non-default Information value
Czech Republic 893 258 635 0.00010326
Outside Czech Republic 17 3 14 0.00634405
Total 910 261 649 0.00644731

Figure 16 - Residency
By contrast, the information value of theimber of Persons in Joint Householdattribute
shows that this variable is highly discriminatolmpportant note is that number of persons in

joint household does not include applicant itself.

Personsin  Clients Default Non-default Information value

Joint

Household

0 481 167 314 0.043611
1 200 52 148 0.003891
2 106 21 85 0.024610
3 63 9 54 0.042917
4 53 10 43 0.015304
5 7 2 5 0.000000
Total 910 261 649 0.130333

Figure 17 — Number of Persons in Joint Household
The following graph clearly shows that the repayhmetiability increases, up to an extent,
with the number of persons living in a joint houskehwith the client. With 4 and more
persons in a joint household, the chance of defaltts rising again. This may be caused by

the higher cost of living faced by more numerousdaholds in real terms.
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Percentage of default clients by the
number of Persons in Joint
Household
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Figure 18 - Percentage of default clients by the maber of Persons in Joint Household

The client’s Housing Type proves to be a highly discriminatory variable. gimtect client
data, the values have been transformed into a ncehendex, which does, however, not
affect the values calculated. This variable cleakgeeds the recommended threshold. A

comparison with another data set would be veryrasteng; unfortunately K&enda and

Vojtek (12) did not include this attribute in thaimalysis.

Housing Clients Default Non-default Information value
Type

0 481 168 313 0.046591
1 205 28 177 0.154368
2 70 22 48 0.001351
3 93 27 66 0.000030
4 4 3 1 0.020002
5 15 1 14 0.030658
6 28 6 22 0.004237
7 14 6 8 0.009235
Total 910 261 649 0.266471

Figure 19 - Housing Type
In their paper Kdéenda and Vojtek (12) emphasized Education as armajability indicator

of a client. More educated clients tend to defanltheir loans less often.
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Education Clients Default Non-default Information value

0 486 169 317 0.044842
1 10 6 4 0.022148
2 94 33 61 0.009622
3 176 34 142 0.045908
4 27 5 22 0.008413
5 115 13 102 0.123364
6 2 1 1 0.002087
Total 910 261 649 0.256383

Figure 20 - Education

In the case of Volksbank data, education clearf/anhighly discriminatory value; although it
does not reach the level of 0.359725 reported b§eKda and Vojtek for their data set (see
Appendix 3). The graph vividly demonstrates tha percentage of loan clients in default
falls with higher education, notwithstanding thedden rise of default at 6, which is to be
attributed to the small size of the data sampldy(awo clients) and seems to be too
insignificant to refute the whole trend. Again, tth&ta have been transformed into numerical

values to protect client privacy.

Percentage of default clients by
Education
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Figure 21 - Percentage of default clients by Educatn

The Amount of Loan Instalment is a very interesting variable. This variable ajgiees the
high discrimination threshold. The following tatdkows the results of the calculation of the
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variable’s information value. The individual inst&nt ranges are not included to protect

client data confidentiality.

Amount of Clients Default Non-default Information value
Instalment

Range 1 426 150 276 0.045004
Range 2 176 53 123 0.000935
Range 3 142 21 121 0.089062
Range 4 120 24 96 0.026605
Range 5 46 13 33 0.000021

Total 910 261 649 0.161627

Figure 22 - Amount of Loan Instalment

One would perhaps expect higher instalments toltresua higher chance of default.

However, the graph clearly demonstrates a diffeteernid. Paradoxically, the chance of
default is highest for the lowest amounts of imstait. It should be noted that the data also
includes consumer loans, which the bank may regardhore risky in terms of a possible
default compared to, say, mortgages. As in the casghe number of Persons in a Joint
household, however, the falling trend reverses, @nthe medium range the number of
defaults starts rising again. The Amount of Ins&itnshould thus be taken into account when

assessing the risk of a loan client defaulting.
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Figure 23 - Percentage of default clients by the Aaunt of Instalment
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The following table shows that themployee attribute, representing whether a loan client is

an employee, is relatively discriminatory compangtth other variables.

Employee Clients Default Non-default Information value
1 245 87 158 0.028243
2 469 100 369 0.073190
3 196 74 122 0.039264
Total 910 261 649 0.140697

Figure 24 — Employee

By contrast, the variables representing whetheclieat is anEntrepreneur (also in parallel
with employment, if appropriate) or a member of tieral profession both have almost

identical information values and are discriminatonyy to a minimum extent.

The following table shows the information valuettod Entrepreneur attribute.

Entrepreneur  Clients Default Non-default Information value

1 106 30 76 0.000040
2 608 157 451 0.013476
3 196 74 122 0.039264
Total 910 261 649 0.052780

Figure 25 — Entrepreneur

Similarly, the table below presents the calculatdror thelLiberal Profession attribute. As

can be seen, the overall information values areaddilmost the same.

Liberal Profession  Clients Default Non-default Information value

1 709 185 524 0.012838
2 5 2 3 0.001537
3 196 74 122 0.039264
Total 910 261 649 0.053639

Figure 26 — Liberal Professions

Koc¢enda and Vojtek (12) consider tNember of Employmentsvariable non-discriminatory
with an information value of only 0.021004 (see Apgix 3). The result for Volksbank data
is included in the following table. The actual nianlof employments is again in numerical
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indexes, and the value 0 also includes the cliemte/hich the number of employments is not

known, as this may not have been a required piecgarmation for the provision of a loan.

Number of Clients Default Non-default Information value
Employments

0 668 213 455 0.017471

1 4 2 2 0.004173

2 195 37 158 0.054990

3 41 8 33 0.010222

4 2 1 1 0.002087

Total 910 261 649 0.088943

Figure 27 - Number of Employments

Compared to the information value reported for dtisibute by Kéenda a Vojtek (12) the

information value in our case in about four timeghler. That still does not make it highly
discriminatory. This is, however, not the only diénce between this thesis and
Koc¢enda and Vojtek (12) with regard to this variablihey define it as: “The total number of
employments in the last 3 years" (12 p. 26). Thaa d#olksbank made available for the
purposes of this includes the number of employmamtghe last 2 years. As a result a

comparison of these values is not easily possible.

The graph below once again shows that the defatétis lower for medium values. Perhaps
effective workers are able to change jobs reasgratdn — not too often, and not too seldom.
To have had two employers over the last 2 yeanstigerribly difficult. Consider a situation
where the client asks for the loan, receives it e, after 6 months, changes his job. This
would bring the client to 2 employers in the lastears, while it is obviously not something

negative.
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Percentage of default clients by the
Number of Employments
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Figure 28 - Percentage of default clients by the Nmber of Employments

The Employment Contract attribute has a slightly higher information valugjndicates
whether the client in question has an employmentraot or not or whether the relevant
information is at all available. Although banksdeo prefer their mortgage loan applicants to

have employment contracts, the real informatiorueabf this attribute with respect to a

client’s default is not very discriminatory.

Employment Clients Default Non-default Information value
Contract

1 550 187 363 0.038914

2 329 67 262 0.066550

3 31 7 24 0.003264

Total 910 261 649 0.108727

Figure 29 - Employment Contract

By contrast,Salary is a highly discriminatory variable. Kenda and Vojtek (12) do not take

this variable into account, but the research pteskinere suggests it is fairly discriminatory.
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Salary Clients Default Non-default Information value

Range 1 596 206 390 0.051351
Range 2 148 41 107 0.000376
Range 3 166 14 152 0.266139
Total 910 261 649 0.317867

Figure 30 - Salary
To protect client data confidentiality, the salgnds are denoted by "Range 1” to “Range 3”
without actual figures being indicated. The follagigraph shows the direct link between

salary and the risk of default.
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Figure 31 - Percentage of default clients by Salary
The information value of th€urrent Account variable amounts to a little more than half
that of the Salary attribute. The Current Accouariable indicates that a loan client also has a
current account with Volksbank. The table belowvislithe information values calculated for

the individual options.
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Current Clients Default Non-default Information value

Account

1 204 78 126 0.045164
2 399 78 321 0.098626
3 307 105 202 0.023364
Total 910 261 649 0.167154

Figure 32 - Current Account
Koc¢enda and Vojtek (12) consider tevn Resourcesattribute to be the most discriminatory
variable with an information value of 1.462601. Weheless, Volksbank data, based on
which the information value dwn Resourceshas been calculated at 0.095001 — well under
the high discrimination threshold — show that ahhigformation value of this attribute need

not be a rule of thumb.

Own Resources Clients Default Non-default Information value\

Range 1 786 245 541 0.012482
Range 2 79 10 69 0.069405
Range 3 45 6 39 0.035653
Total 910 261 649 0.117539

Figure 33 - Own Resources
Regular Income can also be considered an essential variable.etksbank data, the
information value of this variable amounts to 0.31®, which means that this attribute is a

highly discriminatory one. The values calculated tiois attribute are shown in the table

below.

Regular Income Clients Default Non-default Information value
Type 1 823 258 565 0.014983
Type 2 44 1 43 0.177927
Type 3 43 2 41 0.117102
Total 910 261 649 0.310012

Figure 34 - Regular Income

Unfortunately, it was not possible to retrieve otipetentially relevant variables, such as

Purpose of Loan or Sector of Employment, from th&cdvailable for the purposes of this
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thesis. The overall table listing the informaticsdues of all attributes discussed in this thesis

looks as follows:

Variable Information value \
Number of Current Account Years 0.552754
Salary 0.317867
Regular Income 0.310012
Housing Type 0.266471
Level of Education 0.256383
Amount of Loan 0.170118
Current Account 0.167154
Amount of Loan Instalment 0.161627
Employee 0.140697
Length of Relationship 0.140003
Number of Persons in Joint 0.130333
Household

Own Resources 0.117539
Employment Contract 0.108727
Number of Employments 0.088943
Marital Status 0.056993
Liberal Profession 0.053639
Entrepreneur 0.052780
Date of Birth 0.040333
Citizenship 0.017276
Type of product 0.016539
Gender 0.008396
Residency 0.006447

Figure 35 - Information values arrived at

5.2.3. Fuzzy logic

Fuzzy logic, developed by L. Zadeh in 1965, workhwvhat are called vague sets. These

sets have a better correspondence to real woddtgihs than the value sets used by classical
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logic. As opposed to a logic with clear-cut criggnvhere an element either is or is not part of

a set, fuzzy logic differentiates between varioegrdes of set membership (14).

The difference between fuzzy logic and Booleandpgihere data needs to be categorized
and weighting needs to be given to the individwdggories, consist in the very approach to
categories. In fuzzy logic, there are no categorge$uzzy model does not weight values

within the limits of distinct intervals but on ardmuous basis (14).

Dostél notes that: “Fuzzy logic enables us to fingblution to a given case based on the rules
defined for similar cases. The fuzzy method, whisks fuzzy sets, is a method that can be

used in the area of corporate management” (14.p. 8)

Dostél and Sojka describe fuzzy processing as amtpn with three steps: “The fuzzy logic
consists of three fundamental steps: fuzzyficationzy inference and defuzzification.” (4 p.
62).

Fuzzyfication transforms real variables into larggi@nes. Language variables are based on
linguistic variables: “The definition of languag@anables draws on linguistic variables, for
instance the variable “Risk” can have the followattyibutes: zero, very low, low, medium,

high, very high. Usually three to seven attribiaes used for a variable” (14 p. 11).

Dostal and Sojka define fuzzy inference as: “Sysbahaviour by means of the rules of the
type IF THEN. The conditional clauses create thagerithms, which evaluates the input
variables” (4 p. 63).

Defuzzification is understood by Dostal and Sojkattee verbal interpretation of the values
arrived at: “The third step (defuzzification) meahs transformation of numerical values to
linguistic ones. The linguistic values can be, éog.variable risk very low, low, medium,
high, very high risk” (4 p. 63).

5.2.4. Fuzzy model

To begin with, real variables to be used for furation need to be defined. Variables with
an information value higher than 0.2. can be setettased on Figure 35 — “Information

values arrived at”. As there are only five suchalales, the information value threshold needs
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to be reduced, as in the case of&uwada and Vojtek (12), to 0.1. This will give usogat of 13

variables with an overall information value of 2885.

Variable Information value \
Number of Current Account Years 0.552754
Salary 0.317867
Regular Income 0.310012
Housing Type 0.266471
Level of Education 0.256383
Amount of Loan 0.170118
Current Account 0.167154
Amount of Instalment 0.161627
Employee 0.140697
Length of the Relationship 0.140003
Number of Persons in Joint 0.130333
Household

Own Resources 0.117539
Employment Contract 0.108727
Total 2.839685

Figure 36 - Variables selected for fuzzyfication

As a first step, a transformation matrix needsdaieated. The transformation matrix needs
to include the individual variables and numericalbfined degrees of risk. As has been noted
above, a variable’s information value represenss pitedictive power. We will use that
information value to define the degrees of risk.

If we know the total information value to be 2.8886we can easily compute the percentage
weighting of the individual variables in the tramshation matrix as the quotient of the
information value (IV) of a variable by the totatfermation value. For instance, the

weighting for the Number of Current Account YearsKs as follows:
IV years= 0.552754 / 2.839685 = 0.19465328

Thus we arrive at a figure of about 19.47 %. Thieles for the individual variables listed in

the table below have been calculated in a simiky.w
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Variable v Result Percentage

Number of Current Account Years 0.552754 0.194653 19.47%
Salary 0.317867 0.111937 11.19%
Regular Income 0.310012 0.109171 10.92%
Housing Type 0.266471 0.093838 9.38%
Level of Education 0.256383 0.090286 9.03%
Amount of Loan 0.170118 0.059907 5.99%
Current Account 0.167154 0.058864 5.89%
Amount of Instalment 0.161627 0.056917 5.69%
Employee 0.140697 0.049547 4.95%
Length of the Relationship 0.140003 0.049302 4.93%
Number of Persons in Joint Household 0.130333 0.045897 4.59%
Own Resources 0.117539 0.041392 4.14%
Employment Contract 0.108727 0.038288 3.83%
Total 2.839685 1 100.00%

Figure 37 - Percentage weighting of the variablesiithe transformation matrix

The graph below clearly shows the discriminatorweoof the selected variables.

Percentage weighting of the variables in the
transformation matrix
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Figure 38 - Percentage weighting of the variablesiithe transformation matrix

Now that the weighting distribution has been de¢ degree of risk needs to be expressed

numerically. The calculation consists of performanglot product operation based on a state
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matrix where the percentage degree of total riskved at is given by the sum of the

maximum numerical risk values associated with t@ables in the transformation matrix.

This is why it is, to begin with, useful to seléioé sum of the maximum numerical risk values
associated with the variables in the transformatiatrix. The number 1000 has been selected
for this purpose in order to keep matters simpldemmaintaining a sufficient level of detalil.
A simple calculation reveals the maximum value éach variable. For instance, for the
Salary variable the result is: 0.1119 x 1000 = 9Hhd 112, if rounded up to the next integer.

The results listed in the table below have beenetrat in a similar way.

Value Max Value

Number of Current Account Years 195
Salary 112
Regular Income 109
Housing Type 94
Level of Education 90
Amount of Loan 60
Current Account 59
Amount of Instalment 57
Employee 50
Length of the Relationship 49
Number of Persons in Joint 46
Household

Own Resources 41
Employment Contract 38
Total 1000

Figure 39 - Maximum values of the variables in théransformation matrix
These values are equal to the numerical degreisloéssociated with the maximum variable
value. Given that we know the individual numbersnvedl-performing and defaulting clients

for the Salary variable, we arrive at the followtadple:
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Salary Clients Default Non-default

Range 1 596 206 390
Range 2 148 41 107
Range 3 166 14 152
Total 910 261 649

Figure 40 - Number default/non-default clients forthe Salary variable

The percentage of the individual Salary rangesh@ ttansformation matrix can be easily
established: If we know the maximum value to be, M can find the highest value for the

ratio of default clients in a specific range toddfault clients.

Thus we get:

296 _ 0.789272
261

That means that the maximum value of the Salarabbe represents 78.93 % of the client

default risk. We can then easily compute the 108a%4s of this variable:

112

0789272031 _ L+1:9029

When this figure is rounded up, the sum of the mizakrisk values reaches 142. Let us now
check the calculation for correctness:

142 x 0.789272 = 112.076628402

When the result is rounded up, we arrive at thgimal 112. The values for Range 2 can be

calculated in the same way:

o 0.157088123
261

142 x 0.157088123 = 22.30651341 =~ 22

And the same goes for Range 3:

14 _ 0.053639847
261
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142 x 0.053639847 = 7.616858238 ~ 8

The correctness of the calculation can be checkeddding together Rangel + Range2 +

Range3:

112422 +8 =142

In conclusion, the numerical risk values associatigd the Salary variable are as follows:

Salary Numerical risk value

Range 1 112
Range 2 22
Range 3 8
Total 142
Max 112

Figure 41 - Numerical risk values for the Salary vaable

The numerical risk values for the other variablesaarived at in a similar way.

Variable Sum | Max
Number of Current 9 45 | 146 195 103 11b 613 195
Account Years
Salary 112 22 | 8 142 | 112
Regular Income 109 1 1 111 | 109
Housing Type 94 |16 | 12 | 15| 2 1 3 3 146 94
Level of Education 9 | 3 17 | 18| 3 7 1 139 90
Amount of Loan 37 |60 | 37 | 27| 40| 30| 4 275 | 60

4
Current Account 44 | 44 | 59 147 | 59
Amount of Instalment 57 [ 20 | 8 9 5 99 57
Employee 44 | 50 | 37 131 | 50
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Variable

Length of the 20 149 | 10| 6 9 4 08 49
Relationship
Number of Persons in 46 |14 | 6 2 3 1 72 46

Joint Household

Own Resources 41 | 2 1 44 41
Employment Contract 38 |13 | 2 53 38
Total 2070]| 1000

Figure 42 - Numerical risk values for selected vaables

Given our knowledge of the transformation matride wan easily fill in the values for the

individual possibilities. Let us now check the segs rate of this transformation matrix.

The test of the information matrix has been carpatlin Microsoft Excel. The values have

been placed in the appropriate groups and the ithday columns have been given a

numerical risk value. For instance, the followirgmula has been used to calculate the
Number of Current Account Years variable:

=IF(E270<2;9;IF(E270=2;45;IF(E270=3;146;IF(E270-861F(E270=5;103;IF(E270=6;103;
IF(E270>6;115;9)))))))

Let us now demonstrate the entire calculation oexample. Note that the client used in the

example is not an actual client of the Bank.

Variable Points | Max

Number of Current 9 45 | 146 | 195 103} 114 45 195

Account Years

Salary 112122 | 8 112 112
Regular Income 109 1 1 109 109
Housing Type 94 |16 | 12 |15 (2 1 313 15 94
Level of Education 9 | 3 17 |18 |3 7 1 18 90
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Amount of Loan 37 |60 | 37| 27 (40 |30 40 60
Current Account 44 |44 |59 44 59
Amount of Instalment 57 120 ([ 8 9 5 57 57
Employee 44 |50 |37 50 50
Length of the 20 149 |10 |6 9 4 10 49
Relationship

Number of Persons in 46 |14 |6 2 3 1 14 46
Joint Household

Own Resources 4112 1 41 41
Employment Contract 38 (13 | 2 38 38
Total 593 1000

Figure 43 - State matrix for an example client

By applying the scalar operation we arrive at thki@ of 593.

R=1Xx45+1%x112+1%x109+1%x15+1x18+1x40+1x44+1x57+1
Xx50+1x10+1x14+1x41+1x38=593

By adding together all the values calculated far Hariables in the transformation matrix

together and dividing the sum of the maximum nuoarisk values for each variable, we

arrive at a percentage, which we will further iptet in a retransformation matrix.

For our example client the percentage arrived 628%9

100 x 593 + 1000 = 59.3 %

Following figures represents membership functiamsebch variable (14 p. 14):
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Number of Salary Regular
Current Account Income
Years
Housing Type Level of Amount of
Education Loan
Current Amount of Employee
Account Instalment

_~

N
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Length of the Number of Persons in
Relationship Joint Household
Own Resources Employment Contract

Figure 44 - Variables membership functions

5.2.5. Result of the fuzzy model

To be able to interpret the percentages arrivedinatthe way described above a
retransformation matrix needs to be defined. Ineoitd be able to compare the assessment
produced by the original Credit Risk Monitoring dmnation System with the model
proposed by this thesis, we will stick to the lirgjic variables of Default and Non-default

Clients.

Let there be the following retransformation matrix:
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Percentage % Linguistic variable

0-80 Non-default client

80-100 Default client

Figure 45 - Retransformation matrix

Having calculated the percentage for all selectemhts and inserted the percentages in the

retransformation matrix, we arrive at the followirgsgults:

Number of clients

Default 80 % Threshold Result

TRUE TRUE TRUE 166

TRUE FALSE FALSE, TYPE | ERROR 95

FALSE FALSE TRUE 365

FALSE TRUE FALSE, TYPE Il ERROR 284

Figure 46 - Results for 80% threshold

The test of the existing Credit Risk Monitoring dnihation System in Section 4.3 showed a
success rate of default client detection of 14.7T#e fuzzy model has been based on a data
sample of 261 default and 649 non-default cliemd &@s success rate of default client
detection is about 63.6 %.

This rate is of course higher than that of the texgsCredit Risk Monitoring Information
System; however, the fuzzy model has also a corabtehigher error-rate: the percentage of
actual non-default clients identified as defauNPE Il ERROR) is 43.76 %.

The percentage of actual default clients not idiedtias such by the fuzzy model (TYPE I
ERROR) is about 36.4 %. The percentage of sucdbssfientified non-default clients is

56.24 %. To obtain a general picture of the succass, we can take the sum of the
successfully identified non-default and defaulerts and divide it by the total number of

clients:

365 + 166

= 0
910 X 100 = 58.35%
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This way, we obtain an overall success rate ofubey model of 58.35 %. However, we also
need to consider the results generated by retnanafmn matrices with different thresholds.

The table below indicates the values for a dethudshold of 50 % and more.

Default threshold %  Non-default Default TYPE | ERROR TYPE Il ERROR

50 179 240 21 470
60 300 200 61 349
70 340 177 84 309
75 352 169 92 297
80 365 166 95 284
85 460 106 155 189
90 532 65 196 117
95 608 27 234 41

Figure 47 - Fuzzy model values for various retrangfrmation matrices

The graph clearly shows that the accuracy of ndatdieclient detection increases with the
default threshold:

Number of correctly identified non-
default clients at various default
threshold percentages

700
600 —~ 608
500 /?64
w WE'
300 -
200 =179
100
0 . : : : : : : .
50 60 70 75 80 85 90 95

Figure 48 - Number of correctly identified non-defalt clients at various default threshold percentage

On the other hand, the number of successfully ifiett default clients decreases

substantially as the percentage threshold for disfhent identification increases.
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Number of successfully identified
default clients at various default

threshold percentages
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Figure 49 - Number of successfully identified defdticlients at various default threshold percentages

The curve for default clients not successfully iifesd (TYPE | ERROR) is very similar to
the curve for successfully identified non-defaliermts. This is logical: given the fact that the
curve for successfully identified default clientspees downwards with an increasing default
threshold, the trend of the TYPE | ERROR curve sdede exactly opposite.

Number of TYPE | ERROR clients at
various default threshold
percentages

250
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1

O T T T T T T T 1
50 60 70 75 80 85 90 95
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Figure 50 - Number of TYPE | ERROR clients at variousdefault threshold percentages
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The trend of the curve for TYPE Il ERROR clientsattis to say actual non-default clients

identified as default, is the same as the trenthefcurve for successfully identified default

clients.
Number of TYPE Il ERROR clients at
various default threshold
percentages
500

Q

400

300 —w

. \89\1

100 {

50 60 70 75 80 85 90 95

41

Figure 51 - Number of TYPE Il ERROR clients at variousdefault threshold percentages

Plotting all the above functions on a single graelps to gain a better picture of the curves
for the individual functions. This way, the relatship between the individual curves is easily
visible.
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Figure 52 - Curves for the individual functions bydefault threshold percentage

The graph above shows the accuracy of non-deféahtddentification increasing with the
rising default threshold percentage. The TYPE IRERR curve is almost inverse to the non-
default client curve. Similarly, the default clieatirve is essentially inverse to the TYPE |
ERROR curve. It is advisable to normalise the cureads to be able to compare the direct
relationship between them.

This is done by transforming the values into pet@ges (of the basis). The success rate of
non-default client identification is then expresseslthe number of identified non-default
clients for the given default threshold dividedthg total number of non-default clients. For a

threshold of 50%, the success rate of non-deféishtodetection is:

470 = 72419 %
649 :0

Similarly, the number of identified default clienfisr a given default threshold percentage
needs to be divided by the total number of defelidints, that is 261, in order to determine

the success rate of default client identificatiDizision by the total number of default clients
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is also used to compute the TYPE | ERROR rate,eviiYPE Il ERROR rate requires a

division by the total number of non-default client&e results are listed in the table below:

Default threshold Non-default Default TYPE I TYPE I Total success
ERROR ERROR rate
50 % 27.58% 91.95% 8.05% 72.42% 46.04%
60 % 46.22% 76.63% 23.37% 53.78% 54.95%
70 % 52.39% 67.82% 32.18% 47.61% 56.81%
75 % 54.24% 64.75% 35.25% 45.76% 57.25%
80 % 56.24% 63.60% 36.40% 43.76% 58.35%
85 % 70.88% 40.61% 59.39% 29.12% 62.20%
90 % 81.97% 24.90% 75.10% 18.03% 65.60%
95 % 93.68% 10.34% 89.66% 6.32% 69.78%

Figure 53 — Indicator-to-basis ratios

The total success rate means the indicator (whashbieen mentioned before) of the sum of
correct default and non-default identificationsided by the total number of clients in the
examined sample. As is apparent from the followgngph, the Total Success Rate indicator

has a tendency to grow as the threshold percemagases.

59



100,00%
93,68%
90,00% \I1.95% /85.66%
80,00% \ Aﬂ%
72429 7>,10%
70,00% N\Lemeh 70,88% 69,78%
60,00% Non-default
50.00% Default
, ()
~26,049%736,20% TYPE | ERROR
0, A0-619
40,00% / — w\ «=TYPE || ERROR
0, 4 0
30,00% 737 58% 32,18% 29, % Total success rate
20,00% 23,37% 2450%
- N
10,00% 10,34%
8,05% 6,32%
0,00% T T T T T T T 1
50 60 70 75 80 85 90 95

Figure 54 - Curves showing the identification sucas rate (in %) for the individual functions by thedefault threshold
percentages

Although the total success-rate curve is slopingards, it should be noted that while the
non-default identification increases with the irasiag threshold, the success rate of default
identification decreases considerably at the same. {Therefore, the preferences of the Bank

staff need to be considered when defining the fumagel retransformation matrix.

If a maximum capacity to identify default clients nequired — even at the cost of a higher
error rate resulting in an increased number of aeiault clients being identified as default —,
then a lower default threshold is appropriate -eum case a threshold of 50%. A balanced
evaluation could use the intersection of the ndiaue and default curves that is the 80 %

default threshold.

The testing conducted as a part of this thesisshasvn that the success rate of default
detection based on the fuzzy model is higher thah df the existing Credit Risk Monitoring

System but also that this higher efficiency is imgxh by the higher error rate of the fuzzy
model. Of course, identifying an actual non-defalignt as a potential default client seems
better than not registering a potential threat efladlt at all. However, the fuzzy model is

clearly lacking key variables, which would incredlse accuracy of client identification and,
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at the same time, eliminate errors. Another waysniprove the accuracy of the results

include the use of other statistical methods, sisch neural network.

Our analysis, like the one carried out bycknda a Vojtek (12) has considered clients with
one single loan only. There are a variety of wayaduressing the issue of clients with more
than one loan. Some variables, such as Salary, BuoflPersons in Joint Household, would
remain the same. There may, however, be some aliifes with respect to other variables,
such as the Amount of Instalment or the total AntoohLoan. These variables can be
combined or, as the case may be, added togetherm\o, the Length of Relationship before
applying for the loan variable needs to be conaded in a different way and the

assessment needs to be more comprehensive.

Such an assessment should take into account théh&tccombinations of certain variables

for different loans can:

- have a fixed character,
- have combinatorial character, or

- be void of any relationship between each other.

An analysis of different approaches to assessmasntnbt been possible due to the lack of
data for testing. The simplest approach to muHipén-client assessment consists in always
considering the highest percentage and its lingwstriable interpretation. This means that,
where a client has 3 loans, and the risk associat#dthe first one is 45%, the second one
56% and the third one 80%, the maximum risk vailee,80%, should be selected for further

analysis.

5.3. Corporate clients

Corporate clients include all companies satisfytimg criterion of being a legal entity (“legal
person”). The risk in companies can take the fofnproblematic (financial) discipline, as
other factors, such as off-balance-sheet commitsneeed to be taken into account. A

company in good financial health can easily los@asuit and become insolvent.
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Unfortunately, sufficient data is not available famalyzing and testing the corporate client

model, this chapter will therefore only discussappropriate credit risk model theoretically.

5.3.1. Commercial credit scoring products

The easiest option, of course, is to determinectieelit score of companies based on the
services provided by rating agencies, such as S8tdndnd Poor's, Moody's or Fitch.
Unfortunately, these renowned rating agencies staoover Czech and small enterprises and

the room for their use is thus very limited.

Other specialized products can be used for asgesSaech companies. These include
“Firemni Lustrator” (“Corporate Screening”) by Creditinfo Czech Repub{15). This

product is a commercially available and can be west#ter via a web browser or as a web
service enabling its integration in in-house infatimn systems. The use of the system is

subject to a fee: client use credits to pay fordisplay of specific data or pays a flat rate.
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Figure 55 - Screen capture of the “Firemni Lustratot application, adopted from (16)

Firemni Lustrator however, has a couple of drawback. It covers anlymited range of
companies, especially companies from the CzechSémnvbk republics to begin with. Banks’
clients may include foreign companies, but bankgirrg solely on this system essentially
cannot assess them. Another disadvantage is tagbrthciples based on which the system
operates are hidden. In practi€&emni Lustratoris a total black box, with Creditinfo Czech
Republic, s.r.0., responsible for its operation dadelopment but not publishing any models
or other details related to how scores are actuallgulated.

Also, any bank using the system makes itself depetnoln its provider, which carries risk. If
the Firemni Lustratoris unavailable or should Creditinfo Czech Repuylsic.o. close down,
the Bank's Credit Risk Monitoring Information Systewould be left without data on
corporate clients. However, if the Bank wishes tdsource its credit scoring operations,
Firemni Lustratoris a suitable product.



5.3.2. Risk assessment models

The Bank may deem it more appropriate to havews oredit scoring model for existing
loan clients — this is the typical scenario toddgjtek notes that “all banks design their own
rating models precisely because of the fact that weighting and variables need to
correspond to the time of development of the maael to the country where the data comes

from“(please see Appendix 4).

Several models can be used to assess the riskstmgxcorporate loan clients (11). Aziz and

Dar (11 pp. 6-22) give the following classificatiohthese models:

- Statistical models
- Atrtificially Intelligent Expert System (AIES) model
- Theoretic models

According to Aziz and Dar “statistical models ind&uunivariate and multivariate analyses of
which the latter dominates and uses multiple disicrant, linear probability, logit, and probit
models.” (11 p. 5)

Statistical models include Univariate analysis, Multiple Discriminant Analysid.inear
Probability Model, Logit model, Probit model, Curatite Sums procedure and Partial

adjustment process.

The AIES model chiefly draws on the principles of artificiatelligence. “Humans use their
intelligence to solve problems by applying reasgriised on the knowledge possessed in
their brains. Hence, knowledge plays the pivotd o human intelligence. Al, in order to be
as competitive as human intelligence or at leastparyable, should benefit from similar
knowledge in application of its reasoning to thelgem posed. Expert systems (ES) were

developed to serve this purpose for Al* (11 p. 12).
Aziz and Dar (11) further divide AIES into:

- Recursively partitioned decision trees (Inductearhing model)
- Case-Based Reasoning (CBR) model
- Neural Networks (NN)
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- Genetic Algorithms (GA)

- Rough sets models
Aziz and Dar describé¢heoretical models as “able to predict bankruptcy by looking at
distress conditions present in the firms. Howesanther way of approaching this problem is

to look at the factors that force corporationsadognkrupt” (11 p. 18).

Aziz a Dar distinguish the following theoretical deds:

Balance Sheet Decomposition Measure (BSDM) / Egttbpory
- Gambler’s Ruin theory

- Cash management theory

- Credit risk theories

- Balance Sheet Decomposition Measure (BSDM) / Egtthpory
- Gambler’s Ruin theory

- Cash management theory

- Credit risk theories

A much discussed method is the Altman Z-score hgitky model. The model was

developed by Edward I. Altman in 1968 and invol\@&@l companies divided in 2 groups.

Each group included 33 companies. The bankruptoymr Group 1 — chiefly consisted of
companies included in the bankruptcy petition ia Mational Bankruptcy Act between 1946
and 1965. The non-bankruptcy group — Group 2 — mvade up of companies with assets
between USD 1 and 25 million. The average valueooporate assets in Group 2 amounting
to USD 9.6 million was just a little bit higher tihahe average value for Group 1. Group 2

companies were still in business at the time ofaifiysis.

However, Altman’s bankruptcy model is obsolete.sTisi also noted by Vojtek: “Altman’s
model was developed based on a sample of compahi@sspecific time and in a specific
country. No bank is using it* (please see Appentjix

As the retail client analysis has shown, the fuamdel is not sufficiently accurate and has a
higher error rate. Although this has in all prollipbeen caused by the absence of a highly
discriminatory variable, neural networks couldlgilove to be a much better option (14 pp.
235-242).
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All models have their drawbacks and advantagesz Amd Dar give the following summary
of disadvantages of neural networks (NN) listethie paper by Altman and Varetto: “...long
processing time to complete the NN training stagguirement of having a large number of
tests to identify appropriate NN structure, and pn@blem of over fitting can considerably
limit the use of NN“ (11).

5.4. Summary of proposals and suggested solutions

This chapter examines the possibility of an autesaissessment of risk in existing retail and
corporate loan clients. Based on the data sampldenavailable, a calculation of the

information value was conducted in order to idgntifghly discriminatory variables.

These variables were then inserted into a transftbom matrix in keeping with the principles
of fuzzy logic. Next, all variables were enteredand percentages calculated for all state
matrices and then interpreted, based on a retnanafmn matrix, by linguistic variables. The
values for retransformation matrices were calcdldte default thresholds between 50% and
95%.

Although the capability of the fuzzy model for deteg default clients is much higher than
that of the existing Credit Risk Monitoring Systewhich has been the subject of analysis in
the preceding chapter, the higher error rate ofptloposed fuzzy model reduces the value of
the solution arrived at. The higher error rate rbaycaused by an unidentified variable with a
considerable discriminatory power which has notnbeeluded in the data provided by the
Bank.

The proposal for an automated solution for assgsia risk in corporate clients has been
discussed on a theoretical level only, as reledatd has not been available to duly test the
model. As in the case of retail clients, it is adle to consider the use of neural networks in

future.
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6. Conclusion

The main question put forward by this thesis was:

“Does the existing solution for assessing the mshkoan clients of the Bank lend itself to
automation and in what ways can the existing sofulie improved?*

In conclusion, the inappropriateness of the exgssiolution for automation can be confirmed.
The existing solution requires a personal approdble. scoring method used in the solution
results in a considerable discrepancy between inhaiV clients and makes it very difficult to
clearly establish the boundary between defaultreorddefault clients. The success rate of the
existing Credit Risk Monitoring Information Systei® only 14.7% and 19.2% at default
thresholds of 50 % and 25 %, respectively.

This thesis has developed a fuzzy model based zmy fset theory in order to optimize the
accuracy of default client identification. To ackeethis, data must be analysed as a first step
and then transformed into a format suitable fothier use. An analysis of the information
value of variables was conducted with the aim odlifng the highly discriminatory variables
and then a transformation matrix was created wthikee individual ranges were given

weightings.

As only retail client data was available in sufici quantity, the main part of the research
focused on retail, while the use of neural netwokies recommended for corporate clients.
The final success rate of default client identiiima arrived at under the fuzzy model for the
retail sector was considerably higher than thahefexisting Credit Risk Monitoring System,
achieving a success rate of up to 91.95%. Unfotélyathis increased success rate came at
the expense of much higher error rate, especialyi ¥ PE || ERROR, that is to say for the
type of error which involves non-default clientsigeidentified as default.

This does not need to be a major problem, as thk traght be better off with a false alarm
than with a risk client which has not been ideatlfi The thesis included a presentation of the
results for retransformation matrix default thrddsaf 50% to 95% in several steps.
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The higher error rate of the fuzzy model is causgdhe absence of a highly discriminatory

variable in the analyzed data. Such a variable evamsure an increased accuracy of the
outcomes, especially in terms of lower error rateshould also be noted that automated
processing requires quality data and is not abtake exceptions into account. It is therefore
necessary to have access to appropriate and c&anadherwise there may be unnecessary

errors.

In conclusion the accuracy of the fuzzy model wehpect to the detection of default clients
has been confirmed to be better than results ofethsting model; however further data
analysis is needed to identify other highly dis¢natory variables. Besides the fuzzy logic,

neural network is deemed to constitute a suitabkeanalysis method.

68



7. References

1. Hendl, JanKvalitativni vyzkum : Zakladni metody a aplika&®.edition. Praha : Portal,
2005. 408 p. ISBN 80-7367-040-2.

2. Disman, MiroslavJak se vyrabi sociologick& znaloBtaha : Karolinum, 2008. p. 374.

3. Volksbank CZ Volksbank Czech Republipnline]. 2011-05-03 [cit. 2011-06-12].
ANNUAL REPORT 2010. Available from WWW:
<http://www.volksbank.cz/vb/public/cd/24/4e/61/20306192_Annual_Report_Volksbank
CZ_2010_WEB.pdf>.

4. Dostal, Petr, Sojka, Zdé&n Financial Risk Managemendlin : Univerzita Toméase Bati ve
Zling, 2008. ISBN 978-80-7318-772-9.

5. Bessis, JoéRisk Management in Banking®' edition. Wiltshare : John Willey & Sons,
2010. 822 p. ISBN 978-0-470-01912-2.

6. Fabozzi, Frank.JThe handbook of mortgage-backed securit&sedition. New York :
McGraw-Hill, 2001. 950 p. ISBN 0-07-135946-X.

7. Volksbank CZ Volksbank Czech Republionline]. 2010 [cit. 2011-06-30]. Citizens.
Available from WWW: <http://www.volksbank.cz/vb/jfren/obcane/index.html>.

8. Volksbank CZVolksbank Czech Republionline]. 2010 [cit. 2011-06-30]. Companies.
Available from WWW: <http://www.volksbank.cz/vb/jfen/firmy/index.html>.

9. Volksbank CZVolksbank Czech Republnline]. 2010 [cit. 2011-06-30]. Entrepreneurs.
Available from WWW: <http://www.volksbank.cz/vb/jfen/podnikatele/index.html>.

10. Credit & Management Systen@@edit Research Foundatidonline]. 1999 [cit. 2011-06-
18]. Rules Based Credit Scoring Methodology. Aafaié from WWW:
<http://www.crfonline.org/orc/cro/cro-15-1.html>.

11. Aziz, Adnan M. and Dar, Humayon Rredicting Corporate Bankruptcy: Whither do We
Stand?online]. Loughborough : Loughborough UniversiB0Q04 [cit. 01 07 2011]. Available

69



from WWW: https://dspace.lboro.ac.uk/dspace-
jspui/bitstream/2134/325/3/DepartmentalPaper_Azizar_.pdf.

12. Katenda, Evzen, Vojtek, MartirCESifo Working Paper No. 28d2anline]. 2009 [cit.
2011-06-12]. Default Predictors and Credit Scoriigdels for Retail Banking. Available
from WWW: <http://www.cesifo-group.de/DocDL/cesifodip2862.pdf>.

13. Dinh, Thi Huyen Thanh and Kleimeier, Stefar@edit Scoring for Vietham’s Retail
Banking Market: Implementation and Implications foransactional versus Relationship
Lending International Review of Financial Analys&007, Vol. 16, 5. pp. 471-495.

14. Dostal, PetrPokraiilé metody analyz a modelovani v podnikatelstviei@jué sprav.
Brno : AKADEMICKE NAKLADATELSTVI CERM, 2008. 344 pISBN 978-80-7204-605-
8.

15. Creditinfo Czech Republi€reditinfo Czech Republic [online]. 2011 [cit. 2007-16].
Firemni  Lustratar Available from WWW: <http://www.creditinfo.cz/creitfo-

reseni/financni-a-kreditni-informace/creditinfodmni-lustrator/>.

16. Creditinfo Czech Republi€reditinfo Czech Republic [online]. 2011 [cit. 2007-16].
Firemni Lustratar Available from WWW: < http://www.creditinfo.cz/lilary/Files/Product-

Sheets/cz_firemni-lustrator_produktovy-list.pdf>.

17. Diaz-Serrano, Luidncome volatility and residential mortgage delinqgag across the
EU. Journal of Housing EconomicSeptember 2005, Vol. 14, 3. pp. 153-177.

18. Goodman, Allen C. and Smith, BrentResidential mortgage default: Theory works and
so does policyJournal of Housing Economiddecember 2010, Vol. 19, 4. pp. 280-294.

19. Karakoulas, GrigorisEmpirical Validation of Retail Credit-Scoring ModelThe RMA
Journal September 2004. pp. 56-60.

70



8. List of abbreviations and symbols

Abbreviation  Explanation ‘

v Information Value

s.r.o. A Czech private company form roughly correspondingthe British privatg

limited company (Ltd.).

NN Neural network

AIES Artificially Intelligent Expert System
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11. Appendices

11.1.Appendix 1 — Interview with Ing. Pavel Kozak

Interview with Ing. Pavel Koz&k, Project Manager of Volksbank in charge of the
development of the Credit Risk Monitoring Application. The interview was held on
16 May 2011.

Jiti Kobelka: Hello, may | ask you a few questionsareiing the Credit Risk Monitoring

Application?
Pavel Kozak: Hello, sure.
Jiti Kobelka: Could you please briefly describe theibess role of this application?

Pavel Kozéak: | work as an IT Project Manager, andparspective is, of course, limited to
what | pick up from the communication with the &it”, the end user, which is the Credit
Risk Management Department at our bank, but | dowkthat the main impetus for the
creation of this application was the fact that bla@k had a very elaborate system of credit
risk assessment for before accepting that riskatithto say for the evaluation of a client’s
loan application — while after the loan was given, dhat is to say during its repayment the
very same information sources were either no lota@ern into account or considered only to
a limited extent or with a periodicity that was tlmmg. Depending on what the individual
information sources allow for, this application bles us to update data, ideally on a daily
basis, and to immediately respond to the situati@ncourse the application monitors only
current loan clients from all client segments. Neitpotential nor former loan clients are kept
track of by the application.

Jiti Kobelka: And in case a client falls within thetegory of those with a loan default risk?

What steps can be taken by the bank then?

Pavel Kozak: It depends on the product, the typeliefit, specific contractual arrangements
as well as on the amount of the client’s totaliliibs and the quality of the security. There is,

of course, a difference between a consumer loanagd investment loans or development



projects. The rationale of the Credit Risk Monigriapplication is more that of providing
early warning and support for the decision makimgcpss. The final decision will not be
based only on this. We try to respond to our cieneeds as much as we can, but the bank

must have the capability to monitor risk and resptanit adequately.
Jiti Kobelka: On what data are the application’s assests based?

Pavel Kozak: Generally speaking, on data eithenftioe in-house systems of the Bank, such
as the main banking system, or from external satoeth sources available to the public or
non-public interbank registers. The individual s&as are then divided into positive or neutral
ones, which are shown in the application but afefumther assessed, and into negative ones
which are subject to assessment. There are eveatganstant nature for which there is no
numerical range; these include changes in the coygpaecord in the Commercial Register.
Such changes result in a fixed number of “pengiyihts. Then there are negative events that
are numerical for which individual point ranges alefined. These include the amount of
liabilities overdue, how long these have been awerar the extent of non-compliance with

the agreed contractual conditions and the like.
Jiti Kobelka: How exactly does scoring work and how pwoints defined?

Pavel Kozak: In principle, scoring is very simpks | have said, scoring is either fixed,
which means a constant number of points is awafded negative event, or based on the
scope of the event. Scoring usually takes placg onte as of the date when the negative
event in question is fed in the application. Thel@ation enables older events to be filtered
by the application. Employees of the Credit Risknisigement Department issue opinions on
the individual events. The number of points andhpanges applicable to negative events are
defined by the specialists of this department.

Jiti Kobelka: Does that mean that the Credit Risk Ntmimg application uses no specific

scoring model?

Pavel Kozak: It does not use a specific model yast We have used the application for our

in-house purposes for a relatively short periodlmdut two years, so we are trying to analyze



its benefits and considering potential future inyemments. But implementing a scoring model

would be perfectly adequate in this case.

Jiti Kobelka: Does the Credit Risk Assessment metloggolused by the application

differentiate between individual client segmentghsas retail, SMEs, municipalities?

Pavel Kozak: Not directly, scoring and coefficieate always the same, except that certain
data is not available for some types of clients antherefore not used. To give you an
example: there are differences between compantksndividuals in terms of what data they
disclose. When working with the application the @aksts of course take the client’s

segment into account.

Jiti Kobelka: When interpreting the results of theliprmary analysis provided by the
application, do you divide them into sample groups,instance between ten templates to

which every client can be assigned?

Pavel Kozak: We have not looked into such an im&tghion yet but we have considered a
similar solution which would help assign clientstamnatically according to pre-defined
templates. Currently, we have only drawn up a e@oplstandard scenarios, which look at the
correlation of negative events in more sourceseBam that correlation the real situation of
the client is easier to estimate. This allows uddtect cases which may not necessarily stand
out from the rest in terms of the total number périalty points” collected, but whose nature
makes it obvious that the firm’s health has detated.

Jiti Kobelka: What loan products are monitored by #pplication? Mortgages, current
account overdrafts, revolving credits? And whahesdefinition of a loan client?

Pavel Kozak: We monitor all current loan clientgaelless of the product type. A loan client
is any individual or entity for which there areigetprovisions recorded in the balance sheet

or off-balance sheet of the bank, both before trahaturity.

Jiti Kobelka: When a Bank monitors the risk associat#ll its current loan clients, what can
it, as a matter of course, actually do under thstiexy agreements if it finds out that the risk
associated with the client is significantly highkan it originally was at the time when the

loan was granted?



Pavel Kozak: The goal is not to punish the clienamy way, the goal is simply to protect the
Bank’s claims effectively and early. The applicatidoes not change the procedures with
respect to the client, it only makes them fasteoréVprecisely, it improves the accuracy of

their targeting. All possible options are naturatigluded in the contractual conditions.



11.2. Appendix 2 — Variable definitions by Katenda and Vojtek

The following list of variable definitions is ad@ut from Ka@&enda and Vojtek papers (12).

Socio-demographic variables

Sex

Sex of the client, categorized variable

Marital status

Status of the client, single/married, categorizadable

Date of Birth

Date of birth of client

Sector of employment

The sector in which the client is employed, categal

variable

Type of employment

Type of client's employment, categorized variable

Education

The highest attained education of client, categarivariable

Number of employments

The total number of employments in the last 3 year

Employment position

The position of client in employment, categorizediable

Years of employment

The number of years in the current employment

Credit ratio 1

Ratio of Expenditures/Income of client

Credit ratio 2

Ratio of (Income-Expenditure)/Living Wage of client

Region

Post Code of region of client’'s address

Bank-client relationship variables

Type of product

Type of product/loan

Number of co-signers The Number of co-signers for the curré
loan

Purpose of loan The declared purpose of loan, categori
variable

Loan Assurance The type of credit risk mitigation

categorized variable




Points

The characteristics of client’'s behaviour

the current account

Own resources

Declared own resources, in percentage

total amount needed

Amount of loan

The total amount of loan granted

Date of account opening

at

of

The year when client opened an account in

the bank

Date of loan

The year in which the loan was granted

Length of the Relationship

The length of client/bank relationship at t

time of loan application

Vi

he



11.3. Appendix 3 — Information values of variables by Ké&enda and Vojtek

The following list of information values of variad is adopted from Kenda and Vojtek

papers (12).

Own resources

Date of account opening
Length of the relationship
Points

Education

Purpose of loan

Years of employment
Sector of employment
Credit ratio 1

Number of co-signers
Amount of loan

Marital status

Region

Employment position
Type of employment
Credit ratio 2

Date of Birth

Sex

Loan assurance

Type of product

Number of employments

1.462601
0.631346
0.601787
0.502122
0.359725
0.279959
0.136041
0.188681
0.175810
0.131135
0.123972
0.112809
0.093896
0.063872
0.055486
0.052161
0.047698
0.039528
0.036422
0.022380
0.021004

Vil



11.4. Appendix 4 — Interview with Mgr. Martin Vojtek, PhD .

Interview with Mgr. Martin Vojtek, PhD., co-author of Default Predictors and Credit
Scoring Models for Retail Banking(12). Mgr. Martin Vojtek, PhD., works as the Head
of Quantitative Validation Team at the Financial Market Supervision Department of the

Czech National Bank.

Jiti Kobelka: The paper which you co-authored dessribe data sample you used as retail
clients of an undisclosed bank with a single |ddave these clients been checked in terms of
whether they have another loan at another bankutish in parallel, for instance by means
of the BRCI (Bank Register of Client InformatiolBa&nkovni registr klientskych inform&

Mgr. Martin Vojtek, PhD.: The paper is unfortungtef a slightly older date, and the sample
is therefore older as well (the sample is from 23@WW6, if | remember that correctly). At
least at the beginning of that period the BRCI was fully operational. Also, I am not
absolutely sure what the setup of the bank proe=dlaoked like, and so | cannot tell you
whether such verification was carried out at thekbaVhen we received the data, it had
already been rendered anonymous, and so we cotildenéy that ourselves (via BRCI or

another institution).

Jiti Kobelka: Based on what did you select the soeimagraphic and the bank-client

relationship variables? If it had been possibleyMqou have used other variables as well?

Mgr. Martin Vojtek, PhD.: The long list of varialdeve used was essentially everything the
bank had at its disposal at that time: we of course the socio-demographic variables from
the applications (the bank probably did not colledre data than that); moreover the bank
was not really prepared for a reasonable collectbibehavioural characteristics (account
turnovers, etc.), the main reason being that it m@sentirely a standard retail bank. | would

have certainly used more behavioural variableshfad been possible.

Jiti Kobelka: How can the results of your work be &pin a situation where the client has
multiple loans? If the socio-demographic variablasain the same, then by, say, means of a
simple selection of the lowest value of each singleable with respect to the resulting values

of every loan?

viii



Mgr. Martin Vojtek, PhD.: We probably need to difatiate between multiple loans at one
bank and at several banks. In the first case ¢ifdink has complete information) more loans
can be taken into account by means of assessingigmt’s creditworthiness (if all of them
are repaid in instalments). It also makes sengevelop a specific model for each loan type
(mortgages, credit cards, consumer loans, etad)eaaluate the client based on these partial
models, where appropriate. In the other case thg option is probably to rely on the

information from the BRCI and similar sources.

Jiti Kobelka: Do you think that Altman’s bankruptcy deb for corporate clients is still up to

date and suitable for assessing risk in existiag idients?

Mgr. Martin Vojtek, PhD.: Altman’s model was devp&r based on a sample of companies at
a specific time and in a specific country. No b@nksing it: all banks design their own rating
models precisely because of the fact that the wieigland variables need to correspond to
the time of development of the model and to thentguwhere the data comes from. In
reality, however, there are regular structural ¢gesnand there is therefore no reason why a

model calibrated 40 years ago should work today.

Jiti Kobelka: Do you think that it makes sense to lémkpatterns in the products of existing

clients?

Mgr. Martin Vojtek, PhD.: It certainly does makense, the behaviour of clients, for instance
as far as mortgages are concerned, differs raglifralin their behaviour with respect to credit
cards (to make a long story short: clients ten@it@ out their last penny for their home,
because they may just as well lose it, while feddrcards they have found out that they can
get away with relatively little damage when theyrdi pay). My experience is that it is very
common to develop retail models based on speciforiycts precisely because of these
differences in client behaviour. A more refinedtidistion does, however, seem useless, | do
not think that the behavioural patterns are thathmdifferent for, say, consumer loans for

cars and consumer loans for furniture.



11.5. Appendix 5 - Variables commonly used in retail cred scoring models
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Figure 56 - Variables commonly used in retail crediscoring models, source: (13)



11.6. Appendix 6 — Formulas for the calculation of the idlividual variables

in the transformation matrix

Number of Current Account Years

=IF(E270<2;9;IF(E270=2;45;IF(E270=3;146:IF(E270-8B1F(E270=5;103;IF(E270=6;103;
IF(E270>6;115:9)))))))

Salary

=IF(AZ270="NULL";112;IF(AZ270=0;112;IF(AZ270="NULL"112;IF(AND(AZ270>0;AZ2
70<20001):22;IF(AZ270>20000:8;112)))))

Regular Income
=IF(CI270="NULL";109;IF(CI270="NULL";109;1))
Housing Type

=IF(AN270="NULL";94;IF(AN270="NULL";94;IF(AN270=1; B;IF(AN270=3;15;IF(AN27
0=2;12;IF(AN270=4;2;IF(AN270=5;1;IF(NEBO(AN270=6;AN0=7);3:94))))))))

Education

=IF(AO270="NULL";90;IF(AO270="NULL":90:IF(AO270="NU.L";90;IF(NEBO(AO270=
1;A0270=4):3:IF(A0270=2;17;IF(AO270=3:18;IF(AO27075F(A0270=6:1;90))))))))

Amount of Loan

=IF(0270<100000;37;IF(AND(0270>99999;0270<300000)B(AND(0270>299999;027
0<800000);37;IF(AND(0270>799999;0270<1200000); 2ANRD(0270>1799999;0270<3
000000);30;IF(AND(0270>1199999;0270<1800000);4@IE{0>2999999;44;

Current Account
=IF(BZ270="NULL";44;IF(BZ270=" NULL";44;IF(BZ270=044;IF(BZ270=1;59;44))))

Amount of Loan Instalment

Xi



=IF(AP270="NULL":57;IF(AP270=0;57:IF(AP270="NULL"B:IF(AND(AP270>0;AP270<
5001):20;IF(AND(AP270>5000;AP270<9001);8;IF(AND(ARZ>9000;AP270<20001):9;1F(
AP270>20000:5:57)))))))

Employee
=IF(AR270="NULL";37;IF(AR270=" NULL";37;IF(AR270=044;IF(AR270=1;50;37))))
Length of the Relationship

=IF(Z270<=0;20;IF(AND(Z270>0:Z270<=1):49;IF(AND(ZB?1;2270<=3);10;IF(AND(Z2
70>3:Z270<=5):6:IF(AND(Z270>5:2270<=10):9:IF(Z2703:4:20))))))

Number of Persons in Joint Household

=IF(AM270="NULL";46:IF(AM270="NULL":46;IF(NEBO(AM270=3;AM270=5);2;IF(AM
270=1;14:IF(AM270=2:6;IF(AM270=4;3;46))))))

Own Resources

=IF(CH270="NULL":41;IF(CH270=0;41;IF(CH270="NULL";%;IF(AND(CH270>0;CH270
<50000);2;IF(CH270>499999:1:41)))))

Employment Contract

=IF(AX270="NULL";38;IF(AX270=" NULL";38;IF(AX270=10;IF(AX270=2;2;38))))

Xii



