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Abstract: This article deals with the issue of managing bank credit risk using a cost risk model.
Modeling of bank credit risk management was proposed based on neural-cell technologies, which
expand the possibilities of modeling complex objects and processes and provide high reliability
of credit risk determination. The purpose of the article is to improve and develop methodical
support and practical recommendations for reducing the level of risk based on the value-at-risk
(VaR) methodology and its subsequent combination with methods of fuzzy programming and
symbiotic methodical support. The model makes it possible to create decision support subsystems for
nonperforming loan management based on the neuro-fuzzy approach. For this paper, economic and
mathematical tools (based on the VaR methodology) were used, which made it possible to analyze
and forecast the dynamics of overdue payment; assess the quality of the credit portfolio of the bank;
determine possible trends in bank development. A scientific and practical approach is taken to assess
and forecast the degree of credit problematicity by qualitative criteria using a mathematical model
based on a fuzzy technology, which can forecast the increased risk of loan default at an early stage in
the process of monitoring the loan portfolio and model forecasting changes in the degree of credit
problematicity on change of indicators. A methodology is proposed for the analysis and forecasting
of indicators of troubled loan debt, which should be implemented as software and included in the
decision support system during the process of monitoring the risk of the bank’s credit portfolio.

Keywords: bank credit risks; credit portfolio; observation; simulation modeling; bank expenses;
rating; default

1. Introduction

Lending is one of the main types of banking operations, which plays a crucial role
in meeting the ever-growing consumer needs of the real economy and contributes to the
production and socio-economic development of the country. Its dynamic development
and the variety of forms and types of bank credit show that banks have a substantial
interest in lending, as a source of high profit, and there is a constant demand from business
entities. An increase in the lending volumes contributes to economic growth. Alongside
this, the provision of bank loans is a fairly risky activity, and most of the risks associated
with it are objectively inherent to the lending process. Therefore, the further development
of bank lending depends, to a large extent, on the level and quality of risk management
that banks are exposed to during this activity.

Over the past few years, the role of bank lending in meeting the needs of business
entities has been constantly growing, which increases its influence on the financial results
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of bank activities. Therefore, banks are paying more and more attention to credit risk
management, and, in particular, credit and operational risks. Banks must deepen their
awareness of the importance of risk management for the development of their business and
develop and introduce clear procedures for granting loans using the corresponding tools
to develop a risk management system with consideration of the best global experience.

Nonetheless, lending continues to develop in many banks based on extensive ap-
proaches. The most widespread method of minimizing the risk used by the commercial
banks is overstating the interest rate or establishing various types of surcharges (commis-
sions) for using the loan, as a result of which there is a transfer of credit risk onto the
responsible borrowers (Wilhelmsson and Zhao 2018). Apart from that, many banks do not
have an appropriate level of organization for the monitoring and forecasting of operational
risks due to the fact that the risk managers do not see them as a real threat, except for fraudu-
lent actions of the borrowers or bank staff (Drobyazko et al. 2020a; Nosratabadi et al. 2011).

In the course of their activity, commercial banks may find themselves in a situation
of high credit risk, which leads to them using systematic methods and approaches to risk
identification and forecasting. (Maechler et al. 2007). The lending process is associated
with the actions of numerous risk factors that can cause the non-repayment of a loan
by a borrower within a specified period. The lending risk of a commercial bank can be
minimized by carefully analyzing these factors (Chun and Lejeune 2020).

In a previous work (Giordana and Schumacher 2017), it was noted that an appropriate
and objective assessment of a borrower is extremely important in the lending process of a
bank, which is determined by creditworthiness and level of lending risk. The reliability
of this assessment significantly affects the results of specific loan agreements and the
efficiency of the lending activity of a bank as a whole. The accuracy of the assessment
is also important for a borrower, as a decision to grant a loan and the possible amount
depend on it.

As indicated in a previous study (Allen and Luciano 2019), a qualitative analysis of
the financial indicators of a financial institution allows the bank to obtain the necessary
information on credit risk. The analysis shows exactly how the financial institution operated
in the previous period, and this gives an assumption about future operations, i.e., whether
borrowers will be able to repay credit obligations to a bank.

Credit risk assessment for a commercial bank takes into account the legal and economic-
financial aspects of a borrower, the quality, availability, and sufficiency of credit collateral,
which is a precondition for a borrower to obtain credit funds, as well as their repayment
within a specified period (Richard 2006). For the bank, the purpose of a credit risk assess-
ment is to obtain a qualitative assessment of the activity of a borrower, based on which a
decision is made whether to lend or terminate credit relations. In determining the lending
risk of a financial institution, the purpose of assessing the financial condition of a borrower
is to recognize the possibility of the repayment of debt on the loan from internal sources.

Credit risk is often associated with default—the inability or unwillingness of a coun-
terparty to comply with obligations on time and/or in full volume, which leads to violation
of the terms of the contract and allows the creditor to begin debt repayment procedures.
A comprehensive analysis of the credit risk should not only include an assessment of the
probability of bankruptcy of the counterparty, but also consider the occurrence of credit
events that lead to the deterioration of the creditworthiness of the borrower or the credit
properties of financial instruments. The existence of risk is not always a cause for concern.
Risks are considered justified if they are clear, controlled, and can be measured, and corre-
spond to the bank’s ability to quickly respond to negative circumstances. Unjustified risk
may arise from intentional or unintentional actions. If the risks are unjustified, the risk
managers should engage with the management and supervisory board of the bank, encour-
aging them to mitigate or eliminate these unjustified risks. The measures that the bank
should implement, in this case, include the reduction in the sums at risk and an increase in
the capital or strengthening of the risk management processes (Maechler et al. 2007).
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The specified reasons and realia of bank lending practice demonstrate the need for
considerable improvements to the processes of credit risk management in the banking
sector, considering the introduction of appropriate models and granting them the status
of system integrators and protectors of credit fund losses. In this context, the study of
forms, methods, and tools for managing bank lending risks, and the development of
methodological foundations for the control of bank lending credit risks is relevant both
from a scientific and practical point of view.

The research objective is focused on the improvement and development of method-
ological support and practical recommendations for lowering operational risk levels in
crediting commercial banks and the improvement of the value-at-risk (VaR) methodology
for the assessment of credit risk.

2. Materials and Methods

Many business entities operate in the conditions of a market economy, and a commer-
cial bank is one such example, so in terms of its activities, the goal of a bank is to maximize
profits. As noted by Duffie and Pan (1997) and Michta (2005), all credit institutions are
aware of the need to analyze and manage risks in the course of credit operations over time.
Researchers such as Chun and Lejeune (2020) and Moore and Zhou (2013) insist that a
commercial bank should develop a risk profile to identify the risks that threaten the bank
and the level of risk it can tolerate. Such measures are required to balance the yield-to-risk
ratio at such a level that the bank does not default.

In the works of Steiner et al. (2006), it is noted that an important step in determining
the risk profile is to control the risks and to find the means that can keep them at the
desired level. This is required to assess all the risks that may arise from attempts to increase
profitability, the search for business line and product line expansion, as well as increase the
customer base.

Segoviano and Goodhart (2009) define three fundamental stages in the risk manage-
ment system: (1) risk analysis (risk identification and risk assessment); (2) risk control
(credit risk monitoring); (3) risk minimization (risk mitigation).

The definition of “risk analysis” consists of the initial identification of credit risk,
as well as of its subsequent evaluation. In fact, credit risk analysis is about identifying
parameters that increase or directly reduce a particular type of risk when performing
specific banking transactions (Turnbull 2018). It follows that credit risk assessment is the
measurement of its level by qualitative and quantitative methods.

Ronald and Sundaresan (2000) note that the magnitude of credit banking risk is
nothing more than an estimate of the risk in value that can be expressed as the maximum
amount directly lost by a bank as a result of varying risk factors over a period of time.

After identifying the risk as a threat of bank loss, where the level of risk is determined
by the size of the loss, we can analyze the probabilistic meaning of this concept. In conclu-
sion, credit risk can be determined from a loss analysis with a sufficient degree of accuracy
(Arici et al. 2019; Drobyazko 2020). As a result, the major part of credit risk assessment is
based on probability theory, which is a systematic statistical method of determining the
probability that an event may occur in the future, expressed as a percentage.

In the methodological aspect, the authors state the same type of scientifically based
methods for assessing the creditworthiness of the borrower and the risk of repayment of
loans and making decisions regarding the possibility and conditions of lending; this can
lead to a deterioration in the quality of the bank’s loan portfolio. There is a range of special
methods that can be used in assessing the risk of lending to financial institutions, the most
common of which are: the statistical method, the method of analyzing the feasibility of
expenses, the method of expert estimates, the analytical method and the method of using
analogues. The assessment of the industry risk of financial institutions, assessment of
client risks, and calculation of competitive risks are examples of the statistical method’s
use in practice. This method enables the analysis and assessment of scenarios for the
implementation of specific activity of financial institutions.



J. Risk Financial Manag. 2021, 14, 211 4 of 15

In the banking sector, the average expected value and standard deviation indicators
are widely used as a criterion in the qualitative assessment of the risk of crediting financial
institutions’ activities. The method of cost and benefit analysis, which are grounded in the
fact that there are expenditures for each particular activity of financial institutions, as well
as for their elements, has different levels of risk (Steiner et al. 2006)—that is, the degree of
risk of different activities of one financial institution and the degree of risk of its individual
elements of expenses within the same activity of the financial institution are different.

Based on the expert assessments, one efficiently solves the following important risk
analysis tasks: identification of sources and causes of risk, identification of all possible risks,
identification of areas of risk reduction, creation of scenarios in case of risk realization, fore-
casting of competitors’ actions, etc. The heuristic methods include widely known methods,
which are used in international practice: the BERI methodology and the methodology of
the Swiss Banking Corporation (Slovik and Cournède 2011). These have a global nature
and enable the possibility to determine the degree of risk of the entire economy, but not a
specific financial institution.

The analytical method is a kind of combination of statistical assessment and the
principles of expert analysis. The work of Twala (2010) defines this method as a system
of statistical assessments based on a preliminary expert selection of the key parameters
for further analysis of the impact of factors on them. The analogue method is used when
other risk assessment methods are unacceptable. This method is most useful when it is
necessary to identify the degree of risk of any innovative activity of a financial institution
in the absence of a basis for comparison, but this method usually takes into account only
one activity—innovation (Yan et al. 2021). In the present study, an integrated approach
will be used, which will be formed on the elements of analytical and statistical methods
for expansion of the scope of the value-at-risk (VaR) methodology of assessing the credit
risk of the bank and assessment of their impact on the likelihood of bankruptcy of a
commercial bank.

The hypothesis of the study is that the complexity of identifying and processing
different types of credit risks in the activity of a commercial bank requires a symbiotic
use of modern and proven methods and techniques. However, the authors consider it
necessary to introduce into the complex practice of the model risk assessment both value-
at-risk (VaR) and neuro-fuzzy methods. It is their combination that can take the quality and
accuracy of credit risk identification and prevention for banks to a new level and provide
an opportunity to minimize both risk losses and operating costs for technologies and risk
management processes.

3. Results

The authors believe that the bank’s credit risk management system (Figure 1) should
ensure flexibility, integrity and integration cooperation of organizational, institutional and
methodological components, as well as coordination of the activities of the corresponding
responsibility centers of the bank, combined with the target and functional subsystems,
under formation and support of the optimal system by the structure and quality of the
bank’s loan portfolio and the performance of banking activities following the main priority
objectives of the bank’s loan policy.

The authors deepened the methodological approach to classification of the borrower’s
credit risk factors, according to which they are identified at the micro and macro levels
with simultaneous distribution of the factors of general action and factors specific to a
certain borrower. Such an approach provides for an increase in the speed of management
decisions due to the formation of a two-level system for managing the bank’s credit risk;
this makes it possible to differentiate management tools into: general (by all components
of the loan portfolio to eliminate the negative impact of common factors) and specific (for
the country; the localization region of borrowers’ business interests; the type of economic
activity and industry; the borrower’s business, product or service) (Protter 1990).
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Figure 1. The system of the bank’s credit risk management. (Adapted with permission from Arici et al. 2019; Chun and
Lejeune 2020).

Thus, for example, the factors specific to a certain type of economic activity or industry
are found in basic properties such as (Gupta and Chaudhry 2019): (1) the borrower’s
resistance to macroshocks—i.e., a change in the profitability of activities and sales volumes
under the influence of negative changes in macroeconomic factors, which is determined by
the technical and technological characteristics of the organization of activities in a certain
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industry with the corresponding spending structure; (2) the level of dependence of the
borrower’s default losses on the average liquidity of the property of enterprises in the
industry with consideration of the related collateral concentration; (3) correlation between
the probability of defaults of the borrowers which have the same industry affiliation, which
increases when crisis events occur in the economy.

3.1. Value-at-Risk (VaR) Methodology for Conducting a Bank Credit Risk Assessment

The purpose of the study was to assess the default risk of a commercial bank credit
portfolio using the VaR methodology. The VaR methodology is nothing more than an
estimate of the magnitude of the losses directly expressed in the base currency, and which,
with a set confidence probabilities, will not exacerbate the loss of the credit portfolio over a
certain period of time:

P
{

Lossp ≺ VaR
}
= p (1)

where Lossp—the amount of losses by a portfolio, p—a set confidence probabilities.
The confidence level as well as the length of time for which this indicator should be

calculated are the main parameters in calculating the VaR estimate. The confidence level
can be selected in accordance with regulations established by regulators or a direct risk
attitude (Bedin et al. 2019). The time over which a commercial bank credit portfolio has not
changed significantly is used as a time horizon.

To calculate the quantitative estimate of the risk arising from bank credit operations,
it is necessary to first build an empirical function of distributing monetary losses for
the selected credit portfolio and then to calculate the VaR directly as a quantile of the
required order. The most popular methods of calculating the VaR are: Monte Carlo experi-
ment method, analytical method, as well as historical modeling method (Cochrane 2011;
Drobyazko et al. 2020b).

In accordance with VaR methodology, credit risk is the maximum possible loss of
a bank for a specific credit portfolio, with a given level of confidence probability. The
maximum losses can be divided into what the bank expects (Expected Loss, ELp), and those
that are unexpected (Unexpected Loss, ULp):

VaRa = Expected_Loss + Unexpected_Loss (2)

The calculation of expected and unexpected losses is actually the main task in the
analysis and assessment of credit risk for a portfolio (Richard 2006). This implies that the
expected bank losses are nothing more than the average credit loss incurred by a borrower
in defaulting in full. The unexpected losses show the deviation of the expected average loss.

3.1.1. The Calculation of Expected Losses (Expected Loss, ELp)

The expected losses are nothing more than a mathematical expectation of losses in the
event of the borrower defaulting on its obligations. The following formula calculates the
expected portfolio losses for each borrower:

ELp =
N

∑
i=1

(PDi × CDi × (1− RRi)) (3)

where

PDi (probability of default)—the probability that the default of the borrower will occur—
namely, the likelihood that the counterparty will not fulfill the terms of the contract in a
certain period;
CDi (credit exposure)—the value of assets that are at risk at the time of default;
RRi (recovery rate)—the level of compensation for the losses incurred and the share of debt
that can be repaid in the event of borrower default through the performance of guarantees,
collateral, etc.
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Assessment of the likelihood of bankruptcy of each borrower is one of the biggest
problems in calculating the level of expected losses. Many studies based on models of
discriminant analysis, neural networks, rating systems, as well as logit and profit models
are devoted to this topic.

The metric PDi can be found in two stages:

(1) During the first stage, information on statistics for credit operations of a commercial
bank should be collected, and a complete analysis of the factors that directly affect
the likelihood that the borrower may not repay the credit should be the next step.
Regression analysis is an effective research tool at this time (Frahm and Huber 2019).
As a result, a specific logit model should be constructed, which shows the direct de-
pendence of the individual borrower default case on certain available characteristics,
where the default data of commercial bank borrowers over the last three years are
taken as a basis.

(2) The second stage is characterized by the choice of a particular method that will
be the basis for assessing the probability of default of each borrower. As a result
of the estimated probability of default of each borrower, the expected losses will
be calculated.

3.1.2. The Calculation of Unexpected Losses (Unexpected Loss, ULp)

The unexpected losses are nothing more than a direct deviation from the level of
average expected losses, and also determine the degree of risk of the credit portfolio.
The calculation of unexpected losses is made by Formula (4):

Unexpected_Loss = VaRa − Expected_Loss (4)

Within this article, it was decided to select the 98.8% confidence level for calculating
the VaR, which satisfies the Basel Committee requirements and its recommendations. As a
rule, the time horizon of calculating the VaR for commercial bank credit portfolios is one
year. You cannot determine if the distribution of losses for the credit portfolio can be directly
referred to one of the known classes of distributions. The losses for the credit portfolio
cannot exceed 100%, and, compared to the normal distribution, their distribution can rather
often have “heavy tail areas”. Such default data are aggregated into a portfolio, resulting
in an aggregate estimate of portfolio losses. Initially, a large number of simulations of the
level, the aggregate costs, are generated, on the basis of which the next step will be to build
an empirical distribution of losses for the portfolio (Krkoska and Schenk-Hoppé 2019;
Pacelli and Azzollini 2011).

3.2. Conducting a Computational Experiment and Analyzing the Results

We will conduct a risk analysis of the bank credit portfolio using the above scheme.
The aggregate of outstanding balances for active bank credit transactions at a particular
date is a credit portfolio. A corporate credit portfolio of a commercial bank, which is
an aggregate of credits to individuals, will be considered. At the date under review, the
bank credit portfolio consisted of 100 credits totaling EUR 57 million. The empirical basis
of the study was the lending activities of the joint-stock commercial bank “Monobank”
(Ukraine). The selection of this bank is justified by the fact that this bank uses the model of
a “virtual bank” and provides banking services through a digital format of interaction with
customers. The bank “Monobank” has the greatest need to develop a system for assessing
and forecasting credit risks, especially on the basis of neuro-fuzzy technologies in the VaR
risk model.

3.2.1. The Calculation of Expected Losses (Expected Loss, ELp)

The first step was the task of analyzing statistics of direct credit operations of a
commercial bank for previous periods for the analysis and assessment of credit risk. In the
course of the study, the data on credits issued by a commercial bank to borrowers over a
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one-year period were processed. The sample size was 100 issued credits (Maechler et al.
2007). We had the following information on each specific borrower:

- the amount of credit received;
- the internal credit rating of a borrower;
- the presence/absence of credit history;
- data on the financial statements of a borrower.

Additionally, information about defaults on obligations was provided. In this study,
the following events were considered a default: (1) credits with overdue principal debts
and/or interest arrears exceeding 30 days; (2) credits to borrowers for which bankruptcy
proceedings have been initiated or the process of liquidation is in progress; (3) credits to
borrowers known for the facts of significant defaults on obligations to their counterparties.

In the commercial bank, which is considered as an example, the rating system of anal-
ysis and assessment is used as a basis, making it possible to check the creditworthiness of a
borrower. This methodology is based on both qualitative and quantitative characteristics
of customers (Twala 2010). These include financial statements as well as the credit history
of a borrower and more. You cannot disclose the actual list of parameters and weight ratios
that make up the rating. At the end of the analysis, each borrower is assigned a certain
credit rating and is included in a particular risk group (Mishura 2008). Totally, there were
five credit risk groups defined: A, B, C, D and E, where group A is made up of the most
reliable borrowers and group E is made up of the riskiest ones. It is indicated in Slovik
and Cournède’s work (2011) that credit history is a history of financial relations between
the borrower and banks, which directly indicates the repayment of obligations the former
has assumed.

By using the default rate of a particular credit risk group, you can calculate the
probability of default (Angelini et al. 2008). For example, if we consider the group of
borrowers with the highest rating A, and also assume that within the group of borrowers
NA there are the ones NDA that have not repaid their obligations to the bank, then as a
result we will have an estimate of the probability of default of the group of borrowers by
the formula of Protter (1990):

P(D)A =
NDA
NA

(5)

where P(D)A—estimation of the probability of default of borrowers with a certain rating;
NDA—the number of defaults of borrowers in the group;
NA—the total number of companies in the group.

After carrying out the procedure for each risk group, we directly obtained a table of
the ratio of the level of default and the ratings of borrowers.

At the next stage, based on the data obtained, we solved the problem of calculating
the expected losses of the analyzed credit portfolio (Allen and Luciano 2019). The expected
losses are calculated by the formula:

ELp =
N

∑
i=1

(PDi × CDi × (1− RRi)), i = 1 . . . . . . 100 (6)

where:

PDi (probability of default)—the probability that the borrower will not fulfill the terms of
the credit agreement in due time. Each borrower is given a credit in accordance with the
rating he has;
CDi (credit exposure)—the value of assets at risk at the time of default. However, due to
the lack of more detailed data, in this study, only the amount of current debt owed by the
i-th borrower was used;
RRi (recovery rate)—the rate of recovery, or the proportion of debt that, in the event of
default of the borrower, can be repaid by executing guarantees, collateral, etc. A certain
rate of recovery has been set for each category by way of peer review (Table 1; Table 2).



J. Risk Financial Manag. 2021, 14, 211 9 of 15

Table 1. The ratio of the level of default and the ratings of borrowers.

Rating Probability of Default

A pA = 0.08
B pB = 0.13
C pC = 0.17
D pD = 0.21
E pE = 0.33

Table 2. The structure of the credit portfolio of a commercial bank.

Bank Credit Portfolio

Credit Rating Number of
Borrowers

Number of
Defaults

Amount of
Credit, UAH

Probability of
Default

A 12 1 6,200,000 0.083333333
B 23 3 10,900,000 0.130434783
C 42 7 2,500,000 0.166666667
D 17 3 13,500,000 0.176470588
E 6 2 2,400,000 0.333333333

Total 100 15 35,500,000

The expected losses were calculated for each borrower in the above portfolio ELi and
for the credit portfolio ELp as a whole. The expected losses for portfolio ELp amounted to
EUR 7.35 million or 13.1% of the portfolio volume.

3.2.2. The Calculation of Unexpected Losses (Unexpected Loss, ULp)

In order to estimate the level of unexpected losses for a portfolio, it is necessary to
calculate VaR. Let us consider the algorithm of credit risk assessment of the portfolio using
the Monte Carlo method (Ghodselahi and Amirmadhi 2011). The modeling algorithm
consists of the following steps:

(1) For every borrower of each class, random variables evenly distributed in the
interval from 0 to 1 are generated (Table 3):

ξk ∈ R_0, 1, i = 1, . . . , NA (7)

where

NA—the number of borrowers with a certain rating in a bank credit portfolio;
k—number of repetitions of algorithm steps, = 1, . . . , 10,000.

Table 3. Expected losses for a credit portfolio of a commercial bank.

Amount of Expected Losses for a Portfolio

Portfolio under review Amount of expected losses R(i)
EL(A) 2,930,000.4 0.46
EL(B) 1,500,000
EL(C) 4,050,000
EL(D) 2,412,000.9
EL(E) 77,800
EL(P) 73,500,000

EL(P)= 13.1%

(2) Based on the dependency of defaults of a borrower on the rating assigned to him,
the level of losses for each borrower belonging to a particular group is calculated (Han and
Kamber 2006). In the model, it is considered that a default occurrence is an exceedance
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of the probability by a randomly generated value, which adds up to 1, the probability of
default of the respective rating group (Tables 4 and 5):

Lk
i =

{
CEi_i f _1 � ξk

i ≥ 1− P(D)_risk_group
0_i f _1 ≺ ξk

i ≺ P(D)_risk_group
(8)

where Lk
i —the level of losses of the borrower.

Table 4. Example of calculation using the Monte Carlo method.

N(A) k = 1 k = 2 k = 3 k = 4 k = 5

1 0.91 0.71 0.17 0.88 0.65
2 0.99 0.43 0.51 0.04 0.2
3 0.28 0.85 0.4 0.117 0.89
4 0.31 0.39 0.21 0.93 0.5
5 0.05 0.31 0.2 0.35 0.43
6 0.9 0.096 0.84 0.76 0.6
7 0.29 0.502 0.151 0.97 0.93
8 0.87 0.135 0.6 0.29 0.29
9 0.15 0.81 0.41 0.9 0.94

10 0.94 0.98 0.22 0.98 0.91
11 0.45 0.53 0.41 0.09 0.08
12 0.43 0.21 0.705 0.95 0.5

Table 5. An example of applying the system to a risk group.

1 0 0 0 0 0 0 0 0
2 0 700,000 0 0 0 0 0 0
3 0 0 0 0 0 0 0 0
4 0 0 0 0 0 0 0 0
5 0 0 0 0 700,000 0 0 0

(3) The aggregate losses for the borrowers of each group are calculated by summing
up the losses for each client from that group (Torgo 2011):

Lk
risk_group =

N

∑
i=1

NA × Lk
i (9)

For borrowers with other ratings, a similar procedure is carried out and the aggregate
losses for the credit portfolio Lk

p is calculated (Formula (10)):

Lk
p = Lk

A + Lk
B + Lk

C + Lk
D + Lk

E (10)

The first four steps of Algorithm 1–4 are repeated a large number of times, and
using sample Lk, an empirical function of loss distribution for the credit portfolio is built
(Sawik 2012). The results of 100 Monte Carlo experiments allowed us to build an empirical
function of loss distribution (Figure 2).

An empirical distribution function makes it possible to assess the credit risk of a
portfolio using VaR methodology. Using the established confidence level Pl = 0.98 we
found Pl < VaR = 0.01. The found value of VaR 0.98% with the time horizon of one year for
the analyzed portfolio was EUR 92,000,000.

Credit VaR = 0.99% − ELp = 92,000,000 − 73,500,000 = 18,500,000 euros or 20.1% from
the amount of the credit portfolio. In percentage terms, the level VaR of the credit portfolio
is 13.1% + 20.1% = edit VaR 33.2% from the amount of all credits of the portfolio.
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4. The Neuro-Fuzzy Technologies in the VaR Model

To build a model for assessing the degree of problematicity of a bank loan, one used
the neuro-fuzzy technologies, grounding on two fundamentally different mathematical
constructions: neural networks and fuzzy logic. The mixture of the two mentioned tech-
nologies manifests itself as a combination of the abilities to learn neural networks with the
clarity and understandable interpretation of the fuzzy rules “IF—THEN.” The neuro-fuzzy
technologies enable the possibility to expand the capabilities of modeling complex objects
and processes, which is very relevant in real conditions in the absence of reliable data,
availability of incomplete and fuzzy statistical data about the object, and complex nonlinear
dependencies of the system outputs on its inputs.

To build a model for assessing the degree of the loan’s problematicity, we used the
method of linguistic identification, realized using two phases (Pacelli and Azzollini 2011):
(1) structural identification: formation of a fuzzy knowledge base that roughly reproduces
the dependence of the output (estimating the degree of problem of a loan) on the inputs
(factors of its problem) using the linguistic rules “IF—THEN”, which are generated from
experimental data on completed risky credit agreements; (2) parametric identification:
search of such parameters of the fuzzy knowledge base, which will minimize the deviation
of modeled and experimental results. As the value of integral assessment of the loan risk
level (y), we selected the linguistic values (“low” (L), “medium” (M), “high” (H), and
“default” (D)) depending on the result of fulfillment of the loan agreement by the debtor.
For example, y = M if the debtor repaid 50% or more of the principal debt as a result of
restructuring or settlement of the nonperforming loan.

The neuro-fuzzy model of dependency of the level of the loan problematicity on
the factors of the borrower x1, x2, . . . , x10 was reviewed in the following form for the
VaR model:

y = f (x1, x2, x3, x4, x5, x6, x7, x8, x9, x10) (11)

Thus, to develop model (11), we built a fuzzy knowledge base as a system of fuzzy
linguistic expressions of the type “IF—THEN”, which link linguistic estimates (“low”,
“medium”, “high”) of the incoming variables with an outgoing variable y. To build model
(1), the linguistic estimates “low”, “medium”, and “high” are formalized using membership
functions. We set these functions in the following form:

µT(x) =
1

1 + ( x−b
c )

2 , (12)
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where µT(x)—the number in the range [0, 1], which characterizes the subjective measure
of compliance of the value of x with the fuzzy term T (“low”, “medium”, “high”);

b and c—parameters that are first selected by an expert and then adjusted to the
experimental data: b—the coordinate of the maximum of the function µT(x), with µT(b) = 1, and
c—the coefficient of concentration-extension of the function µT(x).

The fuzzy knowledge base corresponds to the following submission of object (3) in
the form:

y =

4
∑

k=1
dkµ(yk)

4
∑

k=1
µ(yk)

(13)

where yk—the value of the variable y (L, M, H or D); as the centers of classes, one selected
the values d1 = 1, d2 = 2, d3 = 3 and d4 = 4.

The functions µ(yk) depend on the functions of independence of the factors and wi
(the number in the range [0, 1], which characterizes the subjective measure of confidence of
the expert regarding the expression with the number and with the knowledge base—that
is, it is the weight of the second rule). The type of this dependency is determined by the
built credit history. Using model (13), the effect of changes in feature factors on the degree
of credit problem can be estimated, while the adequacy of the model to experimental data
will depend on the successful initial selection of parameters b, c, w for the VaR model.

The model can be used for: (1) calculation of the forecasted value of the loan prob-
lematicity degree for any totality of factors of influence; (2) determination of the ranges
of change of each of the borrower’s performance indicators for which the degree of credit
problematicity remains high (Figure 3; Figure 4). The model makes it possible to create
decision support subsystems on nonperforming loan management based on a neuro-
fuzzy approach.
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To assess the quality of the portfolio of nonperforming loans based on the results of
the study for the VaR model, one can offer the main indicators of the portfolio of problem
credit debt using the developed methodology, including the use of the economic and
mathematical tools in the following stages:

1. Analysis of the dynamics of the overdue debt on loans in the banking system (by
region, type of economic activity, etc.) and their comparison with the indicators of a
specific bank, which reflects the efficiency of the bank’s implemented credit policy;

2. Analysis of the overdue debt in the bank’s loan portfolio (upon expiry terms) and
forecasting of its dynamics, which will reflect the effectiveness of actions on the regu-
lation of problematic questions of the borrower, taken by the bank at the beginning
stage, and the aggravation of the need for changing approaches to the choice and
use of methods for managing nonperforming loans or making changes to the bank’s
credit policy;

3. The determination of the most probable trends in the bank’s development under the
currently formed level of indicators of nonperforming loans; proposal of the need
for measures on stabilization of the credit institution activities in accordance with a
long-term development strategy.

5. Discussion

In terms of practical implementation of the task of improving the efficiency of nonper-
forming loans management, the best efforts of each individual bank in the identification
of potentially nonperforming loans, optimal use of methodologies for managing them
and reforming the credit structure of banks (i.e., actions at the micro level) may not be
sufficient in a situation where there is a big number of obstacles to the effective regulation
of delinquent loans at the institutional level and when there are no effective legal and tax
fields for dealing with problematic loans.

The seeker considered the main obstacles to effective management of nonperforming
loans at the national level and systematized the institutional, regulatory, and tax aspects
of successful implementation of methodologies and strategies by banks, selected using a
scientific approach, as proposed by the author.

The given recommendations relate primarily to:

(1) The institutional aspect: the introduction of the institution of bankruptcy of the
individuals; improvement of the procedure for the recognition of insolvent legal
entities with the main objective of accelerating the liquidation of the unsustainable
companies; encouragement of the use of legal extrajudicial restructuring methods;
introduction of a time management system for planning the efficient allocation of
expenditures and human resources in the judicial processes; specialization of judges
on the cases about recognition of legal persons as unable to pay;

(2) The tax aspect: the review of the question about recognition of additional benefits
(in particular, the amount of debt forgiveness) in tax accounting, which do not form a
cash flow, income; the maximum approximation of determination and recognition of
received losses on loans in tax and financial accounting; the review of the order of
recognition of the loan write-offs at the expense of the previously created reserves for
covering of the possible losses.

6. Conclusions

The credit portfolio risk assessment process was based on VaR methodology. In accor-
dance with this concept, credit risk implies the maximum possible losses for a portfolio
at the established confidence probability, which in turn are subdivided into expected and
unexpected losses. One justified a system of quantitative and qualitative indicators for
assessing the risk of lending for commercial banks based on the expansion of the models
based on value-at-risk. The proposed indicators are appropriate for integral assessment,
they consider the sectoral specifics of the commercial banks’ activity, they do not have a
high functional relationship among themselves, and provide the possibility to characterize
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factors of formation of the risk of the borrowers’ activity crediting in a complex, under
optimization of the time spent on the implementation of the assessment procedures.

It is proven that with each structural change in a credit portfolio, there appears to
be a need to regularly repeat the entire credit risk assessment for the portfolio. Addition-
ally, a database with customer information must be constantly updated. For example,
the amount of unexpected losses is a determining parameter that shows the reliability of a
particular loan portfolio, as well as a commercial bank as a whole. The point of this is that
the level of reliability of a bank is characterized by the adequacy of the capital that the bank
has to cope with possible unexpected losses. The protection of a bank against defaulting
and bankruptcy is one of the main functions of the bank capital, which is a “safety cushion”,
which in the case of very large, unexpected losses can allow both depositors and creditors
to withdraw their finances.

To select an effective method of problem loan management, the VaR model was
introduced, which reduces the complex process of such a selection to solve a number of
simple problems of pairwise comparisons of different factors and provides an opportunity
to update calculations with each change of priority according to the lending policy of a bank.
Given the priority of portfolio profitability and capital adequacy in the strategic goals of a
bank, the most effective are restructuring and methods of additional financing. The separate
stages of using methods of inertial (indirect) strategy are described in detail: factoring and
additional financing of the investment project, using an example of comparative calculation
advantages for all parties in the process of settlement of the credit problem, are provided.

In the scientific work, the model for assessing the degree of problematicity of credit as
a component of the nonperforming credit management system is built using neuro-fuzzy
technologies, which enable the expansion of the possibilities of modeling complex objects
and processes, which is very relevant in real conditions under the absence of reliable
data, availability of incomplete and fuzzy statistical data about the object, and complex
nonlinear dependencies of the system outputs on its inputs. The model makes it possible
to create decision support subsystems on nonperforming loan management based on a
neuro-fuzzy approach. To analyze credit quality at the portfolio level, one used economic
and mathematical tools (based on the VaR methodology), which enable the analysis and
forecasting of the dynamics of the overdue payment, assessment of the quality of the credit
portfolio of the bank, and determine possible trends in the bank’s development.

Author Contributions: Conceptualization, I.Y. and S.D.; methodology, S.D.; software, Y.N.; valida-
tion, A.Z.; formal analysis, L.B.; investigation, I.Y.; resources, Y.N.; data curation, A.Z.; writing—
original draft preparation, L.B.; writing—review and editing, A.Z.; visualization, I.Y.; supervision,
L.B.; project administration, S.D.; funding acquisition, A.Z.; please look at the CRediT taxonomy for
an explanation of terms. Authorship must be limited to those who have substantially contributed to
the reported work. All authors have read and agreed to the published version of the manuscript.

Funding: This research received no external funding.

Institutional Review Board Statement: Not applicable.

Informed Consent Statement: Not applicable.

Data Availability Statement: Not applicable.

Conflicts of Interest: The authors declare no conflict of interest.

References
Allen, David Edmund, and Elisa Luciano. 2019. Risk Analysis and Portfolio Modelling. Journal of Risk Financial Management 12: 154.

[CrossRef]
Angelini, Eliana, Giacomo Di Tollo, and Andrea Roli. 2008. A neural network approach for credit risk evaluation. The Quarterly Review

of Economics and Finance 48: 733–55. [CrossRef]
Arici, Giorgio, Marco Dalai, Riccardo Leonardi, and Arnaldo Spalvieri. 2019. A Communication Theoretic Interpretation of Modern

Portfolio Theory Including Short Sales, Leverage and Transaction Costs. Journal of Risk and Financial Management 12: 4. [CrossRef]

http://doi.org/10.3390/jrfm12040154
http://doi.org/10.1016/j.qref.2007.04.001
http://doi.org/10.3390/jrfm12010004


J. Risk Financial Manag. 2021, 14, 211 15 of 15

Bedin, Andrea, Monica Billio, Michele Costola, and Loriana Pelizzon. 2019. Credit Scoring in SME Asset-Backed Securities: An Italian
Case Study. Journal of Risk and Financial Management 12: 89. [CrossRef]

Chun, So Yeon, and Miguel A. Lejeune. 2020. Risk-Based Loan Pricing: Portfolio Optimization Approach with Marginal Risk
Contribution. Management Science 66: 3735–53. [CrossRef]

Cochrane, John H. 2011. Presidential address: Discount rates. The Journal of Finance 66: 1047–108. [CrossRef]
Drobyazko, Svetlana. 2020. Introduction of e-commerce at enterprises as a driver of digital economy. E3S Web of Conferences 211: 04012.

[CrossRef]
Drobyazko, Svetlana, Anna Barwinska-Malajowicz, Boguslaw Slusarczyk, Olga Chubukova, and Taliat Bielialov. 2020a. Risk

Management in the System of Financial Stability of the Service Enterprise. Journal of Risk and Financial Management 13: 300.
[CrossRef]

Drobyazko, Svetlana, Tetiana Hilorme, Dmytro Solokha, and Oksana Bieliakova. 2020b. Strategic policy of companies in the area of
social responsibility: Covid-19 challenges. E3S Web of Conferences 211: 04011. [CrossRef]

Duffie, Darrell, and Jun Pan. 1997. An overview of value at risk. The Journal of Derivatives 4: 7–49. [CrossRef]
Frahm, Gabriel, and Ferdinand Huber. 2019. The Outperformance Probability of Mutual Funds. Journal of Risk and Financial Management

12: 108. [CrossRef]
Ghodselahi, Ahmad, and Ashkan Amirmadhi. 2011. Application of Artificial Intelligence Techniques for Credit Risk Evaluation.

International Journal of Modeling and Optimization 1: 243–49. [CrossRef]
Giordana, Gastón Andrés, and Ingmar Schumacher. 2017. An Empirical Study on the Impact of Basel III Standards on Banks’ Default

Risk: The Case of Luxembourg. Journal of Risk Financial Management 10: 8. [CrossRef]
Gupta, Jairaj, and Sajid Chaudhry. 2019. Mind the tail, or risk to fail. Journal of Business Research 99: 167–85. [CrossRef]
Han, Jiawei, and Micheline Kamber. 2006. Data Mining: Concepts and Techniques. San Francisco: Morgan Kaufmann.
Krkoska, Eduard, and Klaus R. Schenk-Hoppé. 2019. Herding in Smart-Beta Investment Products. Journal of Risk and Financial

Management 12: 47. [CrossRef]
Maechler, Andrea M., Srobona Mitra, and Delisle Worrell. 2007. Decomposing Financial Risks and Vulnerabilities in Eastern Europe.

IMF Working Paper. Washington, DC, USA: International Monetary Fund, WP/07/248. pp. 1–33.
Michta, Mariusz. 2005. High order stochastic inclusions and their applications. Stochastic Analysis and Applications 23: 401–20.

[CrossRef]
Mishura, Yuliya S. 2008. Stochastic Calculus for Fractional Brownian Motion and Related Processes. Berlin/Heidelberg: Springer-Verlag.
Moore, Kyle, and Chen Zhou. 2013. Too Big to Fail’ or ‘Too Non-Traditional to Fail?’ The Determinants of Banks. Systemic Importance. MPRA

Paper 45589. Munich: University Library of Munich.
Nosratabadi, Hamid Eslami, Sanaz Pourdarab, and Ahmad Nadali. 2011. A New Approach for Labeling the Class of Bank Credit

Customers via Classification Method in Data Mining. International Journal of Information and Education Technology 1: 150–55.
[CrossRef]

Pacelli, Vincenzo, and Michele Azzollini. 2011. An Artificial Neural Network Approach for Credit Risk Management. Journal of
Intelligent Learning Systems and Applications 3: 103–12. [CrossRef]

Protter, Ph. 1990. Stochastic Integration and Differential Equations. Berlin/Heidelberg and New York: Springer.
Richard, Podpiera. 2006. Does Compliance with Basel Core Principles Bring Any Measurable Benefits? IMF Staff Papers 53: 306–25.
Ronald, Anderson, and Suresh Sundaresan. 2000. A comparative study of structural models of corporate bond yields: An exploratory

investigation. Journal of Banking & Finance 24: 255–69.
Sawik, Bartosz T. 2012. Conditional Value-at-Risk vs. Value-at-Risk to Multi-Objective Portfolio Optimization. In Applications of

Management Science. Edited by Kenneth D. Lawrence and Gary Kleinman. Bingley: Emerald Group Publishing Limited, vol. 15,
pp. 277–305. [CrossRef]

Segoviano, Miguel, and Charles Goodhart. 2009. Banking stability measures. In IMF Working Paper. January 1.
Slovik, Patrick, and Boris Cournède. 2011. Macroeconomic Impact of Basel III. In OECD Economics Department Working Papers. February

14.
Steiner, Maria Teresinha Arns, Pedro José Steiner Neto, Nei Yoshihiro Soma, Tamio Shimizu, and J. C. Nievola. 2006. Using Neural

Network Rule Extraction for Credit-Risk Evaluation. International Journal of Computer Science and Network Security 6: 6–16.
Torgo, Luis. 2011. Data Mining with R: Learning with Case Studies. Boca Raton: Chapman Hall/CRC.
Turnbull, Stuart M. 2018. Capital Allocation in Decentralized Businesses. Journal of Risk and Financial Management 11: 82. [CrossRef]
Twala, Bhekisipho. 2010. Multiple classifier application to credit risk assessment. Expert Systems with Applications 37: 3326–36.

[CrossRef]
Wilhelmsson, Mats, and Jianyu Zhao. 2018. Risk Assessment of Housing Market Segments: The Lender’s Perspective. Journal of Risk

and Financial Management 11: 69. [CrossRef]
Yan, Dawen, Xiaohui Zhang, and Mingzheng Wang. 2021. A robust bank asset allocation model integrating credit-rating migration risk

and capital adequacy ratio regulations. Annals of Operations Research 299: 659–710. [CrossRef]

http://doi.org/10.3390/jrfm12020089
http://doi.org/10.1287/mnsc.2019.3378
http://doi.org/10.1111/j.1540-6261.2011.01671.x
http://doi.org/10.1051/e3sconf/202021104012
http://doi.org/10.3390/jrfm13120300
http://doi.org/10.1051/e3sconf/202021104011
http://doi.org/10.3905/jod.1997.407971
http://doi.org/10.3390/jrfm12030108
http://doi.org/10.7763/IJMO.2011.V1.43
http://doi.org/10.3390/jrfm10020008
http://doi.org/10.1016/j.jbusres.2019.02.037
http://doi.org/10.3390/jrfm12010047
http://doi.org/10.1081/SAP-200050129
http://doi.org/10.7763/IJIET.2011.V1.25
http://doi.org/10.4236/jilsa.2011.32012
http://doi.org/10.1108/S0276-8976(2012)0000015016
http://doi.org/10.3390/jrfm11040082
http://doi.org/10.1016/j.eswa.2009.10.018
http://doi.org/10.3390/jrfm11040069
http://doi.org/10.1007/s10479-020-03571-2

	Introduction 
	Materials and Methods 
	Results 
	Value-at-Risk (VaR) Methodology for Conducting a Bank Credit Risk Assessment 
	The Calculation of Expected Losses (Expected Loss, ELp) 
	The Calculation of Unexpected Losses (Unexpected Loss, ULp) 

	Conducting a Computational Experiment and Analyzing the Results 
	The Calculation of Expected Losses (Expected Loss, ELp) 
	The Calculation of Unexpected Losses (Unexpected Loss, ULp) 


	The Neuro-Fuzzy Technologies in the VaR Model 
	Discussion 
	Conclusions 
	References

