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Abstract
Due implementation of debtors’ financial solvency assessment models by Ukrainian 
banks with the aim of calculating the probability of their default (PD) is the next step 
towards the integration of Ukrainian banking system into global banking community, 
convergence of methodical approaches to assessing the credit risk with standards of in-
ternational practice, possibility of using IRB-approach (an approach based on internal 
ratings) for calculating the regulatory requirements to capital adequacy.

The analysis of approaches to bank credit portfolio segmentation according to types 
of debtors and debtors’ financial solvency assessment models, depending on the per-
formed segmentation and accumulated bank statistical data, from the point of view 
of its suitability for Ukrainian banks, will enable the banks to choose the most suit-
able ones for implementation taking into account nature and complexity of operations 
performed.

Such approaches will be more adapted to minimum capital requirements, simultane-
ously agreeing with national supervisory priorities.
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INTRODUCTION
Risk management methods and procedures, used by European banks, 
are being constantly improved and developed based on approaches 
and standards of Basel Committee on Banking Supervision, in partic-
ular internal assessment of parameters of losses such as debtors’ prob-
ability of default (PD), loss given default (LGD) and exposure at de-
fault (EAD) (National Bank of Ukraine, 2018; Bank for International 
Settlements, 2005; Bank for International Settlements, 2015).

Integration of the Ukrainian banking system into the world banking 
community, the need for ensuring the banking system reliability and 
prevented capital losses require the further approximation of method-
ological approaches to credit risk assessment to the Basel Committee 
on Banking Supervision principles and recommendations (National 
Bank of Ukraine, 2018; Bank for International Settlements, 2005; 
Bank for International Settlements, 2015), Regulation of the European 
Parliament and the Council dated June 26, 2013, No. 575/13 (National 
Securities and Stock Market Commission, 2016), as an integral com-
ponent of implementing the Ukraine-EU Association Agreement 
ratified by the Law of Ukraine “On Ratification of the Association 
Agreement between Ukraine and the European Union, the European 
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Atomic Energy Community and their member states, on the other hand” as from September 16, 2014 
No. 1678/VII (LigaZakon, 2014), and advanced international practice.

The proper implementation of debtors’ solvency assessment models by Ukrainian banks to calculate 
their default probability (PD), which is in line with advanced international practice, will allow the banks 
to get close to their IRB approach (internal ratings approach) to calculate regulatory capital adequacy 
requirements.

1. LITERATURE REVIEW 

Matters related to approaches to assessing the 
debtors’ solvency, the construction of models for 
calculating the probability of defaulted debtors 
(PDs) and their embedding into the bank’s risk 
management system, including credit, are ad-
dressed by both Ukrainian and foreign scientists.

In addition, companies providing audit, taxation, 
consulting, corporate finance, and risk manage-
ment services focus on the issues of solvency mod-
el development.

So, the Deloitte experts (Deloitte, 2016) developed 
the main methodological steps for creating a credit 
scoring model that outlines various ways of meas-
uring the model performance (capacity and pre-
dicted power) and provides some typical specifica-
tions that help to improve it and to interpret the 
model in a proper way. The purpose of the credit 
scoring model is to classify borrowers into “good” 
and “bad”. In practice, this means that statisti-
cal models are needed to identify a dividing line 
between the two categories within explanatory 
variables.

Edward (2012) emphasizes the negative consequenc-
es of a lack of corporate credit rating or credit bu-
reau, which means that the bank remains depend-
ent on its own internal data to verify the credibility 
of the borrower’s data, which is why the ratings for 
the borrower conflict with other lending institu-
tions. The authors developed a methodology based 
on logistic regression modeling of corporate credit, 
which does not require cross-referencing data.

Shkodra and Ismajli (2017) analyze the components 
of bank credit risk in developing countries, in 
particular Kosovo. The research covers seven 
commercial banks for the 2006–2015 period. The 
effect of variations in credit risk exposure deter-

minants is based on the use of a multidimensional 
panel regression model. The empirical results ob-
tained show significant links between credit risk 
and variables such as ROE and ROA, inefficiency 
(IE), loan-to-deposit ratio (LDR), credit growth 
(CG) and deposit rate (DR); at the same time, var-
iables of solvency (SR) and credit rate (CR) are not 
statistically significant in terms of credit risk.

Gurný and Gurný (2013) assessed the default 
probability of American banks through statistical 
models of credit scoring. Given the considered 
models with the use of linear discriminant analy-
sis and regression models and taking into account 
the statistical significance of the estimated param-
eters, the authors analyzed the sample of three 
hundred US commercial banks, which are divided 
into two groups (with and without default) based 
on historical information. Subsequently, scoring 
models were applied to this sample to obtain sev-
eral models for assessing the default probability 
and determine the most appropriate model.

Genriha and Voronova (2012) classify all methods 
for assessing credit risk, reveal all the technical 
problems of the application of each method in 
practice, and try to evaluate which method is 
better. The authors use a comparative analysis to 
show that, in addition to the most popular para-
metric methods of regression and discriminatory 
analysis, nonparametric methods can be also used. 
The analysis is considered based on the assistance 
to banks in Latvia in preventing default risks.

Blanco-Oliver et al. (2016) also develop a mixed 
bankruptcy model, combining parametric and 
non-parametric approaches that utilize logistic re-
gression (LR) to identify bankruptcy. Next, alter-
native non-parametric methods are used for com-
panies classified as “bankrupt” or “not bankrupt”. 
The results show that mixed models provide better 
performance and accuracy interpretation.
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Abdou, El-Masry, and Pointon (2007) conducted 
a somewhat similar analysis. They assess credit 
risk in Egyptian banks through lending models. 
Three statistical methods were used: discrimina-
tory analysis, probit analysis and logistic regres-
sion. Credit scoring is based on personal loans of 
one bank. The results showed that all proposed 
models gave a better average correct classification 
than one used. The expenses for incorrect classifi-
cation in the event of type I and II errors are also 
estimated.

Al-Shawabkeh and Kanungo (2017) investigated 
the credit risk of individual borrowers of Jordanian 
banks. The authors analyzed 2,755 incomplete or 
inactive profiles of individual loans received from 
Jordanian banks during the years 1999–2014. The 
results show that low wage loans for the unem-
ployed are very likely to become defaulted and con-
tribute to non-fulfillment of credit obligations by 
increasing the risk of lending. In addition, it has 
been found that unmarried, younger borrowers 
and a moderate amount of credit increase the like-
lihood of receiving bad loans. On the contrary, bor-
rowers employed in the private sector and under-
educated ones, most likely, mitigate the credit risk.

Bunker, Naeem, and Zhang (2016) investigated 
how the characteristics derived from bank 
statements issued by applicants for loans and not 
claimed as an application could improve the loan 
scoring model for a New Zealand loan company. 
The authors constructed two models: a base model 
(based solely on existing evaluation functions ob-
tained on the loan application form) and a model 
based on data obtained from the bank statement. 
Based on two models, a combined functional 
model is created. The experimental results show 
that the combined functional model works better 
than each of the two basic models, and some of the 
bank’s functions are important for improving the 
loan scoring model.

Borio (2011) notes that the financial crisis has led 
to a significant rethinking of analytical approach-
es and policies on financial stability, while stress-
ing that the detection of macroeconomic roots of 
financial instability is underdeveloped.

Wezel et al. (2012) examine the impact of various 
methods of ensuring the banking services reliabil-

ity, and show that this increasingly popular mac-
roprudential tool can smooth out the cost of ser-
vicing the credit cycle and reduce the likelihood of 
bank default.

Maarse (2012) analyzes Rabobank International’s 
risk management approach to improve the cur-
rent loss given default (LGD) and exposure at de-
fault (EAD) analysis and develops proposals for 
Rabobank International.

The British Commission for Banking Regulation 
(Supervisory Statement, 2013) proposed approa-
ches to the analysis of credit risks based on inter-
nal ratings.

Tasche (2008) offers a variety of tools for mea -
suring and testing the discriminatory power 
of the rating system and for testing the correct 
classification.

In particular, Tereshchenko (2012) investigates 
the procedure for determining the risk indicator 
for a loan granted to a legal entity using a unified 
rating system for debtors, which is proposed for 
use by a national regulator for the entire banking 
system. The author notes that the use of the IRB-
approach by banks, which is provided for by the 
Basel Committee on Banking Supervision, should 
be the next stage in reforming the Ukrainian 
banking regulation system. One of the steps of 
this reform is, in particular, a study on the assess-
ing the debtors’ solvency models, which are most 
suitable for use by Ukrainian banks.

Kovalenko and Nenad (2017) pay attention to the 
methods of credit risk management, its influence 
on ensuring the solvency of banks, offer directions 
for improving the work with problem loans as a 
method of credit risk management.

Dolinskyi (2016) analyzes the current trends in 
assessing the bank’s credit risk, examines the 
basic indicators that characterize the lending 
activity of banks and the level of riskiness.

Sofronova (2016) and Karminskyi (2012) consider 
the issue of analyzing the solvency of debtors us-
ing rating systems to differentiate debtors by lev-
el of risk based on assessing the debtors’ default 
probability, investigate the effect of financial fac-
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tors on the default probability, paying particular 
attention to expansion of the research horizon and 
to nonlinear variables

Kazanskyi (2016) analyzes the theoretical back -
ground for building rating systems of banks in 
terms of consistency with Basel standards, exam-
ines both the simplest internal ratings and more 
complex mechanisms of rating assessments based 
on the probability of default, quantitative and 
qualitative indicators of the corporate bank cus-
tomers’ activity.

Stezhkin (2015) analyzes the rating systems valii-
dation and its individual components, consid-
ers mathematical approaches to validation and 
conducts a comparative analysis of alternative 
approaches.

That is, the problem under investigation is in its 
infancy, therefore, needs further study.

The purpose of this article is to analyze and justi-
fy debtors’ solvency assessment models, which are 
the most suitable for use by banks, depending on 
the loan portfolio segmentation and the accumu-
lated statistics of the individual bank, in order to 
calculate the default probability of debtors (PD) 
as one of the components of calculating the cred-
it risk that makes direct impact on the capital of 
banks.

2. KEY RESEARCH RESULTS

In Ukrainian banking, the use and calcula-
tion of loss parameters such as probability of 
debtor defaults (PD), loss given default (LGD) 
and exposure at risk (EAD) for assessing cred-
it risk in active banking operations are subject 
to regulation by the National Bank of Ukraine 
(LigaZakon, 2018). The regulatory acts adopt-
ed by the National Bank of Ukraine in recent 
years, based on the principles and recommen-
dations of the Basel Committee on Banking 
Supervision (National Bank of Ukraine, 2018; 
Bank for International Settlements, 2005; Bank 
for International Settlements, 2015), formed the 
basis for further adaptation and improvement of 
the standards and approaches used by banks to 
assess the debtor’s solvency in order to calculate 
the PD as one of the components of calculating 
the credit risk, contributed to the adequacy of 
such assessment and acceptability in terms of in-
ternational unification of credit risk assessment 
procedures applied by banks.

According to the National Bank of Ukraine ap-
proaches, banks determine the value of the default 
probability factor (PD) of debtors, guided by judg-
ments over their own bank experience based on 
reliable, continuous, complete and integral statis-
tical data of this bank (LigaZakon, 2018).

Figure 1. The main stages and the flow of determining the debtors’ PD coefficients

Source: Compiled by the authors.

INTERNAL STATISTICS ACCUMULATED BY A BANK ON THE DEBTOR CLASSIFICATION 
BY THE LEVEL OF CREDIT RISK (THE MAIN SOURCE OF INFORMATION)

APPLICATION OF THE MODEL CHOSEN BY THE BANK 
TO ASSESS THE DEBTOR'S SOLVENCY BY SEGMENTS

The levels of debtors' defaults realized according 
to the classification determined by the bank

Segmentation of the loan portfolio by types 
of debtors

Assessment values 
of PD coefficients

COMPARISON WITH 
DEFAULTS IMPLEMENTED
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Given the generally accepted international prac-
tice (Bank for International Settlements, 2005; 
National Securities and Stock Market Commission, 
2016), the main stages and the flow of determining 
the coefficients of debtors’ PD can be schematical-
ly presented as in Figure 1.

As can be seen from the scheme, a clear segmenta-
tion of the bank’s loan portfolio by types of debtors 
is a prerequisite for an adequate assessment of the 
debtor’s solvency and the calculation of the PD pa-
rameter. In order to meet the regulatory segmenta-
tion of assets provided by the IRB approach (Bank 
for International Settlements, 2005; National 
Securities and Stock Market Commission, 2016), it 
is advisable for the bank to develop its own meth-
odology, following the principles:

• structuring the loan aggregates of the 
bank’s loan portfolio based on their rele-
vance, taking into account certain solvency 
factors that may vary depending on the type 
of debtors (for example, the solvency of pub-
lic institutions is largely inf luenced by mact-
roeconomic indicators, while for legal enti-
ties this indicator is less significant);

• taking into account the properties of different 
data sources for different types of debtors (fi-
nancial statements for legal entities, collection 
of related data for individuals);

• taking into account the difference between 
the average values of the PD coefficients cal-
culated based on the data on default debtors of 
the respective levels of risk and depending on 
the type of debtor, as well as considering such 
differences when determining the periodicity 
of the solvency assessment and the level of risk 
inherent in each debtor segment.

Table 1 shows the best way to segment the bank’s 
loan portfolio by type of debtors in terms of both 
Basel II and national regulatory requirements 
(LigaZakon, 2018).

The next step in the proper assessment of the debt-
or’s solvency is the choice of a bank for the assess-
ment model for each segment of the loan portfolio.

Generally acceptable models used in internation-
al banking practice for assessing the solvency of 
debtors are grouped and given in Figure 2.

Let us analyze them to determine the suitability 
for use by Ukrainian banks for the relevant seg-
ments of the loan portfolio. 

The model suitability is the result of the bank’s abil-
ity to assess the debtor’s solvency to meet a num-
ber of criteria, the main of which are: finding the 
desired value (PD); completeness, objectivity, per-
ception, and consistency (Bank for International 
Settlements, 2005, 2015).

Table 1. Approaches to the bank’s loan portfolio segmentation

Source: Compiled by the authors.

No.

Loan portfolio segmentation according to basic characteristics of debtors
According to Basel II requirements  

and EU Regulation (Bank for International 
Settlements, 2005)

According to national regulatory requirements (National 
Securities and Stock Market Commission, 2016),  

which comply with Basel II  requirements and EU Regulation

1 State administrative bodies, authorities and local 
governments

1. State government bodies
2. Local governments

2 Financial institutions

1. Banking institutions
2. Non-bank institutions
3. Insurance companies
4. Other financial institutions (leasing and factoring companies, asset 
management companies)

3 Corporate customers

1. Large and mid-sized enterprises
2. International companies
3. Non-commercial organizations
4. Small enterprises
5. Project financing

4 Retail customers

1. Consumer loans
2. Credit cards
3. Real estate loans
4. Auto loans
5. Loans to VIP-clients
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Since the construction of heuristic models is 
based on subjective empirical results of previ-
ous experience, observations and assumptions 
about hypothetical business relations, the debt-
or solvency, their expedient and efficient appli-
cation for a certain segment of the bank’s loan 
portfolio depends on the completeness and qual-
ity of the data on which they are based, the ade-
quacy of certain factors that are the basis for the 
evaluation analysis, their ability to adequately 
ref lect the subjective practical experience of the 
experts responsible for this bank activity.

Classical rating questionnaires – suitability is en-
sured through the use of justified and under-
standable criteria for assessing the debtor’s solven-
cy through the award procedure (higher scores 
for higher assessment and lower scores for lower 
assessment).

Qualitative systems – suitability is ensured by the 
availability of user instructions based on business 
experience, which define the conditions for as-
signing specific ratings/classes in accordance with 
the solvency characteristics, which secures credit 
ratings from excessive dependence on the subjec-
tive perception of the user, based on the individual 
level of his knowledge.

At the same time, they are quite limited in terms 
of objectivity and job opportunities compared to 
statistical models.

Expert systems may be suitable provided that they 
are able to ensure the acceptability of the debtors’ 
ratings/classification by simulating the expert ex-
perience in a clear and plausible manner, that is, if 
the developed mechanism of logical conclusion is 
capable of ensuring its validity. Knowledge accu-
mulation and shaping explanations are additional 
features of objectivity.

Compared to classical rating questionnaires and 
qualitative systems, they have more rigorous 
structuring and greater openness for further de-
velopment and improvement.

Fuzzy logic systems simulate “fuzzy logic”, and are, 
therefore, more complex to apply, especially in re-
tail lending and small business lending.

Statistical models, such as those formulating hypoth-
eses concerning the potential distribution of debtors 
depending on their financial capacity, require the 
verification, approval or rejection of such hypotheses, 
since the financial capacity of each debtor is deter-
mined based on empirical data.

Figure 2. Models used in international banking for assessing the debtors’ solvency

Source: Compiled by the authors.

• Classical rating models;
• Qualitative systems;
• Expert systems;
• Fuzzy logic-based

systems

• Discriminant analysis;
• Regression models (logit-

and probit-regressions);
• Artificial neural networks

• Option pricing models;
• Cash flow models

(simulations)

• Horizontal combination of models of different types;
• Vertical combination of different type models via manual adjustment;
• Up-tending inclusion of the heuristic screening criteria

Heuristic models Statistical models Causal models

DEBTOR’S SOLVENCY ASSESSMENT MODELS

Hybrid forms (combination of heuristic models and one of two other type models)
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Therefore, the degree of their suitability largely 
depends on the empirical data quality used in the 
development. The quality of empirical data will be 
considered sufficient if they:

1) comprise a rational set of primary data that 
provides high representativeness, accuracy of 
forecasting and does not lead to the final data 
distortion;

2) finely take into account the features of the 
bank debtors segment, for which the statisti-
cal model is used.

Let’s consider the types of statistical models in 
more detail.

Multiple discriminatory analysis is suitable for de-
termining the rating of all debtor segments with 

Table 2. Assessing the model suitability for determining the rating/class of different segments of the 
bank’s loan portfolio

Source: Compiled by the authors.

No. Criterion description
Ability to implement within the framework of the models applied

Heuristic Statistical Causal

1 Target value (PD)

Quantification of the PD through 
the debtor’s rating/class

Suitable, 
subject to the 
accumulating adequate 
data set

Suitable,
provided that the model 
is calibrated according to 
its practical application 
by bringing the statistical 
data based results into 
compliance with the 
empirical data

Suitable,
subject to validation of PD 
ranges, calculated based 
on the practical model 
application 

2 Completeness

Taking into account all 
information concerning the 
debtors’ solvency assessment

Suitable,
provided that computer 
processing allows taking 
into account a large 
number of solvency 
characteristics

Suitable, 
subject to the application 
of a model that will allow 
the critical examination of 
a large number of solvency 
characteristics

Restricted, 
only for segments such as 
specialized lending and 
loans to VIP clients (since the 
theoretical business-based 
model is used and only a few 
quantitative input parameters 
are used and qualitative data 
is not taken into account)

3 Objectivity

The result must be reproduced 
by different persons/experts 
based on a unified information, 
that is, different analysts, 
as a result of the technique 
application, should receive 
comparable results that are 
as close as possible to the 
determined rating/class

Suitable,
rating/class corresponding 
to a certain level of 
solvency is determined 
by the application of 
pre-developed algorithms 
and rules

Suitable,
if the characteristics of 
solvency are selected 
and weighted using a 
combination of empirical 
data and objective 
algorithms and rules

Suitable,
if there are “correct” input 
parameters

4 Perception

Providing the user with an 
accurate assessment of the 
debtor’s solvency

Suitable,
providing a high degree 
of perception, since they 
are developed on the 
basis of expert judgments

Suitable,
since they have a higher 
degree of discriminatory 
ability than heuristic 
models, but are more 
difficult to achieve in their 
perception because they 
require a large amount of 
expert knowledge

Limited to fit,
only if users understand the 
basic principles of the theory 
that is the basis of the model, 
and if the input parameters 
are clearly determined. The 
transparency of the model 
development process and 
its modification are also 
important factors

5 Congruence

Rating/class should be the 
result of using internationally 
recognized approaches and 
methods by the bank that are 
correct in terms of application in 
accordance with the Ukrainian 
legislation requirements and the 
NBU regulatory acts

Suitable,
because they do not 
contradict recognized 
scientific theories and 
methods, since the 
experience and results of 
expert observations on 
lending issues make their 
basis

Suitable, 
subject to screening and 
exclusion of problem 
indicators from further 
analysis that are contrary to 
real business considerations 
and between which there 
may be an interconnection

Suitable, 
because they directly reflect 
business relationships and 
are consistent with the theory 
underlying them
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certain limitations for qualitative data, the process-
ing of which is problematic for this type of analysis. 
It is most suitable for analyzing quantitative data, for 
example, corporate debtors financial reporting, data 
on operations on debtor bank accounts for various 
segments of the loan portfolio, financial information 
received from retail debtors.

The prerequisite for applying discriminatory analy-
sis is its compliance with general mathematical re-
quirements, in particular the normal distribution of 
solvency characteristics. Then the model will show 
maximum discriminating power.

Regression models are suitable for all segments of the 
bank’s loan portfolio, do not have special require-
ments for input data, can handle all types of quan-
titative and qualitative solvency characteristics, pro-
vided that sufficient data is available for each segment.

Their advantage is the ability to generate meaning-
ful, statistically justified findings regarding default 
debtors, interpreting the results to the PD value, 
which, accordingly, simplifies the model calibration 
procedure.

Artificial neural networks are suitable for all segments 
of the loan portfolio, not having specific require-
ments for input, can handle all types of quantitative 
and qualitative solvency characteristics. At the same 
time, they need a much larger amount of data at the 
development stage than other statistical models, in 
order to properly communicate.

This method is unsuitable for a small sample size, 
with suitable models of discriminant analysis and 
regression.

Causal models, establishing direct analytical connec-
tions with the debtor solvency based on financial the-
ory, do not apply statistical methods for testing hy-
potheses regarding the empirical data set rationality.

Option pricing models are suitable for assessing com-
panies listed on the stock exchange or financial ser-
vice providers that have necessary input parameters 
(market value of capital, assets volatility, etc.). Also, 
in the case of using models (simulation) of cash flows 
and additional assumptions needed for modeling, 
they may be suitable for estimating large companies 
with sufficient time series of corresponding balance 

sheet data and whose cash flows can be reliably cal-
culated based on planned indicators. Input parame-
ters should be analyzed for their adequacy.

Cash flow simulation models are suitable for assess-
ing specialized lending, since the main source of 
revenues for loan repayment is the proceeds from 
funded assets, that is, in a situation where solvency 
is largely dependent on future cash flows that will be 
generated by these assets. Also, these models can be 
used as the primary data processing module in op-
tion pricing models.

The criterion for the effective use of the cash flow 
model (simulation) is the reliable calculation of fu-
ture expected cash flows and discounting conditions. 
In this case, having analyzed the predictive ability of 
past periods, it is necessary to be sure that the data 
set used is typical for the bank.

Hence, heuristic models can be applied to all rating 
segments, but in terms of discriminatory ability, sta-
tistical models, when applied to corporate and retail 
clients, have a significant advantage.

Statistical models require a sufficient amount 
of data on debtors in default at the development 
stage, as well as the data representativeness. For 
this reason, they cannot be applied to all seg-
ments of the bank’s loan portfolio (for example, 
data on defaults of public authorities, internation-
al companies, specialized lending operations are 
not enough to provide sufficient statistical mod-
els). Compared to heuristic models, they have the 
highest discriminatory ability. This means that 
heuristic models can be supplemented by statisti-
cal models.

As for causal models, they are ineffective in current 
economic situation in Ukraine because of the fact 
that there are no capital markets in Ukraine and, 
consequently, stock exchange prices, and because of 
large volumes of work with uncertain outcome.

The results on the models suitability in terms of their 
use by Ukrainian banks are generalized in Table 3.

In practice, these models are used in their pure 
form very occasionally. Therefore, while com-
bined, heuristic and statistical models will com-
plement each other adequately.
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CONCLUSION

The article analyzes and substantiates the most suitable models for use by banks to assess the debtors’ 
solvency.

The study allows for summarizing results of the analysis of approaches that are optimal for use by banks 
in calculating the values of the default probability (PD) coefficient as one of the components for calcu-
lating the credit risk, which has a direct impact on the capital of banks, in particular:

• methods (ways) for segmentation of banks’ loan portfolios by types of debtors in the context of com-
pliance with both Basel II and national regulatory requirements;

• the most acceptable models of the debtors’ solvency assessment, depending on the loan portfolio 
segmentation, the accumulated statistics of a separate bank, the nature and complexity of their 
transactions, in order to calculate the debtor default probability.
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