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Abstract: The aim of the research presented in the article was to analyse the legitimacy of the use of
scoring models in banking activities, together with the assessment of the effectiveness of this tool
in reducing the high value of the NPL ratio in Polish cooperative banks on the example of banks
belonging to the BPS S.A. association in the period between 2004 and 2020. We used a variety of
research methods for this purpose including a depth review of the literature, analysis of statistical
data regarding the sector of Polish cooperative banks, analysis of financial data of cooperative banks,
construction of an econometric panel model, and the designing a questionnaire (which was later sent
to the management board of selected cooperative banks). Our research confirmed the significant
impact of the use of scoring models in lending activities on the value of the NPL ratio in cooperative
banks. The analysed cooperative banks, which used the scoring models proposed by BIK in their
lending activity, showed significantly lower values of the NPL ratio in each analysed year than banks
that used other scoring models. Our study also confirmed the different direction of the impact of the
models offered by BIK and individual scoring models on the value of the NPL ratio. We have also
shown that the scoring models proposed by BIK have a statistically significant negative impact on
the level of the NPL ratio, and the banks” own scoring models have a statistically significant positive
impact on the level of the NPL ratio.

Keywords: credit risk; scoring model; non-performing loan; risk management

1. Introduction

Granting loans is a fundamental area for commercial banking operations. Even though
this activity brings the largest income, it is also burdened with the highest risk. Thus, banks
undertake a series of various actions meant to minimise its negative results. One of the most
important methods aimed at limiting the credit risk and assessment of the future solvency
of the borrower is the analysis of their credit check and their creditworthiness at every
stage of the loan agreement (Spuchlakova et al. 2015). Reliable credit check assessment is a
significant matter both for the bank and the borrower. It protects both parties in the loan
agreement from negative consequences resulting from a failure to repay the contracted
liability. A properly conducted analysis of the credit check has, in addition, been deemed
as a key condition for the stability of the financial system (Herring 1999). In their practice,
banks use different methods to serve the analysis of the credit check. However, until
now, a uniform template has not been created in this regard (Genriha and Voronova 2012).
The provisions of the acts in force in Poland do not impose a method or the criteria for
creditworthiness, something which banks ought to follow. Consequently, this practice
varies significantly depending on the credit provider, which in consequence can lead to
differences in the final assessment.

The quality of credit exposure has been one of the most important issues in the banking
literature for many years. It is also considered to be an important indicator in assessing
the condition of banks and the entire banking sector. Deterioration in the quality of banks’
loan portfolios also represents one of the biggest threats of the COVID-19 pandemic.
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Considering the changes in Europe in the level and dynamics of impaired loans, Polish
cooperative banks represent a very interesting object of analysis. They comprise a group of
530 entities (a number ten times bigger than the number of commercial banks, but with
only a 7.8% share of banking sector assets). These entities are highly diversified in terms of
size, area of operation, and financial condition. The average level of nonperforming loans
(NPL-the share of impaired loans in the bank’s total loan portfolio) at cooperative banks in
Poland increased by 220% (from 2.8% to 8.8%) between 2009 and 2020. This upward trend
is essentially continuous (a stabilization of values was observed between 2018 and 2020).
This tendency is different than in commercial banks operating in Poland and cooperative
banks in other countries with a significant role of cooperative bank sectors (Germany,
France), as well as for the entire population of banks in the European Union countries.
Undoubtedly, one of the reasons for this phenomenon is the fact that during the 2007-2009
crisis Polish cooperative banks sustained lending activity, entering (at the same time)
into the segment of small and medium enterprises where they hardly had experience.
The negative effects of decisions made at that time could be observed in subsequent years.
Additionally, cooperative banks were much less interested in using scoring models (both
external or their own) in the credit risk assessment process. This process may also explain
the rise in the level of NPL ratio in this banking sector.

The main objective of the paper is to assess the impact of the use of scoring models by
Polish cooperative banks on the quality of their loan portfolio (measured by the NPL ratio)
between 2004 and 2020. The authors try to verify two research hypotheses:

(1) The use of scoring models by Polish cooperative banks in the credit risk assessment
process results in a statistically significant reduction in the scale of credit risk materi-
alization;

(2) The effectiveness of internally built scoring models by Polish cooperative banks is
lower than the effectiveness of general models offered by BIK.

Biuro Informacji Kredytowej (BIK-Polish Credit Information Bureau, which is estab-
lished to collect, integrate and share data on the credit history of bank customers).

This article has been divided into three basic parts, including a literature review on the
significance of scoring models in the process of mitigating bank credit risk, a description of
the research method and sample, and the presentation of conclusions and recommendations
resulting from the studies.

2. Literature Overview

The basic tool for limiting credit risk in the banking activity on the pre-contractual
and contractual stages is the credit check assessment. In the literature, two basic categories
are distinguished relating to the credit check: formal and legal capacity and substantive
capacity. The substantive check is a broader and more complex concept since it contains in
itself two significant aspects of assessment, personal and economic (Caplinsk and Tvaron-
aviciené 2020). In the personal dimension of assessment, the elements are analysed that
determine the confidence in a borrower himself. These characteristics include, among
others, the character, family status, previous experience, acquired professional qualifica-
tions, reputation, and managerial skills. What’s more, this category of credit check also
contains the ethical and moral assessment of personal responsibility and reliability of the
borrower relating to the interests of the business they run. The economic dimension of the
substantive capacity assessment focuses on the analysis of the mostly objectified elements
that characterize the previous, current, and future financial and economic situation of the
borrower (Ritonga et al. 2017).

The most common method used by banks to assess the creditworthiness of a homo-
geneous group of borrowers is credit scoring (Emel et al. 2003). In the functioning of any
bank, this is considered to be a key element that has a real impact on future financial results.
Initially, the concept of credit scoring referred only to simple expert scoring cards. However,
with the development of technology, simple scoring turned into predictive models with
a high degree of advancement. Credit scoring has been defined as a method of assessing
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the amount of credit risk of a customer who applies for a loan. By using historical data
and various statistical techniques, the scoring system is designed to distinguish the impact
of individual characteristics of applicants that significantly affect the timely payment of
their obligations. This method generates a certain point (called a cut-off point) by means of
which the bank can easily classify applicants or borrowers into groups showing a different
level of risk. In order to build an effective scoring model, historical data (collected on the
basis of previously granted loans) and selected features helpful in predicting the repayment
of the liability are analysed. A well-constructed scoring model should give a higher rating
to customers who will, in the future, settle their liabilities in accordance with contractual
terms and a lower rating to borrowers who have difficulties with it (Mester 1997).

In the literature on the subject, three types of credit scoring are distinguished most
frequently: application, behavioural, and profit. Credit scoring has many advantages, not
only for the lenders but also for the borrowers. Most often, scoring models are used to
make credit decisions in relation to loan applications. In addition, modern scoring models
are also used when setting credit limits, managing existing accounts, and forecasting the
financial credibility of clients (Fensterstock 2005). As the main advantage resulting from the
use of scoring models in the banking activity, the speed of analysis, simplicity of application,
and its versatility are indicated. The evaluation process takes place in a comprehendible
manner, and the obtained results are clear and easy to interpret (Mutie 2005).

An important advantage of the scoring system is its impartiality and possibility of
standardizing the criteria in the process of loan decision-making. The model’s objectivity
guarantees a feeling among the borrowers that each of them is treated equally, regardless
of race, gender, religion, and other discriminatory factors. What is more, this system is
characterized by high flexibility, which allows using by the bank almost any loan policy
that has an application in the scoring algorithm (Wysinski 2013). A correctly constructed
scoring model also allows one to significantly limit the number of bad loans at the bank,
leading to an improvement of its loan portfolio. This tool is also characterized by better
effects. As with the use of credit scoring system, the number of loans with the loss of value
is lower than in the situation when the loan decision is made in a traditional way of clients’
verification, often by the employees with varied levels of qualifications (Blochlinge and
Leippold 2006). Barefoot points to several key advantages of credit scoring. For example,
credit scoring lowers the cost of the loan since it reduces the human involvement in
the assessment of a loan application (Barefoot and Walika 1996). According to Ponicki
(1996), credit scoring provides a standard technique for assessing loans throughout the
banking sector, an effective way of conducting transactions, and facilitates the collection of
receivables from customers. Scoring models also benefit customers of credit institutions by
offering a simple application process, ensuring that the clients receive a timely response to
their loan application and access to credit when they need it.

At the same time, the literature indicates certain threats related to the use of credit
rating as a tool for examining creditworthiness. The scoring system used in a bank often
becomes obsolete quickly, which forces the management to enter new borrowers’ data
on an ongoing basis as well as to systematically update the scoring card used. It is
also indicated that the credit scoring method may adversely affect the number of new
borrowers. This is due to the high probability that customers who do not have a credit
history will obtain a negative creditworthiness assessment, resulting in a refusal to grant
a loan. Moreover, a lower borrower’s rating makes the cost of the loan increase, making
it less attractive (Kinda and Achonu 2012). Despite the risks associated with the use of
scoring models, Samreen and Zaidi (2012) in their article on the banking sector in Pakistan
strongly recommend that commercial banks use a scoring model to assess creditworthiness
as part of the credit process. By adopting this model, banks can reduce the number of non-
performing loans. These recommendations emphasize the fact that the advantages of using
credit scoring in the credit process outweigh the negative aspects of their implementation.

There are many research studies that include scoring models. However, the impact of
differentiation of scoring models on the quality of banks’ loan portfolios is not sufficiently
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described in the literature, and it is almost impossible to find studies regarding the Polish
banking sector.

The impact of the use of credit scoring on the parameters of the lending policy and the
quality of the portfolio of receivables from the non-financial sector is the subject of research
in many countries. Frame et al. (2001) have shown in their research that, thanks to the use
of scoring models to estimate the credit risk of borrowers, the number of loans granted
to individual clients (but also to small and medium-sized enterprises) also increased.
Berger et al. (2005) in their article state that a greater increase in lending can be seen in
banks that buy the “results” of scoring by third parties, as opposed to banks that use their
own scoring models. Deyoung et al. (2006) provide additional evidence that loans from
banks that use their own credit risk assessment models are of inferior quality. Their research
suggests that using ‘proprietary’ scoring models is associated with higher borrower default
rates, but using this technology tends to mitigate some of the additional risk associated
with ‘longer distance” loans.

Blochlinge and Leippold (2006) in their studies on the economic benefits of using credit
scoring showed that the profitability of the rating model also depends on the discriminatory
power of other competitors. The use of “weak” scoring models by banks in the credit
process attracts more “bad” borrowers and, therefore, a competitor with a low power
of discrimination will incur lower revenues and greater losses. In such a situation, by
judging debtors on the basis of a weak and unreliable system of credit ratings, banks grant
more loans to those who fail to repay their loan, at the same time rejecting solid potential
borrowers. Blochlinge and Leippold (2006), in quantitative terms, show that these banks are
unknowingly becoming a market leader in the segment of non-performing loans. Common
to all the banks analysed by the authors is the fact that the better the scoring model used in
the credit process, the lower the risk of unfavourable selection and the higher the added
value for the bank. A lender can significantly increase its loan portfolio by upgrading its
rating system with the positive side effect of a decline in its non-performing loan portfolio.

Comparison of credit scoring models such as the Statistical-based Credit Scoring
Models Artificial Intelligence-based /Machine Learning Methods, made by Eddy and
Engku Abu Bakar (2017), indicates that although some techniques (especially those based
on artificial intelligence) allow one to apply better credit scoring models, these techniques
still lag behind statistically based techniques since they are not user-friendly and are
difficulty of use. Consequently, statistical-based techniques of scoring model continue
to be the more common methods of choice for banks. Among these techniques, logistic
regression is the most popular one.

Based on the research of Koh et al. (2006), who in their paper discussed and illustrated
the application of data mining techniques to combine different scoring models together, it
can be stated that although this process can lead to creation of a single model that is more
effective in predicting credit risk, this process also has pitfalls. One of these may be that it
is difficult, and sometimes impossible, to combine several scoring models in such a way
that the credit risk prediction results significantly exceed those shown by the individual
models on which it is based.

The results of study, conducted by Dierkes et al. (2013), who sought to determine the
effect of using a business credit information sharing system on the credit risk associated
with these entities, indicates that the application of credit information by banks sharing
systems affected a significant increase in the accuracy of default forecasts both in aggregate
and for individual firms.

Kerage and Jagongo’s (2014) findings also prove a positive relationship between the
use of available information regarding potential borrowers’ credit history by loan com-
panies and banking sector performance. As banks increased their sharing of information
about their customers’ credit histories their performance improved, including a reduction
in non-performing loan ratios.

Giannopoulos (2018) studies the effectiveness of artificial credit scoring models in
predicting SMEs default. Comparing a neural network model (multilayer perceptron) and
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a decision tree model with the credit scoring model applied by the bank, he found that the
bank’s model had a relatively worse performance in predicting loans default.

Fu et al. (2020) conducted a comparative analysis of methods from the machine
learning repertoire. They found that machine learning methods can improve the empirical
understanding of consumer credit defaults. Additionally, they demonstrated the validity
of developing a comprehensive credit scoring system using data sources in the form of
digital traces, especially in countries with high levels of digitization

Empirical analysis, presented by Berger et al. (2011) suggests that the use by com-
munity banks of consumer credit scoring is associated with an increase in small business
lending without any significant change in the quality of the banks’ loan portfolio. Moreover,
the use of credit scores by community banks for small business lending is associated with
an initial decline in profitability that moderates over time.

Kipyego and Wandera (2013), based on their study on the effect of credit information
sharing on the level of non-performing loans in banks in Kenya, concluded that the
introduction of credit information sharing system has led to a reduction in non-performing
loans in the banking sector of Kenya.

Mutesi (2011), in a study on commercial banks in Uganda, found a positive correlation
between credit information sharing, and quality of risk management and financial efficiency.
Based on this, he concluded that banks, in order to increase the efficiency and relevance
of their credit information and minimize the credit risk they incur, should build “strong”
credit information systems (credit information bureaus).

3. Data and Methodology
3.1. The Quality of the Credit Portfolio of Cooperative Banks in Poland

Cooperative banks in Poland constitute a very heterogeneous group of credit insti-
tutions operating mainly on the local market. At the end of 2020, 530 cooperative banks
were operating in Poland, of which 518 under the institutional protection systems of two
associations: the IPS BPS and the IPS SGB.

As indicated in the introduction, the cooperative bank sector in Poland has been
characterized recently by a significantly worse quality of loan portfolio than the loan
portfolio of commercial banks. The NPL growth trend in the Polish cooperative bank sector
is also different than the one in the cooperative bank sectors in other European Union
countries. The share of impaired loans in the sector of polish cooperative banks at the
end of 2020 was on average by nearly three percentage points higher than in the sector of
commercial banks operating in Poland and by about five percentage points higher than the
average value for cooperative banks operating in Germany and France (Figure 1).

The analysis of the quality of the loan portfolio of these banks was carried out and
broken down into five groups of entities, distinguished based on the value of assets at the
end of 2020 according to the following scheme:

- Very large banks with a balance sheet total exceeding PLN 1 billion (14 entities);

- Large banks with a balance sheet total of PLN 500-1000 million (62 entities);

- Medium-sized banks with a balance sheet total of PLN 200-500 million (201 entities);
- Small banks with assets in the PLN 100-200 million range (153 entities);

- Very small banks with a balance sheet total of up to PLN 100 million (83 entities).
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Figure 1. NPL level in commercial and cooperative banks in Poland in 2004-2020 (in%).

Moreover, for the purposes of some analyses, a group of acquiring banks (17 banks)
and acquired banks (19 entities) was separated. The research results for the years 2016-2020
are presented in Table 1 and Figure 2.

Cooperative banks operating in Poland are characterized by strong differentiation of
the quality of credit portfolio. On average, in the years 2016-2020, the value of NPL in
the sector equaled 4.7%, whilst in very large banks the share of impaired loans equaled
nearly 11%, whilst in the small banks it was 3.7%. However, in 2020, amongst other results
from the COVID-19 pandemic, a strong deterioration of the quality of loan portfolios was
observed in small and very small banks (increase of NPL accordingly 0.58 percentage
points, i.e., 14% and 0.82 percentage points, i.e., 23.5%). At the same time, the improvement
of this indicator was noted in 2020 in large and very large cooperative banks. However,
it should be emphasised that very small and small banks still remain the leaders in terms
of relatively low level of NPL at the end of 2020. Simultaneously, quite strong geographical
differentiation is noted in the quality of banks’ credit portfolio at the end of 2020, as well as
changes that took place at the level of NPLs in 2020 (compared to 2019). As a result of anal-
yses, no significant differentiation was observed in the financial condition of cooperative
banks by voivodeship.

Table 1. NPL level in subgroups of cooperative banks in Poland in 2016-2020 (in%).

Group 2016 2017 2018 2019 2020 Zﬁi’g_r;gzeo
Acquired 7.862 10.568 17.886 15.011 X 11.313
Very large 9.564 12.038 12.515 10.862 9.848 10.926

Large 5.545 6.166 6.683 7.130 7.107 6.527

Medium 4.235 4.567 4.879 4.844 4.975 4.700
Small 2.966 3.157 3.350 4.153 4.734 3.672
Very small 2.122 2.699 3.003 3.496 4.316 3.127
Sector average * 4.062 4.558 4.949 4.958 5.187 4.734

Source: Own study based on the individual data of the banks. *-The arithmetic mean was used to calculate the
averages for each year and therefore the results differ from the one in Figure 1, where a weighted mean was used.
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Figure 2. Changes in the NPL ratio in the subgroups of cooperative banks in 2017-2020 (year-to-year in percentage points).

3.2. The Use of Scoring Models in Lending in the Light of a Survey of the Management of
Cooperative Banks in Poland

Cooperative banks operating in Poland, due to the lack of the obligation to apply
international financial reporting standards, present a fairly limited scope of information
on credit risk management tools. In particular, they generally do not present data on the
use of scoring models in this process. One of the tools for assessing the scale and role of
the use of scoring models in the credit risk management process in cooperative banks in
Poland was therefore a survey conducted by the authors and addressed to bank managers
in 2020. The questionnaire was distributed by traditional means (postal correspondence)
and by electronic means (remote form distributed by e-mail). Seventeen cooperative banks
participated in the survey. They were diversified in terms of: bank size (three small banks,
eleven medium banks, and three large banks); the area of operation (Polish law makes the
size of the territory in which cooperative banks may operate dependent on the value of
their own capital); and their financial condition. The share of these banks in the assets of
the cooperative bank sector was 3.4%. The form contained questions relating mainly to
credit risk management methods and tools used in this process, with particular emphasis
on scoring models between 2004 and 2020. In addition to general information, there were
also questions about the advantages, disadvantages and the most important components of
scoring models, as well as the subjective opinion of management about the applied credit
risk mitigation tools.

Building an effective scoring model is a complicated task and is usually closely related
to the careful design of the entire undertaking. The accuracy of the scoring depends
on the elements built into the model and, therefore, largely depends on the reliability
and quality of the collected data (Yap et al. 2011). As a result of the survey, it can be
indicated that cooperative banks belonging to the association in BPS S.A., participating in
the analysis, mostly use the scoring models offered by BIK S.A. (Polish Credit Information
Bureau) in the credit risk management process (the first scoring model was introduced to
the BIK offer already in 2004 (BIKSco). At the time of its construction, data for BIK was
provided by only about 20 banks, as a result of which this model very quickly proved to
be inadequate. There was a dynamic development of the BIK database in the following
years. Scoring models offered by BIK are constantly verified, upgraded, and adjusted to
current regulatory requirements. The most common and best recognised model is BIKSco
CreditRisk). Among the surveyed institutions, 58.8% declared that they use these models
in their lending activities.
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The percentage of banks associated in BPS S.A. participating in the study, who only
use the models developed by BIK S.A. to analyse the borrower’s ability and credibility, is
52.9%. It is worth noting that only 5.9% of the surveyed cooperative banks use both BIK
scoring models and their own models, which in the literature are usually referred to as
proceedings based on hybrid models (Wysiriski 2013). A relatively large percentage of the
banks (17.6%) declared that they use only models developed in-house. A very important
observation resulting from the survey is that over 20% share of affiliated banks that do not
use any scoring models in their activities (Figure 3).

m Only scoring models of BIK SA
17.6

Only own scoring models

Both scoring models of BIK SA and
own models

23.5

No scoring models applied

Figure 3. Source of scoring models used in the credit risk mitigation process in banks affiliated with BPS S.A. (%).

Among the banks belonging to the BPS S.A. association, 80% of the analysed coopera-
tive institutions introduced BIK scoring models to the credit risk management system in
2008-2012 (i.e., during the crisis and the following post-crisis period). 10% of the surveyed
institutions started using the models in 2014, and the remaining 10% started in 2019.

The introduction of BIK scoring models to the credit risk management system in
cooperative banks associated with BPS was accompanied by various motives. As many
as 90% of the surveyed institutions indicated the use of these models as an additional
tool contributing to the reduction of credit risk as the main reason. In the case of half of
the banks participating in the study, they were prompted by the excessively high costs of
building individual models to use the BIK offer. Models developed by BIK are characterized
by lower costs, universal availability and universal use. However, they have been accused
of lower accuracy than in the case of individual models (Wysinski 2013). Another aspect
that influenced the introduction of BIK models in cooperative banks was the influence
of other banks belonging to the association, which may indicate activities contributing
to the unification of the business model. The remaining indicated factors relate to the
recommendations of the BION and the KNF Office, as well as the high effectiveness of
the models.

The surveyed banks affiliated to BPS indicated that their high efficiency is maintained
in relation to the models developed by BIK. In the case of 60% of cooperative institutions,
high efficiency in reducing credit risk was indicated, while 30% of the respondents believe
that these models are effective but contain some drawbacks. 10% of the banks participating
in the survey state that the BIK scoring models are operating poorly.

The credit-scoring system is not an ideal tool for limiting credit risk. It has both a
number of advantages and various drawbacks. According to the associated cooperative
banks, which in their activities use scoring models developed by BIK, their fundamental
advantage is a well-developed database of information about borrowers. BIK has data on
approximately 145 million accounts belonging to 24.6 million retail clients (Biuro 2020).
As a result, banks can easily verify the information obtained from the client and validate
its correctness. Other very important advantages of BIK’s scoring analysis tools include
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the availability and credibility (i.e., one of the most desirable features of scoring models).
BIK’s experience in creating and adapting scoring models to the currently applicable legal
regulations and economic conditions is also an undoubted value.

The activities of cooperative banks are distinguished primarily by their relational
nature, based on maintaining close and long-term relationships with customers (Bank 2020).
The strength of cooperative institutions is also the multitude of roles played by their
members, as well as their strong embedding in the social and economic local environment.
All of these aspects make it much easier for banks to mitigate the limitations resulting
from information asymmetry, and also contribute to increasing trust in the institution and
building its good reputation (which in turn affects profitability).

The results of the survey revealed different views of the management of cooperative
banks belonging to the BPS S.A. association on the impact of the relational nature of
cooperative institutions on the lower importance of scoring models used to analyse the
customer’s creditworthiness. In the case of banks using BIK scoring models, as many as 80%
of cases indicated that the relational nature of cooperative banks reduces the importance of
scoring models. With regard to the remaining cooperative banks, the opposite answer was
indicated, negating the impact of the relational character on the reduction of the importance
of scoring models in banking activity (Figure 4).

71.4%

=Yes = No = Yes No

Figure 4. Assessment of the impact of the relational nature of a cooperative bank on reducing the importance of scoring

models in the assessment of creditworthiness: cooperative banks using BIK scoring models (left chart) and other cooperative

banks of the BPS S.A. association (right diagram).

3.3. Econometric Model-Research Method and Results

In order to verify the research hypotheses, the authors used a panel data regression
model. The analysis relating to the quality of the credit portfolio of cooperative institutions
was carried out on the basis of the obtained individual data of banks belonging to the
BPS S.A. association and the results of the self-survey. The research period covered the
years 2004-2020 and was largely conditioned by the availability of reporting data and the
willingness of management staff of cooperative banks to participate in the survey.

The data used for the analysis are panel data, which are a special case of cross-sectional-
time samples. The use of panel data for the construction and then estimation of econometric
models contributes to easier verification of hypotheses and a reduction of the problem of
collinearity of data, as well as completely eliminating or significantly reducing the bias of
the estimators. These aspects are considered to be the main advantages of using this type
of data.

At the end of 2020, the cooperative banks of the BPS S.A. association that were included
in the analysis accounted for 3.4% of the total number of cooperative banks operating in the
Polish banking sector and 5.4% of all banks associated with BPS S.A. Static panel models
were used for the tests, and in order to select the appropriate model the results obtained
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from the Hausman test were used. Due to the level of Hausman'’s statistics, models taking
into account random individual effects were used. Their general notation takes the form:

NPL; =ap + a1 X ZM.MAKROi(t, t—1) taz X ZM.MIKROM +a3z X ZM.SCORM + Vit (1)

where NPL determines the share of non-performing loans (overdue payments over 90 days)
in the credit portfolio, ZM.MAKRO, .1y represents vector of values of macroeconomic/
regional control variables in period t or t—1, ZM.MIKROj; represents the vector of control
variables relating to the specificity of the operation of a particular affiliated bank in period
t, ZM.SCOR; ; represents the experimental binary variable characterizing the use of scoring
models (BIK or own) in a given year by the bank, and vit represents a random component,
which is the sum of the individual effect unchanging in time u; and the pure random error
git+ (Verbeek 2000).

The variables described in Table 2 were used to conduct the analysis. The authors
selected control variables based on a review of the literature on NPL determinants. The
descriptive statistics of the variables are presented in Table 3.

Table 2. Characteristics of variables used for panel studies of the quality of the loan portfolio of cooperative banks of the
BPS S.A. association in the years 2004-2020.

Variable Description Data Source Previous Research
Explained variable (NPL)
NPL Share of gon—perf.ormmg loans in the loan Data of BPS S.A.
portfolio of a given cooperative bank
Control variables—-macroeconomic characteristics
C.;DP dy.na.mlcs gannua}l average) for the Local Data Bank of the Central . .
voivodship in which a given bank conducts L . Messai and Jouini (2013);
AGDP . . L Statistical Office of
a dominant or exclusive activity-a measure . Beck et al. (2015);
. Poland-Regional accounts.
of the economic growth rate.
C.;DP per capita for the VOlVf)deshlp' n Local Data Bank of the Central
which a given bank conducts its dominant i . Inekwe (2013);
GDP_PC . . Statistical Office of
or exclusive activity—-measure of the . Saba et al. (2012);
o Poland-Regional accounts.
average wealth of a potential client
ITIR Long-term interest rate-real cost of money EUROSTAT Bahruddin and Mansur (2018);
long-term Farhan et al. (2012);
HHI Herfmdahl—Hl.rschman IndexTa measure of  EBC-Consolidated Banking Cifter (2015);
concentration of the banking sector Data
Control variables—microeconomic characteristics
Logarithm of the value of a bank’s assets at
LAS constant 2004 prices—a measure of the Salas and Saurina (2002);
bank’s size
- — - 3);
La Sl anes ol ouaa ot o SO
P based on the data obtained at - -
Relation of non-interest income to the the request of the authors,
NII result on banking activity—characteristics of courtesy of BPS SA, and Abedifar et al. (2018);
the bank’s business model banks’ reports submitted to
Ratio of earning assets to total assets-a the National Court Register
EA_TA measure of possibility to use the bank’s -
assets to generate income
Equity to a bank’s assets (Capital to Asset . . .
CAR Ratio)-a measure of a bank’s Espinoza and Prasad (2010);

capital security

Marki et al. (2014);
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Table 2. Cont.

Variable Description Data Source Previous Research
Experimental variables—scoring model
Binary variable characterizing the use of
SC_BIK BIK scoring models in a given year by the
bank; 1-used; 0—did not use
Binary variable characterizing the use of Own survey study
SC_IN proprietary scoring models in a given bank; -
1-used; 0-did not use
Source: Own study.
Table 3. Descriptive statistics of the variables used in the model.
Variable Aw. Med. S.d. Min. Max.
NPL 4.25 3.31 4.32 0.000 30.7
AGDP 5.97 5.90 2.96 —0.800 17.9
GDP_PC 33.8 31.6 12.8 16.0 96.6
HHI 0.0629 0.0645 0.00498 0.0559 0.0694
LAS 17.2 18.0 2.48 10.7 20.9
L_A 479 48.6 15.1 15.5 81.9
NI 27.6 26.3 8.58 10.6 75.7
EA_TA 92.2 93.2 3.77 741 98.3
CAR 10.4 9.69 3.69 4.89 24.8
E 51.9 43.0 36.8 8.00 156.2
SC_BIK 0.339 0.000 0.474 0.000 1.00
SC_IN 0.235 0.000 0.425 0.000 1.00
Due to the possibility of a correlation between the independent variables, which in
turn leads to the occurrence of collinearity, correlation coefficients were calculated (Table 4).
The obtained results served as the basis for the preparation of the model.
Table 4. Correlation matrix of variables used in the model.
SC_IM SC_BIK L_E CAR EA_TA NII L_A LAS HHI GDP_PC AGDP NPL
NPL 0297  —0.018  0.497 0.02 —0.366 —0.332 0.01 —0.022  0.151 0483  —0.095 1.000
AGDP 0.005 —0.185 0.011 —0.002  0.065 0.04 0.095 —-0213 -021 —0.113  1.000
GDP_PC 0.006 0.477 0.388 —-0.086 —0.053 —-026 —0.052 —0.283 0.279 1.000
HHI —0.002  0.106 0.023 —-0.129 0.066 —0.009 —0.141 —-0.531  1.000
LAS 0.085 —0.166  0.238 0.097 —-0.311  0.108 0.245 1.000
L_A 0.102 —0.118 0.275 —0.027 —-0.348 —0.093 1.000
NI —0.156 —0.065 —0.041 —0.073 —0.105  1.000
EA_TA -0.183 —-0.047 0278 —0.087 1.000
CAR —-0.119 0.011 —0.314 1.000
LE —-0.002 —-0.112 1.000
SC_BIK  —0.193 1.000
SC_IN 1.000

4. Results of Econometric Model

Based on the presented method, a panel study was carried out and the obtained results

are presented in Table 5.

Based on the results of the panel study, some interesting observations should be high-
lighted. Among the macroeconomic factors analysed, the interest rate and GDP dynamics
in the region have the greatest impact on the quality of the loan portfolio, measured by the
NPL ratio. In this case, a significant negative impact of the short-term interest rate and the
scale of economic growth on the value of the NPL ratio was demonstrated. In the case of
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remaining analysed macroeconomic variables, there was generally no significant impact
on the value of the impaired loan ratio.

Table 5. The results of the panel study on the quality of the loan portfolio of BPS S.A. banks in the
years 2004-2020.

NPL
Explained Variable
SC_IN SC_BIK
const 58.235 *** 59.652 ***
(14.638) (14.852)
—0.035 * —0.058 *
AGDP (0.022) (0.034)
0.000 0.000
GDP_PC (0.000) (0.000)
—0.467 * —0.441*
LTIR (0.27) (0.263)
—102.791 —108.853
HHI (80.147) (71.337)
—0.335 *** —0.308 **
LAS (0.128) (0.129)
—0.065 *** —0.062 ***
LA (0.021) (0.02)
—0.054 ** —0.069 **
NI (0.025) (0.033)
—0.465 *** —0.471 ***
EA_TA (0.092) (0.098)
0.224 * 0.187 *
CAR (0.121) (0.102)
LE 0.062 *** 0.054 ***
- (0.016) (0.016)
. . 1.879* —1.313*
Experimental variable (1.087) (0.703)
Number of observations 251 251
Number of banks 17 17

Note: Heteroscedastic erroneous standard matches are given in brackets. *** significance at the level of 1%,
** significance at the level of 5%, * significance at the level of 10%. Source: Own study.

The study also showed a significant influence of microeconomic factors on the value of
the NPL ratio. The relationship between the size of the bank and the share of loans delayed
in the repayment period exceeding 90 days was confirmed. Therefore, it can be pointed out
that larger cooperative banks are characterized by a much lower level of impaired loans
and, thus, a better quality of the loan portfolio (regardless of the type of scoring model
used). At the same time, it should be emphasized, as mentioned in the previous part of
the publication, that in 2020 a strong change in the trend was observed, manifested by a
high increase in impaired loans in small banks along with an average small reduction of
the NPL ratio in large cooperative banks.

A statistically significant microeconomic determinant in the analysed models is also
the size of the bank’s relative credit exposure. A statistically significant negative impact of
this variable on the share of non-performing loans in the bank was demonstrated, which
means that the quality of its loan portfolio improves with the increase in the bank’s credit
exposure. It may be a consequence of banks’ greater specialization in this area.

Based on the results of the panel study, the negative impact of the scoring model
developed by BIK on the quality of the loan portfolio was shown. At a significance level of
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5%, it was demonstrated that cooperative banks which use BIK scoring to minimize credit
risk, during the period of using this group of models, are characterized by a better quality
of the loan portfolio which results from lower NPL values. It should therefore be noted
that this analysis showed the effectiveness of the use of scoring models built by BIK. If
individual models were used by cooperative banks, the study showed a significant positive
impact on the quality of loan portfolios (at the 90% confidence level), which should be
interpreted from the angle of their ineffectiveness.

5. Conclusions

This article presents the results of research confirming the efficacy of using the scoring
models as a tool for limiting the credit risk in cooperative banks in Poland. It also indicates
that a more advantageous solution for small, relational, and local banks is to apply standard
models developed by a credit reference bureau at the sectoral level rather than models
created individually on small samples, the effectiveness of which has not been confirmed.

As shown in Section 3.3, the statistically significant (at the 90% confidence level) effect
of the variables SC_IN and SC_BIK on the NPL level of the banks included in the sample
allows for a positive verification of the hypothesis regarding the statistical significance of
the effect of using the scoring model on the quality of the loan portfolio. These results
are intuitively obvious (particularly for commercial banks), as shown in the literature
overview. However, they are in opposition to some studies on community banking, (e.g.,
to the findings presented by Berger et al. (2011), who showed that the use by community
banks of consumer credit scoring is associated with an increase in small business lending
without any significant change in the quality of the banks’ loan portfolio). At the same
time, the positive direction of the relationship between SC_IN and NPL indicators and
the negative direction of the relationship between SC_BIK and NPL indicators provides
evidence to support the hypothesis of the lower effectiveness in mitigating credit risk of
internally built scoring models in relation to models offered by the Polish credit information
exchange office (BIK). These results are in line with the current research on the role of
credit information exchange systems in reducing the number of nonperforming loans in
the banking sector. These findings are supported by research conducted by Mutesi (2011)
and Kipyego and Wandera (2013).

The results regarding the impact of internal scoring models are in contrast with most
previous studies, such as the analysis of Frederic Nyasaka (2017) who showed that a group
of commercial banks that the use of Internal Appraisal Credit Rating Systems resulted in
a reduction of the NPL ratio. This difference is very likely due to the specifics of Polish
cooperative banks, which are small and local entities. Moreover, they often do not have
enough financial resources to build individual, highly effective scoring tools.

As a consequence of the coronavirus pandemic, it is highly likely that banks will be
severely affected by a recession which will result from the declining creditworthiness of
retail clients as well as bankruptcies of corporate clients. The quality of the loan portfolios
of the Polish banking sector institutions will largely depend on the duration of the crisis.
In the light of the first negative consequences arising from the effects of the COVID-19
pandemic, the need for cooperative banks to use effective mechanisms to reduce the
materialisation of credit risk is even stronger (so that the 2007-2009 crisis scenario would
not repeat), given that the cooperative banks in Poland, fulfilling the function of a catalyst
and supporting the credit action lines (in particular in relation to enterprises) to this day
bear the consequences of the financial crisis. Having demonstrated the effectiveness of
BIK’s scoring tools in limiting NPL level, we are prompted to pay special attention to the
legitimacy of applying these tools, especially in light of the current threat of a financial
crisis and its consequences for the future timeliness of repayments by the clients.

The conclusions presented in this article have a statistical justification. However,
it should be taken into account that they were developed on the basis of a relatively small
sample. The reason for its limitation was the somewhat low return of the survey addressed
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to the management staff of cooperative banks of the BPS S.A. association. If the research is
continued in the future, it is necessary to increase the research sample.

Author Contributions: Conceptualization, K.K. and ]J.C.; methodology, K.K.; software, R.C.; vali-
dation, K.K,, R.C. and ]J.C.; formal analysis, R.C.; investigation, K.K., R.C. and J.C.; resources, K.K.,
R.C. and J.C,; data curation, KK. and J.C.; writing—original draft preparation, KK., R.C. and J.C.;
writing—review and editing, K.K., R.C. and J.C.; visualization, KK., R.C. and J.C.; supervision, K.K.;
project administration, K.K. and R.C.; funding acquisition, K.K. and R.C. All authors have read and
agreed to the published version of the manuscript.

Funding: The publication was financed from the subsidy granted to Cracow University of Economics.
Institutional Review Board Statement: Not applicable.
Informed Consent Statement: Not applicable.

Data Availability Statement: The data analyzed in the paper was delivered at the request of the
authors by Bank Polskiej Spétdzielczosci and Biuro Informacji Kredytowej under a partnership
agreement. This data is not publicly available.

Conflicts of Interest: No conflict of interest.

References

Abedifar, Pejman, Philip Molyneux, and Amine Tarazi. 2018. Non-interest income and bank lending. Journal of Banking & Finance 87:
411-26.

Bahruddin, Wan A., and Masih Mansur. 2018. Is the relation between lending interest rate and non-performing loans symmetric or
asymmetric? Evidence from ARDL and NARDL. MPRA Paper 91565: 1-30.

Bank, Polskiej Spotdzielczosci. 2020. O Banku. Available online: https:/ /www.bankbps.pl/o-banku (accessed on 25 May 2021).

Barefoot, Ann, and Christine Walika. 1996. Credit Scoring at a Crossroads: Privacy, Access, and Fairness Concerns Can Be Successfully
Addressed. ABA Banking Journal 88: 26.

Beck, Roland, Petr Jakubik, and Anamaria Piloiu. 2015. Key Determinants of Non-performing Loans: New Evidence from a Global
Sample. Open Economies Review 26: 525-50. [CrossRef]

Berger, Allen N., Scott Frame, and Nathan Miller. 2005. Credit Scoring and the Availability, Price, and Risk of Small Business Credit.
Journal of Money, Credit, and Banking 37: 191-222. [CrossRef]

Berger, Allen N., Adrian M. Cowan, and Scott Frame. 2011. The Surprising Use of Credit Scoring in Small Business Lending by
Community Banks and the Attendant Effects on Credit Availability, Risk, and Profitability. Journal of Financial Services Research 39:
1-17. [CrossRef]

Biuro, Informacji Kredytowej. 2020. O Nas. Available online: https:/ /www.bik.pl/o0-nas (accessed on 25 May 2021).

Blochlinge, Andreas, and Markus Leippold. 2006. Economic benefit of powerful credit scoring. Journal of Banking & Finance 30: 851-73.

Caplinsk, Alina, and Manuela Tvaronavi¢iené. 2020. Creditworthiness Place in Credit Theory and Methods. Enterpreneurship and
Sustainability Issues 7: 2542-555. [CrossRef]

Cifter, Atilla. 2015. Bank concentration and non-performing loans in central and eastern European countries. Journal of Business
Economics and Management 16: 117-37. [CrossRef]

Deyoung, Robert, Dennis Glennon, and Peter Nigro. 2006. Borrower-Lender Distance, Credit Scoring, and the Performance of Small
Business Loans. FDIC Center for Financial Research Working Paper 4: 38—41. [CrossRef]

Dierkes, Maik, Carsten Erner, Thomas Langer, and Lars Norden. 2013. Business credit information sharing and default risk of private
firms. Journal of Banking & Finance 37: 2867-78.

Eddy, Yosi Lizar, and Engku Muhammad Nazri Engku Abu Bakar. 2017. Credit scoring models: Techniques and issues. Journal of
Advanced Research in Business and Management Studies 7: 29-41.

Emel, Ahmet B., Muhittin Oral, Arnold Reisman, and Reha Yolalan. 2003. A credit scoring approach for the commercial banking sector.
Socio-Economic Planning Sciences 2: 103-23. [CrossRef]

Espinoza, Raphael, and Ananthakrishnan Prasad. 2010. Nonperforming Loans in the GCC Banking Systems and their Macroeconomic
Effects. IMF Working Paper 10: 24. [CrossRef]

Farhan, Muhamad, Ammara Chaudhry Sattar, and Fareeha Khalil. 2012. Economic determinants of nonperforming loans: Perception
of Pakistani bankers. European Journal of Business and Management 4: 87-99.

Fensterstock, Albert. 2005. Credit scoring and the next step. Business Credit 107: 46—49.

Frame, Scott, Aruna Srinivasan, and Lynn Woosley. 2001. The Effect of Credit Scoring on Small Business Lending. Journal of Money,
Credit, and Banking 33: 813-25. [CrossRef]

Genriha, Irina, and Irina Voronova. 2012. Methods for Evaluating the Creditworthiness of Borrowers. Economic and Business 22: 42-50.

Giannopoulos, Vasileios. 2018. The Effectiveness of Artificial Credit Scoring Models in Predicting NPLs using Micro Accounting Data.
Journal of Accounting & Marketing 7: 303.


https://www.bankbps.pl/o-banku
http://doi.org/10.1007/s11079-015-9358-8
http://doi.org/10.1353/mcb.2005.0019
http://doi.org/10.1007/s10693-010-0088-1
https://www.bik.pl/o-nas
http://doi.org/10.9770/jesi.2020.7.3(72)
http://doi.org/10.3846/16111699.2012.720590
http://doi.org/10.2139/ssrn.888576
http://doi.org/10.1016/S0038-0121(02)00044-7
http://doi.org/10.5089/9781455208890.001
http://doi.org/10.2307/2673896

Risks 2021, 9, 132 15 of 15

Fu, Guanghong, Minjuan Sun, and Qing Xu. 2020. An Alternative Credit Scoring System in China’s Consumer Lending Market:
A System Based on Digital Footprint Data. Available online: https://papers.ssrn.com/sol3/papers.cfm?abstract_id=3638710
(accessed on 25 June 2021).

Herring, Richard J. 1999. Credit risk and financial instability. Oxford Review of Economic Policy 15: 63-79. [CrossRef]

Inekwe, Murumba. 2013. The Relationship between Real GDP and Non-performing Loans: Evidence from Nigeria (1995-2009).
International Journal of Capacity Building in Education and Management (I[JCBEM) 2: 1-7.

Kerage, Peter, and Ambrose Jagongo. 2014. Credit Information Sharing and Performance of Commercial Banks in Kenya. Global Journal
of Commerce & Management Perspective 3: 18-23.

Kinda, Ousseni, and Audrey Achonu. 2012. Building a Credit Scoring Model for the Savings and Credit Mutual of the Potou Zone
(MECZOP)/Senegal. The Journal of Sustainable Development 7: 20.

Kipyego, Daniel K., and Moses Wandera. 2013. Effects of credit information sharing on nonperforming loans: The case of Commercial
Bank Kenya. European Scientific Journal 13: 168-93.

Klein, Nir. 2013. Non-performing loans in CESEE: Determinants and impact on macroeconomic performance. International Monetary
Fund Working Paper 13: 72. [CrossRef]

Koh, Hian C., Wei Chin Tan, and Chwee Peng Goh. 2006. A Two-step Method to Construct Credit Scoring Models with Data Mining
Techniques. The International Journal of Business and Information 1: 96-118.

Marki, Vasiliki, Athanasios Tsagkanos, and Athanasios Bellas. 2014. Determinants of non-performing loans: The case of Eurozone.
Panoeconomicus 61: 193-206.

Messai, Ahlem, and Fathi Jouini. 2013. Micro and macro determinants of non-performing loans. International Journal of Economics and
Financial Issues 3: 852-60.

Mester, Loretta. 1997. What's the point of credit scoring? Business Review 3: 3-16.

Mutesi, Jay. 2011. Information Sharing, Risk Management and Financial Performance of Commercial Banks in Uganda. Doctoral
dissertation, Makerere University, Kampala, Uganda. Available online: dspace.mak.ac.ug (accessed on 26 June 2021).

Mutie, Christopher M. 2005. Credit Scoring Practices and Non-Performing Loans in the Kenyan Commercial Banks. Ph.D. thesis,
School of Business, University of Nairobi, Nairobi, Kenya; p. 30.

Nyasaka, Fredrick O. 2017. The Relationship between Credit Risk Management Practices and Nonperforming Loans in Kenyan
Commercial Banks: A Case Study of KCB Group. Available online: http://erepo.usiu.ac.ke/bitstream/handle/11732/3182
/FREDRICK%200.%20NYASAKA %20MBA %202017 pdf?sequence=1&isAllowed=y (accessed on 26 June 2021).

Ponicki, Chuck. 1996. Case Study: Improving the Efficiency of Small-Business Lending at First National Bank of Chicago. Commercial
Lending Review 51: 51-60.

Ritonga, Husni M., Hasrul Azwar Hasibuan, and Andysah Putera Utama Siahaan. 2017. Credit Assessment in Determining the
Feasibility of Debtors Using Profile Matching. International Journal of Business and Management Invention 6: 73-79.

Saba, Irum, Rehana Kouser, and Muhammad Azeem. 2012. Determinants of Non-Performing Loans: Case of US Banking Sector.
The Romanian Economic Journal 44: 141-52.

Salas, Vicente, and Jesus Saurina. 2002. Credit Risk in Two Institutional Regimes: Spanish Commercial and Savings Banks. Journal of
Financial Services Research 22: 203-24. [CrossRef]

Samreen, Asia, and Farheen B. Zaidi. 2012. Design and Development of Credit Scoring Model for the Commercial banks of Pakistan:
Forecasting Creditworthiness of Individual Borrowers. International Journal of Business and Social Science 3: 155-66.

Spuchlékova, Erika, Katarina Valaskov, and Peter Adamko. 2015. The Credit Risk and its Measurement, Hedging and Monitoring.
Procedia Economics and Finance 24: 675-81. [CrossRef]

Verbeek, Marno. 2000. A Guide to Modern Econometrics. Chichester: John Wiley and Sons.

Wrysiniski, Przemystaw. 2013. Zastosowanie scoringu kredytowego w bankowosci. Zeszyty Studenckie Wydziatu Ekonomicznego Nasze
Studia 6: 167-77.

Yap, Bee W., Seng Huat Ong, and Nor Huselina Mohamed Husain. 2011. Using data mining to improve assessment of credit worthiness
via credit scoring models. Expert Systems with Applications 38: 13274-83. [CrossRef]


https://papers.ssrn.com/sol3/papers.cfm?abstract_id=3638710
http://doi.org/10.1093/oxrep/15.3.63
http://doi.org/10.5089/9781484318522.001
dspace.mak.ac.ug
http://erepo.usiu.ac.ke/bitstream/handle/11732/3182/FREDRICK%20O.%20NYASAKA%20MBA%202017.pdf?sequence=1&isAllowed=y
http://erepo.usiu.ac.ke/bitstream/handle/11732/3182/FREDRICK%20O.%20NYASAKA%20MBA%202017.pdf?sequence=1&isAllowed=y
http://doi.org/10.1023/A:1019781109676
http://doi.org/10.1016/S2212-5671(15)00671-1
http://doi.org/10.1016/j.eswa.2011.04.147

	Introduction 
	Literature Overview 
	Data and Methodology 
	The Quality of the Credit Portfolio of Cooperative Banks in Poland 
	The Use of Scoring Models in Lending in the Light of a Survey of the Management of Cooperative Banks in Poland 
	Econometric Model-Research Method and Results 

	Results of Econometric Model 
	Conclusions 
	References

