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Problem description1 

The economic growth and stability of any country depend on the financial 

environment of its banking system. Given the critical role of banks as financial 

intermediaries, the estimation of their financial stability is one of the main goals of 

regulators. The most commonly used ways of assessing the financial performance 

and controlling the level of credit risk of a bank are an evaluation of its probability 

of default and a credit rating. The probability of default (PD) is the likelihood of a 

bank failure over a fixed assessment horizon while a credit rating (CR) determines 

the class to which a company belongs based on the PD. Although both of these 

methods have been studied a lot, their forecasting power still has room of 

improvement. There are possible biases that may lead to misleading results. PD 

estimates provided by a model forecast can be underestimated because of an 

imbalanced structure of datasets containing defaults. Defaults are rare, so a PD 

model becomes overfitted towards non-default events. Even the classical balancing 

data methods provided by He and Garcia (2009) and Garcia et al. (2012) do not fully 

solve this problem and a PD model gives underestimated results (Karminsky and 

Kostrov, 2017). On the other hand, CR models are not fully reliable either. The main 

reason is a bad proxy of the dependent variable in the model. Researchers obtain 

information only about ratings assigned by rating agencies (RA) and they have to 

assume this information to be absolutely true and objective. However, a CR 

assessment is a subjective opinion of an agency that depends on its conservatism and 

methodology. It was proven that recently RAs care a lot about their reputation and 

try to be overcautious in order not to miss the financial distress of a bank (Park and 

Lee, 2018; Hu et al., 2019).  

The relevance of the research1 
The relevance of the paper is determined by the ability to compare and interpret 

different credit risk models and to evaluate the financial stability of banks in a valid 

 
1 These sections present amended and extended version of the following research paper: Karminsky A., Khromova 
E. (2018) Increase of banks’ credit risks forecasting power by the usage of the set of alternative models. Russian 
Journal of Economics 4(2): 155-174. 
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and consistent manner. This paper aims to solve one of the most important issues of 

credit risk: complete assessment of a bank’s financial performance is very time 

consuming, and a large number of credit institutions remain uncovered by RAs. 

(Duff and Einig, 2009; Bellotti et al., 2011). Therefore, the possibility of a quick and 

reliable forecast of a bank’s financial performance with the help of the proposed 

synergic credit risk model will be useful for all a bank's counterparties.  

1. For investors (depositors) – as a tool for finding the banks with minimal credit 

risks to be included in an investment portfolio (for placement of funds).  

2. For regulators – as a tool of permanent control with ability to take adequate 

measures in advance. 

3. For banks themselves – as an additional internal management tool in IRB 

approach. 

Literature review2 

This paper unifies two seemingly separate areas of economic literature. The first area 

of the literature addresses the issue of the underestimation of credit risk by default 

models and the second area concerns the overcautious assessments of credit ratings. 

All recent research emphasizes the importance of paying attention to the presence of 

the class imbalance problem in data on defaults and its impact on the estimation 

procedure and on standard forecasting power indicators. (Esarey and Pierce, 2012; 

Karminsky and Kostrov, 2017; Lanine and Vennet, 2006). Few default events are 

usually available to estimate the parameters of the model properly in the training set. 

The main consequence of the class imbalance problem is the underestimation of the 

“rare” class, which will deteriorate the forecasting power for bank failures (Florez-

Lopez and Ramon-Jeronimo, 2014; Rösch and Scheule, 2014). Garcia et al. (2012) 

discussed the class imbalance problem and methods to overcome it. Among the most 

 
2 This section presents amended and extended version of the following research papers: 1) Karminsky A., Khromova 
E. (2018) Increase of banks’ credit risks forecasting power by the usage of the set of alternative models. Russian 
Journal of Economics 4(2): 155-174; 2) Khromova E. (2020) Dynamic Mapping of Probability of Default and Credit 
Ratings of Russian Banks. Journal of Corporate Finance Research. 14 (4): 31-46 
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used methods are the random omission of non-defaults, the random inclusion of 

defaults and the increase in weights of the rare class observations in a log-likelihood 

function. However, even the balancing data methods provided do not fully solve this 

problem, and the model gives underestimated results. 

A second literature stream examines the discrepancies between the ratings of various 

RAs. Despite the fact that many of them use similar letter designations, their 

approaches to financial analysis differ. Many authors studied a consistent difference 

between the scores of the various rating agencies and the financial stability of issuers 

(Morgan, 2002; Barton, 2006; Becker and Milbourn, 2010; Livingston et al., 2010; 

Alsaka et al., 2012; Bolton et al., 2012; Shimizu et al., 2013; White, 2013; Feng et 

al., 2014). Before the 2008 financial crisis, the activity of rating agencies had little 

regulation, allowing rating agencies to avoid responsibility for overestimation in 

assigned ratings, which led to a subsequent conflict between the issuers and users of 

ratings (Solovjova, 2016; Altman et al., 2005; Behr et al., 2008; Dimitrov et al., 

2015; Kose et al., 2003; Ryan J., 2012; Xuefeng et al. 2012). As a result of the 

massive regulatory improvements the Dodd-Frank law that significantly improved 

implementation of the basic principles of objectivity, transparency and 

independence of the rating process was adopted. However, in more recent times it 

was shown that RAs were very cautious in the estimation of financial stability as 

their reputation fully depended on it (Becker et al., 2010; Flynn et al., 2018; Skreta 

et al., 2009; Vasiluk, 2011; Givaykina and Peresetsky, 2017; Karminsky, 2015; 

Pomasanov and Hamalinsky, 2012; Steshkin, 2015). A reputation of a RA suffers 

more when an agency predicts a higher rating grade than it should. Therefore, 

nowadays RAs tend to react sharply to any bad news of a well-performing bank 

trying to predict the worst scenario of its performance, so their reputation does not 

suffer.  

Observing the divergence of CR and PD modeling, a research gap arises in the 

absence of usage a synergic effect of combination of these two methodologies in 

order to increase the predictive power of the financial stability of a bank. These two 
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approaches give exactly opposite skewnesses of their predictors that makes their 

combination logical and theoretically justified by forecast combination theory 

(Clemen, 1989; Timmermann, 2006). One of the first works devoted to this research 

question in credit risk sphere was a paper by Pompella and Dicanio (2017), who 

introduced a new approach (PC-Mahalanobis Method), which has parts from PD and 

CR modeling, for testing the validity of bank ratings assigned by RAs. However, the 

PC-Mahalanobis Method does not provide a numerical interpretation of the results 

and allows only to determine whether an observation belongs to either of the two 

binary groups: healthy or likely-to-fail banks. Therefore, the research gap of 

combination of PD and CR models for the Russian banks was fulfilled by this paper. 

In order to use the combination of PD and CR models the literature streams that 

study the non-linear dependence between credit ratings and other fundamental risk 

parameters (PD, LGD and EAD) were analyzed. Different methods of comparing 

CR and PD were used in the academic papers (Godlewski, 2007; Chan-Lau, 2006; 

Schuermann and Hanson, 2004). For example, Godlewski in 2007 provided 

comparison of banks' credit ratings in emerging countries and their corresponding 

PD. The research showed the CR tends to aggregate bank default risk information 

into the intermediate-low rating grades and thus proved ratings' partial divergence 

from the results of a PD scoring model. The connection between the ratings and loss 

given default was demonstrated in the articles (Shi et al., 2020; Shi et al., 2019; 

Rudakova and Ipatyev, 2015; Tasche, 2013; Volk, 2013). Therefore, most of the 

articles on this topic offer some econometric models, which can be used for 

interpreting of CRs with the help of PD and vice versa (Karminsky and Khromova, 

2018; Zhivaikina and Peresetsky, 2017; Rudakova and Ipatyev, 2015; Tasche, 2013; 

Volk, 2013; Pomasanov and Vlasov, 2008)). Another literature stream focuses on 

the calibration of PD and CR to the same scale. The paper by Tasche (2013) 

compares a variety of calibration approaches and concludes that a ‘scaled likelihood 

ratio’ approach is superior to the standard ‘scaled PDs’ approach. Pomasanov and 

Vlasov (2008) introduced the model of credit rating calibration on PD for Russian 
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banks. Alternatively, Pomazanov and Hamalinsky (2012) offered models for CR and 

PD calibration in samples with a small number of bankrupt firms. The method was 

based on the idea of benchmarking and genetic algorithms. Moreover, the tables with 

credit ratings and implied PDs are provided by RAs themselves: S&P (2019 Annual 

Corporate Default and Rating Transition Study), Moody’s (Corporate Default and 

Recovery Rates, 1920-2008) and Fitch (2019 Transition and Default Studies). 

Objectives of the research 

The aim of this research is to increase the forecasting power of a bank's credit risk 

by building a synergic model that combines two of the most popular indicators of 

financial stability (CR and PD). The output of the synergic model is aimed to be 

transformed into the quantitative measure of credit risk that will allow investors to 

easily evaluate their potential losses. 

In order to achieve the aim of the paper the following objectives were fulfilled: 

1. Different methodologies of bank credit risk measurement were systemized 

(Probability of Default, Loss Given Default, Eхposure At Default, Maturity, 

Ratings). 

2. Factors of potential influence on bank credit risks that were used in the 

previous academic research were structured and summarized. 

3. The representative dataset was obtained by filtration methods. 

4. Two different models of credit risk (CR and PD) were run on the same dataset. 

5. The comparison of the descriptive statistics of the distributions of CR and PD 

model forecasts, calibrated to a common scale, was conducted in order to 

develop proposals for the synergy of these models to improve the accuracy of 

estimates. 

6. A synergic model with a higher forecasting power was constructed by 

assigning optimal weights and monotonic transformations to the PD and CR 

models. 
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7. The fitted values of the synergic model were transformed to PD using 

dynamic historic default frequencies. 

The object and the subject of the research 

The object of this thesis is Russian banks, while the subject is credit risk measured 

by probability of a bank’s default and its credit rating and the nature of the 

interdependence between them. 

Hypotheses of the research 

Based on the analysis of the literature the following hypotheses were formulated.  

Hypothesis 1. Some RAs on average tend to consistently assign relatively 

higher/lower ratings for the same bank.  

This hypothesis was formulated alongside the paper (Karminsky and Peresetsky, 

2007) that considered Big 3 international RAs and was also extended by the author 

to comparison of Russian RAs. It implies that there is a consistent difference in 

ratings assigned by various rating agencies to the same bank: some of them are 

relatively more conservative, while others are relatively more liberal. In particular, 

it was already shown that Moody’s tends to overestimate banks’ ratings, while 

Standard and Poor’s is the most conservative international rating agency (Karminsky 

and Peresetsky, 2007). This hypothesis makes it possible to carry out a comparative 

analysis of the subjectivity of RAs in assessing the credit risk of banks. Moreover, 

this study will also allow us to evaluate the financial transparency of Russian banks, 

which is inversely proportional to the difference between the rating grades of various 

RAs (Morgan, 2002). 

Hypothesis 2. There is a significant divergence in the predictions of the CR and PD 

models: CR models give overestimated results due to reputational effect of RAs, 

while PD models are overfitted towards credit risk underestimation. 



8 
 

CR and PD models are checked for being overfitted towards credit risk over and 

underestimation respectively. Due to the presence of this divergency, the paper 

combines the previously used models of credit risk into a single scale and creates a 

synergic, more reliable, model of banks’ credit risks based on publicly available 

information. According to the third hypothesis this may improve bank credit risk’s 

forecasting power. 

Hypothesis 3. A synergic (combined) model cancels out biases of PD and CR models 

and has higher credit risk’s forecasting power compared to individual PD and CR 

models. 

This hypothesis is checked by combination of the set of alternative models (CR and 

PD) by assigning optimal weights and monotonic transformations to them. 

In order to obtain specific financial measures of credit risk, qualitative CR measures 

of the synergic model and quantitative PD measures are calibrated. For this purpose, 

a dynamic transition scale on the basis of the average historic default frequencies is 

created. The analysis of this scale enables a comparison of different credit risk 

minimization strategies and hence, the fourth hypothesis is formulated. 

Hypothesis 4. Banks with high ratings are more stable right after the rating 

assignment, while junk rated banks’ probability of default is very high during ST 

period after rating assignment, but sharply decreases over time. 

According to this hypothesis a bank that survives more than 1 year after low rating 

assignment has a sharp decrease in PD, while after high rating assignments PD 

gradually increases over time. The intuition behind this is that speculative banks that 

survive for a prolonged period are mainly small but stable, while banks with 

investment rating grades face huge competition and cannot fulfill regulator’s 

requirements for a long period. Therefore, it is supposed that investors should 

account for not only the current rating grade of a bank, but also how long ago it was 

assigned. 
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The novelty of the research 

The novelty of the thesis consists of the robust and comprehensive research in the 

field of a credit risk of a bank. 

1. Empirical proof that credit risk overestimation tendency by CR models 

appears during post-2008 financial crisis period and is sharper for Russian 

banks compared to international ones. 

2. Introduction of an algorithm of derivation of a synergic model based on a set 

of alternative models that shows superior forecasting power of credit risks. 

3. Introduction of methodology of creation a dynamic calibration scale of 

qualitative CR measures into quantitative PD with superior features. First, it 

has detailed dynamic nature due to the usage of quarterly PD estimates. 

Second, it is compatible with all RAs, as it uses a base CR scale of all 

international and national RAs. Third, it focuses on Russian banks and thus 

includes country specific tendencies. 

Methodology and Contribution3 

This thesis provides a new algorithm of a PD and CR synergic model construction 

that consists of several steps. First step is to construct a PD model and a CR model 

separately on the same dataset using the base rating scale. This part of the research 

is based on a summary of factors of potential influence on credit risk of a bank. After 

the predicted values of both models are generated, the calibration of CR and PD is 

realized in order to bring CR and PD into the single scale. Then the forecasting errors 

of each model are compared by their statistical distributions (mode, median, 

skewness). The divergence of both models from the actual data is calculated and the 

optimal weight coefficients and monotonic transformations for these two models 

that bring the forecasting error distribution closer to a normal distribution are found. 

The final version of PD and CR synergic model is further checked for its out-of-
 

3 This section presents amended and extended version of the following research papers: 1) Karminsky A., Khromova 
E. (2018) Increase of banks’ credit risks forecasting power by the usage of the set of alternative models. Russian 
Journal of Economics 4(2): 155-174; 2) Khromova E. (2020) Dynamic Mapping of Probability of Default and Credit 
Ratings of Russian Banks. Journal of Corporate Finance Research. 14 (4): 31-46 
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sample fit. Then the forecasts generated by the synergic model are transformed to 

PD using the dynamic transition scale of default frequencies introduced by the 

author. Using the obtained dynamic transition scale, it is possible to value the credit 

risk associated with a particular grade, which makes the forecasted grades of the 

synergic model more comprehensive and intuitive for banks’ counteragents and may 

help them in investment decision making. 

The following are the components of the methodology used in the successive stages 

of the implementation of the proposed algorithm, as well as the author's contribution 

at each of these stages. 

Imbalanced data correction 

The empirical part of the research is based on the dataset that was consolidated with 

the help of Matlab code from two separate databases. The first is the “Banks and 

Finance” database provided by the informational agency “Mobile”, while the second 

is the database of Central Bank of Russia, which consists of the RAs statements of 

all Russian licensed banks. The unbalanced panel dataset of Russian banks was 

extracted for the period 2007-2017. The reduction of the sample size mainly 

appeared due to the fact that only a small share of banks was assigned a CR grade. 

The historical data of CR changes by national and international RAs was taken from 

Cbonds.ru and Bankodrom.ru that are the main on-line aggregators of banking 

statistics. Then the data on banks’ defaults were collected from Cbr.ru and Banki.ru. 

The total number of banks after filtration was 395 (86 of them experienced the 

default), so the overall number of observations was 11 627 that is enough to make 

consistent conclusions. In addition, data on macroeconomic factors is taken from 

Rosstat and World Bank databases. 

However, the collected panel database was imbalanced (223 of defaults compared 

to 11 404 of non-defaults). The nature of imbalanced data is intrinsic (corresponds 

to the nature of a data set). Furthermore, there is no data available for the “default” 

class after bank had experienced the default.  It leads to embedded rarity and within-
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class imbalances as well as the failure of generalizing inductive rules by learning 

algorithms. Therefore, using methodology described by He and Garcia (2009), the 

combination of random undersampling and oversampling methods was used to 

obtain the final data for the regression analysis. According to the methodology of 

He and Garcia, a set of majority class examples was randomly selected and removed 

from data and then the random set of minority class with new banks’ names was 

added. The selected approach was proved to be useful in eliminating the problems 

associated with the imbalanced nature of the collected database.  

Base scale formation 

The credit agencies’ assessments were reflected into one base scale for correct 

comparison and for eliminating the possible methodological differences. According 

to the methodology of Karminsky and Sosurko (2011) the best results of mapping 

scales are obtained by using the class of linear-logarithmic transformations. In this 

case, the parametrization of mappings implies finding a pair of coefficients for 

mapping each of the scales into a basic one (free term and coefficient in front of the 

logarithm of the described rating scale). Moody's was chosen as a dependent variable 

for the base scale construction. Therefore, the following regression was run in order 

to fulfill the mapping procedure: 

 𝐿𝐿𝐿𝐿(𝑀𝑀𝑖𝑖) = 𝛼𝛼𝑗𝑗𝐿𝐿𝐿𝐿(𝑅𝑅𝑖𝑖) + 𝛽𝛽𝑗𝑗 + 𝜀𝜀𝑖𝑖 , (1) 

where 𝑀𝑀𝑖𝑖 is a Moody’s international scale, taken as a base scale and 𝑅𝑅𝑖𝑖 is the scale 

of CR that should be transformed to a base scale. Therefore, it allows a solution 

using the least-squares regression. The vector of coefficients (j) for international 

agencies Moody’s, Standard&Poor’s, Fitch (both international and national scales) 

and national Ras such as RAEX, NRA, Rus-Rating and AK&M and Ria-Rating were 

calculated using methodology of Karminsky and Sosurko (2011). Credit ratings 

mapping allowed the author to construct a single rating space and to compare the 

credit ratings of different agencies more accurately. 
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CR and PD modelling via logistic regressions 

As for the modeling methods of this research, binary logit/probit regressions were 

chosen for PD estimation and Multinomial ordered logit/probit for credit ratings 

modeling by the classical methodology introduced by Kaplan and Urwitz in 1979. 

These models continue to be actively used in many modern international studies 

(Fernando et al., 2019; Darrat et al., 2016; Lin and Yang ,2016; Ciampi, 2015; 

Karminsky and Kostrov, 2014). Moreover, it was shown (Jiao et al., 2007; 

Karminsky and Kostrov, 2017; Zan et al., 2004) that the predictions of more complex 

modeling methods like artificial intelligence models did not outperform the standard 

binary and ordered multinomial models.  

Principal component analysis 

Country-specific variables and interaction terms were included in the models for 

precise credit risk estimation. It was noted that macroeconomic variables and cross 

terms of financial variables were heavily correlated with each other, which could 

inevitably lead to multicollinearity problem if no actions were taken. Therefore, due 

to the fact that the model is constructed primarily to be applied in forecasting, 

principal component analysis (PCA) is used to eliminate potential problems. PCA 

methodology, introduced by Hotelling (1933) and Pearson (1901) and actively used 

on Russian data after Ayvasyan et al (1989) is exploited to reveal the intrinsic 

structure of the relations between the involved variables and reduce the number of 

dimensions needed to capture the dispersion. Implementation of this method allowed 

to capture the biggest amount of information about the data with the minimum 

number of variables, which also eliminated the problem of overfitting the model.  

Calibration of rating scale and PD  

CR and PD models were presented in the same scale in order to compare their 

forecasting power. The research uses methodology by Pomasanov and Vlasov 

(2008), where the model of credit ratings calibration on PD for Russian banks was 

introduced. This thesis modifies the calibration scale by extrapolation the CR scale 

to the continuous scale in order to obtain results for the base scale of 32 dimensions 
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that was used in the research. The non-linear relationship between the rating scale 

and PD was demonstrated. The correspondence of PD to the highest ratings from 

ruAAA to ruA+ was estimated by the exponential function and for the middle ratings 

(from ruA+ to ruCCC+) a convex polynomial quadratic function was used. That 

proves that PD increases with accelerating pace for these ratings’ grades. For the 

bottom ratings (from ruCCC+ to ruD) a concave polynomial quadratic function 

proved to be the most appropriate approximation, that shows the decelerating rate of 

change in PD to rating scale. 

Construction of synergic models 

Algorithm of construction of a reliable synergic model was introduced by the author 

(Khromova and Karminsky, 2018). In order to do that as the first step the ratings’ 

grade forecasts by PD and CR models were computed for the same observations. As 

the second step of the algorithm, the regressions, where the dependent variable was 

the actual rating and explanatory variables were the fitted values of Rating and 

Default model, were run on the 3 011 observations. Two different model 

specifications reached the best forecasting power results. The first of them was the 

polynomial synergic model that can be used for any banks even without historical 

ratings: 

 𝑌𝑌𝑖𝑖𝑖𝑖 = 𝛽𝛽1𝑃𝑃𝑃𝑃𝑖𝑖𝑖𝑖 + 𝛽𝛽2𝑃𝑃𝑃𝑃3
𝑖𝑖𝑖𝑖 + 𝛽𝛽3𝐶𝐶𝑅𝑅𝑖𝑖𝑖𝑖 + 𝑢𝑢𝑖𝑖𝑖𝑖 , (2) 

where Yit – is the actual rating, PDit and CRit- are the predicted ratings by PD and 

CR models respectively and  𝑢𝑢𝑖𝑖𝑖𝑖 ∼ 𝑖𝑖𝑖𝑖𝑖𝑖(𝜇𝜇,𝜎𝜎2) is the error component which has a 

logistic distribution with mean 𝜇𝜇 = 0 and standard deviation 𝜎𝜎 = 𝜋𝜋
√3

.  

The best forecasting power was reached in the ADL (1,0) synergic model 

specification, although this model requires the presence of at least half year-old 

rating assessment: 

 𝑌𝑌𝑖𝑖𝑖𝑖 =  𝛽𝛽1𝑌𝑌𝑖𝑖(𝑖𝑖−1) + 𝛽𝛽2𝐿𝐿𝐿𝐿�𝐶𝐶𝑅𝑅𝑖𝑖𝑖𝑖 − 𝑌𝑌𝑖𝑖(𝑖𝑖−1)� + 𝛽𝛽3𝐿𝐿𝐿𝐿�𝑃𝑃𝑃𝑃𝑖𝑖𝑖𝑖 − 𝑌𝑌𝑖𝑖(𝑖𝑖−1)� + 𝑢𝑢𝑖𝑖𝑖𝑖 ,   (3) 

where Yit – is the actual rating, Yi(t-1) – is a half a year lag in the actual rating, PDit 

and CRit- are the predicted ratings by PD and CR models respectively. The ADL 
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(1,0) synergic model that was obtained by the lagged dependent variable amended 

to CR and PD forecasting errors was found to have the highest predicted power with 

the smallest deviations. 

Construction of dynamic calibration scale of CR to PD 

In order to make the forecasted grades of the synergic model more comprehensive 

and intuitive for investors and help them in investment decision making, the 

qualitative CR grades should be transformed to PD. Different methods of comparing 

the credit ratings and PD were shown in the academic papers (Godlewski, 2007; 

Chan-Lau, 2006; Schuermann and Hanson, 2004). Moreover, the tables with credit 

ratings and implied PDs are provided by RAs themselves: S&P (2019 Annual 

Corporate Default and Rating Transition Study), Moody’s (Corporate Default and 

Recovery Rates, 1920-2008) and Fitch (2019 Transition and Default Studies). 

However, one faces several limitations in these methodologies while applying these 

scales to Russian banks: 

● First, RAs do not provide the corresponding scales of credit rating conversion 

for different countries and for different geographic groups. The data used by 

the RAs to prepare these calculations mostly include their home country (the 

USA) and the countries of major shareholders (developed countries such as 

Canada and the UK). Russian banks are not representative in such databases. 

● Second, the values of annual historical default frequencies (estimates of 

default probabilities) for various credit ratings are calculated by each RA 

empirically (based on default statistics of banks with credit ratings of a 

particular RA), which leads to an inadequate comparison of the level of 

creditworthiness for the same rating class in different time periods. 

● Third, the scales provided by each RA are not dynamic in nature, i.e. they 

provide only annual frequencies. An investor may not evaluate the possible 

losses which can occur in the short run (in a month/quarter after the investment 

is made). 
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Taking into account all the above-mentioned limitations, we aim to construct a 

uniform dynamic scale of the credit rating score calibration to PD using the historic 

default frequencies of Russian banks. The preparation of dynamic calibration scale 

included several steps. First of all, the matrix for each credit rating score was 

calculated. It showed the default frequency for the banks which were assigned a 

particular credit rating in each of the time periods presented in the sample. It is 

important to notice that the quarter of a particular credit rating assignment was not 

fixed for proper analysis. The period after which a bank went bankrupt was estimated 

starting from the moment of rating assignment over the entire time horizon. As the 

third step, the obtained results were summarized for each rating score presented in 

the obtained sample of Russian banks. The intermediate tables were constructed 

where default frequencies were presented. They were used to estimate the PD in 

each of the time periods (quarters) for each credit ratings from the database. Finally, 

the estimated default frequencies for a set of rating grades were averaged for a 

particular rating class. This was done for more logical representation of the obtained 

results and for keeping an approximately equal number of bank-periods in each 

class. 

Main findings  

The main findings of this study are as follows: 

● It was found that among international rating agencies Moody's is less 

conservative in assigning ratings to banks than S&P (Hypothesis 1 was not 

rejected for international RAs). On the historical data set of Russian rating 

agencies, the CR model of Rus Rating consistently underestimates the ratings 

of issuers in comparison with other RAs, and RAEX assigns the highest 

ratings to the same issuers in comparison with competitors (Hypothesis 1 was 

not rejected for national RAs). In addition, it has been demonstrated that 

adjusting credit ratings to a base scale helps to increase accuracy of ratings 

forecasts. 
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• It was shown that there is a significant divergence in the predictions of CR 

and PD models: credit ratings’ models tend to overestimate a credit risk of a 

bank, whereas PD models give underestimated results (Hypothesis 2 was not 

rejected). It was empirically proven that credit risk overestimation tendency 

by rating models appears after 2008 crisis and becomes even sharper for 

Russian banks. Therefore, both models have forecasting bias that decreases 

the number of correctly predicted forecasts. 

• It was estimated that the forecast combination of individual models (CR and 

PD) improved banks’ credit risks forecasting power. The polynomial synergic 

model reached 41% precise rating estimates and 74% estimated with deviation 

less than one grade. The ADL (1,0) synergic model that can be used by banks 

with recent rating history with even higher forecasting power (67% of precise 

estimates) was also obtained. That is much higher than the separate forecasts 

of PD and CR models (21% and 32%, respectively). Moreover, both synergic 

models have shown superior out-of-sample predictive power: polynomial 

model reached up to 36% of precise estimates in a 32-grades rating scale, 

while ADL (1,0) model proved to predict correctly up to 63% of estimates 

(Hypothesis 3 was not rejected). Moreover, the forecast combination puzzle 

was not supported by this research as a more complex non-linear combination 

models with weights estimation performed better than forecast combination 

with equal weights. 

• It was shown that investors should account for not only the current rating 

grade of a bank, but also how long ago it was assigned. The dynamic CR to 

PD calibration scale showed that that banks’ probability of default increases 

after high rating (BB class) assignment and decreases over time after lower 

rating (B, CCC, C class) assignment (Hypothesis 4 was not rejected). 

Moreover, it was shown that RAs overestimate credit risk for some banks: the 

3-year increment of probability of default 3 years after rating assignment is 

higher in a rating class CCC (24%) than in a class C (16%) in absolute terms. 
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Figure 1 – Distribution of annual cumulative default frequencies by rating classes 

(Source: Author’s calculations and Khromova, 2020) 

As a result, the credit risk minimization strategy was formulated. Investment 

in banks with better credit ratings is less risky right after the rating issue and 

is efficient to be held for the short run period. However, to minimize credit 

risk of capital investment in banks with highly speculative rating grades, it is 

optimal to choose a long run investment 1-2 years after the rating assignment. 

Theoretical implications of the study 

The theoretical significance of this research consists of possibility to extend the 

introduced methods for assessing the credit risk of a bank. The methodology for 

constructing a synergic model of CR and the PD can be subsequently extended by 

researchers to other models for assessing bank credit risks in order to increase their 

predictive power. In addition, the work fills in the research gap of comparative 

analysis of the effectiveness of credit rating models depending on the time period 

and country of origin of the issuer. Moreover, the proposed improved dynamic 

calibration scale of CR to PD, based on the relevant data on Russian credit 

institutions, can significantly simplify future research in this field. 
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Practical implications of the study 

The results of the study can be used by all bank counterparties to determine the 

financial stability of Russian banks when distributing funds based on publicly 

available information. This research helps depositors and investors not only 

calculate a rating for banks that have not been previously assigned a rating, but also 

determine the optimal moment and time horizon for placing funds in terms of credit 

risk minimization. In addition, the proposed mechanism can be used by supervisors 

and by banks themselves as a tool for constant control with the possibility of taking 

adequate measures in advance. 

Approbation of results 

The results of the studies were presented at the following conferences: 

1. Analytics for Management and Economics Conference (AMEC) (Online/ St. 

Petersburg, Russia, 2020). “Empirical Modeling of International Banks’ 

Credit Risk: Assessment and Comparison of Credit Ratings” 

2. 32nd Eurasia Business and Economics Society Conference (Online/ Turkey, 

2020). “Empirical modeling of international banks’ credit risk: assessment 

and comparison of credit ratings.” 

3. IX Moscow International Conference on Operations Research (ORM), 

(Moscow, Russia, 2018). “Increase of Banks’ Credit Risks Forecasting Power 

by the Usage of the Set of Alternative Models.” 

4. Second World Congress of Comparative Economics (St. Petersburg, Russia, 

2017). “Assessment of Banks’ Credit Risks Using a Set of Alternative 

Models.” 

5. Information Technology and Quantitative Management Conference (Seoul, 

South Korea, 2016). “Extended Modeling of Banks’ Credit Ratings.” 

6. 17th Eurasia Business and Economics Society Conference (Venice, Italy, 

2015). “Modeling Banks’ Credit Ratings of International Agencies.” 
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The research results were repeatedly presented within Scientific Research Seminar 

on Empirical Studies of Banking and deeply discussed with external specialists. 

Moreover, PD and CR models of this thesis have also found application in teaching 

activities of the author at Higher School of Economics (double degree Programme 

in International Relations) in the framework of practical parts on risk management 

in financial institutions of the “International Finance and Globalization” course.  

Furthermore, during all of the research period the author was a part of the Research 

Group "Innovations in the banking sector, its financial stability and prudential 

regulation" and Scientific-Educational Group "Formation of a system of models for 

managing a bank's credit risk in conditions of financial instability" at Higher School 

of Economics. Therefore, the robustness of the research was tested by the team 

members. 
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