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Abstract  

 
This research is focused on the Russian banking sector in booming years and 

period at the beginning of the world financial crisis. In this  thesis I am interested in 

considering Russian banking sector in terms of determinants of bank failures, 

namely to understand which factors are the most useful and significant in the 

prediction of bank defaults. Therefore, the aim of this study is to determine the 

factors that have highest predictive power for bank distress on the example of 

Russian banking sector. The empirical analysis is based on Russian data covering 

the period of the year 2004 and of the year 2007. The data is collected for more 

than 1000 financial institutions in Russia. For the empirical estimations binary 

choice models were used. Namely, parametric probit and logit models were 

applied to analyze the significance of different financial ratios obtained from the 

publicly available annual balance sheets. Amongst the results of this research I 

have found that profitability, liquidity and capital financial ratios are highly 

important determinants in prediction of bank defaults. Empirical estimations 

showed that the logit and the probit models perform well in terms of prediction 

accuracy.  
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1. Introduction 

 

Russian economy was booming in 2004. It was sixth consecutive year of 

economic growth. Although the economic diversification was still limited. 

Increasing quality of financial services and current account surpluses gained 

assurance in the ability of Russian borrowers to service their liabilities. According 

to Deutsche Bank research (December, 2009) annual growth of GDP in 2004 

amounted to 6,7%, GDP per capita almost reached 9800 dollars in 2004, the 

unemployment rate reduced to 8,3% and had a tendency to decrease. These 

developments were driven primarily by temporary factors, such as rising 

commodity prices, constantly rising volume of investment attractiveness and 

increasing oil prices (Russia country report: managing the crisis, 2010). Banking 

sector also experienced an impressive development by this year: the ratio of 

banking sector assets to GDP doubled since the year 2000 and the same held true 

for the ratio of bank credit to the private sector to GDP; the number of foreign 

banks increased from 4 at the end of 1998 to 14 at the end of 2004; deposit 

insurance scheme and credit history system were introduced (Fungáčová and 

Weill, 2009). 

However, the world financial crisis of 2007-2009 caused a liquidity shortfall in the 

banking system and caused many large financial institutions and banks around the 

world to collapse. Russian banking sector was also negatively affected during the 

crisis. Banks raised interest rates for loans and scaled down mortgage programs.  

In spite of the booming period, as mentioned in Central Bank of Russia Annual 

Reports, nearly 200 Russian banks were liquidated or vanished from 2004 to 

2007.  

The main purpose of this paper is to identify the determinants of bank failures, to 

understand which financial indicators are significant in the forecasting of bank 

defaults, and to check which ratios drive the banks to default. The second goal is 

to measure the accuracy and prediction power of the used models of bankruptcy 
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prediction. The third goal is to study the factors of bank failures for the different 

time periods. 

The research covers the period of the year 2004 and of the year 2007 by using 

data for Russian commercial banks obtained from the webpage of Central Bank of 

Russia.  

In previous years a lot of researches have been conducted in the field of bank 

distress and its prediction. I will discuss these studies below in the literature 

overview. 

 

The methodology I follow is developed by Beaver (1966), Altman (1968) and is 

previously used in articles of Demirguc-Kunt and Detragiache (1998), Montgomery 

et al. (2005), Lanine, Vennet (2006), Gunsel (2008) in their articles. Three issues 

are particularly important in earlier research.  

The first one is that the most of earlier studies tried to determine the variables that 

have highest predictable power of default. Based on these studies I include in this 

study the following ratios as determinants of bank failures prediction: Capital to 

Deposits, Capital to Total Assets, Loans to Total Assets, Loans to Deposits, 

Return to Total assets, Return to Capital, Deposits to Total assets, Size of total 

assets, etc. 

The second is to choose the appropriate method of estimation. The primary 

objective of any research is to identify the model which will give the highest 

predictive accuracy. To make a final decision it is necessary to choose the best 

method of data analysis from the various statistical methods available. Therefore 

the choice of model is based on a comparison of the results obtained with the 

different methods. In order to choose the best technique it is necessary to apply 

and compare the results of various models or to make the choice based on the 

previous literature. 

 

The third is that measuring the predictive power of the models based on their 

predictive accuracy is an important part of the research. The quality of the 

probability forecasts produced by the model could be estimated by mean square 

error (MSE). This method is also known as the Brier score. Basel Committee on 

Banking Supervision (2005) considers this method as one of those for the 
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evaluation of the quality of a probability forecast. Another method that is used in 

this paper is the receiver operating characteristic (ROC) curves. This technique is 

widely uses in practical terms to test the accuracy of probability forecasts (Lanine, 

Vennet, 2006) and will be explained in later sections. 

 

This work is an attempt to fill the gap in studies of weak sides of the Russian 

banking sector, which was not studied extensively in the previous literature. The 

way in which this paper complements to the existing literature is based on the 

facts that it:  

 

1) Explores and compares the dynamics and trend of Russian bank main 

financial ratios in the period of impending crisis – 2007, and in the period of 

booming - 2004. 

2) Examines which Russian banks are susceptible to shocks and which bank’s 

performance indices (ratios) can be used to predict susceptibility to failures.  

3) Investigates the ability of Russian banks financial statement data to predict 

deterioration of credit institutions in conditions of upcoming crisis. 

4) Assesses the predictive accuracy of the models, check performance of 

different binary choice models and compares result with the previous 

studies. 

 

There are many different methods and techniques for bankruptcy prediction, such 

as probit model, logit model, trait recognition model, the proportional hazards 

model, the neural networks model and others. Logit and probit models seem to be 

the most popular and applicable in the previous works. Thus, in order to estimate 

the model and obtain suitable result logit and probit models are applied and 

compared.  

 

The estimation process is limited due to the lack of some specific data. In the 

research some parts of data describing the liquidity coefficients of the banks are 

missing. According to Altman (1968) it could affect the estimation result in sense of 

discrepancy of results, because a bank with a poor profitability or solvency record 

may be regarded as a potential bankrupt. However, because of its above average 

liquidity, the situation may not be considered serious. 
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In general, probability of default models can be used to analyze possible failure of 

different types of financial institutions, but this work is focused on banking industry 

therefore I have limited it to the banking sector only. The paper is concentrated on 

banking sector in Russia that is why it will only be subjected to banks and their 

performance in Russia and cannot be generalized.  

The data set is limited to the period of the year 2004 and of the year 2007. 

 

This paper is divided into seven chapters. Chapter 2 presents the general 

background, gives a picture of Russian banking industry and describes general 

concepts of failure prediction models. Chapter 3 contains a literature review and 

discusses previous studies in this area. Chapter 4 deals with the empirical models 

that have been used. Chapter 5 contains a description of the data. Chapter 6 

presents the results of the empirical calculations as well as the interpretation of 

these results, and Chapter 7 summarizes and concludes the research. 
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2. Russian banking industry 

 
This chapter introduces the main features of Russian banking industry, concepts 

of bank supervising and failure prediction models. Moreover I will discuss why the 

bank failure predictions are important and if there is a link between the bank 

crunches and world financial crisis of 2007-2009. 

  

2.1. Position of Russian banks in the beginning of world financial 

crisis  

Since one purpose of this research is to compare the main financial ratios of banks 

in the period of booming – 2004 and in the period of the beginning of world 

financial crisis – 2007, I will shortly discuss why this crisis started, and what was 

the position of Russia in those periods.  

The crisis in the credit markets is considered to have started in the United States 

in 2006, when the loan losses for the subprime loans have dramatically increased 

(Lahart, 2007). A subprime loan is a type of loan that is offered at a high interest 

rate to individuals with low credit ratings and high probability of default. It was 

offered to individuals with poor repayment ability due to they were not qualify for a 

loan at the prime rate.  

The question is how we can define the impending financial crisis? 

There are many different approaches to define financial crisis. According to 

Mishkin (1992) the crucial factors leading to financial crisis are moral hazard and 

asymmetric information. They cause inefficiency in channelling of funds with the 

most effective investment opportunities. 

Krugman suggests another approach. He has developed interesting system of 

evaluation of macro economical conditions of upcoming crisis. This system 

consists of the following steps: liquidity traps, disturbances on the international 

financial and capital market, currency crisis, chain of bank rushes. 

Consider the last step in Krugman’s system - Bank rushes. The main issue in this 

situation, according to Krugman (2009), is the loans which have been issued 

without proof of financial stability of customers. They make the whole financial 

system more risky and more fragile in face of market challenges. If this system 
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looses confidence people will be obliged to sell their assets to cover financial 

liabilities. This situation can make the whole bank system unstable. 

Berger and Bouwman (2009) state another approach, that an impending financial 

crisis can be defined based on the bank financial statements. That is why, one of 

the goals of the paper is to focus the attention on the pre-crisis period and to 

compare the significance and importance of Russian bank main financial ratios in 

anticipation of the world financial crisis with the period of booming. 

 
Let us turn to the question of what was the position of Russia and its banking 

system in the period of impending financial crisis?  

In contrast to some European countries Russia had very good opportunities to 

achieve some profit during the financial crisis, but the dependence of its economy 

to the commodity markets, mistakes in modernization of its obsolete industry and 

low prices on oil gave a hit to Russian economy (Gold, H., 2010). 

The following figure (Figure 1) illustrates World map showing GDP real growth 

rates for 2007. So, we can observe position of Russia in comparison to other 

countries in conditions of the impending financial crisis. 

 

 

Figure 1. World map showing GDP real growth rates for 2007. 

Source: CIA – The World Factbook. 

 

Before the crisis Russian banking industry was characterized by high earning and 

profitability indicators, the performance ratios increased rapidly within a few years 
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due to high credit growth averaging 43% per annum by 2007. However, crucial 

weaknesses remained in the areas of risk management, loan classification, 

deposit and loan concentration, particularly in smaller banks. In pursue of revenue 

quality of loans were suffered. These factors made Russian banks vulnerable and 

showed that Russian banking sector still remained underdeveloped (Deutsche 

Bank research, December, 2009). The competitiveness of the banking system 

remains impaired because of high state ownership, high concentration of banks, 

and domination of small banks. In order to prevent the possible consequences of 

the world financial crisis Russian Government submitted its Anti Crisis Program. 

According to Russia Country Report: Managing The Crisis (2010) anti crisis 

measures include three primary aims: addressing the acute liquidity shortage; 

enhancing bank capital and addressing the solvency problems of some banks; 

enhancing confidence in the banking system. However, due to anti-crisis 

measures, state-ownership in the system is further increasing.  

 

  

 

2.2  Description of Russian banking sector 

The number of credit institutions in Russian Federation in 2004 amounted to 1329 

organizations, in 2007 the number was 1189 (Central Bank of Russia).  

Approximately half of the banks are registered in Moscow and nearby big cities. 

Only the largest banks have net of branches out of the home region. In a peak 

period of the crisis, i.e. by the end of 2007, less than 300 banks out of the 1100 

had branches in other regions (Central Bank of Russia). 

The number of banks with foreign ownership has sharply increased from 2000 to 

2007. In the end of 2007 two of the top ten banks in Russia were foreign-owned. 

The share of foreign-owned banks in total assets of Russian banking sector 

reached 17 % (Fungáčová, Solanko, Weill, 2010). 

The volume and quality of the banking sector in Russia is relatively small 

compared to international standards. According to Russia country report: 

managing the crisis (2010) by the end of 2007 bank capital amounted to 8.1 

percent of GDP, but the total assets amounted to 60.8 percent of GDP. In 2008 

aggregate bank capital grew by 43 percent that year (as compared with 58 percent 
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growth in 2007), while assets increased by 39 percent (as compared with 44% in 

2007). Development of main economic indicators of Russian banking sector for the 

periods 2004 and 2007 can be observed in Appendix 1. 

 

Development of Russian banking system began rapidly after 2000. Conditions for 

lending became more Europeanized. Banks started to provide many different 

types of new services. 

The legislative and monitoring environment was improved as well. One of the most 

important steps in banking system development was the introduction of deposit 

insurance by the law adopted in the beginning of 2004. The Deposit Insurance 

Agency was established in January 2004 on the basis of the Federal law "On the 

Insurance of Household Deposits in Banks of the Russian Federation" # 177-FZ 

dated 23.12.2003 (Deposit Insurance Agency of Russia). To expertise the 

dynamics of Russian banking sector, the visualization of quality  of Russian banks 

loan portfolio is presented in Figure 2. Two study periods are compared. The 

figure below shows that during this period quality of loans has improved. It is one 

of the indicators the substantial development of Russian banking system. 

 

Figure 2. Quality of Russian banking sector loan portfolio (%). 

Source: Banking supervision report, 2004, 2007 (Central Bank of Russia). 

 

In spite of these facts, the Russian banking sector remains quite small and its 

structure has not changed significantly. Although the number of credit institutions 

decreased from the 1300 in the year 2000, it is still high and exceeds 850. More 

than 200 banking licenses were revoked by the CBR (Central Bank of Russia) in 

the period between 2004 and 2007. Appendix 2 provides precise information about 

the amount of liquidated banks in the year 2004 and in the year 2007.  
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Unfortunately, stability of Russian banking sector is weak and fragility 

characterizes the whole banking industry of the country. System is unstable and 

very often experiences problems such as in 1994, 1995, 1998, 2004 and then 

again with global financial crisis in 2008. Since 1992 more than 2000 Russian 

banks have been liquidated or have been vanished (Karas, Schoors, Weill, 2008). 

Figure 3 visually demonstrates the trend of reduction in number of credit 

institutions. 

   

 

 

Figure 3. Number of credit institutions and their branches. 

Source: Banking supervision report, 2009 (Central Bank of Russia). 

 

Another important thing is that a few large government owned banks are still 

dominating the banking sector. The five biggest banks count on 40 % of total 

assets in the banking sector. Moreover, the proportion of state-controlled banks 

remains quite high, in contrast to the other transition economies. 

Figure 4 shows the distribution of market shares between the largest banks in 

Russia. We can observe that first five places are occupied by government owned 

banks and their market share amounted to 45% of the total market. 
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Figure 4. Russia: Market shares 2010 (on total assets). 

Source: Erste Group Research and Central Bank of Russia. 

 

It is obvious that role of Russian banks rises as well as their effectiveness as 

intermediaries between saving and investment, but the banking industry still 

suffers from the domination of tiny banks with underdeveloped net of branches, 

excessive concentration, and a lack of foreign competition. Although private 

deposit collection is growing, it remains far behind corporate lending (Karas, 

Schoors, Weill, 2008). 
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3. Theoretical background 

In this chapter I will give an overview of previous studies which have been carried 

out earlier in the field of bankruptcy prediction models. This chapter also includes 

an overview of failure prediction models and brief discussion about Early Warning 

System. 

 

3.1 General concepts of bank supervising and failure prediction models 

After historical overview of the banking crises and glance of Russian banking 

industry it will be reasonable to describe the process of evolution of banking 

default models. 

The Early Warning System (EWS) allows to detect potential liquidity or solvability 

problems and to check weak areas of banks at an early stage. These statistical 

models mainly use financial statement indicators, sometimes combined with 

macroeconomic variables. But the evolution of the banking industry has greatly 

increased the share of market-priced assets and liabilities in banks’ financial 

statements and nowadays market variables are used intensively in EWS models of 

banks’ fragility (Brossard, et al., 2006). 

There is a large literature that groups such models in different ways. As an 

appropriate estimation method is used in this research, a division into on-site and 

off-site banking failure models will be described. 

On-site models include different types of applications of CAMEL (capital, asset 

quality, management, earnings, and liquidity) analysis usually used by supervisors. 

Such studies as Flannery (1998) or Curry, Elmer, Fissel (2003), Chan-Lau, Jobert, 

Kong (2004) suggest using indicators that consists of market prices of financial 

instruments (for instance, bank stocks and subordinated debt), because these 

indicators contain useful predictive information about bank distress that is not 

contained in the CAMEL indicators. On-site monitoring is probably the best way to 

get quantitative and qualitative information and to make suitable conclusion about 

bank’s financial health. But this approach is quite costly and sometimes could be 

biased.  

That is the reason EWS models have been widely used to provide efficient off-site 

analysis (Brossard, Ducrozet, Roche, 2006). Off-site analysis is usually carried out 

with help of statistical software and financial statement information. For example, 
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International Monetary Fund uses different variations of EWS models to supervise 

current financial situation and to predict developing banking crises. Jagtiani, Kolari, 

Lemieux, and Shin (2002), state that recently, a lot of different off-site monitoring 

systems have been created to identify developing financial troubles at banking 

institutions. Sahajwala, Van den Bergh (2000) mention that the output from on-site 

monitoring and EWS models is used to assist in:  

- Systematic assessment of banking institutions to prevent financial 

deterioration; 

-  Identification of specific areas of concern in the banks where problems 

already exist or are likely to occur; 

- Optimal allocation of supervisory resources;  

- Understanding of which credit institutions need more deep analysis and 

possible initiation of supervising. 

 

In Table 1 I would also like to present information about a few popular 

classifications of early warning techniques for forecasting the probability of failure. 

The table is based on the theory presented in the book of Altman and Hotchkiss 

(2005): ―Corporate Financial Distress and Bankruptcy: Predict and Avoid 

Bankruptcy, Analyze and Invest in Distressed Debt‖.  

 

Table 1. Techniques for the prediction of default. 

Model Specifications 

Qualitative analysis Subjective models 

Univariate analysis Use of accounting-based ratios or market 
indicators for the distress risk assessment: 
Beaver, 1966 

Multivariate analysis Discriminant, Logit, Probit, Non-Linear Models–
Neural Networks, Recursive Participating 
Analysis based on the accounting or market 
information: Altman’s Z-Score, Ohlson’s O-
Score, A Simple Hazard Model of Shumway 

Discriminant and Logit Models in Use Z-Score for manufacturing, ZETA-Score for 
Industrials, Private Firm Models – “Z’’-Score, EM 
(Emerging Markets) Score, etc. 

Artificial Intelligence Systems Expert Systems, Neural Networks Credit Model 
of S&P 

Contingent Claim Models KMV Credit Monitor Model, Risk of Ruin 

Mixed Ratios / Market Value Models Moody’s Risk Calc, Z-Score / Market Value 
Model 
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After a short introduction of concepts of bank supervising and failure models, the 

more detailed explanation of the logit and probit models will be provided in the 

next chapter. I will pay attention to the function of these models, because it closely 

follows earlier comparable literature (Beaver (1966), Demirguc-Kunt, Detragiache 

(1998), Montgomery et al. (2005)), since this are the approaches that I use in the 

empirical study. 

 

 

3.2 Literature Review of Previous Research 

 

There is a large amount of literature devoted to bank failure prediction and many 

studies concentrate on the determinants which influence bank default.  

 

Without a doubt, it is important to start with the fundamental research of Beaver 

(1966) who was one of the founders of the ratio analysis. The main goal of the 

paper is to investigate the predictive ability of financial ratios. The main problem 

for the author was data collecting process. Finally, financial-statement data of the 

158 firms were obtained from Moody's for the period 1954-1964.  

Thirty financial ratios were used to calculate each financial statement. But to keep 

space I will provide the groups in which these ratios were divided: Cash flow; Net 

income; Debt to total asset; Liquid asset to total asset; Liquid asset to current debt; 

Turnover ratios. Selection of the ratios was based on the following criteria: 

popularity; ratios that performed well in one of the previous studies; ratio be 

defined in terms of a "cash-flow" concept. According to this concept each firm is 

considered as an assets holder. Solvency of the firm depends upon the probability 

that thess assets will be exhausted. Consequently, the firm will be unable to pay 

its obligations.  Beaver excluded any ratio that could be similar to any other, 

because it is desirable to reduce to a minimum the common elements in a 

multiratios analysis. 

His data analysis was based on three approaches: a comparison of mean values; 

a dichotomous classification test (based on a knowledge of the financial ratios 

makes a dichotomous prediction - that is, a firm is either failed or non failed); an 

analysis of likelihood ratios.  
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The following important conclusion was made: For failed and non failed firms not 

all ratios predict equally well and not with the same degree of success. Non failed 

firms can be correctly classified to a greater extent than failed firms. The important 

contribution of this paper is to develop a methodology for the evaluation of 

accounting data for any purpose. Since the main aim of this paper was to 

investigate the predictive ability of financial ratios it was found that the cash flow to 

total debt ratio has excellent predictive power. However, the predictive power of 

the liquid asset ratios is very weak. 

 

An alternate approach of prediction models was proposed by Altman (1968). The 

objectives of his work are to assess the quality of ratio analysis as an analytical 

technique for bankruptcy prediction. In his paper he examines data limited to sixty-

six manufacturing corporations. Then to understand which ratios are most 

important in detecting bankruptcy potential, what weights should be attached to 

those selected ratios, and how should the weights be objectively established the 

multiple discriminant analysis (MDA) was introduced and discussed. Previously 

this method was applied to estimate consumer credit score and investment 

classification. The main idea of this technique is to classify and to make 

predictions in cases where the dependent variable takes one of two values (for 

example, bankrupt or not bankrupt). The discriminant function transforms 

individual variable values to a so called ―Z-score‖ which is then used to classify the 

dependent variable. Altman uses the following ratios in his research: Working 

capital/Total assets; Retained Earnings/Total assets; Earnings before interest and 

taxes/Total assets; Market value equity/Book value of total debt; Sales/Total 

assets. 

As a result the discriminant model correctly classified 94 per cent of the sample 

firms, which is extremely accurate prediction of the bankruptcy. Furthermore, 

investigation of the individual ratio can be used up to two years prior to 

bankruptcy. 

 

Another study in this field is described by Montgomery et al (2005). This research 

focuses on identification of the causes of bank failures in Japan and Indonesia. 

Authors consider the Asian crisis of 1997. Data was collected from the balance 

sheets and income statement for the period 1997-2003 for Indonesia and for the 
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period 1978-2001 for Japan. Numbers of ratios were investigated to failure 

prediction are 18. Here are some of them: Capital to Deposits; Equity to Deposits; 

Loans to Equity; Loans to Capital; Return on Equity; Return on Assets; Loans to 

Assets; Capital to Assets; Total Loan to Total Deposit, etc. 

The logistic model was used to express likelihood of bankruptcy or survival. After 

that stepwise logistic regression was used to understand which variables are the 

most informative in prediction of default. Finally, three models were tested: the 

domestic models for Japan and Indonesia and the cross-country model. Results 

show that such ratios as loans to deposits and loans to total assets are significant 

in domestic models for both countries. In contrast with previous studies they did 

not find the evidence of capital ratios importance. Analysis of cross-country model 

shows its prospects in monitoring the health of the banking sector. In this research 

authors use a large amount of independent variables (18 variables). Nothing about 

the possible correlation between these variables was mentioned in the paper. 

Authors did not provide this kind of information, although it is a quite usual problem 

for such type of studies. 

 

The next paper I would like to bring forward is that written by Poghosyan and 

Čihák (2009). The article focused on the early identification of weak banks in the 

case of the crisis 2007-2009. Primary goal of the article is to analyze the causes of 

banking distress in Europe and to identify a set of indicators that help to predict 

bank distress. In their research authors use dataset on 5,708 banks in 25 

countries of the European Union for the period 1996–2007. The main source of 

data is Bureau Van Dijk’s BankScope database and NewsPlus database. Authors 

state that Early Warning Systems (EWS) (more thorough description of these 

systems is provided in Chapter 4) are useful for commercial banks’ performance 

and in banking supervision. Authors use several versions of the logistic probability 

model. Here are few financial indicators that were used to generate determinants 

of bank default: Total equity/Total assets; Loan loss provisions/Total loans; Total 

costs/Total income; Profit before taxes/Total equity. 

Variables related to contagion effects among banks, the macroeconomic 

environment (inflation and GDP per capita), banking market concentration (share 

of domestic credit in GDP), the financial market (the stock prices) were also used 

in the estimation process. Authors found that variables related to contagion effects 
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are important in prediction of bank failures. The probability of default in a bank is 

significantly higher if there was a recent default in a bank of a similar size in the 

same country. 

According to the results of empirical estimation authors conclude that the 

probability of default is negatively related with the level of bank capitalization and 

profitability. Estimation shows that the probability of default is inversely related to 

asset quality, which means that the higher loan loss implies a riskier loan portfolio 

and thus leads to higher vulnerability of the bank. Surprisingly, the results suggest 

that the variables capturing macroeconomic developments in individual countries 

do not have a significant impact on probability of defaults in European banks. 

Finally, experiments with the time horizon show that optimal predicting power for 

the variables in the model is equal to one year.  

 

Useful research on determinants of bank failures was carried out by Demirguc-

Kunt and Detragiache (1998). The purpose of this paper is to investigate the 

factors associated with the banking crises in developed and developing countries. 

In their analysis authors focus on the determinants of default probability in a 

multivariate logit specification with annual data. The data covers period from 1980 

to 1994 for all countries (about 65 countries) included in the IMF’s International 

Financial Statistics database. Explanatory variables describing macroeconomic 

situation and structural characteristics of the economy are included in this study. 

Dependent variable is a crisis dummy variable which takes value of 1 in case of 

crisis and value of 0 in the opposite case. The probability that crisis will happen is 

a function of a vector of k explanatory variables. To keep space I distinguish only 

some of them which could be useful for the current research: Rate of growth of 

real GDP; Rate of change of the GDP deflator; Ratio of bank liquid reserves to 

bank assets; Real GDP per capita. 

Accuracy of the model varies between 67 percent and 84 percent. Authors state 

that weak macroeconomic environment is not only the factor affecting the banking 

sector, but structural characteristics of the banking sector are also important. As a 

conclusion of this research it is possible to say that authors found significance 

influence between low GDP and increasing probability of banking crisis. Variables 

associated with the legal system were found highly significant as well as inflation 

and real interest rate. The controversial side of the paper is using 
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contemporaneous explanatory variables. Because if banking crisis cover the 

economy fast then these variables (GDP growth, inflation, high real interest rate, 

etc.) could not be the causes of crisis but could be its consequences.  

 

Another study of failure prediction determinants was based on Russian bank 

sector and carried out by Lanine and Vennet (2006). In their paper authors 

consider financial crisis in Russia in 1998. The goal of the research is to analyze 

the determinants of bank failures applying Early Warning System based on the 

logit and trait recognition methods and then to test the prediction accuracy of these 

models. The observation period covers 1991-2004. The size of the holdout 

samples was kept as a constant (100 non-failed and 20 failed banks). 

Macroeconomic variables were not included in the model because all Russian 

banks were assumed to face similar conditions, and because the main idea was to 

understand the connection between bank stability (or instability) and financial 

ratios based on the bank balance sheets. The data was provided by the 

information agency RSoft and Mobile information agency at the request of the 

Central Bank of Russia, and contained monthly balance sheet information on all 

Russian commercial banks. In their work authors distinguished three types of risk: 

liquidity, default risk and capital risk that banks can face. Therefore banks need a 

sufficient capital to exclude such kind of risks. As a result the following ratios were 

included in the research: Net income/total assets; Liquid assets/total assets; 

Government debt securities/total assets; Capital/total assets; Total loans/total 

assets; Size of total assets, etc.  

Estimation was carried out with four different time horizons: 12, 9, 6 and 3 months. 

Logit regression showed that predictive power of the model increases when the 

time horizon shortens, which is obvious, and pseudo R squared increased from 

23% to 53% (but here I would like to make a short note -  pseudo R squared do 

not show how the model are explained, like in Ordinary Least Squares regression 

models, that is why, one should be cautious with interpretation of it). In line with 

the previous studies the results of the logit models show that the probability for a 

bank to become failure is higher for unprofitable, illiquid and undercapitalized 

banks. Trait recognition model also indicates that failed banks on average were 

less profitable, less liquid and undercapitalized, comparing to the non-failed banks. 

Assessing the models it is possible to conclude that both models do not have very 
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high predictive power, but can be very useful tools for bank supervisors in 

combination with other analytical instruments. 

 

One of the recent studies in the field of prediction the bankruptcy of the Banks was 

carried out by Öğüt, Doğanay, Ceylan, Aktaş (2012). They compared two 

approaches Support Vector Machine and Artificial Neural Network to estimate an 

appropriateness of the model and compare their efficiency with Multiple 

Discriminant Analysis and logit model. Two aims seek their solution in this paper: 

to forecast the ratings of the banks by using financial indices and to determine the 

variables that play an important role in assigning the banks performance. 

Seventeen Turkish banks are considered in the research. The observation period 

is from 2003 to 2009. Bank ratings are assumed to be the dependent variable. 

Twenty six indices were calculated based on the financial statements of the banks 

and used as independent variables. Data was collected from Association of 

Turkish Banks database. The set of variables is too large to present it in here, but 

it is common for such types of research. So, I skip it to keep space. The predictive 

accuracy for logit model and for multiple discriminant analysis are 62,79% and 

65,11% respectively.  

According to the obtained results, authors found suitable the following summary: 

first of all, it is less profitable and risky for the banks to place a high proportion of 

their funds to government debt securities and the second is that the environmental 

variables such as political and economic factors also play an important role in 

determining the rating, but the banks cannot control the environmental factors.  

 

Another research on systematic bank distress was carried out by Demirgüç-Kunt 

and Detragiache (2005). It is theoretical cross-country study. Their paper 

examines the two basic methodologies — the signals approach (originally 

developed to identify turning points in business cycles and based on the 

monitoring of the behavior of relevant variables prior to the crisis) and the 

multivariate probability model (when the probability that a crisis occurs is assumed 

to be a function of a vector of explanatory variables) — and their usefulness to 

studying the determinants of banking crises. These two econometrical approaches 

are considered and discussed. 
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The authors summarized the previous studies of bank failures and distinguish 

several important categories of determinants of banking crisis. The first category 

studies bank balance sheet and market information to explain and to predict the 

failure of credit institutions. The second category investigates financial 

liberalization as one of the primary factors that lead to greater financial fragility and 

gives banks broad opportunities to take on risk. With limited liability banks bear 

less risk. The third category is about international shocks and exchange rate 

regime. It considers relationship between financial troubles in developing markets 

and tighter monetary conditions and growth reduction in the industrialized world. 

Also, flexible exchange rates may also have a stabilizing effect on the financial 

system since the exchange rate can absorb some of the real shocks to the 

economy (Mundell, 1961). In the fourth category authors state that the nature of 

bank ownership has a significant connection with different factors of bank 

performance. The fifth category shows that weaker institutional environments are 

related to higher probability of banking crises. Last but not least is the political 

system, which play a very important role, because if policy of government are 

transparent in their decisions and foreign banks have opportunity to enter in the 

domestic market, then it can potentially improve government’s financial sector 

policy and decrease the cost of crises. 

The authors tried to give better understanding of how systemic bank fragility is 

affected by a set of indicators, such as macroeconomic shocks, the structure of 

the banking market, type of institutions, and political economy variables. They 

concluded that empirical models are useful instrument in identifying the factors of 

banking crisis and that Early Warning Systems (EWS) still remain a priority in 

developing indicators of bank fragility.   

 

Gunsel (2008) empirically investigates the links between the micro and the macro 

determinants of bank fragility in the North Cyprus for the period between 1984 and 

2002. The purpose of the paper is to find the link between probability of banking 

failure and a set of bank-specific indicators and macro environment using a 

multivariate logit model in a panel data framework. The analysis is based on 23 

commercial banks. Before running the logit regression, the author checked the 

stationary property of the explanatory variables to be sure that assumptions are 

satisfied and result will not be spurious. The binary dependent variable Yit will take 
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the value of 1 if a bank fails and value of 0 otherwise. In fact, Y’it is the latent 

variable and cannot be observed by the researcher and assumed to depend on n 

explanatory variables. Regressors were divided in a four groups: microeconomics 

variables (use financial ratios that evaluate bank default probability; 

macroeconomics variables (banking crises are often predicted by the growth rate 

of real GDP, inflation rate, real interest rates, etc); financial variables (increase in 

the ratio of money supply and a low level of reserves are possible to tell about 

forthcoming crisis); external conditions variables (foreign shocks could predict the 

banking crisis by including in the analysis the real exchange rate and terms of 

trade change). 

The results showed that banking default could be linked with some specific 

indicators such as low capital adequacy, assets quality, low profitability, low 

liquidity and small asset size as well as reduction in real GDP growth, high 

inflation, increasing real interest rates.  

 

The final work paper I wish to mention in here is the one of Kolari et al. (2002). In 

their article they discuss the question of which factors determine US commercial 

bank failures. The difference of this article from the others is that authors study the 

largest US banks.  Their study is based on data from 60 large banks that failed in 

the period between 1989 and 1992 with five year intervals. Empirical calculations 

based on accounting data collected 1–2 years preceding to the failure event. Logit 

analysis and trait recognition methods were used in the analysis and their 

accuracy performance was estimated. The authors mention some drawbacks of 

logit model in comparing to trait recognition model, namely - in terms of 

interpreting the results. It is not possible to determine if a significant variable is 

more useful in identifying failed banks or non failed banks and it is not possible to 

determine which of the variables is not useful for a particular bank. Data was 

collected from the Federal Deposit Insurance Corporation website. Definition of 

Large bank was limited by a cutoff point of $250 million in total assets. Twenty 

eight independent variables were used. List of variables is general measures of 

bank condition that regulators, investors, and others use to evaluate bank 

performance. These indices of bank performance were calculated from quarterly 

Call Report data, including size, profitability, capitalization, credit risk, liquidity, 

liabilities, and diversification. 
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Both models showed 95% of accuracy power, but the authors stated, that in 

general trait recognition model outperformed logit model. As a conclusion, for the 

supervisory purposes authors suggest to use trait recognition model because it will 

be less time consuming in sense of updating its parameters than the logit model. 

 

This thesis can be considered as a complement to the previous studies in this 

field, such as Demirguc-Kunt, Detragiache (1998), Montgomery et al. (2005), 

Lanine, Vennet (2006), Gunsel (2008), etc. Methodologically I follow these articles 

in the sense that I investigate the impact of financial crisis on the banking industry 

in terms of analyze the significance of different financial ratios. 

 

Especially, the construction of the model and list of the variables were based on 

the previous study of Montgomery et al. (2005). Here, I would like to say, that 

these variables are quite typical and traditional for this kind of topic. The idea to 

test the accuracy power of the model was borrowed from Lanine, Vennet (2006). 

Structure of the theoretical part of the paper was written with help of the book by 

Altman, Hotchkiss (2005) and numerous researches related to Russian banking 

industry.    
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4. Empirical model 

This chapter illustrates more precise explanation of the methodology that has been 

chosen and provides the reasons why binary choice model has been selected. 

 

Based on the previous failure prediction studies I decided to use binary choice 

models, namely logit and probit models, seem to be generally accepted instrument 

for bank default prediction due to its quite well accuracy. For instance, Jagtiani, 

Kolari, Lemieux, and Shin (2002) state that quite simple logit and probit models 

can be more efficient than complex non parametric trait recognition model with the 

same data. The main difference between logit and probit model is that the first one 

assumes the standard logistic distribution while the second one assumes the 

standard normal distribution (Maddala, 2001). That is why I focused on logit and 

probit models and applied it in this research in order to forecast the possible 

failures. A short theoretical explanation of these models is presented further. 

 

It is obvious that binary choice models are used when the dependent variable is 

binary and not completely observed. In other words, when the dependent variable 

can take only two values – in our case it is default or not default. This is so called 

―dichotomous‖ variable, which Maddala (2001) defined as: 

𝑦 ∗ =   
1                  𝑖𝑓 𝑡ℎ𝑒 𝑏𝑎𝑛𝑘 𝑖𝑠 𝑏𝑎𝑛𝑘𝑟𝑢𝑝𝑡 
0      𝑖𝑓 𝑡ℎ𝑒 𝑏𝑎𝑛𝑘 𝑖𝑠 𝑛𝑜𝑛 − 𝑏𝑎𝑛𝑘𝑟𝑢𝑝𝑡

  

 
The general form of this model can be written as: 

 

π(y
*

i =1│Xi) = f(Xi’β),              0 < f(Xi’β)< 1 

 

where π is the probability that event occurs; y
*

i is binary dependent variable; f is a 

cumulative distribution function; Xi’ is the vector of independent variables; β is 

coefficient to be estimated. 

 

For such limited dependent variables function f is the cumulative distribution 

function for either logistic distribution or standard normal distribution which should 

be non linear and thus it is not possible to use Ordinary Least Squares (OLS) 

estimation techniques, because for these methods OLS can provide biased and 

useless results (Wooldridge, 2003). The Linear Probability Model (LPM) does not 
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restrict the values of the dependent variable that may lead to having predicted 

probabilities lower than zero or higher than one. 

For these purposes McCullagh and Nelder (1989) distinguish the following 

possible probability functions of the occurrence of an event, y
*
i = 1, rather than the 

event y
*
i = 0 for logit and probit models: 

 

logit:     
𝑒𝑿’𝑖𝛽  

1+ 𝑒𝑿’𝑖𝛽
 = 𝛬(𝑿𝒊’ 𝛽) 

 

probit:    
1

 2𝜋     

𝑿𝒊’𝛽

−∞
 𝑒 (

−𝜐2

2
)𝑑𝑣  =  𝛷(𝑿𝒊’ 𝛽), where υ is (Xi’ β).   

 
In Figure 5 we can observe visually the difference between logit and probit 
functions. 
 
 

 
Figure 5. Plot of probit and logit functions 

Source: http://www.analyticbridge.com 

 
 

As it was noted before, as probit and logit models are non-linear it is impossible to 

estimate these models using Ordinary Least Squares. We should use more 

advanced technique, such as Maximum Likelihood Estimation (MLE) instead.  

The concepts of MLE is quite common and is not limited to probit and logit models.  

http://www.analyticbridge.com/
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Based on the theoretical material from Green (2002) let me provide the short 

summary of Maximum Likelihood Estimation before I will discuss the details of 

using MLE to estimate probit and logit models. 

Assume that η is a variable which is distributed according to some distribution  

f (η; Ө), where Ө is a vector of parameters describing η and η = (η1, η2,…, ηn). 

Our goal is to estimate Ө. Maximum Likelihood Estimation of Ө will give as a 

result vector Ө  , which is the best probability in the sample (η1, η2,…, ηn). We can 

then write likelihood function as: 

𝐿𝑛  (𝜂;  Ө)  =    𝑓 (𝜂;  Ө)

𝑛

𝑖=1

 

This equation says that for some values of Ө the result of Ln will be relatively high 

but for other values of Ө it will be low. The value of Ө which generates the 

maximum value of the likelihood function is the maximum likelihood estimation     

of Ө. 

Maximizing the likelihood function with respect to β will give the same result with 

maximizing the logarithm of this function with respect to β. In other words:  

Max Ln (η; Ө) will give the same result with Max ln Ln (η; Ө) 

 

Consideration of logit and probit models in which I am interested to estimate 

coefficient β is presented according to Wooldrige (2001). We have already known 

that Maximum Likelihood Estimation of β will give as a result vector 𝛽   , which is 

the best probability in the sample (y1, y2,…, yn) regressed on vector of explanatory 

variables X. Based on the foregoing we can write:  

probability of yi = 1 is f(Xi’ β) and probability of yi = 0 is [1- f(Xi’ β)]. 

We can rewrite it in the form of log likelihood function: 

𝐿𝑛  (𝑦|𝑿;  𝛽)  =    𝑓(𝑿’𝒊 𝛽) 𝑦𝑖 [1 −  𝑓 𝑿’𝒊 𝛽 ]1−𝑦𝑖

𝑛

𝑖=1
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Maximum Likelihood Estimation of β maximizes this function. 

If f is the logistic Cumulative Distribution Function then we will obtain the logit 

likelihood: 

𝑙𝑛 𝐿 (𝑦|𝑿;  𝛽)  =   {𝑦𝑖[𝑿’𝑖  𝛽 − 𝑙𝑛 1 + 𝑒 𝑿’𝑖𝛽  ]

𝑛

𝑖=1

} −  1 − 𝑦𝑖 𝑙𝑛(1 + 𝑒 𝑿’𝑖𝛽 )}  

If f is the standard normal Cumulative Distribution Function then we will obtain the 

probit likelihood: 

𝑙𝑛 𝐿  𝑦 𝑿;  𝛽 =   {𝑦𝑖𝑙𝑛𝛷(𝑿’𝑖𝛽)

𝑛

𝑖=1

+  1 − 𝑦𝑖 𝑙𝑛[1 + 𝛷 𝑿’𝒊𝛽 ]}  

As Colin (2009) mentions after the output of logit and probit models is obtained the 

next step is measuring goodness of fit. And for these purposes three approaches 

exist: pseudo R-squared; comparing predicted probabilities with sample 

frequencies; comparison based on classification. 

Since I use Stata in the empirical calculations and Stata output includes measures 

of pseudo R-squared I will shortly explain the meaning of this statistics.   

I would like to point out that pseudo R-squared does not convey the same 

information as the R-square for linear regression. For binary response models a lot 

of different pseudo R-squared measures were developed. The most common for 

Maximum Likelihood Estimation a pseudo R-squared that defined as:       

  𝑅2  =  
1 − 𝑙𝑛 𝐿𝑓𝑖𝑡

𝑙𝑛 𝐿0
 

where 𝑙𝑛 𝐿0 is the log likelihood of an intercept only model and 𝑙𝑛 𝐿𝑓𝑖𝑡  is the 

likelihood of a fitted model. 

 
The basic idea of using this formula is the following:  if the explanatory variables 

will not have explanatory power then 𝑙𝑛 𝐿𝑓𝑖𝑡  = 𝑙𝑛 𝐿0. In this case pseudo R-

squared will be equal to zero (Verbeek, 2000). 

In contrast, if the model is well-performed in predicting the actual observations of 

dependent variable, then pseudo R-squared will approach to one. 
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It is well known fact that pseudo R-squared does not summarize the proportion of 

variance in the dependent variable associated with the independent variables, and 

larger pseudo R-squared values do not indicate that more of the variation is 

explained by the model. However, goodness of fit is not usually as important as 

statistical and economical significance and expected signs of the explanatory 

variables (Wooldridge, 2003). 

To discriminate between the two models and in order to make a decision of which 

one of the methods performs better for the bank default prediction I will execute 

both models with the Akaike information criterion (AIC). According to Colin (2009)   

AIC can be defined as: AIC =-2lnL+2k, 

where k is the number of parameters in the statistical model and L is the 

maximized value of the likelihood function for the estimated model. 

The model with the smaller value of the information criterion is considered to be 

better (Maddala and Lahiri, 2009). 

One important note should be mentioned here is that all predictions from binary 

choice models involve a set of trade-offs. It means that accuracy of the models 

can be measured by two broad types of misclassification: Type 1 error and Type 2 

error (Jagtiani, Kolari, Lemieux, and Shin, 2002).  Visually it could be seen in 

Table 2. 

A Type 1 error occurs when the model fails to identify the distressed bank, and a 

Type 2 error occurs when a healthy bank is falsely identified as distressed. 

 

Table 2. Types of errors in binary choice models. 

 ACTUAL 

Low credit quality High credit quality 

MODEL 
Low credit quality Correct prediction Type 2 error 

High credit quality Type 1 error Correct prediction 

 

Assessment of predictive accuracy both logit and probit models can be performed 

by Receiver Operating Characteristic (ROC) curve, which is a plot of the true 

positive rate versus the false positive rate (Janes, Longton, Pepe, 2009). It is 

usually used as a measure of performance for such models. The idea of 

estimation is the following: the area under the ROC curve is measured relative to 

the area of a unit square. The area under the ROC curve represents the 

probability that the examined model assigns a higher probability of default to 
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failure banks than to non failure banks. When a model does not have predictive 

performance (in other words, when the model does not have the ability to classify 

banks into default or non-default categories correctly) the area under the ROC 

curve equals 0.5. A value of 1 indicates perfect differentiation between failure 

banks and non failure banks. The steeper the ROC curve at the left and the closer 

the area under the ROC curve approaches one, the higher the model’s prediction 

power (Lanine, Vennet, 2006). 

Plot of the ROC curve represents as a graph, where the Y-axes is Sensitivity, 

which represents the probability of correctly identifying a default bank and is 

calculated by dividing the number of correctly identified non-default banks by the 

sum of the correctly identified non-default banks and the incorrectly identified 

default banks. The X-axes is Specificity, which represents the probability of 

correctly identifying a non-default bank and is calculated by dividing the number of 

correctly identified default banks by the sum of the correctly identified default 

banks and the incorrectly identified non-default banks. The 45 degree line with 

area under the ROC curve value 0.50 represents a random model with no ability to 

correctly classify banks into default or non-default categories.  

One major disadvantage of any parametric model, according to Kolari et al. (1996) 

is that it is not well appropriated for exploring interactions between variables due to 

the problem of loss in degree of freedom, when the variable set increases. 

Poghosyan and Čihák (2009) in their paper state that the simplest logit model 

assumes independence of errors across banks, countries, and time but in real 

estimation process this assumption is usually violated, especially in the case of the 

panel data. It leads to downward biased estimates of standard errors of the 

coefficients. 

Based on the study of Aldrich and Nelson (1984) logit and probit models should 

have at least 50 observations per parameter in order to produce unbiased result. 

Stone and Raps (1991) also state that in a case of four to six predictors and 

skewed data, as with accounting data, sample size of 200 or more is needed to 

guarantee that test statistics will be properly calibrated. And when sample sizes 

are smaller test statistics is assumed to be moderately miscalibrated.  

Since the data used in this research covers more than 200 banks I expect to avoid 

such problem. 

Now I will give attention to description of the data in detail. 
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5. Description of the data 

In this chapter the data of the study is presented. The data source, study period, 

sample banks, dependent and independent variables, and the reasons for 

choosing exactly those financial ratios are provided. At the beginning, the study 

period and procedure of the bank sampling are explained and then explanatory 

variables are described. 

 

In this study I use the data from official website of the Central Bank of Russia, 

namely the data was obtained from the publicly available financial statements of 

Russian banks. The data includes information about more than 1000 Russian 

banks for the period of 2004 and 2007 on the annual basis form.  

This period was chosen for the reason that this is the only good quality data that 

could be obtained from publicly available sources. In line with the goals of this 

research it is also necessary to use the data for the period before and in the 

beginning of the world financial crisis in order to explore and understand the 

dynamics and trend of Russian bank’s main financial ratios in that periods.  

The banks are classified as defaulted if their licenses are revoked or the banks are 

liquidated or under the temporary administration of Agency for Restructuring the 

Credit Organizations in Russia. 

 

The choice of explanatory variables that I used in the research was based on the 

previous studies such as Beaver (1966), Altman (1968), Jagtiani et al. (2002), 

Montgomery et al. (2005), Kolari et al. (1996), Lanine, Vennet (2006), Poghosyan 

and Čihák (2009). 

I also wanted to include in this research macroeconomics variables to track their 

explanatory power of banks fragility, but according to Kennedy (1998) extraneous 

variables are undesirable because they are frequently characterized by 

multicollinearity and these are variables that influence the outcome of estimation 

while they are not the variables that are actually of interest. 

 

Now, more thorough explanation of the applied variables is presented. 

The dependant variable y is built in the following way: it is equal to zero if the bank 

is non-failed and it is equal to 1 if the bank is failed. 
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In order to create a precise bank default prediction model the following 

independent variables and their expected signs (presented in Table 3) are 

included into this analysis. 

 

Table 3. Explanatory variables (with description and expected signs). 

Variable Description 
Expected 

Sign 

CTL 
capital

liabilities
 - 

CTD 
capital

deposits
 - 

CTA 
capital

total assets
 - 

ROA 
net revenue

total assets
 - 

ROC 
net revenue

capital
 - 

LTA 
loans

total assets
 

+ 

- 

LTD 
loans

deposits
 + 

LTC 
loans

capital
 + 

ATL 
total assets

liabilities
 - 

DTA 
deposits

total assets
 - 

Cash 
cash

total assets
 - 

Size Ln of total assets - 
 

 

The motivation of chosen variables is the following.  I have followed earlier 

literature and used the experience of previous studies in this field, which shows 

that the aforementioned variables can be important determinants of the bankruptcy 

prediction model. 

 The ratios were divided in four groups: capital, profitability, liquidity and assets. 
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Capital ratios are usually a measure of a bank’s financial power. In other words it 

is a bank’s ability to face future crises or unforeseen and unexpected losses. 

Banks should maintain an amount of capital that reflects the strength of the bank. 

Thus, ratios of this group should reflect the stability of banks in terms of credit risk, 

market risk and other forms of risk. The following variables are included in this 

group:  

CTL - this ratio shows a bank’s protection against losses linked to bank’s payment 

obligations. When this ratio is high, a bank has a large capital stock and is hence 

able to incur some losses because better capitalized banks have more 

opportunities to cover their liabilities in case of bankruptcy. I expect capital to 

liabilities ratio to have a negative influence on probability of default.  

 

CTD – bank’s supervisors have come to apply the proportion of a bank's capital to 

its deposits as a measure of its capital position. Robinson (1941) noticed that this 

measure has developed into one of the most important standards of banking 

supervision and it has even been proposed as a statutory requirement. I expect 

capital to deposits ratio to have a negative relationship with the probability of 

default. 

 

CTA - banks with sufficient amounts of capital are assumed to be more solid since 

this ratio considered as a gauge for determining how much capital bank needs as 

a cushion against unexpected risks. This ratio is a sign of good financial health 

and lower leverage and according to Altman (1968) must be included in the 

analysis. This ratio tends to fall in failed banks, therefore a negative relation with 

the probability of failure is expected. 

 

Profitability ratios may show possible determinants that may reduce the 

sustainable growth of bank’s revenue. The main negative influence on the 

profitability has excessive credit risk, which leads to losses and require additional 

capital to cover these losses. Market risk also can affect the qualitative and 

quantitative profitability. The next determinant which can influence the quality of 

profit is based on the one time revenue. These factors interfere with prediction of 

accurate bank’s cash flow and that is why it is necessary to track on a permanent 

basis for the variables reflecting profitability. 
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ROA - return on assets is determined by the asset returns and measures how 

profitable and, thus, solvent the bank is. It reflects the efficiency and performance 

of the bank. This ratio was suggested by Beaver (1966) in his research and that is 

why was borrowed for a current study. A high ratio implies a high solvency and a 

high performance and consequently I expect a negative relationship with the 

probability of default. 

 

ROC - return on capital, which also provides information about the bank’s 

profitability. Montgomery (2005) uses this ratio to measure how well a company 

generates cash flow relative to the capital that was invested in its business and, 

thus, quantifies a bank’s efficiency in generating revenue from every unit of 

invested capital. A high ratio implies a strong and healthy banks, which should 

decrease the probability of failure. Therefore, a negative relationship with the 

probability of default is expected. 

 

Liquidity is measured to determine a bank’s stability to liquidity risk. To avoid the 

liquidity risk, it is important to focus on current sources of liquidity and future cash 

flows. Consequently, banks need to maintain a level of liquidity sufficient to meet 

current and future financial obligations. It means that bank has to be able to 

manage unexpected changes of market conditions that directly affect the liquidity 

of assets. 

LTA - this liquidity ratio indicates what percentage of the assets of a bank is 

burdened with the loans. Kolari et al. (2002) included this variable in their study for 

USA. According to previous papers high loans to assets ratio shows weak liquidity 

power of the bank. However, the expected sign is not really obvious, because on 

the other side quality of loans may seriously affect the financial output of the bank. 

 

LTD - this ratio measures the ability of banks to cover withdrawals made by its 

customers. Investors can use this ratio to be sure about the solvency of the bank. 

In this case solvency means that if any money would be needed it could be 

immediately available. Öğüt, Doğanay, Ceylan, Aktaş (2012) uses this ratio for 

binary choice model in their research. If the ratio is too high, it means that banks 

might not have enough liquidity in case of contingency events. If the ratio is too 

low, banks may not be earning as much as they could be. However, a high loan to 
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deposits ratio reflects reduction of possible deposits. It is not really obvious in 

which direction it influences the probability of default, but in line with the previous 

studies I assume a positive sign. 

 

LTC - this ratio measures the amount of loans relative to the capital. A high ratio 

reflects low liquidity and it is therefore not preferred. Hence, the relationship with 

the probability of default is positive. 

 

ATL – this ratio is a good analytical instrument to understand the current situation 

with bank’s borrowings and cash flow. It shows how much solvent the bank is in 

case of banking panic and increasing withdrawals of deposits. A high ratio 

indicates a good probability that the enterprise can meet their current debts and 

obligations immediately. Hence, I expect assets to liabilities ratio to have the 

negative sign in the relationship with the probability of default. 

 

DTA - this ratio represents a stable source of funding while the bank remains 

reliable. Higher level of deposits provides more wide opportunities for banks to 

operate at the financial market and meet the problems of liquidity. Thus, deposits 

to assets ratio should negatively correlate to failure. 

 

Cash - cash on total assets ratio is used to measure liquidity and ability to pay 

short-term obligations. It is difficult to determine the optimal value of this ratio, 

because it is different for different sizes of banks, but it is obvious that high ratio is 

the result of a stable and solvent productivity of banks. Therefore, deposits to 

assets ratio should negatively correlate to bank’s default. 

 

Assets have highly important characteristics such as size and quality that mostly 

depend on the risk management system. These characteristics also have a direct 

influence on the bank’s financial productivity. Because of that this ratio is of great 

importance. 

Size – natural logarithm of total assets. It can be argued that strength and solvent 

banks have the higher size of assets. Argumentation behind this is based on the 

fact that large banks hold more assets and are better able to diversify and to 

reduce their risks.  In relation to this coefficient it is possible to apply a term ―Too 

big to fail‖, which means that certain banks are so large that their default will be 
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catastrophic to the economy, and that is why government has a responsibility to 

support them when they face troubles. Lanine and Vennet (2006), in line with most 

of previous studies, recommend including size of total assets in the research of 

bankruptcy. This variable, measuring the size of the bank, is expected to have a 

negative relationship with the probability of failure.  

 

Descriptive statistics is presented in Table 4 below and give cross-section 

definition of the data.  

 

Table 4. Descriptive statistics. 

     

    Variable        Obs        Mean    Std. Dev.       Min        Max 

 

           y       1020    .0303922     .171748          0          1 

 

         CTD       1020    7.927161    123.4958   .0154078       3360 

 

         LTC       1020    3.360608    2.355389          0      13.86 

 

         ROC       1020    .0968578    .0945211  -.2536664   .6969666 

 

         ROA       1020    .0184609    .0209259  -.0914665    .311379 

 

         LTA       1020    .5817041    .2080402          0   .9818506 

 

         CTA       1020    .2570343    .1836677   .0094523   .9997025 

 

         LTD       1020     6.65199    111.8532          0       3300 

 

        Size       1020      13.372    1.867755   7.068172   21.38816 

 

         DTA       1020    .5838373    .2141773   .0002975   .9520808 

 

        Cash       1020    .2625279    .2007529   .0036338   .9995074 

 

        ATL       1019    5.604299    105.9326   1.011649       3361 

 

        CTL       1019    4.595713    105.9329   .0095733       3360 
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To keep space, the cross-sectional variation in the data referring only to year 2004 

is presented. Now, I would like to continue discussion concerning the chosen 

explanatory variables.  

As it can be seen in Appendix 3 some of the variables are quite correlated to each 

other. According to Green (2002) high correlations among predictive variables can 

lead to multicollinearity in the model.  Multicollinearity means existence of a 

perfect, or exact, linear relationship among some or all explanatory variables of a 

regression model (Gujarati, 2004). In this situation, the regression model retains all 

its assumed properties, although potentially severe statistical problems arise. 

However, multicollinearity does not reduce the predictive power or reliability of the 

model as a whole; it only affects calculations regarding individual predictors 

(Pindyck, Rubinfeld, 1997). In spite of this Tucker (1996) argued that this problem 

is typical when the financial data are modeled because all the variables are drawn 

from the same balance sheet or income statement, consequently, this study 

should take into account probable presence of multicollinearity. 

It is important to minimize the problem of multicollinearity in order to receive 

plausible results. It could be done by measuring correlation between variables and 

running few different models that do not include explanatory variables strongly 

correlating with another. In this research I decided to exclude from the estimation 

the following explanatory variables that have the highest correlation coefficient: 

LTD, ATL, CTL. In order to minimize the multicollinearity problem I included in the 

research only those variables, which I found basic for the analysis based on the 

previous studies. 

 

In the next chapter an accurate explanation of the estimation results is presented. 
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6. Results 

 

In this chapter the results of analysis procedure and the results of the thesis are 

provided. First, determinants that have the highest predictive power for bank 

distress are defined. Second, predictive power of used models is compared. 

 

Empirical analysis in this paper uses financial ratios that calculated based on the 

annual consolidated financial statements of the banks for the years 2004 and 

2007. I estimated in total nine financial ratios for 1020 Russian banks, using 

different binary choice models. After these calculations the results of two models 

will be discussed and compared.  

 

Two binary choice models are used: logit and probit. I estimated the parameters of 

logit and probit models by Maximum Likelihood. Computations of standard errors 

and z-statistics are based on robust estimates of the Variance Component 

Estimation (VCE). The results of both models are presented in Table 5 and Table 

6 (for year 2004 and for year 2007 respectively). 

Before I start with the explanation of empirical results, it is important to say that 

this study should take into account the probable presence of multicollinearity. The 

interaction among the variables may serve to obscure their individual contribution 

to the fit of the regression, whereas their joint effect may still be significant. It is a 

quite common case when one of the variables is highly, but not perfectly 

correlated with another in the model. In this instance, the regression model retains 

all its assumed properties (Greene, 2002). However, multicollinearity does not 

reduce the predictive power or reliability of the model as a whole (Pindyck, 

Rubinfeld, 1997). 

Table 5 shows the empirical result for the booming period – 2004. From this table 

can be seen that some of explanatory variables are reliable and stable and go in 

line with the expectations. In spite of this, other variables are insignificant, sign and 

value of the coefficients changes dramatically between the both models. 

Therefore, more thorough explanation is provided only for the variables that are 

significant in the models. 
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Table 5. Estimation result for year 2004. 

     Variable        logit            probit        

         CTD           0.002***       0.001*** 

                       (3.66)         (3.78)         

         LTC          -0.107          -0.052         

                      (-0.60)         (-0.71)          

         ROC          -11.877**       -4.888*        

                      (-1.97)         (-1.87)        

         ROA           10.731         4.115          

                      (0.99)          (0.77)        

         LTA          -2.470*         -1.132*       

                      (-1.87)         (-1.85)       

         CTA           0.663          0.259         

                      (0.35)          (0.31)        

        Size           0.092          0.049         

                      (0.61)          (0.78)        

         DTA           1.338          0.522         

                      (1.04)          (0.93)         

        Cash           -0.171         -0.119        

                      (-0.14)         (-0.20)       

       Const          -3.460          -1.869*       

                      (-1.35)         (-1.65)       

Statistics                                                                 

N                      1020            1020          

ll                    -120.44571      -120.78819 
     

*, ** and *** indicate significant at 10 per cent, 5 per cent and 1 per cent levels respectively. 

z-statistics is in parentheses. 

 

According to the Table 5 it is possible to say that variables describing liquidity, 

profitability and capital ratios are the most relevant variables in relation to bank 

failures in the period of financial booming. These ratios are presented by the 

following variables: ROC, LTA and CTD, which are submitted in all three models 

and significant in relation to bank failures. The following discussion on the results 

will concern the expectations of the relevant signs.  

The result on variable ROC represents the profitability ratio. The sign of the 

coefficient is in line with the expectations, which imply that bank efficiently 

generates revenue from every unit of invested capital that protects bank against 

the probability of default. This variable is significant in all three models. Probit 
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model provide significance at the 10% level, but logit model provides significance 

at the 5% level. This result is in line with the results of Öğüt, Doğanay, Ceylan, 

Aktaş (2012), who examine that return on capital ratio also raises the probability of 

getting higher rating. The fact that profitability ratios can be important in prediction 

of future bank failures is also consistent with the results of Kolari et al. (2002).  

Among the liquidity ratios, LTA variable shows percentage of the bank assets that 

are burdened with the loans. It indicates the significance at 10% level in all models 

of bank failure prediction for the booming period. Kolari et al. (2002) in their 

research did not find this variable significant in their research. This ratio is 

significant and the sign of the coefficient is positive, which is in line with the 

theoretical expectations. The negative sign of LTA can be explained by the fact 

that the banks with big loan portfolio are more profitable, since loans are the main 

source of the bank’s revenue, which indicates the good performance of its 

business. This is in line with the study of Lanine and Vennet (2006), who did not 

find any systematic pattern in this coefficient, and found it insignificant in their 

model.  However, empirical estimations of Montgomery (2005) found this ratio 

highly significant with positive relation to probability of default. 

The results on capital ratios demonstrate the high positive significance (at 1% 

level) of CTD variable that is contrary to the expectations. Montgomery (2005) 

obtained the same result for this coefficient. He explains this phenomenon as the 

follows: ―it may reflect depositor flight prior to bankruptcy, which would reduce 

short-term liabilities, thereby increasing the ratio or capital to deposits in the short-

run, as longer-term deposits were fixed‖. Both models indicate stable positive and 

highly significant result for this variable.  

Empirical results for the period of the beginning of the world financial crisis are 

presented in Table 6 below.  

Now I am going to discuss the behavior of financial ratios in the case of the 

impending world financial crisis 2007-2009. I expect that in conditions of upcoming 

crisis empirical models will show the importance and significance of other 

determinants than in booming period of 2004. 

Estimation result of the determinants is not absolutely similar to the result for 

booming period and has some differences. 
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Table 6. Estimation result for year 2007. 

    Variable            logit            probit            

      CTD              -0.0162           -0.008          

                       (-0.57)           (-0.64)        

      LTC              -0.042*           -0.019           

                       (-1.64)           (-1.58)         

      ROC              10.214**          4.785**        

                       (2.66)            (2.54)        

      ROA              -124.434***     -55.165***      

                       (-3.08)           (-3.28)        

      LTA              2.670*            1.226*                      

                       (1.64)            (1.64)         

      CTA              2.636             1.243          

                       (1.41)            (1.46)         

      Size             0.096             0.044          

                       (0.85)            (0.91)         

      DTA              -0.108            -0.122         

                       (-0.11)           (-0.28)        

      Cash              2.682            1.278          

                       (1.26)            (1.44)          

     Const             -6.872**         -3.429***      

                       (-2.49)           (-2.95)       

Statistics                                           

N                        965               965           

ll                   -118.55964        -118.45216      

 

*, ** and *** indicate significant at 10 per cent, 5 per cent and 1 per cent levels respectively 

z-statistics is in parentheses 

 

By the reasons mentioned earlier in this study more thorough explanation is 

provided only for the variables that are significant in the models. 

 

For the period of impending financial crisis the ratios related to profitability, liquidity 

and capital adequacy are found out significant. 

In contrast to the period of booming influence of the ROA on the bank default 

prediction is highly significant. According to the theoretical expectations has the 

same direction of influence. This result is in line with the result of Altman (1968), 

Lanine and Vennet (2006), who found that this coefficient contributes the most to 

the possibility of prediction the incidence of bankruptcy, since a bank that does not 
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earn a profit has higher probability to failure. However, Montgomery (2005) found 

this variable significant but with the positive sign and explained it as a signal of 

increasing risk, requiring higher return on assets. 

Further, the ROC coefficient is significant at 5% level for logit and probit models 

that indicates a high importance of this variable in the prediction of bank distress. 

Despite the expectation that ROC will have a negative sign (as the greater value of 

ROC the higher reliability of banks), we can see that actually in logit and probit 

models it has a positive sign. Since the loans are one of the main sources of 

bank’s income, the possible explanation of the negative sign here is that high 

return in the years of upcoming crisis have been achieved by the increasing of 

loan portfolio of not very good quality, such as for example a subprime mortgage. 

Nevertheless, this result contradicts with some previous studies, such as Öğüt, 

Doğanay, Ceylan, Aktaş (2012). 

The LTC does not indicate any systematic pattern in the result. Coefficient 

significant at 10% level only for logit model. The sign changes sharply between the 

models, which make it difficult to explain this result rationally. 

The LTA is found to be an important coefficient for bank failure prediction. It is 

significant at 10% level and has the expected sign in logit and probit models. 

Examples of studies that also confirmed the relevance of the LTA as a predictor of 

failure include Konstantidina (2006), Gunsel (2008). Kolari et al. (2002), Lanine 

and Vennet (2006). These authors have also included this ratio to their research 

but did not find its significance in the model. 

Finally, the results on CTD ratio go in contrast with the models for booming period. 

Coefficient has the expected sign, but insignificant. Result could indicate that 

better capitalized banks have more opportunities to cover their losses and meet 

obligations in case of bankruptcy. However, insignificance of this variable in both 

models raises doubtful result.    

 

Comparing the empirical result for two different periods we observe differences in 

the behavior of the coefficients, but some similarities still can be distinguished for 

both models. Several variables do not show any significance for all three models in 

both periods. 

LTC does not come out highly significant in the estimation process for the period 

2004. It is unstable for the period of 2007 as well. According to Poghosyan and 

Čihák (2009) this may happen because banks usually turn into a liquidity problem 



40 
 

 
 

in a very short period before the default, whereas bank liquidity varies substantially 

over time. 

In line with the results of Konstantidina (2006) and Kolari et al. (2002), CTA does 

not show any significance in all models for both periods and has a positive sign, 

which is in contrast with expectations.  It can imply that less capitalized banks 

pursue a policy of increase loan portfolio by high quality credits, because they 

recognize their weaknesses and do not take risky operations, while banks with the 

large capital are more confident and can afford to provide more risky operations 

and poor quality credits. 

Empirical models do not find importance of DTA in both periods. Comparing this 

result with the previous studies it goes in line with the Konstantidina (2006), who 

has also found this coefficient insignificant in her model. 

Cash ratio is statistically insignificant and changes its sign dramatically in the 

models. Gunsel (2008), Domac, Martinez Peria (2003) found that this variable did 

not have any effect on banking failures, while Demirguc-Kunt and Detragiache 

(1998) found a weakened effect. 

Finally, the Size ratio is never significant. This is in line with the previous studies of 

Lanine and Vennet (2006). They state that Size ratio indicates that failing banks 

are not consistently bigger or smaller than their non-failed peers.  

 

The next step is to determine the predictive accuracy of the empirical estimations 

by comparing predicted outcome with the actual outcome.  

Based on the Akaike information criterion (AIC) (this technique has been 

described in Chapter 4) it is possible to determine which method (logit or probit) 

suites better for the bank default prediction. 

From Table 7 it can be seen the logit model seems to outperform the probit model 

for year 2004. The result for year 2007 shows the opposite.  

 
Table 7. Akaike information criterion analysis 

 Logit                 Probit 

Year Obs AIC 

2004 

 

2007 

1020 

 

965 

-260.8914 

 

257.1193 

261.5764 

 

256.9043 
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Thereafter, the models go basically hand in hand and the difference is inessential 

between the models. 

However, Poghosyan and Čihák (2009) argued that an important property of the 

logistic model is its precision in terms of minimizing Type 1 and Type 2 errors. 

Thus, to estimate the predictive power I choose logit model. 

Appendix 4 displays the relationship between model predictions and actual 

distress events. In order to measure the predictive power of the model, 0.5 percent 

cutoff point was used. Results show that the logit model for booming period 

correctly classifies 2 out of 31 distress events and 989 out of 989 non-distress 

events. The model failed to classify correctly 29 distress events out of 31 (Type 1 

error) and wrongly classified 0 healthy banks observations out of 989 as 

distressed (Type II error). Overall, the model performance is 97.16%.  

The results of the model for upcoming crisis period correctly classify 1 out of 29 

distress events and 0 out of 936 non-distress events. The model failed to classify 

correctly 28 distress events out of 29 (Type 1 error) and classified wrongly 0 

healthy banks observations out of 936 as distressed (Type II error). Overall, the 

model correctly classified 97.10% 

However both of the models have drawback in correct classifying of distress 

events. The reasons for that could be in a poor quality of the data. This data set 

contains a small percentage of defaults in the sample.  That could lead to the 

problem of small variation in the dependent variable. 

 

Further, the ROC curve validation technique for testing the accuracy of probability 

forecasts is discussed. This is a widely used technique in a research of such 

types. For instance, Lanine, Vennet (2006) and Montgomery (2005) have used it in 

their studies. 

The graphs of the ROC curves for the booming period and period of impending 

financial crisis can be found in Figure 6. 

Both specifications are based on the empirical calculations of logit model. 

As it was mentioned earlier, the intuition behind the ROC curve is the following: 

the steeper the ROC curve at the left and the closer the area under the ROC curve 

approaches one, the higher the model’s prediction accuracy is. 
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Figure 6. ROC curve for the periods 2004 (top picture) and 2007 (lower picture). 

 

Figure 6 shows that area under ROC curve for year 2004 is larger (0.7586) than 

that one of the year 2007 (0.6942). 

Based on these pictures, it is reasonable to conclude that prediction performance 

of the model for year 2004 is more accurate compared to the result for year 2007. 

It is necessary to emphasize that the result of econometric probability models is 

very sensitive to quality the data and the variation in the dependent variable, which 

also has had an impact on the output. 

Further I will summarize this paper and provide conclusions that have been made 

from this study. 
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7. Summary 

 

In this chapter I will present a conclusion based on the empirical findings. I will 

also provide recommendations and suggestions for the further research. 

 

This paper is an attempt to examine the factors and parameters that are important 

and significant in the forecast of bank failures for the sample of Russian banks. 

According to the purposes stated at the beginning, I have compared the dynamics 

of Russian bank’s main financial ratios in the pre-crisis period – 2007, and in the 

period of booming – 2004, and have investigated the ability of these ratios to 

predict deterioration of credit institutions. 

Finally, I have investigated the predictive accuracy, performance and efficiency of 

the logit, probit and Linear Probability Model (LPM) in assessing the risk of failure 

of Russian banks. Then the result has been compared with the previous studies. 

Using data of more than 1000 banks in Russia for the mentioned periods in the 

empirical part of the paper, I have applied logit and probit models for the analysis 

of financial ratios. 

The results indicate that profitability, liquidity and capital financial ratios are highly 

important for description of bank’s health. Namely, such variables as return on 

assets, return on capital, loans to assets and capital to deposits are found to be 

significant determinants in prediction of bank defaults. It should be noticed that 

return on capital and capital to deposit ratios are found crucial in booming period, 

while return on assets and loans to assets ratios indicate their importance in the 

period of impending world financial crisis.  

Contrary to expectations, the size of the bank’s assets and cash to assets ratio are 

found insignificant for the probability of default in both periods.  

 

Empirical estimations show that the logit and the probit models perform well in 

terms of prediction accuracy. I agree with Lanine, Vennet (2006), who discussed 

that default prediction using logit and probit models, could be a very useful 

instrument for bank supervisors, and for other interested parties to assess the 

financial health of banks. 
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Unfortunately, this paper did not take into consideration some factors, such as 

macroeconomic variables, management quality and some other additional 

variables, due to the complexities with data collection. However, these are left for 

my future studies. The further research in this area could also focus on 

investigation of the significant parameters in prediction of bank failure in terms of 

several different countries. 
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APPENDICES 

Appendix 1. General Information on the Russian Banking Sector from 2004 to 2007. 

Indicator 31/12/2004 31/12/2005 31/12/2006 31/12/2007 

1 Banking sector assets (billion rubles) 
as % of GDP 

7100.6  
41.7  

9696.2 
44.8 

13963.5 
51.9  

20125.1 
60.8  

2 Banking sector own funds (capital) (billion rubles) 
as % of GDP 
as % of the banking sector assets 

946.589  
5.6  
13.3  

1241.8 
5.7  
12.8  

1692.7  
6.3 
12.1  

2671.5  
8.1  
13.3  

3 Loans and other placements with non-financial organisations and individuals, including 
overdue claims (billion rubles) 
as % of GDP 
as % of the banking sector assets 
of which: 
loans provided to individuals, including overdue claims (billion rubles) 
as % of GDP 
as % of the banking sector assets 
as % of income of the population 

3885.9  
 
22.8  
54.7  
 
538.2  
3.2  
7.6  
4.9  

5452.9  
 
25.2  
56.2  
 
1055.8 
4.9  
10.9  
7.6  

8030.5 
 
29.8  
57.5 
 
1882.7  
7.0  
13.5  
10.9  

12287.1 
 
37.1  
61.1 
 
2971.1  
9.0  
14.8  
13.9  

3a Banking loans in fixed capital investment of organisations of all forms of ownership 
(except small businesses) (billion rubles) 
as % of fixed capital investment of organisations of all forms of ownership (except small 
businesses) 

176.5  
 
7.9  

235.6  
 
8.1 

363.6  
 
9.6  

460.3  
 
9.4  

4 Securities acquired by credit institutions (billion rubles) 
as % of GDP 
as % of the banking sector assets 

1038.8  
6.1  
14.6  

1400.1  
6.5  
14.4 

1745.4  
6.5 
12.5 

2250.6  
6.8 
11.2  

5 Individual deposits (billion rubles) 
as % of GDP 
as % of the banking sector liabilities 
as % of income of the population 

1980.8  
11.6  
27.9  
18.0  

2761.2 
12.8 
28.5  
20.0  

3809.7  
14.2  
25.6  
22.1  

5159.2  
15.6  
27.3  
24.2  

6 Funds raised from organisations (billion rubles) 
as % of GDP 
as % of the banking sector liabilities 

2184.1  
12.8  
30.8  

3138.9  
14.5  
32.4  

4790.3  
17.8  
34.3  

7053.1  
21.3  
35.0 

                                                                             Indicator (Billion rubles) 1/01/05  1/01/06 1/01/07 1/01/08 

Gross Domestic Product 17048.1  21625.4 26903.5 33102.9 

Fixed capital investment of organisations of all forms of ownership (except small businesses) 2246.8  
 

2893.2  
 

3809.0  
 

5214.0  
 

Income of the population 10976.3  13819.0 17290.1 21311.4 
Source: Review of the Banking Sector of the Russian Federation, (January, 2010, #87). 
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Appendix 2. 

 

List of banks closed down their businesses due to the elimination or revocation of a license 

by the Bank of Russia in 2004 and 2007.  

2004 

BANK                                                            
                                                                        

LICENSE            
NUMBER                                       

REASON                  DATE OF                         
REVOCATION                                                                                                                 

CITY 

ASB Bank 1892 revoke 30/12/2004 Moscow 

Tyumen City Bank 666 liquidat. 12/22/2004 Tyumen 

Udmurtpromstroybank 928 revoke 12/16/2004 Udmurtia 

Spring 2505 revoke 12/08/2004 Moscow 

National 3297 revoke 12/08/2004 Moscow 

Great Volga 2709 revoke 01/12/2004 Dubna 

Kurganinkass 3331 revoke 01/12/2004 Mound 

Russian National 

Investment Bank 

 

3253 

 

revoke 

 

11/24/2004 

 

Moscow 

Vertical 3425 revoke 11/24/2004 Moscow 

Yarbank 1483 revoke 11/24/2004 Krasnoyarsk 

Vneshagrobank 2162 revoke 11/11/2004 Moscow 

Invesko Bank 2293 revoke 27/10/2004 Obninsk 

RIG-Bank 2508 revoke 27/10/2004 Moscow 

Taimyr 1334 revoke 27/10/2004 Dudinka 

Style-Bank 1834 revoke 07/10/2004 Moscow 

Finanstorgbank 3358 revoke 09/29/2004 Moscow 

The Agency 

for Restructuring 

Credit 

Organizations(NGO) 

 

 

 

3336 

 

 

 

liquidat. 

 

 

 

14/09/2004 

 

 

 

Moscow 

Meritbank 3051 revoke 09/09/2004 Moscow 

Savings and 

Development Bank 

 

1523 

 

revoke 

 

09/06/2004 

 

Syktyvkar 

Paveletsky 2930 revoke 13/08/2004 Moscow 

Dialog-Optim 3107 revoke 11/08/2004 Moscow 

Tobolsk 2958 liquidat. 05/08/2004 Tyumen 

Moszhilstroybank 2206 revoke 29/07/2004 Moscow 

Rick 3092 revoke 29/07/2004 Moscow 

Commercial Bank 

Savings 

3220 revoke 29/07/2004 Moscow 

Promeksimbank 2847 revoke 29/07/2004 Moscow 

Miass 505 liquidat. 07/19/2004 Chelyabinsk 

Credittrust 2993 revoke 24/06/2004 Moscow 

Novocherkassk City 

Bank 

1018 revoke 05/29/2004 Novocherkassk 

Tambovinvestbank 3414 liquidat. 28/05/2004 Tambov 

Sodbiznesbank 1601 revoke 05/13/2004 Moscow 

Neftegazbank 2832 revoke 28/04/2004 Moscow 

Prikume 887 liquidat. 28/04/2004 Budennovsk 

Perm Development Bank 2246 revoke 03/25/2004 Perm 

Legprombank 1728 revoke 02/09/2004 Moscow 

Imperial 1315 revoke 21/01/2004 Moscow 
 

 

 



51 
 

 
 

 

2007 

Kitezh 3208 revoke 12/20/2007 Moscow  

Clearing House RVFB 3321 liquidat. 12/20/2007 Rostov-on-Don 

Bikbank 3448 revoke 11/27/2007 Moscow  

Saturn 224 revoke 11/27/2007 Moscow  

Samoletbank 1610 revoke 11/27/2007 Khimki 

IMPEXBANK 2291 liquidat. 11/23/2007 Moscow  

Russian Investment 

Group    

 

2464 

 

revoke 

 

20/11/2007 

 

Moscow 

Mass Media Bank 1859 liquidat. 19/11/2007 Moscow  

Mortgage Bank of  

Regional 

Development 

 

 

1514 

 

 

revoke 

 

 

11/15/2007 

 

 

Rostov-on-Don  

Fundament-Bank 2118 revoke 11/15/2007 Moscow  

Volga HVAC 2870 liquidat. 11/09/2007 Saratov  

Image 2392 revoke 11/01/2007 Moscow  

The International  

Social Bank 

 

3108 

 

revoke 

 

26/10/2007 

 

Moscow  

Era 1435 revoke 26/10/2007 Moscow  

Private capital 2579 revoke 26/10/2007 Moscow  

Algorithm (NDA) 3464 revoke 10/18/2007 Moscow  

Magadan 2082 revoke 10/18/2007 Moscow  

Investment 

Promenergobank   

 

3046 

 

revoke 

 

27/09/2007 

 

Moscow 

Alliance Bank 3182 revoke 27/09/2007 Moscow  

Toll 740 revoke 27/09/2007 Moscow  

Falcon 2514 revoke 20/09/2007 Moscow  

Atis (NCB) 2358 revoke 09/13/2007 Moscow  

Iberus 3259 revoke 09/05/2007 Moscow  

Kominbank 3029 revoke 08/30/2007 Moscow  

Volga-Don Bank 2612 revoke 08/30/2007 Volgograd  

International Bank  

for Cooperation 

 

1200 

 

revoke 

 

16/08/2007 

 

Moscow  

The Hermitage 2955 revoke 16/08/2007 Moscow  

Privolzhskoye HVAC 

Novgorod  

 

1141 

 

liquidat. 

 

16/08/2007 

 

Nizhny  

Dorozhnik 269 liquidat. 08/09/2007 Chelyabinsk 

Tyumenprofbank 441 liquidat. 08/09/2007 Tyumen  

Eurasia 573 liquidat. 08/09/2007 Izhevsk  

Dzerzhinsky 1113 liquidat. 08/09/2007 Perm  

Volgoinvestbank 3141 liquidat. 08/09/2007 Saratov  

Alekskombank              943 revoke 07/26/2007 Alexandrov 

Jaroslav 2906 revoke 10/07/2007 Yaroslavl  

Pico-Bank 1782 revoke 21/06/2007 Moscow  

Etalonbank 2317 liquidat. 21/06/2007 Moscow  

Mordovsotsbank 741 revoke 06/06/2007 Saransk  

General 3218 revoke 06/06/2007 Moscow  

Russian City 

Commercial Bank                         

 

3248 

 

revoke 

 

24/05/2007 

 

Moscow 

Leo-Bank 1056 revoke 18/05/2007 Moscow  

Taskbank 2833 liquidat. 18/05/2007 Moscow 

Stroyprombank 603 revoke 11/05/2007 Moscow  

Finance and Credit 

Bank         

 

750   

 

revoke 

 

11/05/2007 

 

Moscow 
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Appin Bank 3410 liquidat. 11/05/2007 Moscow  

St. Petersburg Bank 

for Reconstruction 

and Development   

 

3150 

 

revoke   

 

03/05/2007 

 

St. Petersburg 

Eksportbank 3210 revoke 04/26/2007 Moscow  

Diamond Bank 3225 revoke 04/26/2007 Moscow 

Antares 734 revoke 04/06/2007 Makhachkala 

Siberian 

Development Bank   
2501 revoke 04/06/2007 Moscow 

Bank for 

Development  

and Investment 

 

2770 

 

revoke 

 

03/29/2007 

 

Moscow 

Khasavyurt 1687 revoke 03/29/2007 Dagestan 

MFD-Clearing 3305  revoke 03/23/2007 Moscow 

Urban Settlement  

Corporate Bank 

 

3281 

 

revoke   
19/03/2007 Moscow 

Joint Credit 

Alliance 

3406 

 

revoke   

 
19/03/2007 Moscow 

Ruby 3129 revoke      09/03/2007 Makhachkala 

Client City 3392 revoke       01/02/2007 Moscow 

Evrostroybank 3453  revoke       01/25/2007 Moscow 

Gradobank 2563  revoke 01/25/2007 Moscow 

Sibekonombank 1824 revoke       01/18/2007 Moscow 

Novokubansky 576 revoke        01/18/2007 Moscow 

Inter-Regional  

Settlement Center 

 

3382  

 

revoke 

 

01/18/2007 

 

Moscow 

 

Source:http://www.banki.ru/banks/memory 
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Appendix 3. 

 

Correlation matrix of independent variables 

 

             |      ctd      ltc      roc      roa      lta      cta      ltd     size      dta     cash    _atl_   _ctl_ 

-------------+----------------------------------------------------------------------------------------------------------- 

         ctd |   1.0000 

         ltc |  -0.0688   1.0000 

         roc |  -0.0545   0.4106   1.0000 

         roa |  -0.0177  -0.1056   0.6469   1.0000 

         lta |   0.0418   0.4569   0.0256  -0.0428   1.0000 

         cta |   0.2392  -0.6527  -0.3707   0.1485  -0.0094   1.0000 

         ltd |   0.9304  -0.0485  -0.0434  -0.0142   0.0853   0.1936   1.0000 

        size |  -0.0857   0.5095   0.2981   0.0007   0.3006  -0.4260  -0.0735   1.0000 

         dta |  -0.1654   0.3500   0.1880  -0.1285  -0.1372  -0.6583  -0.1380   0.0358   1.0000 

        cash |  -0.0384  -0.3540  -0.0676  -0.0308  -0.7834  -0.0241  -0.0572  -0.4271   0.2345   1.0000 

       _atl_ |   0.9014  -0.0435  -0.0387  -0.0203   0.0609   0.1622   0.9529  -0.0709  -0.1095  -0.0403   1.0000 

       _ctl_ |   0.9014  -0.0435  -0.0386  -0.0203   0.0610   0.1623   0.9529  -0.0708  -0.1094  -0.0403   1.0000  1.0000 
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Appendix 4. 

 

Predictive performance of the logit model in periods 2004 and 2007. 

 

Logit predictive power 2004 

 

              -------- True -------- 

Classified |         D            ~D  |      Total 

-----------+--------------------------+----------- 

     +     |         2             0  |          2 

     -     |        29           989  |       1018 

-----------+--------------------------+----------- 

   Total   |        31           989  |       1020 

 

Classified + if predicted Pr(D) >= .5 

True D defined as y != 0 

-------------------------------------------------- 

Sensitivity                     Pr( +| D)    6.45% 

Specificity                     Pr( -|~D)  100.00% 

Positive predictive value       Pr( D| +)  100.00% 

Negative predictive value       Pr(~D| -)   97.15% 

-------------------------------------------------- 

False + rate for true ~D        Pr( +|~D)    0.00% 

False - rate for true D         Pr( -| D)   93.55% 

False + rate for classified +   Pr(~D| +)    0.00% 

False - rate for classified -   Pr( D| -)    2.85% 

-------------------------------------------------- 

Correctly classified                        97.16% 

--------------------------------------------------               
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---continue--- 

 

Logit predictive power 2007 

              -------- True -------- 

Classified |         D            ~D  |      Total 

-----------+--------------------------+----------- 

     +     |         1             0  |          1 

     -     |        28           936  |        964 

-----------+--------------------------+----------- 

   Total   |        29           936  |        965 

 

Classified + if predicted Pr(D) >= .5 

True D defined as y != 0 

-------------------------------------------------- 

Sensitivity                     Pr( +| D)    3.45% 

Specificity                     Pr( -|~D)  100.00% 

Positive predictive value       Pr( D| +)  100.00% 

Negative predictive value       Pr(~D| -)   97.10% 

-------------------------------------------------- 

False + rate for true ~D        Pr( +|~D)    0.00% 

False - rate for true D         Pr( -| D)   96.55% 

False + rate for classified +   Pr(~D| +)    0.00% 

False - rate for classified -   Pr( D| -)    2.90% 

-------------------------------------------------- 

Correctly classified                        97.10% 

 

 


