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Abstract 

The purpose of this paper is to investigate the debate regarding the ability of market and accounting 

based risk measures to predict credit events such as the bankruptcy of a financial institution. 

Specifically, literature suggests that accounting measures include information regarding past 

performance of banks and don’t have a predictive ability, something that makes the periodical 

reformulation of accounting methods necessary. On the other hand, market prices are used to 

predict expected cash flows and consequently can be more suitable for forecasting. Using a sample 

of 18 European and American banks during the period 1995-2015 the paper tries to investigate the 

relation between market and accounting based risk measures and their relationship with the default 

probability of banks. The results underline the utility of combining accounting and market based 

risk measures in distress prediction models for banks and that accounting based risk measures 

provide an important economic benefit over the market based risk measures. 
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   1. Introduction 

 

 

There is a debate among analysts and academics regarding the ability of accounting and 

market based risk measures to predict the default of an entity. The banking sector uses accounting 

and market based risk measures for the assessment of its financial condition. The purpose and the 

conditions on which the accounting or market based measure is applied, define which of the two 

measures is more appropriate. Specifically, if a regulator wants to evaluate the economic health of 

a bank, the accounting risk measures are more appropriate than market based risk measures. On 

the other hand, the beta of a bank, which is a market based risk measure, is the most effective 

measure for an investor who wants to use a bank stock in his/her portfolio. Nevertheless, the 

economic conditions can influence the accounting and market based risk measures in a different 

way and their significance isn’t constant over time.  

 A great number of papers discovered an important relation between accounting and market 

based risk measures in the US. However, the managerial control, banking composition, regulation, 

capital requirements and market framework are different between countries. All these differences 

can influence the risk management of a bank and consequently the relation between market and 

accounting risk measures. Furthermore, the economic environment makes the estimation of default 

probability to be used as significant tools, in order to ensure the stability of the economy. The 

Basel II rules obliged regulators to make more sufficient forecasts for bankruptcy. The capital 

reserves of banks are estimated with the use of models that calculates the default probabilities.  

 The financial world is an interconnected system and in a financial crisis a shock event has 

the ability to transmit and have negative consequences to global financial stability, something that 

emphasizes the fragility of the banking sector. As we can see in the real world, the banking activity 

is growing and gives the chance to banks to become too big and simultaneously too vital for the 

financial stability.  

The crisis of 2008 created new elements in the relation between systemic risk and the 

banking sector. The consequences of systemic risk extend at national and international level. 

Specifically, systemic risk can affect not only a firm because it causes financial barriers but also 

other financial institutions and consequently all the financial system. The financial system is 
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sometimes characterized as flawed and the presence of systemic risk causes additional problems 

in the entire economy. The banking sector plays a vital role in the economy and its vulnerability 

can create a concern about the solvency of other banks and can prompt a systemic banking crisis. 

First of all, it can decrease the solvency of a bank. Consequently, the banking system loses its 

confidence and bank runs can occur. Moreover, systemic risk can lead to the ineffective 

distribution of loans to a large number of borrowers who may face problems financing their 

liabilities, so it is vital that banks continue finance them. Also, a decrease in investments and in 

asset prices can be observed, because the banking sector will increase interest rates due to systemic 

risk. It is very difficult to recapitalize the banking sector, something that leads to the rise of 

financing costs, and the vulnerability of banks can make the measures of the central bank 

inefficient.  

Consequently, the crisis of 2008 emphasizes the lack of adequate risk management models. 

Specifically, the banks need to structure probability of default models with the purpose to provide 

them valuable information about the conditions of the corporate sector, macro environment and 

accessibility and accuracy of data. 

One way of assessing banks’ default probabilities is the Merton model. The Merton model 

highlights that the common stock of an entity can be considered a call option on the entity’s assets. 

If the assets of the entity are valued less than the face value of the debt at maturity, the firm goes 

bankrupt. Also, shares are traded in a daily basis and an assessment model that focuses on equity 

prices can provide asset valuations that are more credible than the models that are based on 

accounting data. An assessment model based on equity may lead to more reliable default forecasts. 

While the market based methods are attractive, they don’t give the reasoning behind managerial 

risk decisions. Many analysts believe that other similar market based models bring in a superior 

probability of bankruptcy statistic. Also, investors use more structural models similar to the Merton 

model of the default probability of public companies. 

Although, the market based risk measures are more popular, accounting based risk 

measures play a significant role in the forecasting of distress. If markets are not efficient in a 

perfect way then the market based risk measures may not capture the information regarding the 

default probability. Furthermore, a lot of companies that are privately held use accounting base 

risk measures to calculate the probability of default. Taking into consideration the relevance of 
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accounting based risk measures in the pricing of default risk, highlights the significance of 

accounting based risk measures. 

Moreover, one of the most useful measures of default risk comes from the credit default 

swaps market, because CDS spreads are considered to be forward-looking and with which we can 

measure risk-neutral default probabilities. The CDS spread shows the probability of default of a 

firm. The counterparty risk in CDS contracts is a significant point in this analysis. First of all, in 

the situation where the seller of protection displays higher risk of default, a decline in the price of 

default insurance (CDS spreads) is observed, if the two defaults manifest a correlation. 

Consequently, the CDS spread shows not only the probability of default of the issuer of the bond 

but also the risk of joint default with the seller of protection. Moreover, the analysis indicates that 

an expectation of an abrupt rise in the joint default probability of Lehman Brothers and Merrill 

Lynch was derived from the CDS markets more than a month before the weekend that both banks 

eventually collapsed. 

In the risk related literature, the difficulty in forecasting firm's default constitutes a constant 

problem.  There are well known risk models. First of all, the z-score model that uses accounting 

based variables and financial ratios to estimate the probability of default and is based on 

information that is derived from the firm's financial statements. On the other hand, there is the 

Merton model that is a market based model which recommends that one can combine a firm’s debt 

ratio with its asset volatility to forecast its default probability. However, there is a debate in the 

related literature about which of these measures, their combination or the inclusion of other 

measures like macroeconomic variables is better regarding their ability to forecast ‘true’ defaults. 

  The thesis will investigate the ability of the accounting based and market based risk 

measures to predict credit events such as the bankruptcy of a financial institution and attempt to 

answer the following research question:  

RQ: Do market based risk measures are better predictors of bank failures than 

accounting based risk measures? 

Providing an answer to this investigation is important because the results of the thesis 

should be of relevance to investors, banks and regulators who need information about individual 

banks and try to develop tools of monitoring bank defaults. Besides understanding the importance 

of the prediction of bank failures, the results of this thesis could also provide insights into the 

debate about the ability of accounting based and market based risk measures to predict bank 
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default. Previous literature finds an association between the two measures but it is important to 

have empirical evidence on which one of the measures can predict a bank failure more effectively. 

The financial world is characterized of the plethora of connections among its components 

something that became significantly observable in the financial crisis. Credit shocks can have the 

ability to influence the economic consistency of markets and institutions. For this analysis, a vital 

part is the banking sector because the banks play a significant role in financial intermediation and 

have highly leveraged operations. In the previous literature, there are several accounting and 

market based tools that achieve to measure and monitor systemic risk and the default of the 

financial institutions but not accurately predict the default of banks. This thesis aims to contribute 

to the literature by examining the ability of risk measures to predict bank failures and 

simultaneously investigating which measures (accounting or market based) present the most 

effective, predictive ability, something that improves the literature and is very useful for central 

banks and supervisory agencies. 

Related literature shows some significant differences between accounting and market based 

risk measures. First of all, accounting variables fail to include a vital factor for the probability of 

default, the stock market. The market based risk measures give additional information about the 

default of a firm to accounting measures. Moreover, accounting based risk measures include past 

performance of the firms and they don’t have the ability to predict the future. Also, the accounting 

measures don’t have the ability to predict bankruptcy because of their formulation. Specifically, 

they are based on an assumption that the firm will not default. On the other hand, the market based 

risk measures are more accurate to predict future cash flows and consequently defaults. While the 

market based risk measures are more effective than accounting based risk measures, accounting 

measures can give additional information to market based measures and together have the capacity 

to describe the default probability because they are risk measures. 

 My sample contains 15 major US and European banks such as bank of America, Barclays 

and Banco Santander and 3 bankrupt banks that are Lehman Brothers, Bear Stearns and Merrill 

Lynch. The probability of default depends on accounting and market based risk measures. 

Specifically, the accounting risk measures are the profitability, leverage and earnings variability 

ratio and the market based risk measures are equity returns, equity volatility, market capitalization 

to total debt and size of the banks. I will define the probability of default similarly to Merton. In 
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this model, the default probability of a bank can combine the asset value volatility with the debt 

ratio to forecast the default probability. The paper calculates the default probability as the normal 

distribution function of the distance to default measure. The distance to default is calculated as a 

function of firm asset value, asset volatility, estimated asset growth and time to maturity of a zero 

coupon bond issued by the firm. The results of the default probability regressions suggest that the 

combination of accounting and market based risk measures has the ability to improve the 

prediction of default probability of the banks. 

The rest of the paper is organized as follows. Section 2 discusses the literature review about 

the predictability of market and accounting based risk measures and the hypothesis development. 

Next, section 3 discusses the methodology that will be implemented and section 4 mentions the 

data sources required to compute the default probabilities and the market and accounting risk 

measures. Section 5 shows the statistical characteristics of the sample. Section 6 presents and 

discusses the results and section 7 discusses any possible limitations or shortcomings related to the 

implementation and the expected results. Finally, section 8 concludes. 

 

 

      2. Literature review and hypothesis development 

 

There are three basic credit risk models: Altman's (1968) z-score model and Ohlson (1980) 

o-score which are accounting based models and Merton’s (1974) that is a market based model. 

The first model uses accounting based information to define the relation between the probability 

of default and a number of financial ratios. Specifically, the z-score for a bank is estimated with 

the following equation: 

                                      Z= 1,2x1 + 1,4x2 + 3,3x3 + 0,6x4 + 1,0x5 

The variable X1 is the working capital/total asset, the variable X2 is the retained 

earnings/total assets, the variable X3 is the earnings before interest and taxes/total assets, the 

variable X4 is the market value of equity/total assets and the variable X5 is the sales/ total assets. 
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This equation changes separate values of the variables to a single z value. The financial 

institutions that use the z-score may alter the values of the weights of the ratios in the equation 

contrary to the bankruptcies of their portfolios because they want to achieve a better score. For 

example, the best approach for the banks to alter the weights of the ratios is the maximization of 

the difference between the average score of bankrupt and not bankrupt borrowers. Altman’s 

model demonstrates that it can be accurate in the forecasting bankruptcy in 94% of cases, failure 

can be predicted two years prior to the actual event and the accuracy decreases after the second 

year. 

Ohlson (1980) provides four fundamental determinants that have the ability to influence 

the probability of default. These factors are: the size of the firm, a variable of the financial 

structure, a variable of performance and a variable of current liquidity. The Ohlson o-score model 

is derived from a nine factor linear combination of weighted ratios. 

 

T= -1,32 -0,407log (ΤΑt/GNP) +6,03 (ΤLt/TAt) -1,43(WCt/TAt) +0,0757(CLt/CAt)         -

1,72Χ -2,37(NIt/TAt) -1,83(FFOt/TLt) +0,285Y -0,521 (NIt – NIt-1)/ (|ΝΙt| + |NIt-1|) 

Where: TA is the total assets, GNP is the Gross National Product price index level, TL is 

the total liabilities, WC is the working capital, CL is the current liabilities, CA is the current assets, 

X is 1 if TL> TA, 0 otherwise, NI is the net income, FFO is the funds from operations and Y is 1 

if there is a net loss for the last 2 years, 0 otherwise. 

  Merton’s model (1974) provides a dissimilar approach. This approach can combine the 

asset value volatility with the debt ratio to forecast the default probability. This model constitutes 

the basis of most credit risk models. Specifically, Merton’s model considers equity as a call option 

on the assets of the firm with a strike price equal to the face value of the firm’s liabilities. The 

probability of failure is the probability that the call option will expire worthless, or that the worth 

of the firm’s assets is less than the face value of the firm’s debt at the end of the holding period. 

The paper calculates the default probability as the normal distribution function of the negative 

value of distance to default measure. The distance to default is calculated as a function of firm 

asset value, asset volatility, estimated asset growth and time to maturity of a zero coupon bond 
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issued by the firm. The value of equity is related to the market value of the entity and the equity 

volatility is related to historical equity volatility or implied volatility from equity options. 

  Agusman, Monroe, Gasbarro, Zumwalt (2008) display that the decision for the risk 

evaluation between market and accounting measures is based on the conditions and on its 

objective. Specifically, if a well-diversified investor includes a bank stock in his portfolio, the most 

suitable risk measure is the beta, while when a bank modulator wants to evaluate the financial 

stability of a bank, accounting measures are more appropriate for this assessment. Also, the impact 

of these measures can be dissimilar because of the economic environment and their significance 

can change over time. The connections between accounting and market based risk measures are 

assessed for Asian banks by Agusman, Monroe, Gasbarro, Zumwalt and show that the standard 

deviation of the pretax return on assets and the loan loss reserves to gross loans ratio are 

significantly connected with total return risk. Furthermore, the loan loss reserves to gross loans 

ratio and the gross loans to total assets ratio are related with idiosyncratic risk. The output displays 

that the enterprise risk is more significant than systematic risk for the Asian banks and that the 

accounting measures describe an essential part of capital market risk.  

Beaver, Kettler and Scholes (1970), show that accounting based measures use the volatility 

of earnings in order to substitute for variability of returns. Accounting measures include systematic 

and individualistic risk components. If these components have positive correlation, the accounting 

measures can be used as substitutes for measuring systemic risk. Additionally, the accounting risk 

measures are enclosed in the market-price based risk measures and can be used to decision-settings 

when the market based risk measures are not accessible. Moreover, accounting numbers can be 

effective predictors for enterprises with either very high or very low systemic risk while the 

connection between accounting numbers and beta can vary depending on the level of risk. The 

analysis of Beaver, Kettler and Scholes (1970) contradicts the implication that systemic risk is not 

positively associated with growth variables. In other words, accounting based growth variables 

can be representative for a number of omitted economic variables that are related to systemic risk.  

 Gonedes (1973) displays that the market for stock, bonds and other securities can be 

characterized as efficient because new information is incorporated into market prices quickly and 

consequently market prices provide all the additional information. The question is if these 

information are incorporated in accounting variables as well. Specifically, if a part of regulation 
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has economic impact, the consequences that are derived from this part might be incorporated into 

market prices. On the other hand these consequences cannot be impounded in accounting measures 

because of the backward looking characteristic of accounting numbers. Nevertheless, there is a 

continuous interaction between financial events, impounded in market prices and accounting 

variables. Also, there may be a connection between the information reflected in market prices and 

that reflected in accounting measures. The accounting numbers are regarded to be informative 

about market conditions if we consider markets to be efficient. The author however concludes that 

the information reflected in security prices isn’t incorporated in accounting variables. This 

contradicts the results of the Beaver, Kettler and Scholes paper basically due to a different 

estimation sample. 

 

Das, Hanouna and Sarin (2009) find with the use of CDS spreads that a model of default 

with the use of accounting numbers is as effective as market based models. Credit Default swaps 

are derivatives that can provide security in firms that are not capable to repay their debt. CDS can 

be used as an effective measure of risk of failure because they can be used as hedging instruments 

with which investors can withstand risk. Moreover, a model that uses accounting and market based 

variables is more effective than the models that use accounting and market based variables 

separately. Both models are supplementary in default. Although, the market based risk models are 

famous, accounting variables play a significant role in forecasting default. Specifically, Enron 

underlines the hazards that have to do with market information. The market based model showed 

that when the stock price of Enron started to drop, the probability of default of the market based 

model raised while the downgrading of the Enron’s debt took place some days later. Nevertheless, 

when the stock price of Enron was high, the probability of default given by the market based model 

was lower than the estimations of credit rating agencies. Furthermore, several companies are 

privately held and consequently the use of accounting numbers in the calculation of the probability 

of default is essential. CDS spreads play a key role in this analysis because they give the 

opportunity to have both cross-sectional and time-series credit quality information. Also, CDS 

spreads have the ability to show how markets perceive failure and include not only the default but 

also the recovery rate perspectives of a company’s distressed debt. Finally, CDS spreads aren’t as 

sensitive to tax and liquidity as corporate bond spreads. CDS spreads give a credible measure of 

default risk because they are the repayment that market participants require for taking that risk. 
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The paper concludes that models of distress that use accounting numbers have the ability to predict 

better default with the use of CDS spreads and have similar illustrative power to market based 

numbers. Additionally, a model that combines accounting and market based variables can predict 

default more effectively. Das, Hanouna and Sarin (2009) conclude that accounting variables have 

a benefit over market variables because they can be used to express the quantity of credit risks for 

entities that do not have traded. Also, rather than considering accounting and market based 

numbers as substitutes, they should be considered as supplementary in the forecasting of credit 

spreads.  

 

 

Tinoco and Wilson (2013) show that we can measure market volatility directly with the use 

of market based variables that play a vital role in the prediction of default risk, something that isn’t 

included in financial statements. Moreover, the authors display that the use of data that vary over 

time that reflects macro-economic changes is significant and give a progressive aspect in this 

procedure. Hosmer and Lemeshow (1980) find that a model that includes market, accounting and 

macroeconomic variables is a sufficient model in relation to the accounting model or accounting 

model with macroeconomic variables. 

Xin Huang, Hao Zhou and Haibin Zhu (2009) illustrate that an important difference 

between accounting and market based measures is that the accounting tools are based on the 

balance sheet or accounting information that may be accessible on a quarterly or longer time 

horizon, something that causes considerable lag in the reports while the market based measures 

are based on information that are available in a daily basis. Also, the market based measures do 

not include information related to past performance as the accounting based measures do. 

Consequently, market based measures may be more preferable in estimating a firm’s or an 

institution’s default probability. 

Pieter Elgers (1980) shows that financial accounting numbers have two advantages: the 

recognition of overvalued or undervalued securities and the forecast of beta. As a result, the analyst 

has the opportunity to beat the market and gain abnormal returns. Consequently, the investor has 

the chance to review or retain the risk of her/his portfolio. A significant part of the research shows 

that financial accounting data don’t have the ability to help investors gain high abnormal returns 

and the securities market is efficient, meaning that public information is rapidly reflected in 
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securities prices. On the contrary, another part of research suggests that financial accounting 

numbers can be used for the forecast of beta. This prediction has the ability to assist investors 

restrict the adjustment costs of their portfolio in their attempt to attain a target level of portfolio 

risk. The beta is defined by the features of the company and their connection with the economy. If 

accounting numbers can be used to depict the features of enterprises that influence systemic risk 

and the each company’s systemic risk contribution is considered to be stable, then it is 

comprehensible that forecasts of beta that relied on accounting numbers will be more reliable to 

forecasts that based on market data. The investors with the use of accounting numbers as 

considerable factors of beta can perceive errors in the calculation of beta. Elgers (1980) suggests 

that accounting numbers can’t be considered a more reliable predictor for risk than market data. 

The connection of accounting variables and beta is dissimilar among different firms and time 

periods. 

 Agarwal and Taffler (2008) show that accounting based measures are built with the use of 

accounting ratios. The weighting of the ratios is based on the number of bankrupt and non-bankrupt 

firms in the sample. Also, the accounting statements that are the basis of these models show some 

drawbacks: first of all the accounting statements indicate the firm’s past performance and might 

not be instructive in the prediction of the future. Additionally, a difference between the true asset 

values and the recorded book values may exist because of conservatism and historical cost. The 

management can misstate the accounting numbers and finally, while the accounting statements are 

produced on a continuous basis, they don’t have the benefit to forecast a bankruptcy. On the other 

hand, market based models can give a more accurate approach and many papers use these models 

for the prediction of bank and firm failures.  

The difference between the accounting and market based models is that the latter give a 

theoretical model for failure of enterprises and banks. Furthermore, stock prices can incorporate 

all the information that are included or not in the accounting statements, and the accounting 

strategy of individual banks and firms cannot impact the market variables. Also, market prices are 

used to predict expected cash flows and consequently can be more suitable for forecasting. Last 

but not least, the output of market based models is independent from time and sample. Moreover, 

Agarwal and Taffler (2008) conclude that whilst the z-score approach (accounting based model) 

is marginally more precise, the difference between the accounting and market based risk models 
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is not statistically significant. In addition, when a financial institution uses the z-score approach, 

will perceive remarkably higher risk adapted earnings, gains, return on capital and return on risk 

adjusted capital than a bank that uses a market based model. The two different approaches can 

include vital information about bankruptcy but neither approach comprise the other. These results 

can prove that the accounting risk model isn’t subordinate to the market based model for credit 

risk appreciation.  

   Bildersee (1975) shows that beta may be a preferable measure of risk and specifically a 

measure of asset risk when the asset belongs in a portfolio of a number of assets. Beta can be 

characterized as a measure of systematic risk. Also, it includes information regarding securities 

and incorporates the systematic risk related with the security. Furthermore, beta is an effective and 

alternative market based method to measure risk comprising corporate accounting data. 

Consequently, the accounting numbers are regarded a combination of events and decisions of the 

firm. These numbers include all the essential information about the total risk related to the 

company and to securities associated with the company. As a result, with this method there is a 

relation between the beta and the accounting numbers.  

 Although, the accounting numbers can be constituted as a significant source of information 

about the asset risk and the consequences of the choices of the company’s management, they are 

not the only source of this information. The management choices and the effects of these choices 

are important determinants of firm’s risk. Furthermore, the data that result from firm’s decisions 

that include a prediction of the future of the company and economy are capable to add to the 

method a forecasting aspect. The use of non-accounting variables in this procedure has some 

advantages. First of all, the use of non-accounting data helps us comprehend the effect of corporate 

events in different types of risk that companies try to handle, by the capacity to convert one type 

of performance measure to another. Furthermore, the use of market variables that have a relation 

with specific events gives the opportunity to include supplementary factors like management 

forecasting that facilitate the investment analysis. In addition to accounting variables which are 

used to evaluate the events related to their dollar value, it is more appropriate to adopt information 

systems with the use of new aspects that can entail new perspectives of information. Bildersee 

(1975) illustrates that accounting processes aren’t regulative and often produce biased results while 

the market systems aren’t affected by accounting systems and can produce prices that are derived 
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from unbiased estimations. Specifically, conservative accounting variables can’t reflect the true 

current situation and status of the firm. The great number of accounting approaches means that 

there are a lot of ways to report new information. The accounting procedure of a company displays 

a drawback because the accounting numbers that are published for every enterprise also comprise 

alternative methods to the measurement of mergers, acquisitions and capital structure changes in 

ways not automatically clear to the public.  

 Li and Miu (2010) show that market based measures are more accessible and credible for 

large debtors. Consequently, financial institutions give more attention to market based measures 

when they want to estimate the probability of a credit event of large debtors. Also, accounting 

measures include past performance of the banks and don’t have future predictive ability, something 

that makes necessary the reformulation of accounting methods periodically, (Mensah, 1984). 

Moreover, accounting data are not that capable to predict default because they are structured to 

describe the financial position of a bank with the assumption that it will not display default, 

Hillegeist et all (2004). On the other hand, market based measures are more effective to predict 

future cash flows and consequently bankruptcy. Li and Miu (2010), illustrate that not only the 

market based but also the accounting risk measures can be useful and effective in the prediction of 

default because both can be characterized as risk measures and have the ability to describe the 

default probability. The level of the probability of a credit event plays a significant role in the 

importance and effectiveness between the market and the accounting based risk measures. The 

authors of the paper combine the accounting and market based risk measures to create a hybrid 

default prediction model and conclude that the market based models are better and more effective 

predictors of default in those firms that have high credit risk and they will be more precise by 

putting more weight on the distance to default and reducing the weight of the accounting variables. 

 Hillegeist et all (2004) show that the theoretical framework of option pricing constitutes 

the starting point of the differences between market and accounting based risk measures. Theory 

based on Black and Scholes (1973) and Merton (1974) illustrates that a call option with the same 

worth as the assets of the company can represent a firm’s equity. The shareholders have the ability 

to decide when the call option can be exercised and when the enterprise is in the situation of default. 

When the company issues only zero coupon bonds, there is a higher probability of a default event. 

Specifically, when the value of the firm’s assets is lower than the value of liabilities, the company 
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isn’t capable to repay its debts and the firm needs the intervention of its debtors. The range between 

the worth of the assets and the face value of the liabilities is a significant factor in the existence of 

the above phenomenon. Consequently, accounting variables give no additional information about 

the probability of default when there is volatility in the market. Core and Schrand (1991) and 

Duffie and Lando (2001) are in contrast with the above conclusion and display that accounting 

numbers can give additional information when markets aren’t volatile. Specifically, the accounting 

information will be useful when the markets can’t perceive the exact worth of the firm’s value, the 

analysts can’t use financial reports to estimate the assets in a perfect way and finally when debt 

holders have the ability to push a default only after the infringement of an accounting based debt 

covenant. Duffie and Lando (2001) show that the incremental information about the probability of 

default can be produced from every accounting number that has relation with the worth of 

assets/liabilities. On the other hand, Core and Schrand (1991) distinct this relation only in the 

association of accounting numbers with debt covenants. The above analysis concludes that market 

and accounting based measures might give additional insights about the probability of default. 

Reisz and Perlich (2007) illustrate that accounting based risk measures are more applicable 

for short term default forecasts while market based risk measures are more effective for medium 

and long term default forecast. Also, the combination of an accounting based risk measure with a 

probability of default derived from a structural model can upgrade short term bankruptcy forecasts. 

However, the inclusion of an accounting measure to the probability of default derived from a 

structural model will not improve the long term bankruptcy forecasts.  

 Hillegeist et all (2004) deduce that there are many disadvantages that cause a lot of doubts 

about the effectiveness of probability of defaults that are derived from accounting variables. The 

probabilities of default are declarations about the possibility of situations in the future. On the 

other hand the financial statements are created to estimate past performance and may not be 

enlightening about the future of a company. Financial statements are created based on an 

assumption that entities will not bankrupt. Therefore, the accounting measures are not so credible 

and precise to estimate the probability of default because of their formulation. Furthermore, the 

accounting variables can cause the underestimation of asset values in relation with their market 

value. These characteristics of the accounting system will restrict the performance of accounting 

based risk measures. 
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  In default forecasts, volatility is a vital measure because it includes the possibility that the 

value of the entity’s assets will reduce in such a point that the company will not have the capacity 

to pay back its debt. Consequently, the probability of default is raising with volatility. Specifically, 

two different entities with the same leverage ratios can have dissimilar probabilities of default in 

relation with their asset volatilities. Thus, volatility is a significant omitted variable in the z-score 

model. 

 The stock market has the ability to give a different and more effective source of information 

in relation with the probabilities of default because it includes information not only from the 

financial statements but also from alternative sources. Although, the market based measures that 

give information about the probability of default are more effective, there is a problem about the 

extraction of the information regarding the probability of default from market prices. The option-

pricing models constitute a starting approach. 

 The option-pricing models have advantages in default forecasts because they can give 

instructions about the theoretical factors of default risk and they provide the essential conditions 

for the extraction of information regarding default from market prices. Moreover, the market based 

measures make the analysts more flexible in their study because the market based measures are 

created independently for any publicly traded company.  

 Furthermore, the market based risk variables transcend the accounting variables even after 

their reformulation to take into account the contrasts between industries/ markets or yearly 

changes. Although, the market based risk measures are superior to accounting measures, 

accounting based risk measures provide additional information to market based measures. 

Combined, these theoretical arguments lead to the following hypothesis:  

H1: Market based risk measures are better predictors of default for banks than accounting based 

risk measures. 

 The corresponding null hypothesis is that the accounting based risk measures have the same 

predictive ability than market based risk measures.  
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3. Methodology 

The purpose of this paper is to examine the ability of the accounting based and market based 

risk measures to predict credit events such as the bankruptcy of a financial institution. To achieve 

that I will use accounting and market based risk measures to compare their ability to forecast 

bank’s failure. My sample consists of 18 US and European banks. The 15 banks that are included 

in the sample are Banco Santander, JP Morgan Chase, Wells Fargo, Citigroup, Bank of America, 

Barclays, Morgan Stanley, HSBC, Bank of New York Mellon, Capital One, Deutche Bank, ING 

Groep NV, PNC, Royal Bank of Canada and Toronto Dominion Bank. Also, the sample includes 

3 bankrupt banks: Bear Stearns, Lehman Brothers and Merrill Lynch. Ι will further consider the 

estimation period to be from 1995 to 2015. I have chosen 1995 as the first year of my estimation, 

because I want to show the ability of market based risk measures to forecast a number of defaults 

before major financial crisis and to emphasize their difference with accounting risk measures. For 

these 20 years, I will calculate the default probabilities, which is the dependent variable, for each 

bank in the sample with the use of Merton model and I will use accounting and market based risk 

measures as independent variables. If the theoretical framework regarding the advantages of the 

market based risk measures is correct, I expect the market based risk measures to be better 

predictors of bank defaults than accounting based risk measures.  

 First of all, for the accounting risk measures I will use the profitability, the leverage and 

earnings variability ratio (Beaver, Kettler, and Scholes, 1970 and Jarvela, Kozyra, and Potter, 

2009). Specifically, the profitability ratio is a measure to evaluate a firm’s performance. This ratio 

shows the ability of a company to make a profit resulting from net income after the deduction of 

all costs and expenses relate to this income. The profitability ratio gives the opportunity to assess 

the capacity of a company to generate earnings and to compare it with other firms. 

                               Profitability ratio = Net Income/ Total Assets 

The next accounting risk measure is the debt to equity ratio. Specifically, the debt that the company 

uses to fund its assets. The leverage ratio shows the capacity of a company to meet its financial 

obligations. 

Leverage ratio = Debt/ Equity 
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The earnings variability shows the volatility of the earnings per share in a given time period and 

is measured by the standard deviation of the price to earnings ratio 

          EV= (∑ (𝛵
𝑡−1 Et/Pt-1 – [(Ē/P])2 /Τ)1/2 

 

Where                         Et / Pt-1 = 
𝑖𝑛𝑐𝑜𝑚𝑒 𝑎𝑣𝑎𝑖𝑙𝑎𝑏𝑙𝑒 𝑜𝑓 𝑐𝑜𝑚𝑚𝑜𝑛 𝑠ℎ𝑎𝑟𝑒ℎ𝑜𝑙𝑑𝑒𝑟𝑠𝑡

𝑚𝑎𝑟𝑘𝑒𝑡 𝑣𝑎𝑙𝑢𝑒 𝑜𝑓 𝑐𝑜𝑚𝑚𝑜𝑛 𝑠𝑡𝑜𝑐𝑘𝑡−1
 

 

                                                 Ē/P =(∑ Et / Pt − 1𝑇
𝑖=1 )/T 

 

As we can see, the earnings price ratio has a market term in the denominator. Consequently, 

this ratio can be characterized as a rate of return which consists of the income that is derived from 

accounting items and of the market value, something that makes the ratio to be relevant with the 

market rate of return.  

The market based measures that I will use are equity returns, equity volatility, market 

capitalization to total debt ratio (MCDT) and total size. First of all, the equity volatility is measured 

by the standard deviation of daily returns. The banks with higher volatility are riskier. In addition, 

the use of equity prices is significant for the model because they incorporate information regarding 

financial statement data and other publicly available information contributing to the market as a 

more effective processor of all information than accounting numbers and thus they have the ability 

to increase the accuracy of the model. Moreover, it is expected that equity prices will have a strong 

negative relationship with the default probability because the equity prices have the ability to show 

the expectations of investors for future cash flows and earnings. As a result, a high value in equity 

prices will decrease the default probability. We expect the coefficient of equity returns to have a 

negative sign in the default probability regression, showing that a great value of this measure 

should have a negative effect on the default probability of each bank. However, I used some 

assumptions about equity prices include all information that is related to default probabilities. 

Another assumption about the equity prices is that they will contain information that is related to 
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the financial situation and macroeconomic conditions and consequently, enhance the predictive 

power of the model. 

Moreover, a low market capitalization to total debt ratio shows that a bank’s decrease in 

value is near to financial distress or in the situation where the total debt overdraws the assets of 

the bank. Therefore, a higher market capitalization to total debt ratio should involve a lower 

probability of default. In contrast, a lower ratio should imply a higher probability of default. 

Specifically, in the situation where coefficient of this financial ratio has a negative sign in the 

default probability regression, this shows that when the value of this measure is high should have 

a negative effect on the probability of default of the bank. The last market variable is the size of 

the bank measured by its total assets. Agarwal and Taffler (2008) showed that the probability of 

default is the same as the probability that the call option will not be exercised in the BSM model, 

and the value of the assets is lower than the face value of the liabilities in the end of the exercising 

period. Thus, it is posited that a high value of the size measure relative to debt should involve a 

low probability of default. On the other hand, a small bank should have a higher probability of 

default, given a high level of debt. Specifically, I will expect for the coefficient of the size a 

negative sign in the default probability regression, indicating that a high value of this measure 

should involve a negative effect on the probability of bankruptcy of the bank. 

In the methodology that I will follow, I have to calculate individual bank’s default 

probabilities. Merton (1974), estimates the default probability as the normal distribution function 

of the negative distance to default measure. The distance to default is calculated as a function of 

firm asset value, asset volatility, estimated asset growth and time to maturity of a zero coupon 

bond issued by the firm. Another calculation of the default probability of the banks is that on the 

paper of Avesani et al. (2006) that estimates the default probability of a bank xi calculated as the 

probability that the value of the bank’s assets will fall below a certain threshold: Prob (yi < ȳ|M) = 

Q (t| M), where M is a set of common factors of the institutions’ default probabilities. Qi (t) is the 

cumulative risk-neutral default probability, that bank i will default before time t and is expressed 

as follows: 

                                                  Qi (ti ≤ t) ≡ 1-  𝑒− ∫ 𝜆𝑖(𝑢)𝑑𝑢
1

0                                          (1) 
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Where λi is the default intensity function of bank i. The default intensity λ is defined as the CDS 

spread S over a bond’s loss given default: 

                                                               λ = S/ (1- R)                                                  (2) 

Where R is the bond’s recovery rate in case of default.   

Nevertheless, this calculation for the default probability is not feasible for the whole sample from 

1995 to 2015 because the data for CDS were not available from 1995. This technique can be used 

only for the months that CDS are available but it is preferable to use a calculation for the entire 

sample. Specifically, the Merton model is more suitable for the estimation of the probabilities of 

default. 

 First of all, for the calculation of the default probabilities with the Merton model, it is 

necessary to identify the value of each bank and its volatility. Nevertheless, both the value of the 

bank and its volatility are not directly observable. Therefore, the model assumes that a bank’s 

value and volatility can be deduced from the value of equity and the equity volatility. After, this 

recognition, for the estimation of the default probability, the Merton framework deduces the face 

value of the bank’s debt from the market value of the bank and then divides this estimation by the 

volatility of the bank. The distance to default is used as input in a cumulative density function to 

estimate the probability that the bank’s value will be lower than the face value of bank’s debt. The 

market value of the bank is the value of bank’s debt plus the value of bank’s equity.  

 The Merton model is based on two significant assumptions. The first is that the banks value 

follows a geometric Brownian motion: 

     dV= μVdt + σvVdW                               (3) 

Where V is the banks value, μ is the average firm growth rate, σν is banks value volatility and dW 

is a stochastic Wiener process. The other significant assumption on this model is that the financial 

institution provides one discount bond with maturity in T periods. With these assumptions, the 

bank’s equity is a call option on the bank’s value with a strike price equal to the face value of the 

debt of the bank and a time to maturity equal to T.  

In the Merton model, the equity value of a financial institution satisfies the following equation: 
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                                           E = VN (d1) – e –rt FN (d2)                                    (4) 

 

Where E is the value of the entity’s equity, F is the face value of the company’s debt, r is the risk-

free rate, and N (d1) is the cumulative standard normal distribution function, d1 derived from the 

equation:  

d1 = ln (V/F) + (r + 0.5σV2) T/σV√𝑇                           (5) 

And d2 = d1 - σV√T. Equation 5 is the Black-Scholes Merton equation and provides the value of 

an entity’s equity as an equation of the value of the entity. Equation 6 includes the volatility of the 

value of the financial institution to the volatility of its equity. Based on Merton’s assumptions and 

from Ito’s lemma he firm’s equity volatility is expressed by the following equation: 

 

σΕ = (V/E) 𝜕𝐸/𝜕𝑉 σV                            (6) 

Where 𝜕𝐸/𝜕𝑉=Ν (d1) in the Black Scholes Merton model. Consequently, the volatility and the 

equity of the financial institution are specified as   

σΕ = (V/E) 𝑁(𝑑1) σV                              (7) 

In the Merton model, the value and the volatility of the equity of an entity are based on the 

equations 8 and 5. The BSM framework express the value of an option in relation with four 

variables: strike price, time to maturity, asset price, and the risk free rate and volatility that can be 

calculated. However, the market value of the asset is not directly observable, the entity’s equity is 

regarded as an option on the firm’s assets. Therefore, E is easy to calculated by the shares 

outstanding multiplied with the share price. Also, σΕ can be calculated but the σV, the volatility of 

the entity must be derived. 

Consequently, for the calculation of the default probability the following steps are 

necessary. The first step is the calculation of the volatility of equity from historical equity returns 

or from option suggested volatility data. The next step is the selection of a forecasting horizon and 

a variable of the face value of the bank’s debt. It is more common to use T=1 as a forecasting time 
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horizon and total liabilities as the face value of the debt of each financial institution. The last steps 

is to concentrate values of the risk free rate and the market equity of the bank. Finally, the total 

asset value and the volatility of the asset value of each financial institution. 

The distance to default can be estimated from the equation: 

DD = [ln (V/F) + (μ – 0,5σ2
V) T]/σV√𝛵                                (8) 

Where V is firm value, F is the face value of debt, μ is the growth rate of firm assets, σV is asset 

volatility and T is the time to maturity of a bond issued by the firm. The probability of default is 

then calculated as the normal cumulative density function of the distance to default: 

   N (-[(ln (V/F) + (μ – 0,5σ2
V) T]/σV√𝛵)) =N (-DD)                          (9) 

 

 

Beaver, Kettler, and Scholes, (1970) compute two separate regressions for accounting and 

market based risk measures to estimate the results of each of the 307 firms in the sample. Also, 

Lakonishok and Shapiro, (1985) examine the relationship between return and risk with the use of 

a prediction test. They estimate individual securities because of the decrease in efficiency in the 

case where data are grouped together, something that is supported by Litzenberger and 

Ramaswamy (1979). Consequently, I will run 18 regressions with the combination of market and 

accounting based risk measures. 

I will use the following OLS regression to estimate the results with a combination of market and 

accounting based risk measures in the following equation: 

Pr it (X) = α + β1PRit + β2Lit + β3EVit + β4ERit + β5MCTDit + β6EVit + β7Sit +β8 Dcrisisit + ε. (10) 

Where Pr it is the probability of default of bank i in year t. Dcrisisit is a dummy variable 

that stands for the crisis years. In 1990, a rapid growth of computer and internet firms was 

observed. These companies became larger in a very short time period and didn’t pay dividends to 

shareholders, something that gave the necessary mass for the capital gain tax cut to initiate the Dot 

com Bubble which lasted from 1999 to 2001. In figure 1 we can see the size of Initial Public 
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Offerings (IPOs) for every year since 1980, starting from a low level at the beginning of the 1980s 

to their highest level before the Dot Com Bubble: 

Figure 1: IPO PROCEEDS ($mil) 

 

Source: Thomson Reuters 

The financial crisis of 2007-2008 is known as the Global financial crisis and one of the worse 

financial crisis since the Great Depression. The consequences of this crisis were among others the 

default of financial institutions and banks and a global decline in stock markets. The financial crisis 

played a vital role in the default of companies that had a key role for the economy, a decrease in 

the financial and economic activity that led to the 2008-2012 global recession and to the European 

sovereign debt crisis. A decrease in credit availability and very low investor and banking 

confidence had negative consequences on global stock markets with great losses from 2008 to 

2009. In figure 2 we can see the percentage fall of real GDP from its pre-recession peak: 
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Figure 2: Real GDP, percent fall from pre-recession peak 

 

 

Source: Bureau of Economic Analysis, Bureau of Labor Statistics, Federal Reserve Flow of Funds. 

 

Consequently, the Dcrisis will be 0 for non-crisis years and 1 for crisis years. The crisis years 

correspond to 1999-2001 that are related to the dot-com bubble and 2007 and 2008 that are related 

to the financial crisis. 

 

4. Data sources  

Data are available through databases within the Wharton Research Data Services system 

to which the university library subscribes. To calculate the profitability ratio, the leverage ratio 

and the earnings variability ratio, I need data for debt, net income, total assets, and income 

available to common shareholders. These data taken from the Compustat database. For the 

estimation of the earnings variability ratio, I need data for the market value of common stock that 

consists of the share price at the end of each month multiplied by the number of shares outstanding. 

The market value for every bank in the sample will be derived from CRSP. Furthermore, for the 
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estimation of equity returns and equity volatility, share prices are necessary, derived from CRSP 

too. In addition, for the estimation of the size variable, total assets are necessary, obtained from 

Compustat database. In the Merton model, the estimation of distance to default and consequently 

the default probability needs data for five variables: share prices, the risk free rate, the time to 

maturity of the debt, the face value of the debt of every bank in the sample and volatility of share 

prices. The share prices and the market value of equity are derived from CRSP database for every 

of the 18 banks in the sample. The face value of the debt on the bank obtained from Compustat 

database. The 3-month Treasury bill is assumed to be the risk free rate of interest, obtained from 

the database of the board of governors of the Federal Reserve System  

 

5. Descriptive statistics 

 

Before the analysis of the results and the comparison between accounting and market based 

risk measures regarding their predictability on bank defaults, I will exhibit the statistical 

characteristics of the18 banks in my sample. The monthly returns of the 18 banks in the sample 

follow a distribution that is close to normal (skewness=0, and kurtosis=3) without the inclusion of 

outliers. I will show the equity returns distribution of HSBC and Bank of America indicatively 

because all banks in my sample are in a similar economic environment and have similar 

characteristics which affects their equity returns distribution. Figure 3 shows HSBC’s equity 

returns distribution. In the appendix, there are the histograms and descriptive statistics of all banks 

in the sample. 
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Figure 3: Histogram and Descriptive statistics of HSBC’s stock returns   

 

 

Τhere are some exceptions that follow a distribution with kurtosis greater than 3 and skewness 

smaller than 0, mainly because of the outliers in each return distribution. Figure 4 shows Bank of 

America’s equity returns distribution. 

Figure 4: Histogram and Descriptive statistics of Bank of America’s stock returns   
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Furthermore, equity volatility for all banks seems to follow a similar route with few exceptions. 

Specifically, volatility is higher for all the banks in the sample throughout the period from 1998-

2002 because of the dot com bubble and throughout the period of financial crisis 2007-2008. Figure 

5 shows the standard deviation of returns of Morgan Stanley. The figure depicts a high standard 

deviation of returns for Morgan Stanley after 1996. The highest equity volatility is throughout 

1999-2000 and during financial crisis. 

Figure 5. Morgan Stanley’s standard deviation of equity returns 

 

 

In the following figures (figure 6 and 7), we can see the variation of market and acounting based 

risk measures for 3 bankrupt banks, Bear Stearns, Lehman Brothers and Merrill Lynch, and for 5 

non bankrupt banks, Bank of America, Citigroup, Deutche Bank, ING, and Royal Bank of Canada 

from 1995 to 2015. These graphs show how the market and acounting based risk measures behave 

around the two crisis periods and from this analysis we could provide some evidence about which 

one of market and accounting  based risk measures predict bankruptcy better. 
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 Figure 6. market and accounting based risk measures for 3 bankrupt banks 

As we can observe,  the first three graphs show the accounting based risk measures for bankrupt 

banks from 1995 to 2015. The highest and the lowest values of leverage and profitability ratio 

respectively are throughout 1998-1999 and during the financial crisis. Although, the earnings 

variability ratio doesn’t display a great variation throughout the years, it has the lowest values 

throughout the financial crisis and the dot com bubble. 

Figure 6.1 Merrill Lynch, Lehman Brother and Bear Stearn’s leverage ratio 

 

Figure 6.2 Merrill Lynch, Lehman Brother and Bear Stearn’s profitability ratio 
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Figure 6.3 Merrill Lynch, Lehman Brother and Bear Stearn’s earnings variabilty  

 

 

 

 

 

The following diagrams display the market based risk measures for Bear Sterans, Lehman Brothers 

and Merrill Lynch. Specifically, Lehman Brother’s equity volatility takes the highest values during 

the dot com buble and the financial crisis. Equity returns display the lowest values in the same 

time periods.  For all 3 banks, market capitalization to total debt has the greatest value throughout 

1999-2000 but after that reaches unprecedented lowes until bankrupcy. The final market based risk 

measure, size, displays the lowest value during the dot com buble but after that loses its 

representativeness during the financial crisis. 
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Figure 6.4 Merrill Lynch, Lehman Brother and Bear Stearn’s equity returns 

 

 

Figure 6.5 Merrill Lynch, Lehman Brother and Bear Stearn’s equity volatility 
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Figure 6.6 Merrill Lynch, Lehman Brother and Bear Stearn’s market 

capitalization/total debt ratio 

 

 

 

Figure 6.7 Merrill Lynch, Lehman Brother and Bear Stearn’s size 
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Figure 7. market and accounting based risk measures for 5 non bankrupt banks 

The first three graphs show the accounting based risk measures for 5 non bankrupt banks (Bank 

of America, Citigroup, Deutche Bank, ING, and Royal Bank of Canada) from 1995 to 2015. The 

highest values of the leverage ratio are during the financial crisis and dot com bubble. Royal Bank 

of Canada has a very low, close to zero leverage ratio because it may uses equity rather than debt 

as a way to fund its liabilities. Moreover, as we can see all the banks in the graph have a similar 

variation in their profitability ratio with the lowest values during 2007-2008 and 2001. Finally, in 

the last diagram, most of  the banks have a very low earnings variability ratio and without great 

variations throughout the years while ING and Citigroup have the greatest values during 2008-

2009 and 2001. Consequently, we can observe that the leverage and profiatbility ratios may be 

more representative accounting ratios than the earnings variability. 

 

Figure 7.1 Bank of America,Citigroup, Deutche Bank, ING and Royal Bank of 

Canada’s leverage ratio 
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Figure 7.2 Bank of America,Citigroup, Deutche Bank, ING and Royal Bank of 

Canada’s profitability ratio 

 

 

Figure 7.3 Bank of America,Citigroup, Deutche Bank, ING and Royal Bank of 

Canada’s earnings variability 
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The following graphs show the market based risk measures for 5 non bankrupt banks from 

1995 to 2015. Most of banks follow the same variation in the equity returns and equity volatility. 

Specifically, they have the lowest and greatest values in equity returns and equity volatility 

respectively, throughout the dot com bubble and the financial crisis except for Citigroup that has 

the highest equity return and equity volatility in 2011. In 2010, Citigroup accomplished a profitable 

year since 2007 but after that it was one of the five financial institutions that failed in its stress 

tests, which meant that Citigroup didn’t keep enough capital to absorb huge losses in a financial 

crisis. 

Also, all the banks except for ING and Bank of America, have a very low and close to zero 

market capitalization to total debt ratio. ING and Bank of America’s market capitalization to total 

debt have the lowest values during 2008-2009 and 1998. The last market based risk measure, size, 

fluctuates in a similar way throughout the years for all banks. The lowest values of size are during 

the financial crisis and 1998. As we can see, we can conclude that the equity volatility may be 

more representative than the other market based risk measures.   

 

Figure 7.4 Bank of America,Citigroup, Deutche Bank, ING and Royal Bank of 

Canada’s equity returns 
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Figure 7.5 Bank of America,Citigroup, Deutche Bank, ING and Royal Bank of 

Canada’s equity volatility 

 

 

Figure 7.6 Bank of America,Citigroup, Deutche Bank, ING and Royal Bank of 

Canada’s market capitalization/total debt ratio 
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Figure 7.7 Bank of America,Citigroup, Deutche Bank, ING and Royal Bank of 

Canada’s size 

 

 

  

However, descriptive statistics alone do not allow us to make conclusions about the data or to 

deduce something about the hypothesis and the predictive ability of accounting and market based 

risk measures about the bank default. Based on figure 6 and 7 that show the variation of each of 

the market and accounting based risk measures around the two crisis period, we could highlight 

some interesting remarks regarding the research question of this thesis. Specifically, we can expect 

that leverage, profitability and equity volatility ratio may be more representative and specifically 

leverage and profitability ratio in comparison with equity volatility may be more illustrative in the 

prediction of bankruptcy. 

 

6. Results 

6.1 Calculation of default probabilities 
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First of all, the calculation of default probabilities for my analysis is necessary for each of the 

18 banks in the sample. In the Merton model, the equity values and equity volatilities are used for 

the calculation of market value of bank’s assets and their volatilities, which are not directly 

observable. In my master thesis I will use total assets values and asset volatilities derived from 

bank’s balance sheet data instead of the derived market value and volatility of every bank’s assets 

for the calculation of the marginal monthly default probability for each of the 18 banks in the 

sample. This is not in agreement with the Merton model, but all the banks in the sample are 

participating in the banking and financial sector and consequently it is expected the book value of 

their assets to be close to their market value, and consequently the majority of the assets in their 

balance sheet consist of marketable securities. Another assumption is that the forecasting horizon 

is 1 year. 

The marginal defaults probabilities for the 18 banks give a default estimation for each of the 253 

months from 1995-2015. From the default probabilities graphs, an increase in the default 

probabilities during 1998-2001 and 2007-2008 is observed. Figure 8 and 9 depict the Lehman 

Brother and Merrill Lynch’s default probability graphs that constitute characteristic examples of 

the above observation.  

 

Figure 8. Lehman Brothers Merton model default probabilities 
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Figure 9. Merrill Lynch Merton model default probabilities 

 

 

 

 The increase in the default probabilities during 1999-2001 and during the financial crisis 

have several explanations.  First of all, the dot com crisis and the financial crisis play a significant 

role in this increase. Specifically, the breakdown of Lehman Brothers in September 2008 caused 

negative consequences to the global financial system. 

 Another factor that is responsible for the increased default probabilities is the lack of 

regulation. The regulatory changes gave the chance to banks to buy risky financial instruments 

regardless of the capital requirements. Moreover, the regulation not only wasn’t able to prevent 

the crisis but it also assisted its outbreak because it didn’t create a mechanism where a bank would 

be able to bankrupt without causing negative effects to the whole financial system. In other words, 

regulation failed to constrain contagion of the transition of negative shocks throughout the 

financial system. Without being strictly regulated banks had the opportunity to invest heavily 

mortgage backed securities and other ambiguous securities. Figure 10 shows that banks created 

large amounts of money by making loans.  Specifically, in the last 7 years banks doubled the 

amount of money and of course their debt. 
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Figure 10: increasing amount of money created by banks the last 7 years 

 

Finally, the increased use of credit default swaps as insurance to a credit event may constitute a 

vital factor in the increase of the default probabilities. Commercial banks are the most active in 

the market and holds the biggest amount of CDS like JP Morgan Chase, Bank of America and 

Wachovia. Additionally, the CDS market is still largely unregulated market. Consequently, the 

contracts have the ability to be traded from trader to trader without anyone to ensure that the buyer 

is able to pay the losses if the security default. The situation became worse because of the huge 

trading volume of these instruments, the privacy of the trades and the lack of regulation. The nature 

of the credit default swaps market and CDS trading in general has impacted both the European 

sovereign crisis and the subprime crisis. If bond insurance becomes too costly or disappears, 

creditors will become more careful in evaluating the credit quality of borrowers.  
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6.2 Predicting default probability with market-based and accounting-based 

risk measures  

 In the following regression, the default probabilities are used as dependent variables 

with a number of independent variables that consists the market and accounting based risk 

measures. The present analysis includes the profitability ratio, the leverage ratio and the earnings 

variability as accounting measures and the equity returns, equity volatility, market capitalization 

to total debt and finally the size of every bank as market based risk measures. Table 1 Panel A and 

B exhibit the regression results of the marginal default probability regressions.  The method of the 

regressions is the Least Squares and the included observations for non-bankrupt banks are 253 and 

for bankrupt banks are 165. 

  Below in the Table 1 Panel B, there is the estimation of the marginal default probability 

regressions of two bankrupt banks, Lehman Brothers and Merrill Lynch. 

 The Lehman Brother’s default probability regression shows as that the coefficients of 

the leverage ratio, profitability ratio, equity volatility, market capitalization to total debt equity 

ratio and Dcrisis appear to be statistically significant. On the other hand the coefficients of equity 

returns, earnings variability and size aren’t statistically significant. Furthermore, the signs of the 

coefficients are not always in accordance to what theory would predict. Specifically, the market 

capitalization to total debt ratio although significant, appears to be positive, the opposite of what 

we would expect because a lower ratio implies a higher probability of default. The same holds for 

the size variable. A negative size shows that when the value of this measure is high should have a 

negative effect on the probability of default of the bank. However, it isn’t statistically significant 

and with a positive sign. Moreover, the equity volatility ratio is significant but with a negative 

sign, something that is in contrast with our expectations because the higher the volatility, the riskier 

the bank and consequently the higher default probability. The variables that captures the default 

probability effect correctly is the profitability ratio, Dcrisis and leverage ratio. The volume and the 

sign of the profitability ratio and the leverage ratio shows a strong negative and positive 

relationship between profitability ratio/ leverage ratio and the default probability respectively. 

Additionally, the crisis dummy variable is significant and appears to be positive, the same of what 

we would expect; a higher probability of default during crisis years. The figure 8 and 11 show the 
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negative strong relationship between the profitability ratio and the default probability. The default 

probability is greatest during 1999-2001 and 2007-2008. Additionally, the profitability has the 

lowest values in the same time periods.  

Figure 11. Lehman Brothers profitability ratio 

 

 

 

 As we can see in Lehman Brother’s default probability regression, accounting and market based 

risk measures are all statistically significant. As a result, we cannot conclude that market or 

accounting based risk measures are more effective predictors for default probability. However, we 

can conclude that the profitability and leverage ratio have a stronger relationship with the default 

probability than the equity volatility and the market capitalization to total debt ratio. 
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1. Table 1: regression results for Banco Santander, Bank of America, Bank of New York Mellon, Barclays, Bear Stearns, Capital One, Citigroup, and Deutche 

Bank.  

2. The values in parentheses are the t-statistic of each variable’s coefficient, indicating its statistical significance 
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TABLE 1 Panel B 

 

1. Table 2: regression results for HSBC, ING, JP Morgan, Lehman Brothers, Merrill Lynch, PNC, Royal Bank of Canada, Toronto Dominion Bank and Wells 

Fargo.  

2. The values in parentheses are the t-statistic of each variable’s coefficient, indicating its statistical significance 
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On the other hand, in the Merrill Lynch regression all the accounting and market based risk 

measures are statistically significant except for size. Additionally, in this regression also the signs 

of the coefficients are not always in accordance to what theory would predict. First of all, equity 

returns and crisis dummy have an opposite sign of what we would expect. Equity returns shows a 

positive relationship with default probability, something that reflects that they might include 

random information that is not relevant to the financial distress. Also, the dummy crisis coefficient 

has a negative sign while we expect a positive relationship with the default probability, something 

that indicates that the general increase in the default probability may be a general trend, irrelevant 

to the crisis years. The variables that are statistically significant and their coefficients with the 

expected signs are the leverage ratio, profitability ratio and equity volatility. In addition, R2 is 

82,57%, something that shows data are close to the fitted regression line. The accounting and 

market based risk measures in this regression are all significant and effective predictors of default 

probability. However, profitability ratio and leverage ratio present a stronger positive relationship 

with Merrill Lynch’s probability of default as we can observe on figure 9 and figure12. 

Figure 12. Merrill Lynch leverage ratio 
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Next, we can observe the marginal default probability for other non-bankrupt financial institutions 

in the sample, PNC and Barclay in table 1 panel A and B. 

The results are a bit different to the ones of the Lehman Brothers probability of default 

regression. As we can see, all the coefficients of market based risk measures of PNC are 

statistically significant and with expected signs. Equity volatility has a strong positive relationship 

with the default probabilities, something that we would expect because a bank that is more volatile 

has a greater probability of default. Furthermore, in PNC default probability regression, market 

capitalization to total debt has the expected negative sign because the lower the value of this ratio, 

the more likely it is for the bank to become insolvent and financially distressed. Additionally, in 

this regression, size has a negative relationship with the default probability but it is not statistically 

significant. However, not all the accounting based risk measures are significant. Specifically, the 

coefficient of leverage ratio is not statistically significant but it has the expected sign. However, in 

PNC regression we have a difference in the crisis dummy. It is not only statistically significant but 

also negative, the opposite of what we would expect, which is to have a higher probability of 

default during the crisis years. Finally, the R2 of the regression is 50,7% which means that the 

independent variables explain the variability in the default probability efficiently and significantly. 

For the PNC’s default probability regression we can observe that the market based risk measures 

are more effective predictors than the accounting risk measures. In the graph below we can see the 

PNC default probability and the equity volatility. As we can observe the default probability takes 

its greatest value during 2008-2010 in the period of the financial crisis. Also, the following diagram 

shows that the equity volatility has a strong relationship with the PNC default probability. As we 

can see on 2008-2010 during the financial crisis the equity volatility has the greatest value such as 

the default probability. As a result, equity volatility consists a powerful and consistent predictor 

for the likelihood of financial distress over time. 
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Figure 13. PNC Merton model default probabilities and equity volatility 

 

 

 

In the Barclay’s default probability regression, all the coefficients of market based risk 

measures are statistically significant, something that reflects that they are efficient predictors of 

default probability and with the expected signs, except for market capitalization to debt ratio that 

has a positive sign. However, the coefficients of the profitability ratio and the earnings variability 

ratio are statistically insignificant while the leverage ratio is significant and indicates a strong 

positive relation with the default probability as we expected. Also, the crisis dummy variable has 

again a negative sign. 

 In table 1 panel B, we can observe the results of Wells Fargo’s default probability 

regression. All the coefficients of the accounting based risk measures are statistically significant 

and with the expected signs and specifically, the leverage ratio reflects a strong positive 

relationship with the default probability. On the other hand, all the coefficients of the market based 

risk measures are not statistically significant. Market capitalization to total debt ratio is not 

statistically significant and with positive sign, something that we would not expect. The 

coefficients of equity volatility and equity returns indicate a strong positive and negative 
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relationship with default probability respectively. The coefficient of crisis dummy variable is 

statistically significant but shows a negative relationship with default probability. Although, in the 

Wells Fargo’s default probability regression, all the accounting based risk measures are efficient 

predictors of bank failures, the equity volatility has the strongest relationship with the default 

probability, something that we can see in the following graph.  

Figure 14. Wells Fargo Merton model default probabilities, equity volatility and leverage ratio 

 

 

 

In the ING’s default probability regression, all the accounting based risk measures are statistically 

significant with expected signs except for earnings variability. Furthermore, all the market based 

risk measures are statistically significant except for size. Also, the statistically significant market 

based risk measures don’t have the signs that we would expect. For this regression, we could 

conclude that the accounting based risk measures are better and more efficient predictors of bank 

failures than the market based risk measures. 
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Table 1 panel A and B exhibit the regression results of the marginal default probability 

regressions. As mentioned above, results tend to be mixed as far as the marginal default probability 

regressions are concerned. There is no consistency regarding any of the independent variables 

among different financial institutions. However, we can make some general remarks. 

 First, regarding the accounting variables, the only variables that are consistently 

significant and have a large negative and positive impact on the default probability respectively, 

are each institution’s profitability, which is, as previously mentioned, measured as the ratio of net 

income over total assets and leverage ratio which is measured as the total debt over equity. The 

earnings variability’s effect on the marginal default probabilities tend to vary considerably. One 

of the reasons that the earnings variability ratio doesn’t have a strong relationship with the default 

probability is that we have overinflated market values in recent years that have distorted the bank’s 

price to earnings ratio. Also, according to Beaver, Kettler; and Scholes (1970) the measure that we 

use for earnings variability may not be the best choice and may have had an impact on the results. 

 On the other hand, regarding the market based risk measures, the only variable that is 

consistently significant and has a strong positive relation on the default probability is the equity 

volatility. The striking result is that in many regressions, the effect of equity, debt and crisis 

variables on the default probability as measured by the Merton model is the opposite than expected. 

We generally expect the value of equity to be negatively related to the marginal default probability 

of each institution. There is however the case when inflated equity values may indicate that a stock 

is overvalued. This may lead to mass stock short sales and consequently a drop in market value, 

reasonably related with increases in the marginal default probabilities. The opposite stands for the 

crisis dummy variable. While we expect it to be positively related to increases in the marginal 

default probability, in most cases the opposite stands. This indicates that the general increase in 

the marginal default probabilities may be a general trend, irrelevant to the crisis years. This means 

that the default probability measure does not have to do with years that the economy was in a 

recession or high debt, and is attributed to other factors. There is, however, another possible 

explanation. If the model has a reasonable forecasting ability for the default probabilities, it is 

reasonable that the greatest increase in the probabilities of default is obvious just before the crisis 

years, and not during the crisis itself.  
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 Furthermore, equity returns and size are the variables that are not significant in most of the 

18 marginal default probability regressions. This suggests that equity returns are not significantly 

related with the default probabilities. That is something that is not expected, because equity returns 

play a significant role in the financial health of a bank. Also, the R2
 of most of the regression is 

high with few exceptions. One of them is Capital One’s default probability regression in which the 

R2 is really low (7,33%). This show us that there are more specific factors that affect the default 

probability of Capital One. Specifically, in 1995 Capital One began as a ‘monoline’ that means 

that the biggest part of its business was in credit cards. The attempt to remain a monoline has the 

effect to give to the bank more profitability in good times and less profitability in bad times. In 

2005, Capital one increased in size with subprime customers but during the subprime financial 

crisis Capital one ended its mortgage platform. These facts may be able to explain better the 

volatility of the default probability for Capital One. 

 It is really interesting to mention that if equation 1 with the combination of market and 

accounting risk measures is separated in two equations, one with only market based risk measures 

and one with only accounting risk measures the R2 of the default probability regression is really 

low. This situation indicates that the accounting and market based risk measures complement each 

other to predict the default probability of each financial institution. 

 The results of the 18 default probability regressions are mixed and we aren’t be able to 

conclude that the market based risk measures are better predictors than accounting based risk 

measures but we can highlight some interesting remarks. 

 

7. Limitations 

The estimation of default probability is a significant activity for risk managers and 

regulators. Consequently, there are a plethora of accounting and market based models that tries to 

predict default and to be more accurate and close to real default probabilities. However, the 

changes in macroeconomic environment and the fact that the financial world is an interconnected 

system and in a financial crisis a shock event has the ability to transmit and have negative 

consequences to the global financial stability, makes the prediction of the default of a bank more 

difficult and demanding. As a result, limitations can be observed in this analysis. Avesani (2006) 
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suggests a method for the calculation of the individual default probabilities with the use of default 

intensities. The default intensity is defined as the CDS spread over a bond’s loss given default. 

However, my time period includes years for which data for CDS are not available. Consequently, 

default intensities and default probabilities have to be estimated in a different way. 

 Another method for the estimation of the individual default probability is the use of the 

Merton model which calculates the default probability as the normal cumulative density function 

of the negative distance to default measure. Merton model is a market based model and very 

attractive but it lacks empirical performance. It has an advantage and disadvantage simultaneously. 

The most significant inputs are the market value of equity, the face value of debt and the volatility 

of equity. When the market value of equity decreases, the default probability rises. The condition 

in which the model works well is the situation where the model assumptions are met and 

simultaneously markets must be effective and efficient. The Merton model gives a way to 

understand why default probabilities are greater in the risk-neutral world than in the real world. In 

a risk-neutral world, the expected growth rate of the firm’s assets is the risk free rate. On the other 

hand, in the real world, the growth rate of the firm’s assets is greater regarding a risk premium 

demanded by the market. Thus, the probability of the value of the assets declining below the face 

value of the debt at a future time is greater in the risk-neutral world than in the real world. This 

model has two drawbacks. The first drawback is the assumptions of the model (all liabilities with 

maturity of one year, no safety covenants, bankruptcy triggered only at maturity and single class 

of zero coupon bond). The second drawback is the measurement errors. Specifically, value and 

volatility of assets are not observable. As a result, probability derived from the Merton model is 

not an adequate statistic for bankruptcy but a useful bankruptcy predictor. Moreover, in order to 

avoid the plethora of computations of the non-observable market value of assets and their 

volatility, I used the corresponding book values recognizing that the use of book values could bias 

results.  

 Another limitation of this analysis is the use of equity prices of the banks in the regression. 

First of all, equity prices might include random information that is not relevant to financial distress. 

Therefore, this might introduce noise to the sample and negative impact the accuracy of the model. 

In this analysis, I used the assumption that the equity prices have the ability to reflect all the public 

information regarding the expected future cash flows. Also, the equity prices include all the 
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information that is related to default probability. Another assumption about the equity prices is 

that they will move according to the financial conditions and macroeconomic information and 

consequently enhance the power of the model. 

 An inclusion of more control variables and macroeconomic variables to the default 

probability regressions could lead to results that are more robust. Specifically, a measure about 

inflation and a measure that captures the influences of the situation of macroeconomic environment 

in the default probability would play a significant role in this analysis because a high value of 

inflation which is the result of a weak macroeconomic environment rises the number of banking 

crises.  

 Finally, in my sample I include only 18 banks from Europe and America. The sample of 

this analysis doesn’t have the ability to generalize the results because it doesn’t include banks from 

all over the world. The data that are necessary for the estimation of the market and accounting 

based risk measures are not available for all the banks, something that makes the inclusion of 

others banks difficult. Moreover, it is very important to maintain a homogeneity of the sample so 

I tried to avoid the inclusion of very small banks. 

. 

 

8. Conclusion  

The purpose of this paper is to identify which of the market or accounting based risks measures 

are better and more effective predictors for bank default. In prior literature, many attempts have 

been made to support the superiority of market based risk measures over accounting and vice versa 

in the prediction of default probabilities of firms. The present paper tries to provide an answer to 

the debate between the accounting and market data as predictors of the default of banks and how 

are related regarding the forecasting of default probability. Consequently, this analysis is very 

useful to analysts, regulators and central banks to prevent the high costs that are related to a bank 

default. 

 I use the Merton model to calculate the default probabilities of 15 European and American 

banks and 3 bankrupt banks. Also, I select market and accounting based risk measures as 

independent variables in the default probability regression, which is analyzed in detail in the 
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methodology section. Specifically, the market based risk measures are equity returns, equity 

volatility, market capitalization to total debt and size of the bank while the accounting variables 

are profitability ratio, leverage ratio and earnings variability.  

 However, conclusions cannot be easily derived. The results from the default probability 

regressions are mixed and we aren’t be able to conclude that the market based risk measures are 

better predictors than accounting based risk measures but we can highlight some interesting 

remarks. Neither market based risk measures nor accounting based risk measures are proved to be 

statistically significant with the expected signs and consequently powerful predictors in all the 

regressions. However, profitability, leverage ratio and equity volatility have the ability to predict 

the default probability of the banks effectively throughout the years from 1995 to 2015. 

Furthermore, the combination of accounting and market variables in the default probability 

regressions shows that market and accounting variables complement each other. Although, the 

accounting based risk measures are criticized that are backward looking measures, they have three 

advantages. First of all, bank failure is not an unexpected event. The situations where banks with 

good profitability and great balance sheet numbers become bankrupt due to an unexpected change 

in the economic environment are rare. Bank default is the peak point of many years of negative 

performance, something that accounting based risk measures have the ability to capture it. Another 

benefit is that the loans covenants rely on accounting numbers and the accounting variables are 

more likely to include information about loan covenants. Finally, the double entry system gives 

the flexibility that a change in accounting policies will have a minimum effect on the measures 

that combine different views of accounting information simultaneously. Consequently, accounting 

based risk measures provide an important economic benefit over the market based risk measures 

and together have the ability to improve the prediction of default probability of every bank. 

 Furthermore, some suggestions for future research are necessary. First of all, the 

determination of other variables to which banks might react and the specification of their 

association with the accounting and market based risk measures. Another area for study is a further 

clarification that both accounting and market based risk measures fail to reflect the ¨true¨ default 

risk. Also, the variation of equity prices shows that the market is efficient so that information can 

be enclosed in prices quickly and in a way that is not biased. As a result, the existence of a bias of 
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the reported method that indicates an association with prices is necessary of further research 

because the reported methods are more visible than the unreported. 
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Appendix 1. Histograms and descriptive statistics of banks 

 Histogram and Descriptive statistics of Banco Santander’s stock returns   

 

 

 

 

Histogram and Descriptive statistics of Bank of America’s stock returns   
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Histogram and Descriptive statistics of Bank of New York Mellon’s stock returns   

 

 

 

 

Histogram and Descriptive statistics of Barclay’s stock returns   
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Histogram and Descriptive statistics of Bear Stearn’s stock returns   

 

 

Histogram and Descriptive statistics of Capital One’s stock returns   
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Histogram and Descriptive statistics of Citigroup’s stock returns   

 

 

Histogram and Descriptive statistics of Deutche Bank’s stock returns   

 

 

 

 

 



 

 

64 
 

Histogram and Descriptive statistics of HSBC’s stock returns   

 

 

Histogram and Descriptive statistics of ING’s stock returns  
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Histogram and Descriptive statistics of JP Morgan’s stock returns 

 

 

 

Histogram and Descriptive statistics of Merrill Lynch’s stock returns 
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Histogram and Descriptive statistics of Morgan Stanley’s stock returns 

 

 

Histogram and Descriptive statistics of PNC’s stock returns 
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Histogram and Descriptive statistics of Royal Bank of Canada’s stock returns 

 

 

 

Histogram and Descriptive statistics of Toronto Dominion Bank’s stock returns 
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Histogram and Descriptive statistics of Wells Fargo’s stock returns 

 

 

 


