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Abstract 

We examine the roles of idiosyncratic and systemic funding liquidity risks in bank 

failures. We estimate a discrete-time hazard model of bank failure using data of U.S. 

commercial banks between 1985 and 2004, and examine its out-of-sample forecasting 

performance between 2005 and 2011. The out-of-sample performance comparison 

shows this model outperforms typical bank failure prediction models. We find that 

systemic funding liquidity risk, as measured by the interbank interest rate spread, was a 

major predictor of bank failures in 2008 and 2009. This finding has important 

implications for the new international standards on liquidity risk management. 
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1. Introduction 

Since the seminal work of Diamond and Dybvig (1983) on liquidity risk and bank runs, a 

growing body of theoretical literature has underscored the systemic nature of liquidity risk and 

the important role of contagion in financial crisis. For instance, Diamond and Rajan (2001) 

examine the inherent link between liquidity creation and financial fragility, and how liquidity 

shortages and solvency problems can reinforce each other, leading to a contagion of bank 

failures (Diamond and Rajan, 2005). Allen and Gale (2000) emphasize financial fragility and 

systemic risk, showing that a small liquidity shock in one area could have serious repercussions 

for the entire economy.  

On the empirical side, recent studies have identified systemic liquidity disruptions in multiple 

short-term funding markets.1 Few empirical studies, however, have directly linked bank failures 

to both systemic and idiosyncratic liquidity risks. A recent survey by King, Nuxoll, and Yeager 

(2006) shows that most bank-failure-prediction models are built through a process that searches 

through a large number of accounting ratios. Although bank-specific liquidity measures are 

generally included in this search process, whether they are included in the final model depends 

on the outcome of the search process. Further investigations are therefore needed to understand 

the mechanism of how liquidity risk affects bank failures.  

                                                 
1 These disruptions include the collapse of  the asset-backed commercial paper (ABCP) market in 

2007 (Covitz, Liang, and Suarez, 2013), the run on the repurchase agreement market and the 

shadow banking system (Gorton and Metrick, 2010, 2012b, 2012a) and strains in the interbank 

market (International Monetary Fund (IMF), 2008, 2010).  In addition, Berger and Bouwman 

have found that banking crises in the United States have been preceded by periods of abnormal 

liquidity creation (Berger and Bouwman, 2009). 
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This paper bridges the gap between the theoretical literature of liquidity risk and the 

empirical literature of bank failure prediction. We explicitly model two underlying causes of 

bank failures: the insolvency and liquidity conditions. The insolvency condition indicates 

whether a bank’s liabilities exceed its assets, while the liquidity condition specifies whether a 

bank is unable to meet its liquidity obligation. Although most bank failures are caused by 

insolvency, serious liquidity problems can cause an otherwise solvent bank to fail under certain 

conditions (Diamond and Dybvig, 1983).   

Apparently, bank failure is a complicated process in which other factors, such as regulatory 

forbearance, government intervention, and other political considerations, can also play important 

roles. However, finding all possible factors affecting bank failure is an impractical goal. 2 

Therefore, we limit the scope of this paper to examining whether insolvency and liquidity risks 

can predict bank failures. Furthermore, regulators and policy makers do not act randomly. It is 

likely that insolvency and liquidity risks are among the most important factors that they have 

considered in their decision making process.  

In this model, liquidity risk contributes to bank failures through two channels. The first is the 

bank-specific channel, which differentiates between banks based on the quality of their liquidity 

risk management. For example, a bank with more rigorous liquidity risk management has less 

exposure to this risk. It is widely recognized that banks with more liquid assets and less 

dependence on wholesale funding have less exposure to liquidity risk (Koch and MacDonald, 

2003). Our model builds on this knowledge. The second channel is the systemic channel, which 

affects every bank in the market. For instance, a severe liquidity disruption in the market would 

                                                 
2 It is perhaps also impossible in any kind of empirical study, as one can always argue that there 

are missing variables in any specification of the empirical model.  
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cause difficulty to every bank (Diamond and Dybvig, 1983; Diamond and Rajan, 2005). While 

banks can enhance their individual liquidity risk management, no bank is completely immune 

from the systemic risk. Our model allows us to differentiate between the contributions of these 

two channels to bank failures. 

We estimate our model using data of U.S. commercial banks between 1985 and 2004 and test 

the model’s out-of-sample performance between 2005 and 2011. The empirical results show that 

our model outperforms typical bank failure prediction models. We also find that systemic 

funding liquidity risk was a major predictor of bank failures in 2008 and 2009.   

Our paper contributes to the literature in three aspects. First, by modeling the insolvency and 

liquidity conditions of bank failures, it allows us to estimate the predicted share of bank failures 

attributed to insolvency or liquidity risk. For instance, we find that more than 60% of the 

predicted bank failures in 2008 and more than 70% of the predicted bank failures in 2009 were 

attributed to liquidity risk.  

Second, our paper is among the first to incorporate systemic funding liquidity risk into an 

empirical bank-failure-prediction model. By explicitly modeling the bank-specific and systemic 

funding liquidity risk channels, we are able to estimate the contributions of these different 

channels in predicting bank failures. For example, we find that systemic funding liquidity risk 

was the major predictor of bank failures in 2008 and 2009, with about 60% of the predicted bank 

failures attributed to this channel. On the other hand, bank-specific funding liquidity risk played 

a very minimal role during the same period.  

Our last contribution is empirical in nature. One prominent feature of this paper is the 

emphasis on a model’s out-of-sample prediction performance. We do so by using the entire 

period of 2005–2011 for out-of-sample performance validation.  The sample period of our data 
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spans from 1985 through 2011, longer than most existing empirical studies, which typically 

cover a period of less than 10 years.3  The long sample period of our study allows us to employ a 

sample design that minimizes the correlation between estimation sample and validation sample.  

Furthermore, because of the short sample periods in previous studies, there is little variation in 

marketwide conditions among banks, which leads to the inaccuracy in estimating the effects of 

marketwide variables. In contrast, the long sample period in our study allows us to obtain a more 

robust estimate on the effects of marketwide variables.  

Our results have important implications for liquidity risk management under the Basel III 

global regulatory standards (Basel Committee on Banking Supervision (BCBS), 2010). The new 

standards aim at two complementary objectives: to promote the short-term liquidity resilience of 

banks by ensuring that they have sufficient high-quality liquid assets to survive a significant 

stress scenario over one month, and to promote resilience over a longer time horizon by forcing 

banks to fund their activities with more stable sources of funding. Our finding that the systemic 

funding liquidity risk was a major predictor of bank failures in 2008 and 2009 underscores the 

importance of systemic liquidity risk management. Correspondingly, regulatory requirements 

that target individual banks’ liquidity risk management while ignoring systemic funding liquidity 

risk could fail to enhance the safety and soundness of the banking system.  

The paper proceeds as follows. Section 2 reviews the related literature. Section 3 develops 

the model. Section 4 describes the data. Section 5 presents and discusses the estimation results. 

Section 6 concludes.  

                                                 
3 To the best of our knowledge, Moody’s RiskCalc™ 3.1 U.S. banks model uses the longest 

sample period (1986–2004) among existing studies.  
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2. Related literature 

Although liquidity is an intuitive concept, it does not have a precise definition. Since there 

are different interpretations of liquidity risk, it is necessary to clarify the concepts we use.  First, 

this study concerns a bank’s funding liquidity risk, which is defined as a bank’s inability to meet 

payment obligations in a timely and cost-effective manner. This risk can be the result of either 

the inability of a bank to obtain adequate funding to meet its cash flow and collateral needs 

without affecting its financial condition, or its inability to liquidate assets without significant 

losses because of inadequate market depth or market disturbances (Koch and MacDonald, 2003).   

Second, a bank’s funding liquidity risk is further divided into bank-specific funding liquidity 

risk and systemic funding liquidity risk.  Bank-specific funding liquidity risk is the consequence 

of an individual bank’s liquidity mismanagement. On the other hand, systemic funding liquidity 

risk affects every bank in the market. This division is similar to Allen, Carletti, and Gale (2009), 

who divide liquidity risk into idiosyncratic liquidity risk and aggregate liquidity risk. Recent 

theoretical studies emphasize the systemic nature of liquidity risk (Allen and Gale, 2000; 

Diamond and Rajan, 2001, 2005) and the link between short-term debt rollover risk and market 

freeze (Acharya, Gale, and Yorulmazer, 2011).  

Nevertheless, theoretical studies do not result in a generally accepted methodology for 

measuring either bank-specific funding liquidity risk or systemic funding liquidity risk. Although 

there are several indirect measures for bank-specific liquidity risk, each emphasizes a different 

aspect of funding liquidity risk and is subject to measurement errors (Koch and MacDonald, 

2003; Saunders and Cornett, 2011). The indirect measures of bank-specific funding liquidity risk 

can be divided into two major groups: asset liquidity and funding stability. Asset liquidity 

measures include net liquid asset ratio, current ratio, and government securities ratio. Funding 
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stability measures include brokered deposits ratio, core deposits ratio, and non-core funding 

ratio. According to this classification, the Basel III liquidity coverage ratio (LCR) is a measure of 

asset liquidity, while the net stable funding ratio (NSFR) is a measure of funding stability. Two 

recent empirical studies attempt to estimate bank-specific funding liquidity risk using bidding 

and borrowing rates of some European banks in repos with the European Central Bank (ECB) 

(Fecht, Nyborg, and Rocholl, 2011; Drehmann and Nikolaou, 2013). Unfortunately, these data 

are not publicly available and cover only a short time period.  

There is no commonly accepted definition of systemic liquidity risk. The IMF defines it as 

the risk of simultaneous liquidity difficulties at multiple financial institutions (International 

Monetary Fund (IMF), 2011).4 Since our focus is on a bank’s funding liquidity risk, we choose a 

simple measure on the interbank risk, the TED spread, as the measure of systemic funding 

liquidity risk. The TED spread is the spread between the three-month London offered interbank 

rate (LIBOR) and the three-month U.S. Treasury bills rate. Interbank spreads are widely used by 

practitioners and regulators to measure the stress in the interbank market.  

Another widely used interbank rate spread is the LIBOR-OIS spread, which is the spread of 

the three-month LIBOR over the three-month overnight indexed swap (OIS). One limitation of 

the LIBOR-OIS spread is that it is available only after 2001, so it could not cover our sample 

period of 1985–2011. There is usually very little difference between the TED spread and the 

                                                 
4 While there are other approaches of measuring systemic funding liquidity risk, there is very 

little empirical evidence to assess the merits of these different approaches. Bisias et al. (2012) 

provide a survey of 31 quantitative measures of systemic risk in the literature, and underscore the 

challenges in defining and measuring systemic risk. An earlier survey is De Bandt and Hartmann 

(2000).  
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LIBOR-OIS spread. Rodríguez-Moreno and Peña (2013), however, show that there was a 

remarkable difference between these two spreads during the recent financial crisis. They suggest 

that while both spreads reflect default risk5  and liquidity risk, the TED spread also contains the 

“flight to quality” effects. Since our focus is on measuring the overall stress in the interbank 

market, we do not need to differentiate between these subcomponents. 

The interbank spreads can be regarded as ex-ante systemic risk measures according to the 

taxonomy of Bisias et al. (2012), which can act as early-warning indicators to gauge the funding 

liquidity in the general market. Despite the recent controversy over the accuracy of LIBOR 

during the recent crisis, LIBOR is an important benchmark rate even during the crisis because 

many existing financial contracts use it as the reference rate. As a result, banks’ revenue and 

expenses are very sensitive to it.  In addition, these spreads are widely used by other researchers 

to study the financial crisis. For instance, Gorton and Metrick (2012b) use the changes in the 

LIBOR-OIS spread to measure counterparty risk in repo transactions, while Cornett et al. (2011) 

use the time variation of the TED spread as a measure of liquidity strains on the banking system 

in their study of liquidity risk management in the financial crisis.  

Most bank failure models are accounting-ratio models pioneered by Altman (1968). These 

models are typically built by searching through a large number of accounting-ratio variables 

covering capital adequacy, asset quality, earnings, liquidity, and sensitivity to market risk. 

Commercially successful models in this category include Zeta® and Moody’s RiskCalc™ U.S. 

banks model. Among recent studies, Berger and Bouwman (2013) employ an accounting-ratio 

model to examine how capital affects a bank's probability of survival and market share, while 

Jin, Kanagaretnam and Lobo (2011) examine the ability of selected accounting and audit quality 

                                                 
5 It is also called counter-party risk in Gorton and Metrick (2012b) and Cornett et al. (2011).  
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variables to predict bank failures.  

A second group of corporate default models comprises the structural models of default 

(Black and Scholes, 1973; Merton, 1974), which link a firm’s probability of default to its 

distance to default: a volatility-adjusted measure of firm leverage. Despite the successful 

commercialization by Moody’s KMV, these models suffer from the limitation that two key 

inputs of the model, the market value and the volatility of a firm’s assets, are not directly 

observed and have to be calibrated under certain assumptions.  As a result, only firms with 

publicly traded securities can be calibrated. Because as much as 95% of U.S. commercial banks 

are not publicly traded, few bank failure models are based on this approach. Contrasted with the 

structural models, the accounting-ratio models are also called the reduced-form models.  

Empirical tests on the prediction power of accounting-ratio and structural models are 

inconclusive. For instance, Hillegeist et al. (2004) find that structural models perform better than 

accounting-ratio models. On the other hand, Bharath and Shumway (2008) conclude that a firm’s 

conditional default probability is not completely determined by its distance to default. 

Furthermore, Agarwal and Taffler (2008) find that accounting-ratio models perform slightly 

better than structural models. 

The typical criticism against accounting-ratio models is that they lack a theoretical 

framework for determining the appropriate relationship between the dependent variable and the 

explanatory variables. While there is some truth in this criticism,6  there are also dangers when 

moving to the other end of the spectrum. Economists tend to be convinced that there is an 

underlying causality model to predict economic events. However, while such a “correct” 

                                                 
6  One tendency is to include every variable on the right-hand side of an equation without 

carefully examining the relationships among these variables.  
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causality model may exist, finding the “correct” causality model is an elusive task that few 

economists have ever achieved. The tale of the blind men and an elephant serves as a good 

metaphor for economists’ search for the “correct” causality model. In practice, we can never be 

sure about the “correct” underlying structure model.7 In that sense, the Lucas critique (Lucas, 

1976) is applicable to all econometric models, regardless of whether they are labeled as reduced-

form models or not. Nevertheless, econometric models are useful tools that help people make 

decisions. In the words of Box and Draper (1987), “Essentially, all models are wrong, but some 

are useful. However, the approximate nature of the model must always be borne in mind.”  

Economists have built both simple and complex models; all of these models are based on a 

number of “realistic” or “unrealistic” assumptions. These models should be judged by their 

ability to predict events rather than by the realism of their assumptions (Friedman, 1953).   

In observational studies, statistical analysis is a tool for association analysis rather than 

causality analysis. While it can associate predicting variables with the predicted variable through 

correlation, there is no claim of a causal link between the predicting and predicted variables. For 

instance, the Granger causality does not necessarily imply true causality. On the other hand, 

logical reasoning is an important component of any model development. In that sense, theories 

and logical reasoning regarding the potential causal relationship between the predicting and 

predicted variables can provide important guidance to model development (and our model is no 

exception). Nevertheless, it is important to remind that these causality links come from economic 

theories and assumptions, and they are not the direct outcome of statistical analysis.  

With these limitations in mind, we take a balanced approach in this study. Our model departs 

                                                 
7 According to Bisias et al. (2012), it is a “heroic assumption” to think one knows the correct 

structural model.  
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from existing accounting ratio models in one key aspect: We explicitly model two underlying 

causes of bank failures: the insolvency and liquidity conditions. Therefore, there are theoretic 

justifications for every explanatory variable included in the model and the relationship among 

these variables. To some extent, our model has addressed the “lack of theoretic framework” 

criticism regarding accounting-ratio models of bank failures.   

 

3. Econometric model 

We specify a dynamic discrete-time hazard model in which a bank’s hazard of failure ( , 1i tλ + ) 

consists of a component attributed to insolvency risk ( , 1i tU + ), a component attributed to liquidity 

risk ( , 1i tV + ): 

 ( ), 1 , 1 , 1exp  .i t i t i tU Vλ + + += +  (1) 

The hazard ( , 1i tλ + ) is the conditional probability that bank i  fails at time 1t +  given it has not 

failed at time t . Estimations and applications of discrete-time hazard model can be found in 

Kalbfleisch and Prentice (2002), Allison (1995),  Shumway (2001), Duffie, Saita and Wang 

(2007), and Duffie et al. (2009).  The hazard of failure is also called hazard, hazard function, 

hazard rate, failure rate, default intensity, or the conditional mean arrival rate of failure by 

different authors.  

Eq. (1) can be rewritten in the form of log hazard: 

 , 1 , 1 , 1 , 1log( )  .i t i t i t i th U Vλ+ + + += = +  (2) 

Bank failure is a complicated process in which other factors, such as regulatory forbearance, 

government intervention, and other political considerations, may also play important roles. 

However, the scope of this paper is to examine whether insolvency and liquidity risks can predict 

bank failures, rather than finding all possible factors that affect bank failure. Therefore, we do 
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not consider other factors in our model. Therefore, our model is subject to the unobserved 

heterogeneity of omitted variables (Allison, 1995, 1999; Horowitz, 1999; Deng, Quigley, and 

Order, 2000), a common problem for empirical studies.  However, regulators and policy makers 

do not act randomly. It is highly likely that insolvency and liquidity risks are among the most 

important factors that they have considered in their decision making process.  Furthermore, the 

empirical results demonstrate that our model has strong out-of-sample performance and 

outperforms existing bank-failure-prediction models by a significant margin. Therefore, we 

conclude that the omitted variable bias is not serious concern.  

 

3.1. The liquidity risk component 

As discussed in Section 2, an estimator of the liquidity risk component ( , 1Vi t + ) is assumed to 

consist of a measure of systemic funding liquidity risk and measures of bank-specific funding 

liquidity risk:   

  _  ., 1 0 1 2 3V b b Gov Sec_R b Brokered_Deposits_R b TEDi t i,t i,t t= + + ++  (3) 

The TED spread ( TEDt ) measures the systemic funding liquidity risk. The measures for 

bank-specific funding liquidity risk comprise measures on asset liquidity and funding stability. 

We choose the government securities ratio as the measure for asset liquidity ( _Gov Sec_Ri,t ) and 

the brokered deposits ratio ( Brokered_Deposits_Ri,t ) as the measure for funding stability.8  

The new Basel III liquidity standards introduced two liquidity risk measures: liquidity 

coverage ratio (LCR) and net stable funding ratio (NSFR). We did not use them in our analysis 
                                                 
8 For textbook treatments of asset and liability liquidity risk measures, see Koch and MacDonald 

(2003), and Saunders and Cornett  (2011).  
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for the following reasons. First, there are gaps between the U.S. bank data we collected through 

call reports data and the data requirements of Basel III liquidity standards. Second, there are 

ambiguities in certain Basel III liquidity standards. Therefore, it is difficult to calculate LCR and 

NSFR with a reasonable level of accuracy for bank data before 2001. 

It is important to remind that the goal of this study is to estimate the average effects of 

systemic funding liquidity risk on bank failures, rather than calculating an individual bank’s 

exposure to systemic funding liquidity risk. For instance, an individual bank’s exposure to 

systemic funding liquidity risk may vary with its asset liquidity (e.g., government securities 

ratio) and funding stability (e.g., brokered deposits ratio). Thus, one approach to estimating an 

individual bank’s systemic liquidity risk exposure is to add the interaction terms between the 

TED spread and bank-specific liquidity risk measures. However, such an approach may give rise 

to a large estimation error because of the potential multicollinearity problem among the intercept, 

the TED spread, the government securities, the brokered deposits ratio, and the interaction terms. 

As illustrated in Fig. B.2 of Appendix B, the out-of-sample performance of the model with the 

interaction terms between the TED spread and bank-specific liquidity measures is not better than 

our current model. Therefore, we defer the study of the interaction between systemic and bank-

specific funding liquidity risks to future research. 

 

3.2. The insolvency risk component 

We define the latent variable attributed to insolvency risk ( i,t+1U ) as the real value of a bank’s 

equity at time 1t +  ( 1i,tE + ), normalized by its effective capital at time t :  

 , 1 , 1 , ,/ ( ) .i t i t i t i tU E TCE ALLL+ += +  (4) 

The effective capital ( , ,i t i tTCE ALLL+ ) is the sum of the tangible common equity ( ,i tTCE ) and the 
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allowance of loan and lease losses ( ,i tALLL ). Because some banks are more conservative than 

other banks in loss reserving, we cannot have an apples-to-apples comparison on the tangible 

common equity alone. On the other hand, the effective capital is comparable because it takes into 

account the differences in loan loss reserving practice.  

We had also considered alternative definitions of the insolvency risk component. For 

instance, one alternative measure is the z-score, which has been used in several recent studies 

(Laeven and Levine, 2009; Demirgüç-Kunt and Huizinga, 2010; Beltratti and Stulz, 2012) as a 

measure of insolvency risk (it is also called distance from insolvency). The z-score is the ratio of 

the sum of return on assets (ROA) and capital ratio (CAP) to the standard deviation of ROA (

_STD ROA ): ( ) / _ROA CAP STD ROA+ . It turns out that our model has better out-of-sample 

performance than models based on the z-score. Fig. B.1 of Appendix B reports the out-of-sample 

performance comparison between our model and models based on the z-score. While we defer 

the investigation into the underlying reason to future research, we would like to point out that 

one potential weakness of the models based the z-score is the inaccuracy of the estimator of the 

standard deviation of ROA.  

Since the real value of a bank’s equity is unobservable, it has to be estimated using different 

valuation approaches. We employ two commonly used valuation approaches. The first approach 

is the market-value-based approach, while the second approach is based on a firm’s book value 

of equity. Market value accounting records a bank’s assets and liabilities at their current market 

value, while book value accounting records them at their historical values (with certain 

adjustments). While the debate on the merits of these accounting methods is unsettled, it is fair to 

say that each approach has its own strengths and weaknesses. For example, both approaches can 

result in distorted measures of a bank’s financial condition. Book value accounting may 
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overvalue or undervalue a bank’s assets if their current market prices deviate from their historical 

costs.   On the other hand, since current market prices of assets may not be indicative of their 

long-term economic values in times of market panic, market value accounting could lead to 

excessive and artificial volatility (Allen and Carletti, 2008; Plantin, Sapra, and Shin, 2008). 

If we assume both estimators of , 1i tE +  are subject to measurement errors, then there exists a 

best linear estimator of , 1i tE + , which is a weighted average of these two estimators (Bates and 

Granger, 1969): 

 ˆ  ., 1 1 , 1 2 , 1
MV BVE w E w Ei t i t i t= ++ + +  (5) 

We use superscript “BV” or “MV” to differentiate between the book value and the market 

value of a variable. Therefore, we can use Eq. (5) to estimate the real value of a bank’s equity.  

 

3.3. The market value of equity estimator 

A widely used market valuation approach is based on option-pricing models (Black and 

Scholes, 1973; Merton, 1974). However, this approach requires firms to have publicly traded 

stocks.  For the U.S. commercial banks data used in this study, where there are more than 6,770 

banks each year between 1985 and 2011, there are fewer than 200 banks with publicly traded 

stocks for any given year.  Because of this limitation, we use an alternative approach that 

calculates the market value of equity using a discounted cash flow (DCF) model. 

We are facing several challenges when using the DCF model to estimate the market value of 

equity. These challenges involve estimating the market estimates of future cash flows and 

choosing the appropriate market discount rate that reflects the risk of those cash flows. As will 

be clear soon, we have made some assumptions to simplify the model in the interest of 

parsimony.   
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Let ,i t kNI + denote the net income at time t k+ , and let ,
dri t  denote the market discount rate at 

time t . Using a DCF model with an infinite horizon, the market value of equity becomes 

 ( )/ 1  ., 1 ,1

kMV dE E NI r ti t t k i t kk

∞ 
= + ∑+ + + = 

 (6) 

To simplify, the net income ( , 1i tNI + ) is approximated as the product of the ROA ( , 1i tROA + ) and the 

book value of assets ( ,
BVAi t ): 

 , 1 , , 1  .BV
i t i t i tNI A ROA+ += •  (7) 

In addition, a commonly used assumption about the market is the random walk assumption. 

According to this assumption, any other prediction of the future value of a random walk variable 

is no better than its current value. If we adopt this assumption, Eq. (6) is simplified as 

 /  ( / ) ., 1 , 1 , ,
MV d BV dE NI r A ROA ri t i t t i t i t t≈ ≈ •+ +  (8) 

This equation is very intuitive, as a rise in ROA increases the market value of equity, while a rise 

in the discount rate reduces it.  

What is the appropriate market discount rate that reflects the risk of those cash flows? 

Standard textbooks (Copeland, Koller, and Murrin, 2000; Sinkey, 2002; Damodaran, 2012) 

suggest estimating the cost of equity using the capital asset pricing model (CAPM). This 

approach is, unfortunately, impractical, since the very reason that we cannot use option-pricing 

models is the fact that most banks are not publicly traded. On the other hand, even if all banks 

are publicly traded, using the CAPM to calculate the cost of equity may not be an appealing 

choice because of the “model risk” associated with the CAPM (Fama and French, 1992, 1993). 

A feasible alternative is to derive the discount rate by adding a risk premium to an 

appropriate benchmark rate. In fact, this approach is widely used by market practitioners in 
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valuing firms and assets (Saunders and Cornett, 2011). Using this approach, we define the 

market discount rate for bank i  as 

 _  ., ,
d Baar r TED Net CORi t t t i t= + +   (9) 

In the above equation, the benchmark rate is the average yield on Moody’s Baa-rated 

corporate bonds ( Baa
tr ). The required risk premium equals the sum of the TED spread ( tTED ) and 

the net charge-off rate ( ,_ i tNet COR ). The TED spread is used as a proxy for interbank risk, while 

the net charge-off rate is used as the proxy for the credit quality of an individual bank’s assets. In 

other words, the risk premium consists of a component to compensate for interbank risk, as well 

as a component to compensate for the credit quality of a bank’s assets.  

When choosing the benchmark rate, we have also considered other alternatives such as the 

average 10-year Treasury rate, the average yield on Moody’s Aaa-rated corporate bonds, and the 

one-year return on the S&P 500 index.  It turns out that the average yield on Moody’s Baa-rated 

corporate bonds outperformed these alternatives in terms of both in-sample and out-of-sample 

prediction performances.  While we defer the investigation into the underlying reason to future 

research, we would like to make two observations. First, compared to Moody’s Baa-rated bonds, 

the 10-year Treasury rate and the average yield on Moody’s Aaa-rated corporate bonds are less 

sensitive to market credit risk. During market downturns, the market credit risk is higher than 

normal times, and one would expect the required risk premium to be higher. Likewise, the return 

on the S&P 500 index is generally lower during market downturn, which makes it less suitable 

for the benchmark rate.  

It is important to note that Eqs. (8) and (9) do not double count the effects of net charge-off. 

According to GAAP accounting standards for banks, provision for loan and lease losses (PLLL) 

reduces a bank’s income, while net charge-off reduces allowance for loan and lease losses 
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(ALLL). In other words, the net charge-off does not directly affect a bank’s net income. 

Consequently, the net charge-off rate does not enter the calculation of ROA. For that reason, the 

effects of net charge-off are not double counted. We have also considered the non-performing 

asset ratio when choosing the proxy for the credit quality of a bank’s assets.  It turned out that the 

net charge-off rate performed better. 

It is important to keep in mind that our goal is to develop a tractable model for practical 

purposes, rather than developing a model that captures everything. Therefore, we have made 

assumptions to simplify the model in the interest of parsimony. First of all, neither a generally 

accepted approach of market valuation nor a single consensus measure of market discount rate 

exists in the literature. While one can possibly add more assumptions on the income growth, 

dividends versus reinvestment of earnings, and market discount rate, such a “more plausible” 

approach could lead to model intractability and unintentionally introduce more model risk.  In 

addition, because more than 95% of U.S. banks are not publicly traded, the discounted cash flow 

model is the only feasible market valuation approach for the scope of this study. 

As is common to other practical models, the simplification assumptions in our model can be 

criticized as “unrealistic” or “ad hoc”.  Our response to this criticism is similar to those  of Box 

(1987) and Friedman (1953). As will be demonstrated, our model outperforms existing models 

by a significant margin.  Therefore, our model performs well according to Friedman’s standard 

that models should be judged by their ability to predict event, rather than by the “plausibility” of 

their assumptions. 

 

3.4. The book value of equity estimator 

The book value of a bank’s equity at time t +1  equals its book value at time t , plus the net 
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income between time t  and 1t + : 

 , 1 , , 1  .BV BV BV
i t i t i tE E NI+ += +  (10) 

The net income ( , 1
BV
i tNI + ) is expanded as 

 
 .

BV BV BV
i,t+1 i,t+1 i,t+1

BV BV
i,t+1 i,t+1

BV BV
i,t+1 i,t+1

NI = Total_Income Total_Expense

 = Interest_Income Interest_Expense

 + Net_Noninterest_Income  Unexpected_Losses

−

−

−  

 (11) 

In addition, the interest income is the sum of interest incomes from loans and securities:  

 
, 1_ _ _

_ _  ,

i tInterest Income Loan Interest Incomei,t +1
Security Interest Incomei,t +1

+ =

+
  (12) 

The bank’s unexpected losses equal its total losses at time t +1  ( Lossi,t +1 ), less the 

allowance for loan and lease losses ( ,i tALLL ): 

  .,
BV
i,t+1 i,t+1Unexpected_Losses Loss ALLLi t= −  (13) 

The amount of total losses ( Lossi,t +1 ) is a function of the bank’s non-performing assets ( ,i tNPA ) 

at time t  and the average loss given default ( i,t+1LGD ) at time t +1 :  

 ,  .i,t+1 i t i,t+1Loss NPA LGD= •  (14) 

The amount of non-performing assets ( ,i tNPA ) equals the sum of the bank’s non-performing 

loans, and other real estate owned (OREO).  Finally, the average loss given default is a function 

of local economic conditions:  

 0 1 2 ,  .i,t+1 i,t+1 i,t+1 i t+1LGD HPI Unempφ φ φ ξ= + ∆ + ∆ +  (15) 

Therefore, we assume that the average loss given default ( , 1i tLGD + ) is a function of the change in 

local housing prices ( i,t+1HPI∆ ), and the change in local unemployment rates ( i,t+1Unemp∆ ).  

  



19 
 

3.5. The final model 

Table A.1 of Appendix A lists bank-level variables and economic variables used in the 

derivation of the final model. Combining the insolvency and liquidity risk components, we 

obtain the following estimator of , 1i th +  after reparameterization: 

 

, 1 0 1 , ,

2 , , ,

3 , ,

4 , ,

5

ˆ ( / ( )) ( / ), , ,

( ) / ( )

_ _ / ( )

_ _ / ( )

i t i t i t

i t i t i t

i t i t

i t i t

BV
i,t

BV dh A TCE ALLL ROA ri t i t i t
BVE TCE TCE ALLLt

Loan Interest Income TCE ALLLi,t
Security Interest Income TCE ALLLi,t
Interest_Expense

β β

β

β

β

β

+ = + + •

+ − +

+ +

+ +

+ , ,

6 , ,

7 , ,

8 , , ,

9 , , ,

/ ( )

/ ( )
/ ( )

( / ( ))
( / ( ))

_10 11

i t i t
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i,t i t i t

i,t i t i t

i,t i t i t i t
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NPA TCE ALLL HPI
NPA TCE ALLL Unemp
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β

β

β

β

β β

+

+

+ +

+ + •∆

+ + •∆

+ +  .12_R Tedi,t tβ+

 (16) 

Therefore, Eq. (16) specifies the discrete-time hazard model that links the conditional bank 

failure probability to bank-specific and marketwide variables. For exposition simplicity, we 

introduce new variables to simplify Eq. (16). Table 1 summarizes the definitions of new 

variables. Therefore, Eq. (16) becomes 

 

, 1 0 1 , 2 ,

3 4 5 ,

6 , 7 , 8

ˆ _ _ _ _
_ _ _ _ _

_

i t i t i t

i t

i t i t

h Market Valuation Ratio Intangible Capital Ratio
Loan Interest Ratio Security Interest Ratio Interest_Expense Ratioi,t i,t
Net_Noninterest_Ratio Texas Ratio HPI

β β β

β β β

β β β

+ = + +

+ + +

+ + + ,

9 ,

_
_ _  .10 11 12

i t

i t

Effects
Unemployment Effects Gov Sec_R Brokered_Deposit_R Tedi,t i,t tβ β β β+ + + +

 (17) 

There are important differences between our model and traditional accounting-ratio models. 

One commercially successful accounting ratio model is the Moody’s RiskCalc™ U.S. banks 

model (Dwyer, Guo, and Hood, 2006; Dwyer and Eggleton, 2009). As is typical for other 

accounting-ratio models, the Moody’s RiskCalc™ U.S. banks model includes capital ratio as the 

proxy for capital adequacy, and ROA as the proxy for earning power, without specifying the 
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relationship between them.   

If we compare our model with the Moody’s RiskCalc™ U.S. banks model, the first 

significant difference is the market valuation ratio introduced in our model. The market valuation 

ratio is a product of the effective leverage ratio ( , ,/ ( ), i t i t
BVA TCE ALLLi t + ) and the market-

discounted ROA ratio ( /, ,
dROA ri t i t ). The effective leverage ratio is the ratio of total assets ( ,

BVAi t ) 

to the sum of tangible common equity ( ,i tTCE ) and the allowance of loan and lease losses ( ,i tALLL

). The market-discounted ROA ratio is the ratio of ROA to market discount rate. Because bank 

performance depends on economic conditions, the values of ROA of banks under different 

market conditions are not comparable. On the other hand, the market-discounted ROA ratios are 

comparable because they have been adjusted for market conditions.  

The effective leverage ratio serves as an amplifier for the effects of changes in the market-

discounted ROA ratio. Therefore, our model correctly models the effects of capital ratio, such as 

a low capital ratio (i.e., a high leverage ratio) is beneficial to banks during good times but is 

detrimental during bad times. We expect the coefficient on the market valuation ratio to be 

negative:  An increase in the ROA reduces the hazard, while an increase in the market discount 

rate increases the hazard.   

The second significant difference between our model and traditional accounting-ratio model 

is the well-known Texas ratio ( , ,/ ( )i,t i t i tNPA TCE ALLL+ ), a measure that Gerard Cassidy at RBC 

Capital developed while analyzing bank stocks during the wave of failures that hit the Texas 

banking industry in the 1980s. The Texas ratio is the ratio of a bank's non-performing assets to 

the sum of its tangible capital and loan loss reserve. If this ratio is at or above 100%, the bank is 

at severe risk of failure because it might not have enough capital to cover its losses. Despite the 
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high predictive power of the Texas ratio, it has rarely been incorporated into traditional 

accounting-ratio models.9 Because we use the effective capital as the denominator to normalize 

variables in the derivation of the insolvency risk component, we are able to derive a bank failure 

model that includes the Texas ratio as an integral part.    

One limitation of the Texas ratio is that it does not account for the potential value of the 

collateral. If a borrower defaults on a loan and the bank seizes the collateral, the ultimate loss 

will depend on the value of the collateral. In our model, we assume that the average loss given 

default is a function of local economic conditions. As a result, our model includes an HPI effects 

variable, and an unemployment effect variable. The HPI effects variable is the interaction term 

between the Texas ratio and the change in state-level housing price indices. We expect its 

coefficient to be negative, as rising housing prices would reduce the loss severity. Furthermore, 

the unemployment effects variable is an interaction term between the Texas ratio and the change 

in unemployment rates. We expect its coefficient to be positive, because a high unemployment 

rate would increase the loss severity.  

 

4. Data description 

Our data sample spans the period from 1985 to 2011. We obtain commercial banks' income 

statement and balance sheet data (e.g., call report) between 1985 and 2011 from the Federal 

Reserve Bank of Chicago. Bank failure data since 1985 are obtained from the Federal Deposit 

Insurance Corporation (FDIC) and are matched with the call reports. FDIC defines three 

categories of transactions in its failures and assistance transactions data.  The first category 

                                                 
9 Surprisingly, we are unable to find any academic reference or textbook treatment of the Texas 

ratio.  
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consists of assistance transactions, in which the charter of the failed / assisted institution survives 

the resolution process in most cases. The second category includes different types of purchase 

and assumption transactions, in which the failed/assisted institution's charter is terminated, its 

insured deposits plus some assets and other liabilities are transferred to a successor charter. The 

third category consists of payoff transactions, in which the failed / assisted institution's charter is 

closed, and there is no successor institution. The deposit insurer (i.e., the FDIC or the former 

Federal Savings and Loan Insurance Corporation) pays insured depositors in payoff transactions.  

All categories of failure and assistance transactions are treated as failure in this study.  

We use annual data for this study, based on the fourth quarter of each year. The data are 

adjusted for bank mergers. Table 2 summarizes the sample size and the number of failed banks 

in the estimation and validation samples. As Table 2 shows, the entire sample consists of 

273,198 observations (bank year) with 1,717 failures. Table A.2 of Appendix A reports the 

summary statistics of bank-specific and economic variables. To reduce the effect of possibly 

spurious outliers, bank-specific variables are winsorized at the 1% and 99% levels.  

 
Fig. 1 plots the failure rate of U.S commercial banks from 1985 to 2011, showing that the 

bank failure rate peaked twice through the entire period. The first peak occurred in 1988 and was 

associated with the savings and loan crisis of the 1980s and 1990s. The second peak occurred 

between 2009 and 2010 and was associated with the 2007–2009 financial crisis. As Fig. 1 shows, 

the bank failure rate increased steadily from 1985 and peaked in 1988, when it reached 1.9% 

with 262 bank failures.  Although the failure rate began to decline in 1989, it remained relatively 

high before 1992. Bank failures became rare from 1995 to 2007. In particular, there were no 

bank failures in 2005 and 2006.  However, the bank failure rate has shot up rapidly since 2008, 

exceeding 1.67% in 2009 and peaking at 1.91% in 2010.  
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Figs. 2–5 plot the one-year conditional bank failure rate against the averages of four key 

variables in the preceding year. Fig. 2 underscores the pitfalls of overreliance on capital ratios to 

measure risk. As can be seen, both the average capital and tangible capital ratios were lower at 

the beginning of the sample period and rose steadily from 1986 to 2007.  For example, the lowest 

average capital ratio of 8.46% occurred in 1986, while the highest average capital ratio of 

11.48% occurred in 2007. Therefore, an observer looking only at capital ratios would have 

mistakenly concluded that U.S. banks were well positioned in 2007.   

Fig. 3 reveals that the bank failure rate in the current year is inversely related to the average 

market valuation ratio in the preceding year.  As can be seen, there was a steep fall in the average 

market valuation ratio from 2007 to 2009, which preceded a sharp rise in bank failure rates from 

2008-2010. Therefore, the market valuation ratio is highly predictive of bank failures.   

Especially interesting is Fig. 4, which shows that the average Texas ratio in the preceding 

year is positively correlated with the bank failure rate in the current year. A rise in the average 

Texas ratio is generally followed by a rise in the bank failure rate.   

Fig. 5 reveals the strong predictive power of the TED spread on bank failures. As can be 

seen, a rise in the TED spread precedes a rise in the bank failure rate. In particular, the TED 

spread peaked in 1987 and 2008, followed by the peaks of bank failure rate in 1988, 2009 and 

2010. In subsequent analysis, we show that the systemic funding liquidity risk, as reflected by 

the TED spread, was a major predictor of bank failures in 2008 and 2009.  

 

5. Estimation results 

One potential problem with accounting-ratio models is that one can overfit a model by using 

a large number of variables. As an extreme example, one can achieve perfect fit in the estimation 
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sample by including a large number of explanatory variables. However, such a model can fail 

drastically when making prediction on a different sample. Therefore, it is important to evaluate a 

model’s out-of-sample prediction performance. Unfortunately, this critical step is often omitted 

in many empirical studies, which often focus exclusively on hypotheses testing on the estimation 

sample.  

Therefore, we emphasize out-of-sample prediction performance in this study. We divide our 

data into two samples. The estimation sample covers the period of 1985–2004, while the out-of-

time validation sample covers the period of 2005–2011.  As a result, the estimation sample 

includes 221,327 observations with 1,349 failures, while the validation sample includes 51,871 

observations with 368 failures.  We estimate all models on the estimation sample, and validate 

their out-of-sample performance on the validation sample. By devoting the entire period of 

2005–2011 to out-of-sample performance validation, we can obtain more robust validation 

results by minimizing the correlation between the estimation sample and the validation sample.  

We choose the time interval to be one year in our discrete-time hazard model. There are 

several reasons for this choice. First, the time interval should be consistent with the practical use 

of the model. For capital calculation purposes, banks typically use credit risk models to predict 

default in the next 12 months.10 Second, while one can estimate the hazard model using a shorter 

interval such as a quarter, doing so would introduce a substantial serial correlation among 

explanatory variables because of the way these variables are constructed. For instance, variables 

such as ROA, loan yields, security yields, and interest expense are constructed using the trailing 

12 months data. Even though one could model the time series property of these explanatory 

                                                 
10 Shorter prediction intervals could be useful for stress testing or other purposes, which are not 

directly relevant to the scope and purpose of this paper.  
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variables, it is not clear whether such an approach would introduce misspecification errors in 

addition to the complexity. On the other hand, if we construct these variables using a shorter 

interval, it would subject them to seasonal effects. Finally, using quarterly data to predict the 

conditional failure rate over a longer interval would also subject the dependent variable to serial 

correlation because of the overlapping of time intervals over consecutive quarters.  

We divide our analysis into two stages. We compare the performance of our model to 

existing bank failure models in the first stage, while studying the contribution of liquidity risk to 

predicting bank failures in the second stage.   

 

5.1. Model performance 

In the first stage, we estimate four models. The first model is our benchmark model (Model 

1). In this model, we include every variable on the right side of Eq. (17). To validate the 

performance of Model 1, we compare it with three additional models. In Model 2, we add state-

level fixed effects to Model 1. The next two models are accounting-ratio models. Model 3 is 

similar to the Moody’s RiskCalc™ 3.1 U.S. Banks model (Dwyer, Guo, and Hood, 2006; Dwyer 

and Eggleton, 2009). Moody’s RiskCalc™ 3.1 U.S. Banks model consists of two components: 

the financial statement only (FSO) component and the credit cycle adjustment (CCA) 

component. The FSO component uses eight accounting ratios as its inputs: capital ratio, return on 

assets, net interest margin, loan mix, commercial loan charge-off ratio, consumer loan charge-off 

ratio, other real estate owned ratio, and government securities ratio. Model 3 includes all these 

variables. Finally, we build Model 4 using the Texas ratio as the only predictive variable. 

We use three performance measures to compare the in-sample and out-of-sample 

performance. First, we use the receiver operating characteristic (ROC) curve and the associated 
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AUC statistic to measure a model’s ability to rank order by risk. The AUC statistic is the area 

under ROC curves, which is also called c-statistic. A related measure is the accuracy ratio (AR), 

which is also called the Gini coefficient. The accuracy ratio is related to the AUC statistic by the 

following simple relationship: 

 2 1AR AUC= • − . (18) 

The AUC statistic ranges between 0.5 and 1. A value of 0.5 indicates no rank-ordering 

power, while a value of 1 indicates perfect rank-ordering power.  

The second measure is the Hosmer-Lemeshow (H-L) statistic (Hosmer, Taber, and 

Lemeshow, 1991), a prediction accuracy measure that assesses whether or not the observed 

default rates match predicted default rates in subgroups of the population. The H-L test 

specifically identifies subgroups as the deciles of fitted risk values.  In general, high prediction 

accuracy is associated with low H-L statistic.  

The last measure is the Brier score (Brier, 1950), which is defined as  

 2

1

ˆ( ) /
n

i i
i

BS D p n
=

= −∑ , (19) 

where ˆ ip  is the predicted probability of failure of bank i , and iD  is the default indicator. 

Therefore, the Brier score is similar to the mean square error and is a measure of average 

prediction accuracy.  A smaller Brier score is associated with better average prediction accuracy.  

Table 3 reports the estimation results of Models 1 through 4.  Panel A compares the 

performance statistics, such as model fit statistics, in-sample and out-of-sample performance 

measures. Overall, these performance measures demonstrate that Model 1 outperforms the other 

three models by a considerable margin. While all four models perform relatively well, Model 1 

and Model 2 provide better fits than other two models. For example, the pseudo R-squared for 

Model 1 and Model 2 are 0.546 and 0.561, which are better than that of the accounting-ratio 
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model (0.538) and the Texas ratio model (0.443). The same conclusion can be drawn by looking 

at other statistics such as AIC, BIC and Log Likelihood. Because Model 2 includes state fixed 

effects, it has 50 more parameters than Model 1.  Therefore, it is not surprising that it has a 

slightly better in-sample performance than Model 1. However, Model 1 has significantly better 

out-of-sample performance. For instance, Model 1 outperforms Model 2 in terms of H-L statistic, 

accuracy ratio, and Brier score.  

Panel B of Table 3 reports the parameter estimates. Overall, most parameters in Model 1 are 

statistically significant and are consistent with our expectation For instance, the coefficient on 

the market valuation ratio is negative and statistically significant (-0.504), implying that banks 

with higher market valuation ratio are less likely to fail. The coefficient on the TED spread is 

significantly positive (75.353), suggesting that high systemic funding liquidity risk leads to more 

bank failures. The coefficient on the government securities ratio is significantly negative (-

2.937), which implies banks with more asset liquidity are less likely to fail. The coefficient on 

the brokered deposits ratio is significantly positive (3.155), suggesting that banks with higher 

dependence on unstable funding are more likely to fail. The coefficient on the Texas ratio is 

significantly positive (1.820). The coefficient on the interaction term between the Texas ratio and 

the change in housing price indices is significantly negative (-1.978). This negative coefficient 

implies that banks are more likely to fail when housing prices decline, and are less likely to fail 

when housing prices increase. The coefficient on the interaction term between the Texas ratio 

and the change in unemployment rates is positive (3.347), which implies that higher 

unemployment rates are associated with higher bank failures. However, this coefficient is not 

statistically significant. Overall, these results provide strong empirical support for our model.  

For the state fixed-effects in Model 2, Wyoming is randomly chosen as the reference state 
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because it is the last in alphabetical order. Given the fact that Arizona, California, Florida, 

Georgia, Illinois, and Texas were frequently linked to bank failure in media coverage, 11 one 

would have thought that banks in these states would have a higher propensity to fail.  

Surprisingly, all of these states have negative coefficients, suggesting that banks in these states 

are less likely to fail than banks in Wyoming. We interpret this finding by arguing that bank-

specific conditions and local economic conditions, as specified in Model 1, have strong 

explanatory power for bank failures. As a result, the covariates can well explain the high bank 

failure rates in these states, despite the fact that banks in these states have lower a propensity to 

fail. This result provides another justification for our choice of Model 1 as the benchmark model. 

Finally, we note that there were no bank failures in Nevada between 1985 and 2004. Because of 

this, the state fixed-effects model cannot estimate the coefficient for Nevada and has to drop all 

655 observations from Nevada.  

Figs. 6 and 7 report in-sample and out-of-sample ROC curves comparisons, and show that 

Model 1 has the highest out-of-sample AUC statistic.  Furthermore, Table 4 and Fig. 8 report the 

observed aggregate bank failure rate along with its predicted values from Models 1–4. Compared 

with the other three models, the out-of-sample predictions of Model 1 are more accurate on 

average. Overall, these results show that Model 1 has the best performance among the four 

models.  

                                                 
11 These states were prominent in that they experienced a large number of bank failures during 

certain periods. For example, Texas was famous for the savings and loan failure that led to the 

creation of the Texas ratio, and Georgia has experienced the largest number of bank failures in 

recent years. Because of space limitations, we did not report the coefficients of other states in 

Table 3.  
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5.2. The role of funding liquidity risk 

In the second stage, we examine the contributions of different liquidity risk measures in 

predicting bank failures. We estimate the marginal contributions of each funding liquidity risk 

measures in three steps. In the first step, we exclude the systemic funding liquidity risk measure 

by removing the TED spread from Model 1. In the second step, we exclude bank-specific 

funding liquidity risk measures by removing government securities and brokered deposits ratios. 

In the final step, we exclude all liquidity risk measures from Model 1.  

Table 5 and Fig. 9 report the observed aggregate bank failure rate along with its predicted 

value from Model 1, as well as the predicted values when excluding different funding liquidity 

risk measures from Model 1. As can be seen, the TED spread was the most important predictor 

of bank failure in 2008 and 2009.  For example, the actual bank failure rate in 2009 is 1.67%, 

while the predicted failure rate of Model 1 is 1.58%. If we exclude the TED spread, the predicted 

failure rate is reduced to 0.43%. On the other hand, if we exclude bank-specific funding liquidity 

risk measures, the predicted failure rate is only reduced to 1.46%.  

Table 6 summarizes the contribution of different liquidity risk measures in predicting bank 

failures by year. As can be seen, as many as 64.4% of the predicted bank failures in 2008 and 

73.1% of the predicted bank failures in 2009 can be attributed to the TED spread. In comparison, 

only 7.9% of the predicted bank failures in 2009 can be attributed to bank-specific funding 

liquidity risk measures. In addition, the marginal contribution of bank-specific liquidity risk 

measures in 2008 was negative (-7.7%). These results reveal that the TED spread was the major 

predictor of bank failures in 2008 and 2009, while bank-specific funding liquidity risk measures 

played an inconsequential role during the same period. Furthermore, we note that the share of the 

predicted bank failures attributable to liquidity risk measures dropped sharply in 2010 and 2011, 
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when only 14.1% of the predicted bank failures in 2010 and 8.9% of the predicted bank failures 

in 2011 are attributable to liquidity risk measures.  

Figs. 10 and 11 illustrate the marginal contributions of systemic and idiosyncratic liquidity 

risk measures. Apparently, the systemic funding liquidity risk measure was a major predictor of 

bank failure in 2008 and 2009, which contrasts strikingly with the minimal contribution of bank-

specific liquidity risk measures.  

 

6. Conclusion 

In this paper, we propose a bank failure model in which liquidity risk affects a bank through 

the systemic and bank-specific channels. This model bridges the gap between recent theoretical 

advances in the literature of liquidity risk and financial crisis, and the empirical literature of bank 

failure prediction. By explicitly developing the insolvency and liquidity risk conditions for bank 

failures, our model reflects a major enhancement over the existing accounting-ratio models. We 

test this model using U.S. bank data from 1985 to 2011. The out-of-sample prediction 

performances show that our model outperforms typical accounting-ratio models, such as a model 

that is similar to Moody’s RiskCalc™ 3.1 U.S. Bank Model, and a model based on the Texas 

ratio. Our model consists of 12 predicting variables. As surveyed by King, Nuxoll, and Yeager 

(2006), accounting-ratio bank failure models typically use a large number of predicting variables. 

In comparison, the number of predicting variables in our model is not significantly larger than 

that of a typical accounting-ratio model. 12  Furthermore, while adding additional predicting 

variables may improve the in-sample prediction performance by overfitting the model, it can 

adversely affect the out-of-sample prediction performance. Therefore, the out-of-sample 

                                                 
12 For instance, the Moody’s RiskCalc™ 3.1 U.S. Banks Model includes 11 predicting variables.  
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performance improvement of our model over existing bank failure models is unlikely to be 

caused by the difference in the number of predicting variables, but is due to the fact that we 

adopt a more coherent modeling approach.  

We also find that the systemic funding liquidity risk measure was the major predictor of bank 

failures in 2008 and 2009, while bank-specific funding liquidity risk measures played only a 

minimal role. This finding has important implications for the current discussion of the new Basel 

III liquidity risk standards. To enhance the safety and soundness of the banking system, an 

effective framework for liquidity risk management needs to target both bank-specific liquidity 

risk and systemic liquidity risk. 
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Appendix A. Additional tables 

Table A.1 
Description of variables 

Panel A describes the explanatory variables used in the bank failure prediction model in Eq. 
(17).  Panel B describes bank-level variables used in the bank failure model derivation. Panel C 
describes economic variables used in the model derivation. Panel D describes additional 
variables used elsewhere in the paper.  

 
Panel A: Explanatory variables in Eq. (17) 
Name  Math notation Description 
Market valuation ratio ,_ _ i tMarket Valuation Ratio  The product of the effective leverage ratio and the 

market-discounted ROA ratio 
Intangible capital ratio ,_ _ i tIntangible Capital Ratio  Intangible capital divided by effective capital 

Loan interest ratio _ _Loan Interest Ratioi,t  Loan interest income divided by effective capital 

Security interest ratio _ _Security Interest Ratioi,t  Security interest income divided by effective 
capital 

Interest expense ratio ,_ i tInterest_Expense Ratio  Total interest expenses divided by effective capital 

Net noninterest income 
ratio 

,i tNet_Noninterest_Ratio  Net noninterest income divided by effective capital 

Texas ratio ,_ i tTexas Ratio  Non-performing assets divided by effective capital 

HPI effects ,_ i tHPI Effects  Texas ratio multiplied by the change in state-level 
housing price index (HPI) 

Unemployment effects ,_ i tUnemployment Effects  Texas ratio multiplied by the change in state-level 
unemployment ratio 

Government 
securities ratio 

_Gov Sec_Ri,t  Government securities to total assets ratio 

Brokered deposits 
ratio 

Brokered_Deposit_Ri,t  Brokered deposits to total assets ratio 

TED spread  TEDt  Spread of the three-month LIBOR over the three-
month Treasury rate  
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Table A.1 (continued) 
Panel B: Bank-level variables used in bank failure model derivation 
Name  Math notation Description 
Total assets 

,
BVAi t  The book value of total assets 

Total equity  
,
BVEi t  The book value of total equity 

Tangible common equity ,i tTCE  The book value of tangible common equity 

ALLL 
 

,i tALLL  Allowance for loan and lease losses (ALLL) is also 
called the loan loss reserve. 

Effective capital , ,i t i tTCE ALLL+  The sum of tangible common equity and loan loss 
reserve 

Intangible capital 
,i t

BVE TCEt −  The difference between total equity and tangible 
common equity 

Interest expense BV
i,tInterest_Expense  Total interest expense 

Net noninterest income BV
i,tNet_Noninterest_Income   

Non-performing assets i,tNPA  The sum of non-performing loans (NPL) and other 
real estate owned (OREO) 

Net charge-off ratio _ ,Net COi t  Net charge-off divided by total assets 

Effective leverage ratio  
, ,/ ( ), i t i t

BVA TCE ALLLi t +  The total assets to effective capital ratio 

ROA ,ROAi t  Return on assets 

Market-discounted ROA 
ratio 

/, ,
dROA ri t i t  The ROA divided by the discount rate   
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Table A.1 (continued) 
Panel C: Economic variables used in the bank failure model derivation 
Name  Math notation Description 
Change in HPI ,i tHPI∆  Annual change in state-level housing price 

indexes 
Change in 
unemployment rate 

,i tUnemp∆  Annual change in state-level unemployment rates 

Average Baa-bond 
rate 

Baart  The average yield of Moody’s Baa-rated 
corporate bonds with remaining maturities of at 
least 20 years 

TED spread TEDt  The spread between the three-month London 
offered interbank rate (LIBOR) and the three-
month U.S. Treasury bills rate.  

Discount rate _  , ,
d Baar r TED Net COi t t t i t= + +  The discount rate for the DCF model 
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Table A.1 (continued) 
Panel D: Additional variables used elsewhere in the paper 
Name  Math notation Description 
Total performing loans Loansi,t   

Total securities Securitiesi,t   

Loan yields Loan_Yieldsi,t   

Security yields Security_Yieldi,t   

Capital ratio ,i tcap  Capital to total asset ratio 

Tangible capital ratio ,i ttce_r  Tangible common equity to total assets ratio 

Net interest margin ,i tnim  Net interest income to total asset ratio 

Consumer loan charge-
off ratio 

,i tcons_co_r  Consumer loan charge-offs to total assets ratio 

Commercial loan 
charge-off ratio 

,i tci_co_r  Commercial loan charge-offs to total assets ratio 

OREO ratio ,_ i toreo r  Other real estate owned to total assets ratio 

Loan mix ,_ i tloan mix  Sum of commercial and  industry loans, and 
commercial real estate loans to total assets ratio 

Construction loan ratio i,tconst_ln_r  Construction loans to total assets ratio 

Residential loan ratio i,tres_ln_r  Residential loans to total assets ratio 

Size  ,i tsize  Natural logarithm of total assets  
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Table A.2 
Summary of statistics 

This table reports the mean and median of each variable for failed and non-failed banks for 
the estimation sample (1985–2004) and the validation sample (2005–2011). Panel A reports the 
summary statistics of the explanatory variables in Model 1.  Panel B reports the summary 
statistics of additional variables used in the accounting-ratio models.  Panel C reports the 
summary statistics of other variables referred elsewhere in the paper.  

 
Panel A: Summary statistics for explanatory variables in Model 1 
Variable 1985–2004 2005–2011 

Non-failed banks Failed banks Non-failed banks Failed banks 

Mean Median Mean Median Mean Median Mean Median 

Market valuation ratio 0.9278 1.0291 -3.5179 -4.0921 0.9827 1.1133 -5.1345 -5.5722 

Intangible capital ratio 0.0210 0.0000 0.0304 0.0301 0.0571 0.0000 0.0484 0.0301 

Loan interest ratio 0.6262 0.5976 1.1487 1.1094 0.4400 0.4389 0.6207 0.6010 

Security interest ratio 0.2117 0.1855 0.1798 0.1397 0.0810 0.0674 0.0714 0.0504 

Interest expense ratio 0.4573 0.4186 0.9580 0.9247 0.1878 0.1727 0.3818 0.3728 

Net noninterest income ratio -0.2719 -0.2502 -0.6542 -0.6165 -0.2248 -0.2159 -0.4967 -0.4719 

Texas ratio 0.1520 0.0754 1.3701 1.5502 0.1311 0.0631 1.3451 1.5087 

HPI effects 0.0039 0.0021 -0.0111 -0.0030 -0.0014 0.0001 -0.0823 -0.0720 

Unemployment effects -0.0002 -0.0000 -0.0010 -0.0034 0.0011 0.0000 0.0249 0.0225 

TED spread 0.0067 0.0066 0.0096 0.0075 0.0077 0.0034 0.0102 0.0021 

Government securities ratio 0.2030 0.1784 0.0799 0.0493 0.1395 0.1101 0.0413 0.0231 

Brokered deposits ratio 0.0040 0.0000 0.0156 0.0000 0.0272 0.0000 0.0940 0.0748 

 
Panel B: Summary statistics of additional explanatory variables used in the accounting-ratio 
model 

Variable 

1985–2004 2005–2011 

Non-failed banks Failed banks Non-failed banks Failed banks 

Mean Median Mean Median Mean Median Mean Median 

Log of total assets 11.0700 10.9199 10.5965 10.3901 11.8854 11.7569 12.6162 12.4090 

Capital ratio 0.0947 0.0866 0.0440 0.0361 0.1095 0.0986 0.0517 0.0367 

Return on assets (ROA) 0.0086 0.0103 -0.0299 -0.0358 0.0068 0.0090 -0.0348 -0.0447 

Net interest margin (NIM) 0.0409 0.0404 0.0337 0.0329 0.0368 0.0365 0.0268 0.0259 

Loan concentration ratio 0.3683 0.3371 0.4788 0.4825 0.4955 0.4882 0.7235 0.7411 

Other real estate owned ratio 0.0038 0.0006 0.0270 0.0263 0.0034 0.0003 0.0260 0.0240 

Consumer loan charge off ratio 0.0002 0.0000 0.0002 0.0000 0.0005 0.0002 0.0007 0.0002 

Commercial loan charge off ratio 0.0002 0.0000 0.0005 0.0000 0.0008 0.0001 0.0030 0.0023 
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Table A.2 (continued) 
Panel C: Summary statistics for additional variables 
Variable 1985–2004 2005–2011 

Non-failed banks Failed banks Non-failed banks Failed banks 

Mean Median Mean Median Mean Median Mean Median 

Total assets $393,307 $55,265 $171,607 $32,536 $1,186,717 $127,628 $8,858,182 $245,002 

Tangible capital ratio 0.0930 0.0850 0.0423 0.0341 0.1043 0.0934 0.0483 0.0356 

Effective capital ratio 0.1015 0.0934 0.0634 0.0645 0.1137 0.1033 0.0725 0.0666 

Allowance for loan and 
lease losses to asset ratio 

0.0086 0.0075 0.0211 0.0215 0.0095 0.0085 0.0243 0.0262 

Non-performing assets to 
asset ratio 

0.0133 0.0073 0.0820 0.0972 0.0136 0.0066 0.0908 0.1109 

Net charge off to asset 
ratio 

0.0033 0.0012 0.0246 0.0270 0.0029 0.0009 0.0246 0.0272 

Loan to asset ratio 0.5505 0.5635 0.5624 0.5707 0.6402 0.6637 0.6265 0.6250 

Construction loans to 
asset ratio 

0.0371 0.0149 0.0482 0.0213 0.0911 0.0591 0.2166 0.2206 

Residential loans to asset 
ratio 

0.2748 0.2462 0.1924 0.1630 0.2698 0.2405 0.1967 0.1877 

Deposits to asset ratio 0.8675 0.8860 0.9274 0.9479 0.8233 0.8405 0.8728 0.8909 

Core deposits to asset 
ratio 

0.6711 0.6912 0.7089 0.7337 0.5690 0.5860 0.5735 0.5784 

Money market deposits to 
asset ratio 

0.1109 0.0974 0.1105 0.0985 0.1267 0.0982 0.1170 0.0901 

Repo to asset ratio 0.0140 0.0000 0.0081 0.0000 0.0154 0.0000 0.0113 0.0000 

Other borrowed money to 
asset ratio 

0.0130 0.0000 0.0089 0.0000 0.0438 0.0209 0.0628 0.0520 

Unused commitments to 
asset ratio 

0.0610 0.0390 0.0351 0.0140 0.1068 0.0902 0.0799 0.0549 

Securities gains to asset 
ratio 

0.0004 0.0000 0.0007 0.0000 0.0003 0.0000 0.0007 0.0000 

Loan yields 0.1048 0.1044 0.1243 0.1224 0.0713 0.0704 0.0695 0.0661 

Securities yields 0.0699 0.0684 0.0786 0.0810 0.0386 0.0399 0.0415 0.0426 

Rate on liabilities 0.0457 0.0445 0.0605 0.0596 0.0216 0.0206 0.0280 0.0272 

Rate on deposits 0.0453 0.0442 0.0609 0.0601 0.0209 0.0196 0.0275 0.0269 

Change in housing price 
index 

0.0408 0.0409 -0.0080 -0.0019 0.0206 0.0143 -0.0608 -0.0552 

Change in unemployment -0.0016 -0.0020 -0.0012 -0.0053 0.0040 -0.0007 0.0188 0.0253 
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Variable 1985–2004 2005–2011 

Non-failed banks Failed banks Non-failed banks Failed banks 

Mean Median Mean Median Mean Median Mean Median 

Moody's Baa-rated bond 
rate 

0.0940 0.0921 0.1071 0.1051 0.0663 0.0633 0.0708 0.0633 

Aaa-Baa spread 0.0099 0.0095 0.0116 0.0117 0.0124 0.0098 0.0173 0.0113 

Three-month Treasury 
rate 

0.0546 0.0544 0.0668 0.0721 0.0222 0.0204 0.0039 0.0014 

Three-month LIBOR rate 0.0614 0.0614 0.0764 0.0809 0.0298 0.0272 0.0141 0.0029 

Three-month Eurodollar 
rate 

0.0602 0.0602 0.0752 0.0799 0.0314 0.0363 0.0181 0.0046 

Change in commercial 
real estate price 

-0.0149 -0.0057 -0.0714 -0.0783 -0.0260 0.0211 -0.1790 -0.1956 
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Appendix B. Out-of-sample performances of alternative models 

 

Fig. B.1 The out-of-sample performances of Model 1 and models based on the z-score. The 
estimation sample covers the period of 1985–2004, and contains 221,327 observations (bank year) 
and 1,349 failed banks. The validation sample covers the period of 2005–2011, and contains 
51,871 observations and 368 failed banks. Model 1 is based on Eq. (17) in Section 3 of the paper. 
Model B.1 uses the z-score as the only explanatory variable. The z-score is the ratio of the sum 
of ROA and capital ratio to the standard deviation of ROA. The standard deviation of ROA is 
calculated using the data on the current quarter and the seven previous quarters. Model B.2 
includes the z-score, the government securities ratio, the brokered deposits ratio, and the TED 
spread as explanatory variables. Model B.3 includes all explanatory variables in Model B.2 plus 
the interaction terms between the z-score and three liquidity risk measures. This plot shows that 
Model 1 has better out-of-sample performance than models based on the z-score.  
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Fig. B.2 The out-of-sample performances of Model 1 and additional models. The estimation 
sample covers the period of 1985-2004, and contains 221,327 observations (bank year) and 1,349 
failed banks. The validation sample covers the period of 2005–2011, and contains 51,871 
observations and 368 failed banks. Model 1 is based on Eq. (17) in Section 3 of the paper. Model 
B.4 includes all explanatory variables in Model 1, plus the interaction term between the TED 
spread and the government securities ratio, and the interaction term between the TED spread and 
the brokered deposits ratio. Model B.5 include all explanatory variables in the accounting-ratio 
model (e.g. Model 3 in Section 4) plus the TED spread and the brokered deposits ratio. Model 
B.6 include the Texas ratio, and three liquidity risk measures. This plot shows that Model 1 has 
better out-of-sample performance than Models B.5 and B.6. In addition, the out-of-sample 
performance of Model B.4 is similar to, but not better than, that of Model 1.   
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Table 1 
Definitions of new variables in the bank failure model 

This table summarizes the definitions of new variables in the final model. Table A.1 of 
Appendix A describes explanatory variables in the final model, bank-level and economic 
variables used in the derivation of the final model, and additional variables referred elsewhere in 
the paper. 
New variable Old expression 

,_ _ i tMarket Valuation Ratio  
, ,( / ( )) ( / ), , ,i t i t

BV dA TCE ALLL ROA ri t i t i t+ •  

,_ _ i tIntangible Capital Ratio  
, , ,( ) / ( )i t i t i t

BVE TCE TCE ALLLt − +  

_ _Loan Interest Ratioi,t  , ,_ _ / ( )i t i tLoan Interest Income TCE ALLLi,t +  

_ _Security Interest Ratioi,t  , ,_ _ / ( )i t i tSecurity Interest Income TCE ALLLi,t +  

,_ i tInterest_Expense Ratio  
, ,/ ( )BV

i,t i t i tInterest_Expense TCE ALLL+  

,i tNet_Noninterest_Ratio  
, ,/ ( )BV

i,t i t i tNet_Noninterest_Income TCE ALLL+  

,_ i tTexas Ratio  , ,/ ( )i,t i t i tNPA TCE ALLL+  

,_ i tHPI Effects  , , ,( / ( ))i,t i t i t i tNPA TCE ALLL HPI+ •∆  

,_ i tUnemployment Effects  , , ,( / ( ))i,t i t i t i tNPA TCE ALLL Unemp+ •∆  
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Table 2 
Sample description 

This table summarizes the sample size and the number of failed banks in the estimation and 
validation samples. The estimation sample covers the period of 1985–2004, while the validation 
sample covers the period of 2005–2011. 
Sample Period Failed banks Total observations (bank year) 

Estimation sample 1985–2004 1,349 221,327 

Validation sample 2005–2011 368 51,871 

All 1985–2001 1,717 273,198 
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Table 3 
Estimation results for Models 1–4 

Panel A reports in-sample (1985–2004) and out-of-sample performance statistics for Models 
1-4 using annual data.  Panel B reports parameter estimates for Models 1–4 on the annual data 
sample from 1985 to 2004.  *, **, and *** indicates statistical significance at the 10%, 5%, and 1% 
level, respectively.  

Model 1 is based on the log-hazard model specified in Eq. (17): 

 

( ), 1 , 1 0 1 , 2 ,

3 4 5 ,

6 , 7

ˆ _ _ _ _

_ _ _ _ _

_

i t i t i t i t

i t

i t

h E h t Market Valuation Ratio Intangible Capital Ratio

Loan Interest Ratio Security Interest Ratio Interest_Expense Ratioi,t i,t
Net_Noninterest_Ratio Texas Ratio

β β β

β β β

β β

+ += = + +

+ + +

+ + , 8 , 9 ,_ _
_  .10 11 12

i t i t i tHPI Effects Unemployment Effects
Gov Sec_R Brokered_Deposit_R Tedi,t i,t t

β β

β β β

+ +

+ + +

 

Model 2 is Model 1 plus state fixed effects. Model 3 is an accounting-ratio model that 
includes all financial statement variables used in the Moody’s RiskCalc™ U.S. banks model. 
Model 4 uses the Texas ratio as the only explanatory variable.  

 
Panel A: Performance statistic 
 Model 1 Model 2: Model 3: Model 4: 
  State fixed 

effects model 
Accounting-
ratio model 

Texas ratio 
model 

Model statistics 
Observations 221,327 220,878 221,327 221,327 
Pseudo R2 0.546 0.561 0.538 0.443 
AIC 7,487.785 7,337.796 7,626.925 9,168.523 
BIC 7,621.781 7,976.729 7,729.999 9,189.138 
Log likelihood -3,730.892 -3,606.898 -3,803.462 -4,582.261 
 
In-sample performance (1985–2004) 
AUC statistic 0.983 0.984 0.977 0.960 
Accuracy ratio 0.966 0.968 0.954 0.920 
HL statistic 81.841 54.029 144.339 114.990 
HL P-value 0.000 0.000 0.000 0.000 
Brier score*1000 4.391 4.308 4.337 4.911 
 
Out-of-sample performance (2005–2011) 
AUC statistic 0.979 0.952 0.961 0.971 
Accuracy ratio 0.958 0.904 0.922 0.942 
HL statistic 18.274 118.939 4731.154 179.004 
HL P-value 0.051 0.000 0.000 0.000 
Brier score*1000 4.051 4.635 4.463 5.114 
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Table 3 (continued) 
 
Panel B: Parameter estimates for Models 1–4 
 Model 1 Model 2 Model 3 Model 4 
Constant -7.362*** 

[0.142] 
-6.440*** 
[0.342] 

3.481*** 
[0.478] 

-7.029*** 
[0.054] 

Market valuation ratio -0.504*** 
[0.024] 

-0.499*** 
[0.025] 

 
 

 
 

Intangible capital ratio -0.374 
[0.323] 

-0.182 
[0.281] 

 
 

 
 

Loan interest ratio -0.461*** 
[0.163] 

-0.250 
[0.171] 

 
 

 
 

Security interest ratio -2.275*** 
[0.330] 

-2.027*** 
[0.340] 

 
 

 
 

Interest expense ratio 2.391*** 
[0.208] 

2.321*** 
[0.221] 

 
 

 
 

Net noninterest income ratio 0.189 
[0.219] 

0.308 
[0.225] 

 
 

 
 

Texas ratio 1.820*** 
[0.073] 

1.703*** 
[0.074] 

 
 

3.626*** 
[0.055] 

HPI effects -1.978*** 
[0.703] 

-0.085 
[0.826] 

 
 

 
 

Unemployment effects 3.347 
[2.858] 

2.457 
[3.034] 

 
 

 
 

Government securities ratio -2.937*** 
[0.457] 

-2.955*** 
[0.445] 

-4.317*** 
[0.347] 

 
 

Brokered deposits ratio 3.155*** 
[1.108] 

4.546*** 
[1.192] 

 
 

 
 

TED spread 75.353*** 
[9.626] 

69.162*** 
[10.568] 

 
 

 
 

Capital ratio  
 

 
 

-74.968*** 
[3.464] 

 
 

Return on assets  
 

 
 

-45.804*** 
[2.301] 

 
 

Net interest margin  
 

 
 

-27.143*** 
[3.819] 

 
 

Loan mix  
 

 
 

0.572*** 
[0.182] 

 
 

OREO ratio  
 

 
 

24.927*** 
[1.944] 

 
 

Size  
 

 
 

-0.271*** 
[0.034] 

 
 

Consumer loan charge-off ratio  
 

 
 

-22.645 
[67.917] 

 
 

Commercial loan charge-off 
ratio 

 
 

 
 

115.595*** 
[32.067] 
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Table 3 (continued) 
 
Panel B: Parameter estimates for Models 1–4 (continued) 
 Model 1 Model 2 Model 3 Model 4 
     
AZ  

 
-0.890** 
[0.427] 

 
 

 
 

CA  
 

-1.059*** 
[0.351] 

 
 

 
 

FL  
 

-1.034*** 
[0.363] 

 
 

 
 

GA  
 

-2.809*** 
[0.746] 

 
 

 
 

IL  
 

-2.228*** 
[0.451] 

 
 

 
 

NV  
 

0.000 
[NA] 

 
 

 
 

NY  
 

-0.650 
[0.428] 

 
 

 
 

TX  -0.365 
[0.313] 

  

WY  
 

0.000 
[NA] 
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Table 4 
Observed and predicted conditional failure rate for Models 1–4 (2005–2011) 

This table reported the observed aggregate bank failure rate along with its predicted values 
from Models 1-4. Model 1 is based on Eq. (17). Model 2 is Model 1 plus state fixed effects. 
Model 3 is an accounting-ratio model that includes all financial statement variables used in the 
Moody’s RiskCalc™ U.S. banks model. Model 4 uses the Texas ratio as the only explanatory 
variable. The predicted values of Model 1 are closer to the actual values among all models.  
  Actual Prediction 
Year Model 1 Model 2 Model 3 Model 4 
2005 0.00% 0.04% 0.03% 0.05% 0.12% 
2006 0.00% 0.06% 0.05% 0.05% 0.12% 
2007 0.01% 0.06% 0.06% 0.05% 0.13% 
2008 0.32% 0.27% 0.21% 0.08% 0.17% 
2009 1.67% 1.58% 1.00% 0.50% 0.44% 
2010 1.91% 1.89% 1.15% 1.65% 1.14% 
2011 1.27% 1.20% 0.71% 1.44% 1.24% 
Average 0.71% 0.70% 0.44% 0.52% 0.46% 
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Table 5 
Effects of liquidity risk measures on the predicted conditional failure rate (2005–2011) 

This table reports the observed aggregate bank failure rate along with the predicted value 
from Model 1, and the predicted values when excluding different funding liquidity risk measures 
from Model 1. Model 1 is based on Eq. (17). The TED spread is a measure of systemic funding 
liquidity risk.  
 Actual  Prediction   
Year Model 1 Excluding TED 

spread 
Excluding bank-
specific liquidity 

measures 

Excluding all 
liquidity risk 

measures 
2005 0.00% 0.04% 0.03% 0.05% 0.04% 
2006 0.00% 0.06% 0.04% 0.07% 0.05% 
2007 0.01% 0.06% 0.05% 0.07% 0.06% 
2008 0.32% 0.27% 0.10% 0.29% 0.10% 
2009 1.67% 1.58% 0.43% 1.46% 0.37% 
2010 1.91% 1.89% 1.74% 1.77% 1.62% 
2011 1.27% 1.20% 1.12% 1.17% 1.09% 
Average 0.71% 0.70% 0.48% 0.67% 0.45% 
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Table 6 
Contribution of liquidity risk measures in predicting bank failures (2008–2011) 

This table summarizes the contribution of different funding liquidity risk measures in 
predicting bank failures by year. The TED spread is a measure of systemic funding liquidity risk.  
Year Contribution 

TED spread Bank-specific liquidity risk measures All liquidity risk measures 
2008 64.38% -7.33% 62.75% 
2009 73.12% 7.73% 76.94% 
2010 7.75% 6.49% 14.12% 
2011 6.40% 2.36% 8.88% 
Average 31.95% 4.17% 35.36% 
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Fig. 1. The failure rate of U.S. commercial banks, 1985–2011. The U.S. bank failure rate peaked 
in 1988 and 2010. The former was linked to the savings and loan crisis of the 1980s and 1990s, 
while the latter was associated with the financial crisis of 2007–2009. 
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Fig. 2. The capital ratios and the failure rate of U.S. commercial banks, 1985–2011. This figure 
plots the one-year conditional bank failure rate against the average capital ratio and the average 
tangible capital ratio in the previous year. It shows that both ratios peaked in 2007, the year when 
the recent financial crisis started.  
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Fig. 3. The market value ratio and the failure rate of U.S. commercial banks, 1985–2011. This 
figure plots the one-year conditional bank failure rate against the average market valuation ratio 
in the previous year. It shows that the failure rate is inversely correlated to the average market 
valuation ratio in the preceding year.  
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Fig. 4. The Texas ratio and the failure rate of U.S. commercial banks, 1985–2011. This figure 
plots the one-year conditional bank failure rate against the average Texas ratio in the preceding 
year, which shows that the conditional failure rate is highly positively correlated to the average 
Texas ratio.  
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Fig. 5. The Ted spread and the failure rate of U.S. commercial banks, 1985–2011. This figure 
plots the one-year conditional bank failure rate against the TED spread in the preceding year. It 
shows that a rise in the TED spread generally precedes a rise in the bank failure rate.  
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Fig. 6. In-sample ROC curves comparisons of Models 1–4 (In-sample: 1985–2004). The 
estimation sample covers the period of 1985–2004, and contains 221,327 observations (bank 
year) and 1,349 failed banks. Model 1 is based on Eq. (17). Model 2 is Model 1 plus state fixed 
effects. Model 3 is an accounting-ratio model that includes all financial statement variables used 
in the Moody’s RiskCalc™ U.S. banks model. Model 4 uses the Texas ratio as the only 
explanatory variable. The state fixed effects model (i.e., Model 2) has the highest in-sample 
AUC statistic.  
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Fig. 7. Out-of-sample ROC curves comparisons for models 1–4 (Out-of-sample: 2005–2011). 
The validation sample covers the period of 2005–2011, and contains 51,871 observations and 
368 failed banks. Model 1 is based on Eq. (17). Model 2 is Model 1 plus state fixed effects. 
Model 3 is an accounting-ratio model that includes all financial statement variables used in the 
Moody’s RiskCalc™ U.S. banks model. Model 4 uses the Texas ratio as the only explanatory 
variable. Model 1 has the highest out-of-sample AUC statistic. 
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Fig. 8. Prediction performances of Models 1–4 (in-sample: 1985–2004; out-of-sample: 2005–
2011).  The estimation sample covers the period of 1985-2004, and contains 221,327 
observations (bank year) and 1,349 failed banks. The validation sample covers the period of 
2005–2011, and contains 51,871 observations and 368 failed banks. This figure plots the actual 
one-year conditional bank failure rate against the predictions from Models 1-4. Model 1 is based 
on Eq. (17). Model 2 is Model 1 plus state fixed effects. Model 3 is an accounting-ratio model 
that includes all financial statement variables used in the Moody’s RiskCalc™ U.S. banks model. 
Model 4 uses the Texas ratio as the only explanatory variable. The out-of-sample predictions of 
Model 1 are more accurate than predictions from other models.  
   
 
  

0

.5

1

1.5

2
Fa

ilu
re

 ra
te

(%
)

1985

1987

1989

1991

1993

1995

1997

1999

2001

2003

2005

2007

2009

2011

Year

 Actual
 Model 1
 Model 2: state fixed effects
 Model 3: accounting ratio model
 Model 4: Texas ratio



61 
 

 
 
Fig. 9. Summary of liquidity risk effects on bank failures (in-sample: 1985–2004, out-of-sample: 
2005–2011). This figure plots the actual one-year conditional bank failure rate against the 
predicted values from Model 1, and the predictions when excluding different funding liquidity 
risk measures from Model 1. The TED spread is a measure of systemic funding liquidity risk. It 
shows a significant shift when the TED spread is excluded.  
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Fig. 10. The effects of systemic funding liquidity risk (in-sample: 1985–2004, out-of-sample: 
2005–2011). This figure plots the actual one-year conditional bank failure rate against the 
predicted values from Model 1, and the predictions when excluding the TED spread.  The TED 
spread is a measure of systemic funding liquidity risk. The differences between the predictions of 
Model 1 and the predictions without the TED spread were large in 1988 and 2009. 
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Fig. 11. The effects of bank-specific funding liquidity risk (in-sample: 1985–2004, out-of-sample: 
2005–2011). This figure plots the actual one-year conditional bank failure rate against the 
predicted values from Models 1, and the predictions when excluding the bank-specific funding 
liquidity risk measures. The differences between the predictions of Model 1 and the predictions 
without bank-specific funding liquidity risk measures were generally small. 

 

 

 

-1

0

1

2

3
Fa

ilu
re

 ra
te

(%
)

1985

1987

1989

1991

1993

1995

1997

1999

2001

2003

2005

2007

2009

2011

Year

Observed 1-year conditional failure rate
Model 1
Exclude bank-specific liquidity risk measures
Difference


	1. Introduction
	2. Related literature
	3. Econometric model
	3.1. The liquidity risk component
	3.2. The insolvency risk component
	3.3. The market value of equity estimator
	3.4. The book value of equity estimator
	3.5. The final model

	4. Data description
	5. Estimation results
	5.1. Model performance
	5.2. The role of funding liquidity risk

	6. Conclusion
	Appendix A. Additional tables
	Appendix B. Out-of-sample performances of alternative models


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /CMYK
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata najpogodnijih za visokokvalitetni ispis prije tiskanja koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


