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Abstract 

 
Due to the financial crisis and the sovereign debt crisis, how to measure the systemic risk 

becomes an important issue in the mainstream of financial econometrics. In this paper, we 

propose a measure for systemic risk and name it as CSRISK index, which expresses the worst 

capital shortfall of a financial institution conditional on a substantial market decline. This 

index only needs public financial data including accounting and market trading information, 

thus it is quick and inexpensive. Furthermore, the sum of all institutions’ CSRISKs in the 

whole financial system represents an early warning indicator for the banking supervisor. The 

quantile regression approach is introduced to estimate the CSRISK. We use 238 U.S. banks 

from 2003 to 2013 as the empirical sample. Although traditional risk measures correspond 

lots of risk components, but the empirical results indicate that the CSRISK can provide some 

omissive information. Besides, all banks indeed produce the largest CSRISK during the 

financial crisis of 2008-2009. In terms of the market CSRISK, we find it is increasing from 

2004 to 2009 and then is slightly decreasing. This systemic risk measure can potentially be 

widely applied in the practical risk management and macro prudential policy making. 
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1. Introduction 

De The financial crisis of 2008–2009 and the sovereign debt crisis of 2010–2012 bring 

several severe impacts of the financial system and the broader economy. These events have 

motivated banking supervisors, practitioners, and academics to pay more attention to the 

systemic risk. In the recent survey, Bisias et al. (2012) and Brunnermeier and Oehmke (2012) 

categorize and contrast quantitative measures of systemic risk in the economics and finance 

literature. One type of these approaches is to measure co-dependence in the tails of individual 

firms and the whole economy. Adrian and Brunnermeier (2011) propose the CoVaR 1  to 

measure systemic risk by the spillover effects from individual equities to the whole economy; 

Acharya et al. (2010) use the systemic expected shortfall (SES) to capture the downside risk 

when the whole market is in crisis. Other recent studies related to systemic risk include, for 

example, contingent claims analysis (Kritzman and Li, 2010; Gray and Jobst, 2011), granger-

causality network model (Boyson et al., 2010; Bisias et al., 2012; Aragon and Strahan, 2012), 

and stress tests (Alfaro and Drehmann, 2009; Duffie, 2011).  

First of all, we need to identify the meaning of systemic risk. Note that the systemic risk 

is different to the systematic risk. Systematic risks generally represent macroeconomic or 

market risks induced by certain aggregate shocks. However, the formal definition of systemic 

risk is much less clear than systematic risk, see Hansen (2012). One definition provided by 

Billio et al. (2012) is “any set of circumstances that threatens the stability of or public 

confidence in the financial system”. Similarly, Daniel Tarullo, the Governor of the United 

States Federal Reserve, defines the systemic risk2 as follows,  

“Financial institutions are systemically important if the failure of the firm to meet its 

obligations to creditors and customers would have significant adverse consequences for the 

financial system and the broader economy.”  

In this definition, the core problem of the systemic risk is that the financial institutions 

bankruptcies or near bankruptcies makes negative externalities to the whole economy. In 

other words, when the market value of a financial institution’s equity falls to a significantly 

small proportion of its outstanding liabilities, its capital falls short and it has certain systemic 

risk.  

In this research, we follow the above definition of systemic risk. Based on this point, 

Acharya et al. (2010) show that the systemic risk of a financial institution contains three 

                                                 
1 A number of papers apply and extend the CoVaR for many financial markets. For example, Boyson et 

al. (2010) find strong evidence of worst return contagion across hedge fund styles; Chan-Lau (2009) 

apply CoVaR in the CDS of Asia-Pacific banks; the systemic risk of the Canadian banking system is 

estimated in Gauthier et al. (2012).   

 
2 “Regulatory Restructuring,” Testimony before the Committee on Banking, Housing, and Urban 

Affairs, U.S. Senate, Washington, D.C., July 23, 2009.  
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components: the real social cost of a crisis per dollar of capital shortfall, probability of a 

crisis, and expected capital shortfall of the firm in a crisis. Brownlees and Engle (2012) focus 

on the third component, which captures many important characteristics of systemic risk such 

as size, leverage, and interconnectedness. They provide the SRISK index which is the 

expected capital shortfall of a firm conditional on a substantial market decline. Furthermore, 

they have implemented this model based on publicly available data to measure the systemic 

risk of each financial institution. The results of their analysis are posted on the V-Lab web 

page at New York University (http://vlab.stern.nyu.edu/welcome/risk).  

The primary motivation of this project is quite clear and meaningful. Because the SRISK 

is the expected capital shortfall of a firm conditional on a substantial market decline, it may 

overlook the tail-comovement effect of the individual financial institution and whole financial 

system. To be more precise, when the financial market is in distress, it is natural that each 

financial institution usually has larger capital shortfall. Therefore, in this project, we extend 

the SRISK index and propose a new systemic risk measure that can provide further 

information about the tail-comovement. This new systemic risk measure is denoted as the qth-

quantile capital shortfall conditional on a substantial market decline. In this project, we focus 

on the worst capital shortfall (q = 0.01) and name it as the CSRISK. Comparing with SRISK, 

for example, when a financial institution’s SRISK is $1,000 million, it represents its average 

capital shortfall is $1,000 million conditional on a market decline. However, the capital 

shortage of this financial institution has a high probability to be larger than $1,000 million. 

The CSRISK could be regarded as a more conservative systemic risk indicator. When the 

value of CSRISK (q = 0.01) is $1,000 million, it indicates that the capital shortage of this 

financial institution has only 1% probability to exceed the $1,000 million.  

The CSRISK retains two advantages of SRISK. First, the CSRISK also merges both 

accounting and market trading information of a financial institution. The accounting value of 

institution’s liabilities is easily available in the balance sheets and the market trading data 

could measure the market value of its equity immediately. Thus, this approach is quick and 

inexpensive. Secondly, the sum of every financial institution’s CSRISK in the whole financial 

system could represent the aggregate systemic risk which could be an early warning indicator 

for the banking supervisor in policy making. Nevertheless, the CRSISK is more flexible than 

SRISK. Although we focus on the worst capital shortfall conditional on a market decline, the 

CSRISK with q = 0.5 could provide the similar information of systemic risk as SRISK. In this 

project, we adopt the quantile regression approach; see Koenker and Bassett (1978) and 

Koenker (2005), to estimate CSRISK. The quantile regression can estimate the various qth-

quantile capital shortfalls conditional on a substantial market decline efficiently.  
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The rest of this proposal is organized as follows. Section 2 introduces our model related 

to the capital shortfall and shows the definition of CSRISK. How to estimate CSRISK 

through the quantile regression approach is represented in Section 3. Then Section 4 describes 

our empirical results. Section 5 shows the conclusions of this paper.  

2. Capital Shortfall and CSRISK  

When the capital shortfall of each financial institution occurs during a period of distress 

for the whole financial system, Acharya et al. (2010) propose an economic model to formally 

link these capital shortfalls and systemic risk. In their model, each firm’s contribution to 

systemic risk denoted systemic expected shortfall (SES), can be measured and priced. 

However, this approach cannot be used for ex-ante systemic risk measurement. Brownlees 

and Engle (2012) extend the SES approach and propose an alternative dynamic reduced 

estimation strategy. They provide the SRISK index which is the expected capital shortfall of a 

firm conditional on a substantial market decline. The SRISK index depends on the firm’s 

degree of leverage, size and equity loss conditional on a market decline that is denoted as the 

Marginal Expected Shortfall (MES). For computing the SRISK index, people not only need 

the information on the equity and debt which can be easily measured, but also require an 

appropriate econometric approach to estimate the MES from return data. Brownlees and 

Engle (2012) introduce a bivariate dynamic time series model for the daily firm and market 

returns. Their approach includes volatility and correlation modeling using GARCH and DCC 

models, respectively. The detailed literature could be found in Bollerslev (2008), Engle 

(2002, 2009).  

Even though several strategies are devised to measure capital shortfalls, we directly 

follow the approach of Brownlees and Engle (2012) to combine balance sheet data with 

market trading data. Since this approach is market based in spirit, it could also reflect 

investors’ expectations. Our model is introduced as follows. Suppose the financial 

supervisory institution would restrict each institution to maintain equity as a fraction k of its 

assets. Thus we can define the capital buffer of the financial institution i at time t as  

 

Where Dit and Wit are the book value of financial institution’s debt and the market value 

of its equity respectively. When CBit is positive, the financial institution i has sufficient 

working capital. On the other hand, when CBit is negative, the financial institution i occurs 

capital shortfall. For convenience, we denote the capital shortfall of the financial institution i 

at time t as  
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Where rit denotes the return of financial institution i between period t − 1 and t.  

Note that CSit is combined both accounting and market trading information of a financial 

institution. Of course, some one may doubt why not directly using the accounting data to 

measure CSit. The main cause is that the value of assets and liabilities every month or even 

every quarter. Using instant market trading data can not only quickly expose the systemic 

risk, but also easily predict its future value. Because a firm’s nominal liability (Dit) comes due 

at a future time, in practical applications, we simply measure Dit from the recently observable 

accounting data. However, estimating the market value of equity differs from Dit, it can 

provide a market estimate of the firm’s value on the moment. To be more precise, the market 

value of the financial institution i (Wit) is estimated through its previous value (Wit−1) and an 

instant estimation of the return (rit). Furthermore, we could take into account some economic 

factors or use the econometric approach to forecast firm’s future market value.  

In the works of Brownlees and Engle (2012), they are interested in computing the 

expected capital shortfall when the financial market is in distress. We agree the importance of 

expected capital shortfall; nevertheless, the tail behavior of capital shortfall could reveal other 

useful information. In order to capture the tail behavior of capital shortfall conditional on a 

market distress, we first denote the capital shortfall conditional on the event rmt = Ct as  

 

Where rmt is the market return at time t and Ct is a certain threshold number. Furthermore, 

we assume that when the market is in distress, debt cannot be renegotiated, implying Dit|rmt=Ct 

= Dit. Then the Eq. (3) could be rewrite as  

 

Recall that Value at Risk (VaR), defined as a worst case scenario in terms of losses on a 

typical day, is a popular measure of tail risk management that is not only recommended by 

banking supervisors but is also widely used throughout the financial industry, including by 

banks and investment funds, see P ́erignon and Smith (2010a,b). The value of VaRit
q is 

implicitly defined as the q quantile, i.e.,  

 

Note that VaRit
q is usually a negative number. In this study, we also focus on a worst-case 

scenario in terms of the capital shortfall of the institution conditional on the market distress. 

Then a new tail risk measure CSVaRit
q could be defined as  
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When the financial market is in distress, CSVaRit
q exposes the worst case of capital 

shortfall. A positive CSVaRit
q means institution i may occur capital shortfall. A higher 

CSVaRit
q implies the financial institution i contains higher systemic risk. However, a negative 

CSVaRit
q indicates that the institution i is going to function properly. Therefore, we define the 

systemic risk index based on the worst capital shortfall of institution i as  

 

Comparing to the general financial institution’s stress tests, estimating CSRISK only uses 

public data and is relatively inexpensive to implement. Then the total amount of systemic risk 

in the financial system could be defined as  

 

This index shows the whole systemic risk level that provides an early warning system for 

the government in policy making and for the public in their financial decision making.  

3. Estimating CSRISK  

In this section, we introduce how to estimate the CSRISK. Although several strategies 

can be devised to estimate the CSRISK, e.g., developing volatility models or bootstrapping 

past returns, we adopt the quantile regression approach due to its simplicity and efficiency, 

see Koenker and Bassett (1978) and Koenker (2005). Although quantile regression estimators 

seem to be determined by a small subset of observations, in fact, they do not ignore any 

sample information. Other financial literature using quantile regression approach is included 

Engle and Manganelli (2004), Boyson et al. (2010), Adams et al. (2010), and Adrian and 

Brunnermeier (2011).  

It is desirable to briefly describe the basic idea of quantile regression approach before 

moving to our main task. For a random variable Y with distribution FY , we denote the q-th 

quantile of FY as QY (q) which is  

 

Where q ∈ [0, 1]. Suppose the q-th conditional quantile function is QY (q|xi)=x′iβq. We 

can estimate βq by solving  
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where ρq(a)=qa if a>0 and ρq(a)=(q−1)a if a≤0. The quantity βˆq is called the q-th 

regression quantile. For the case q = 0.5, equation (10) is to minimizes the sum of absolute 

errors and equally estimate the parameters using the least absolute deviation (LAD) method.  

Now we move on to discuss how to estimate CSVaR. By Eqs. (4) and (6), we can find the 

q-th quantile capital shortfall conditional on rmt as follows,  

 

Where Qrit(q|rmt) is the q-th quantile of rit conditional on certain value of rmt. Therefore, 

we just need to estimate Qrit(q|rmt), then CSVaRit
q can be computed directly. In this study, we 

use rmt = VaR0.01
mt to represent a substantial market decline. Following the idea of Adrian and 

Brunnermeier (2011), we estimate the conditional distribution as a function of state variable 

to capture time variation of rit and rmt. We denote Mt−1 as a vector of lagged state variables 

and run the following quantile regressions:   

 

We can obtain the predicted values from above regression as follows,  

 

By Eqs. (11) and (15), the estimation of CSVaRit
q is measured as  

 

Note that we assume Dit is the newly obtainable data at time t − 1, thus it does not need to 

be predicted. Therefore, we can estimate CSRISKit
q by  

 

and the total amount of systemic risk in the financial system is  

 

4. Empirical Tests  

4.1. Data  

In this study, we use the American banks as our sample to verify the feasibility of the 

CSRISK. The sample period is from 2003/1/1 to 2013/12/31. Weekly returns and market 

value are extracted from CRSP and the quarterly book value of debt from COMPUSTAT. 

More clearly, the market value is calculated by prc times cshoq (CRSP codes for the closing 

price and common shares outstanding). And the book value of debt is measured by dlc pluses 

dltt (COMPUSTAT codes for financial debt in current liabilities and long-term financial 
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debt). Since market value or debt defined this way should never be negative, so observations 

with negative market value or debt are deleted from our sample. Furthermore, we also ignore 

the stocks that contain any missing data in our sample period. For estimating CSRISK, the 

suitable state variables Mt should be determined. We use the Fama-French three factors 

including SMB (Small Minus Big), HML (High Minus Low), and the excess return on the 

market (Rm − Rf ). All factors data can be downloaded from the French’s website. 3 

Based on the above filters, there are 238 banks included in our sample and each stock 

contains 574 records. Table 1 shows these stocks’ tickers and company names. Moreover, we 

also report the market value, the book value of debt, and the capital buffer on the last trading 

day (2013/12/27). The size of market value or debt is very important. The bank with bigger 

market value or debt may have higher probability to induce the market crisis. For example, 

the market value of BAC is 144,319 millions, but a lot of stocks’ market value are less than 

100 millions. Maybe we need to pay more attention on the BAC in term of whole market 

level. The last column in the Table 1 states the capital buffers which are calculated by the Eq. 

(1). In this study, we always set the capital requirement ratio k is 0.08.  

Although only two banks have negative capital buffer value, it does not mean that the 

financial market is always stable and safety. For more detailed investigating, in the Table 2, 

we report some basic statistics of the market value, debt, and capital buffer in each year. Take 

the Panel A as the example. In 2003, based on 238 banks, we first calculate the averages of 

the market value, debt, and capital buffer in each year. Then, among these averages, their 

mean, minimum (Min), the first quartile (Q1), median, the third quartile (Q3), and maximum 

(Max) are 2,876.11, 12.82, 101.83, 262.30, 881.74, and 112,524.38 millions. The most 

important thing is in the Panel C. In each year, despite most of banks have positive average 

capital buffer, but some banks face average negative capital buffer or called capital shortfall. 

Moreover, in this study, we want to find the expected capital shortfall of a bank when the 

financial market is in distress. Of course, it is natural that each bank usually has larger capital 

shortfall and we show the results in the following sections.  

4.2. Individual CSRISK  

The rolling window method is used to determine the 0.01-th quantile of weekly return 

when market is in distress. In each estimating window, we consider the quantile regression 

models as Eq. (12) and (13) and let q = 0.01. The estimating period length is fifty, which 

means that, in each estimating model, fifty weekly returns are used to estimate parameters. 

After obtaining the 0.01-th quantile of weekly return conditional on market distress, we can 

determine the individual CSRISK by the Eq.(16) and (17).  

                                                 
3 French’s website, http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data library.html  
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We evaluate the downside standard deviations (σ−), the value at risk (VaR), the expected 

shortfall (ES) and four statistics of CSRISK including median, mean, the third quartile (Q3), 

and maximum. To show the relation among these risk measures, we make the scatter plots in 

the Fig 1. It is clear that downside risk (σ−) and VaR (or ES) have strongly liner relationship. 

However, the relation between the CSRISK and general risk measures is unambiguous. This 

outcome indicates that although traditional risk measures correspond lots of risk components, 

but the CSRISK could further provide some omissive information about the systemic risk.  

Table 3 reports the results of the top 30 banks in terms of the maximum value of CSRISK 

from 2004 to 2013. We can find that the size of CSRISK is very various, for instance, the 

BAC’s maximum CSRISK is 70,454 millions, but the CPF’s maximum CSRISK is only 70 

millions. The government should pay more attention on these banks with large CSRISK. Then 

we focus only on four banks, JPM, DB, BAC, and KB and plot their boxplots in the Fig. 2. In 

the Figs. 3-6, we show each bank’s market value, weekly returns, book value of debt, capital 

shortfall, 0.01-th quantile of return conditional on market distress [Qrit (0.01|r=VaR0.01
mt)], 

and CSRISK. We observe that higher CSRISK value usually comes with lower market value, 

larger debt, and lower Qrit (0.01|r=VaR0.01
mt).  During the financial crisis of 2008–2009, all 

banks produce the largest CSRISK.  

4.3. Market CSRISK  

After determining every bank’s individual CSRISK, we can sum them and get the whole 

market CSRISK as the Eq.(18). The market CSRISK can be regarded as an important index 

for measuring financial market risk, because it represents expect value of the worst market 

capital shortfall conditional on market distress. In the Table 4, we divide full sample period 

into 10 years and calculate the mean, minimum, maximum, and five different quantiles (10%, 

30%, 50%, 70%, 90%) of the market CSRISK. Since the financial crisis happened in the end 

of 2008, thus the market CSRISK exhibits the largest value in 2009 in terms of mean and 

maximum. In the Figure 7, we plot the maximum market CSRISK in each year. It clearly 

indicates that the CSRISK is increasing from 2004 to 2009 and then is slightly decreasing. 

However, we need to note that although the maximum of CSRISK is decreasing from 2011 to 

2013, but its mean keeps about 70,000 millions and its minimum is sharply increasing in 

2013.  

5. Conclusions 

In this project, we propose a new measure for systemic risk and name it as CSRISK index 

that expresses the worst capital shortfall of a financial institution conditional on a substantial 

market decline. This index only needs public financial data including accounting and market 

trading information, thus it is quick and inexpensive. Furthermore, the sum of all institutions’ 

CSRISKs in the whole financial system represents an early warning indicator for the banking 
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supervisor. The quantile regression approach is introduced to estimate the CSRISK. We use 

238 U.S. banks from 2003 to 2013 as the empirical sample. Although traditional risk 

measures correspond lots of risk components, but the empirical results indicate that the 

CSRISK can provide some omissive information. Besides, all banks indeed produce the 

largest CSRISK during the financial crisis of 2008–2009. In terms of the market CSRISK, we 

find it is increasing from 2004 to 2009 and then is slightly decreasing. This systemic risk 

measure can potentially be widely applied in the practical risk management and 

macroprudential policy making.  
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