Does Systemic Risk in the Financial Sector Predict
Future Economic Downturns?

Abstract

We derive a measure of aggregate systemic risk using the 1% VaR measures of a cross-
section of financial firms, designated CATFIN. In out-of-sample tests, CATFIN forecasts
economic downturns almost one year in advance. Even the CATFIN of small banks has
predictive power, thereby suggesting that our findings are not the result of too-big-to-fail
subsidies. A similarly defined risk measure for non-financial firms has no marginal pre-
dictive ability, consistent with bank specialness. The CATFIN measure can be used in
conjunction with micro-level systemic risk measures (such as CoVaR) to calibrate regula-
tory limits and risk premiums on individual bank systemic risk taking.
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1. Introduction

The full details of the regulatory reforms to be enacted in the wake of the financial crisis of
2007-2009 are not fully formed, but one thing is clear - the regulatory mandate will include
some oversight of systemic risk. Bank regulation has historically been disaggregated, with the
focus mainly on the safety and soundness of the individual institution, implicitly assuming that
if each individual institution was sound, then the entire system was safeﬂ If there is a bright
spot in all of the pain associated with the global financial meltdown, it is a new focus on the
systemic consequences of individual bank risk taking activity. Thus, a series of proposals to
measure systemic risk have been advanced, such as CoVaR (Adrian and Brunnermeier (2009)),
co-risk (Chan-Lau (2009)), a contingent claims approach (Gray and Jobst (2009)), Shapely
values (Tarashev, Borio, and Tsatsaronis (2009)) and the IMF risk budgeting and standardized

approaches (Espinosa-Vega, Kahn, and Sole (2010)).

The common theme in these “micro-level” systemic risk measurement proposals is that
they measure the systemic risk exposure of each bank. That is, these measures provide empir-
ical measures of the interrelationships across individual banks so as to forecast the potential for
contagious risk transmission throughout the banking system. This is a necessary and worth-
while endeavor, but not the subject of this paper. Thus, we will not comment on the relative
merits of each of these micro-level proposals in accomplishing their goal of measuring each

bank’s risk transmission potential.

Instead, we focus on a new measure to forecast the likelihood that systemic risk taking
in the banking system as a whole will have detrimental macroeconomic effects. That is, we
present an early warning system that will signal whether aggressive aggregate systemic risk
taking in the financial sector presages future macroeconomic declines. It should be clear that

both exercises must be undertaken in tandem if bank regulators are to fulfill their mandate as

lAcharya, Pedersen, Philippon, and Richardson (2008) note that this focus ignores negative externalities as
“each institution manages its own risk but does not consider its impact on the risk of the system as a whole.”
(Chapter 13, Executive Summary). They call for a micro-level measure of each bank’s systemic risk exposure,
but do not address the need for a macro-level measure of systemic risk.



systemic risk regulators. Thus, our measure is complementary to measures such as CoVaR, co-
risk, risk budgeting, etc. A macroeconomic systemic risk measure would be used to determine
whether individual micro-level risk taking poses arisk to the entire economy. Our measure can
forecast whether systemic risk taking in the financial sector is likely to generate an epidemic
that will infect the entire macroeconomic system. The proposed measure, denoted CATFIN,
can forecast significant declines in U.S. economic conditions approximately one year into the
future. All data used to construct the CATFIN measure are available at each point in time
(monthly, in our analysis), and we utilize an out-of-sample forecasting methodology. CATFIN
can, therefore, provide a valuable early warning system that could be used to trigger the more

extensive micro-level analysis of risk taking and contagion at individual banks.

The economic intuition for the CATFIN measure is that banks are specialE] This concept
has a long history in the traditional banking literature One might be tempted to conclude
that, given all of the recent changes in the structure of the banking industry, particularly the
convergence across types of financial intermediaries, banks would no longer be special. Our
empirical results, estimated over 40 years (from 1973-2009), suggest that financial institutions
are still special. Moreover, bank specialness is not limited to big banks that are Too Big to Fail
(TBTF). Indeed, even the smallest banks are special in that their risk taking drives economic

activity.

Financial institutions are special because they are fundamental to the operation of the
economy. Their critical intermediation function links sources and uses of financial capital
(by providing both credit and transaction accounts), and fuels the engines of investment and

aggregate economic activity. Indeed, the specialness of banks is indicated by the economic

2We utilize the term bank broadly to include all financial intermediaries: commercial banks, savings banks,
investment banks, broker/dealers, insurance companies, mutual funds, etc.

3Bernanke (1983) identified the special role of bank lending in exacerbating the economic declines of the
Great Depression, finding that the detrimental effects of bank failures went beyond the bank’s immediate stake-
holders (e.g., borrowers, shareholders, depositors). Ashcraft (2003) found further evidence of economic con-
sequences of bank failures resulting from declines in lending activity. In a series of essays (Corrigan 1982,
2000), former President of both the Federal Reserve Banks of Minneapolis and New York E. Gerald Corrigan
stressed banks’ special role as issuers of demand deposits acceptable as money, back-up sources of liquidity, and
a transmission belt for monetary policy. See James and Smith (2000) for a survey of the literature.



devastation that results when financial firms fail to operate. The 2007-2009 financial crisis
became a global economic crisis because banks shut down, hoarded liquidity and failed to
perform their primary tasks of absorbing risk and cash flow mismatches from their customers

- consumers, businesses, governments - thereby depressing economic conditions worldwide.

Since banks are special, we can derive a barometer forecast of economic conditions by ex-
amining the aggregate level of bank risk taking. The economic intuition behind the CATFIN
measure is simple. If the banking system collectively takes on excessive risk, economic con-
ditions will be in danger of decline. Since we can forecast this decline approximately a year
before it happens, we can presumably mobilize the remedy by using the micro-level measures
of systemic risk to identify which individual banks are the primary sources of the systemic
risk exposure. Deploying the micro-level systemic risk measures without first obtaining an
overall macroeconomic systemic risk signal is detrimental, as regulators run the risk of false
positives. That is, even if a large, individual bank is an aggressive risk taker, this may pose no
systemic risk hazard if the aggregate level of risk in the banking system is manageable (i.e.,
there is no risk of an economic crisis). Indeed, the way to mitigate the TBTF moral hazard
problem in bank regulation is to allow banks to choose their own levels of risk taking, as long
as they bear the consequences of their actions. Thus, if the high risk strategy is unsuccessful,
then the bank should be allowed to fail, as long as the CATFIN measure has signaled that the

failure will not cause systemic detrimental effects on the economy.

In this paper, we develop an early warning system that signals an impending economic
crisis if CATFIN is above certain historical levels. Utilizing the CATFIN early warning signal
in conjunction with micro-level systemic risk measures allows the permissible level of risk
taking, on an individual bank level, to be calibrated to forecast macroeconomic conditions.
Thus, when CATFIN signals a relatively robust economic forecast, a more laissez-faire policy
toward bank risk taking can be pursued, and the systemic risk premium could be set rather
low. However, when CATFIN signals trouble ahead, the regulator can take preemptive action

and set a more constraining limit and/or a higher systemic risk premium on micro-level bank



risk exposures. Thus, CATFIN can be used to calibrate a micro-level measure of systemic
risk, thereby introducing a forward looking approach to systemic risk management that can be
applied counter cyclically to stabilize economic fluctuations and offset some of the inherently
procyclical incentives in banking. We present analysis to show the forecasting robustness of

this early warning signal.

In this paper, CATFIN is the first principal component extracted from the 1% VaR mea-
sures for a cross-section of financial firms estimated from both parametric and non-parametric
VaR estimation methodologies. We construct a similar measure using non-financial firms and
a variety of industry groupings. We find that only the measure estimated using financial firms
has predictive power in forecasting macroeconomic conditions. We utilize the Chicago Fed
National Activity Index (CFNALI) as an index of U.S. macroeconomic activity, but our results
are robust to other indices of aggregate economic activity. Finally, we estimate CATFIN for
small banks only and compare the predictive power to that of CATFIN for large banks only.
Both large and small bank CATFIN measures forecast macroeconomic activity approximately
one year into the future, although the results are stronger for the large banks. However, this in-
dicates that the specialness of banks is not related to those banks that are TBTF, but is inherent

in financial intermediation.

The paper is organized as follows. We present the CATFIN measure in Section 2] Section
[|tests the predictive power of the CATFIN measure for future economic downturns. The early
warning system is developed in Sectiond, Some robustness checks are provided in Section [5

Section [6] concludes the paper.

2. Estimating Catastrophic Risk in the Financial Sector

We introduce a new measure of systemic risk that quantifies the risk of catastrophic losses
in the financial system that has predictive power in forecasting future macroeconomic down-

turns. The statistical approaches to estimating VaR serve as natural candidates for modeling



catastrophic losses. The methodologies used in the VaR literature are broadly divided into
three categories: (i) Models that directly estimate tail risk based on the extreme value distri-
butions (e.g., the generalized Pareto distribution (GPD) of Pickands (1975)); (i) Models that
investigate the shape of the entire return distribution, while providing flexibility of modeling
tail thickness and skewness (the skewed generalized error distribution (SGED) of Bali and
Theodossiou (2008)); and (iii) Estimation of VaR based on the left tail of the actual empir-
ical distribution without any assumptions about the underlying return distribution. The first
two approaches are known as the parametric methods, whereas the last one is considered a

non-parametric method.

In this paper, we do not take a stance on any particular VaR estimation methodologyf_f] We
first estimate VaR at the 99% confidence level using three different methodologies - the GPD,
the SGED and the non-parametric method. We then extract the first principal component,

designated CATFIN, from the three measures.

2.1. Generalized Pareto distribution (GPD)

The generalized Pareto distribution of Pickands (1975) is utilized to model return distribution
conditioning on extreme losses. Extremes are defined as the 10% left (lower) tail of the dis-
tribution of monthly returns for financial firms (SIC code > 6000 and SIC code < 6999) in

excess of the one-month Treasury bill rate.

Let us call f(r) the probability density function (pdf) and F(r) the cumulative distribution
function (cdf) of monthly excess stock returns r. First, we choose a low threshold /, so that

all r; <1 < 0 are defined to be in the negative tail of the distribution, where ry,r,,---,r, are a

4The interested reader may wish to consult Christoffersen (1998), Christoffersen and Diebold (2000),
Berkowitz (2001), Berkowitz and O’Brian (2002), and Berkowitz, Christoffersen, and Pelletier (2010) for al-
ternative methods to evaluate the empirical performance of VaR models.



sequence of excess stock returns. Then we denote the number of exceedances of / (or excess

stock returns lower than /) by

N =card{i:i=1,---,n,r; <l}, (1
and the corresponding excesses by M1, M>,---,My,. The excess distribution function of r is
given by:

F(y)=P(r—=1>ylr<l)=PM>y|r<l),y<O0. (2)

Using the threshold /, we now define the probabilities associated with r:

P(r<lIl)=F(l), 3)

P(r<l+y)=F(l+y), 4)
where y < 0 is an exceedance of the threshold /. Finally, let F;(y) be given by

ri) = "0 )

We thus obtain the Fj(y), the conditional distribution of how extreme a r; is, given that it al-
ready qualifies as an extreme. Pickands (1975) shows that Fj(y) is very close to the generalized

Pareto distribution G,,;,, ¢ in equation (6):

V| —

GuingMin0) = 105 (“ )| ©

where u, ¢, and & are the location, scale, and shape parameters of the GPD, respectively. The
shape parameter £ , called the tail index, reflects the fatness of the distribution (i.e., the weight
of the tails), whereas the parameters of scale ¢ and of location u represent the dispersion and

average of the extremes, respectivelyE]

3The generalized Pareto distribution presented in equation (@) nests the Pareto distribution, the uniform distri-
bution, and the exponential distribution. The shape parameter &, determines the tail behavior of the distributions.



The GPD presented in equation (6) has a density function:

Gnin (@) = (;) [1+§ (“ GM)]_@&). )

The GPD parameters are estimated by maximizing the log-likelihood function of M; with

LogLgpp = —nin(c) — <1J£‘t°) Zln (1 LE ( )) . @®)

Bali (2003) shows that the GPD distribution yields a closed form solution for the VaR thresh-

oldff| .
ﬁGPDZ,UJr(g) (ﬂ) ~1, ©)
n

where n and N are the number of extremes and the number of total data points, respectively.

respect to u, ¢, and &:

Once the location y, scale o, and shape & parameters of the GPD distribution are estimated,

one can find the VaR threshold 9gpp based on the choice of the loss probability level OCE]

In this paper, we first take the excess monthly returns on all financial firms from January
1973 to December 2009, and then for each month in our sample we define the extreme returns
as the 10% left tail of the cross-sectional distribution of excess returns on financial firms.
Assume that in month ¢ we have 300 financial firms that yield 30 extreme return observations
that are used to estimate the parameters of the generalized Pareto distribution. Once we have
the location, scale, and shape parameters of the GPD, we estimate the 1% VaR measure using
equation (9) with N = 300, n = 30, and o = 1%. This estimation process is repeated for each
month using the extreme observations in the cross-section of excess returns on financial firms,

and generates an aggregate 1% VaR measure of the U.S. financial system.

For & > 0, the distribution has a polynomially decreasing tail (Pareto). For & = 0, the tail decreases exponentially
(exponential). For § < 0, the distribution is short tailed (uniform).
®For alternative extreme value approaches to estimating VaR, see Neftci (2000) and McNeil and Frey (2000).
"The original VaR values are negative since they are obtained from the left tail of the return distribution. We
multiply all VaR values by —1, such that larger VaR measures are associated with more catastrophic losses.



2.2. Skewed generalized error distribution (SGED)

The skewed generalized error distribution (SGED) allows us to investigate the shape of the
entire distribution of excess returns on financial firms in a given month, while providing flexi-
bility of modeling tail-thickness and skewness. The probability density function for the SGED

is
1
[1+ sign(r; — u+806)\] ko

lrino ) = Sexp (- -t dol), a0

where C = x/(20I'(1/x)), 8 = I'(1/x)%°T(3 /%) %3S (A)~1, S(A) = V1 +3A2 — 4A2)2,

A=T(2/x)I'(1/x)7%T(3/k) "%, u and © are the mean and standard deviation of excess
stock returns r, A is a skewness parameter, sign is the sign function, and I'(.) is the gamma
function. The scaling parameters k and A obey the following constraints k > 0 and —1 <A <
1. The parameter K controls the height and tails of the density function, and the skewness
parameter A controls the rate of descent of the density around the mode of r, where mode(r)
= u— 00 . In the case of positive skewness ( A > 0), the density function is skewed to the right.
This is because for values of r < u— 86 , the return variable r is weighted by a greater value
than unity and for values of r > u— dG by a value less than unity. The opposite is true for
negative A . Note that A and 0 have the same sign, thus, in case of positive skewness (A > 0),

the mode(r) is less than the expected value of r. The parameter & is Pearson’s skewness

(u—mode(r))/oc = SH

The SGED parameters are estimated by maximizing the log-likelihood function of r; with

respect to the parameters y, G, K, and A:

LogL(ri: 1,6,%,\) = Nin(C) — Nin(c i 7 — i+ So[¥ (i
SRS A = GKGK: (1+sign(ri—u+930)A)¥ )’

8The SGED reduces to the generalized error distribution of Subbotin (1923) for A = 0, the Laplace distribution
for A =0 and ¥ = 1, the normal distribution for A = 0 and ¥ = 2, and the uniform distribution for A = 0 and K = oo.



where C, 0, and 0 are defined below equation , sign is the sign of the residuals (r; — u+ 86),

and N is the sample size.

To come up with an aggregate 1% VaR measure of the entire financial sector, for each
month we use the cross-section of excess returns on financial firms and estimate the parameters
of the SGED density. Given the estimates of the four parameters (i, 6,%,A), we solve for the
SGED VaR threshold Osgep numerically by equalizing the area under the SGED density to
the coverage probability at the given loss probability level o:

Bsgep(Q)
/ Fuoxa(2)dz = (12)

—o00

Numerical solution of equation (I2)) for each month from January 1973 to December 2009

yields monthly time-series of the 1% VaR measures from the SGED density.

2.3. Non-parametric method

The non-parametric approach to estimating VaR is based on analysis of the left tail of the
empirical return distribution conducted without imposing any restrictions on the moments of
the underlying density. Specifically, the 1% VaR measure Oyp in a given month is measured
as the cut-off point for the lower one percentile of the monthly excess returns on financial
firms. Assuming that we have 300 financial firms in month ¢, the non-parametric measure
of 1% VaR is the 30rh lowest observation in the cross-section of excess returns. For each
month, we determine the one percentile of the cross-section of excess returns on financial
firms, and obtain an aggregate 1% VaR measure of the financial system for the sample period

of 1973 —2009.



2.4. Principal component analysis

The above methodologies yield three VaR measures for each month over the sample period
between January 1973 and December 2009. Rather than taking a stance on any particular
methodology, we use the principal component analysis (PCA) to extract the common com-
ponent of catastrophic risk embedded in the three proxies in a parsimonious manner, while
suppressing potential measurement error associated with the individual VaR measures. We
first standardize each of the three measures before performing PCA. The Eigen values of the
three components are 2.6715, 0.2161, and 0.1124, respectively. The first principal component
explains about 90 percent of the corresponding sample variance. We, therefore, conclude that
the first principal component amply capture the common variation among the three VaR mea-
sures. This leads us to measure the catastrophic risk in the financial system as of month ¢,

denoted CoVaR, as:
CATFIN, = 0.5710 x 0352 1+0.5719 x 93L2,) 4 0.5889 x 0352, (13)

where ﬁ%@%, ﬁg(T;gD’ and ﬁfv?P correspond to the standardized VaR measures based on the

GPD, the SGED, and the non-parametric methods, respectively.

Equation (13)) indicates that the CATFIN loads almost equally on the three VaR measures.
Panel A in Table [1l shows that the Pearson correlation coefficients between CATFIN and the
three VaR measures are in the range of 0.9333 and 0.9626. Although the three VaR measures
are significantly correlated with each other, they are not as highly correlated as with CATFIN.
This suggests that the first principal component sufficiently summarizes the common variation
among the three VaR measures, while reducing the potential measurement error associated

with the individual VaR measures.

Panel B in Table provides descriptive statistics for CATFIN and the three VaR measuresﬂ

By construction the mean CATFIN is zero. The three VaR measures have similar mean, me-

9The monthly estimates of the parameters that govern the GPD and the SGED are available upon request.

10



dian, and standard deviation estimates. Figure (1| depicts the three monthly 1% VaR measures
in Panel A and the CATFIN measure in Panel B over the sample period January 1973 - De-
cember 2009. A cursory glance at the results reflects increases in CATFIN around the periods
of the 1991-1992 credit crunch, the 1998 Russian default and LTCM debacle, the 2000-2001
bursting of the tech bubble and the 2007-2009 global financial crisis.

3. Predictive Power of Systemic Risk for Future Macroeco-

nomic Downturns

3.1. Predictive ability of CATFIN for future macroeconomic activity

We test the predictive power of CATFIN in forecasting economic downturns. The Chicago
Fed National Activity Index (CFNALI) is used to measure the U.S. aggregate economy. The
CFNAI is a monthly index that determines increases and decreases in economic activity and is
designed to assess overall economic activity and related inflationary pressure. It is a weighted
average of 85 existing monthly indicators of national economic activity, and is constructed to
have an average value of zero and a standard deviation of one. Since economic activity tends
toward a trend growth rate over time, a positive index reading corresponds to growth above

trend and a negative index reading corresponds to growth below trendm

We estimate the time-series regressions of CFNAI n-months after the estimate of CATFIN
in month ¢:

CFNAL, = 0.+YCATFIN, + €& ,. (14)

Table [2] shows that the 7y coefficient on CATFIN is statistically significant (at the 5% level

or better), thereby forecasting the CFNAI index up to 13 months in advance. From the one-

10The 85 economic indicators that are included in the CFNALI are drawn from four broad categories of data:
production and income; employment, unemployment, and hours; personal consumption and housing; and sales,
orders, and inventories. Each of these data series measures some aspect of overall macroeconomic activity. The
derived index provides a single, summary measure of a factor common to these national economic data.

11



month to twelve-month ahead prediction of the CFNAI index, the coefficient estimates are
found to be in the range of —0.1186 and —0.2745 and highly significant with the Newey and
West (1987) t-statistics ranging from —2.92 to —5.22. The slope coefficient y forecasting
thirteen-month ahead CFNAI index is somewhat lower in absolute magnitude, —0.0924, but

it is still significant at the 5% level.

The results indicate that a one standard deviation (1.6345) increase in CATFIN in month ¢
leads to a decrease in CFNAI in months 7 + 1 through # 4+ 3 by more than 0.4. This is economi-
cally meaningful given that by construction CFNAI has zero mean and unit standard deviation.
The adjusted R? values from the predictive regressions are economically significant as well.
For example, CATFIN in month ¢ explains, respectively, 16.16%, 18.39%, and 19.86% vari-
ations in one-, two-, and three-month ahead CFNAI index. We notice that the adjusted R?
is the largest when we predict the three-month ahead CFNAI possibly because it takes sev-
eral months for the negative effects of catastrophic losses of financial firms on the aggregate

economy to become evident.

To alleviate the concern that the negative predictive relation is driven by the PCA construc-
tion of the CATFIN measure, we rerun equation by replacing CATFIN with the individual
VaR measures obtained from the parametric and non-parametric methods. We find similar re-
sults based on the individual VaR estimates. That is, the catastrophic risk in the financial sector
derived from the GPD and SGED densities, as well as the left tail of the non-parametric em-
pirical return distribution successfully predict the one-month to twelve-month ahead CFNAI
index. The slope coefficients on Ogpp , Osgep , and Oyp are negative, similar in magnitude,
and statistically significant at the 5% level or better. The results are qualitatively similar to our
findings using CATFIN, showing that extreme downside risk in the financial system strongly

predicts lower U.S. economic activity about one year into the future.

12



3.2. Catastrophic risk of non-financial firms and future economic activity

In this subsection, we investigate the question whether catastrophic risk of non-financial firms
(denoted CATnonFIN) forecasts lower economic activity after controlling for CATFIN. Fol-
lowing the methodology outlined in Section [2] for each month in our sample we measure the
catastrophic risk of all non-financial firms separately, as well as the catastrophic risk of the
five broad non-financial sectors by extracting the first principal component of the three VaR

measuresE-I We then estimate the following predictive regressions:
CFENAIL /143 = 0+ YCATFIN; + BCATnonF IN; + €1 /143, (15)

where CATnonFIN,; denotes the catastrophic risk measure in month ¢ for all non-financial
firms or for each of the five broad sectors. In addition to testing the predictive power of
CATnonFIN for CFNAI in month 7 4 1, we examine the three-month ahead predictability of
CFNALI to account for the possibility that it takes several months for CATnonFIN to have

significant effect on the macroeconomic activity.

Table [3] shows that none of the non-financial sectors significantly forecasts the aggregate
economy after controlling for CATFINP—_ZI For the one-month ahead prediction of the CFNAI
index, the coefficient estimates on CATFIN are in the range of —0.1929 and —0.2432 and
statistically significant at the 1% level, whereas the slope coefficients on CATnonFIN are
insignificant for all non-financial firms and five industry groupings. The adjusted R? values
from the one-month ahead predictive regressions are economically large, ranging from 15.98%
to 16.78%. Similar results are obtained from forecasting CFNAI three months in advance:
CATFIN successfully predicts, whereas CATnonFIN has no significant association with the
three-month ahead CFNAI index.

"Definitions of the five broad non-financial sectors are obtained from Kenneth French’s online data library.

12We obtain qualitatively similar results when we use the twelve industries. The results are available upon
request. We should note that some of the industries do not have enough left-tail observations to estimate Ogpp
measures.

13



4. Developing a Warning System

In Section [3] we show that the CATFIN measure extracted from the VaR measures based on
the three different VaR estimation methodologies predicts changes in U.S. macroeconomic
activity. Since the sign of the relationship is negative, we find that increased catastrophic risk
exposure in the financial system has detrimental consequences on the aggregate economy. The
predictive power of CATFIN can be fundamentally traced to the notion that banks are special.
Indeed, our results show that catastrophic losses of non-financial firms do not possess such

predictive power.

In this section, we develop a warning system based on the CATFIN measure. Our objective
is to find a critical value of the CATFIN measure, such that if CATFIN in a given month ex-
ceeds the critical value, the regulators can take preemptive action and set a more constraining
limit and/or a higher systemic risk premium on micro-level bank risk exposures. In contrast,
if CATFIN is below the critical value, a more laissez-faire policy toward bank risk taking can

be pursued.

The strategy that we implement hinges on the CFNAI’'s —0.7 turning point indicating
economic contraction as suggested by the Federal Reserve Bank of Chicago. We calculate
the median CATFIN for those observations in which the three-month moving average CFNAI
(CFNAI-MA3) falls below —0.7. We then construct two new variables: CATFIN;  taking the
value of CATFIN in month ¢ if it is greater than the median CFNAI or 0.76801—1__3-] and zero
otherwise; CAT FIN;” equals CATFIN in month ¢ if it less than or equal to the median CFNAI,
and zero otherwise. Once we generate CATFIN,” and CATFIN, , we estimate the following

predictive regression:

CFNAIL ., = 0+Y CATFIN," +y CATFIN; + &, (16)

BIn our sample, the median CATFIN during months in which CENAI-MA3 was below —0.7 is 0.7680. 74 of
the 444 monthly observations have CATFIN greater than 0.7680, with a mean CATFIN of 2.8033 and a standard
deviation of 1.4400.

14



where CFNAI; ., is the n-month ahead CFNAI index.

The left panel of Table shows that CATFIN;" significantly predicts lower economic activ-
ity 1 month to 13 months in advance, whereas CATFIN, does not have significant predictive
power (at the 5% level or better) for all time horizons. Moreover, the coefficients on CATFIN,
are consistently smaller than the corresponding coefficients on CATFIN, . Specifically, the
slope coefficients on CATFIN;" are in the range of —0.1194 and —0.3818 and statistically
significant at the 1% level, whereas the estimated slopes on CATFIN, range from —0.0497
to —0.1075 with no statistical significance. These results indicate that when the catastrophic
risk in the financial sector exceeds a certain threshold (determined by CFNAI-MA3 < —0.7),
it successfully predicts future economic downturns. However, when the catastrophic risk is
below the critical value, systemic risk taking in the financial sector is not likely to generate an

epidemic that will infect the entire macroeconomic system.

Although CATFIN is a pure out-of-sample measure in that it is based on realized returns for
financial firms without invoking any future information, the median early warning threshold of
CATFIN is calculated using the full-sample information, and may induce potential in-sample
bias. To alleviate this concern, we perform an expanding-window out-of-sample procedure.
The median CATFIN is calculated using all observations available up to month ¢ in which
CFNAI-MA3 falls below —0.7. CATFIN;" and CATFIN, are defined similarly by comparing
CATFIN in month ¢ with the time-varying median cut-off threshold for CATFIN. A value of
CFNAI-MA3 below —0.7 occurs in only 73 months over the sample period from January 1973
to December 2009, and 40 of them occur in the first half of our sample period. Table ] shows
the results of our estimation of equation (16) using an expanding-window cut-off threshold
for the early warning system. The slope coefficients on CATFIN," are between —0.1288 and
—0.3932 and significant (at the 5% level or better), whereas the estimated slopes on CATFIN;
are statistically insignificant for all forecast horizons. Thus, an early warning system can be
implemented using this out-of-sample procedure to differentiate CATFIN;" from CATFIN,

that can be used by regulators to take preemptive action so as to avert a macroeconomic crisis.

15



5. Robustness Check

5.1. Catastrophic risk measure based on daily stock returns

We have so far estimated the catastrophic risk of financial and nonfinancial institutions using
the cross-sectional distribution of monthly excess returns. In this section, we introduce an
alternative risk measure based on the time-series distribution of daily excess returns. For each
month in our sample, we first determine the lowest daily excess returns on financial institutions
over the past 1 to 12 months. The catastrophic risk of financial institutions, denoted VaRffZ{,y,
is then computed by taking the average of these lowest daily excess returns obtained from

alternative measurement windows. The estimation windows are fixed at 1 to 12 months, and

each fixed estimation window is updated on a monthly basis.

Assuming that we have 21 daily return observations in a month, the lowest daily return
over the past 1, 2, 3, 4, 5, 6, and 12 months, respectively, yield 4.76%, 2.38%, 1.59%, 1.19%,
0.95%, 0.79%, and 0.40% non-parametric VaR measures. For example, if one would like to
measure aggregate systemic risk based on the 1% nonparametric VaR of the financial sector,
she first finds the lowest daily return observation over the past 100 days for each financial

institution and then takes the equal-weighted average of these 1% VaR measures.

Once we generate VaR%;éy for the entire financial sector, we test its predictive power for

forecasting future economic downturns proxied by the CFNAI index:
daily

where CFNALI,, is the n-month ahead CFNAI index.

Table |S[shows that the y coefficients on VaR%f,y are negative and highly significant (at the
5% level or better), and forecasting the CFNAI index up to 9 to 11 months in advance depend-
ing on the estimation window used in computing the average non-parametric VaR measure.

The coefficient estimates are economically comparable to those on the CATFIN measure. For

16



example, a one-standard deviation increase in VaR%éf,y calculated using the one-month rolling
window (1.9235%) leads to a decrease in the CFNAI in months ¢ + 1 through ¢ + 3 by about
—0.47.

Following the approach to estimating VaR%X,y , for each month in our sample we calculate

the catastrophic risk of all non-financial firms separately, as well as the catastrophic risk of the
five broad non-financial sectors by taking the average of the lowest daily excess returns for
non-financial firms in a given measurement window. Then, we investigate whether the aggre-
gate downside risk of non-financial firms obtained from the time-series distribution of daily

returns, denoted VaRZZ’% ;v predicts future economic activity after controlling for VaR;{a[K,y :

CFNAlL 4y = 0+ YVaREG, + BVaRo i + Eren, (18)

where CFENALI,, is the n-month ahead CFNAI index.

Table [6] shows that none of the non-financial sectors significantly predicts the one-month
and three-month ahead CFNALI index after accounting for the impact of VaR%ﬁf,y , whereas
downside risk of financial institutions strongly predicts future downturns of the overall econ-
omy with and without controlling for VaRZZ%[N. These results are robust across different

estimation windows.

5.2. Does size matter?

In this section, we investigate whether our findings are related to TBTF premiums. That
is, we examine whether aggregate levels of catastrophic risk exposure for large banks are
driving the predictive power of CATFIN, or whether small banks’ aggregate risk taking also

has forecasting ability.

For each month in our sample, we use the NYSE top size quintile breakpoint to decompose

the financial sector into two groups: big financial firms with market cap above the breakpoint,
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and small firms with market cap below the breakpoint. Figure [2|shows that the big-firm group
on average contains less than 6% of the financial firms but accounts for about 70% of the

aggregate market capitalization of the financial sector.

To determine whether bank size impacts the model’s predictive ability, we first estimate
the 1% VaR thresholds based on the SGED and the non-parametric methods for each bank
size group@ Then, the first principal component of the SGED and the non-parametric VaR
measures are extracted, denoted CAT FINBIG for big firms and CATFINSML for small firms.
Finally, the n-month ahead CFNAI index is regressed on CATFINBIG and CATFINSML in
month ¢. Table [/| shows that CATFINBIG successfully forecasts lower economic activity up
to 18 months in advance. Although the predictive power of CATFINSML is not as strong
as that of CATFINBIG, it strongly predicts macroeconomic activity 8 months into the future,
remains somewhat significant for 9 and 11 months, but then dies out after 12 months. Thus,
in contrast to the insignificance of the aggregate catastrophic risk measure for non-financial
firms (see Table [3), the catastrophic risk of small banks has statistically significant power to
forecast future macroeconomic conditions. These results provide evidence that the specialness

of banks is not limited to those banks that are TBTF, but is inherent in financial intermediation.

5.3. Predictive power of CATFIN for other macroeconomic indicators

In this section, we test whether the predictive power of CATFIN is robust to using alternative
macroeconomic indicators (as opposed to CFNAI) that proxy for the state of the aggregate
economy. The first alternative is a dummy variable taking the value of 1 if the U.S. economy
is in recession in a month as marked by the National Bureau of Economic Statistics, and zero

otherwise.

The second one is the Aruoba-Diebold-Scotti (ADS) Business Conditions Index main-

tained by the Federal Reserve of Bank of Philadelphia. The ADS index is based on a smaller

4The VaR measure based on the GPD method is not calculated because enough data points do not exist for
the big-firm group.
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number of economic indicators than the CFNAI, and designed to track real business conditions
at the weekly frequency. The average value of the ADS index is zero. Progressively bigger
positive values indicate progressively better-than-average conditions, whereas progressively
more negative values indicate progressively worse-than-average conditions. Details about the
ADS index can be found in Aruoba, Diebold, and Scotti (2009). Since CATFIN is a monthly

measure, we use the value of the ADS index at the end of each month in our predictive regres-

sionsE]

The last alternative macroeconomic index used to test the robustness of our model is the
Kansas City Financial Stress Index (KCFSI); see Hakkio and Keeton (2009). The KCFSI is a
monthly measure of stress in the U.S. financial system based on 11 financial market variables.
A positive value indicates that financial stress is above the long-run average, while a negative

value signifies that financial stress is below the long-run average.

To perform robustness tests, we run probit regressions when the NBER recession dummy
is the dependent variable and we run OLS regressions when the ADS index and the KCFSI
are the dependent variables. Table [§] shows that CATFIN predicts these popular macroeco-
nomic indicators 11 to 14 months in advance, and that the slope coefficients on CATFIN are
highly significant (at the 5% level or better) for all horizons considered in the paper. Hence,
we conclude that systemic risk taking in the financial sector successfully predicts future eco-
nomic downturns and this result is robust across different indices proxying for the state of the

aggregate economy.

6. Conclusion

We derive a measure of the financial system’s systemic risk that can forecast macroeconomic
downturns approximately one year before they occur. The aggregate catastrophic risk expo-

sure of financial firms is shown to be a robust measure of systemic risk in the financial system.

ISWe also used the average of the weekly values in a month and obtained qualitatively similar results.
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That is, increases in the collective level of bank risk exposure have statistically significant

power in forecasting economic declines.

We utilize the 1% Value at Risk (VaR) of financial firms in order to measure aggregate sys-
temic risk exposure. The VaR is estimated using three approaches: (i) a parametric extreme
value method using estimates of the generalized Pareto distribution (GPD); (ii) a parametric
estimate of the skewed generalized error distribution (SGED); and (iii) a non-parametric ap-
proach. Our new systemic risk measure, denoted CATFIN, is constructed using a principal
component analysis of the three VaR estimates. However, our results are robust to use of each

of the individual VaR measures.

The predictive ability of CATFIN emanates from the special role of banks in the economy.
There is no marginal predictive ability for the aggregate level of catastrophic risk exposure
of non-financial industry groups. Moreover, CATFIN has predictive power even if estimated
using a subsample of small banks, thereby indicating that the results are not driven by too-big-

to-fail subsidies, but rather by the specialness of banks in driving economic activity.

We measure macroeconomic conditions using the Chicago Fed National Activity Index
(CFNALI), but our results are robust to three other measures of macroeconomic conditions.
Using an established recession cut-off value of the CFNAI, we determine an early warning
critical value for CATFIN, such that if the monthly value of CATFIN exceeds this amount
(0.7680 in our sample period), there is an increased chance of macroeconomic decline. We
also estimate an out-of-sample critical value using an expanding estimation window that can
be used as an early warning system. Thus, regulators can utilize readily available information
to intervene expeditiously in order to prevent a financial crisis that has macroeconomic im-
plications. Our new CATFIN measure is an important complement to proposed micro-level
measures of individual bank systemic risk exposure, and can be used to calibrate systemic risk

premiums and/or permissible systemic risk exposure set by bank regulators.
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Figure 1. 1% VaR and the CATFIN. The top figure depicts the monthly 1% VaR, estimated
from the GPD, the SGED, and the non-parametric methods. The bottom figure plots the
monthly CATFIN, measured as the first principal component of the three 1% VaR measures.
The sample period is from January 1973 to December 2009.
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Figure 2. Market share of the big-firm group. This figure depicts the share of market cap
and the number of firms in the big-firm group relative to the aggregate market cap and the total
number of firms in the financial sector. The big-firm group includes all financial firms with
market cap above the NYSE top size quintile breakpoint. The sample period is from January
1973 to December 2009.
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Table 1
Summary statistics on the monthly catastrophic risk measures in the financial sector

Entries in Panel A report the Pearson correlation coefficients among the monthly VaR mea-
sures and the CATFIN. Sgpp, Osgep, and Oyp denote the 1% VaR estimated from the GPD,
the SGED, and the non-parametric method, respectively. CATFIN is the first principal com-
ponent of the three VaR measures. Entries in Panel B report the descriptive statistics for the
three VaR measures and the CATFIN. The sample period is from January 1973 to December
2009. Significance at the 10%, 5%, and 1% level is respectively denoted *, **, and ***,

Panel A: Pearson correlation coefficients

YGprp OsGED Onp
CATFIN 0.9333*** 0.9348*** 0.9626***
SGrp 0.7839*** 0.8594***
S5GED 0.8631%*

Panel B: Descriptive statistics

Mean Median Std. dev.
CATFIN 0.0000 -0.2769 1.6345
Yprp 22.76% 20.27% 12.47%
YsGED 30.17% 27.84% 12.00%
Onp 28.75% 27.42% 10.44%
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Table 7

Catastrophic risk of big and small financial firms
For each month in our sample the NYSE top size quintile breakpoint is used to divide financial firms

into two groups: big firms with market cap above the breakpoint and small firms with market cap below
the breakpoint. CATFIN for big and small firms is denoted CATFINBIG and CATFINSML, respectively.
Entries report the coefficient estimates from regressions of the n-month ahead CFNAI on CATFINBIG
and CATFINSML. Newey and West (1987) ¢-statistics are reported in parentheses. The sample period
is from January 1973 to December 2009. Significance at the 10%, 5%, and 1% level is respectively
denoted *, **, and **%*,

CFNAL,, Intercept CATFINBIG CATFINSML Adj. R?
n=1 -0.0591 20.1325° ~0.2100° 17.09%
(-1.37) (-3.55) (-5.52)
n=2 20.0642 20.1968% 01846 21.29%
(-1.53) (-5.39) (-4.95)
n=3 ~0.0680 0.2176° 0.1921 24.59%
(-1.65) (-6.09) (-5.23)
n=4 20.0684 021145 0.1632° 20.61%
(-1.62) (-5.75) (-4.32)
n=5 ~0.0695 ~0.2085° 0.1272° 16.76%
(-1.60) (-5.52) (-3.28)
n=6 20.0714 20.2202" 0.1239"* 17.74%
(-1.66) (-5.86) (-3.20)
n=7 0.0737 20.1893* 0.1135° 13.55%
(-1.66) (-4.91) (-2.85)
n=38 -0.0730 0.1731° -0.0906" 10.30%
-1.61) (-4.40) (-2.23)
n=9 20.0754 0.1752° 0.0779° 9.63%
(-1.66) (-4.44) (-1.91)
n=10 0.0784 20.1633" 0.0621 7.71%
-1.71) (-4.09) (-1.50)
n=11 20.0850 20.1432° 20.0816 6.99%
(-1.84) (-3.55) (-1.96)
n=12 ~0.0860 20.1658" 20.0435 6.07%
(-1.85) (-3.99) (-1.04)
n=13 -0.0847 0.1314% -0.0389 3.79%
(-1.80) (-3.12) (-0.91)
n=14 20.0844 0.1152%% 0.0310 2.64%
-1.77) (-2.71) -0.71)
n=15 20.0847 0.1313 0.0073 2.15%
-1.77) (-3.00) (0.17)
n=16 20.0836 20.1237° 0.0352 1.20%
-1.73) (-2.62) (0.80)
n=17 -0.0842 -0.1070° 0.0381 0.73%
(-1.74) (-2.25) (0.86)
n=18 20.0845 0.1195° 0.0505 0.96%
(-1.74) (-2.47) (1.14)
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Table 8
Alternative macroeconomic indicators

Entries report the coefficient estimates on the CATFIN from the predictive regressions:
Yi4n = 0+ YCATFIN; + €,, where Y is one of the three macroeconomic indicators: the
dummy variable (NBER) taking the value of 1 if the U.S. economy is in recession in a month
as marked by the National Bureau of Economic Statistics, and zero otherwise, the Aruoba-
Diebold-Scotti (ADS) Business Conditions Index, and the Kansas City Financial Stress Index
(KCFSI). Probit regression is implemented when NBER is the dependent variable, and OLS
regression is estimated when the ADS index and the KCFSI are the dependent variable. Z-
statistics from probit regression and Newey and West (1987) ¢-statistics from the OLS regres-
sions are reported in parentheses. Significance at the 10%, 5%, and 1% level is respectively
denoted *, ** and ***,

NBER, ADS;, KCFSI, .,

CATFIN, Adj. R? CATFIN, Adj. R? CATFIN, Adj. R?

n=1 0.3536"* 15.73%  -0.2004"* 13.51%  0.3596"* 48.19%
(7.58) (-4.17) (4.26)

n=2 03608 16.17%  -0.2232"* 16.80%  0.3367°" 42.44%
(7.65) (-4.65) (4.30)

n=3 03874 17.74%  -02239"* 16.62% 03210 37.93%
(7.88) (-4.73) (4.23)

n=4 0.3493** 1522%  -0.1930"* 1228%  0.3029"* 33.86%
(7.49) (-4.25) (4.08)

n=5 03159 12.86%  -0.1653"* 8.94% 02716 27.31%
(6.99) (-3.72) (3.94)

n=6 02936 11.37%  -0.1476"* 7.07% 0.2464%  2231%
(6.65) (-3.36) (3.71)

n=7 02821 10.59%  -0.1301"* 5.42% 02201 17.66%
(6.44) (-3.12) (3.47)

n=38 0.2692°*  9.71% -0.1105°*  3.84% 0.1956"* 13.83%
(6.20) (-2.67) (3.40)

n=9 02516 8.59% -0.0985%  3.00% 0.1708%* 10.45%
(5.86) (-2.41) (3.19)

n=10 02169 6.52% -0.0853%  2.20% 0.1540""  8.38%
(5.15) (-2.15) (3.03)

n=11 0.1986"*  5.31% -0.0791"  1.77% 0.1448  6.95%
(4.67) (-2.10) (2.91)

n=12 0.1612°*  3.36% -0.0641F  1.03% 0.1331°"  5.46%
(3.74) (-1.67) (2.76)

n=13 0.1311%F  2.18% -0.0482  0.46% 0.1100  3.49%
(3.01) (-1.38) (2.39)

n=14 0.1014%  1.23% -0.0320  0.06% 0.0894%  2.02%
(2.27) (-0.82) (1.96)

Sample period  01/1973 - 12/2009 01/1973 - 12/2009 02/1990 - 12/2009

35



	Introduction
	Estimating Catastrophic Risk in the Financial Sector
	Generalized Pareto distribution (GPD)
	Skewed generalized error distribution (SGED)
	Non-parametric method
	Principal component analysis

	Predictive Power of Systemic Risk for Future Macroeconomic Downturns
	Predictive ability of CATFIN for future macroeconomic activity
	Catastrophic risk of non-financial firms and future economic activity

	Developing a Warning System
	Robustness Check
	Catastrophic risk measure based on daily stock returns
	Does size matter?
	Predictive power of CATFIN for other macroeconomic indicators

	Conclusion

