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1 Introduction

Because of the global financial crisis (GFC), systemic risk has become a high-priority

regulatory issue that requires implementable macroprudential policy measures aimed at

identifying the systemic contributions of banks. Systemic risk in the banking system has

attracted the attention of financial researchers as well as regulators and policymakers world-

wide. These researchers have increasingly proposed a number of systemic risk measures

(SRMs) over the last decade that have heightened the awareness of the importance of stock

market-based SRMs in the financial community. Further, macro- and micro-level measures

are both widespread in the systemic risk literature.1

A large proportion of the SRMs proposed so far rely only on historical market informa-

tion. Many researchers have advocated the introduction of early warning tools, and a great

many of them have claimed that stock market-based SRMs are timely and ex-ante indicators

of systemic crisis events. Acharya et al. (2017) suggest that another way to estimate systemic

risk measures might be the adoption of information through the prices of out-of-the-money

(OTM) equity options and insurance contracts against losses of individual firms when the

system as a whole is in stress. In addition, Adrian and Brunnermeier (2016) argue that a

measure of systemic risk should be able to capture the buildup phase of systemic risk. Con-

temporaneous SRMs are not suited to capture such buildups, while systemic risk monitoring

should have a forward-looking approach.

This study builds on the research that uses the measure of the cost of portfolio insurance

from options prices in Kelly et al. (2016), that measures the expected returns over the

short run with the improved implied volatility index (SVIX) as in Martin (2017), and that

distributes consumption disasters as in Backus et al. (2011). To do so, we focus on options

that provide a hedge against downside risk. In particular, our measure of systemic risk adopts

prices for a range of OTM put options on financial stocks that provide a hedge against larger

price drops in the next month. We argue that the OTM put options are natural financial

instruments that can convey informed investors’ negative news through their trades. They

are also natural financial instruments for hedging purposes that become very useful in highly

uncertain situations such as buildups of potential systemic risk.

We directly contribute to the development of systemic risk measures by proposing an

options-based measure that is easily implementable and that has a higher frequency, and is

1Bisias et al. (2012) undertook a validity study to examine the existing SRMs and identified 31 different
quantitative measures in supervisory, research, and data categories. Furthermore, in an exhaustive survey
on systemic risk measures, Benoit et al. (2017) categorized them into two main groups: one focusing on
low-frequency regulatory data that are not always public, while the other uses higher frequency market data
that may contribute to a more efficient regulation.
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more transparent and timely as well as overcoming the limitation of using backward-looking

information. We name our newly proposed forward-looking SRM the Systemic Options

Value-at-Risk – SOVaR. Our measure incorporates market participants’ ex-ante expectations

regarding future (negative) outcomes with respect to any financial institution and its tail

risk.

Due to its characteristics, the SOVaR should improve the regulation and monitoring of

financial firms as it can capture financial downturns in a timelier manner. Thus, our main

research question is: does the SOVaR perform better than the contemporaneous market-based

SRMs in terms of predicting the main systemic risk events? For the most representative

days of the GFC,2 we compare the early warning ability of the SOVaR with the three main

SRMs, namely the Exposure−∆CoV aR, the marginal expected shortfall (MES), and the

SRISK. Furthermore, we also investigate whether or not SOVaR carries any predictive

power in relation to macroeconomic indicators as well as recessions in the US, namely does

SOVaR predict future economic downturns and recessions? We show that the SOVaR can

anticipate financial distress well by capturing the propagation and buildup of systemic risk

within the financial sector and by showing strong predictability with respect to the real

economy.

This study is closely related to the systemic risk literature pioneered by stock market-

based measures such as ∆CoV aR by Adrian and Brunnermeier (2016), MES by Acharya

et al. (2017), and SRISK by Brownlees and Engle (2016).3 Further, Allen et al. (2012)

propose a measure of catastrophic risk in the financial sector (CATFIN) that uses both

value-at-risk (VaR) and expected shortfall (ES) methods, while Giglio et al. (2016) introduce

a systemic risk indicator that uses dimension reduction estimators that are applied to 19

measures of systemic risk in the US. However, the common denominator in all these measures

is their backward-looking view since they are constructed from historical market data. We

overcome this drawback because the SOVaR uses forward-looking options prices of individual

US financial firms.

The idea that options contain a superior set of information compared to the stock mar-

ket has a long tradition (see Black, 1975; Manaster and Rendleman Jr, 1982; Bhattacharya,

1987; Diltz and Kim, 1996). This tradition has also been corroborated by studies with re-

spect to price discovery in the option market compared to the stock market (see Chakravarty

et al., 2004), option market efficiency (see Chen et al., 2011), and option transactions (see

Hu, 2014). Other studies also find substantial empirical support for the presence of informed

2The list of events follows the Bank for International Settlements (BIS)’s 78th and 79th annual reports
(see BIS, 2008, 2009), and it also incorporates those analyzed in Kelly et al. (2016).

3Engle et al. (2015) investigate the use of such measure of systemic risk to 196 largest European financial
firms taking into account heterogeneity and asynchronicity of time zones.
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investors in the options market with respect to informed options trading ahead of the an-

nouncements of earnings Roll et al. (2010), leveraged buyouts Acharya and Johnson (2010),

and M&As Chan et al. (2015).

The literature has also reaffirmed the greater information content of options-based risk

measures when compared to those with historical data from the stock market. For instance,

option prices are often used to measure the forward-looking volatility of the market, (see

Christensen and Prabhala, 1998; Whaley, 2009). Santa-Clara and Yan (2010) argue that the

information that is extracted from options is the ex-ante risks assessed by option investors.

The forward-looking variances (or volatilities) in options prices have predictive power for

stock index returns (e.g. Bakshi et al., 2011). Studies have also focused their attention on

the information implied in the tail of the price distribution to predict future market returns

(e.g. Bakshi et al., 2003; Bollerslev et al., 2015).4

Moreover, given the high leverage as well as the downside protection achievable with

options, we consider the options market as an ideal venue for informed trading because we

expect at least some new information about the stock price to be reflected in option prices

first. A large body of theoretical literature has suggested that informed investors may indeed

migrate towards the options market for leverage purposes. Pan and Poteshman (2006) show

that put-call ratios have significant predictability for equity returns that indicates informed

trading in the options market. Boyer and Vorkink (2014) show that the implicit leverage in

an option contract combined with a nonlinear payoff creates unusually dramatic lottery-like

features in option returns. Ge et al. (2016) argue that the higher embedded leverage of

options, compared with that of stocks, is the most important channel through which the

options market attracts informed trading that predicts stock returns. In terms of option

moneyness, some studies have showed that the predictability of options is stronger for OTM

options (e.g. Cao et al., 2005; Pan and Poteshman, 2006; Ge et al., 2016). Chakravarty et al.

(2004) argue that OTM options, being highly leveraged contracts, have the greatest level of

predictability with regard to the future dynamics of the underlying asset. Xing et al. (2010)

present evidence that informed traders with negative news prefer to trade OTM put options.

Thus, investors can purchase OTM put options to insure their positions in the event of a

price crash (see Kelly et al., 2016).

Hence, our methodological framework focuses on the downside component of risk cap-

tured by OTM puts. The ex-ante view of future market outcomes is given from the fact

4In the area of financial networks, Barunik et al. (2020) develop a forward-looking monitoring tool that
uses stock option prices to characterize the asymmetric network connectedness of investors’ fears. This tool
differs from other studies that measure bank default probabilities or systemic risk based on the intercon-
nectedness and network spillovers between financial institutions; (see Billio et al., 2012; Hautsch et al., 2014;
Minoiu et al., 2015) for relevant studies.
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that investors access the OTM puts market for leverage and insurance purposes in case of a

financial distress. The newly proposed SOVaR is intrinsically related to the (left) tail risk

information extracted from the OTM put options, and it can provide a more valuable and

valid predictive tool from a financial stability perspective (e.g. Chang et al., 2013; Bollerslev

et al., 2015). We show that the SOVaR is able to capture tail co-movement in advance that

thus, gives policymakers and supervisory authorities time to identify crises, systemic market

distress, and macroeconomic downturns in a prompt manner. As a financial crisis unfolds,

the authorities need to quickly identify the financial institutions most severely affected, their

risks, and their future potential systemic importance. We aim to capture the buildup of

financial distress with particular focus on the GFC.

Lastly, our study is also anchored in the financial economics literature that has advocated

the importance of the predictive power of stock market-based SRMs with respect to macroe-

conomic and uncertainty indicators (see Allen et al., 2012; Giglio et al., 2016; Danielsson

et al., 2016). In fact, bank failures and either simultaneous or subsequent macroeconomic

collapses represent a financial dislocation with large and far-reaching consequences (see Bar-

tram et al., 2007). A measure of forward-looking systemic risk that uses the individual firms’

OTM puts can identify information about future idiosyncratic distress of financial firms that

can be useful in predicting macroeconomic downturns that are transmitted via the equity

channel.

The main results of this study show that the proposed SOVaR does predict the main

market downturns and financial distress in the sample period by up to 28 days sooner than

conventional SRMs. This result could be interpreted as indicative of the buildup of financial

distress. We find substantial empirical evidence that the SOVaR predicts a greater level of

systemic risk than the three SRMs at the inception and in the midst of the GFC. A great

proportion of our non-parametric statistical tests confirm the superiority of the SOVaR

over the other three main SRMs. The strength of a good early warning tool for systemic

risk should increase steadily as the relevant negative systemic event approaches and should

decrease rapidly when coming close to a positive systemic risk event. We show that the

SOVaR behaves in this manner while standard SRMs do not. In addition, we highlight

that systemic risk evolves differently for different financial sectors and that refining the

SOVaR provides improved information at the sector levels. Especially, this study shows that

the SOVaR identifies depositories as the best indicator of systemic risk events during the

GFC. We corroborate our results by showing that the SOVaR is also predictive of future

macroeconomic downturns and recessions by up to one year. In addition, we conduct several

robustness checks that control for other well-known measures of risk in the literature and an

out-of-sample analysis, and we find that the predictive power of our measure still holds.
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The remainder of this paper is organized as follows: in section 2, we provide detailed

descriptions of the derivation of the SOVaR, our data, and our hypotheses. Section 3 presents

the empirical results of the comparison and testing between the SOVaR and the three leading

SRMs for the whole financial system. Section 4 shows the comparison and testing of the sub-

industries by the SOVaR. Section 5 presents the empirical results with respect to predicting

macroeconomy downturns. 6 concludes the study. Further results and robustness checks are

reported in the paper Appendix.

2 Measuring and testing options-based systemic risk

In this section, we introduce the options-based SRM (SOVaR), describe the options data

adopted in the study, and discuss the testing procedure applied to compare the SOVaR with

the other three SRMs around the main events of the GFC.

2.1 Introducing SOVaR

Studies have widely adopted stock market-based SRMs as tools to monitor the level of

systemic risk within the financial system. These measures offer broad flexibility for capturing

risk spillovers from individual institutions to the equity market as a whole (e.g. Adrian and

Brunnermeier, 2016). They can be estimated in a real-time framework that relies on live

market prices on a daily basis. Relying on options data can further improve the usefulness

of the SRMs given their forward-looking nature.

The SOVaR is computed from OTM put options of individual banks that are often used

to capture the tail risk of the underlying asset. OTM put options are excellent predictors

of price reversals and can convey more information on when stock prices are expected to

drop (see Chen et al., 2011). Similarly, Xing et al. (2010) state that investors choose OTM

puts to express their worries about possible future negative jumps as they become more

expensive before large negative jumps.5 In addition, Kelly et al. (2016) point out that

during the 2007–2009 financial crisis, the basket of individual bank options exceeded the

cost of the index options. This divergence was more pronounced for OTM put options,

while the OTM call spread remained largely unchanged in all sectors during the crisis. Bai

et al. (2019) recently revisit these conclusions and argue that asset dynamics should be

specified exogenously that show a leverage effect in which equity volatility remains finite as

firms approach insolvency. This leverage effect would naturally increase the probability that

5As an example, Xing et al. (2010) find that for OTM put options, the jump risk premium component
represents 80% of the total risk premium, while the premium is only 30% for OTM calls.
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future stock prices will reach very low values (including zero) that will enhance the value of

OTM put options. This effect should be much stronger for put options on individual stocks

than for indices, thus explaining the large spread in the basket index during the crisis.

Building on this argument, since expected cash flows E[max(0, K − ST )] of put options

with strike K increase when there is a larger likelihood of very low values for ST , our

framework for measuring systemic risk from option prices logically should benefit from the

rise in put option prices in anticipation of systemic crises. Thus, to capture the forward-

looking expectations of such downside (tail) risk, we consider daily changes in the log OTM

put option prices with 1-month maturity computed as: log(Putt,1M)− log(Putt−1,1M), where

an increase in the put option price reflects an expectation for the underlying asset to drop

in value. When the put price changes, it either reflects changes in the underlying asset

or changes in investors’ expectations about that asset at the horizon given by the option

maturity T . If the put price moves up, then it reflects the (pessimistic) market sentiment

and investors’ expectations towards a worse economic condition (e.g., market downturn or

financial distress) at maturity T . Conversely, a decreasing put price might signal an increase

in the underlying stock as well as beliefs about a better economic condition at maturity T .

The SOVaR is computed from the returns of the average bid-ask price of OTM puts for every

financial institution in the sample, where we fix the maturity at a 1-month horizon.

While we do not make any assumptions about the direction of causality, our aim is to

propose a forward SRM for an individual institution’s exposure to a system-wide distress.

Therefore, we first investigate the directions of systemic risk in the existing market-based

SRMs as they are directional by definition. They may be used to estimate an increase in

the systemic risk of the market given that a single institution is in distress, or the focus

can be on how much a particular institution’s risk increases given that the whole financial

system is in distress. The SRISK and the MES capture the direction of systemic risk

from a market-wide systemic event to the particular institution. In particular, they are

respectively defined as the expected capital shortfall of a financial entity i conditional on

a prolonged market decline, and as the expected shortfall of a firm i during the 5% worst

market outcomes. In order to preserve the same directionality, we also compare SOVaR with

the Exposure−∆CoV aR developed in Adrian and Brunnermeier (2016).6 For an overview

of the calculations for each of the market-based SRMs, see Appendix A.

To get a market implied forward view, we consider estimating the components of our

systemic risk measure from price series of put options that are contingent on a firm’s equity

6Without loss of generality we refer to Exposure−∆CoV aR as ∆CoV aR, henceforth.
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stock S. Our SOVaR measure is defined as:

SOV aRi
q,t = βi|M(V aR

P i|M
q,t − V aRP i|M

50,t ) (1)

where the V aRq,t is calculated from the distribution of put option prices of company i as

log(Putit,1M) − log(Putit−1,1M). The idea is that by comparing the quantile risk measures

of the put options’ returns we can measure when the OTM puts move farther out that can

be used as a signal for a firm’s systemic riskiness. Thus, the direction of the risk for the

underlying stock of a firm and the corresponding put option prices are the opposite. In

other words, when the tail risk increases, the stock prices decreases while the put option

price increases. Hence, if q = 95%, then it follows that V aR
P i|M
q,t corresponds to the tail of

risk and an enlargement of the difference V aR
P i|M
q,t − V aRP i|M

50,t from one period to another

means an increase in systemic risk.

To maintain the implied forward-looking character of our measure, the value-at-risk

differential is scaled by a directional beta from the market (denoted here by M) to the

firm. We adopt an estimate of the implied beta that comes from the options rather than

the historical beta from the stock returns by using the dataset of implied betas provided by

Buss and Vilkov (2012),7 in which betas are reported for 445 out of 500 stocks in the S&P

500 from options prices. Their measure of the implied beta is calculated with the formula:

βi|M =
σQ
i,t

∑N
j=1wjσ

Q
j,tρ

Q
ij,t

(σQ
M,t)

2
, (2)

where σQ
i,t are the implied volatilities of the options of individual firm i. The σQ

M,t is the

implied volatility of the S&P 500, and the implied correlations ρQij,t are based on the fit-

ting of the expected correlation under an objective measure and calibrated for an unknown

parameter αt which is identified as a closed form. For a comprehensive description of the

computation of the implied correlations (see Driessen et al., 2009; Buss and Vilkov, 2012).

We adopt the betas by using a 30-day duration that matches the 30-day horizon of our

implied systemic risk measure.

Following equity option prices over time, we construct a time series of the SOV aR95th,i

for each financial firm and industry group included in our sample. In order to compute

the SOVaR of a financial sector, we build an equity-weighted option portfolio of the firms

classified in the specific financial industry group and calculate the corresponding V aRq,t and

equity-weighted β
i|M
t to be applied at time t.8 The new SOVaR is computed considering the

7We thank Grigory Vilkov for kindly sharing the option-implied betas at: http://www.vilkov.net/

index.html.
8When defining SOVaR for the financial sector and industry groups, V aRq,t is calculated using an equity-
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V aR
i|M
q,t with q equal to the 95th quantile. Using quantiles greater than the 95th facilitates

the examination of the effect of a more extreme systemic event for the firm.

Another possible formula to estimate a forward-looking CAPM beta (β) is to replace

equation (1) with the following by French et al. (1983):

β
i|M
FGK = ρi,M ×

σ̃i

σ̃M
(3)

where ρi,M is, in our case, the correlation between the stock and the market OTM put

returns of firm i, while σ̃i and σ̃M are the implied volatilities for firm i and the market,

respectively.9 Therefore, a new SOVaR variant can be also obtained by replacing (1) with

(3), see comparative results in Appendix C.

2.2 Data

The main US financial institutions included in the S&P 500 are considered here. The

benchmark sample we adopt to estimate both the stock market-based and options-based

SRMs is in line with the one by Brownlees and Engle (2016). Since the SRMs used in this

study are based on public market data, we do not consider financial firms: (i) which are

not publicly listed or have become de-listed, (ii) for which market data are not available,

and (iii) with not enough available observations (at least 1-year of daily observations). The

sample is divided into four financial industry groups as follows: 23 firms in the depositories,

27 in insurance, 13 in other financials, and 8 in broker-dealers for a total of 71. Moreover,

due to the greater number of variables required to compute the SRISK, we cannot estimate

this measure for the following financial firms because of unavailable data: Bear Stearns,

Lehman Brothers, Safeco, Synovus Financial, Torchmark, and Wachovia. Hence, we consider

a sample made of 65 (instead of 71) financial firms for the computation of SRISK. The list

of companies within the four financial industry groups is reported in Table B2.

Daily options prices and information are collected from OptionMetrics. We select OTM

puts with a maturity around one month (30 days) by selecting option contracts with matu-

weighted options’ portfolio of the financial sector or of the firms classified in the specific financial industry
group, where the daily changes of the options’ portfolio value are:

∑N
i=1 MktCapi,t × [log(Puti,t,1M ) −

log(Puti,t−1,1M )]/
∑N

i=1 MktCapi,t. As for market-based SRMs, being the market capitalization the max-
imum loss related to a single firm i at time t, it is used to build equity-weighed portfolios that proxy the
financial sector or industry groups also for our measure based on OTM put options data (SOVaR). Moreover,
at time t, the market capitalization represents also the maximum profit (loss) an investor with a long (short)
position can realize at time of the settlement of that put option.

9We are also aware of an additional method for computing implied betas from Chang et al. (2012), but
this method produces a more noisy and almost flat risk-return relation as well as worse performance in
predictability compared to both the other implied betas (see Buss and Vilkov, 2012).
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rities ranging between 23 and 37 days that average 30 days at expiration, which is similar

to the CBOE VIX approach. Next, we rollover our options sample when contracts have

three days left to expiration to account for liquidity and volatility issues. We select OTM

puts with deltas strictly larger than -0.5. We also apply the following filters to remove i)

options with mid prices equal to zero, ii) options with implied volatility missing data, or iii)

missing delta data. If more than one option contract is available, we select the one with a

greater delta. Stock prices and market capitalizations are collected from Bloomberg. Our

time period starts on January 4, 1996, and it ends on April 30, 2016.

In order to have a full pairwise comparison among the SRMs used in this paper, we match

the options for each financial institution in our sample with the ones for which implied betas

are provided in the dataset of Buss and Vilkov (2012). We match the CRSP database (stocks

sorted by PERMCO) and the tickers in OptionMetrics for our financial sector firms. This

matching results in a panel from December 20, 2000, to August 31, 2015, that is unbalanced

since not all firms have traded continuously during the sample period. However, it is large

enough to test around the main financial distress events of the GFC and to conduct our

empirical predictive analysis.

2.3 Testing SOVaR and market-based SRMs around the main

GFC events

In this subsection, we present the statistical tests that we use to compare the three main

market-based SRMs with the SOVaR around the main events of the GFC. In order to have

a full pairwise comparison between the measures, we normalize the SRMs for the financial

system, each financial industry group, and each financial firm with the formula:

Normalized− SRMi =
SRMi −min(SRMi)

max(SRMi)−min(SRMi)
× 100 (4)

where SRMi denotes the SRM under analysis; that is, ∆CoV aR, MES, SRISK, and SO-

VaR, respectively, while the min(SRMi) and max(SRMi) are the minimum and maximum

values of the corresponding time series. The normalized SRMs and the SOVaR take values

between zero and one for the period from December 20, 2000, to August 31, 2015.

Taking the depositories, insurance, other financials, and broker dealers into considera-

tion, we start by testing the normalized systemic contribution of the SOVaR compared to

the normalized systemic contributions of the other SRMs during the key systemic events of

the GFC. To test whether the systemic contribution is greater for the SOVaR, we use the

Kolmogorov-Smirnov (KS) bootstrap test used by Abadie (2002) who introduced a resam-
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pling method that the research has found to be superior to the standard KS test because of

the Durbin problem (see Durbin, 1973). The KS test compares the cumulative distribution

functions (CDFs) instead of considering estimates sensitive to outliers. It has been showed

that the KS test dominates many other solutions, see for instance the simulation results

in Barrett and Donald (2003). Moreover, the non-parametric nature of this test does not

require any assumptions to be made about the distribution of the SRMs.

Table B1 in the Appendix presents the date t and description of these key systemic

events. We adopt the BIS’s 78th and 79th annual reports to track the GFC key events (see

BIS, 2008, 2009), which are also incorporated in Kelly et al. (2016). The KS test statistic

for each sample is given by:

Dmn =

√(
mn

m+ n

)
supx|Sm(x)− Tn(x)| (5)

where Sm(x) and Tn(x) are the CDFs of the SRM related to two different populations, and

m and n represent the size of the two samples, respectively.

In order to test our first hypothesis, first we compare the normalized SOVaR of the

financial system, each financial industry group, and each financial firm in our sample to

the normalized stock market-based SRMs. This comparison is based on 28 observations

that represent the 28 days preceding the key systemic events at time t (t − 28 : t). By

definition of the point in time style SRM, measures like ∆CoV aR, MES, and SRISK

should fully capture these events when they occur at time t. A greater value associated with

the SOVaR would indicate the superior power of this measure to gauge systemic risk. Given

to their forward-looking nature, options with a one-month maturity encapsulate the market

participants’ expectations about the price development of the underlying assets one month

later.

Second, to see how early on the SOVaR may outperform the SRMs, we also test our

hypotheses by lagging the SOVaR to the period t− h− 28 : t− h by h = 7, 14, 21, and 28

days. In this case, we compare the normalized lagged SOVaR for the financial system, each

financial industry group, and each financial firm in our sample with the normalized point in

time SRMs without any lag that is calculated over the period t− 28 : t. If the systemic risk

level of the SOVaR and its lagged version are greater than the SRMs for time t, then they

indicate that it has greater information content in its early warning compared to the SRMs.

The null and alternative hypotheses are defined as follows:

H0 : SOV aRt−h−28:t−h ≤ SRMt−28:t (6)
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H1 : SOV aRt−h−28:t−h > SRMt−28:t (7)

The failure to reject the null (6) means that the early warning signal of the contemporaneous

SRMs is greater than the one from the SOVaR for h = 0, 7, 14, 21, and 28.

3 Options-based vs stock market-based SRMs

3.1 The magnitude of systemic risk

Figure 1 displays the SOVaR and the SRMs for the entire financial system.10 Following

the studies by Adrian and Brunnermeier (2016) and Brownlees and Engle (2016), we look

closely at some of the major dates covered by our sample period in order to measure the

magnitude of this risk and the response of both types of measures to the two main crises

and events related to them. The dates considered are: (1) the freezing of BNP Paribas’

funds on August 9, 2007; (2) the Lehman Brothers bankruptcy on September 15, 2008; (3)

the start of the European debt crisis on May 9, 2009; (4) the agreement between the Greek

government and the IMF for the first bailout package of e110 billion on May 2, 2010; and

(5) the peak of 44.21% reached by the Greek 10-year bond yields on March 9, 2012.

The SOVaR appears to anticipate the main systemic events of the GFC. In particular,

the time-series patterns of the SOVaR clearly point to the beginning of the GFC before the

three SRMs that do not start to signal an increased systemic risk until after the bankruptcy

of Lehman Brothers (2). The SOVaR fully captures the market turmoil caused by BNP

Paribas in 2007 (1) and reaches its peak efficacy with the bankruptcy of Lehman Brothers

(2), while the SRMs lag behind.

The figure shows that SOVaR reacts immediately, with two peaks, to the first main event

of the GFC, while the SRMs increase their values more smoothly once the historical stock

market prices deteriorate. Therefore, they maintain higher estimates for a longer period

(2009 – 2010). A similar conclusion is reached regarding events (3) and (5). The SOVaR

adjusts its level with the ebbs and flows of market information on a contemporaneous and

forward-looking basis, while the SRMs need some time to recognize the systemic risk that

potentially may have blurred the decision process from a financial stability point of view.

In addition, event (4) is a positive systemic risk event in that the IMF found a solution to

the Greek debt problem. Because the SOVaR indicates a rapid decrease in systemic risk, it

anticipates once again this event while the other SRMs indicate a high level with the MES

even at 100%. The evolution of the SOVaR versus the other three SRMs vis-a-vis event 4

10For an overview of the summary statistics for the systemic risk estimates of the US financial system and
the financial industry groups, see Table B3 in the Appendix.
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Figure 1: Systemic risk of US financial system: SOVaR vs. stock market-based SRMs.

Notes: This figure shows the time series of the the SOVaR and the SRMs of the US financial system. The vertical lines denote: (1) the freezing of
BNP Paribas funds on August 9, 2007; (2) the Lehman Brothers bankruptcy on September 15, 2008; (3) the start of the European debt crisis on May
9, 2009; (4) the agreement between the Greek government and the IMF for the first bailout package of e110 billion on May 2, 2010; and (5) the peak
of 44.21% reached by the Greek 10-year bond yields on March 9, 2012.
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indicates that our proposed measure works well for both negative and positive systemic risk

events. The high levels of SOVaR in 2003-04 and 2013-14 may suggest some false positive

signalling. We can explain these peaks when we drill down our analysis at the sector level

in section 4.

As a robustness check, we also change the SOVaR by replacing the implied beta in

equation (1) with the implied beta computed as in equation (3). We denote the options-

based SRM computed from the implied beta by French et al. (1983) as SOV aRBeta−FGK .

We present the corresponding plots in Figures C1 and C2 in Appendix C where we compare

the market-based SRMs with the aggregate SOV aRBeta−FGK and industry SOV aRBeta−FGK ,

respectively. The SOV aRBeta−FGK leads to estimates that are both quantitatively and

qualitatively similar to the original SOVaR as the two series share a correlation that ranges

from a minimum of 0.61 for other financials to a maximum of 0.75 for depositories.

3.2 SOVaR as an early warning tool for systemic risk

In this subsection, we carry out non-parametric tests to assess whether SOVaR performs

better than the other SRMs. Table 1 presents the KS statistics and the associated boot-

strapped significance level under the null hypothesis (6) for the dominance test. This test

shows whether SOVaR has a greater systemic level (at time t) and early warning information

content (at time t−h, with h 6= 0) than the SRMs. Therefore, we lag (with h = 0, 7, 14, 21,

and 28) the SOVaR. The failure to reject the null hypothesis (6) would mean that: i) with

h = 0, SOVaR does not contain any additional systemic information compared to the other

SRMs; and ii) with h = 7, 14, 21, and 28, the SOVaR does not anticipate any systemic event

that should peak under the SRMs at time t with no lag (h = 0).

For the entire financial system, Table 1 provides evidence that the SOVaR is more

successful in anticipating the systemic risk events than the ∆CoV aR, MES, and SRISK.

This evidence confirms the results of Benoit et al. (2019) who demonstrate that these three

SRMs are quite homogeneous. More importantly, the results show that our new measure

not only has an improved systemic information content at time t, but it is also successful in

anticipating 7 (6) out of 9 of the main systemic events of the GFC compared to the ∆CoV aR

(MES, SRISK). In particular, because the CDFs of the SOVaR are higher than those for

the other SRMs, they show that the SOVaR was signaling a greater systemic risk for the

entire financial system 28 days earlier than the SRMs.

The relation between the SOVaR and the SRMs with few exceptions is inverted in the

closing episodes of the crisis. In particular, from December 11, 2008 (March 5, 2009) to

May 21, 2009, the CDFs of MES and SRISK (∆CoV aR) are higher than those of the
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Table 1: Dominance test results during the key events of the GFC.

H0: SOV aRt−h−28:t−h≤ ∆CoV aRt−28:t H0: SOV aRt−h−28:t−h≤ MESt−28:t H0: SOV aRt−h−28:t−h≤ SRISKt−28:t

h = 0 h = 7 h = 14 h = 21 h = 28 h = 0 h = 7 h = 14 h = 21 h = 28 h = 0 h = 7 h = 14 h = 21 h = 28

Aug 9th 2007 1.00***1.00***1.00*** 1.00***1.00*** 1.00***1.00***1.00***1.00***1.00*** 1.00***1.00***1.00***1.00***1.00***

Sept 14th 2007 1.00***1.00***1.00*** 1.00***1.00*** 1.00***1.00***1.00***1.00***1.00*** 1.00***1.00***1.00***1.00***1.00***

Mar 16th 2008 1.00***1.00***1.00*** 1.00***1.00*** 1.00***1.00***1.00***1.00***1.00*** 1.00***1.00***1.00***1.00***1.00***

July 15th 2008 1.00***1.00***1.00*** 1.00***1.00*** 1.00***1.00***1.00***1.00***1.00*** 1.00***1.00***1.00***1.00***1.00***

Sept 17th 2008 1.00***1.00***1.00*** 1.00***1.00*** 1.00***1.00***1.00***1.00***1.00*** 1.00***1.00***1.00***1.00***1.00***

Oct 13th 2008 1.00***1.00***1.00*** 1.00***1.00*** 1.00***1.00***1.00***1.00***1.00*** 1.00***1.00***1.00***1.00***1.00***

Dec 11th 2008 1.00***1.00***0.909***0.500* 0.36 0.36 0.36 0.27• 0.00• 0.00• 0.18• 0.18• 0.09• 0.00• 0.00•

Mar 5th 2009 1.00***1.00***1.00*** 1.00***1.00*** 0.10• 0.09• 0.09• 0.09• 0.10• 0.20• 0.21• 0.30• 0.22• 0.20•

May 21st 2009 0.00• 0.00• 0.00• 0.00• 0.00• 0.00• 0.00• 0.00• 0.00• 0.00• 0.00• 0.71** 0.86***0.86***0.86***

Notes: This table presents the results of the Kolmogorov-Smirnov bootstrap test for the financial system
that aims to determine whether: i) the CDFs of the SOVaR are greater than the ones for ∆CoV aR, MES,
and SRISK (columns: 2 to 6, 7 to 11, and 12 to 16, respectively) for the aggregate financial system during
the key events in the GFC. The hypotheses tested are stated in the headers of the table. The columns contain
the test statistic. The ***, **, and * indicate significance at 1%, 5%, and 10% levels, respectively; while, •

indicates a statistically significant inverse relation.

SOVaR. We interpret this result as investors having a positive expectation of a recovery

in the financial markets. Specifically, the Federal Reserve injected liquidity into key credit

markets on November 12, 2008 (around 1,570US billion), that reached an historical maximum

level on January 21, 2009 (around 440US billion). The Fed’s debt through the purchase of

mortgage-backed securities exceeded 1,000US billion on November 25, 2008 for the first time

and decreased below this threshold only in September 2011.11 In addition, on December 16,

2008, the Federal Open Market Committee decreased the target federal funds rate (FFR)

to a range of 0 to 0.25% from the previous level of 1.00% (October 29, 2008). The FFR

remained at those levels until December 17, 2015, when it raised the rate to a range of 0.25 to

0.50%.12 These actions are depicted in Figure 1 that also shows that the SRMs maintained a

peak from mid-2009 to mid-2010 while the SOVaR decreased its value after mid-2009, which

is actually identified as the end of the GFC (BIS, 2009).

To gain more evidence, we test hypothesis (6) for each financial institution in our sample.

Table 2 provides the percentage of the cases in which we reject the null hypothesis at the

1% significance level. Again, as in the case of the financial system, the CDFs of the SOVaR

are higher than the SRMs from a minimum of 32.21% (March 16, 2008, with h = 28) to

a maximum of 100%, from August 9, 2007, to October 13, 2008. The results in Table 2

show statistically significant superior systemic and early warning information content at the

11This time series is available at: https://www.clevelandfed.org/our-research/

indicators-and-data/credit-easing.aspx.
12These data are available at: https://www.federalreserve.gov/monetarypolicy/openmarket.htm.
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individual firm level for the SOVaR.

From December 11, 2008, to May 21, 2009, the relation between the SOVaR and the

SRMs is reversed at the individual firm level in most of the cases. In particular, we are

able to reject the null hypothesis between a minimum of 0% to a maximum of 38.74% that

confirms the superiority of the SOVaR. These results confirm that investors had positive

expectations on a recovery of the financial firms at the end of the GFC.

Table 2: Success ratio of SOVaR during key dates of the GFC.

H0: SOV aRt−h−28:t−h≤ SRMi,t−28:t

h = 0 h = 7 h = 14 h = 21 h = 28

August 9th, 2007

∆CoV aR 90.91% 90.91% 90.91% 90.91% 89.09%
MES 85.45% 85.45% 85.45% 83.64% 78.18%
SRISK 100.00% 100.00% 100.00% 100.00% 100.00%

September 14th, 2007

∆CoV aR 91.07% 91.07% 91.07% 89.29% 85.71%
MES 73.21% 75.00% 75.00% 71.43% 64.29%
SRISK 100.00% 100.00% 100.00% 100.00% 100.00%

March 16th, 2008

∆CoV aR 78.33% 78.33% 78.33% 78.33% 70.00%
MES 52.54% 54.24% 54.24% 52.54% 32.21%
SRISK 93.75% 93.75% 93.75% 93.75% 93.75%

July 15th, 2008

∆CoV aR 71.93% 71.93% 71.93% 66.67% 64.91%
MES 63.16% 61.40% 61.40% 57.89% 50.88%
SRISK 93.62% 93.62% 93.62% 93.62% 91.49%

September 17th, 2008

∆CoV aR 73.68% 73.68% 73.68% 73.68% 70.18%
MES 78.95% 80.70% 80.70% 80.70% 75.44%
SRISK 73.91% 73.91% 73.91% 73.91% 73.91%

October 13th, 2008

∆CoV aR 70.18% 71.93% 71.93% 70.18% 71.93%
MES 61.11% 62.96% 62.96% 50.00% 51.85%
SRISK 77.50% 77.50% 77.50% 72.50% 75.00%

December 11th, 2008

∆CoV aR 24.56% 26.32% 26.32% 12.28% 10.53%
MES 0.00% 0.00% 0.00% 0.00% 0.00%
SRISK 17.07% 17.07% 17.07% 17.07% 17.07%

March 5th, 2009

∆CoV aR 23.53% 23.53% 19.61% 17.65% 15.69%
MES 0.00% 0.00% 0.00% 0.00% 0.00%
SRISK 13.16% 13.16% 13.16% 13.16% 13.16%

May 21st, 2009

∆CoV aR 1.56% 1.56% 1.56% 0.00% 0.00%
MES 1.96% 1.96% 0.00% 0.00% 0.00%
SRISK 29.55% 38.64% 34.09% 34.09% 38.64%

Notes: This table presents the success ratio of the SOVaR at the
1% significance level in identifying riskier financial firms during the
key events of the GFC. The hypotheses tested are stated in the
header of the table. The test that we use is the Kolmogorov-Smirnov
bootstrap test.

As an additional test, we also rank the financial firms during the 21 days preceding

the collapse of Bear Stearns, Bank of America’s announcement of its purchase of Merrill

Lynch, and the Lehman Brothers’ bankruptcy on March 16 and September 14 and 15 of

2008, respectively. The SOVaR ranked Bear Stearns first on the day before its collapse

(third during the preceding five days); while the ∆CoV aR ranked it fifth and sixth up to its

collapse, and the MES ranked it tenth two days before the event and then ranked it seventh.

At the time of Bank of America’s announcement of purchasing Merrill Lynch, the SOVaR,
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∆CoV aR, MES, and SRISK ranked this bank on average as ninth, tenth, twentieth, and

thirtieth. Lastly, the SOVaR ranked Lehman Brothers first 21 days before its bankruptcy.

The MES started ranking Lehman Brothers as a systemically riskier bank only seven days

before its bankruptcy; while the ∆CoV aR ranked it second 21 days before the last listing

day of this bank.

Overall, the results presented in this subsection show that the SOVaR is able to fully

gauge systemic risk during the key events of the GFC and to outperform the stock market-

based SRMs of ∆CoV aR, MES, and SRISK.

Finally, one may argue that stock-market based SRMs can be more easily predicted

or replicated by common set of variables as performed in Adrian and Brunnermeier (2016)

with respect to the ∆CoV aR. We conduct a similar exercise, adopting a set of financial and

macroeconomic variables and we show that SOVaR can also be predicted by these lagged

variables both in-sample and out-of-sample up to one year in advance. We report these

results in Appendix D.

4 Options-based financial industries systemic risk

4.1 The SOVaR at the industry level

Following a similar structure as in section 3, we show here the predictive magnitude

of the SOVaR with respect to each of the four financial industries as well as the test to

empirically compare it to the other SRMs. Figure 2 compares the SOVaR with the SRMs for

the four financial industry groups under consideration in our analysis. The four groups react

differently to financial market downturns. While the depositories are the main protagonists

during the GFC, insurance companies and other financials reach more extreme SOVaR values

both before and after the GFC that signals a higher sensitivity to increased volatility, as

investors start to expect a drop in stock prices.

The buildup in SOVaR for the insurance sector since the end of 2003 to the peaks

observed in 2004 and 2005 may be because of the increased frequencies of hurricanes. For

the first time since 1886 three hurricanes (Charley, Frances, and Jeanne) hit the same state,

Florida, in 2004 alone. Florida was also partially hit by hurricane Ivan that had started

in Alabama. For 2004, Swiss Re estimated total economic losses of $56 billion and total

insurance losses of $27 billion. If policymakers had followed SOVaR over that period, then

the insurance industry would have been better prepared to face the impact of hurricane

Katrina in 2005. That storm caused more than $160 billion in damage and led to a reduction

of 29% in the population of New Orleans between the fall of 2005 and 2011. The similar
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high systemic risk period observed for this sector’s SOVaR between 2013 and 2014 may be

due to the problems caused by fires.

The sector of other financials includes most credit card companies and hence covers

many consumer finance companies. The systemic risk for consumers as captured by SOVaR

has been very high during the dot.com era and building up rapidly post 2003. It reached

very high levels, sometimes as close to 100%, in 2004, 2005, 2006, 2007, and 2008. The

broker-dealers sector represents investment banks. There was an increase in SOVaR starting

mid-2002 that could be associated with the introduction of Sarbanes-Oxley regulation and

a very abrupt fall in SOVaR for this sector mid-2004 when Basel II was introduced.

According to Brownlees and Engle (2016), from January to mid-July of 2005, a great

part of the capital shortfall originated from the broker-dealers and other financials sectors

that contained institutions with high levels of leverage and market beta.13 The firms in these

two subsectors all played important roles in the financial crisis that was reflected by a high

systemic risk identified as early as the first quarter of 2005, as reflected in Figure 2.

When looking at the depositories sector, the SOVaR evolution indicates a buildup phase

between 2006 with a peak just before the Lehman collapse in 2008. Then, the SOVaR for

this sector stayed high through 2009 because of the European sovereign crisis but it fell very

fast in the second half of 2009 because it anticipated the IMF solution in event (4) in the

figure. But the other SRMs were producing high false positives. This buildup phase was

followed by another one in 2011 preceding the announcement of the Greek sovereign-debt

yield spike in 2012 after which it and the other SRMs decreased back to historically low

levels that could be attributed to the increased level of regulations in financial markets.

Considering the financial industries, Table E1 in the appendix confirms the evidence that

the SOVaR succeeds in anticipating the systemic risk events in the period from August 9,

2007, to March 5, 2009, (October 13, 2008) compared to the ∆CoV aR (MES and SRISK).

The only exception was the broker-dealers effectiveness ended on March 16, 2008, for the

∆CoV aR and MES). In addition, for the financial industries we detect an almost inverse

relation between SOVaR and the SRMs when approaching the closing episodes of the crisis,

with only a few exceptions. Overall, we can say that SOVaR announces the increased

possibility of an event while the other SRMs announce that such an event had already

occurred.

13For instance, among the main contributors in the broker-dealers subsector were Morgan Stanley, Bear
Stearns, and Lehman Brothers.
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Figure 2: Systemic risk of US financial industries: SOVaR vs. stock market-based SRMs.

Depositories Insurance

Other Financials Broker-Dealers

Notes: This figure shows the time series of the SOVaR and the SRMs of the US depositories, insurance, broker-dealers, and other financials industries.
The vertical lines denote (1) the freezing of BNP Paribas funds on August 9, 2007; (2) the Lehman Brothers bankruptcy on September 15, 2008; (3)
the start of the European debt crisis on May 9, 2009; (4) the agreement between the Greek government and the IMF for the first bailout package of
e110 billion on May 2, 2010; and (5) the peak of 44.21% reached by the Greek 10-year bond yields on March 9, 2012.
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4.2 The impact of Dodd-Frank Act on SOVaR

On July 21, 2010, the US Congress enacted the Dodd-Frank Wall Street Reform and

Consumer Protection Act (DFA) to reorganize the financial regulatory system.14 Its main

focus was on the banking sector – depositories and broker-dealers. The act introduced the

Financial Stability Oversight Council (FSOC) and the Office of Financial Research to identify

threats to the financial stability of the US, and it gave the Federal Reserve new powers to

regulate systemically important institutions. The main provision of this act was to restrict

banks from making certain kinds of speculative investments (known as the Volcker Rule).

Unlike banks, insurance and other financial firms do not play a role in the monetary or

payment systems and their activities are usually viewed as being safer than those of banks,

as they rely on longer-term liabilities and on a strong operating cash flow (Bernal et al.,

2014). For this reason, these two industry groups were not the primary target of the DFA

that explains the results of high levels of systemic risk as measured by the SOVaR in the

previous section in the corresponding plots in Figure 2.

Motivated by this regulatory background, we test the reactions of the SOVaR and the

SRMs to the enactment of the DFA. In particular, we use the Wilcoxon signed rank sum

test for paired data to test whether the systemic risk level as captured by the four SRMs

decreased after July 21, 2010. We consider various window lengths of h equal to 7, 14, 21,

and 28 days. The Wilcoxon test is applied to the following hypotheses:

H0 : SRMi,t−h−1:t−1 ≤ SRMi,t:t+h−1 (8)

H1 : SRMi,t−h−1:t−1 > SRMi,t:t+h−1 (9)

where i indicates the financial system or industry group studied. The failure to reject the

null hypothesis (8) means that the systemic risk level of the financial system or sector under

analysis did not decrease after the enactment of the DFA. The results of the test are reported

in Table 3.

For the entire financial system, the null hypothesis is rejected at the 5% (1%) significance

level only for SOVaR and ∆CoV aR at h = 7, 14, 21 and 28 (∆CoV aR). The results related to

MES and SRISK are not significant for any h. An interesting finding is that ∆CoV aR has

the same results for each industry group that means a high correlation among the financial

industry groups captured by this measure; however, this is not true for the SOVaR. The null

14The classification of a company as a systemically important financial institution (SIFI) causes capital
limitations that may cause serious concerns to that company. Naubert and Tesar (2019) found significant
positive abnormal returns for MetLife and AIG on the date of the ruling of US District Court who determined
that MetLife’s SIFI designation was not based on solid economic assessment. The removal of SIFI designation
was estimated to have created close to 1.4 USD billion in corporate wealth.
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Table 3: Wilcoxon signed rank sum test around the enactment of the Dodd-Frank Act.

H0: SRMi,t−h−1:t−1≤ SRMi,t:t+h−1

SOV aR ∆CoV aR MES SRISK

All Financial Industries h = 7 -2.1539** -2.1539** 0.0000 -0.4023
h = 14 -2.1539** -2.1539** 0.0000 -0.4023
h = 21 -2.1539** -2.1539** 0.0000 -0.4023
h = 28 -2.4176** -2.6601*** 0.0000 -0.0981

SOV aR ∆CoV aR MES SRISK

Depositories h = 7 -1.8627* -2.1539** 0.0000 -0.4023
h = 14 -1.8627* -2.1539** 0.0000 -0.4023
h = 21 -1.8627* -2.1539** 0.0000 -0.4023
h = 28 -1.4451 -2.6601*** 0.0000 -0.1871

SOV aR ∆CoV aR MES SRISK

Insurance h = 7 0.0000 -2.1539** 0.0000 -0.6745
h = 14 0.0000 -2.1539** 0.0000 -0.6745
h = 21 0.0000 -2.1539** 0.0000 -0.6745
h = 28 -0.0294 -2.6601*** 0.0000 -0.4451

SOV aR ∆CoV aR MES SRISK

Others h = 7 -1.4178 -2.1539** 0.0000 0.0000
h = 14 -1.4178 -2.1539** 0.0000 0.0000
h = 21 -1.4178 -2.1539** 0.0000 0.0000
h = 28 -0.9468 -2.6601*** 0.0000 0.0000

SOV aR ∆CoV aR MES SRISK

Broker-Dealers h = 7 -1.6759* -2.1539** 0.0000 -0.6745
h = 14 -1.6759* -2.1539** 0.0000 -0.6745
h = 21 -1.6759* -2.1539** 0.0000 -0.6745
h = 28 -2.0635** -2.6601*** 0.0000 -0.7245

Notes: This table presents the results of the Wilcoxon signed rank sum
test for the financial industries measure whether the level of systemic
risk h-days after the enactment of the Dodd-Frank act on July 21, 2010
is greater than the same h-days before. The hypothesis tested is H0:
SRMt−h−1:t−1 ≤ SRMt:t+h−1, with h = 7, 14, 21, and 28 days. The
failure to reject this hypothesis means that according to the particu-
lar SRMi with i = SOVaR ∆CoV aR, MES, or SRISK, the systemic
risk level of the financial system (or sector) did not decrease after the
enactment of the Dodd-Frank act. The columns contain the test statis-
tics. The ***, **, and * indicate significance at 1%, 5%, and 10% levels
respectively.

hypothesis is rejected only for depositories and broker-dealers that were subject to DFA.

5 Options-based systemic risk and macroeconomic down-

turns

After showing the usefulness of the SOVaR as an early warning tool for financial distress,

we now investigate whether the SOVaR can also predict future macroeconomic declines.

Hence, we study the usefulness of SOVaR as an early warning system to forecast decreases
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in real economic activity as well as recessions.

While the majority of the empirical studies on systemic risk has focused on measuring

distress in financial markets, only a few have attempted to shed light on this issue (see

Allen et al., 2012; Giglio et al., 2016; Brownlees and Engle, 2016). The majority of systemic

risk definitions proposed in the literature emphasize that an increase in systemic risk can

have negative spillover effects on the real economy. Studies have detected distress in the

financial system as an important amplification factor with respect to adverse fundamental

shocks which can result in more severe downturns or crises in the macroeconomy. Conversely,

the absence of financial distress does not necessarily lead to a macroeconomic boom (e.g.

Mendoza, 2010; Giglio et al., 2016). We use predictive regressions to show whether the

SOVaR provides early warning signals of distress in the real economy.

We use the following monthly macroeconomic indicators: the Aruoba-Diebold-Scotti

Business Conditions Index (ADS) (see Aruoba et al., 2009), the US industrial production

(IP) growth rate, and the Chicago Fed National Activity Index (CFNAI).15 Following the

standard practice in the literature, we aggregate our measures at a monthly frequency to

match the macroeconomic indicators we predict. We start by first running this regression

model:

Macrot+h = β0 + βSOV aR SOV aRt + εt (10)

where h ∈ {1, 3, 6, 9, 12}. The results with respect to macroeconomic indicators up to one

year are presented in Table 4.

The SOVaR shows strong predictive power with respect to all three macroeconomic indica-

tors up to one year in advance. The regressions’ performance, measured by the adjusted R2

statistic, is higher than 20% when predicting ADS and CFNAI at 1- and 3-month horizons.

Regarding the monthly growth rate of US industrial production, we observe a higher ad-

justed R2 when increasing the predictive horizons (e.g. 9- and 12-months). The regressions’

coefficients are negative for any horizon and with respect to all three indicators. Thus, an

increase in the SOVaR indicates worsening macroeconomic conditions consistent with the

rationale behind the SRMs. Overall, the SOVaR has predictive ability that spans the whole

12-month horizon, hence being a timely systemic risk monitoring tool.16

15The ADS Business Condition Index tracks the real business conditions at a high frequency and is based
on economic indicators. It is collected from: https://www.philadelphiafed.org/research-and-data/

real-time-center/business-conditions-index. The IP measures the real output for all the facilities
in the US and is collected from https://fred.stlouisfed.org/series/INDPRO. The CFNAI tracks the
overall economic activity and the inflationary pressure and is computed as a weighted average of 85 monthly
indicators. It is collected from: https://www.chicagofed.org/publications/cfnai/index.

16As a robustness check we conduct the same bivariate exercise adopting ATM-puts based on the SOVaR.
The empirical findings are similar directionally, but weaker with respect to the predictive power. This result
confirms that the SOVaR that is based on the OTM put options captures tail risk performs better in terms
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Table 4: Bivariate SOVaR Predictive Results.

Dependent variable: ADS

h = 1 h = 3 h = 6 h = 9 h = 12

SOVaR -0.095*** -0.088*** -0.069*** -0.059*** -0.038**
(0.013) (0.013) (0.014) (0.015) (0.016)

Adj. R2 0.244 0.205 0.120 0.082 0.029

Dependent variable: IP

h = 1 h = 3 h = 6 h = 9 h = 12

SOVaR -0.409*** -0.468*** -0.525*** -0.565*** -0.568***
(0.089) (0.089) (0.089) (0.089) (0.090)

Adj. R2 0.105 0.135 0.166 0.191 0.191

Dependent variable: CFNAI

h = 1 h = 3 h = 6 h = 9 h = 12

SOVaR -0.109*** -0.106*** -0.086*** -0.073*** -0.058***
(0.015) (0.015) (0.017) (0.017) (0.018)

Adj. R2 0.231 0.212 0.133 0.090 0.052

Notes: This table presents the predictive results for the SOVaR with respect
to the selected macroeconomic indicators: ADS, IP, and CFNAI that are es-
timated through equation 10. The results are reported for predictive horizons
equal to 1, 3, 6, 9, and 12 months along with the coefficients, standard errors
(in parentheses), and adjusted R2. The ***, **, and * indicate significance at
1%, 5%, and 10% levels, respectively.

5.1 Controlling for stock market-based systemic risk measures

To further check the predictive ability of SOVaR we explore whether it provides addi-

tional information that predicts macroeconomic downturns on top of other selected measures

of risk. Therefore, we repeat the predictive exercises in the previous section by extending

the covariate information set with ∆CoV aR, MES, and SRISK as well as the CATFIN

by Allen et al. (2012) and the partial quantile regression (PQR) estimator by Giglio et al.

(2016), respectively.17 CATFIN is based on non-parametric and parametric approaches, and

it uses both the V aR and the ES methods. It is then constructed as an average of the three

V aR and ES measures. The parametric distributions used to estimate the 1% V aR and

ES are the generalized Pareto distribution (GPD) and the skewed generalized error distri-

bution (SGED). The non-parametric methods are measured as cut-off points for the left tail

minus one percentile of the monthly excess returns for the V aR and as an average of the

extreme financial firms’ returns beyond the 1% non-parametric V aR. The PQR estimator

of real economic predictability.
17We thank the authors for making the CATFIN and the PQR series publicly available at https://sites.

google.com/a/georgetown.edu/turan-bali/ and https://sites.google.com/view/stefanogiglio/

data-code.
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is computed aggregating 19 measures of systemic risk and financial market distress. We also

control for the SVIX (1-month, mid-price) proposed by Martin (2017) in order to obtain

valuable information from the index option prices as well as a direct proxy for the equity

premium in our regressions.18

We now run the multiple regression models including each of the above risk measures:

Macrot+h = β0 + βSOV aR SOV aRt + βRM RMt + εt (11)

where RM stays now for each risk measure we adopt as a control: ∆CoV aR, MES, SRISK,

CATFIN, PQR, and SVIX; as a robustness check we also include all of them jointly (RMs).

All results are reported in Tables from 5 to 7.

Once again, there is evidence that the SOVaR is a strong predictor of the future level

of the ADS Business Condition Index up to one year in advance, even when we control for

∆CoV aR, MES, SRISK, CATFIN, and SVIX. When we control for PQR, the SOVaR is

still able to predict future ADS up to nine months in advance. Moreover, the ∆CoV aR,

MES, and SRISK are unable to predict the ADS levels in the next month but do show a

higher predictive power in the long run. CATFIN shows a 6-month predictive ability with

respect to ADS and up to one year for the PQR. Despite the significant predictive ability of

the other controls, in the great part of the cases, the strong predictive power of the SOVaR

drives the higher adjusted R2 statistic. The predictive power of the SOVaR is also preserved

after controlling for all risk measures at the same time.

The SOVaR shows predictive power also for the growth rate of industrial production,

even after controlling for the other SRMs, which are themselves predictive up to one year

ahead. The PQR is a strong predictor for longer term horizons, but this ability does not

lessen the predictive ability of the SOVaR for longer horizons. We find contrary results when

controlling for SVIX. This measure is useful for predicting industrial production in the long

run while sharing complementary information with the SOVaR in the short run. When we

control for the entire set of SRMs, the SOVaR still has a 6-month predictive power for the

future level of growth in industrial production.

According to Giglio et al. (2016), many SRMs in the literature lack predictive power

for downside macroeconomic risk when considered individually. This lack could be because

measurement noise obscures the useful content of these series, or because different measures

capture different aspects of systemic risk. We use the PQR measure to combine these

measures into a more informative systemic risk index. Studies have found the PQR to be

a successful predictor of macroeconomic conditions and downturns, as our predictive results

18We thank Ian Martin for publicly sharing the SVIX data on his website http://personal.lse.ac.uk/

martiniw/.
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Table 5: Multiple SOVaR Predictive Results: ADS.

h = 1 h = 3 h = 6 h = 9 h = 12

SOVaR -0.097*** -0.096*** -0.083*** -0.077*** -0.059***
(0.013) (0.014) (0.015) (0.015) (0.016)

∆CoV aR 0.012 0.040* 0.070*** 0.093*** 0.107***
(0.023) (0.024) (0.025) (0.025) (0.025)

Adj. R2 0.241 0.214 0.156 0.150 0.120

SOVaR -0.047*** -0.042*** -0.047*** -0.052*** -0.045**
(0.013) (0.014) (0.017) (0.018) (0.019)

CATFIN -2.645*** -2.516*** -1.192** -0.356 0.336
(0.407) (0.426) (0.483) (0.503) (0.522)

Adj. R2 0.390 0.337 0.146 0.080 0.026

SOVaR -0.095*** -0.099*** -0.091*** -0.087*** -0.069***
(0.014) (0.014) (0.015) (0.015) (0.016)

MES 0.002 0.051* 0.100*** 0.133*** 0.141***
(0.028) (0.029) (0.030) (0.029) (0.030)

Adj. R2 0.240 0.215 0.171 0.179 0.139

SOVaR -0.091*** -0.101*** -0.097*** -0.096*** -0.077***
(0.014) (0.015) (0.016) (0.016) (0.017)

SRISK -0.029 0.109* 0.220*** 0.297*** 0.299***
(0.059) (0.060) (0.061) (0.061) (0.063)

Adj. R2 0.241 0.216 0.179 0.195 0.143

SOVaR -0.051*** -0.053*** -0.042** -0.042* -0.016
(0.014) (0.016) (0.019) (0.021) (0.022)

PQR 6.095*** 4.908*** 3.375*** 1.922** 1.751*
(0.562) (0.678) (0.812) (0.879) (0.928)

Adj. R2 0.618 0.449 0.224 0.102 0.038

SOVaR -0.063*** -0.069*** -0.070*** -0.080*** -0.054**
(0.015) (0.018) (0.021) (0.021) (0.022)

SVIX -10.560*** -7.365*** -1.817 3.464* 3.990**
(1.320) (1.541) (1.832) (1.878) (1.950)

Adj. R2 0.511 0.340 0.122 0.092 0.042

SOVaR | RMs -0.046*** -0.085*** -0.108*** -0.125*** -0.076***
(0.016) (0.018) (0.023) (0.024) (0.027)

Adj. R2 0.720 0.672 0.466 0.392 0.242

Notes: This table presents the predictive multiple regression results for the SOVaR
with respect to the ADS Business Condition Index estimated through equation 11.
We control for ∆CoV aR, MES, SRISK, CATFIN, PQR, and SVIX as well as for all
of them together (RMs). The results are reported for predictive horizons equal to
1, 3, 6, 9, and 12 months and for the coefficients, standard errors (in parentheses),
and R2. The coefficients for all RMs in the last regression are omitted for the
sake of space. The ***, **, and * indicate significance at 1%, 5%, and 10% levels,
respectively.

have indicated. However, the predictive power of the SOVaR still holds when we control for

PQR that emphasizes that the SOVaR still contains additional information not available in

the large set of measures condensed in the PQR.

For the CFNAI indicator, the results are similar and we confirm the strong predictive
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Table 6: Multiple SOVaR Predictive Results: IP.

h = 1 h = 3 h = 6 h = 9 h = 12

SOVaR -0.173** -0.251*** -0.341*** -0.421*** -0.467***
(0.078) (0.080) (0.084) (0.088) (0.092)

∆CoV aR -1.217*** -1.119*** -0.943*** -0.740*** -0.528***
(0.137) (0.138) (0.142) (0.144) (0.148)

Adj. R2 0.383 0.372 0.337 0.298 0.246

SOVaR -0.155 -0.153* -0.180* -0.218** -0.229**
(0.100) (0.097) (0.089) (0.093) (0.096)

CATFIN -14.220*** -17.201*** -18.614*** -18.479*** -17.590***
(3.023) (2.883) (2.750) (2.677) (2.669)

Adj. R2 0.202 0.281 0.341 0.369 0.359

SOVaR -0.065 -0.148* -0.254*** -0.354*** -0.414***
(0.078) (0.080) (0.085) (0.090) (0.094)

MES -1.623*** -1.501*** -1.262*** -0.984*** -0.716***
(0.158) (0.160) (0.166) (0.172) (0.177)

Adj. R2 0.443 0.427 0.376 0.321 0.261

SOVaR -0.152 -0.239** -0.356*** -0.469*** -0.538***
(0.094) (0.096) (0.099) (0.101) (0.103)

SRISK -2.130*** -1.873*** -1.359*** -0.755* -0.234
(0.057) (0.058) (0.059) (0.058) (0.059)

Adj. R2 0.237 0.238 0.219 0.204 0.188

SOVaR -0.022 -0.085 -0.148 -0.217* -0.226**
(0.121) (0.120) (0.116) (0.112) (0.110)

PQR 1.919 6.518 11.685** 12.858*** 14.016***
(5.015) (4.973) (4.832) (4.692) (4.620)

Adj. R2 0.013 0.014 0.081 0.130 0.156

SOVaR 0.276*** 0.192* 0.098 -0.037 -0.103
(0.102) (0.097) (0.091) (0.095) (0.098)

SVIX -6.212*** -6.793*** -7.398*** -6.362*** -5.475***
(0.885) (0.845) (0.809) (0.848) (0.875)

Adj. R2 0.267 0.340 0.426 0.371 0.318

SOVaR | RMs 0.573*** 0.463*** 0.219** -0.014 -0.141
(0.102) (0.105) (0.110) (0.118) (0.124)

Adj. R2 0.626 0.612 0.577 0.511 0.452

Notes: This table presents the predictive multiple regression results for the SOVaR with
respect to the industrial production (IP) growth rate estimated through equation 11.
We control for ∆CoV aR, MES, SRISK, CATFIN, PQR, and SVIX as well as for all of
them together (RMs). The results are reported for predictive horizons equal to 1, 3, 6,
9 and 12 months and for the coefficients, standard errors (in parentheses), and R2. The
coefficients for the all RMs in the last regression are omitted for the sake of space. The
***, **, and * indicate significance at 1%, 5%, and 10% levels, respectively.

power of the SOVaR which still holds after controlling for ∆CoV aR, MES, and SRISK.

The predictive ability of the SOVaR with respect to CFNAI holds even after controlling

for the options-based SVIX. There is empirical evidence that PQR is a strong predictor

of CFNAI up to one year ahead, but the SOVaR still remains statistically significant that
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confirms its important role in the macroeconomic environment. Overall, even though the

literature finds that measures such as the CATFIN and the PQR are strong predictors of

macroeconomic conditions, the predictive power of the SOVaR still holds when we control

for them. The SOVaR predicts macroeconomic conditions indicators well and maintains its

predictive ability up to nine months ahead, even after controlling for all of the information

available in the SRMs.

Overall, the findings of this section confirm our hypothesis that the SOVaR is a valid

predictive tool for macroeconomic downturns and changes in the real economy. In general,

the findings show that the information content of SOVaR exhibits strong predictive power

both in the short and also in the long run, hence it is a valid candidate to be a more

timely predictive tool than the stock market-based SRMs and is also more timely than a

forward-looking risk measure such as the SVIX.

5.2 Options-based systemic risk and recession

In this section we check the predictive power or the SOVaR with respect to a dummy

variable for a NBER recession period in the US. 19 For the NBER variable, we use a probit

regression as follows:

Prob(NBERt+h = 1) = Φ (β0 + βSOV aR SOV aRt + εt) (12)

where Φ is the standard Gaussian cumulative distribution function, NBER is the dummy

recession variable, and h ∈ {1, 3, 6, 9, 12}. The results are reported in the first panel of Table

8. We observe that the SOVaR is a strong predictor of recessions up to one year ahead and

can explain about 23% to 10% of the future probability of recessions in the next month and

next year, respectively. The coefficients’ sign is positive, hence an increase in the SOVaR

leads to a higher probability of recession in the next horizon h. Lastly, we perform the same

exercise as in equation 11 with respect to the NBER recession variable running the following:

Prob(NBERt+h = 1) = Φ (β0 + βSOV aR SOV aRt + βRM RMt + εt) (13)

where now we control for each of the selected systemic risk measures, ∆CoV aR, MES,

SRISK, CATFIN, PQR, SVIX, or all of them together (RMs), and h ∈ {1, 3, 6, 9, 12}. The

findings for the predictive probit regression are reported in Table 8.

Overall, this subsection further confirms that even when we control for the other RMs,

19The NBER dummy tracks recession (1) and expansion (0) periods and is available at https://fred.

stlouisfed.org/series/USREC.
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Table 7: Multiple SOVaR Predictive Results: CFNAI.

h = 1 h = 3 h = 6 h = 9 h = 12

SOVaR -0.106*** -0.109*** -0.097*** -0.088*** -0.076***
(0.016) (0.016) (0.017) (0.018) (0.019)

∆CoV aR -0.014 0.019 0.054* 0.080*** 0.096***
(0.028) (0.028) (0.029) (0.030) (0.030)

Adj. R2 0.228 0.210 0.146 0.124 0.102

SOVaR -0.043*** -0.056*** -0.053*** -0.055*** -0.056**
(0.015) (0.017) (0.019) (0.021) (0.022)

CATFIN -3.672*** -2.692*** -1.809*** -0.935 -0.093
(0.462) (0.508) (0.559) (0.588) (0.610)

Adj. R2 0.435 0.320 0.179 0.099 0.046

SOVaR -0.103*** -0.112*** -0.105*** -0.098*** -0.087***
(0.017) (0.017) (0.018) (0.018) (0.019)

MES -0.027 0.031 0.086** 0.120*** 0.136***
(0.034) (0.034) (0.035) (0.035) (0.036)

Adj. R2 0.230 0.212 0.158 0.145 0.123

SOVaR -0.096*** -0.114*** -0.106*** -0.103*** -0.093***
(0.017) (0.018) (0.019) (0.019) (0.020)

SRISK -0.107 0.066 0.162** 0.237*** 0.277***
(0.069) (0.070) (0.073) (0.074) (0.075)

Adj. R2 0.238 0.212 0.153 0.139 0.120

SOVaR -0.060*** -0.073*** -0.050** -0.040* -0.031
(0.017) (0.020) (0.023) (0.024) (0.026)

PQR 6.927*** 5.006*** 4.281*** 3.271*** 2.330**
(0.699) (0.839) (0.945) (1.014) (1.079)

Adj. R2 0.579 0.397 0.249 0.145 0.068

SOVaR -0.067*** -0.094*** -0.083*** -0.086*** -0.077***
(0.018) (0.022) (0.024) (0.025) (0.026)

SVIX -13.416*** -6.509*** -2.637 2.075 4.214*
(1.522) (1.885) (2.152) (2.240) (2.286)

Adj. R2 0.537 0.293 0.134 0.078 0.058

SOVaR | RMs -0.056*** -0.099*** -0.127*** -0.128*** -0.095***
(0.019) (0.023) (0.028) (0.030) (0.032)

Adj. R2 0.719 0.592 0.414 0.349 0.241

Notes: This table presents the results of the predictive multiple regressions for the
SOVaR with respect to the Chicago Fed National Activity Index (CFNAI) that is
estimated through equation 11. We control for the ∆CoV aR, mes, srisk, CATFIN,
PQR, and SVIX as well as for all of them together (RMs). The results are reported
for predictive horizons equal to 1, 3, 6, 9, and 12 months and for the coefficients,
standard errors (in parentheses), and R2. The coefficients for all RMs in the last
regression are omitted for the sake of space. The ***, **, and * indicate significance
at 1%, 5%, and 10% levels, respectively.

the SOVaR out-performs the ∆CoV aR, MES, and SRISK in shorter horizons, while out-

performing CATFIN and PQR in longer horizons (e.g., 9-months and 12-months). Thus,

the SOVaR is more timely and useful in anticipating potential future recessions in advance.

The SOVaR indicates it has additional and ex-ante information content that CATFIN and

28



Table 8: Multiple SOVaR Predictive Results: NBER.

h = 1 h = 3 h = 6 h = 9 h = 12

SOVaR 0.319*** 0.283*** 0.258*** 0.261*** 0.197***
(0.065) (0.061) (0.059) (0.061) (0.058)

Pseudo R2 0.233 0.194 0.168 0.172 0.102

SOVaR 0.041*** 0.041*** 0.040*** 0.040*** 0.033***
(0.006) (0.007) (0.006) (0.006) (0.006)

∆CoV aR -0.001 -0.016 -0.031*** -0.042*** -0.047***
(0.233) (0.206) (0.239) (0.423) (0.606)

Pseudo R2 0.579 0.397 0.249 0.145 0.168

SOVaR 0.023*** 0.018*** 0.022*** 0.033*** 0.030***
(0.007) (0.007) (0.007) (0.007) (0.007)

CATFIN 0.984*** 1.054*** 0.619*** -0.032 -0.319
(0.201) (0.205) (0.209) (0.205) (0.204)

Pseudo R2 0.318 0.294 0.201 0.175 0.129

SOVaR 0.041*** 0.042*** 0.043*** 0.045*** 0.037***
(0.007) (0.007) (0.007) (0.006) (0.006)

MES -0.002 -0.021 -0.042*** -0.061*** -0.063***
(0.013) (0.014) (0.013) (0.012) (0.012)

Pseudo R2 0.233 0.209 0.259 0.464 0.537

SOVaR 0.040*** 0.043*** 0.046*** 0.050*** 0.041***
(0.007) (0.007) (0.007) (0.006) (0.006)

SRISK 0.001 -0.043 -0.098*** -0.142*** -0.133***
(0.028) (0.028) (0.027) (0.024) (0.024)

Pseudo R2 0.231 0.210 0.250 0.419 0.401

SOVaR 0.063 0.006 0.093** 0.171** 0.124**
(0.083) (0.186) (0.082) (0.043) (0.065)

PQR -2.877*** -3.004*** -0.898** -0.370 -0.241
(0.658) (0.672) (0.322) (0.267) (0.266)

Pseudo R2 0.467 0.466 0.266 0.251 0.208

SOVaR 0.028*** 0.027*** 0.029*** 0.043*** 0.034***
(0.009) (0.009) (0.009) (0.009) (0.009)

SVIX 3.302*** 2.694*** 1.359* -1.879** -2.303***
(0.741) (0.782) (0.810) (0.767) (0.761)

Pseudo R2 0.268 0.197 0.135 0.217 0.205

SOVaR| RMs 0.137 0.142 0.688** 0.954*** 0.879***
(0.147) (0.177) (0.271) (0.311) (0.318)

Pseudo R2 0.611 0.667 0.765 0.756 0.675

Notes: This table presents the results for the bivariate probit model predictive
regression with respect to the NBER recession dummy that is estimated through
equation 12 in the first panel and the results of the multiple probit model predictive
regression that is estimated through equation 13 thereafter. In the multiple probit
model, we control for each one of the risk measures, ∆CoV aR, mes, srisk, CATFIN,
and PQR as well as for all of them together (RMs). The results are reported for
horizons equal to 1, 3, 6, 9, and 12 months and for the coefficients, z-stat (in
parentheses), and pseudo- R2. The coefficients for all RMs in the last regression
are omitted for the sake of space. The ***, **, and * indicate significance at 1%,
5%, and 10% levels, respectively.
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PQR lack. The stronger predictive ability of the SOVaR with respect longer horizons is also

confirmed after controlling for the SVIX, which shows important complementary informa-

tion shared by the two measures for predicting recessions.20 Further, the predictive power of

SOVaR with respect to recessions holds even after controlling for all the information content

of the other risk measures (RMs).

5.3 Options-based systemic risk and out-of-sample predictability

In this subsection, we also check the out-of-sample predictive power of the SOVaR with

respect to the three macroeconomic indicators (ADS, IP and CFNAI) and the NBER reces-

sion indicator. We compute the regression forecast as:

M̂acrot+h = α̂t + β̂RMRMt +Macrot (14)

where α̂t, and β̂RM are the OLS estimates of α and βs, respectively, from the beginning of

the sample until month t, and Macrot is an autoregressive process of lag 1. The RM is one

of the systemic risk measures we test that contains the SOVaR, ∆CoV aR, MES, SRISK,

and CATFIN. The forecast horizons, h, are equal to 1, 3, 6, 9, and 12 months.

We are interested in testing whether the regression with the SOVaR achieves predictive

power as good as or stronger than the predictive regressions including the other RMs. To

test whether or not the predictive regression produces a significant improvement in the

mean squared forecast error (MSFE), we report the Clark and West (2007) MSFE-adjusted

statistic that tests the null hypothesis that the benchmark MSFE is less than or equal to the

predictive regression’s MSFE against the alternative hypothesis that the benchmark MSFE

is greater than the predictive regression’s MSFE which corresponds to H0 : R2
OS ≤ 0 against

HA : R2
OS > 0. The sample is split into an in-sample period (from 2001 to 2009) and an out-

of-sample evaluation forecast period (from 2010 to 2015). The natural forecast benchmark

we consider is an autoregressive process, namely the previous lag of the dependent variable.

We report the results in Table 9 for both the macroeconomic indicators and recession dummy,

where for the latter a forecasting probit model is estimated.

The results from Table 9 show that the SOVaR achieves good out-of-sample forecast

performance, especially with respect to the growth rate of industrial production and CFNAI

at all forecasting horizons, with adjusted MSFE that is significantly less than the bench-

mark MSFE. In comparison to the other RMs, we observe that SOVaR presents superior

20As a further robustness check, we replace the SVIX control in all the regressions with the VIX. The
strong predictive power of the SOVaR hold even stronger. The results are available from the authors upon
request.
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Table 9: SOVaR Out-of-Sample Predictability: Adj. MSFE.

ADS

h = 1 h = 3 h = 6 h = 9 h = 12

SOVaR 0.87* -0.50 1.66** -1.10 -1.17
∆CoV aR 1.37* 1.53* 2.15** 2.22** 2.29**
MES 1.79** 2.10** 2.25** 2.43*** 2.44***
SRISK -1.19 2.20** 0.59 -1.37 0.08
CATFIN 0.75 1.23 0.73 0.30 1.29

IP

SOVaR 1.47* 1.56** 1.66** 1.73** 1.69**
∆CoV aR 0.35 0.61 0.71 2.26** 1.33*
MES 0.20 0.74 1.27 3.77*** 1.79**
SRISK 0.51 1.15 1.64** 1.71** 1.38*
CATFIN 0.44 0.66 1.24 1.30* 1.57**

CFNAI

SOVaR 4.31*** 4.02*** 4.63*** 4.63*** 4.98***
∆CoV aR 0.59 0.79 2.41** 1.91** 1.41*
MES 2.28** 3.27*** 2.91*** 2.15** 1.60*
SRISK 0.19 0.52 -0.23 -0.39 -0.98
CATFIN 2.97*** 3.86*** 2.85*** 3.04*** 3.33***

NBER

SOVaR 1.46* 1.45* 1.45* 1.46* 1.42*
∆CoV aR 1.38* 1.40* 1.48* 1.54* 1.52*
MES 1.42* 1.43* 1.45* 1.52* 1.50*
SRISK 1.42* 1.42* 1.40* 1.27 1.21
CATFIN 1.46* 1.46* 1.45* 1.46* 1.43*

Notes: This table presents the out-of-sample predictability results for the SOVaR
and the other SRMs. The in-sample period is from 2001 to 2009, and out-
of-sample estimation period is from 2009 to 2015. We report the Clark and
West (2007) MSFE-adjusted statistic that tests the null hypothesis that the
benchmark forecast MSFE of ≤ is > greater than the competing benchmark
forecast MSFE in the one-sided alternative hypothesis. The significant MSFE-
adjusted are reported as ∗, ∗∗, ∗ ∗ ∗, for the 10%, 5%, and 1% significance levels,
respectively.

forecasting ability with respect to industrial production growth and CFNAI, weaker predic-

tive ability in the long run for ADS, while its performance is very similar to the other RMs

with respect to the NBER recession indicator.21

5.4 Options-based financial industries systemic risk predictability

In this subsection, we continue the investigation of the predictive power of the newly

proposed SOVaR by drilling down to the four financial industries in our sample: deposito-

ries, insurance, others financial, and broker-dealers. In today’s globalized and financialized

economy, the breakdown of companies other than depositors, such as insurance firms, broker-

21The same exercise has been performed with respect to PQR and SVIX. However, due to the different
time period availability we tested the out-of-sample predictive power of SOVaR against PQR and SVIX by
choosing an in-sample period from 2001 to 2009 and the remaining two years as out-of-sample. The results
show SOVaR performing as well as PQR and SVIX with respect to ADS, IP and NBER recession indicator,
while outperforming them with respect to CFNAI. The results are available from the authors on request.
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dealers, non-depository institutions, and real estate, may also have a critical impact on the

real economy (see Bernal et al., 2014). In order to check this impact, we run regressions in

order to gauge the impact of the SOVaR on the future level of macro variables, that is ADS,

CFNAI, IP growth, and also future recessions. We run the same equation as in 10 where the

independent variable is the total SOVaR for all financial industries that is now recalculated

for each of the four financial industries. For the impact on recessions as a binary variable, a

probit model is applied. The results are reported in Tables E2 and E3 in the appendix for

the bivariate and multiple predictive regressions, respectively.22

We observe that the SOVaR for depositories industry plays a key role in predicting

macro variables as well as future recessions up to one year in advance as indicated by the

high performance that is measured by the adjusted regression R2. The SOVaR of the other

financials category also shows good predictability mostly in the long run for ADS and CFNAI,

while in the short run for IP growth. The SOVaR is able to predict future recession up to one

year in advance. The SOVaR of broker-dealers is mainly able to predict macro variables and

recession in the long run. Changes in the prices of put options that belong to the investment

banking component of our financial firms might better predict the macroeconomic variables

and recession one-year in advance. Indeed, the SOVaR of the broker-dealers industry shows

a high predictability for IP growth up to one year ahead. Further, we find a lack of predictive

power (or weak in case of future recessions) for the SOVaR for the insurance industry. We

repeat the same predictive exercise while controlling for the ∆CoV aR, MES, and SRISK.

We detect evidence that shows the SOVaR is still statistically significant after controlling

for the SRMs separately and jointly that thus, confirms the usefulness of the SOVaR for

financial industries, especially for depositories and other financials.

6 Conclusion

We propose a forward-looking options-based SRM, denoted as SOVaR that is con-

structed from financial institutions’ OTM put options. We contribute both to the systemic

risk literature and to the financial economics literature that focuses on the forward-looking

aspect of SRMs that is a characteristic that many authors have considered appealing from a

financial stability perspective. Our methodology is easily replicable, and it can be updated

in real-time on a daily basis. Moreover, SOVaR is closely linked to the downside tail risk in

the financial market since it is extracted from OTM put options.

22In this predictive exercise we only control for the corresponding financial industry market-based SRMs
for which we are able to compute corresponding financial industry systemic risk measures, namely ∆CoV aR,
MES and SRISK and still denote them as RMs.
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In relation to the US economy, we find that the SOVaR can capture and signal build-

ups of systemic risk and financial distress in a more timely manner that signal potential

future recessions and macroeconomic downturns. We mainly focus on the GFC to test the

performance of the new measure. Non-parametric testing shows that SOVaR is able to

signal financial market distress in advance (up to 28 days) in contrast to standard stock

market-based SRMs like the ∆CoV aR, MES, and SRISK.

The new systemic risk measure can predict economic downturns and recessions up to

12 months in advance that is a clear improvement over the most widely accepted SRMs.

Our results also hold when we control for other measures of risk already proposed in the

literature as potential economic monitoring tools. The SOVaR for depositories is the most

informative in predicting macroeconomic indicators and recessions.

Hence SOVaR may serve as a useful macroprudential policy tool for identifying firm-

level systemic risk that accounts for the expectations of investors in the options market.

In particular, it can help with the monitoring and assessing of the asset value of financial

firms through the information contained in put option contracts. Together with the most

recognized market-based SRMs, the SOVaR could be used as a tool to prevent substantial

financial disruptions in banking and other vital financial services necessary for stable eco-

nomic growth. From a risk management perspective, SOVaR could be used as a tool to

monitor the systemic risk of a financial counterpart in an option contract.

Based on this research, we conclude that an options-based measure of systemic risk is

more timely in terms of predicting future systemic events, thus being a natural candidate to

be an early warning tool that compares well to the standard market-based SRMs. This study

may open up a prolific line of research that looks at the advantages of adopting options when

measuring systemic risk and predicting financial distress. We believe that a forward-looking

monitoring tool can be a useful tool to regulators, supervisory authorities, policymakers and

investors, especially in turbulent and uncertain times.
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Appendices

A Market-based systemic risk measures

This section details the methodologies implemented to estimate the three main stock

market-based SRMs used in this paper, namely, the ∆CoV aR by Adrian and Brunner-

meier (2016), the MES developed by Acharya et al. (2017), and the SRISK introduced by

Brownlees and Engle (2016).

A.1 Definition of CoVaR

Adrian and Brunnermeier (2016) introduced the conditional value-at-risk (CoV aR) to

analyze risk transmissions from an individual financial institution to another or to the equity

market as a whole. In particular, the CoV aR is defined as the conditional value-at-risk of

the equity market conditional on a financial institution i being in a particular state. The

main measure ∆CoV aR is estimated as the difference between the CoV aR conditional on

the distress of institution i and the CoV aR conditional on the median state of the same.

We denote by q%− V aRq,i:

Pr(Xi ≤ V aRq,i) = q% (15)

where Xi is institution i’s “return loss” for which the V aRq,i is defined. CoV aR
S&P500|C(Xi)
q

is defined as the V aR of the equity market conditional on some event C(Xi) of institution i.

The event C is defined as an event equally likely across institutions. Usually C is defined as

institution i’s loss being at or above its V aRq,i level. CoV aR
S&P500|C(Xi)
q is implicitly defined

by the q%-quantile of the conditional probability distribution:

Pr(XS&P500|C(Xi) ≤ CoV aRS&P500|C(Xi)
q ) = q% (16)

The ∆CoV aR of the equity market conditional on institution i being under distress is

computed as follows:

∆CoV aRS&P500|i
q = CoV aRS&P500|Xi=V aRq,i

q − CoV aR
S&P500|Xi=V aR

50th,i
q (17)

We use quantile regression to estimate the ∆CoV aR. In particular, following the approach
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of Adrian and Brunnermeier (2016), we estimate the following quantile regression:

Xq,S&P500 = αq + βqXq,i (18)

where Xq,S&P500, and Xq,i denote the equity market and institution i’s return losses, respec-

tively. Using the predicted value of Xi = V aRq,i, we get the CoV aRq,i measure as follows:

CoV aRq,i = V aRS&P500|Xi=V aRq,i
q = α̂q + β̂qV aRq,i (19)

where V aRq,i is the q%-quantile of institution i’s losses.

Based on equation (17), the ∆CoV aRq,i is estimated as:

∆CoV aRq,i = CoV aRq,i − CoV aR
S&P500|Xi=V aR

50th,i
q = β̂q(V aRq,i − V aR50th,i) (20)

For each financial institution and industry group included in our sample, we estimate the

∆CoV aR95th,i.
23

In order to ensure consistency among the three SRMs used in this study, we compute

the ∆CoV aR by conditioning institution i’s losses on the financial system being in crisis.

The Exposure−∆CoV aR formula proposed by Adrian and Brunnermeier (2016), at critical

level q, for company i that is part of the system M is calculated with the formula:

∆CoV aRi
q,t = bi|Mq (V aR

i|M
q,t − V aR

i|M
50,t ) (21)

where this measure reflects the individual institution’s exposure to system-wide distress.

This measure is comparable from a directional calculation point of view with MES and

SRISK.

A.2 Definition of MES

Acharya et al. (2017) developed the marginal expected shortfall (MES) as a measure to

estimate the marginal contribution of each financial institution to systemic risk. The MES

is defined as the expected shortfall of an institution in the tail of the aggregate sector’s loss

distribution by considering the expected shortfall (ES) defined as ESq = E[R|R ≤ V aRq] as

a measure of firm-level risk. The focus on the ES is motivated by the fact that asymmetric

yet very risky bets may not produce a large V aR. By decomposing the bank’s return R into:

23In order to estimate ∆CoV aR of a financial industry group, we build an equity-weighted portfolio of
the firms classified in the specific industry group.
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R =
∑
i

yiri (22)

where ri is the return of each firm i and yi its weight, from (22) the ES can be written as:

ESq =
∑
i

yiE[ri|R ≤ V aRq] (23)

The MESi
a is then: ∂ESq

∂yi
= E[ri|R ≤ V aRq] ≡MESi

q

The MES can be interpreted as each bank’s losses when the system (S&P 500, in our

case) is in a tail event. We estimate the MES with q%=5%, as in Acharya et al. (2017),

and use daily equity returns. This measure estimates the equal-weighted average return of

any given firm (Ri) for the q% worst days of the market returns (Rm):

MESi
q% =

1

#days

∑
Ri

t (24)

A.3 Definition of SRISK

Brownlees and Engle (2016) proposed the SRISK to measure the systemic risk contri-

bution of an institution to a system made up of N financial institutions. For each institution

i at time t the Capital Shortfall is formally defined as:

CSi,t = kAi,t −Wi,t (25)

with Ai,t = Di,t +Wi,t. It is possible to rewrite (25) as:

CSi,t = k(Di,t +Wi,t)−Wi,t (26)

where Wi,t is the market capitalization, Di,t is the book value of debt, Ai,t is the value of

quasi assets, and k is the prudential capital fraction equal to 8%.24

Brownlees and Engle (2016) defined the SRISK as the expected capital shortfall con-

ditional on a systemic event, which is defined as the market return between period t+ 1 and

t+ h (h is 22 here) that is below a threshold C which is equal to 10%.

SRISKi,t = Et(CSi,t+h|Rm,t+1:t+h < C) (27)

24Engle et al. (2015) explained that due to differences in accounting standards between European and
other banks, European banks should use a capital ratio of k = 5.5%, which approximately corresponds to a
capital ratio of 8% in the other banking systems.
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Combining (26) and (27) gives:

SRISKi,t = Et(Di,t+h|Rm,t+1:t+h < C)− (1− k)Et(Wi,t+h|Rm,t+1:t+h < C) (28)

The authors assumed that in case of a systemic event, debt cannot be renegotiated. This

assumption means that Et(Di,t+h|Rm,t+1:t+h < C) = Di,t and consequently:

SRISKi,t = kDi,t − (1− k)Wi,t(1− LRMESi,t) (29)

Introducing the quasi leverage ratio LV Gc
i,t =

Di,t+Wi,t

Wi,t
the formula (29) becomes:

SRISKi,t = Wi,t[kLV Gi,t + (1− k)LRMESi,t − 1] (30)

The term LRMESi,t is defined as the long run marginal expected shortfall. It represents the

expected fractional loss of the financial firm in a crisis when the market index (S&P 500, in

our case) declines significantly in a 6-month period. Specifically, it is calculated as:

LRMESi,t = 1− exp(log(1− d)× βi,t) (31)

where d is the 6-month crisis threshold for the market index decline in which the default

value is 40%, and βi,t is the firm’s beta coefficient.25 By default, the crisis threshold for the

market decline is set to be 40%, which is consistent with the estimates of the LRMES with

simulation as explained in Brownlees and Engle (2016).26

A system-wide measure of financial distress that measures the total amount of systemic

risk in the financial system is:

SRISKt =
N∑
i=1

max(SRISKi,t, 0) (32)

25A comprehensive description of the methodology is provided at: https://vlab.stern.nyu.edu/docs/
srisk/MES.

26Acharya et al. (2012) used another approximation of the LRMES, which is still consistent with the
estimates of the same term through simulation. In particular, the authors define the LRMES as 1 −
exp(−18×MESi,t), where the MES is the one day loss expected if market returns are less than 2%.
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B GFC Event Timeline and Data Description

Table B1: Global Financial Crisis: key events for testing options-based systemic risk.

Date – t Description of the testing period – t − h − 28 : t

2007

9th August Markets wake up to mortgage problems and credit spills over when French bank BNP Paribas and other issuers of asset-
backed commercial paper encounter problems rolling over outstanding volumes, and large investment funds freeze redemp-
tions after citing an inability to value their holdings.

14th September Northern Rock, the UK’s fifth-largest mortgage lender, suffers the first run on a British bank since 1866, after being forced
to approach the Bank of England for a loan facility to replace money market funding. To face this credit crunch, the
chancellor Alistair Darling is forced to step in with liquidity support for the bank, which will fall into state ownership in
February, 2008.

2008

16th March J.P. Morgan Chase agreed to pay USD10 a share to buy Bear Stearns. The agreement is facilitated by the Federal Reserve
System (FED) that agreed to offer a USD29 billion credit line to J.P. Morgan Chase.

15th July This period is characterized by three key events. On June 4, Moody’s and Standard & Poor’s take negative rating actions
on monoline insurers MBIA and Ambac. These ratings created fears about valuation losses on securities insured by these
companies. On July 13, the US authorities announce plans for backstop measures supporting Fannie Mae and Freddie Mac
that include purchases of agency stock. Finally, on July 15, the US Securities and Exchange Commission issues an order
restricting “naked short selling”.

17th September This period is characterized by four key events. On September 7, the US government is forced to bail out Fannie Mae
and Freddie Mac. On September 15, Bank of America agreed to by Merrill Lynch for USD50 billion. Panic breaks out in
markets across the world as Lehman Brothers Holdings Inc files for Chapter 11 bankruptcy protection. The next day the
FED is forced into an USD85 billion bailout of American International Group. Finally, on September 17, the Halifax Bank
of Scotland is bought by Lloyds TSB, and J.P. Morgan Chase and Goldman Sachs come under threat.

13th October This period is includes five key events. On September 29, FTSE 100 falls 15%; while, the MSCI World index falls 6% during
the day. The UK mortgage lender Bradford & Bingley is nationalised; banking and insurance company Fortis receives a
capital injection from three European governments; German commercial property lender Hypo Real Estate secures a
government-facilitated credit line; troubled US bank Wachovia is taken over; the proposed Troubled Asset Relief Program
(TARP) is rejected by the US House of Representatives. The next day, Dexia financial group receives a government capital
injection; moreover, European governments announce a guarantee safeguarding all deposits, covered bonds and senior

and subordinated debt of their main banks. On October 3, the US Congress approves the revised TARP. On the 8th,
major central banks undertake a coordinated round of policy rate cuts; while, the UK authorities announce support and
capital injections for UK-incorporated banks. Finally, on October 13, major central banks jointly announce the provision
of unlimited amounts of US dollar funds to ease tensions in money markets.

11th December Three key events: On November 15, the G20 countries plan joint efforts to enhance cooperation, restore global growth and
reform the world’s financial systems. On November 25, the FED creates a USD200 billion facility to extend loans against
securitisations backed by consumer and small business loans; in addition to USD500 billion for purchases of bonds and
mortgage-backed securities issued by US housing agencies. On December 11, the US government announce the world’s
largest economy is shrinking, just before the FED cuts interest rates to a 0% lower bound, the lowest in history.

2009

5th March The Bank of England launches a programme worth about USD100 billion that is aimed at outright purchases of private
sector assets and government bonds over a 3-month period; moreover, it cuts the bank rate to 0.5%, its lowest level ever
(until the post-Brexit vote emergency cut).

21st May This period includes three key events. On May 7, the ECB’s Governing Council decides in principle that the Euro-system
will purchase euro-denominated covered bonds; the US authorities publish the results of their stress tests and identify 10
banks with an overall capital shortfall of USD75 billion that will be covered chiefly through additions to common equity.
Two days after, the European debt crisis kicks off. On May 21, Standard and Poor’s ratings service lowers its outlook on
UK sovereign debt from stable to negative because of support to the nation’s banking system.

Notes: This table presents the key events of the Global Financial Crisis, which have been used to test the early warning
information content of the options-based systemic risk measures. See Chapter VI of the BIS’s 78th Annual Report (BIS, 2008)
and Chapter II of the BIS’s 79th Annual Report (BIS, 2009), for a more comprehensive list of key events of the Global Financial
Crisis.
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Table B2: Tickers, company names, and financial industry groups.

Depositories (23) Insurance (27)

BAC Bank of America AFL Aflac
BBT BB&T AIG American International Group
BK Bank of New York Mellon AIZ Assurant †

CITI Citigroup ALL Allstate Corp
CMA Comerica inc AON Aon Corp
HBAN Huntington Bancshares BKH Berkshire Hathaway †

HBCK Hudson City Bancorp CB Chubb Corp
JPM JP Morgan Chase CFC Countrywide Financial
KEY Keycorp CI CIGNA Corp
MI Marshall & Ilsley CINF Cincinnati Financial Corp
MTB M & T Bank Corp CVH Coventry Health Care
NCC National City Corp GNW Genworth Financial
NTRS Northern Trust HIG Hartford Financial Group
PBCT Peoples United Financial † HUM Humana
PNC PNC Financial Services L Loews
RF Regions Financial LNC Lincoln National
SNV Synovus Financial MBI MBIA
STI Suntrust Banks MET Metlife
STT State Street MMC Marsh & McLennan
USB US Bancorp PFG Principal Financial Group
WB Wachovia † PGR Progressive
WFC Wells Fargo & Co PRU Prudential Financial
ZION Zion SAF Safeco

TMK Torchmark
TRV Travelers

Other Financials (13) UNH Unitedhealth Group
UNM Unum Group

AMP Ameriprise Financial
AXP American Express
BEN Franklin Resources Broker-Dealers (8)
BLK Blackrock †

CME CME Group BSC Bear Stearns
COF Capital One Financial ETFC E-Trade Financial
FITB Fifth Third Bancorp GS Goldman Sachs
ICE Intercontinental Exchange † LEH Lehman Brothers
JNS Janus Capital MER Merrill Lynch
MA Mastercard † MS Morgan Stanley
LM Legg Mason SCHW Schwab Charles
NYX NYSE Euronext † TROW T. Rowe Price
SLM SLM Corp

Notes: This table presents the list of tickers and company names included in our analysis. The list is sorted
by financial industry group. † indicates companies not included (because of data availability) in the results
shown in Table 2.
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Table B3: Descriptive statistics of the US financial sector and industries’ systemic risk.

SOVaR

Mean Median Std. dev. Min Max N. obs
All Financial Industries 18.92 18.47 4.20 10.98 36.06 2212
Depositories 25.17 24.10 8.04 11.81 62.77 2212
Insurance 28.90 29.22 7.19 14.58 55.62 2212
Others 28.99 28.95 7.99 14.63 47.46 2212
Broker-Dealers 54.07 51.33 16.14 25.40 107.86 2212

∆CoV aR

Mean Median Std. dev. Min Max N. obs
All Financial Industries 2.98 2.38 2.19 0.98 9.32 2212
Depositories 3.98 2.72 3.83 0.89 15.24 2212
Insurance 2.18 1.72 1.36 0.90 6.39 2212
Others 3.33 2.46 2.31 1.23 9.67 2212
Broker-Dealers 4.68 3.17 2.90 1.95 11.78 2212

MES

Mean Median Std. dev. Min Max N. obs
All Financial Industries 3.00 2.51 1.89 1.16 8.05 2212
Depositories 3.31 2.63 2.46 1.05 9.97 2212
Insurance 2.46 1.86 1.41 1.09 6.32 2212
Others 3.02 2.75 1.68 1.13 7.39 2212
Broker-Dealers 3.53 2.83 1.95 1.56 8.56 2212

SRISK

Mean Median Std. dev. Min Max N. obs
All Financial Industries 38411.52 9119.88 64600.27 0.00 327401.19 2212
Depositories 14107.74 55.79 27481.35 0.00 128812.60 2212
Insurance 13297.67 6778.49 20188.52 0.00 119890.65 2212
Others 6643.39 1593.97 10442.06 0.00 42918.28 2212
Broker-Dealers 4230.40 107.63 7336.75 0.00 37074.17 2212

Notes: This table presents the descriptive statistics of the US financial industries’ systemic risk. The options-
based systemic risk is measured with SOVaR; while the stock market-based systemic risk is measured with
∆CoV aR, MES, and SRISK. The columns (2-7) show the average, median, standard deviation, minimum
value, maximum value, and number of observations.

C Alternative SOVaR Calculations
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Figure C1: Systemic risk of US financial system: SOV aRBeta−FGK vs stock market-based systemic risk measures.

Notes: The figure shows the time series of the SOVaR computed from the implied Betas by French et al. (1983) and the SRMs for the US financial
system. The vertical lines denote: (1) the freezing of BNP Paribas funds on August 9, 2007; (2) the Lehman Brothers bankruptcy on September 15,
2008; (3) the start of the European debt crisis on May 9, 2009; (4) the agreement between the Greek government and the IMF for the first bailout
package of e110 billion on May 2, 2010; and (5) the peak of 44.21% reached by the Greek 10-year bond yields on March 9, 2012.
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Figure C2: Systemic risk of US financial industries: SOV aRBeta−FGK vs stock market-based systemic risk measures.

Depositories Insurance

Other Financials Broker-Dealers

Notes: The figure shows the time series of the SOVaR computed from the implied Betas by French et al. (1983) and the SRMs of the US depositories,
insurance, broker-dealers, and other financials industries. The vertical lines denote: (1) the freezing of BNP Paribas funds on August 9, 2007; (2) the
Lehman Brothers bankruptcy on September 15, 2008; (3) the start of the European debt crisis on May 9, 2009; (4) the agreement between the Greek
government and the IMF for the first bailout package of e110 billion on May 2, 2010; and (5) the peak of 44.21% reached by the Greek 10-year bond
yields on March 9, 2012.
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D In-sample and out-of-sample SOVaR predictability

We first present the regression results for SOVaR on lagged financial and macroeconomic

variables. The same variables are then used to build an in-sample and out-of-sample SOVaR

predictors. The exercise is conducted at a monthly frequency due to the frequency of the

banks’ financial characteristics. Among characteristics, we select the loan-to-deposit ratio,

the price-to-book ratio, and the leverage ratio. These are collected from Bloomberg together

with each bank’s market capitalization used to weight these variable that creates an aggregate

monthly series.

Among other financial variables, we select the put options market equity loss (VaR) also

taken as the weighted average for all banks in our sample, the 3-month yield change, the term

spread change, the TED spread, the credit spread change, the S&P 500 market returns, the

real estate excess return, the equity volatility (CBOE VIX index), the S&P financial sector

index returns, the CBOE SKEW index, the Baker and Wurgler (2006) investors’ sentiment

index,27 the USD-EUR exchange rate, and the S&P total options volume. We collect the

data on the variables from either Bloomberg or OptionMetrics. We then run the following

predictive regression for a forecast horizon h = 1, 3, 6, 9, and12 months:

SOVaRt+h = β0 + βX Xt + βMkt Mktt + εt (33)

where SOVaR is our dependent variable to be forecasted, X is a matrix including the weighted

average of bank characteristics, Mkt is a matrix including financial market variables, and ε

is an error term. Table D1 shows the regression results.

We find that the selected variables predict well the future SOVaR with adjusted R2 being

close to 80% at the 3-month horizon, while equal to 74.8% and 72.3% with respect to the 1-

and 6-month horizon. At the 12-month horizon, the adjusted R2 is lower, namely equal to

47%. This decrease is because some of the selected variables lose their predictive ability at

the annual horizon. Overall, we show that SOVaR is closely related to and predictable with

the information enclosed in financial institutions’ characteristics variables, financial market

variables, and options-based market variables.

The predicted SOVaR at each horizon h is then denoted as proxy–SOVaR and given by

the following equation:

proxy− SOVaRt+h = β̂0 + β̂X Xt + β̂Mkt Mktt (34)

This equation is estimated in-sample from 2001 to 2007 and out-of-sample from 2007 onwards.

27The investor sentiment index is collected from http://people.stern.nyu.edu/jwurgler/.
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Table D1: Predicting SOVaR with institutions’ characteristics and financial variables.

Horizon

(1) (3) (6) (12)

Loan-to-Deposit 0.016*** 0.031*** 0.013* -0.026***
(0.007) (0.006) (0.008) (0.011)

Price-to-Book 5.384*** 6.434*** 3.489*** -1.890
(0.936) (0.840) (1.047) (1.390)

Leverage 0.012 0.044*** 0.060*** 0.058***
(0.011) (0.010) (0.013) (0.017)

VaR 0.437*** 0.463*** 0.405*** 0.197
(0.171) (0.154) (0.192) (0.253)

3M Yield Change 773.419* 89.565 -451.631 -873.533
(411.775) (369.397) (456.373) (600.889)

Term Spread Change -27.510 28.741 76.198*** 13.381
(22.573) (20.261) (25.037) (33.078)

TED Spread -69.506 66.591 209.845*** 229.765***
(71.410) (64.234) (80.135) (106.496)

Credit Spread Change 116.740*** 83.039** -31.354 -95.822
(49.970) (44.977) (55.548) (73.404)

S&P 500 Returns 49.645*** 48.659*** 50.505** 53.788*
(23.407) (21.017) (26.060) (34.510)

Real Estate 0.273 6.948 10.565 28.081
(16.902) (15.231) (18.820) (25.582)

VIX Index 17.672*** 12.459*** 10.642** 10.212
(4.396) (3.994) (5.017) (6.661)

SPXF Returns -7.702** -8.014*** 0.976 -2.330
(4.087) (3.670) (4.554) (6.030)

SKEW -0.159*** -0.140*** -0.275*** -0.226***
(0.037) (0.034) (0.041) (0.055)

BW -1.502*** -1.887*** -1.173*** 0.006
(0.394) (0.354) (0.438) 0.579

USDEU 20.429*** 17.575*** 11.091*** 3.229
(2.198) (2.003) (2.589) (3.549)

SPX Volume -0.020*** -0.037*** -0.019*** -0.039
(0.008) (0.007) (0.009) (0.014)

Adj. R2 0.748 0.798 0.723 0.47
Obs. 174 172 170 164

Notes: This table presents the results of the predictive multiple regressions in which a series of institutions
characteristics and financial variables are adopted in order to predict the future levels of SOVaR. The
predictive horizons are h equal to 1, 3, 6, and 12 months. The variables we select are.... The frequency of
the independent variables as well as SOVaR is monthly. Coefficients, standard errors (in parentheses) and
R2 are reported. The coefficients for the intercepts are omitted. The ***, **, and * indicate significance at
1%, 5%, and 10% levels, respectively.
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Figure D1: Time-series of historical-SoV aR and proxy-SoV aR.

Notes: This figure shows the time series of the original SoV aR for all financial industries at a monthly
frequency and the estimated SoV aR that we denote proxy–SOVaR, which we estimated in-sample from
January 2001 to December 2006 and out-of-sample from January 2007 onward. The vertical line represents
the separation between in-sample and out-of-sample textitforward–SOVaR.

We plot the comparison between the original SOVaR and the proxy–SOVaR at the 3-month

horizon in Figure D1.

We also construct a forward-∆CoV aR for the aggregate financial sector that only adopts

the financial and macroeconomic variables as in the predictive exercise in Adrian and Brun-

nermeier (2016). We forecast the ∆CoV aR in a 1-month to 1-year horizon. We also conduct

a non-parametric test with respect to these series around the main events of the GFC, and

the results show that the SOVaR also anticipates the forward-∆CoV aR. 28

E Financial Industries SOVaR: Additional Results

28Due to the monthly frequency of the predictive regression, we interpolate the series to daily and we test
them around the main events of the GFC. The results are available from the authors on request.
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Table E1: Dominance test results during the key events of the GFC.

H0: SOV aRt−h−28:t−h≤ ∆CoV aRt−28:t H0: SOV aRt−h−28:t−h≤ MESt−28:t H0: SOV aRt−h−28:t−h≤ SRISKt−28:t

h = 0 h = 7 h = 14 h = 21 h = 28 h = 0 h = 7 h = 14 h = 21 h = 28 h = 0 h = 7 h = 14 h = 21 h = 28

August 9th, 2007

Depositories 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000***
Insurance 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000***
Others 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000***
Broker-Dealers 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000***

September 14th, 2007

Depositories 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000***
Insurance 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000***
Others 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000***
Broker-Dealers 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000***

March 16th, 2008

Depositories 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000***
Insurance 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000***
Others 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000***
Broker-Dealers 0.200• 0.000• 0.000• 0.000• 0.000• 0.200• 0.000• 0.000• 0.000• 0.000• 1.000*** 1.000*** 1.000*** 1.000*** 0.400

July 15th, 2008

Depositories 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000***
Insurance 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000***
Others 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000***
Broker-Dealers 0.167• 0.091• 0.091• 0.083• 0.091• 0.417 0.364 0.364 0.583** 0.818*** 0.833*** 0.833*** 0.833*** 0.833*** 0.833***

September 17th, 2008

Depositories 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000***
Insurance 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000***
Others 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000***
Broker-Dealers 0.333• 0.000• 0.000• 0.000• 0.000• 0.833*** 0.750*** 0.750*** 0.750*** 0.607** 1.000*** 1.000*** 1.000*** 1.000*** 0.857***

October 13th, 2008

Depositories 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000***
Insurance 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000***
Others 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000*** 1.000***
Broker-Dealers 0.667** 0.636** 0.636** 0.583** 0.167• 0.667** 0.636** 0.636** 0.583** 0.167• 1.000*** 1.000*** 1.000*** 0.917*** 0.889***

December 11th, 2008

Depositories 0.818*** 0.809*** 0.727*** 0.333 0.000• 0.000• 0.009• 0.000• 0.000• 0.000• 0.000• 0.000• 0.000• 0.000• 0.000•

Insurance 0.818*** 0.900*** 0.909*** 0.583** 0.455* 0.000• 0.000• 0.000• 0.000• 0.000• 0.273• 0.273• 0.273• 0.182• 0.182•

Others 0.636** 0.709*** 0.636** 0.409 0.000• 0.000• 0.000• 0.000• 0.000• 0.000• 0.000• 0.000• 0.000• 0.000• 0.000•

Broker-Dealers 0.000• 0.000• 0.000• 0.000• 0.000• 0.000• 0.000• 0.000• 0.000• 0.000• 0.000• 0.000• 0.000• 0.000• 0.000•

March 5th, 2009

Depositories 0.900*** 0.818*** 0.909*** 0.727*** 0.700*** 0.100• 0.091• 0.000• 0.000• 0.000• 0.100• 0.091• 0.000• 0.000• 0.000•

Insurance 0.000• 0.000• 0.000• 0.000• 0.000• 0.000• 0.000• 0.000• 0.000• 0.000• 0.000• 0.000• 0.000• 0.000• 0.000•

Others 0.000• 0.000• 0.000• 0.000• 0.000• 0.000• 0.000• 0.000• 0.000• 0.000• 0.000• 0.000• 0.000• 0.000• 0.000•

Broker-Dealers 0.000• 0.000• 0.000• 0.000• 0.000• 0.000• 0.000• 0.000• 0.000• 0.000• 0.000• 0.000• 0.000• 0.000• 0.000•

May 21st, 2009

Depositories 0.000• 0.000• 0.000• 0.000• 0.000• 0.000• 0.000• 0.000• 0.000• 0.000• 0.000• 0.000• 0.000• 0.000• 0.000•

Insurance 0.000• 0.000• 0.000• 0.000• 0.000• 0.000• 0.000• 0.000• 0.000• 0.000• 0.000• 0.000• 0.000• 0.000• 0.000•

Others 0.000• 0.000• 0.000• 0.000• 0.000• 0.000• 0.000• 0.000• 0.000• 0.000• 0.000• 0.000• 0.000• 0.000• 0.000•

Broker-Dealers 0.000• 0.000• 0.000• 0.000• 0.000• 0.000• 0.000• 0.000• 0.000• 0.000• 0.000• 0.000• 0.000• 0.000• 0.000•

Notes: This table presents the results, for the financial industries, of the Kolmogorov-Smirnov bootstrap test that determines whether: i)
the CDFs of the SOVaR are greater than the one for ∆CoV aR, MES, and SRISK (columns: 2 to 6; 7 to 11; and, 12 to 16, respectively)
for each financial industry during key events of the GFC listed in Table B1. The hypotheses tested are stated in the headers of the table.
The failure to reject the null hypothesis means that the SOVaR is not greater than ∆CoV aR, MES, and SRISK (columns: 2 to 6; 7
to 11; and, 12 to 16, respectively). The columns contain the test statistic. The ***, **, and * indicate significance at 1%, 5%, and 10%
levels, respectively; while, • indicates a statistically significant inverse relation.
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Table E2: Bivariate Financial Industries SOVaR Predictive Results.

Dependent variable: ADS Dependent variable: CFNAI

h = 1 h = 3 h = 6 h = 9 h = 12 h = 1 h = 3 h = 6 h = 9 h = 12
SOVaR Dep -0.056*** -0.055*** -0.053*** -0.048*** -0.030*** -0.065*** -0.067*** -0.065*** -0.058*** -0.041***

(0.006) (0.006) (0.006) (0.007) (0.008) (0.007) (0.007) (0.007) (0.008) (0.009)

Adj. R2 0.320 0.307 0.283 0.227 0.082 0.318 0.334 0.306 0.242 0.110

SOVaR Ins -0.013 -0.014 -0.008 -0.013 -0.011 -0.012 -0.013 -0.007 -0.010 -0.013
(0.009) (0.009) (0.009) (0.009) (0.010) (0.010) (0.010) (0.011) (0.011) (0.011)

Adj. R2 0.008 0.008 0.001 0.006 0.002 0.002 0.003 0.003 0.001 0.002

SOVaR Others -0.011 -0.017** -0.024*** -0.030*** -0.036*** -0.006 -0.013 -0.021** -0.028*** -0.033***
(0.007) (0.007) (0.007) (0.007) (0.007) (0.008) (0.008) (0.008) (0.008) (0.008)

Adj. R2 0.008 0.027 0.060 0.100 0.139 0.003 0.008 0.031 0.056 0.083

SOVaR BD -0.004 -0.005 0.0001 0.005 0.008** -0.003 -0.003 0.003 0.009** 0.012***
(0.004) (0.004) (0.004) (0.004) (0.004) (0.004) (0.004) (0.005) (0.005) (0.005)

Adj. R2 0.003 0.006 0.006 0.002 0.017 0.003 0.003 0.004 0.019 0.034

Dependent variable: IP Dependent variable: NBER

h = 1 h = 3 h = 6 h = 9 h = 12 h = 1 h = 3 h = 6 h = 9 h = 12
SOVaR Dep -0.409*** -0.468*** -0.525*** -0.565*** -0.568*** 0.196*** 0.180*** 0.157*** 0.156*** 0.111***

(0.089) (0.089) (0.089) (0.089) (0.090) (0.034) (0.032) (0.030) (0.030) (0.028)

Adj. R2 0.105 0.135 0.166 0.191 0.191 0.351 0.312 0.266 0.263 0.143

SOVaR Ins 0.040 0.051 0.065 0.061 0.060 0.060* 0.052* 0.066* 0.067* 0.055
(0.057) (0.058) (0.059) (0.060) (0.060) (0.031) (0.032) (0.034) (0.036) (0.038)

Adj. R2 0.003 0.001 0.001 0.003 0.001 0.025 0.018 0.028 0.027 0.018

SOVaR Others 0.140*** 0.125*** 0.090* 0.044 -0.011 0.068** 0.089*** 0.165*** 0.256*** 0.424***
(0.045) (0.046) (0.046) (0.047) (0.046) (0.028) (0.030) (0.041) (0.061) (0.101)

Adj. R2 0.047 0.036 0.016 0.001 0.006 0.042 0.069 0.176 0.258 0.428

SOVaR BD -0.121*** -0.125*** -0.116*** -0.100*** -0.077*** 0.013 0.013 0.005 -0.014 -0.044**
(0.022) (0.022) (0.023) (0.024) (0.025) (0.013) (0.013) (0.014) (0.017) (0.021)

Adj. R2 0.143 0.148 0.125 0.090 0.051 0.006 0.006 0.007 0.005 0.045

Notes: This table presents the bivariate predictive results for the SOVaR constructed for the four financial sub-industries, namely, SOVaR Dep,
SOVaR Ins, SOVaR Others, and SOVaR BD for depositories, insurance, other financials and broker-dealers, respectively. The predictive horizons
are equal to 1, 3, 6, 9, and 12 months. The results are reported with respect to the selected macroeconomic indicators, ADS, IP, CFNAI, and the
NBER recession dummy. The coefficients, standard errors (in parentheses) and adjusted R2s are reported for the OLS regression. A probit model is
run for the NBER dummy variable, and pseudo-R2s are reported. The ***, **, and * indicate significance at 1%, 5%, and 10% levels, respectively.
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Table E3: Multiple Financial Industries SOVaR Predictive Results.

Dependent variable: ADS Dependent variable: CFNAI

h = 1 h = 3 h = 6 h = 9 h = 12 h = 1 h = 3 h = 6 h = 9 h = 12
SOVaR Dep| RMs -0.050*** -0.059*** -0.069*** -0.066*** -0.046*** -0.055*** -0.068*** -0.080*** -0.077*** -0.056***

(0.008) (0.008) (0.008) (0.008) (0.009) (0.009) (0.009) (0.009) (0.010) (0.011)

Adj. R2 0.335 0.312 0.362 0.356 0.186 0.323 0.330 0.362 0.330 0.175

SOVaR Ins| RMs -0.010 -0.010 -0.005 -0.009 -0.003 -0.009 -0.011 -0.005 -0.007 -0.006
(0.008) (0.009) (0.009) (0.009) (0.009) (0.010) (0.011) (0.011) (0.011) (0.011)

Adj. R2 0.096 0.029 0.004 0.031 0.098 0.094 0.020 0.017 0.004 0.045

SOVaR Others| RMs -0.033*** -0.032*** -0.031*** -0.032*** -0.034*** -0.032*** -0.032*** -0.032*** -0.033*** -0.034***
(0.007) (0.008) (0.008) (0.008) (0.008) (0.009) (0.009) (0.010) (0.010) (0.010)

Adj. R2 0.184 0.096 0.066 0.099 0.131 0.172 0.082 0.044 0.056 0.085

SOVaR BD| RMs -0.003 -0.003 0.004 0.008*** 0.010** -0.001 0.001 0.007** 0.013*** 0.014***
(0.003) (0.003) (0.003) (0.003) (0.004) (0.004) (0.004) (0.004) (0.004) (0.004)

Adj. R2 0.338 0.333 0.407 0.383 0.153 0.360 0.389 0.414 0.354 0.193

Dependent variable: IP Dependent variable: NBER

h = 1 h = 3 h = 6 h = 9 h = 12 h = 1 h = 3 h = 6 h = 9 h = 12
SOVaR Dep| RMs -0.106*** -0.161*** -0.252*** -0.333*** -0.365*** 0.029*** 0.030*** 0.028*** 0.028*** 0.021***

(0.041) (0.041) (0.044) (0.046) (0.048) (0.004) (0.004) (0.004) (0.003) (0.004)

Adj. R2 0.566 0.558 0.512 0.481 0.438 0.505 0.477 0.415 0.594 0.860

SOVaR Ins| RMs 0.006 0.017 0.031 0.031 0.042 0.008** 0.007* 0.007* 0.006 0.002
(0.048) (0.050) (0.053) (0.057) (0.059) (0.004) (0.004) (0.004) (0.004) (0.004)

Adj. R2 0.321 0.293 0.225 0.151 0.100 0.051 0.024 0.048 0.115 0.366

SOVaR Others| RMs -0.080** -0.102*** -0.133*** -0.170*** -0.213*** 0.018*** 0.018*** 0.020*** 0.018*** 0.017***
(0.038) (0.038) (0.039) (0.041) (0.043) (0.003) (0.004) (0.003) (0.003) (0.003)

Adj. R2 0.507 0.515 0.496 0.459 0.414 0.257 0.216 0.324 0.420 0.528

SOVaR BD| RMs -0.116*** -0.121*** -0.113*** -0.096*** -0.079*** -0.001 -0.001 -0.001 -0.003** -0.004***
(0.010) (0.010) (0.011) (0.012) (0.015) (0.001) (0.001) (0.002) (0.001) (0.001)

Adj. R2 0.826 0.836 0.804 0.766 0.670 0.477 0.384 0.270 0.545 0.452

Notes: This table presents the multiple predictive results for the SOVaR constructed for the four financial sub-industries, namely, SOVaR Dep,
SOVaR Ins, SOVaR Others, and SOVaR BD for depositories, insurance, other financials and broker-dealers, respectively. The predictive horizons
are equal to 1, 3, 6, 9, and 12 months. The results are reported with respect to the selected macroeconomic indicators, ADS, IP, CFNAI, as well as
the NBER recession dummy. Controls variables are ∆CoV aR , MES , and SRISK for the corresponding financial industries taken jointly (SRMs).
The coefficients, standard errors (in parentheses) and adjusted R2s are reported for the OLS regression. A probit model is run for the NBER dummy
variable, and pseudo-R2s are reported. The coefficients of the controls are not reported for the sake of space. The ***, **, and * indicate significance
at 1%, 5%, and 10% levels, respectively.
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