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A View from Outside: Sovereign CDS Volatility as an
Indicator of Economic Uncertainty

MAXIMILIAN BÖCK∗, MARTIN FELDKIRCHER† and BURKHARD RAUNIG‡

Abstract

A sovereign credit default swap (CDS) compensates for losses when a country defaults on its debt.
The periodic premium payment for such default protection is the so called CDS spread. The volatility
of sovereign CDS spreads reflects the amount of uncertainty of CDS traders about the level the spreads.
As sovereign CDS contracts are mainly written by leading global financial institutions, sovereign CDS
volatility captures the uncertainty of these institutions about the economic conditions in a country. In this
paper, we investigate the merits of sovereign CDS volatility as an indicator of economic uncertainty for a
broad panel of 16 countries. Using directional forecast evaluation methods, we find that sovereign CDS
volatility does contain information about economic policy uncertainty (EPU) as measured by popular
news-based EPU indices. Furthermore, using Bayesian panel VARs, we estimate the responses of output
and unemployment after an unexpected increase in economic uncertainty measured with CDS volatility
and compare themwith responses obtained with EPU indices and other measures of economic uncertainty.
Our results indicate that the responses to CDS volatility shocks are qualitatively similar to the responses to
EPU index shocks. However, the responses to shocks to CDS volatility can be estimated more precisely.

Keywords: Credit default swap; Directional forecasts; Economic policy uncertainty; Financial market volatility
JEL codes: D80, E66, G18

∗Vienna University of Economics and Business, Welthandelsplatz 1, A-1020 Vienna, Austria, e-mail: max-
imilian.boeck@wu.ac.at

†Vienna School of International Studies, Favoritenstraße 15a, A-1040 Vienna, Austria, e-mail: martin.feldkircher@da-
vienna.ac.at

‡Oesterreichische Nationalbank, Economic Studies Division, Otto-Wagner-Platz 3, A-1090 Vienna, Austria, e-mail:
burkhard.raunig@oenb.at.
The views expressed in this paper do not necessarily reflect those of the Oesterreichische Nationalbank or the Eurosystem.



Non-Technical Summary

Since economic uncertainty can have serious negative effects on financial markets and real economic activity,
policymakers and economic analysts needmeaningful measures of economic uncertainty. Currently available
measures of economic uncertainty are, however, based on complex and data-intensive methods and are often
only available for a few large economies. This paper investigates whether the volatility of sovereign credit
default swap (CDS) spreads can be used to measure economic uncertainty. Sovereign CDS volatility could
be an attractive measure of economic uncertainty because sovereign CDS volatility reflects the uncertainty
of global financial institutions about the economic conditions in a country. In addition, CDS volatility can
be easily computed and CDS contracts are available for almost all countries.

We examine the usefulness of CDS volatility as an indicator of economic uncertainty for three groups
of economies: euro area countries (France, Germany, Ireland, Italy, Netherlands, Spain), major advanced
economies (Canada, Great Britain, Japan, South Korea, Sweden, USA) and emerging market economies
(Brazil, Croatia, Mexico, Russia). Currently very popular measures of economic uncertainty are news-based
economic policy uncertainty (EPU) indices. We therefore first investigate whether the CDS volatility for a
country is helpful in predicting directional movements in the EPU index for the country. We then examine
the macroeconomic responses to shocks to economic uncertainty when uncertainty is measured in terms of
sovereign CDS volatility and compare them to responses to a shock to the news-based EPU index.

We find that sovereign CDS volatility does contain information about changes in EPU country indices.
Furthermore, the responses of output and unemployment to shocks to sovereign CDS volatility and EPU
indices are qualitatively similar, but both macroeconomic variables tend to respond more strongly to shocks
in sovereign CDS volatility than to shocks in the EPU country index. It also turns out that responses to CDS
volatility shocks can often be estimated more accurately than responses to shocks to EPU indices. Sovereign
CDS volatility could thus either serve as a primary measure of economic uncertainty or as an additional
measure of uncertainty if other indicators of economic uncertainty are already available



1 Introduction

Economic activity and uncertainty regarding key political, financial, and economic issues appear to be
negatively related. As economic uncertainty increases, firms tend to reduce hiring and investment (Bloom,
2009; Bloom et al., 2018; Baker et al., 2016; Caldara et al., 2016; Caggiano et al., 2014; Kang et al.,
2014), banks tend to reduce lending (Bordo et al., 2016) and financial markets tend to become more volatile
(Boutchkova et al., 2012; Liu andZhang, 2015; Pástor andVeronesi, 2013).1 As a result, economic uncertainty
can cause severe output fluctuations (Ludvigson et al., 2020).2 The recent global financial crisis and the
ongoing COVID-19 pandemic are current examples of extraordinary high economic uncertainty. These
experiences and the potentially severe negative effects of economic uncertainty on financial markets and real
economic activity therefore greatly increase the demand for indicators of economic uncertainty.

A key question is how to properly measure economic uncertainty? To that end, the literature has proposed
news-based indices (Baker et al., 2016), survey-based measures (Bachmann et al., 2013), indicators extracted
from large sets of economic time series (Jurado et al., 2015; Scotti, 2016) and distribution-based measures
(Rossi and Sekhposyan, 2015). What all these indicators have in common is that they are based on complex
and data-intensive methods and that they are often only available for a few large economies.

In this paper, we investigate whether the volatility of sovereign credit default swap (CDS) spreads is a
useful measure of economic uncertainty. A sovereign CDS is a credit derivative that provides protection
against default or restructuring of government debt, and the CDS "spread" is the periodic premium that
must be paid for such protection.3 Using the volatility of sovereign CDS spreads as a measure of economic
uncertainty is attractive for several reasons. CDS contracts are traded for almost all countries, and CDS
volatility can be compared directly between countries. More importantly, most of sovereign CDS trading is
done by leading global financial institutions. Sovereign CDS volatility thus captures the uncertainty in the
assessment of global financial institutions about the macroeconomic health of a particular country. Sovereign
CDS volatility thus offers a more global view about the economic uncertainty in a country, while other
measures of economic uncertainty tend to reflect more local perspectives on economic uncertainty.

We examine the usefulness of CDS volatility as an indicator of economic uncertainty for three groups
of economies: euro area countries (France, Germany, Ireland, Italy, Netherlands, Spain), major advanced
economies (Canada, Great Britain, Japan, South Korea, Sweden, USA) and emerging market economies
(Brazil, Croatia, Mexico, Russia). For that purpose, we examine the empirical relationship between CDS
volatility and the news-based economic policy uncertainty (EPU) indices of Baker et al. (2016), as these
indices have been widely used by practitioners as a measure of uncertainty. Furthermore, these are the only
uncertainty indices available for a larger set of countries. As our country selection indicates, the coverage of
the EPU indices is currently still limited.

We proceed in two steps: First, we investigate whether the volatility of sovereign CDS spreads can be
used to predict movements in the corresponding EPU index. Since EPU indices are dimensionless measures
of uncertainty, we focus on directional predictions, i.e., how often can we successfully predict an upward
(downward) movement in the EPU index when we use the upward (downward) movement in CDS volatility as
a predictor? If the directional predictions are reasonably good, then CDS volatility could be used as a timely
indicator for the development of economic uncertainty in countries where an EPU country index is unavailable
or only available with a time lag. Second, we examine the macroeconomic responses to shocks to economic
uncertainty when uncertainty is measured by sovereign CDS volatility. To this end, we calculate output and

1 See, Castelnuovo (2019) for a survey of this literature.
2 Ludvigson et al. (2020) argues that financial uncertainty causes output fluctuations, while macroeconomic uncertainty is likely to
be the endogenous response to output shocks.

3 The term "spread" is somewhat misleading but common market language. The underlying of a sovereign CDS contract are
government bonds. The CDS spread is the cost of insurance against the credit risk in these bonds. See, Lando (2004) for details
about CDS pricing.
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unemployment responses to shocks in sovereign CDS volatility and compare them to those from a shock to
the news-based EPU index. We estimate the impulse responses with a Bayesian panel vector-autoregressive
(VAR) model that allows us to compare responses across and within each of the three regions we consider.

Our main results can be summarized as follows: Changes in sovereign CDS volatility do contain inform-
ation about changes in the corresponding EPU country index. The directional predictions for EPU indices
based on directional changes in CDS volatility are in almost all cases better than random predictions. For most
countries the fraction of correct directional predictions is between 55% and 60%. For some countries (i.e.,
Great Britain, Mexico, Brazil, and South Korea) this fraction exceeds 60%. The results from the panel VAR
reveal that the responses of output and unemployment to shocks to sovereign CDS volatility and EPU indices
are qualitatively similar. However, both variables tend to respond more strongly to a shock in sovereign CDS
volatility than to a shock in the corresponding EPU country index. The difference in the reactions is strongest
for the euro member states. The impulse responses for CDS volatility shocks and EPU index shocks are more
similar in emerging market economies. Furthermore, it turns out that responses to CDS volatility shocks can
often be estimated more accurately than responses to shocks to EPU indices.

The rest of the paper is structured as follows. In the next section, we describe the data and the computation
of CDS volatility. Sec. 3 deals with the the evaluation of directional predictions of EPU indices based on
CDS volatility. In Sec. 4 we outline the panel VAR methodology, present the results for the macroeconomic
responses to uncertainty shocks, and report some additional robustness analysis. Sec. 5 provides conclusions.

2 Data

Our data consists of the standard macroeconomic variables output as measured by industrial production
(ipt ), unemployment (urt ), short-term interest rates (it ) and equity prices (eqt ), daily data on sovereign CDS
spreads (st ), and monthly news-based EPU country indices. The macroeconomic data are obtained from
Eurostat, the IMF and the OECD. The CDS spreads come from the Macrobond database.4 The EPU indices
come from the Economic Policy Uncertainty homepage maintained by Scott Baker, Nick Bloom and Steven
Davis.5 Wewere able to collect complete data on all variables for 16 countries. We divide these countries into
three groups: the euro area (France, Germany, Ireland, Italy, Netherlands, Spain), major advanced economies
(Canada, Great Britain, Japan, South Korea, Sweden, USA) and emerging market economies (Brazil, Croatia,
Mexico, Russia).

The sample period in our baseline analysis ranges from 2008m10 to 2019m12. We do not start earlier
because the CDS market was essentially illiquid for most countries until the US investment bank Lehman
Brothers went bankrupt in September 2008. CDS trading on government debt did start around the year 2000,
but CDS contracts were initially traded mainly for Brazil, Japan, Mexico, the Philippines and South Africa
- all countries with serious economic problems at that time (Packer and Suthiphongchai, 2003). Only after
the Lehman collapse, CDS contracts were traded on a large scale for all countries in our sample. For the
emerging market economies where the CDS market was liquid earlier, we also consider the larger sample
period from 2003m1 to 2019m12 when we compute responses to economic uncertainty shocks.

The paper is about the volatility of CDS spreads, but for completeness we also show box plots for the level
of daily CDS spreads (upper left diagram in Fig. 1).6 The box plots show that the daily CDS spreads were
particularly high for Spain, Italy, Ireland, Brazil, Croatia, Mexico, and Russia. The former three countries
were involved in the European Debt Crisis in 2010. The latter four countries also had serious economic and
political problems during the sample period.

4 For more information about the Macrobond database see, https://www.macrobond.com/
5 See, http:/www.policyuncertainty.com/
6 Tab. A1 in the appendix provides additional summary statistics.
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Figure 1: Box plots for daily CDS spreads, annualized monthly CDS volatility and monthly EPU indices

2.1 CDS volatility

We calculate CDS volatility at a monthly frequency from the daily CDS spread quotes for five year sovereign
CDS contracts denoted in US dollars because this type of contract is most commonly traded in the market
(Vogel et al., 2013). For each country we compute CDS volatility in three steps. First, we calculate daily
CDS spread changes ∆st = st − st−1, t = 1, ...,T . We use changes because the spreads st themselves are not
stationary. Only unpredictable movements in CDS spreads contribute to CDS volatility. Therefore, we then
regress the daily CDS spread changes on their first four lags

∆st = α0 + α1∆st−1 + ... + α4∆st−4 + et (2.1)

to remove any predictable mean dynamics. The resulting residuals in in equation (2.1) are the unpredictable
movements in CDS spreads. In the final step, we compute CDS volatility at monthly frequency from the
absolute values |ei | of the residuals as

σm = a
√
π

2

Dm∑
i=1

|et |
Dm

. (2.2)

where Dm is the number of trading days in month m, and a =
√

252 is a scaling factor that converts the
average daily volatility into annualized volatility.

We use the absolute values of the residuals to obtain a measure of CDS volatility that is robust against
extreme observations. The term

√
π/2 results from the fact that the expectation of the absolute value of a

random variable R = σ · u is E(|R|) = σ
√

2/π when σ is a positive constant and u is standard normally
distributed.

The box plots in the upper right diagram in Fig. 1 summarize the main statistical properties of the CDS
volatility series. As can be seen, Spain, Italy, Ireland, Brazil, Croatia, Mexico, and Russia – the countries
with higher CDS spreads – are also the countries that display higher CDS volatility.

Fig. 2 shows how the average levels of CDS volatility and EPU over all countries in the sample evolved
over time. For better comparability both series are standardized. As can bee seen, the average level of CDS
volatility across all countries already peaked at the beginning of the sample period due to the crisis in 2009.
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Figure 2: Standardized cross-sectional averages of CDS volatility and EPU indices over time.

In 2010 and 2012 two more spikes occurred because of the European debt crisis. Afterwards, average CDS
volatility went down and approached its lowest level towards the end of the sample period. However, some
of the individual volatility series remained quite high after 2012 and sometimes reached levels of more than
200 basis points.

2.2 Economic policy uncertainty

The popular news-based EPU indices introduced in Baker et al. (2016) are the benchmark measure of
economic uncertainty in our analysis. The EPU indices are constructed from keyword searches in the
electronic archives of a country’s most important newspapers. For example, the US EPU index is based on
searches in the archives of the ten most important US newspapers. Counted are articles that contain triples of
the words "economic" or "economy", "uncertain" or "uncertainty", and one or more of the words "Congress",
"deficit", "Federal Reserve", "legislation", "regulation", or "White House". The monthly article counts are
then scaled and normalized to a mean of one-hundred. The EPU indices for the other countries in the sample
are constructed in a similar way. Baker et al. (2016) provide all the details.

How did the EPU indices for the countries in the sample evolve over time? Fig. 2 shows that the cross-
sectional averages of EPU indices and CDS volatility show co-movement over time. In addition, the lower
left panel in Fig. 1 indicates that average EPU was particularly high for Brazil, Canada, China, France, and
Great Britain (Tab. A3 in the appendix provides additional summary statistics). In all these countries the
unusually high index values occurred mainly in the last few years of the sample period. Recent political
scandals provide an explanation for Brazil. The rough US trade policy is likely to be responsible for this
pattern in Canada and China. Uncertainty surrounding the planned exit from the European Union explains
the high EPU index values for Great Britain and a series of ISIS terror attacks is responsible for the high
index values for France. The peaks in the standardized cross-sectional average EPU over the countries in the
sample reflect these episodes of high EPU (Fig. 2).
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3 Predicting directional changes of EPU indices

Analysts may require a timely indication of an upward or downward movement in economic uncertainty, but
prominent measures of economic uncertainty such as the EPU index are only available with a time lag and for
particular countries. In this section, we examine whether the directional changes in CDS volatility are useful
in predicting directional changes in the corresponding EPU indices. More precisely, we ask whether the
directional change of sovereign CDS volatility in month m correctly predicts (i.e., nowcasts) the directional
change of the corresponding EPU country index in month m? We use directional forecast evaluation methods
to answer this question7 and evaluate the directional predictions in three different ways: First, we compute
performance statistics, second, we run regression based statistical tests, and third, we assess the economic
value of the directional predictions based on sovereign CDS volatility.

3.1 Methods for evaluating directional predictions

To assess the predictive ability of sovereign CDS volatility we compute four performance statistics based on
the contingency matrix in Tab. 1. In this matrix the indicator variable xt takes on the value of one when the
volatility of CDS spreads has increased from time t − 1 to time t, and is zero otherwise. Analogously, the
indicator variable yt takes on a value of one when the EPU index has increased from t − 1 to t and is zero
otherwise. The entries Nuu and Ndd denote the number of correct up and down predictions, and the entries
Nud and Ndu denote the number of incorrect up predictions and incorrect down predictions.

Table 1: Contingency matrix for directional predictions

EPU
Up(yt = 1) Down(yt = 0)

CDS volatility Up(xt = 1) Nuu Nud

Down(xt = 0) Ndu Ndd

The first statistic that we compute summarizes the overall accuracy of the directional predictions. Accur-
acy is defined as

AC =
Nuu + Ndd

Nuu + Ndu + Nud + Ndd
. (3.1)

The value of the AC statistic is between zero and one and shows the proportion of correct predictions. The
statistic is intuitive, but can be misleading if upward or downward movements are rare.

The next statistic, the so called "hit rate"

HI =
Nuu

Nuu + Ndu
, (3.2)

has also a value between zero and one. The hit rate HI is the proportion of correct up predictions and can be
recognized as a sample estimate of the conditional probability that CDS volatility will increase when EPU
rises. The statistic is sensitive to upward movements but ignores false upward predictions.

The "false alarm rate" defined as
F =

Nud

Nud + Ndd
, (3.3)

looks at the the proportion of incorrect upward predictions. The statistic provides an estimate of the
conditional probability of an incorrect upward prediction when the EPU index goes in fact down. The related

7 Since we use use directional forecast evaluation methods we stick with the term "predicting" rather than "nowcasting". Both terms
can of course be used interchangeably.
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quantity 1−F is an estimate of the conditional probability that CDS volatility provides of a correct downward
prediction when EPU actually did go down.

The difference between the hit rate and the false alarm rate,

KS = HI − F, (3.4)

is known as the Kuiper score. The KS statistic has a range from minus one to plus one and indicates how
well CDS volatility discriminates between up and down movements in the EPU index over time. The KS
statistic is around zero if the directional predictions are essentially random. A positive KS statistic indicates
that CDS volatility helps to predict the directional movements of an EPU index.

The statistics just described examine the ability of movements in CDS volatility to correctly capture
movements in EPU indices, but they are not formal statistical tests. We therefore also perform two regression-
based statistical tests suggested in Blaskowitz and Herwartz (2014). Both tests use the indicator variables xt
and yt for up and down movements in CDS volatility and the corresponding EPU index. In both tests the
null hypotheses of zero covariance between xt and yt implies that the directional predictions based on CDS
volatility are purely random.

In the first test we run the linear regression

yt = α + βxt + ut (3.5)

and test for β = 0. This test assumes that the error ut in (3.5) has zero mean, a constant variance and is
serially uncorrelated (i.e., E(u2

t |xt, xt−1, ...) = σ
2 > 0 and E(utus |xt, xt−1, ...) = 0 for all t , s). Under these

assumptions the hypotheses β = 0 can be tested with a standard t-test.
In the second test these assumptions can be relaxed by running an augmented regression of the type

yt = α + βxt +
m∑
j=1

γj xt−j +
n∑
j=1

δj yt−j + ut (3.6)

that corrects for the effects of lagged dependent and explanatory variables. The hypothesis to be tested is
again β = 0. To account for any remaining autocorrelation in the residuals we compute the t-test statistic
with robust Newey-West standard errors (Newey and West, 1987).

In order to illustrate the economic value of the directional predictions, we consider a simple betting game
that penalizes incorrect directional predictions and rewards correct predictions in proportion to the size of
EPU changes. In the betting game the player cannot observe the EPU index and uses the directional change
in CDS volatility to predict the directional change in the EPU index. A correct directional prediction at time
t yields a monetary gain equal to the absolute value of the change of the EPU index between t and t − 1. An
incorrect prediction yields a loss equal to the absolute value of the movement of the index between t − 1 and
t. The game is played over the sample period. During the entire period the player cannot observe the EPU
index and does not know any intermediate outcomes of the game. The net gain/loss is payed out at the end of
the game. A positive net gain shows that the predictions based on sovereign CDS volatility have economic
value in this game.

3.2 Results for directional predictions

In this section we present the empirical findings about the ability of monthly sovereign CDS volatility to
predict the directional change of the corresponding EPU country index in the same month. We begin with
the performance statistics ( Fig. 3).

The upper left plot in Fig. 3 shows the results for the hit rate - the proportion of correct up predictions. As
can be seen, twelve out of sixteen hit rates exceed 50%. The hit rates reach about 57.5% for France, Brazil,
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Figure 3: Directional forecast statistics

Italy, the US, Great Britain, South Korea, and Spain. The hit rates for Canada, Croatia and Mexico are not
much lower and are around 55%. However, CDS volatility does not always help predict upward movements
in EPU. The hit rates for the Netherlands, Ireland, Russia, and Japan are below 50%.

The upper right diagram shows that the directional predictions form CDS volatility do not produce
excessively high false alarm rates. The proportion of incorrect upward predictions is for almost all countries
well below 50%. With values close to 32%, the false alarm rates are particularly low for Brazil, South Korea,
and Mexico. Most other false alarm rates are between 35% and 45%. An exception is Ireland, where the
false alarm rate reaches 50%.

Accuracy - the proportion of correct predictions - is for fourteen out of sixteen countries above 50%. For
eleven countries accuracy is 56% or higher. Due to the high hit rates and low false alarm rates the accuracy
of the directional predictions for Brazil and South Korea is particularly high and exceeds 62%. Exceptions
are the Netherlands and again Ireland where accuracy is only about 48%.

The lower right diagram in Fig. 3 shows the Kuiper scores that indicates how well changes in CDS
volatility predict the directional changes in EPU over time. The Kuiper score is positive for fourteen out
of sixteen countries. Thus over time, changes in CDS volatility do produce more correct than incorrect
directional forecasts of the corresponding EPU index movements. The now familiar exceptions are again
Ireland and the Netherlands.

Let us turn to the results of the regression based tests of the predictive ability of changes in CDS volatility.
Recall that in the test regressions the β coefficientmeasures the correlation between the directionalmovements
in the EPU index and the changes in CDS volatility. Fig. 4 displays the estimated β coefficient in the static
and the dynamic test regressions together with 90% confidence intervals. As can be seen, the results from
the static regression, shown in the left plot, and the results from the dynamic regression in the right plot are
very similar. In particular, with the exception of Ireland and the Netherlands, the estimated β coefficients
are always positive in both test regressions. Most of the β coefficients are between 0.1 and 0.3. The 90%
confidence intervals imply that many β coefficients are also statistically significant at the 10% significance
level.
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Figure 4: Regression tests of directional forecast accuracy

Figure 5: Net gains in terms of EPU index points

The results presented so far suggest that CDS volatility helps to predict changes in EPU indices. But do
these predictions have economic value? The game that we described in section 3.1 considers the economic
value of the directional predictions. Recall that in the game correct (incorrect) directional predictions generate
gains (losses) proportional to the size of the movements of the EPU index. Fig. 5 shows the results of the
game expressed in terms of EPU index points. It turns out that the directional predictions of the EPU index
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movements based on CDS volatility have economic value. The directional predictions would, except for
Ireland, in all cases produce net economic gains.

Taken together, the results from the regression tests, the descriptive statistics, and the economic value of
the directional forecasts tell the same story, namely that in almost all cases sovereign CDS volatility does
contain useful information about movements in EPU indices. Nevertheless, we observe some heterogeneity
in the information content across countries, and we find that for Ireland and the Netherlands CDS volatility
does not perform well in predicting movements in the news-based country EPU indices.8

4 Macroeconomic responses to uncertainty shocks

In the impulse response analysis we estimate a Bayesian panel VAR model in the spirit of Jarociński (2010)
to quantify the macroeconomic effects of shocks to economic uncertainty as measured by sovereign CDS
volatility. Using thismodelwe also examine the qualitative differences of unemployment and output responses
to shocks to CDS volatility and shocks to EPU indices. In addition, we can use the model to compare the
mean response a of group of countries to an uncertainty shock with the country-specific deviations from the
mean response.

For each country i = 1, . . . , N we assume an M-dimensional time series process

yit = ci +

p∑
j=1

Ai j yit−j + εit, εit ∼ NM (0,Σi), (4.1)

where Ai j is a M ×M coefficient matrix and Σit denotes the country-specific variance-covariance matrix.
Note that this structure neither allows for static nor for dynamic interdependencies across countries (i.e.,
Var(yit, y jt ) = 0 and Var(yit, y jt−1) = 0). In our application this assumption is appropriate because we are
not interested in measuring spillovers between countries. Instead, we want to empirically compare different
measures of economic uncertainty at the country level and across the three different groups of countries that
we consider in this paper. In the model, we thus allow for cross-country heterogeneity of first and second
moment coefficients, but we additionally apply a pooling prior to find commonalities in the data.

We put additional structure on the coefficients to avoid overfitting and to shrink each country model to
the common mean model (Jarociński, 2010). Therefore, we assume that the K = M(Mp + 1) vectorized
regression coefficients ai = vec[(ci, Ai1, . . . , Aip)

′] for each country i arise from a common distribution,

ai ∼ NK (µ,V ), (4.2)

where µ denotes a commonmean andV = (λ1⊗IK )Ω is a variance-covariancematrix of the coefficients and λ1
is a parameter to be estimated that measures the degree of cross-country heterogeneity. Ω = diag(ω1, . . . , ωK )

is defined in the spirit of the Minnesota prior (Doan et al., 1984) where we choose typical values found in
the literature for the remaining hyperparamters set by the researcher.9 The exact prior specifications and an
outline of the Bayesian estimation algorithm can be found in App. B.

4.1 Results for impulse responses

In this section we present the results of our impulse response analysis. Our VARmodel contains the following
six variables: the uncertainty indicator xt under consideration, the leading stock index of a country eqt , the

8We have repeated the entire directional forecasting exercise with CDS volatility computed from squared residuals instead of the
absolute value of the residuals from equation (2.1). The results are very similar, but overall CDS volatility based on absolute
residuals performs slightly better.

9 In particular we use λ2 = 0.5 for cross-equation coefficients, λ3 = 1 denoting the penalty term for higher lags and λ4 = 100 for
deterministics along the lines of Dieppe et al. (2016).
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Figure 6: Impulse responses after an unexpected CDS volatility shock. The plot shows the common mean effect
(dashed, black line) along with 68% credible intervals (gray, shaded area) and country-specific responses (dashed,
colored lines).
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(d) Emerging market economies (long sample)

short-term interest rate it , the price level pt , the unemployment rate ut , and industrial production ipt . All
variables except the unemployment rate and interest rates enter in log-levels and we use p = 2 lags for
all variables10 . In our baseline VAR the sample period ranges from 2008m10 to 2019m12. As already
mentioned, for the emerging market economies in our sample the CDS market was already liquid before the
global financial crisis. For these countries we therefore extend the sample back to 2003m01 and provide
results for both sample periods.

To identify the macroeconomic impact of an uncertainty shock, we rely on a standard Cholesky decom-
position where the variables appear in the ordering yt = {xt, eqt, it, pt, ut, ipt }. Thus, as in Baker et al. (2016),
the economic uncertainty indicator is the first variable in the system. Since uncertainty measures and stock
market indices are both fast moving variables, an alternative ordering would be to put the stock index first.11
Our results are, however, qualitatively unaffected when we put stock market returns first. We normalize the
responses to yield a 10% decrease in the stock index.

10Model selection criteria point to a low number of lags with a maximum of four. While the Bayesian information criterion point
almost consistently to only one lag, the deviance information criterion points to two to four lags. To be consistent across all models
and to mitigate possible autocorrelation of the residuals, we use consistently p = 2 lags across all models. Nevertheless, results
remain qualitatively similar when changing the number of lags.

11In his seminal contribution, Bloom (2009) orders equity prices first, while in the more recent study, Baker et al. (2016) decide to
order equity prices second.
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Figure 7: Impulse responses of unemployment and oitput after an unexpected EPU shock. The plot shows the
common mean effect (dashed, black line) along with 68% credible intervals (grey, shaded area) and country-specific
responses (dashed, coloured lines).
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(c) Emerging market economies (short sample)
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(d) Emerging market economies (long sample)

Figures 6 and 7 show the estimated responses of unemployment and output to uncertainty shocks as
measured by sovereign CDS volatility and the EPU country indices, respectively. In the plots the black
dashed line is the estimated common mean of the responses and the gray shaded area is the associated 68%
credible interval. The colored dashed lines are the posterior median responses for the individual countries.
The responses for the other variables in the VAR can be found in App. C.

We start discussing the responses to a shock in CDS volatility (Fig. 6), which are normalized to yield a 10%
decrease in equity prices. The estimated mean responses show a rise in unemployment and a decline in output
in all three groups of countries. In emerging market economies, responses of unemployment are not very
precisely estimated, while output responses are significantly negative in all country groups. As demonstrated
in themore recent literature on themacroeconomic effects of uncertainty (Bachmann et al., 2013; Jurado et al.,
2015), we do not find an overshooting effect in output. On average, output responses are most pronounced in
emerging market economies. Considering advanced economies, Japan reacts most strongly to an uncertainty
shock, while in the euro area unemployment and production in Spain are hardest hit by an uncertainty shock.
One explanation could be the comparably high indebtedness and external vulnerability of these countries. In
the same vein, emerging market economies show stronger output responses relative to their peers from other
regions.

Next, we turn to responses to an uncertainty shock measured by the EPU country index. The shock is
again normalized to yield a 10% decrease in equity prices. As with CDS volatility, the estimated common
mean responses decline for output and rise for unemployment in all three regions (Fig. 7). However, there
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Figure 8: Posterior distribution of λ1 indicating heterogeneity of responses across countries in each subgroup. Dark
grey bars indicate the posterior distribution for the model that includes the EPU index, light grey bars indicate the
posterior distribution for the model that includes the CDS volatility.

Advanced economies

F
re

qu
en

cy

0.010 0.020

0
50

0
10

00
15

00

Euro area

F
re

qu
en

cy

0.004 0.008

0
20

0
40

0
60

0
80

0

Emerging markets (short)

F
re

qu
en

cy

0.005 0.015 0.025 0.035

0
20

0
60

0
10

00
14

00

Emerging markets (long)

F
re

qu
en

cy

0.01 0.03 0.05

0
50

0
15

00
25

00

is one striking difference. For some countries (e.g., Sweden, the US, Great Britain, and Italy) the responses
to the EPU shock are quite pronounced, but with the exception of output in emerging market economies in
the longer sample, the zero mean responses fall always inside the 68% credible intervals. The finding in
Bloom (2009) of a significant decline in output and employment for the USA after an uncertainty shock does
therefore not generalize to all of the countries in our sample when we use EPU indices as an uncertainty
measure.

In the panel VAR, the parameter λ1 indicates the overall heterogeneity of the country models with respect
to the common mean. The posterior distribution of λ1 therefore provides systematic information about
the degree of heterogeneity within the country groups. It turns out that the posterior distributions for λ1
for both measures of uncertainty largely overlap (Fig. 8). The cross-country heterogeneity in the country
groups is therefore not related to the choice of the uncertainty measure. The euro area countries show
the most homogeneous responses, while the responses in the emerging market economies group are most
heterogeneous. This pattern is consistent with the fact that the euro area countries operate in a common
economic environment, while the emerging market economies group is much more heterogeneous from an
economic point of view.

Overall, the responses to shocks to CDS volatility and news-based EPU indices are qualitatively similar.
One important difference is, however, the higher precision in inference: Responses to CDS volatility show
smaller credible intervals compared to responses from an EPU shock. The reasons for preciser inference
might be two-fold: First, sovereign CDS spreads summarize the believes of international investors about
the macroeconomic health of an economy. CDS spreads thus provide a broad outside view on the current
economic state of an economy. In contrast, EPU indices are based on news that emerge mainly from within a
country. Second, CDS trading involves large sums of money and this provides strong incentives to accurately
assess the state of an economy. Large discrepancies about the health of an economy – as measured by
sovereign CDS volatility – should therefore be a rather strong signal of economic uncertainty.

4.2 Robustness checks: Other measures of economic uncertainty

The previous section has highlighted the usefulness of CDS volatility as a proxy for EPU. Since the literature
on uncertainty effects has proposed several uncertainty measures, we cross-check our results with further
alternatives.12 More specifically, we use the financial uncertainty index of Jurado et al. (2015) and the

12For an excellent survey of different kind of uncertainty measures see for instance (Nowzohour and Stracca, 2020).
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Figure 9: Impulse responses of unemployment and output in the US after an unexpected financial uncertainty shock
and an unexpected CDS volatility shock. The dashed, black lines are the median response. Grey, shaded areas are
68% credible intervals.
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(b) CDS volatility

volatility of stock index returns as alternative measures of economic uncertainty. Stock market volatility can
be computed for all countries in the sample. The financial uncertainty index of Jurado et al. (2015) is only
available for the USA.13We argue for robustness with the two additional measures due to the following. First,
the financial uncertainty measure captures probably most of the information of a single stock market, i.e., the
US stock market and hence provides an econometrically sophisticated measure of uncertainty. Stock market
volatility, however, is a widely used measure of uncertainty (see also Datta et al., 2017.

In our comparison of CDS volatility with the financial uncertainty index for the US we estimate a single-
country, Bayesian VAR as outlined in Huber and Feldkircher (2019)14 and compute the impulse responses
after structurally identifying the model via the same recursive ordering as in the panel VAR model. The
scaling of the shocks is comparable due to the normalization of 10% impact on equity prices. It turns out
that the responses to both shocks (Fig. 9) are remarkably similar (the full set of responses are available
in App. C), but two remarks are in order. First, financial uncertainty seems to trigger stronger responses.
Second, although the indicators are rather differently constructed, the correlation between them is still quite
high (ρ = 0.52). Overall, sovereign CDS volatility and the financial uncertainty index seem to contain similar
information about economic uncertainty in the USA. Simple regression analysis reveals that CDS volatility
has also predictive power for financial uncertainty15.

We also consider stock market volatility as an alternative measure of economic uncertainty. For each
country, monthly stock market volatility is computed from the daily returns on the leading stock index of the
country.16 To ensure comparability, the model specification and the ordering of the variables in the VAR is
the same as in the other VAR models. A rise in unemployment and a fall in output after a unit unit shock in
stock market volatility is again visible (Fig. 10). This applies not only to the common mean response, but
also to many individual country responses. In particular, the responses in the advanced economies and the
euro area economies are pronounced and show only small deviations from the corresponding common mean.
In emerging market economies the country responses are considerably more heterogeneous. Two reasons

13This index is regularly updated and available on the website of Sydney Ludvigson: https://www.sydneyludvigson.com/
macro-and-financial-uncertainty-indexes.

14We use the same model setup as in the Panel VAR, just without the cross-country dimension for both uncertainty measures. This
translates into a Bayesian VAR with Normal-Gamma shrinkage prior, but without stochastic volatility.

15We support this hypothesis with linear regression techniques, but also with an (autoregressive) distributed lag model of order one.
16The mean dynamics in the daily returns is first removed with an AR(1) model. Then monthly volatility is computed in the same
way as CDS volatility from the absolute values of the residuals of the AR(1) model.
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Figure 10: Impulse responses unemployment and output after an unexpected shock to stock market volatility. The
plot shows the common mean effect (dashed, black line) with 68% credible intervals (grey, shaded area) and
country-specific responses (dashed, coloured lines).
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(d) Emerging market economies (long sample)

for this heterogeneity could be less developed financial markets or a looser connection between stock market
volatility and economic uncertainty in these countries.

5 Conclusions

The volatility of sovereign CDS spreads reflects the uncertainty of large international financial institutions
and investors about a country’s economic condition. Using evaluation methods for directional predictions
and Bayesian VAR models, we examined whether the volatility of sovereign CDS spreads is a useful measure
for economic uncertainty and how it relates to other prominent uncertainty indices such as the ones proposed
by Bloom (2009) or Jurado et al. (2015).

We find that the directional changes in sovereign CDS volatility help in predicting the directional changes
in the corresponding news-based EPU country indices. Hence, sovereign CDS volatility and EPU indices
contain overlapping information about economic uncertainty. Furthermore, our VAR models produces
qualitatively similar responses of unemployment and output to EPU index shocks and CDS volatility shocks.
The responses to shocks to sovereign CDS volatility are, however, often more pronounced and more precisely
estimated. We think that both findings are related to the strong incentives in sovereign CDS trading to
accurately judge the economic health of a country. These results are robust to other measures of uncertainty,
such as the financial uncertainty index of Jurado et al. (2015) or stock market volatility.
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Our results reveal sovereign CDS volatility as a powerful indicator of economic uncertainty that could
either serve as a primary measure of economic uncertainty or as an additional measure of uncertainty if
other indicators of economic uncertainty are already available. For the practitioner, using CDS volatilty as a
measure of uncertainty has several advantages: It can be easily computed, is readily available for a broad set
of countries and allows to assess uncertainty at high frequency. The latter is especially important given the
demonstrated and detrimental effects of uncertainty on the macroeconomy (e.g., Bloom, 2009; Baker et al.,
2016).
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A Summary statistics

Table A1: Summary statistics of daily CDS spreads

Statistic N Mean St. Dev. Min Pctl(25) Pctl(75) Max

BR 2,935 198.6 91.6 89 130 238.2 610
CA 2,935 18.1 4.8 8 14.5 21.5 36
DE 2,935 33.1 21.9 8 20.5 38 122
ES 2,935 151.0 129.3 34.0 63.0 230.2 596.0
FR 2,935 65.3 44.7 15.0 40.5 74.5 247.0
GB 2,935 44.5 26.9 15.0 23.0 62.0 169.0
HR 2,935 249.6 106.4 55 180.2 322.2 558
IR 2,935 191.5 219.1 22 54 202.5 968
IT 2,935 174.6 115.1 43.5 95.0 212.5 651.5
JP 2,935 53.6 29.5 13.0 26.5 71.5 154.5
KR 2,935 89.4 74.0 22 50 102.5 685
MX 2,935 137.3 61.6 64 105 149 600
NL 2,935 46.1 23.7 13.5 32.5 50.0 138.0
RU 2,935 224.0 138.2 53 143 255 1,300
SE 2,935 29.0 21.9 8 15.5 34.5 154
US 2,935 35.3 9.7 15.5 28.0 42.0 69.0

Table A2: Summary statistics of annualized monthly CDS volatility

Statistic N Mean St. Dev. Min Pctl(25) Pctl(75) Max

BR 135 103.3 91.2 19.5 52.5 127.4 839.4
CA 135 5.7 5.1 0.04 2.6 7.4 29.9
DE 135 15.9 17.9 1.0 4.3 21.5 94.9
ES 135 72.4 81.3 2.7 15.6 102.3 390.7
FR 135 28.8 30.9 1.7 8.8 40.8 147.8
GB 135 21.5 26.2 1.1 5.1 26.9 143.7
HR 135 90.2 68.7 7.3 35.3 122.2 306.5
IR 135 92.5 132.8 1.6 12.6 138.9 870.0
IT 135 86.9 87.6 0.8 24.3 117.5 424.0
JP 135 26.7 25.3 1.2 8.2 35.6 154.6
KR 135 63.4 105.7 7.7 21.4 58.7 907.6
MX 135 80.4 86.8 13.1 40.3 84.5 789.2
NL 135 19.3 19.7 1.9 6.4 26.3 106.1
RU 135 142.8 202.6 16.1 58.9 159.8 1,785.3
SE 135 14.5 20.0 0.03 3.2 17.3 109.7
US 135 13.5 11.8 1.0 4.8 20.6 71.3
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Table A3: Summary statistics of monthly EPU indices

Statistic N Mean St. Dev. Min Pctl(25) Pctl(75) Max

BR 135 183.1 105.4 22.3 110.1 213.5 677.0
CA 135 220.0 85.9 91.3 146.2 270.4 495.9
DE 135 168.1 63.1 59.6 125.3 199.9 454.0
ES 135 123.5 45.5 42.3 89.3 146.8 282.2
FR 135 242.4 83.5 98.0 181.6 288.0 574.6
GB 135 300.2 156.6 95.4 192.2 398.2 1,141.8
HR 134 132.0 53.4 36.5 88.3 168.1 315.0
IR 135 150.1 53.4 34.0 116.0 186.5 282.1
IT 135 121.4 36.4 31.7 98.6 141.1 241.0
JP 135 117.5 31.6 62.6 96.6 132.1 239.0
KR 135 157.1 72.1 55.9 111.1 176.0 538.2
MX 132 58.6 30.2 12.1 37.7 70.8 185.6
NL 135 101.3 50.9 22.7 62.8 131.2 302.2
RU 135 177.8 87.7 32.4 106.0 235.4 431.2
SE 135 100.7 16.9 62.2 90.0 110.3 156.7
US 135 131.5 33.8 71.3 103.5 152.5 245.1
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B Bayesian estimation of the Panel VAR

The estimation of the panel VAR is carried out in a Bayesian fashion. Therefore we have to specify a prior
distribution for each model parameter. The choice of the priors is rather standard and details can be found in
Jarociński (2010). We only put a shrinkage prior on the common mean and use the algorithm suggested in
Carriero et al. (2019) to speed up computation.

The parameters of the model come from a hyperprior constituting the common mean ai ∼ N(µ,V ).
Following Carriero et al. (2019) we triangularize the country variance-covariance matrix Σi = H−1

i DiH
−1′
i

to speed up the computation. H−1 denotes a lower triangular matrix and Di = diag(di1, . . . , diM ) is a
diagonal matrix where each element di ∼ IG(ai, bi) follows an Inverse-Gamma distribution. We chose the
hyperparameters such that the prior does not introduce much information to the model, i.e., ai = bi = 0.01.
For the elements in H−1

i and in µ we specify a Normal-Gamma shrinkage prior (Huber and Feldkircher,
2019) where a typical element is denoted by θi j following

θi j ∼ N(0, 2ξ−2
i τi j), ξ2

i ∼ G(c0, d0), τi j ∼ G(ϑ, ϑ), (B.1)

where i refers to the local shrinkage component (like each element of a matrix or a coefficient matrix) and
j to the global shrinkage component (like each lag in the VAR system). Both are controlling for the tightness
of the prior. We set c0 = d0 = 0.01 uninformative and estimate ϑ, which is distributed as ϑ ∼ E xp(1) to have
a priori unity as mean corresponding to the Bayesian Lasso. For V , the variance of the common mean, we
specify an Inverse Wishart distribution, V ∼ iW(vW,VW ) with vw = Mp and VW = IK ∗ 1000. Finally, we
use an Inverse-Gamma prior on λ1 ∼ IG(s0/2, v0/2), where s0 = v0 = 0.5 to be uninformative.

Our econometric specification leads to a fairly standard Gibbs sampler, where we iteratively draw from
the respective conditional posterior distributions. We only have one MH-in-Gibbs step to sample ϑ which is
outlined in Huber and Feldkircher (2019). Therefore, and due to the linear structure, the model converges
relatively quickly to its posterior distribution. We use 5.000 iterations as burn-in and save 5.000 draws
afterwards.
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C Impulse Responses

Figure 11: Impulse responses after an unexpected CDS volatility shock (upper panel) or EPU shock (lower panel).
The plot shows the common mean effect (black, dashed line) along with 68% credible intervals (grey, shaded area) and
country-specific responses (dashed, coloured lines).

CDS volatility

0 4 8 12 16 20 24

0.
0

0.
1

0.
2

0.
3

0.
4 CA

GB
JP
KR
SE
US

Equity prices

0 4 8 12 16 20 24

−
0.

15
−

0.
10

−
0.

05
0.

00
Interest rate

0 4 8 12 16 20 24

−
0.

05
0.

00
0.

05
0.

10
0.

15

Prices

0 4 8 12 16 20 24

−
0.

10
−

0.
05

0.
00

0.
05

Unemployment

0 4 8 12 16 20 24

−
0.

05
0.

00
0.

05
0.

10

Output

0 4 8 12 16 20 24

−
0.

15
−

0.
10

−
0.

05
0.

00
0.

05
0.

10

Economic policy uncertainty

0 4 8 12 16 20 24

0.
0

0.
1

0.
2

0.
3

0.
4

CA
GB
JP
KR
SE
US

Equity prices

0 4 8 12 16 20 24

−
0.

15
−

0.
10

−
0.

05
0.

00

Interest rate

0 4 8 12 16 20 24

−
0.

08
−

0.
04

0.
00

0.
02

Prices

0 4 8 12 16 20 24

−
0.

04
−

0.
02

0.
00

0.
02

Unemployment

0 4 8 12 16 20 24
−

0.
02

0.
00

0.
02

0.
04

0.
06

Output

0 4 8 12 16 20 24

−
0.

02
0.

00
0.

02
0.

04
0.

06

(a) Advanced economies

CDS volatility

0 4 8 12 16 20 24

0.
0

0.
1

0.
2

0.
3

DE
ES
FR
IE
IT
NL

Equity prices

0 4 8 12 16 20 24

−
0.

15
−

0.
10

−
0.

05
0.

00

Interest rate

0 4 8 12 16 20 24

0.
00

0.
05

0.
10

Prices

0 4 8 12 16 20 24

0.
00

0.
01

0.
02

0.
03

0.
04

0.
05

Unemployment

0 4 8 12 16 20 24

−
0.

02
0.

02
0.

06
0.

10

Output

0 4 8 12 16 20 24

−
0.

10
−

0.
05

0.
00

Economic policy uncertainty

0 4 8 12 16 20 24

0.
0

0.
1

0.
2

0.
3

0.
4

DE
ES
FR
IE
IT
NL

Equity prices

0 4 8 12 16 20 24

−
0.

15
−

0.
10

−
0.

05
0.

00

Interest rate

0 4 8 12 16 20 24

−
0.

06
−

0.
04

−
0.

02
0.

00

Prices

0 4 8 12 16 20 24

−
0.

01
0.

00
0.

01
0.

02
0.

03
0.

04

Unemployment

0 4 8 12 16 20 24

−
0.

06
−

0.
02

0.
02

0.
06

Output

0 4 8 12 16 20 24

−
0.

06
−

0.
04

−
0.

02
0.

00
0.

02
0.

04

(b) Euro area economies

20



CDS volatility

0 4 8 12 16 20 24

0.
0

0.
2

0.
4

0.
6

0.
8 BR

HR
MX
RU

Equity prices

0 4 8 12 16 20 24

−
0.

4
−

0.
2

0.
0

0.
2

Interest rate

0 4 8 12 16 20 24

−
0.

2
−

0.
1

0.
0

0.
1

0.
2

0.
3

0.
4

Prices

0 4 8 12 16 20 24

0.
0

0.
1

0.
2

0.
3

0.
4

Unemployment

0 4 8 12 16 20 24

−
0.

25
−

0.
15

−
0.

05
0.

05

Output

0 4 8 12 16 20 24

−
0.

1
0.

0
0.

1
0.

2
0.

3

Economic policy uncertainty

0 4 8 12 16 20 24

0.
0

0.
2

0.
4

0.
6

0.
8

1.
0 BR

HR
MX
RU

Equity prices

0 4 8 12 16 20 24

−
0.

4
−

0.
3

−
0.

2
−

0.
1

0.
0

0.
1

Interest rate

0 4 8 12 16 20 24

−
0.

3
−

0.
2

−
0.

1
0.

0
0.

1
0.

2

Prices

0 4 8 12 16 20 24

0.
0

0.
1

0.
2

0.
3

Unemployment

0 4 8 12 16 20 24

−
0.

25
−

0.
15

−
0.

05
0.

05

Output

0 4 8 12 16 20 24

−
0.

05
0.

05
0.

15
0.

25

(c) Emerging market economies (short sample)

CDS volatility

0 4 8 12 16 20 24

0.
0

0.
1

0.
2

0.
3

BR
HR
MX
RU

Equity prices

0 4 8 12 16 20 24

−
0.

20
−

0.
15

−
0.

10
−

0.
05

0.
00

Interest rate

0 4 8 12 16 20 24

−
0.

05
0.

00
0.

05
0.

10
0.

15

Prices

0 4 8 12 16 20 24

0.
00

0.
01

0.
02

0.
03

Unemployment

0 4 8 12 16 20 24

−
0.

05
0.

00
0.

05
0.

10

Output

0 4 8 12 16 20 24

−
0.

12
−

0.
08

−
0.

04
0.

00

Economic policy uncertainty

0 4 8 12 16 20 24

0.
0

0.
2

0.
4

0.
6

0.
8 BR

HR
MX
RU

Equity prices

0 4 8 12 16 20 24

−
0.

4
−

0.
3

−
0.

2
−

0.
1

0.
0

Interest rate

0 4 8 12 16 20 24

−
0.

1
0.

0
0.

1
0.

2
0.

3

Prices

0 4 8 12 16 20 24

−
0.

05
0.

00
0.

05
0.

10

Unemployment

0 4 8 12 16 20 24

−
0.

15
−

0.
10

−
0.

05
0.

00
0.

05

Output

0 4 8 12 16 20 24

−
0.

10
−

0.
05

0.
00

0.
05

(d) Emerging market economies (long sample)

21



Figure 12: Impulse responses after an unexpected CDS volatility shock (upper panel) or financial uncertainty shock
(lower panel). The plot shows the median response (black, dashed line) along with 68% credible intervals (grey,
shaded area).
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