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Abstract
I use Bayesian structural VARs with stochastic volatility, and several alternative identification strategies, to explore the role played by policy uncertainty
shocks within the context of the Great Recession in the U.S., the Euro area,
the U.K., and Canada, and during the Great Depression in the U.S..
Shocks identified via three alternative inertial restrictions schemes along
the lines of Baker, Bloom, and Davis (2013) played a uniformly marginal role
in either country, and during both episodes.
An alternative identification strategy in the spirit of Uhlig (2003, 2004)
produces qualitatively the same results for the U.S. Great Depression. As for
the Great Recession, it produces qualitatively the same results for the U.K.
and Canada; some minor diﬀerences for the Euro area; and statistically significant and economically non-negligible diﬀerences for the U.S., with (e.g.) the
counterfactual unemployment rate being systematically lower than the actual
historical path. I argue that this partly originates from the strong correlation
between Baker et al.’s policy uncertainty index and credit spreads during the
U.S. Great Recession: two alternative ways of controlling for shocks to Gilchrist
and Zakrajsek’s ‘excess bond premium’ produce very similar results, suggesting
that, absent policy uncertainty shocks, the U.S. unemployment rate would have
recently been about 2 percentage points lower.
Keywords: Economic policy uncertainty; structural VARs; Bayesian VARs;
stochastic volatility; Great Recession; Great Depression.
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Introduction

The role played by economic policy uncertainty (henceforth, EPU) in macroeconomic
fluctuations has been, in recent years, one of the most intensely debated issues in
either academia, policymaking circles, or the financial press. Baker, Bloom, and
Davis (2013), who pioneered the measurement of EPU, have documented how, in
the United States, innovations to their EPU index identified via structural VAR
methods (in particular, a Cholesky identification with alternative orderings of the
variables) cause statistically significant declines in both employment and industrial
production. By the same token, the April 2013 issue of the International Monetary
Fund’s World Economic Outlook contained an extensive discussion of the negative
global macroeconomic spillovers from increases in EPU in the United States and the
Euro area. One of its main findings was that
‘U.S. policy-uncertainty shocks temporarily reduce GDP growth in
other regions by up to 12 percentage point in the year after the shock [...].
European policy-uncertainty shocks temporarily reduce GDP growth in
other regions by a smaller amount [...].’
Within the policymaking community,1 and in the financial press,2 the macroeconomic impact of EPU has been mostly discussed with reference to the Great Recession, with many policymakers and commentators arguing that the dramatic increases
in EPU which have characterized the financial crisis and its aftermath have played a
key role in holding back the recovery in both the United States and Europe.
As discussed, e.g., by Baker, Bloom, and Davis (2012) and Bloom (2014), the
notion that EPU may have played a key role within the context of the Great Recession and its aftermath rests upon two robusts stylized facts. First, as previously
mentioned, evidence produced by either Baker et al. (2013) or the International Monetary Fund, suggests that EPU innovations are associated with subsequent falls in
real economic activity. Second, following the outbreak of the financial crisis, EPU (as
measured by Baker et al.’s indices) has consistently been elevated (see Figure 1), in
contrast with measures of financial market stress,3 which markedly increased during
the Great Recession, but have largely come down since then. A third, conceptually
related stylized fact–which is discussed by Bloom (2014), and is illustrated in Figure
2 for the countries and periods analyzed in this paper–is a strong negative reducedform correlation between EPU and real economic activity. In the United States, for
1

Bloom (2014, pp. 170-171) contains extensive quotations from prominent policymakers on the
possible role played by EPU in making the Great Recession longer and deeper, and slowing down
the recovery.
2
See, e.g., ‘Dithering in the Dark’, published on the issue of June 16, 2012 of The Economist,
and ‘Policy Uncertainty Paralyzes the Economy’, by William Galston, published in the issue of
September 24, 2013 of the Wall Street Journal.
3
E.g., for the United States Gilchrist and Zakrajsek’s ‘excess bond premium’ measure, and for
the Euro area, Gilchrist and Mojon’s (2014) corresponding measure.
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example, EPU has been negatively correlated with employment growth during the
interwar period, and positively correlated with the unemployment rate during the
post-WWII period. Although the interpretation of this reduced-form correlation is
by no means obvious, this evidence is in principle compatible with the notion that
increases in EPU may reduce real economic activity.
As stressed by Bloom (2014, p. 171), however,
[...] while policymakers clearly think uncertainty has played a central role
in driving the Great Recession and slow recovery, the econometric evidence is
really no more than suggestive.

In particular, there are several reasons why the just-mentioned stylized facts cannot be regarded as providing robust support to the notion that EPU has played a key
role within the context of the Great Recession. First, as discussed by Baker, Bloom,
and Davis (2012), there is the issue of causality: the fact that EPU has been especially high during the Great Recession and its aftermath may simply be a reflection
of the weakness of the economy, rather than a cause of it. The issue of causality can
be addressed, e.g., via structural VAR techniques, and under this respect, the use
of alternative identification strategies beyond the inertial restrictions used by both
Baker et al. (2013) and the International Monetary Fund would provide reassurance
about the robustness of the results. Second–and crucially–the fact that a specific
shock causes statistically significant decreases in real economic activity by no means
implies that this disturbance has played an important role either (i) in driving macroconomic fluctuations on average within the sample, or (ii) within the context of a
specific episode. The simplest illustration of this point is provided by monetary policy
shocks. Over the last two decades, the literature on monetary structural VARs has
produced two robust results:4 (i) monetary policy shocks cause statistically significant decreases in real economic activity,5 but, crucially, (ii) they play a marginal role
in macroeconomic fluctuations, explaining negligible fractions of main series’ forecast error variance, and generating counterfactual paths obtained by killing oﬀ such
shocks which are very close to, and statistically indistinguishable from, the actual
historical series. As we will see, this is what I obtain in this paper, most of the times,
4

See, first and foremost, Sims and Zha (2006).
Under this respect, the main exception is Uhlig (2005), who, based on sign restrictions, showed
that monetary policy shocks can cause either a recession, or a boom, with (roughly) two-thirds
and one-third probabilities. A possible, and conceptually compelling explanation for Uhlig’s (2005)
finding was provided by Wouters (2005) in his comment on Scholl and Uhlig (2005) (which was
based on exactly the same methodology as Uhlig (2005)). As Wouters showed based on stochastic
simulations of medium-scale DSGE models, the methodology of Uhlig (2005) and Scholl and Uhlig
(2005), based on the notion of (1) identifying only one shock (the monetary policy shock) via
sign restrictions, and (2) leaving all of the other shocks entirely unrestricted, is likely to generate
significantly distorted results. The intuition is that random linear combinations of the other shocks
(which are left unrestricted) will satisfy the sign restrictions imposed on the monetary shock, and
will therefore end up being erroneously classified as monetary shocks, thus distorting the inference.
5
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for EPU shocks. The key point is that, for the purpose of assessing the role played by
EPU within the context of the Great Recession and its aftermath, impulse-response
functions are only indicative of a possible role of these shocks, and they should be
supplemented by variance decompositions and, especially, counterfactual simulations
‘killing oﬀ’ identified EPU shocks.

1.1

This paper: methodology, and main results

In this paper I use Bayesian structural VARs with stochastic volatility, and two
alternative identification strategies, in order to explore the role played by policy
uncertainty shocks within the context of the Great Recession in the United States,
the Euro area, the United Kingdom, and Canada, and during the Great Depression
in the United States. To the very best of my knowledge, this paper is the first to
systematically explore the role played by policy uncertainty shocks within the context
of these two episodes based on structural VARs methods.
My main results can be summarized as follows.
First, shocks identified via three alternative schemes in the spirit of Baker, Bloom,
and Davis (2013), combining inertial and sign restrictions, played a uniformly marginal role in either country, and during both episodes, consistently explaining negligible fractions of main macroeconomic series’ variance. Further–and crucially–the
counterfactual paths obtained by killing oﬀ these shocks are statistically indistinguishable from the actual series, with the median counterfactual paths being typically
very close to the actual historical paths. For the United States, in particular, VARs
including Gilchrist and Zakrajsek’s ‘excess bond premium’ (henceforth, GZ’s EBP)
measure generate median counterfactual paths for the unemployment rate and industrial production growth which are visually indistinguishable from the corresponding
actual, historical paths. As previously mentioned, Baker et al.’s (2013) robust finding, based on several alternative identification schemes based on inertial restrictions,
that shocks to their policy uncertainty index cause sharp and statistically significant
recessions has been widely interpreted as providing support to the notion that the
sizeable increase in economic policy uncertainty in the U.S. and the Euro area during
the Great Recession may have been a key cause of the recession itself, and of the
slow and drawn-out nature of the recovery. In line with Bloom’s (2014) previosuly
mentioned point that ‘this evidence is no more than suggestive’, my results suggest
that such an interpretation is unwarranted, thus pointing towards a sort of ‘parallel’
with the role played by monetary policy shocks in macroeconomic fluctuations. The
key point is that there is no connection between the fact that a specific shock generates statistically significant declines in real economic activity, and the shock playing
an important role in macroeconomic fluctuations (or even explaining the bulk of a
specific historical episode).
Second, an alternative identification strategy in the spirit of Uhlig (2003, 2004)
produces qualitatively the same results for the U.S. Great Depression, with no sta4

tistically significant role played by identified policy uncertainty shocks. As for the
Great Recession, it produces qualitatively the same results for the United Kingdom
and Canada; some minor diﬀerences for the Euro area, mostly having to do with
lower and higher counterfactual paths for the unemployment rate and credit growth,
respectively (but not for industrial production growth, for which the diﬀerence between actual and counterfactual paths is essentially nil); and statistically significant
and economically non-negligible diﬀerences for the United States. In particular, based
on median estimates, the trough of industrial production growth in the aftermath of
the collapse of Lehman would have been equal to -4.9 per cent, compared to the actual
value of -16.3 per cent. By the same token, the median peak in the unemployment
rate would have been equal to 7.2 per cent, compared to the actual peak of 10.0 per
cent.
Third, I argue that the diﬀerence between the results produced by the two alternative identification strategies within the context of the U.S. Great Recession partly
originates from the strong correlation between Baker et al.’s U.S. EPU index and
U.S. credit spreads during this episode. In particular, taking GZ’s EBP as a measure
of credit spreads, I show that the correlation between the two series’ forecast errors,
which was low and statistically insignificant before the onset of the financial crisis,
markedly increased, becoming strongly statistically significant, during this episode,
before decreasing once again during the most recent period. This logically implies
that the ‘standard’ Uhlig methodology, being based on the notion of maximizing the
fraction of a target series’ forecast error variance explained by a shock at a specific
horizon, will have trouble in sorting out EPU shocks from credit market disturbances
during this specific period, and may therefore well end up confusing the latter for
the former. I therefore use two modified versions of Uhlig’s methodology in order to
identify EPU shocks controlling, at the same time, for credit market disturbances.
The two alternative approaches produce very similar results, and (based on median
estimates) suggest that, absent EPU shocks, the U.S.unemployment rate would have
been, in recent years, about two percentage points lower than it has historically been.
These results also raise doubts about the solidity of the finding of some limited role
of policy uncertainty shocks within the context of the Great Recession in the Euro
area based on Uhlig’standard methodology, which might likewise be due to the correlation between Euro area policy uncertainty and credit spreads during this episode.6
Finally, the fact that for two countries out of four (the U.K. and Canada) results
based on either identification strategy fail to produce any evidence whatsoever of a
non-negligible role played by EPU within the context of the Great Recession clearly
suggest that the widespread belief–especially among policymakers–that EPU has
6

In principle, this conjecture might be checked by performing, for the Euro area, the same analysis
I performed for the United States based on Gilchrist and Mojon (2014)’s index of Euro area credit
spreads, which has been constructed based on the same approach as Gilchrist and Zakrajsek (2012)’s.
As I discuss in footnote 9 below, the problem here is that the sample period for Gilchrist and Mojon’s
index is too short to allow to reliably estimate for the VAR.

5

been key within this episode is entirely open to question: for these two countries, the
opposite appears indeed to be the case.
Fourth, for the United Kingdom and Canada, impulse-response functions (henceforth, IRFs) to identified EPU shocks consistently suggest, based on either methodology, that these shocks do not have a statistically significant impact on the economy.
This explains why, for these countries, either methodology suggests that these shocks
have played no role within the context of the Great Recession. At the other end of
the spectrum, IRFs for the United States are in line with those produced by Baker,
Bloom, and Davis (2013), with EPU shocks generating, based on either methodology, strongly statistically significant decreases in industrial production growth, and
increases in the unemployment rate. Results for the Euro area are ‘in between’, and
point towards some recessionary eﬀect of these shocks.
Fifth, the results produced by VARs not featuring stochastic volatility are typically
not significantly diﬀerent from the benchmark set of results based on VARs with
stochastic volatility. The main diﬀerence pertains to the United States, for which the
alternative set of results points towards an even weaker role played by EPU, with
(e.g.) the median counterfactual path for the unemployment rate obtained by killing
oﬀ EPU shocks recently being only about one per cent lower than the actual path.
Finally, an important caveat to stress is that my results are typically characterized
by a non-negligible, and sometimes significant extent of uncertainty. This implies
that although median counterfactuals point towards a small-to-negligible role of EPU
within the context of either episode, my evidence is in principle not incompatible with
the notion that EPU may have played some role.
Overall, my results provide limited support to the notion that EPU may have
played an important role during either the Great Recession or the Great Depression.
On the other hand, these results are compatible with the view, proposed first and
foremost by Reinhart and Rogoﬀ, that the slow pace of the recovery following the
recent crisis is simply typical of economic rebounds which follow large financial crises.

1.2

Related literature

The recent literature on the role of uncertainty in macroeconomic fluctuations was
started by the seminal contribution of Bloom (2009), who used a model with a timevarying second moment estimated based on firm-level data in order to simulate the
economic impact of a shock to aggregate uncertainty. His evidence suggests that uncertainty shocks generate sharp recessions, and subsequent swift rebounds, in both
output and employment, due to the ‘wait and see’ attitude induced by higher uncertainty on firms’ investment and hiring decisions.
Based on fixed-coeﬃcients structural VARs, Baker, Bloom, and Davis (2013) have
documented how, in the post-WWII United States, structural innovations to their
EPU index identified via Cholesky, and alternative orderings of the variables in the
VAR, cause statistically significant declines in both employment and industrial pro6

duction. As I previously pointed out, an intrinsic limitation of Baker et al.’s (2013)
work is that they only report evidence on impulse-response functions, but they do
not show either the fractions of the series’ forecast error variance explained by policy uncertainty shocks, or the counterfactuals obtained by ‘killing oﬀ’ such shocks.
As a result, their evidence is in principle compatible with the notion that–exactly
as monetary policy shocks–policy uncertainty shocks do cause recessions, but have
historically played a limited, or even negligible role in macroeconomic fluctuations.
Beyond Bloom (2009) and Baker, Bloom, and Davis (2013), several recent papers
have explored the role played by diﬀerent types of uncertainty in macroeconomic fluctuations. Baker and Bloom (2013) have exploited the variation in natural catastrophes, terroristic attacks, etc. across countries in order to explore the macroeconomic
impact of uncertainty shocks. Conceptually in line with Bloom (2009), they find that
uncertainty has a negative impact on both output growth and its volatility.
In their exploration of the 2007-2009 U.S. recession based on a fixed-coeﬃcients
dynamic factor model with 200 variables, Stock and Watson (2012) identified a prominent role for financial disturbances and shocks associated with increased uncertainty,
but no significant changes in the way such shocks were transmitted through the economy. Popescu and Smets (2010) explored the role of financial and uncertainty shocks
for Germany based on recursive orderings of the variables. One of their main findings
is that uncertainty shocks have a modest and temporary impact on real economic
activity.
In terms of identification strategies, the paper closer to the present one is Caldara,
Fuentes-Albero, Gilchrist, and Zakrajsek (2013). Based on fixed-coeﬃcients VARs,
Caldara et al. (2013) use both recursive ordering, and Uhlig’s (2003, 2004) approach,
in order to explore the macroeconomic impact of financial and uncertainty shocks.
Their main finding is that financial shocks ‘generate slowly-building and economically
significant recessions, followed by slow recoveries.’ Uncertainty shocks have similar
eﬀects when operating through the financial channel, but otherwise they have a much
more muted impact.
Another paper conceptually related to the present one is Mumtaz and Surico
(2013), which estimates fixed-coeﬃcients VARs with a stochastic volatility specification for the VAR’s time-varying covariance matrix of reduced-form innovations
in order to explore the macroeconomic impact on the U.S. economy of uncertainty
pertaining to government spending and taxes, debt sustainability, and monetary policy. A main feature of Mumtaz and Surico’s (2013) empirical specification is that
the volatility of policy uncertainty shocks (which are identified based on a recursive
scheme) is allowed to have an impact on the VAR’s dynamics, thus introducing a link
between second and first moments. Their main result is that the largest impact on
real economic activity is associated with uncertainty shocks about debt sustainability,
whereas shocks pertaining to the other three types of uncertainty have much smaller
eﬀects.
Finally, an alternative strand of literature has used either calibrated or esti7

mated DSGE models in order to explore the role played by uncertainty shocks in
macroeconomic fluctuations. The best-known example of this literature is probably
Fernandez-Villaverde, Guerron-Quintana, Kuester, and Rubio-Ramirez (2013), who
estimate stochastic processes with time-varying volatilities for U.S. government’s tax
and spending policies, and then feed the estimated processes into a calibrated standard New Keynesian model. Their main finding is that ‘fiscal volatility shocks can
have a sizable adverse eﬀect on economic activity.’.
The paper is organized as follows. The next section describes the main features of
the VAR with stochastic volatility which is used throughout the paper, and describes
the identification strategies used herein. Section 3 discusses the evidence, whereas
Section 4 concludes.

2

Methodology

2.1

The reduced-form VAR

In what follows I work with the fixed-coeﬃcients VAR(p) model:
´
³
0
 = 0 + 1 −1 +  +  − +  ≡  ⊗  · vec() + 

(1)

where  is defined as  ≡ [∆        -   ∆  ∆    ]0 for the United
States and the Euro area, and as  ≡ [∆  ∆      -   ∆  ∆    ]0 for
the United Kingdom and Canada, where  ,  ,  , and  are the logarithms of
industrial production, employment, a credit aggregate, and a stock market index, respectively;  is the unemployment rate;   is inflation, computed as the log-diﬀerence
of the relevant price index;  is the monetary policy short-term interest rate,7 which
is quoted at a non-annualized rate in order to make its scale exactly comparable to
that of inflation;8 and   is Baker et al.’s policy uncertainty index;  contains
the relevant lags of  ; and vec() contains the VAR’s vectorized slope coeﬃcients.
For the United States I also estimate, in Sections 3.3 and 3.4, an augmented VAR
also including, beyond the seven series I just discussed, a credit spread–specifically,
Gilchrist and Zakrajsek’s ‘excess bond premium’ (henceforth, GZ and EBP, respectively) for the post-WWII period, and the BAA-AAA spread for the interwar period.9
For a complete description of the data, of their sources, and of the overall sample periods, see Appendix A. I set the lag order equal to six months.
7

For the United States, the Federal Funds rate; for the Euro area, the ECB policy rate; for the
United Kingdom, the Bank of England rate; and for Canada, the Bank of Canada rate.
8
So, to be clear, if  is the relevant short-term rate–with its scale such that, e.g., a ten per
cent rate is represented as 10.0– is computed as  =(1+ /100)14 -1.
9
For the Euro area, on the other hand, I have chosen not to report the analogous set of results
based on an 8-variables VAR including Gilchrist and Mojon (2014)’s measure of the excess bond
premium for the Euro area, because estimation of the model turned out to be problematic, due most
likely to the short sample length (the Euro area EBP starts in January 1999).
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Following Clark (2011), the VAR’s coeﬃcients are sampled from a normal posterior
distribution with mean ̄ and variance Σ̄ , based on prior mean  and variance
Σ , where
 ³
´
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(3)

with Ω being the time-varying covariance matrix of the VAR’s reduced-form innovations, which are postulated to be zero-mean normally distributed. Following established practice, I factor Ω as
−1 0
Var( ) ≡ Ω = −1
  ( )

The time-varying matrices
⎡
1 0
⎢ 0 2
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⎣ ...
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0
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with the  evolving as geometric random walks,

⎤
... 0
... 0 ⎥
⎥
... ... ⎦
... 1

(5)

(6)

ln  = ln −1 +  

For future reference, we define  ≡ [1 , 2  ...  ]0 . Following Primiceri (2005),
I postulate the non-zero and non-one elements of the matrix  –which I collect in
the vector  ≡ [21 , 31 , ...,  −1 ]0 –to evolve as driftless random walks,
 = −1 +   ,
and I assume the vector [0 ,  0 ,  0 ,  0 ]0 to
⎡
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be distributed as
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0
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0

0
22
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0
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... 0
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⎥
... ... ⎦
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(8)

2
where  is such that  ≡ −1
   . As discussed by Primiceri (2005), there are
two justifications for assuming a block-diagonal structure for  . First, parsimony, as
the model is already quite heavily parameterized. Second, ‘allowing for a completely
generic correlation structure among diﬀerent sources of uncertainty would preclude
any structural interpretation of the innovations’.10 Finally, following, again, Primiceri
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Primiceri (2005, pp. 6-7).

9

(2005) I adopt the additional simplifying assumption of postulating a block-diagonal
structure for , too–namely
⎡
⎤
1
01×2
... 01×(−1)
⎢ 02×1
2
... 02×(−1) ⎥
⎥
(9)
 ≡ Var (  ) = Var (  ) = ⎢
⎣
⎦
...
...
...
...
0(−1)×1 0(−1)×3 ...
−1

with 1 ≡ Var( 21 ), 2 ≡ Var([ 31   32 ]0 ), and −1 ≡ Var([ 1   2  ..., −1 ]0 ),
thus implying that the non-zero and non-one elements of  belonging to diﬀerent
rows evolve independently. As discussed in Primiceri (2005, Appendix A.2), this assumption drastically simplifies inference, as it allows to do Gibbs sampling on the
non-zero and non-one elements of  equation by equation.
I estimate model (1)-(9) via standard Bayesian methods. Appendix B discusses
my choices for the priors (which are standard in the literatuer) and the MarkovChain Monte Carlo (henceforth, MCMC) algorithm I use to simulate the posterior
distribution of the hyperparameters and the states conditional on the data. In a
nutshell, the algorithm is simply an adaptation, for the specification at hand, of the
MCMC algorithm used by Clark (2011). In all cases, I use the first 6 years of data
in order to compute the Bayesian priors.
2.1.1

The evolution of the VARs’ total prediction variance

Figure 3 reports, in the top row, the median and the 1- and 2- standard deviations
percentiles of the posterior distribution of the log-determinant of Ω , which, following
Primiceri (2005) and Primiceri (2005), we interpret as a measure of the VAR’s ‘total
prediction variance’ (henceforth, TPV), that is, of the total amount of noise hitting
the system at each point in time. The bottom row reports, for each month , the
fractions of draws from the posterior for which the value taken by ln|Ω | in the month
of its median peak (as the panels in the first row show, either the month of Lehman’s
collapse, or an adjacent month) is greater than in month . Evidence of time-variation
in the the VARs’ TPV is very strong for the United States, and it is weak for the
Euro area, whereas for the remaining two countries results are still strong, although
less than for the U.S.. This is consistent with the fact that, as we will see, the U.S.
is the only country for which there is an important diﬀerence between the results
produced by VARs with and without stochastic volatility.
2.1.2

Why only stochastic volatility, but no time-varying parameters?

Although the VARs I use in this paper feature stochastic volatility, they do not feature time-varying parameters, and they are instead fixed-coeﬃcients. In a nutshell,
the reasons for doing so are the following. In a previous version of the paper I had estimated Bayesian time-varying parameters VARs with stochastic volatility featuring
five series, rather than the seven-eight used in the present version, and, based on the
10

same two alternative identification approaches used herein, I had obtained qualitatively the same findings as in the present version of the paper. My concern with those
results, however, had to do with the fact that, due most likely to the comparatively
short sample lengths I am here working with, in order to be able to estimate the models I had to limit the number of series entering the VARs to five, and the maximum
number of lags to three months. In particular, attempts to estimate VARs with either more than five series, or more than three months of lags, systematically ran into
numerical problems, with the Gibbs sampling algorithm either failing to converge,
or converging to manifestly non-sensical estimates. Because of this, in the current
version of the paper I have decided to keep a stochastic volatility specification for
the covariance matrix of the VAR’s reduced-form innovations, dropping instead timevariation in the VARs’ parameters. The main reason for doing so is that, as I discuss
below, whereas evidence of time-variation in the VARs’ reduced-form innovations is
strong, evidence of time-variation in the VARs’ parameters is comparatively weaker.
Ideally, having time-varying parameters in the VAR would have allowed me to explore
changes in the transmission mechanism of policy uncertainy shocks, in order to ascertain, first and foremost, whether the Great Recession and the Great Depression had
exhibited systematic diﬀerences compared to ‘normal’ periods.11 Ultimately, however,
my assessment was that, given the diﬃculty of estimating time-varying VARs within
the present context, it was probably safer to limit my ambitions in order to obtain
better estimates.

2.2

Identification

Before discussing the two alternative approaches to the identification of EPU shocks
I use in this paper, an important preliminary issue to be tackled is whether, within
the present context, there is in fact an identification problem in the first place.
11

Results based on the five-variables time-varying VARs with stochastic volatility clearly suggest
that, under this specific respect, neither the Great Recession, nor the Great Depression, had been
characterized by systematic, specific diﬀerences in the transmission of policy uncertainty shocks,
compared to ‘normal’ periods. That is to say, although that set of results identified some timevariation in the response of the economy to policy uncertainty shocks, neither episode appeared as
peculiar compared to ‘normal’ periods.

11

2.2.1

Are Baker et al.’s EPU indices exogenous?

If Baker et al.’s EPU indices evolved as exogenous processes,12 uniquely reflecting
authentic policy uncertainty shocks (such as, e.g., the onset of the U.S. ‘fiscal cliﬀ’),
both identifying such shocks, and estimating the economy’s response to them, would
become a trivial enterprise, boiling down to (i) estimating a univariate (e.g., AR(p))
model for EPU indices, (ii) treating the residuals as structural innovations, and (iii)
estimating the economy’s response to them. There would be therefore no identification problem to speak of, and no need to use structural VAR methods.13 This points
towards the need to test, as a preliminary step, whereas the notion that EPU indices
evolve exogenously with respect to the rest of the variables in the VAR can in fact be
rejected statistically. As I now show, this is indeed almost uniformly the case, which
implies that there is no simple shortcut to identifying policy uncertainty shock
Conceptually in line with Leeper’s (1997) discussion of the Romers’ (1989) approach to the identification of the impact of monetary policy on the economy, a direct
implication of Baker et al.’s EPU indices evolving exogenously,14 is that they would
not be Granger-caused by any other variable. Table 1 reports, for either country and,
for the United States, for either the Great Recession or the Great Depression, boostrapped p-values for testing the null hypothesis of no Granger-causality of the other
variables in the VAR onto Baker et al.’s EPU indices.15 For the United States, for
12

As discussed by Baker, Bloom, and Davis (2013) many of the events leading to large, obvious
increases in their EPU indices for either the United States or the Euro area are manifestly noneconomic in nature: this is the case (e.g.) of 9/11 and the two Gulf Wars for both countries, and of
the Nice Treaty referendum and of the rejection of the European constitution on the part of French
and Dutch voters for the Euro area. On the other hand, some of the events driving fluctuations in
policy uncertainty are manifestly of an economic nature (e.g., the Asian and Russian crises, and the
collapse of Long-Term Capital Management), thus suggesting that policy uncertainty, being partly
driven by some of the very same other disturbances driving the business cycle, should not be thought
of as evolving exogenously.
13
This issue is conceptually related to Eric Leeper’s critique of David and Christina Romer’s
approach to the identification of the impact of monetary policy shocks based on estimating the
economy’s response to shocks to the ‘Romer dates’ (see in particular Romer and Romer (1989)).
Leeper (1997) showed that a necessary condition for the Romers’ approach to work was that the
Federal Funds rate evolves as an exogenous process, entirely disconnected from the rest of the
economy. He showed, however, that the FED Funds rate can be partly predicted based on variables
such as inflation and the unemployment rate, which invalidates the Romers’ approach, and points
instead towards the inescapable necessity to use structural VAR methods.
14
E.g., to fix ideas, according to the AR() process   = () −1 +  , where  is the
lag operator and  is an EPU innovation uncorrelated with all other shocks in the economy, both
contemporaneusly, and at all leads and lags.
15
For each country, sample period, VAR specification, and lag length (for reasons of robustness, I
consider six possible lag lenghts, from 1 to 6 months), I estimate the unrestricted VAR (that is, to
be clear, the VAR without imposing the restriction of no Granger-causality of the other series onto
the EPU index), and I perform a Wald test for the joint null hypothesis that all of the coeﬃcients
in the equation for the EPU are zero, except for the intercept and those on the lagged EPU. Then,
I estimate the VAR imposing the restriction of no Granger-causality of other series onto the EPU,
I bootstrap it 2,000 times, and based on each bootstrapped replication I perform the same joint
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which good indicators of credit spreads are available for both the most recent decades
(GZ’s EBP), and to a lesser extent16 for the interwar period (the BAA-AAA spread),
I report results for VARs both excluding and including the credit spread measures.
This is in order to ascertain whether, under this specific respect, credit spreads do or
do not play a crucial role. The results reported in the table almost uniformly point
towards a rejection of the null of no Granger-causality at the 10 per cent level, and in
several cases even at the 5 or 1 per cent levels. The only exception is represented by
Canada, for which the null is rejected only with the lag order equal to either 5 or 6,
whereas for =4 the p-value is borderline (at the 10 per cent level), and for smaller
lag orders it is uniformly greater than 10 per cent. One possible explanation of this
result is that it is simple a fluke, due to Canada’s comparatively short sample period
(about two decades of data). Under this respect, however, it is to be noticed that the
sample periods for the Euro area and the United Kingdom are even shorter, starting
in 1995 and 1997, respectively.
In spite of such lack of rejection of the null of no Granger-causality–which is in
principle compatible with the notion that Baker et al.’s EPU index for Canada does
evolve exogenously, and uniquely reflects ‘authentic’ policy uncertainty shocks–in
what follows I have decided to perform the analysis for Canada along the same exact
lines as for the other three countries. There are two main reasons for this. First, as a
matter of logic, if Canada’s EPU index did truly evolve exogenously, and it uniquely
reflected true policy uncertainty shocks, one of the identification strategies adopted
herein–the one based on Uhlig’s (2003, 2004) methodology–would allow to perfectly
identify EPU shocks (at least, in population). Since Uhlig’s approach is based on the
notion of extracting the shock which explains the maximum fraction of the forecast
error variance of a specific variable at at a specific horizon, if the EPU index were
uniquely driven by true policy uncertainty shocks, Uhlig’s approach would be able to
perfectly recover them (at least, asymptotically). Second, again as a matter of logic,
no Granger-causality of other variables onto the EPU is only a necessary, but not a
suﬃcient condition for the EPU to evolve exogenously, uniquely reflecting true policy
uncertainty shocks.17
Let’s now turn to the issue of the identification of EPU shocks.
Wald test for no Granger-causality I previously performed based on the actual data, thus building
up the empirical distribution of the Wald test statistic. Finally, based on such empirical distribution
I compute the p-values for testing the null of no Granger-causality.
16
I say ‘to a lesser extent’ because, as discussed by Gilchrist and Zakrajsek (2012), over the sample
period for which their EBP indicator is available (since the early 1970s) the BAA-AAA spread (i )
is sometimes weakly correlated with the EBP, and (ii ) it exhibits a weaker informational content
for the future evolution of real economic activity.
17
Intuitively, if EPU’s reduced-form innovations also reflect shocks other than pure policy uncertainty, treating them as structural policy uncertainty innovations is incorrect, thus implying, once
again, that there is no simple solution to the identification problem.
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2.2.2

Two alternative approaches to identification

For reasons of robustness, in what follows I adopt two alternative approaches to the
identification of EPU shocks.
Combining inertial and sign restrictions First, conceptually in line with Baker
et al.’s (2013) approach–which was based on the use of a Cholesky scheme, and of
several alternative orderings of the variables–the first identification strategy I use
combines inertial and sign restrictions (for the sake of simplicity, from now on I
will refer to this first approach as just ‘inertial restrictions’). I jointly impose the
zero and sign restrictions via the algorithm proposed by Arias, Rubio-Ramirez, and
Waggoner (2013), which allows for the imposition of sign restrictions conditional on
zero restrictions. Specifically, I consider three alternative identification schemes with
the following features.
Common features among the three schemes are that on impact (that is: within the
month) policy uncertainty shocks (i) have a non-negative impact on the EPU index,
and a non-positive impact on stock prices, whereas (ii) they do not have any impact
on either prices (and therefore inflation), industrial production, the unemployment
rate, or employment. Following the month of impact, on the other hand, all variables’
responses are left entirely unrestricted. Assumption (ii) is conceptually in line with
(e.g.) the way researchers such as Sims and Zha (2006) and Leeper and Roush (2003)
have identified monetary policy shocks: in the same way as it is reasonable to assume
that such shocks do not aﬀect prices and economic activity within the month, it is
equally reasonable to assume that the same holds true for policy uncertainty shocks.18
As for (i), the non-positive impact I impose on stock prices (which is a ‘jumping
variable’, and therefore ought to be allowed to react within the month) is motivated
both by simple logic, and by the fact that, for all countries considered herein, stock
market growth exhibits a remarkably strong negative correlation with EPU indices.19
The three schemes are distinguished by the alternative assumptions I make about
the impact response (or lack of) of credit growth and the central bank’s monetary
policy rate20 to policy uncertainty shocks. In the first scheme, both impacts at =0
are postulated to be equal to zero; in the second scheme, the impact response of
monetary policy rate is still restricted to zero, whereas the response of credit growth
18

Further, since (exactly as the two previously-mentioned papers) I am here working at the
monthly frequency, the problems plaguing inertial restriction discussed by Canova and Pina (2005)
most likely do not apply here, or are drastically reduced. It is important to keep in mind that
the problems highlighted by Canova and Pina (2005) have been systematically illustrated based on
DSGE models estimated (or calibrated) at the quarterly frequency. Whereas it is quite implausible to assume that a shock does not have any impact on some variables for an entire quarter, the
assumption of no impact within the month is much more reasonable.
19
I am not reporting this evidence for reasons of space, but it is available upon request.
20
Since I am here assuming no impact within the month of policy uncertainty shocks on prices (and
therefore on inflation), the response (or lack of) of the monetary policy rate to policy uncertainty
shocks is the same as the response of the ex post real rate.
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is allowed to be non-positive;21 in the third scheme, the monetary policy rate is also
allowed to have a non-positive impact response to policy uncertainty shocks.22
Finally, when, for the United States, I estimate VARs also including credit spreads,
I impose a zero response on impact of policy uncertainty shocks upon them. I do this
in order to make sure that identified policy uncertainty shocks are clearly disentangled
from shocks associated with financial market disruptions.
All sign restrictions are only imposed on impact, whereas for all months after
impact IRFs are left entirely unrestricted.
Results based on the three identification schemes are very similar, and, for reasons
of space, in what follows I will therefore uniquely discuss evidence based on the first
scheme, in which only the EPU index and stock prices are allowed to react to policy
uncertainty shocks on impact.23 The entire set of results is however available upon
request.
Uhlig’s (2003, 2004) ‘maximum fraction of forecast error variance’ approach The second identification strategy is based on the ‘maximum fraction of
forecast error variance’ (henceforth, FEV) approach to identification pioneered by
Uhlig (2003) and Uhlig (2004). I consider two alternative horizons–3- and 6-months
after the impact–and for each month in the sample period, and each draw from
the posterior distribution, I identify the policy uncertainty shock as the single shock
which explains the largest fraction of the FEV of the EPU index at that horizon.
In all cases, results results based on the two alternative horizons are very similar,
and in what follows I will therefore exclusively report results for the 6-months ahead
horizon. The entire set of results is however available upon request.
A caveat pertaining to Uhlig’s approach within the present context
Before proceeding to discuss the empirical evidence, it is necessary to mention an
important caveat pertaining to Uhlig’s approach within the present context. As
previously discussed, the fact that the other variables in the VARs systematically
Granger-cause EPU indices logically implies that these indices do not uniquely reflect
21

The rationale for imposing a non-positive response of credit growth is that the notion that a
positive shock to economic policy uncertainty may lead to a credit expansion appears as hardly
plausible.
22
Here the rationale is that it appears as hardly plausible that, in response to an exogenous
increase in economic policy uncertainty, the central bank may react by hiking the policy rate, thus
compounding the contractionary impact on the economy.
23
An important point to stress is that, if anything, results based on the other two schemes are
marginally even less favorable to the notion that policy uncertainty shocks may have played an
important role within the context of either the Great Recession or the Great Depression. So the
results I am reporting herein are those which, within the set of schemes based on inertial restrictions,
is giving its best shot to the notio that policy uncertainty may have played a non-negligible role.
In spite of this, as we will see shortly, results based on this approach strongly and uniformly reject
such a notion across the board.
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‘authentic economic policy shocks’, and are instead at least partly driven by other
types of structural disturbances (e.g., in principle, technology, monetary policy etc.).
This implies that if these other shocks did in fact play a sizeable, or in the limit even
a dominant role in driving fluctuations in EPU indices, Uhlig’s approach, by its very
nature, would mechanically tend to interpret such shocks as ‘true’ policy uncertainty
shocks, simply because they explain large fractions of indices’ FEV, thus distorting the
inference.24 The key point is that Uhlig’s approach is predicated on the assumption
that the shock under consideration explains a dominant fraction of the FEV of a
target series over, or at, a specific forecast horizon. Whereas such an assumption is
perfectly sensible for variables such as total factor productivity–which is why this
approch has become so popular within the ‘news shocks’ literature, see e.g. Barsky
and Sims (2011) and Kurmann and Otrok (2013)–the fact that it does, or does not
hold within other context depends on the specific issue which is being investigated.
Further, it may be legitimately conjectured that the role played by other shocks in
driving EPU indices might have been especially important within the context of the
Great Recession, a point which is implicitly recognized, e.g., by Bloom (2014), who,
in discussing the evolution of uncertainty during the Great Rceession, points out how
‘[t]he shocks initiating the Great Recession–the financial crisis and
the housing collapse–increased uncertainty. In particular, it was unclear
how serious the financial and housing problems were, or what their impact
would be nationally and globally, or what the appropriate policy responses
should be.’
This caveat should be kept in mind in interpreting the results produced by Uhlig’s
approach within the present context. For the United States, for which good indicators
of credit spreads are available, I will attempt to at least control for the role played
by credit shocks. For other countries, however, for which credit spreads indicators
with a reliability comparable to GZ’s EBP are not available, I will perform no such
control.
Let’s now turn to discussing the empirical evidence, starting from the Great Recession.

3
3.1

The Great Recession
Evidence based on inertial restrictions

Figures 4-12 report the evidence based on inertial restrictions.25
24

To illustrate this point in the starkest possible manner, consider the extreme case in which EPU
indices were entirely driven by shocks other than ‘true policy uncertainty’ shocks: in this case Uhlig’s
approch would still identify ‘policy uncertainty shocks’, which would however be entirely spurious.
25
In the figures’ captions, ‘ = 2’ indicates that these results are based on the first identification
scheme, in which only two variables (the EPU index and stock prices) are allowed to react to policy
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3.1.1

The volatility of policy uncertainty shocks

The first row of Figure 4 shows the medians and the 1- and 2-standard deviations
percentiles of the posterior distributions of the standard deviations of estimated policy
uncertainty shocks. Standard deviations have been normalized on EPU indices, which
represents the natural normalization.26 The key finding clearly emerging from the
four panels is that in no way evidence supports the notion that the Great Recession
has been ‘unusual’, having been characterized by especially large policy uncertainty
shock. Evidence that, under this respect, the Great Recession has been pretty much
indistinguishable from the rest of the sample is especially strong for the Euro area and
Canada, for which the median estimate is essentially flat over the sample period, and
it is just slightly less so for the United Kingdom, for which the median estimate points
towards some mild, and not significant increase since 2011. Median estimates for the
United States point towards some fluctuations, with a peak around 9/11, a subsequent
decrease, and then increases corresponding to the financial crisis. The extent of
uncertainty is however such that it is not possible to reject the null hypothesis that
there has been no variation during the sample period.27
3.1.2

The evolution of the sign pattern of the shocks

If during the Great Recession policy uncertainty shocks have not been larger than
usual, what about the notion that they may have been mostly contractionary? The
second row of Figure 4 reports evidence on this, by showing the smoothed fractions of draws from the posterior distribution for which policy uncertainty shocks
are estimated to have been positive. (Smoothing has been performed by computing a
3-months centered rolling moving average of the simple fraction.) Overall, evidence
provides very weak support to such a notion. In the Euro area, the United Kingdom,
and Canada shocks are estimated to have been mostly negative (that is, ‘benign’)
between early 2004 and the onset of the crisis, but in no way following August 2007
they do appear to have been mostly positive: rather their sign appears to oscillate
around 50 per cent. For the United States, evidence that shocks had been mostly
negative during the years leading up to the crisis is even weaker, whereas for the
period after the Summer of 2007 it is in line with that for the other three countries.
Although neither the volatility nor the sign pattern of policy uncertainty shocks
suggests that EPU may have played an important role within the context of the Great
Recession, the two key pieces of evidence, to which I now turn, are the fractions
uncertainty shocks on impact.
26
So, to be clear, for each month  in the sample, and for each draw  from the posterior distribution, the standard deviation of policy uncertainty shocks has been computed as the square root
of the last element of the column corresponding to the policy uncertainty shock in the structural
impact matrix 0 .
27
Evidence on this from a proper statistical test along the lines of the the bottom row in Figure
1 are available upon request. I do not report this for reasons of space, since the evidence in the top
row of Figure 2 is under this respect manifestly obvious.
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of series’ variance explained by these shocks, and the series’ counterfactual paths
obtained by killing oﬀ such shocks. As we will now see, both pieces of evidence
strongly point towards a minimal role played by such shocks.
3.1.3

The fractions of individual series’ variance explained by policy uncertainty shocks

Figures 5 and 6 report one of the paper’s main results. The figures show, for either
country, the medians and the 1- and 2-standard deviations percentiles of the posterior distributions of the fractions of individual series’ variance explained by policy
uncertainty shocks.28 Two main findings clearly emerge from the figures.
First, the role played by policy uncertainty shocks in driving aggregate fluctuations has been uniformly low–and most of the times very much so–both in terms
of median estimates, and in terms of the upper 90 per cent-coverage percentiles of
the posterior distribution. Some partial exceptions to this overall, consistent pattern
pertain to the EPU indices (this is especially clear for Canada), and, unsurprisingly,
to stock market growth (this is apparent for the United States and the Euro area,
less so for Canada). As for real activity indicators–which, given the extensive discussion of the role played by economic policy uncertainty within the context of the
Great Recession and its aftermath, are the key series one should focus her/his attention upon–evidence uniformly and strongly points towards a small to negligible role
across the board. This is especially clear for the United Kingdom, for which median
estimates of the fractions of variance for GDP and employment growth are essentially
flat around about 5 per cent for the entire sample period, and for Canada, for which
the median fractions for industrial production and employment growth are almost
always smaller than 10 per cent. As for the Euro area, median fractions for industrial
production growth oscillate between 4 and 8 per cent over the entire sample, with
the the 95th percentile of the posterior distribution being most of the time below
20 per cent. For the United States evidence of a non-negligible role of these shocks
is just marginally stronger, with (e.g.) the fraction for industrial producion growth
oscillating between 5 and 15 per cent over the entire sample.
Second, the Great Recession does not exhibit any obvious diﬀerence compared
to previous years. This is especially clear for the Euro area, the United Kingdom,
and Canada, whereas results for the United States are not entirely incompatible
with the notion of an increase in the role played by policy uncertainty shocks during
this episode. In particular, following the collapse of Lehman Brothers, the estimated
median fraction for the unemployment rate increased from below 10 per cent up to a
28

I prefer to report results for the fractions of individual series’ overall variance (as recovered
directly from the VAR estimates), as opposed to the forecast error variance, simply because the
former statistic is independent of a specific horizon. Results for the forecast error variance at
alternative horizons, however, are qualitatively the same as, and numerically close to those reported
in Figures 3 and 4. These results are available upon request.
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peak just shy of 20 per cent, whereas the 95th percentile of the posterior distribution
jumped from less than 20 per cent to around 50 per cent.
Let’s now turn to the single most important piece of evidence.
3.1.4

Counterfactual simulations kiling oﬀ policy uncertainty shocks

The panels in the first rows of Figures 7-10 show, for either country, the actual,
historical paths of the series entering the VARs, together with the medians and the
2-standard deviations percentiles29 of the posterior distributions of the counterfactual
series30 obtained by ‘killing oﬀ’ the identified policy uncertainty shocks starting from
August 2007, the month marking the beginning of the financial crisis.31 The corresponding panels in the second rows, on the other hand, show the medians and the 1and 2-standard deviations percentiles of the posterior distributions of the diﬀerence
between the counterfactual and the actual series. For the United States, Figure 7 also
reports, for industrial production and the unemployment rate, the medians from the
counterfactual simulations based on the 8-variables VAR also including GZ’s EBP
series (see the thick red lines).
Several results are readily apparent from the figures.
First, not for a single country, series, and month evidence point towards a statistically significant diﬀerence between actual and counterfactual series. Further, almost
always this is the case not only at the 2-standard deviations confidence level, but also
at the 1-standard deviation level, thus pointing towards a complete lack of statistical
support for the notion that policy uncertainty shocks have played a key role within
the context of the Great Recession.
Second, in most cases, median counterfactual paths are very close to, and sometimes almost indistinguishable from, the series’ actual historical paths, thus suggesting that lack of a statistically significant role of policy uncertainty shocks does not
originate from the fact that, in some cases, uncertainty is quite substantial. Rather,
it is simply the case the these shocks truly do not seem to have played much of a role.
The closeness between actual and median counterfactual paths is especially clear for
most real activity indicators and for inflation. In particular,
• for either the Euro area, the United Kingdom, or Canada, counterfactual paths
29

I do not report 1-standard deviations percentiles in order to avoid cluttering the figure.
For prices, industrial production, real GDP, employment, and stock prices I am showing annual
rates of growth in order to make the figures more intelligible. Since in the estimated VARs rates
of growth are computed as log-diﬀerences, for each draw from the posterior counterfactual annual
rates of growth are computed based on the relevant counterfactual month-on-month log-diﬀerence.
31
Qualitatively the same, and numerically very close results are obtained if (i ) the counterfactuals
are started at the month in which Lehman Brothers collapsed, or (ii ) policy uncertainty shocks
are killed oﬀ over the entire sample period. (These results are available upon request.) Intuitively,
the reason for this is that since, as discussed in the previous subsection, policy uncertainty shocks
explain very little of the variance of main macro series, results from counterfactual simulations are
essentially the same irrespective of when exactly one starts killing oﬀ such shocks.
30
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for either inflation, the unemployment rate, or the rates of growth of industrial
production, employment, and real GDP are almost uniformly indistinguishable
from the corresponding paths for the actual series. The only exception to this
is the Euro area unemployment rate, for which however, although actual and
median counterfactual paths can indeed be clearly distinguished, the diﬀerence
between them is negligible.
• As for the United States, based on the bencnmark 7-variables VAR the difference between actual and median counterfactual paths is small-to-negligible
up until the end of 2011, and it becomes instead non-negligible since then.
In particular, in the last month of the sample the median counterfactual unemployment rate is smaller than the actual rate by 1.2 percentage points. The
diﬀerence between the actual series and the medians of the counterfactual simulations however essentially disappears when we move to the results produced by
the 8-variables VAR including GZ’s EBP. This is especially clear for the unemployment rate, with the counterfactual median being almost indistinguishable
from the actual series–see in particular how, in the (2,2) panel of Figure 7, the
median of the posterior distribution of the diﬀerence between the counterfactual
paths and the actual one is essentially flat at zero. As for industrial production, there is indeed still some diﬀerence between the median counterfactual
and the actual paths, but it is almost uniformly negligible when compared to
the magnitude of the fluctuations of the series.
Both these results, and the previously discussed figures for the fractions of variance
explained by policy uncertainty shocks, point towards a sort of ‘parallel’ with the role
played by monetary policy shocks in macroeconomic fluctuations. A very robust result
produced by the literature on monetary VARs over the last two decades is indeed
that monetary policy shocks play a marginal role in macroeconomic fluctuations,
explaining negligible fractions of main series’ forecast error variance, and generating
counterfactual paths obtained by killing such shocks oﬀ which are very close to, and
statistically indistinguishable from, actual historical series. This is exactly what we
see here for policy uncertainty shocks identified based on inertial restrictions.
3.1.5

Impulse-response functions

Why have shocks identified via inertial restrictions played such a negligible role within
the context of the Great Recession? One possible explanation is simply that these
shocks do not have much of an impact on the economy, in the sense of inducing
small-to-negligible responses in the main macro variables. An alternative possibility
is that these shocks do in fact generate statistically significant responses in main
macro variables, but they have just not played much of a role within the context of
this particular episode. As we will now see, evidence for the four countries does not
point towards a single unified explanation: rather, the former possibility seems to hold
20

for the United Kingdom and Canada, whereas the latter one appears to accurately
describe the experience of the United States and the Euro area.
Figures 11 and 12 show, for the four countries, the medians and the 1- and 2standard deviations percentiles of the posterior distributions of the impulse-response
functions (henceforth, IRFs) of either series32 to a one-standard deviation positive
policy uncertainty shock for September 2008, the month of the collapse of Lehman
Brothers.33 Three main findings emerge from the two figures.
First, results for the United States are in line with those reported by Baker et al.
(2013, see their Section 5.2, and Figures 12 and 13), with identified policy uncertainty
shocks inducing statistically significant decreases in the rates of growth of industrial
production and credit, and a statistically significant increase in the unemployment
rate.34 The response of inflation, on the other hand, is small, essentially flat, and
statistically insignificant. Finally, the ex post real FED Funds rate exhibits a statistically significant decrease, with the trough being reached about one year and a
half after impact.35 This, together with the fact that inflation’s response is essentially muted, clearly suggests that the FED responds to policy uncertainty shocks by
cutting the FED Funds rate, in an attempt to cushion the economy from the contractionary impact of such shocks. The fact that these IRFs are in line with those
reported by Baker et al. (2013)–inducing, in particular, a statistically significant
fall in industrial production, and an increase in the unemployment rate–illustrate in
the starkest possible way that evidence such as that reported in their Figures 12 and
13 bears no implication for the issue of whether economic policy uncertainty has, or
has not played an important role within the context of the Great Recession. (To be
clear: Baker, Bloom, and Davis (2012) stress the limits of this evidence very explicitly,
pointing out how it is only suggestive of a possible role of policy uncertainty within
the context of the Great Recession.) Once again, there is a sort of ‘parallel’ with
monetary policy shocks, which do induce statistically significant falls in economic
activity, but play a minor role in macroeconomic fluctuations.
Second, at the other end of the spectrum, results for the United Kingdom and
Canada clearly suggest that, with the single exception of credit growth, policy uncertainty shocks do not have, within these countries, essentially any impact whatsoever
on main macro series. It is to be stressed, in particular, the small and statistically
32

In order to make the figures more easily readable, for inflation, and for the rates of growth of
industrial production, the credit aggregate, and stock prices I report the responses of annual growth
rates, rather then month-on-month growth rates. These responses have been computed by taking
12-month rolling averages of the IRFs for the month-on-month growth rates.
33
The IRFs exhibit little variation along the sample, so that IRFs for other months are very
similar to the ones shown herein (this evidence is available upon request). This largely stems from
the fact that, within the present context, the only source of time-variation originates from the VAR’s
covariance matrix.
34
The IRFs produced by the 8-variables VAR also including GZ’s EBP are in line with those
reported in Figure 11. This evidence is available upon request.
35
The negative response of stock prices on impact, on the other hand, has been imposed via the
sign restrictions.
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insignificant impact on employment in either country, on real GDP growth in the
United Kingdom, and on industrial production in Canada. Here the implication is
completely diﬀerent from the United States, with policy uncertainty having played
no role within the context of the Great Recession simply because these shocks have
essentially no impact on the economy in general. As we will see in the next subsection, this is a robust finding, as it also holds based on Uhlig’s methodology. These
results are important because they show that the common presumption that policy
uncertainty shocks have a negative impact on the economy, inducing increases in the
unemployment rate and decreases in industrial production, is unwarranted. Although
this clearly seems to be the case for the United States, as the results reported in
Figure 12 clearly show, this is not the case in general.
Third, as for the Euro area results are ‘in between’, with decreases in the rates of
growth of industrial production and credit aggregates, and an increase in the unemployment rate, which are weaker than for the United States, and barely statistically
significant for just a few months. The response of inflation is still essentially muted.
Notably, the ECB’s monetary policy rate exhibits no statistically significant decrease
i reponse to the shock, thus highlighting the stark contrast with the more activist
and ‘muscular’ response of the FED.
Let’s now turn to the alternative set of results produced by on Uhlig’s methodology.

3.2

Evidence based on Uhlig’s approach

Figures 13 to 21 report the corresponding evidence based on Uhlig’s approach. Rather
than discussing all of the figures in detail as I did for the previous set of results, I
will here instead start by briefly mentioning the results which are in line with those
produced by inertial restrictions, and I will then proceed to analyze more extensively
those exhibiting the most significant diﬀerences.
3.2.1

Similarities with the results produced by inertial restrictions

Neither the standard deviations of policy uncertainty shocks, nor the fractions of
draws from the posterior for which they are estimated to have been positive exhibit
large, obvious diﬀerences with respect to the corresponding set of results based on
inertial restrictions. The only (minor) exception to this pattern is represented by the
standard deviation of U.S. shocks, which exhibits less econometric uncertainty, and
more time-variation, compared to the corresponding one in Figure 4. In particular,
the ‘spikes’ associated with 9/11, and with the period between August 2007 and
September 2008, are more clearly defined than in Figure 4.
By the same token, the pattern of the IRFs reported in Figures 20-21 is remarkably similar to that of the corresponding IRFs shown in Figures 11-12, with several
statistically significant responses for the U.S., essentially muted reactions for the U.K.
and Canada, and some weak evidence of a response for the Euro area.
22

Turning to counterfactual simulations, results for the United Kingdom (Figure 18)
are qualitatively the same as those based on inertial restrictions shown in Figure 9, and
are in fact often numerically very close. This is especially the case for inflation and for
the rates of growth of employment and industrial production. A qualitatively similar
picture emerges for Canada, with only small and statistically insignificant diﬀerences
for employment and industrial production in the trough of the Great Recession.
3.2.2

Substantive diﬀerences between the results produced by the two
approaches

Figures 14 and 15 show, for either country, the median and the 1- and 2-standard
deviations percentiles of the posterior distributions of the fractions of individual series’ variance explained by policy uncertainty shocks. A comparison with the corresponding set of results shown in Figures 5 and 6 highlights a fundamental diﬀerence
between the results produced by the two identification schemes, with those based on
Uhlig’s approach being systematically characterized by larger fractions of variance
explained by these shocks across the board. Focusing on median estimates, evidence
is especially stark for the Euro area, for which the estimated fractions of variance
vary almost uniformly between 30 and 50 per cent for all series except the EPU index itself, compared to the much lower fractions–almost always lower than 10 per
cent–reported in the bottom row of Figure 5. By the same token, whereas the median fractions for the United Kingdom and Canada reported in Figure 6 were almost
uniformly negligible, the corresponding evidence in Figure 15 points towards a much
greater importance played by these shocks, with median estimated fractions oscillating in most cases around 30 per cent. Evidence for the United States is qualitatively
the same, although it appears to exhibit a greater extent of variation than for the
other three countries.
A comparison between Figure 17 and the corresponding results in Figure 8 paints
a mixed picture, with substantive diﬀerences between the two sets of results for the
unemployment rate and credit growth, and small-to-negligible diﬀerences for other
series (I am here ignoring the EPU index itself). The unemployment rate, in particular, would have been systematically lower than in the counterfactual based on
inertial restrictions, with the diﬀerence between the counterfactual and actual series
being now most of the time almost significant at the 10 per cent level. Also, the median diﬀerence between counterfactual and actual reaches, at the end of the sample,
-1.6/1.7 per cent, which is not a negligible magnitude.
The single most important diﬀerence between the two sets of results pertains
however to the counterfactuals for the United States. Starting from those based on
the 7-variables VAR excluding GZ’s EBP, the diﬀerence between the counterfactual
and actual paths for the unemploymenr rate, which in Figure 7 was never statistically
significant at conventional levels, is now instead almost uniformly significant at the 10
per cent level. Further, the median diﬀerence between counterfactual and actual paths
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has been oscillating between -2 and -3 per cent since early 2009, reaching the value
of exactly -3 per cent at the end of the sample. These results suggest that absent
policy uncertainty shocks, first, the Great Recession would have been significantly
milder, with a peak in the unemployment rate (based on median estimates) of 7.4
per cent, instead on the actual historical one of 10.0 per cent; and second, that in
the most recent months the unemployment rate would have been around its natural
level (estimated at about 5-5.5 per cent), and possibly even below it. Results for
industrial production are just slightly less strong. Whereas the results in Figure were
uniformly statistically insignificant, now the diﬀerence between the counterfactual
and actual paths is strongly statistically significant for the entire period between
August 2007 and the early months of 2010, with a median counterfactual trough
equal to -4.9 per cent, as opposed to the actual trough of -16.3 per cent. Although the
diﬀerence between counterfactual and actual paths had become insignificant between
early 2010 and the second half of 2012, it has become once again significant over
the subsequent period, reaching a median value just above 5 per cent at the end of
the sample. Equally notable are the results for credit growth, which are now highly
statistically significant, and point towards a signficatly higher counterfactual path,
reaching a median trough of -7.2 per cent as opposed to the actual one of -22.2
per cent. Qualitatively the same results hold for stock prices growth, with a median
counterfactual trough of -23.5 per cent, as opposed to the actual one of -55.4 per cent.
For inflation, on the other hand, the diﬀerence between counterfactual and actual
paths is never statistically significant, and based on median estimates is uniformly
small. In turn, this implies that the significantly higher counterfactual path for the ex
post real rate–thus implying a uniformly stricter monetary policy stance–is mostly
driven by a higher path for the FED Funds rate, which absent policy uncertainty
shocks does not have to be cut to such an extent to cushion the economy. Evidene is
even stronger based on the 8-variabls VAR including GZ’s EBP. Focusing, for brevity’s
sake, on the unemployment rate, the median counterfactual path is uniformly lower
than the corresponding one produced by the 7-variables VAR from August 2007 until
the end of 2011, whereas it is instead very close to it over the most recent period.

3.3

Why are some of the results produced by Uhlig’s approach so diﬀerent?

Taken literally, the results for the United States suggest that, absent policy uncertainty shocks, there would have been no Great Recession to speak of. Results based
on the 8-variables VAR are especially stark, with a median counterfactual peak in the
unemployment rate equal to just 6.7 per cent reached in November 2010. This raises
the obvious question of why some of the results obtained via Uhlig’s approach are
so diﬀerent from those produced by inertial restrictions. In the light of the previous
discussion of the caveats pertaining to Uhlig’s approach within the present context
(see Section 2.2.2), one possibility is that Baker et al.’s EPU indices have historically
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been driven, to a large or even dominant extent, by some of the very same non-policy
uncertainty shocks which caused the Great Recession (e.g., first and foremost, credit
market disruptions). Under these circumstances, Uhlig’s approach would automatically identify these disturbances as policy uncertainty shocks, thus spuriously giving
the impression that policy uncertainty is more important than it actually is. A second
possibility is simply that the Great Recession has been caused by a combination of
diﬀerent types of mutually orthogonal contractionary shocks, e.g. policy uncertainty
shocks and credit market disturbances. Under these circumstances, not controlling
for these other shocks would once again spuriously increase the estimated importance
of policy uncertainty.
The crucial role played by credit market disturbances within the context of the
Great Recession points towards the need to control, first and foremost, for this type
of shocks. Figures 22 and 23 provide support to the notion that, within the present
context, Uhlig’s methodology may erroneously identify some credit market disturbances as policy uncertainty shocks. As the left-hand side panel of Figure 22 shows,
once demeaned and standardized, the U.S. EPU index exhibits an often strong correlation with GZ’s EBP. In particular, the correlation is very strong during the period
between the early 2007 and the collapse of Lehman Brothers, whereas it has significantly weakened since then, with the EBP markedly decreasing, and EPU remaining
instead mostly high. The four right-hand side panels provide statistical evidence on
this, by showing, for four alternative horizons, the medians and the 1- and 2- standard deviations percentiles of the posterior distributions of the correlation coeﬃcients
between the two series’ forecast errors, as computed, at each point in time, based on
the estimated 8-variables VAR. Based on median estimates, the correlation is almost
uniformly positive over the entire sample period, but at the same it is typically not
significantly diﬀerent from zero at conventional levels. The only exception is the period between August 2007 and early 2010, when it becomes very strongly significant
at all horizons, reaching, based on median estimates, peak values between 0.6 and
0.8. This suggests that Uhlig’s methodology will tend to confuse the two types of
shocks, with the problem being especially serious during the Great Recession. Figure
23 provides additional evidence on this, by showing the actual series entering the
8-variables VAR, together with the medians and 1- and 2- standard deviations percentiles of the posterior distributions of the counterfactual paths obtained by killing
oﬀ policy uncertainty shocks (in the top row) and EBP shocks (in the bottom row),
respectively. The two types of shocks have been independently identified based on
Uhlig’s methodology as previously described. Specifically, the EPU shock has been
identified exactly as in Section 3.2, with the only diﬀerence that I am here using the
8-variables VAR, rather than the 7-variables one. The EBP shock has been identified
in a symmetrical way, by maximizing the fraction of explained FEV of the EBP at the
6 months horizon. In spite of the two shocks having been independently identified,
first, they generate often remarkably similar counterfactual paths; and second, each
of them drives the other shock’s target variable to a significant extent. In particular,
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killing oﬀ policy uncertainty shocks almost entirely wipes out the large jump in the
EBP associated with the Great Recession.

3.4

Controlling for credit spread shocks

I now proceed to control for credit market disturbances via two alternative approaches. As we will see, the two approaches produce similar results, which provides
reassurance on their reliability.
3.4.1

Results based on a ‘modified Uhlig-type approach’

My goal is to identify policy uncertainty and credit shocks which (i) explain as much
as possible of the FEV of the EPU and EBP indices, respectively, at the 6 months
horizon, but crucially (ii) explain as little as possible of the FEV of the other target
series (the EBP and the EPU, respectively), so that the two shocks are disentangled
as much as possible. This can be accomplished by extracting shocks which maximize
the diﬀerence between the fraction of explained FEV of the target series and the
corresponding fraction of explained FEV of the other series.36
Implementing the identifying restrictions Diﬀerent from Uhlig’s ‘standard’
approach, the identifying restriction used herein cannot be formulated as a straightforward eigenvalue-eigenvector problem (as least, I was not able to formulate it in
this way), and requires instead numerical optimization methods. Given the VAR(p)
model37
0
 = 0 + 1 −1 +  +  − +  ,
[  ] = Ω
(10)
with the moving-average representation  = [(1)]−1 0 + [()]−1  ≡ () ,
where () ≡  − 1  −  −   , and () ≡  + 1  + 2 2 + 3 3 + ,
identification boils down to finding a mapping between the reduced-form forecast
0
errors, the  , and the structural shocks, the  , such that  = 0  , with 0 0 = Ω.
0
In turn, since, given a matrix ∗0 such that ∗0 (∗0 ) = Ω, and an orthonornal matrix
0
 such that 0 = , the matrix 0 = ∗0  also satisfies 0 0 = Ω, the search for 0
0
boils down–for a given starting matrix ∗0 satisfying ∗0 (∗0 ) = Ω (e.g., the Cholesky
factor of Ω)–to finding an appropriate orthonormal matrix . For a given starting
0
structural impact matrix ∗0 satisfying ∗0 (∗0 ) = Ω, I define the orthonormal matrix
 as the product of all of the available rotation matrices  (  ), where 2 ≤  ≤ 
is the dimension of the square sub-matrix along the diagonal of  (  ) containing
the sin( ) and cos( ) functions. For example, if  were equal to 4–so that the VAR
36

So, to be clear, (e.g.) the policy uncertainty shock is extracted by maximizing a criterion
function which is equal to the diﬀerence between the fraction of explained FEV of the EPU index
and the fraction of explained FEV of the EBP index.
37
I am here considering a time-invariant VAR in order to simpify the exposition.
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only contained 4 variables–there
⎡
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would be three rotation matrices with  = 2:
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⎢ 0 1
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0
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3 (3  ) = ⎢
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By the same token, there would be two rotation matrices with  = 3, and one with
 = 4, for a total of six. In our case, with  = 8, the overall number of available
rotation matrices is 28, and  is defined as
=

 −+1
Y
Y

=2

 (  )

(12)

=1

Then, I search, over the parameter space, for those specific values of the rotation
angles (that is, the  ’s) that minimize the criterion function. Although obviously not
as fast as the standard Uhlig methodology–which, being based on the eigenvalueeigenvector decomposition, is performed essentially ‘in zero time’–numerical optimization is quite fast, and with  = 8 takes, on average, about 25 seconds. Minimization was performed via MATLAB’s routine fminsearch.m, for random initial
conditions.38
Evidence Figures 24-26 report the evidence. Figures 24 and 25 show results from
counterfactuals in which the identified shocks to GZ’s EBP and the EPU indices,
respectively, have been killed oﬀ, whereas Figure 26 shows the IRFs to the two shocks
for the month of the collapse of Lehman Brothers. Several findings ought to be
stressed:
first, the two disturbances appear to have been eﬀectively disentangled. In particular, killing oﬀ the EPU shock has a negligible impact on the counterfactual path for
the EBP (see the two panels in the last column of Figure 25), thus clearly suggesting
that the identified policy uncertainty shocks have not been ‘contaminated’ by credit
market disturbances. Interestingly, the opposite is only partly true: killing oﬀ EBP
shocks has a statistically significant negative impact on the EPU index for the entire
38

Since identification of the shocks is here based on numerical minimization of a criterion function,
rather than on a matrix decomposition, the reader may have a legitimate question: ‘How strong
is identification? Is the criterion function unimodal, bimodal, or what?’. As I discuss in Benati
(2014), Monte Carlo experiments I have run clearly show that this numerical minimization-based
methodology is remarkably precise and reliable.
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period up to mid-2009. This suggests that a non-negligible portion of the fluctuations
of the U.S. EPU index during the Great Recession has been driven by credit market
disturbances. This is conceptually in line with both the results from tests for no
Granger-causality of other series onto the U.S. EPU index reported in Table 1, and
the results from counterfactual simulations reported in Figure 23.
Second, although the uncertainty is quite substantial, evidence suggests that policy
uncertainty shocks did indeed play a role within the context of the Great Recession.
Focusing on the unemployment rate and industrial production, the diﬀerences between the counterfactual and actual paths shown in the second and third columns of
Figure 25 are statistically significant for the most virulent phase of the Great Recession, up to the second half of 2009, and based on median estimates are not negligible.
The median diﬀerence for industrial production reaches a peak of almost 10 per cent
in the first half of 2009, whereas the corresponding median diﬀerence for the unemployment rate has been oscillating between -1 and -2 per cent since early 2009,
being equal to -1.6 per cent at the end of the sample. As usual, results are instead
statistically insignificant, and based on median estimates negligible for inflation. Results for credit growth are both qualitatively and quantitatively in line with those
for industrial production, whereas those for stock prices are weaker, and statistically
insignificant. Finally, results for the ex post real rate are uniformly insignificant, but
median estimates point towards a marginally more expansionary monetary policy
stance in the absence of policy uncertainty shocks.
Third, the corresponding counterfactuals for EBP shocks are broadly qualitatively
in line with those for EPU shocks, but they are uniformly weaker from a statistical
point of view. For example, for industrial production the diﬀerence between counterfactual and actuals paths is never statistically significant, and based on median
estimates it has been essentially negligible since early 2011. By the same token, the
diﬀerence between counterfactual and actuals paths for the unemployment rate has
been significant only up to mid-2009, and based on median estimates it has become
progressively smaller, being essentially equal to zero at the end of the sample.
Fourth, the IRFs to EPU shocks are very similar to those produced by the approach based on inertial restrictions (see Figure 11), generating statistically significant
decreases in the rates of growth of industrial production, credit, and (marginally)
stock prices, a fall in the ex post real rate, and an increase in the unemployment
rate. Interestingly, these shocks also generate a statistically significant increase in
the EBP. This result ought however be put into context: as the counterfactual in the
last column of Figure 25 shows, EPU shocks have played a negligible role in driving
fluctuations in the EBP (at least, since August 2007). IRFs to EBP shocks are, once
again, broadly qualitatively in line with those to EPU shocks, but their statistical
significance is uniformly weaker, to the point that in fact they are often not significant
at conventional levels.
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3.4.2

Combining Uhlig’s approach with a zero restriction on impact on
the EBP

Following Caldara, Fuentes-Albero, Gilchrist, and Zakrajsek (2013), the second approach I use in order to control for credit shocks combines Uhlig’s approach with a
zero restriction on the EBP. Specifically, policy uncertainty shocks are identified based
on the restriction that they explain the maximum fraction of FEV of the EPU index
at the 6 months horizon, conditional on leaving the EBP unchanged on impact.39
Figure 27 reports results for the counterfactual simulations in which we kill oﬀ
the identified shocks, whereas Figure 28 shows the IRFs to these shocks. As for the
IRFs, the key point to stress is their close similarity to those produced by the ‘modified Uhlig procedure’ shown in the top row of Figure 26. As for the counterfactual
simulations, results are here weaker, in terms of statistical significance, than those
based on the alternative approach reported in Figure 25, but from a qualitative point
of view they are broadly in line with them. Once again, killing oﬀ the EPU shock
has a negligible impact on the EBP, thus suggesting that EPU shocks have not been
here contaminated by credit disturbances. Looking at the median diﬀerence between
counterfactual and actual paths, results are slightly weaker than those based on the
alternative approach for industrial production. As for the unemployment rate, although the time profile is diﬀerent from that in Figure 25, the diﬀerence between the
median counterfactual and actual paths at the end of the sample is once again in the
ballpark of -2 per cent.
3.4.3

Summing up

The two approaches I use in order to control for the impact of credit shocks paint
an overall consistent picture, with the identified policy uncertainty shocks causing
statistically significant decreases in real economic activity and credit and stock prices’
growth, an increase in the unemployment rate, and a loosening of the monetary
policy stance. As for the role played by these shocks within the context of the Great
Recession, abstracting from the unavoidably large extent of uncertainty,40 my results
suggest that, absent policy uncertainty shocks, the level of real economic activity
would have been somehow higher, corresponding to an unemployment rate about two
percentage points lower than the actual figure during the most recent period.
Let’s now turn to the role played by EPU shocks in the United States within the
context of the Great Depression.
39

From a technical point of view, this is implemented via the same numerical minimization-based
approach used in the previous sub-section, by appropriately modifying the criterion function, and
imposing the zero impact on the EBP via a single deterministic rotation.
40
I say ‘unavoidably large’ because the sample period is comparatively short, I am here working
with eight series, and on top of this I have stochastic volatility, which, ceteris paribus, increases
uncertainty.
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4

The Great Depression in the United States

If there is an historical episode in which EPU might be expected to have played a
non-negligible role, this is the Great Depression in the United States. From Herbert
Hoover’s misguided policy activism during the years immediately following the Wall
Street crash (in particular, his attempts to balance the budget by raising taxes and
cutting public expenditure while the economy was collapsing); to the huge policy
uncertainty created by Franklin Roosevelt with his March 1933 radical change in
regime (the abandonement of the balanced-budget orthodoxy; a large expansion in
public expenditure; a de facto takeover of the FED, which allowed him to pursue
a very expansionary monetary policy, characterized by a commitment to reflate the
price level; and the abandonment of the gold parity as a primary objcetive of monetary
policy); to the ‘mistake of 1937’, and the subsequent relapse into recession, the years
following the 1929 stockmarket crash were characterized by a dramatic increase in
EPU, which lasted until the end of the 1930s (see Figure 1). In spite of this, as we
will now see, empirical evidence clearly suggests that the role played by EPU within
the context of the Great Depression was essentially negligible.
Figures 29 to 37 report results based on exactly the same methodology we saw
before for the United States during the Great Recession. The first panel of Figure
29, showing the VAR’s TPV, provides evidence on the extreme volatility which had
characterized the interwar period, which started very high during the deep recession
which marked the aftermath of WWI; it remained comparatively low during most of
the Roaring 1920s; it skyrocketed following the Wall Street crash, reaching a peak
around the time of Franklin Roosevelt’s inauguration as President; and it significantly
decreased over the rest of the sample. Such a pattern naturally suggests that not
having stochastic volatility in the VAR would likely produce distorted results, an issue
we will explore in the next Section. In line with the wide fluctuations in the TPV,
the evidence in the second column points towards a hump-shaped evolution of the
volatility of EPU shocks, which is especially apparent based on Uhlig’s methodology.
The evolution of the sign pattern of EPU shocks, on the other hand, does not exhibit
any peculiar pattern.
The evolution of the fractions of series’ variance explained by EPU shocks (Figure
30) is broadly qualitatively in line with the analogous evidence for the post-WWII
period, with the fractions being typically quite low based on inertial restrictions, and
somewhat higher based on Uhlig’s methodology. Contrary to what we might have
expected, the period following the Wall Street crash had not been characterized by
any systematic increase in the role played by EPU shocks in explaining fluctuations
in the series. This is the first key piece of evidence against the notion that EPU might
have played an important role during the Great Depression.
Strong additional corroborating evidence along the same lines is provided by Figures 31-32 and 34-35. In particular, results from counterfactual simulations based on
either inertial restrictions (Figure 31) or Uhlig’s standard approach (Figure 32) are
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never statistically significant, most of the times even at the one-standard deviation
confidence level. Focusing on the median of the diﬀerence between counterfactual
and actual series for industrial production and employment growth, in particular, the
following ought to be stressed. First, the seven- and eight-variables VARs produce
qualitatively similar, and quantitatively not too dissimilar results. Second, although
the absolute values of the median diﬀerences reach maximum values around 10-20 per
cent, these diﬀerences pale compared to the sheer enormity of interwar fluctuations.
This clearly emerges from a comparison between the second and first rows of Figures
31 and 32: whereas the medians in the second row would seem to suggest large diﬀerences between actual and counterfactual paths, in the first rows of the two figures it is
sometimes diﬃcult to distinguish the actual rates of growth of industrial production
and employment from the median counterfactual paths. Third, a key problem for
the notion that EPU may have contributed to the severity of the Great Recession is
that, as the bottom rows of Figures 31 and 32 show, the diﬀerences between counterfactual and actual paths for industrial production and employment growth ‘go the
wrong way’, as, for either series, the median counterfactual path absent EPU shocks
is typically lower than the actual path. So the bottom line here is that even Uhlig’s
standard approach does not provide any support whatsoever to the notion that the
Great Depression may have been exacerbated by large increases in EPU.
The evidence in Figure 33 (which is qualitatively the same as that reported in Figure 22 for the post-WWII period) suggests that for the Great Depression–diﬀerent
from the Great Recession–Uhlig’s methodology should have much less of a problem in disentangling EPU and credit shocks. Even based on the ‘eyeball metric’,
indeed, the correlation between the EPU index and the BAA-AAA spread appears as
weaker than the corresponding correlation between the EPU and GZ’s EBP indices
for the post-WWII period. Indeed, this is confirmed by the correlations between
the forecast errors, which are small and consistently insignificant. In spite of this,
which suggests that the results based on Uhlig’s standard methodology likely do not
suﬀers from significant distortions, Figures 34 and 35 report result from counterfactual simulations and IRFs for March 1933, respectively, based on Uhlig’s ‘modified
methodology’, whereas Figures 36 and 37 report the analogous set of results based on
the alternative approach combining Uhlig’s methodology with a zero restriction on
impact on the BAA-AAA spread. Results from counterfactual simulations are consistent with those based on either inertial restrictions, or Uhlig’s standard’s approach,
and clearly suggest that EPU shocks did not play any significant contractionary role
within the context of the Great Recession. An important point to stress here is that
a comparison between the first and the last panels in the first rows of Figures 34 and
36 provides reassurance about the fact that EPU shocks have indeed been eﬀectively
disentangled from credit market shocks: whereas killing oﬀ identified EPU shocks
produces significantly diﬀerent, and lower paths for the EPU index based on either
approach, it has virtually no impact on the BAA-AAA spread. The IRFs shown in
Figures 35 and 37 provide further insights into the lack of a significant role played by
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EPU shocks during the Great Depression: as the figures show, EPU shocks have no
impact on almost anything, with the limited exception of industrial production (but
only on impact), and of credit growth at very short horizons, which is analogous to
what we previously saw for the United Kingdom and Canada within the context of
the Great Recession.

5

Does Stochastic Volatility Play an Important
Role?

Let’s now turn to the role played by stochastic volatility. Figures 38 to 42 report,
for either country, results from counterfactual simulations in which I have killed oﬀ
identified EPU shocks. All simulations have been performed based on the same,
previously considered identification schemes, with the only diﬀerence that here the
estimated VARs do not feature stochastic volatility.41 Specifically, Figures 38 and 42
show, for the United States within the context of the Great Recession and the Great
Depression, respectively, counterfactual simulations based on 8-variables VARs, and
based on either of the two modifications of Uhlig’s standard approach I used in
Sections 3.4.1 and 3.4.2, respectively.42 Figures 39 to 41 show, for the Euro area, the
U.K., and Canada, respectively, counterfactuals based on either inertial restrictions
(with only stock prices allowed to respond to EPU shocks within the month), or
Uhlig’s standard methodology applied to the EPU.
For the United States during the Great Recession, based on either identification
approach evidence of a possible role played by EPU shocks is weaker than that based
on VARs with stochastic volatility reported in Figures 25 and 27. In particular, for
each single variable (with the obvious exception of the EPU index) not only the
counterfactual path is statistically indistinguishable from the actual historical path,
but in most cases the median counterfactual path is also remarkably close to the actual
path. For the unemployment rate, in particular, the median counterfactual path is
nearly visually indistinguishable from the actual path until the end of 2011, and only
during the later part of the sample they diverge, reaching a maximum diﬀerence of
about 0.8 percentage points.
Results for the Euro area are slightly stronger than those reported in Figures 8
and 17. In particular, based on Uhlig’s approach the diﬀerence between counterfac41

In order to make the results of this section as comparable as possible to those we considered
previously, in all cases results are based on Bayesian VARs estimated as in Uhlig (2005). In particular, I exactly follow Uhlig (2005) under all respects: distributional assumptions, priors, etc.. For
details, see Uhlig’s (2005) appendix.
42
The reasons why, for the U.S., I only show results based on either of the two modifications to
Uhlig’s standard procedure are that (i ) results based on inertial restrictions are the same as usual
(that is, nothing much happens), and (ii ) for the reasons I previously discussed, results based on
the standard Uhlig standard methodology are likely distorted by the problems this approach has in
disentangling EPU and credit shocks.
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tual and actual unemployment rates is now almost uniformly statistically significant
(based on inertial restrictions, on the other hand, it is still insignificant and, based on
median estimates, quite small). It is important to stress, however, that for all other
variables (with the exception of credit growth), the diﬀerence between median counterfactual and actual paths is still negligible (see, in particular, industrial production
growth ). Results for the United Kingdom are in line with those we saw in Figures
9 and 18: based on either identification scheme, EPU shocks are estimated to have
played essentially no role within the context of the Great Recession, with the partial
exception of credit growth. Finally, results for Canada point towards some diﬀerence
compared to those reported in Figures 10 and 19. In particular, absent EPU shocks
employment growth would have been often higher, and by non-negligible amounts,
compared to the actual historical path.
Turning to the United States during the Great Depression, evidence based on
either of the two modifications to Uhlig’s approach clearly suggests, once again, that
EPU shocks played a uniformly negligible role, which is exactly in line with the
previously discussed results based on VARs with stochastic volatility. So, although
the evolution of the TPV shown in the first panel of Figure 29 suggests that having
stochastic volatility in the VAR is key in order to be able capture the dramatic
fluctuations in volatility which had characterized the interwar era, this does not
appear to be the case for the role played by EPU. The likely explanation is that
such role had been so small, compared to that of the shocks which drove the Great
Depression episode, that at the end of the day having, or not having stochastic
volatilty in the VAR does not make any substantive diﬀerence.

6

Conclusions

In this paper I have used Bayesian structural VARs with stochastic volatility, and
two alternative identification strategies, in order to explore the role played by policy
uncertainty shocks within the context of the Great Recession in the United States,
the Euro area, the United Kingdom, and Canada, and during the Great Depression
in the United States.
Shocks identified via three alternative inertial restrictions schemes along the lines
of Baker, Bloom, and Davis (2013) played a uniformly marginal role in either country,
and during both episodes. In particular, (i) these shocks explain negligible fractions
of main macroeconomic series’ variance, and (ii) the counterfactual paths obtained
by killing them oﬀ are statistically indistinguishable from the actual series.
An alternative identification strategy in the spirit of Uhlig (2003, 2004) produces
qualitatively the same results for the U.S. Great Depression. As for the Great Recession, it produces qualitatively the same results for the U.K. and Canada; some
minor diﬀerences for the Euro area; and statistically significant and economically
non-negligible diﬀerences for the U.S., with (e.g.) the counterfactual unemployment
rate being systematically lower than the actual historical path. I argue that this partly
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originates from the strong correlation between Baker et al.’s policy uncertainty index
and credit spreads during the U.S. Great Recession: two alternative ways of controlling for shocks to Gilchrist and Zakrajsek’s ‘excess bond premium’ produce very
similar results, suggesting that, absent policy uncertainty shocks, the U.S. unemployment rate would have recently been about 2 percentage points lower.
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A

The Data

Here follows a detailed description of the dataset.

A.1

Economic policy uncertainty indices

All indices of overall EPU are from Baker, Bloom, and Davis (2013), and they have
downloaded from http://www.policyuncertainty.com. The website contains countryspecific policy uncertainty indices for the United States (since January 1985), the
United Kingdom (since January 1997), and Canada (since January 1990). As for
the Euro area, it contains country-specific indices for Germany , France, and Italy
(all of them since January 1997), and Spain (since January 2001). In order to construct a synthetic policy uncertainty index for the Euro area I have therefore proceeded as follows. For the period between January 1997 and December 2000, I have
taken the ‘aggregate’ of Germany, France, and Italy as a proxy for the entire Euro
area, and I have aggregated the three respective country-specific indices into a synthetic Euro-area index using as weights the fractions of each country’s nominal GDP
(expressed in Euros) in the three-countries aggregate nominal GDP. In order to do
this, I used country-specific series for quarterly, seasonally adjusted nominal GDP expressed in Euros from the OECD’s Main Economic Indicators database–specifically,
DEUGDPNQDSMEI (‘Current Price Gross Domestic Product in Germany, Billions
of Euros’), FRAGDPNQDSMEI (‘Current Price Gross Domestic Product in France,
Billions of Euros’). and ITAGDPNQDSMEI (‘Current Price Gross Domestic Product
in Italy, Billions of Euros’). As for the period since January 2001, I have used exactly
the same methodology, but this time I have applied it to the ‘aggregate’ of Germany,
France, Italy and Spain (as for Spain, the corresponding series is ESPGDPNQDSMEI,
‘Current Price Gross Domestic Product in Spain, Billions of Euros’). An important
point to stress is that, for the Euro area, data up until August 2001 are uniquely
used to calibrate the priors. This means that the entire estimation step here is being
performed based on a policy uncertainty index which has been constructed in a consistent way, by aggregating all of the four countries’ indices. As a result, although
sub-optimal–ideally, I would have preferred to use a proper policy uncertainty index
for the entire Euro area, computed by aggregating country-specific indices for all individual member countries–the solution adopted herein (i) has been constructed in
a consistent way along the estimation sample, which is what ultimately matters, and
(ii) since it pertains to the four largest countries, accounting for about 70 per cent of
Euro area GDP, it should be regarded as a good proxy for policy uncertainty at the
level of the entire Euro area.
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A.2
A.2.1

Macroeconomic data
United States

A monthly seasonally adjusted industrial production index (acronym is ‘INDPRO’)
is from the Board of Governors of the Federal Reserve System. A monthly seasonally
adjusted chain-type price index for personal consumption expenditures excluding food
and energy (‘PCEPILFE’) is from U.S. Department of Commerce: Bureau of Economic Analysis. A monthly series for the eﬀective Federal Funds rate (‘FEDFUNDS’)
is form the Board of Governors of the Federal Reserve System. A monthly series for
the Standard and Poor’s composite price index is from Robert Shiller’s website.
A.2.2

Euro area

A monthly seasonally adjusted industrial production index (‘STS.M.I6.Y.PROD.NS0020.4.000’,
Euro area 17, industrial production index, total industry, excluding construction) is
from Eurostat, and has been downloaded from the European Central Bank’s website.
A monthly seasonally adjusted harmonized index of consumer prices (‘ICP.M.U2.S.000000.3.INX’,
Euro area, HICP, overall index) is from the ECB’s database. The ECB’s policy rate
is from the ECB’s website. Before January 1999, I took, as proxy for an ‘average’
monetary policy rate at the level of the entire Euro area, the short rate from the
ECB’s dataset (once again, it is important to keep in mind data data before August
2001 are here uniquely used ion oredr to compute the priors). A monthly series for
stock prices (‘FM.M.U2.EUR.DS.EI.DJEURST.HSTA’, Euro area, Dow Jones Euro
Stoxx Price Index) is from the ECB’s database.
A.2.3

United Kingdom

A seasonally adjusted series for monthly interpolated real GDP is from the National
Institute of Economic and Social Research. A monthly seasonally unadjusted series for
the consumer price index (‘GBRCPIALLMINMEI’, consumer price index of all items
in the United Kingdom) is from the OECD’s Main Economic Indicators dataset, and
it has been seasonally adjusted via the ARIMA X-12 procedure as implemented in
EViews. A monthly series for the Bank of England’s monetary policy rate (‘INTDSRGBM193N’, discount rate for United Kingdom) is from the International Monetary
Fund’s International Financial Statistics database. A monthly series for stock prices
(‘SPASTT01GBM661N’, total share prices for all shares for the United Kingdom) is
from the OECD’s Main Economic Indicators dataset.
A.2.4

Canada

Monthly indices for industrial production (‘CANPROINDMISMEI’, production of
total industry), consumer prices (‘CANCPICORMINMEI’, consumer price index: all
items excluding food and energy), and stock prices (‘SPASTT01CAM661N’, total
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share prices for all shares) are from the OECD’s Main Economic Indicators dataset.
The industrial production and stock prices indices are seasonally adjusted. The consumer prices index, on the other hand, is seasonally unadjusted, and it has been
seasonally adjusted via the ARIMA X-12 procedure as implemented in EViews. A
monthly series for the Bank of Canada’s monetary policy rate (‘INTDSRCAM193N’,
discount rate for Canada) is from the International Monetary Fund’s International
Financial Statistics database.

B

Details of the Markov-Chain Monte Carlo Procedure

We estimate model (1)-(9) via standard Bayesian methods. The next two subsections
describe our choices for the priors, and the Markov-Chain Monte Carlo algorithm
we use to simulate the posterior distribution of the hyperparameters and the states
conditional on the data.

B.1

Priors

For the sake of simplicity, the prior distributions for the vectorized VAR coeﬃcients,
vec(), and the initial values of the stochastic volatilities, 0 , are postulated all to
be normal, and they are assumed to be independent both from each other, and from
the distribution of the hyperparameters. In order to calibrate the prior distributions
for vec() and 0 we estimate a time-invariant version of (1) based on the first 10
years of data, and we set
() ∼  [  Σ ]
(B1)
where  and Σ are given by vectorized OLS estimates of the VAR coeﬃcients in
(1), and by their estimated covariance matrix (see Luetkepohl (1991)).
As for 0 , we proceed as follows. Let Ω̂ be the estimated covariance matrix of 
from the time-invariant VAR, and let  be its lower-triangular Cholesky factor–i.e.,
 0 = Ω̂ . We set
ln 0 ∼ (ln 0  10 ×  )
(B2)
where 0 is a vector collecting the logarithms of the squared elements on the diagonal
of . As stressed by Cogley and Sargent (2005), ‘a variance of 10 is huge on a
natural-log scale, making this weakly informative’ for 0 .
Turning to the hyperparameters, we postulate  to be normally distributed with
a ‘large’ variance,
 () = (0, 10000·(−1)2 )
(B4)
Finally, as for the variances of the stochastic volatility innovations, we follow Cogley
and Sargent (2002, 2005) and we postulate an inverse-Gamma distribution for  2 ≡
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Var(  ):
 2

B.2

µ

10−4 1

∼ 
2 2

¶

(B5)

Simulating the posterior distribution

We simulate the posterior distribution of the hyperparameters and the states conditional on the data via the following MCMC algorithm, which combines elements of
Clark (2011) and Cogley and Sargent (2005). In what follows,  denotes the entire
history of the vector  up to time –i.e.  ≡ [01 , 02 , , 0 ]0 –while  is the sample
length.
(a) Drawing the elements of  Conditional on   , , and   , we draw the
VAR’s slope coeﬃcients  based on the formulas for the posterior distribution of
vec() found in Clark (2011) and previously reported in the text as equations (2)
and (3).
(b) Drawing the £elements
on   , , and , the orthogonalised
¡ of 0 ¢ Conditional
¤
innovations  ≡   −  ⊗  · () , with Var( )= , are observable. Following Cogley and Sargent (2002), we then sample the  ’s by applying the univariate
algorithm of Jacquier, Polson, and Rossi (1994) element by element.43
(c) Drawing the hyperparameters Conditional on   , ,   , and , the innovations to the  ’s are observable, which allows us to draw the hyperparameters–the
elements of the  2 –from their respective distributions.
(d) Drawing the elements of  Finally, conditional on   and  the  ’s are
observable, satisfying
 = 
(B9)
with the  being a vector of orthogonalized residuals with known time-variying variance  . Following Cogley and Sargent (2005), we interpret (B9) as a system of
unrelated regressions. The first equation in the system is given by 1 ≡ 1 , while
the following equations can be expressed as transformed regressions as
³ −1 ´
³ −1 ´ ³ −1
´
22 2 = −21 22 1 + 22 2
(B10)
³ −1 ´
³ −1 ´ ³ −1
´
³ −1 ´
32 3 = −31 32 1 − 32 32 2 + 32 3

³ −1
´
³ −1
´
2
2
 (


=
−

− 
1
(
−1)2
(−1)21
−1)2
 ( −1)2
³ −1
´ ³ −1
´
2
2
 − (−1)2(−1)2 (−1)2
(−1)2 + (−1)2
(−1)2

where the residuals are independent standard normal. Assuming normal priors for
each equation’s regression coeﬃcients the posterior is also normal, and can be computed via equations (77) of (78) in Cogley and Sargent (2005, section B.2.4).
43

For details, see Cogley and Sargent (2005, Appendix B.2.5).
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Summing up, the MCMC algorithm simulates the posterior distribution of the
states and the hyperparameters, conditional on the data, by iterating on (a)-(d). In
what follows, we use a burn-in period of 50,000 iterations to converge to the ergodic
distribution, and after that we run 10,000 more iterations sampling every 10th draw
in order to reduce the autocorrelation across draws.44

44

In this we follow Cogley and Sargent (2005). As stressed by Cogley and Sargent (2005), however,
this has the drawback of ‘increasing the variance of ensemble averages from the simulation’.
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Figure 1 Baker, Bloom and Davis’ economic policy uncertainty indices
22

Figure 2 Baker, Bloom and Davis’ economic policy uncertainty indices, and either
unemployment rates, or employment growth (demeaned and standardized)
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Figure 3 Estimated VAR’s total prediction variance
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Figure 4 Estimated standard deviations of policy uncertainty shocks, and smoothed fractions
of positive policy uncertainty shocks (based on inertial restrictions, N=2)
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Figure 5

United States (post-WWII) and Euro area: fractions of variance explained by
policy uncertainty shocks (based on inertial restrictions, N=2)
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Figure 6

United Kingdom and Canada: fractions of variance explained by
policy uncertainty shocks (based on inertial restrictions, N=2)
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Figure 7

United States, post-WWII period: counterfactual simulations ‘killing off’ policy
uncertainty shocks (based on inertial restrictions, N=2)
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Figure 8

Euro area: counterfactual simulations ‘killing off’ policy uncertainty shocks
(based on inertial restrictions, N=2)
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Figure 9

United Kingdom: counterfactual simulations ‘killing off’ policy uncertainty shocks
(based on inertial restrictions, N=2)
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Figure 10

Canada: counterfactual simulations ‘killing off’ policy uncertainty shocks
(based on inertial restrictions, N=2)
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Figure 11

United States (post-WWII) and Euro area: impulse-response functions to a
policy uncertainty shock for the month of the collapse of Lehman (based on
inertial restrictions, N=2)
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Figure 12

United Kingdom and Canada: impulse-response functions to a policy uncertainty
shock for the month of the collapse of Lehman (based on inertial restrictions, N=2)
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Figure 13 Estimated standard deviations of policy uncertainty shocks, and smoothed fractions
of positive policy uncertainty shocks (based on Uhlig’s approach, K=6)
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Figure 14 United States (post-WWII) and Euro area: fractions of variance explained by
policy uncertainty shocks (based on Uhlig’s approach, K=6)
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Figure 15 United Kingdom and Canada: fractions of variance explained by
policy uncertainty shocks (based on Uhlig’s approach, K=6)
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Figure 16 United States, post-WWII period: counterfactual simulations ‘killing off’ policy
uncertainty shocks (based on Uhlig’s approach, K=6)
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Figure 17 Euro area: counterfactual simulations ‘killing off’ policy uncertainty shocks
(based on Uhlig’s approach, K=6)
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Figure 18 United Kingdom: counterfactual simulations ‘killing off’ policy uncertainty shocks
(based on Uhlig’s approach, K=6)
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Figure 19 Canada: counterfactual simulations ‘killing off’ policy uncertainty shocks
(based on Uhlig’s approach, K=6)
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Figure 20 United States (post-WWII) and Euro area: impulse-response functions to a
policy uncertainty shock for the month of the collapse of Lehman (based on
Uhlig’s approach, K=6)
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Figure 21

United Kingdom and Canada: impulse-response functions to a policy uncertainty
shock for the month of the collapse of Lehman (based on Uhlig’s approach, K=6)
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Figure 22 United States: Baker et al.’s economic policy uncertainty index and Gilchrist
and Zakrajsek’s ‘excess bond premium’, and correlations between the two
series’ forecast errors
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Figure 23 United States: counterfactuals obtained by killing off identified shocks to Baker et al.’s
economic policy uncertainty index, and to Gilchrist and Zakrajsek’s ‘excess bond premium’
(based on Uhlig’s ‘standard’ approach, K=6)
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Figure 24

United States: counterfactuals obtained by killing off identified shocks to Gilchrist and
Zakrajsek’s ‘excess bond premium’ (based on Uhlig’s modified approach, K=6)
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Figure 25 United States: counterfactuals obtained by killing off identified shocks to Baker et al.’s
economic policy uncertainty index (based on Uhlig’s modified approach, K=6)
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Figure 26 United States: impulse-response functions to identified shocks to Baker et al.’s economic policy
uncertainty index, and to Gilchrist and Zakrajsek’s ‘excess bond premium’ for the month of the
collapse of Lehman (based on Uhlig’s modified approach, K=6)
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Figure 27 United States: counterfactuals obtained by killing off identified shocks to Baker et al.’s
economic policy uncertainty index (based on Uhlig’s approach, and a zero restriction on
Gilchrist and Zakrajsek’s ‘excess bond premium’, K=6)
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Figure 28 United States: impulse-response functions to identified shocks to Baker et al.’s economic
policy uncertainty index for the month of the collapse of Lehman (based on Uhlig’s approach, and a zero restriction on Gilchrist and Zakrajsek’s ‘excess bond premium’, K=6)
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Figure 29 United States, interwar period: VAR’s total prediction variance, standard deviations
of policy uncertainty shocks, and fractions of draws for which policy uncertainty shocks
have been positive
50

Figure 30 United States, interwar period: fractions of variance explained by policy
uncertainty shocks
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Figure 31 United States, interwar period: counterfactual simulations ‘killing off’ policy
uncertainty shocks (based on inertial restrictions, N=2)
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Figure 32 United States, interwar period: counterfactual simulations ‘killing off’ policy
uncertainty shocks (based on Uhlig’s approach, K=6)
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Figure 33 United States, Great Depression: Baker et al.’s economic policy uncertainty index and
the BAA-AAA spread, and correlations between the two series’ forecast errors
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Figure 34 United States, Great Depression: counterfactuals obtained by killing off identified shocks to
Baker et al.’s economic policy uncertainty index (based on Uhlig’s modified approach, K=6)

55

Figure 35 United States, Great Depression: impulse-response functions to identified shocks to Baker
et al.’s economic policy uncertainty index (based on Uhlig’s modified approach, K=6)

56

Figure 36 United States, Great Depression: counterfactuals obtained by killing off identified shocks
to Baker et al.’s economic policy uncertainty index (based on Uhlig’s approach, and a zero
restriction on Gilchrist and Zakrajsek’s ‘excess bond premium’, K=6)
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Figure 37 United States, Great Depression: impulse-response functions to identified shocks to
Baker et al.’s economic policy uncertainty index (based on Uhlig’s approach, and a
zero restriction on Gilchrist and Zakrajsek’s ‘excess bond premium’, K=6)
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Figure 38 United States: counterfactual simulations ‘killing off’ policy uncertainty shocks
(based on VARs not featuring stochastic volatility)
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Figure 39 Euro area: counterfactual simulations ‘killing off’ policy uncertainty shocks
(based on VARs not featuring stochastic volatility)
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Figure 40 United Kingdom: counterfactual simulations ‘killing off’ policy uncertainty shocks
(based on VARs not featuring stochastic volatility)
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Figure 41 Canada: counterfactual simulations ‘killing off’ policy uncertainty shocks
(based on VARs not featuring stochastic volatility)
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Figure 42 United States, Great Depression: counterfactual simulations ‘killing off’ policy
uncertainty shocks (based on VARs not featuring stochastic volatility)
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