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A The Market of Gold

Since gold is traded on several marketplaces around the world, there is no such thing
as a single gold market with a single price. Nevertheless, most of the trade occurs
in London and in New York. London is the main hub for the trade of physical gold,
which occurs through spot transactions over the counter. New York is an exchange
and trades mainly paper gold, i.e. futures and several derivatives based on gold.

We use data from the London spot market of physical gold, formally known as the
London Bullion Market. We rely on the London spot price of physical gold rather than
the New York price on futures contracts on gold for two reasons. Firstly, Bloomberg
provides intradaily data on the futures market for only 18 months, while the data on
the London market dates back to the 1970s. Secondly, the London market is larger in

terms of trade volume.! A comparison of the prices on the London spot market and
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'Following O’Connor et al. (2015), in 2013 the net transactions in London had a daily turnover
of 21bn US dollars. This equals 60% and 350% of the daily turnover on the New York Stock Ex-
change and on the London Stock Exchange, respectively. These figures underestimate the size of the
London Bullion Market, as they only include net transactions. Information on gross transactions is
not publicly available due to the confidentiality guaranteed by over-the-counter trading. According



on the New York futures market at daily frequency yields a correlation close to unity.

Since transactions on the London Bullion Market are over-the-counter, market
participants are not required to disclose the price of their bilateral agreements. Ne-
vertheless, in order to inform market participants about the tightness of the market,
the London Bullion Market Association organises two auctions per day. The price of
such auctions is publicly available. This is the price of gold that we use for the analysis.
Auctions take place at 10:30 and 15:00, London time. Shortly before 10:30 and 15:00,
banks with access to the London Bullion Market vaulting facilities post their orders.
It then typically takes 30 seconds to assess if a round of orders can be reconciled with
a clearing price, and 3 rounds of orders to find an equilibrium price. Transactions are

denominated in US dollars and are settled two days after the transaction.

B Comparing Proxies for the Uncertainty Shock

The selection of the price of gold as the variable to inform our proxy for the uncertainty
shock is supported by the results from several regressions, as discussed here.

We depart from daily data on six candidate variables: the price of gold, the price of
silver, the price of platinum, the price of the 3-month US treasury bonds, the price of
the 30-year US treasury bonds, and the VXO. While intradaily data are available for
the price of gold and are used in the analysis, we use daily data for all the series included
in this preliminary assessment to ensure a level playing field in the comparison of the
candidate assets, as it is the highest frequency available for all candidates. Following

the methodology outlined in Section 2 of the paper, for each of the six variables above

to a survey conducted in 2011, gross figures might be between 5 and 10 times higher than net figures
(http://www.lbma.org.uk/assets/Loco_London_Liquidity_Surveyrv.pdf). When also conside-
ring gross transactions, London is estimated to account for around 90% of the sum of the global gold
spot, futures and options trading volumes. New York, instead, accounts for around 9%. The other
markets (Shanghai, Tokyo, Mumbai, Dubai and Istanbul) account for the remaining 1% (Lucey et al.,
2013).


http://www.lbma.org.uk/assets/Loco_London_Liquidity_Surveyrv.pdf

we compute the percentage variation Ap’ around each event e;, with j = 1,..., K and
K the total number of baseline events. We then compute a candidate proxy for each
of these six variables as a time series that equals zero on the days in which no event
became known to the market, and that equals Ap’ when event e; became known to the
market. Following this procedure, we obtain six candidate proxies for the uncertainty
shock at a daily frequency.

We then add three daily dummy variables. We add a dummy variable taking the
value of 1 when a baseline event occurred and zero otherwise, a dummy variable taking
the value of 1 when the VXO reached the peaks used by Bloom (2009) and zero other-
wise, and a dummy variable taking the value of 1 or —1 when the event was judged to
imply an increase or a decrease in uncertainty, and 0 when the variation in uncertainty
could not be a prior: assessed or when no event occurred. For completeness, we also
add the two instruments for the uncertainty shock used by Stock and Watson (2012),
which are computed as the residual of an AR(2) on the VIX and as the common
component of the policy uncertainty index by Baker et al. (2016) on media references.
These two instruments are available at a monthly frequency. Overall, the collection of
candidate proxies delivers a total of eleven candidate proxies for the uncertainty shock,
nine of which at a daily frequency and the remaining two at a monthly frequency.

To assess which candidate proxies for the uncertainty shock are more suitable for
the analysis of the paper we assess the relevance and strength of each candidate proxy.
Firstly, we require that the selected proxy Granger-causes prominent measures of un-
certainty available from the literature. This requirement indirectly assesses whether
the relevance condition stated in equation (4) in the paper holds with regard to the
candidate proxies, under the maintained hypothesis that uncertainty shocks are im-

portant drivers of the measures of uncertainty used. Secondly, we require that the



candidate proxy is strongly correlated with the reduced form innovation of the VAR
model in correspondence to the equation that features the VXO as the dependent
variable. This requirement was discussed in Section 5.1 of the paper and refers to the
fact that it is from the VAR innovations that we aim to identify the uncertainty shock.
We focus on the residual of the equation of the VXO, under the maintained hypothesis
that uncertainty shocks are relatively important drivers of VXO residuals. Section 5.1
assesses the strength of the final proxy, which is based on the intradaily price of gold,
and reports the results for the residuals on all equations of the model.

To test for the relevance of the candidate instrument, we estimate the models

L

Tig =7+ Z Op - my—g + Nt (B.1)

=1

where m; is one of the above candidate proxies for the uncertainty shock and z;; indi-
cates a measure of uncertainty. For x;; we use five widely used measures of uncertainty,
which are the measure by Jurado et al. (2015), the measure by Bachmann et al. (2013),
the VIX, the VXO and a measure of realised volatility of the S&P500.2 Rejecting the
null hypothesis of no Granger-causality (0; = do = ... = 0, = 0) suggests that the

proxy correctly reflects variations in uncertainty. For the tests on the strength of the

2The measure of the realized volatility of the S&P500 index is taken from the Oxford-Man Institute
of Quantitative Finance. Regarding the VXO and the VIX, both the VIX and the VXO measure
market perceived volatility based on option prices and are computed by the Chicago Board Options
Exchange (CBOE). The VIX refers to the implied volatility on the S&P500 index, while the VXO
refers to the implied volatility on the S&P100 index. Historically, the VIX was introduced first. It
was launched in 1993 and it referred originally to the volatility of the S&P100 index rather than
the S&P500 index. In 2003 the formula used to compute the volatility index was partly changed.
What had been computed as VIX between 1993 and 2003 with the old formula and on the S&P100
index was relabelled as the “original VIX” and became the VXO. The VXO was then computed from
2003 onwards on the S&P100 index using the formula of the “original VIX”, and was reconstructed
historically back to 1986. The name “VIX” was, instead, attached to the index computed with the
new formula, applied to the S&P500 index rather than to the S&P100 index. The new VIX (nowadays
simply referred to as VIX) was computed retroactively back to 1990. Both the VXO and the (new)
VIX are widely used measures of implied volatility.



candidate proxy, instead, we use equation (10) from Section 5.1, replicated here in
equation (B.2) for convenience. For this equation, we take as dependent variable the
residuals in the second equation of the VAR model, which is the equation that features

the VXO as dependent variable.

Uoy = o+ - my + 1. (B.2)

A high F' statistic for the null hypothesis § = 0 suggests that the candidate proxy in-
deed reflects variations in uncertainty in a sufficiently strong way to label the candidate
proxy as a strong instrument. Both equation (B.1) and equation (B.2) are estimated
using monthly data, after converting the nine daily candidate proxies into monthly
frequency. The use of the monthly frequency in equation (B.1) is due to the fact that
this is the highest frequency for which all five measure of uncertainty are available.
The use of a monthly frequency in equation (B.2) is dictated by the frequency of the
data in the VAR model.

The results of the tests are shown in Table B1. Bold values report values supporting
the candidate proxy. The Granger-causality tests are displayed in the top part of the
table. We report the p-value on the F' statistic for the hypothesis 6y = 6o = ... =, =0
in equation (B.1), where the regressor in equation (B.1) is indicated in the column of
Table B1 and the dependent variable in equation (B.1) is the variable indicated on the
row of Table B1. The tests on the strength of the candidate instruments are shown in
the lower part of the table. For this test we report the F' statistic on the hypothesis
B; = 0 in equation (B.2), where the regressor in equation (B.2) is indicated in the
column of Table B1 and the dependent variable is the estimated VAR innovations of
the equation featuring the VXO as a dependent variable. We use the threshold value

of 10 to assess if the candidate proxies are sufficiently strong (see Stock and Yogo,



Table B1: Preliminary tests on candidate proxies for the uncertainty shock

% wariation around events using: Dummaes: SW:
Gold Silver Platinum 3m 30y VXO D0/1 D0/1 DO/fl/l Uvix Usgp
Thill Bond events VXO events

Granger-causality from candidate proxy to measure of uncertainty
(p-values)
JLN 0.00 0.00 0.75 0.21 0.40 0.86 0.77 0.18 0.75 0.07 0.04
BES 0.75 094 0.04 0.31 0.82 0.72 0.46 0.03 0.09 0.84 0.00
VIX 0.00 0.61 0.00 0.00 0.02 0.01 0.01 0.69 0.26 0.75 0.18
VXO 0.00 0.35 0.00 0.01 0.01 0.19 0.00 0.37 0.40 0.89 0.08
R. Vol. 0.00 0.93 0.00 0.00 0.00 0.00 0.00 0.07 091 0.00 0.00

Strength of the candidate instrument
(F-statistic)
11.60 4.50 4.51 1.63 0.01 4.99 15.48 58.61 2.89 3141 21

Notes: “JLN” indicates the measure of uncertainty computed by Jurado et al. (2015). “BES” indicates

the measure of uncertainty computed by Bachmann et al. (2013). “R. Vol” indicates a measure of
real volatility on the S&P500 (see footnote 2). The candidate proxies labelled Uy x and Uggp are
computed on a monthly frequency and refer to the instruments used by Stock and Watson (2012).
All the remaining candidate proxies are first computed at a daily frequency and then aggregated to
monthly frequency. The models are then estimated on a monthly frequency. Granger-causality tests
are run using bivariate VAR models, where the number of lags is chosen using Akaike’s Information
Criterion.

2005).

Consider first the candidate proxies constructed around the events, which are the
first six proxies in Table B1. Overall, the regressions support the price of gold as a
measure to inform the proxy for the uncertainty shock. The proxy variable constructed
on the price of gold Granger-causes almost all measures of uncertainty and has an F'
statistic for the strength of the instrument above 10. While the proxies based on other
assets such as platinum and the US treasury bills also somewhat pass the Granger-
causality tests, they are less supported by the test on the strength of the instrument.
We interpret the lack of Granger-causality from the instruments based on the VXO
to the VXO as the by-product of the aggregation of the instruments from daily to

monthly frequency.



Two of the three dummy variables perform well in terms of the strength and re-
levance of the instrument. These are the 0/1 dummy variable on the baseline events
and the 0/1 dummy variable on the peaks of the VXO. We do not make use of these
proxies as the baseline proxies in the analysis because they are less likely to satisfy the
exogeneity condition discussed in Section 1 of the paper. In fact, a variable constrai-
ned to 0/1 cannot by construction disentangle the uncertainty-related component of
an underlying event from the news-related component of the same event. The use of
the price of a safe haven asset around events further isolates the first-moment effect
associated with the event. Similarly, the dummy variable on the VXO can reflect ot-
her structural shocks that endogenously lead the VXO to spike, given that uncertainty
shocks are not the only shocks that can lead to a hike in uncertainty. We also note
that the very high F statistic on the strength test for the dummy on the VXO variable
is driven by the same variable being indirectly used both as the dependent and the
independent variable of equation (B.2). Last, as discussed in Section 5.1, when moving
from daily to intradaily data the F' statistic on the strength of the proxy constructed
on the price of gold increases from 11 to 19, hence above the F' statistic on the event
based dummy variable.

Last, we compare the results from our candidate proxies for the uncertainty shock
to the results when using the instruments used by Stock and Watson (2012). As for
the dummy variable on the VXO, the high F statistic on the strength of the instru-
ment constructed on the VIX is driven by the VIX being highly correlated with the
dependent variable used in the regression of equation (B.2). While both instruments
used by Stock and Watson (2012) Granger-cause several measures of uncertainty, they
are not constructed on a clear identification strategy but on reduced form analysis,

and hence are unlikely to satisfy the exogeneity condition from equation (5). This is



partly noted also by Stock and Watson (2012), page 116.

Further support for the use of gold to inform our proxy for uncertainty shocks
is provided by Baur and McDermott (2010) and Baur and Lucey (2010), who find
evidence supporting the view of gold as a safe haven asset. In Section G we discuss
the robustness of the results using all candidate proxies, as long as they allow for the

identifying restrictions to be satisfied.

C A Few Examples

In this section we discuss in detail the behaviour of the price of gold around selected
events in order to provide additional intuition for the methodology used. Figure C1
plots the variation in the intradaily gold price (morning and afternoon prices) around

four selected illustrative events:

1. On 24 October 1980 President Carter authorised a secret military operation to
free the hostages in the US embassy in Tehran. The operation had been kept
secret to anyone outside of the inner circle of the President, and its failure was
announced by Carter at 1:00 on the day after, Washington time. The announ-
cement triggered an increase in uncertainty due to the heightened tension in the
region, and London priced gold in its morning auction 7.04% above the afternoon
price of the day before, likely pricing in the increased uncertainty that was soon

to unfold between the US and Iran;

2. In the morning of 25 April 1986, technicians at the Chernobyl nuclear station
turned off the emergency cooling system and started a test, which was mishand-
led, resulting in the explosion of the reactor at 01:23 the following morning. The
Russian authorities neither informed the neighbouring villages nor other coun-

tries, with the West finding out initially through ordinary tests of radioactivity



Figure C1: Gold price around four events

Failure of Operation Eagle Claw announced News of Chernobyl disaster
25.4.1980 29.4.1986
Gold price variation: 7.04% Gold price variation: 0.67%
347
3461
345+
344+
343+
3421
-10
9/11 attack EFSF adopted
11.9.2001 10.5.2010
Gold price variation: 5.75% Gold price variation: =1.16%
1240} SR :
1220+
1200 ¢
1180'-
-10 -5 0 5 10 -10 -5 0 5 10
Distance from first gold price after the event Distance from first gold price after the event

Notes: The figure shows 10 quotes of the price of gold before and 10 quotes of the price of gold after
four different events, whose occurrence is indicated by the vertical line. The figures corresponding
to all 117 events collected in the analysis are reported in the on-line appendix. The percentage
variations are windsorised at 0.5% on each side of the tail before aggregating them into the proxy.
Compared to this figure, the winsorisation is responsible for the lower values in Figure 1 in
correspondence to the Failure of Operation Eagle Claw and to the 9/11 attack.

in Sweden, and then through a US satellite picture of the site. The news of winds
coming from the East then spread on the day of 29 April, and London priced an

increase in the first auction of 30 April, although of only 0.67%;

3. On September 11 2001, at 08:46 New York time, 13:46 London time, the first

plane of the 9/11 terrorist attack hit the World Trade Center. The event occur-



red between the morning and the afternoon auctions in London. The news of
the event travelled around the world immediately and London priced a 5.75%

increase in the price of gold in its afternoon auction;

4. During the height of the European sovereign debt crisis the European Council
agreed in an overnight meeting upon the establishment of the Furopean Finan-
cial Stabilization Facility (EFSF). The press release communicating the positive
outcome of the meeting is dated on the night of May 9, 2010, with Bloomberg
reporting the news in the early hours of May 10. The price of gold in the morning

auction drops 1.2% as compared to the afternoon auction the day before.

D Identification of the Structural VAR

This section outlines how external instruments are used to achieve the identification
of the structural VAR models. To build the intuition behind the set-identification
proposed in the paper, we first outline the case of a single instrument correlated with
only one structural shock, as in Olea et al. (2012) and Stock and Watson (2012). We
then extend the analysis to the set-identification of more than one structural shock
using instruments correlated with more than one shock, building on the analysis by
Mertens and Ravn (2013).

The model is given by

Y, = 0+A(L)y,_ 1 + u, (D.3)
Uy = Bﬁt7 <D4)
€ = Aut. (D5)

y, is a k x 1 vector including the endogenous variables, § includes constant terms and

10



A(L) is a lag matrix polynomial for the autoregressive form of the model. u; is a kx 1
vector of reduced form shocks with covariance matrix ¥ and €; is a k x 1 vector of
serially uncorrelated, normally distributed structural shocks, with covariance matrix
normalized to the identity matrix. Matrix B maps structural shocks into reduced
form shocks, while matrix A = B! allows the use of reduced form shocks to recover

structural shocks. Covariance restrictions imply ¥ = BB’ = A~ ' A",

Using one instrument correlated with only one shock

Consider first the case in which the researcher aims to identify only one shock and
has one instrument to identify such shock. The shock can be ordered without loss of
generality as the first shock in €;, hence we refer to it here as e1;. Equation (D.4) then
rewrites as

Uy = b1€1t + B*GI, (DG)

with B = [by, B*|, where b; is the k& x 1 impulse vector corresponding to €;; and B*
contains the impulse vectors of the remaining k£ — 1 shocks. The identification of €y,
requires by for the computation of impulse responses and a; for the estimation of the
shocks, with a; the first row of matrix A = B™!, written as a column vector.

When an instrument my; is available satisfying conditions

E(eiymit) = ¢ , E(e;my) =0, (D.7)

then the identification of €;; can be constructed by substituting equation (D.6) into
E(u;my,), obtaining E(u;mq,) = bip. Since E(u;my;) can be estimated, one learns
about b; up to an unknown scalar ¢. This new information can be used to complement

the covariance restrictions ¥ = BB’ and obtain an estimate for b;. Last, an estimate

11



for a; can be computed using results from the inverse of partitioned matrices.

More precisely, the identification of €1; can be implemented as follows:

1. Estimate the reduced form model (D.3) and obtain estimates 4, and 3

2. Use 1, to estimate E(uymy;) and define = (gggjﬁig, ey giii:ﬁ;)/, where E()

indicates the sample mean. Since E(uymy;) = bj1 E(e1;mq¢) and since E’(ﬂitmlt) is
a consistent estimator for E(u;my;), ) is a consistent estimator for the (k—1)x1

vector A = (b . DLy

3. Partition matrices B and X as

by b o O
B=|" " ==|"" "7, (D.8)

by By o1 X

with b1; and oq; of dimension 1 X 1, by, and &9 of dimension (k — 1) x 1, b,
and o, of dimension 1 x (k—1) and Bay and X9, of dimension (k—1) x (k—1).

Estimate by = (byy, b)) with the estimator b, = by - (1, 5\/)’, where the scaling

3\ can also be estimated using the instrumental variable approach outlined in Mertens and Ravn
(2013). The estimates are by construction identical even in a finite sample.

12



factor is obtained as by = 41/6711 — bl,b,, with?

— ~A—1

b112b12 - (6’21 - (3'11X)/F (&21 - (3'11X), (D12)

~

F - 222 -+ &Hj\j\l - &215\/ - 5\6',21 (Dlg)

Whether the positive or the negative solution for by is used depends on the
sign convention adopted for the interpretation of the shock, for example whether
a shock of positive sign is interpreted as expansionary or contractionary. Use

b, to compute impulse responses to a shock of one standard deviation, or use

(1,5\/)’ : ;\w to compute impulse responses to a shock that increases variable
i—1

i =1,..,k by ¢, with \;,_; the element i — 1 of X and X\ = 1;

4As derived in De Wind et al. (2014), combining equation A = boy /by with the equations of the
system implied by the covariance restrictions delivers

bi1 + bisbiz = o1, (D.9)
b?1>\+322b12 = 021, (D].O)
b2 AN + By By = 2oy, (D.11)

From equation (D.9) one obtains the initial expression for by;. To solve for b},b12, subtract equation
(D.9) multiplied by A from (D.10), obtain the expression bjy = (Bgs — Abjy) 1 (21 — 011 A) and
premultiply it by its transpose, obtaining (D.12) under the expression I' = (Bgy — Ab),)(Bas —
Abl,) = BayBhy — Bagbia\ — Ab 5, Bh, + Abjybia . To compute T, subtract equation (D.10)
postmultiplied by A" from equation (D.11), obtain an expression for Baab12 A" and substitute this and
its transpose in I'. Then start from equation (D.11), subtract equation (D.9) having premultiplied it
by A and having postmultiplied it by its transpose, obtaining an expression for By, Bag — Ab],b1a X'
Substitute this in I' and obtain equation (D.13).

13



1

4. Estimate a; with the estimator a; = (311 — b'lQB2_211321)_1 - with®
~B%'b,,
by = Abyy (D.17)
_ ) o R o
19Ba = (621 — bi1ba1) (Baz — by ) 1. (D.18)

Use a; to obtain estimates €, = a)u;.

Using two instruments both correlated with two shocks

The identification strategy described above aims for the identification of one shock
using one instrument, assumed to be correlated only with the shock of interest. We
now describe how the approach can be generalised to a case in which the researcher
aims for the identification of [ < k shocks and has [ instruments, potentially correlated
with more than one shock.

The analysis departs from the decomposition of equation (D.4) into

u, = B¢, + B'&, (D.19)

Bll B12

, the formula for the inverse of partitioned matrices is
By B

5For a general matrix B = (

_ B, — B13By, By) ™! —(B11 — B12By, Bay) 'B12Byy . .
B! = (B a2 . ! . 127722 ) Given the parti-
(-(322 — By By B13) !By B} (Bas — By B1{' B1g)™* P

1
tion used for B, we obtain @ = (b1 — b, B5y bo1) ™" ( B-1p ) To obtain an expression for
—Pa2 Y12

b}, B _21, rearrange the equations of the system implied by the covariance restrictions, obtaining

blobio = 011 — by, (D.14)

Bosbys = 021 — bribar, (D.15)
~ ~1

BBy = Sas — boibe,. (D.16)

Equation (D.15) can be rearranged into B’leblg = B'251B§21(a21 — Bni)gl). An expression for
B!5,' B, can be derived by inverting equation (D.16). Combining these results gives equation (D.18).

14



with B = [B, B*]. The k x [ matrix B contains the impulse vectors of the [ structural
shocks of interest, the [ x 1 vector & contains such shocks, and B " contains the impulse
vectors of the remaining k — [ structural shocks. The identification of & requires B for
the computation of impulse responses and A for the estimation of the shocks, with A,
of dimensions k x [, defined as the first [ rows of matrix A = B! written as column
vectors.

When [ instruments m; = (my, ..., my;)" are available satisfying conditions
E(&gm;)=® , E(emy) =0,V j=1,..1, (D.20)

the identification of each shock in €; cannot be achieved using one instrument at the
time. In fact, considering for simplicity the case of two shocks and two instruments

correlated with both shocks, it now holds that E(u;mq,) = bj E(e1;ma) +bin E(€2may).

.. . R E(a E(a /. . .
This implies that A = ( Ellgemy) A(qf’“m”)) is now a consistent estimator of
E(t1¢may) E(a1¢mat)
/
bo1 E(e1¢mit)+booE(e2tmie)  b3i1 E(erzmas)+bsoE(earmay) b1 E(e1tmit)+bro E(eaemit) )
bi1E(ertmi¢)+bi2E(e2emat)  biiE(ergmie)+bioE(earmie) 7 biiE(ergmie)+bioE(earmie)
(D.21)

Hence, X does not deliver a consistent estimate of the relative impulse vector A =

(%, o %)’ corresponding to €4, but an estimate of a nonlinear combination of the

=

impulse vectors corresponding to €;; and ey;. Note that if my; is only correlated with
€11, F(egymyy) = 0 and expression (D.21) simplifies to A, i.e., Y converges to A.

In light of these considerations, the identification of €; can be constructed by substi-
tuting equation (D.19) into E(usm)), obtaining E(u;m,) = B-®. Since F(u,m}) can
be estimated, one learns about linear combinations of the columns of B according to
unknown weights ®. This new information can be used to complement the covariance

restrictions ¥ = BB’ and obtain a set of estimates for B. Last, the corresponding set

15



of the estimates for A can be obtained by using results from the inverse of partitioned
matrices.

More precisely, the identification of €; can be implemented as follows:
1. Estimate the reduced form model (D.3) and obtain estimates 4, and 3;

2. Define A = .AEglE;; given E = E(@,;m)}) of dimension k x [ and E;; and
E,; its partition into the [ x [ upper component and the remaining (k — 1) x [
lower component. Define E;; and E5; the equivalent decomposition of E(u;m;)
and Bi; and By the equivalent decomposition of B. Since E, = B;;1® and
Ey = By ®, it holds that E21E1_11 = B21B1_11. Hence A is a consistent estimator

for the (k — 1) x | matrix A = By B}';

3. Partition matrices B and X as

B— Bll B12 ’ > 211 212 7 (D22)

B21 BQQ 2]21 222

with By, and ¥4; of dimension [ x [, By and X9; of dimension (k—1) x [, By, and

315 of dimension [ x (k—1) and Bgy and X9, of dimension (k—[) x (k—I). Estimate

~

Bll

B with the estimator B = using By = BLQ, given Q any [ x [

AB;,
orthogonal matrix and Bil the lower Choleski decomposition of f]u — B;Em ,

with®

— / A A A A—1 -~ A A
B12B12 - (221 - AEH)T (221 - AEH), (D23)

f‘ - 222 + Aﬁ:llj\/ - 221A, - Aﬁ);l (D24)

6The derivations follow from footnote 4, after taking account the new dimensions of the parameters.
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Drawing orthogonal matrices generates a set of candidate estimates for B. Iden-

tifying restrictions on this set can then be imposed, for example, on the estimated
~ A —1 A 2

moments ® = B, E;;, as in the paper. Use B to compute impulse responses

to shocks of one standard deviation;”

4. For each candidate B, estimate A with the estimator

A= (Bn — 31232_21321)_1 (I2 —312/3?'251> (D.25)
with®
— “ N ~ ! N N ~ )
12B% = (321 — BuBy) (X0 — BuB,) (D.26)

Use A to estimate the shocks € = Alut.

This approach builds on Mertens and Ravn (2013), who identify two shocks using
two instruments and then impose a recursive order between these two shocks. They
discuss a special case of the methodology outlined above, after imposing Q = I.
Identifying restrictions other than the recursive ordering (Mertens and Ravn, 2013)
and the restrictions on the correlation structure (this paper) can be imposed, for
example zero restrictions and sign restrictions, extending the algorithms by Binning
(2013) and Arias et al. (2014).

In our paper, my; = m{ is the proxy for the uncertainty shock, mo; = m} is the
proxy for the news shock, €1, = €} represents the uncertainty shock and ey = €}
represents the news shock. The nature of m{ discussed in Section 2 of the paper

implies that an increase in the proxy is associated with an increase in uncertainty.

"In the case of one instrument and one shock of interest, by is a scalar, it must satisfy b3, =
011 + b'12b12 (see footnote 5), and hence is unique up to its sign. On the contrary, Bi; is a matrix
and must satisfy condition B 113/11 =311 — B/IQB 12, hence an identification problem emerges which
can be addressed with set-identification. Starting for simplicity from the lower decomposition of the
estimate of X1 — B’12B12, rotations can be computed through matrix orthogonal matrices Q.

8The derivations follow from footnote 5, after taking account the new dimensions of the parameters.
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Studying the factor loadings when computing m} from the news shocks estimated in
the literature, we ensure that increases in mj imply unfavourable news. Regarding the
shocks, we normalize the sign of b; to deliver a positive element on its second entry,
and normalize the sign of by to deliver a negative element on its first entry. Having
ordered the VXO as the second variable and the S&P500 as the first variable, this
normalization ensures that an uncertainty shock of positive sign is interpreted as an
exogenous increase in uncertainty, and that a news shock of positive sign is interpreted
as an exogenous occurrence of unfavourable news. These sign conventions then imply
that the restrictions on the covariance matrix discussed in Section 3 of the paper are
meaningful restrictions and bear an economic interpretation.

The proxy for the news shock is available on a quarterly frequency. To accommo-
date for this difference in frequency, we estimate the matrix E = E(#@,m)) discussed
in step 2 of the procedure above using monthly data for the column that corresponds
to the proxy for the uncertainty shock, and using quarterly data for the column that
corresponds to the proxy for the news shock. Using simulations, we find that while ex-
pected values are affected by the aggregation from monthly to quarterly frequency, the
relative moments computed in A= EglEl_ll are not notably affected, indicating that
the approach is not distorted by the presence of the proxies with different frequencies.
Monthly estimates for the news shock can then be computed using the estimated 1421
matrix from step 4 above and applying the computation of estimated shocks to the

monthly residuals from the VAR model.”

9To ensure consistency within the bootstrap we construct bootstrapped data by changing the sign
of randomly selected quarters, rather than months.
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E Simulations on the New Keynesian Model

We use Monte Carlo simulations to study the performance of the identification strategy
outlined in Section D. As a data generating process we use a standard New Keynesian
model, which we take from An and Schorfheide (2007) and Komunjer and Ng (2011).
Following the discussion in Giacomini (2013), the calibration of the deep parameters
used in Komunjer and Ng (2011) implies the following VAR representation of the

model,

T 079 0  0.25 i1 0.61 0 0.69 €
o | =1019 095 —046 | |z |+ 149 1 —1.10] | €], (E.27)
wt 012 0  0.62 Tt 149 0 —0.75) \ ¢

with covariance matrix of the vector (€7, €/, €}) given by

0.0032 0 0
D= 0 00062 0 : (E.28)
0 0  0.0022

We use model (E.27) as a data generating process, drawing the shocks from a normal
distribution with covariance matrix D from equation (E.28). In the model, r; is the
interest rate, z; is output and 7, is inflation. The data are driven by three structural
shocks: a TFP shock €7, a government spending shock €] and a monetary shock €.
We investigate a similar setup as in the paper, jointly identifying two structural
shocks. We focus on the impulse responses to the TFP shock and to the monetary
shock because, in contrast to the government spending shock, these shocks affect all

variables in the model contemporaneously. As such, they display dynamics that are
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more general and more similar to the ones outlined in the paper.
Given a pseudo dataset of size T' generated from model (E.27), we construct the

instruments

mi = t1€; + (1 — 11)€; + tovyy. (E.29a)

Moy = (1 = t1)ef + uef + avay, (E.29Db)

with v1; and vo; two independent white noise disturbances. It then holds that

corr(ef,my) corr(ef, moy)

KH
I
Il

corr(e;,my) corr(e;, mo;)

122 1—)=
_ S (E.30)
(1 B Ll) 03:1 bl 0'(::2

with 0,,, = /1302 + (1 — 11)202 + 43 and 0,,, = /(1 — 11)202 + 302 + 3. For 1y =
1, my; and mg; are relevant instruments for the TFP shock and for the monetary
shock respectively, and neither instrument is correlated with more than one structural
shock. Accordingly, they can be used separately following the procedure by Stock
and Watson (2012) and Mertens and Ravn (2013). If; instead, ¢; is smaller than 1,
then my; is a relevant instrument for the TFP shock, but it also correlates with the
monetary shock. Similarly, mo, is a relevant instrument for the monetary shock, but it
also correlates with the TFP shock. Accordingly, one can aim to identify both shocks
using the methodology discussed in Section D.

We construct the Monte Carlo experiment following Paustian (2007). We gene-
rate 1000 dataset of size T. For each dataset, we estimate the reduced form and we

draw 500 structural representations that satisfy the restrictions corr(e;, my;) > 0 and

20



corr (e}, mg;) > 0, which correspond to restriction (9a) in the paper. Then, following
restriction (9b) in the paper, we further narrow down the identified set by imposing
that corr(ef, my) — corr(e;, mat) > ¢ and corr(e;, mar) — corr(e;, my) > 1. This im-
plies an identified set, which we summarize using the 95% pointwise confidence bands.
We repeat this procedure for all pseudo datasets and compute the 2.5th-percentile of
the 1000 lower bounds and the 97.5th-percentile of the 1000 upper bounds. As a value
for ¢ we use 0,0.05,0.01,0.15,0.20. This implies confidence bands that progressively
become narrower, the higher the value of .

The results are reported in Figure E2, Figure E3 and Figure E4. In each figure,
the thick line indicates the true impulse response to a one standard deviation shock
and the bands correspond to the estimated one standard deviation shock, displaying
darker shades of red the higher the corresponding value of ¢. Each figure reports the
underlying true correlation structure ® from equation (E.30). Figure E2 shows the
case for 15 = 0.01 and T' = 300, setting ¢; either to 0.10 or 0.40. The first case implies
that each instrument is more strongly correlated with only one shock of interest, while
the second case implies a higher correlation of each instrument with the other shock.
Figure E3 replicates the analysis by changing the size of the sample, setting 7" = 100
or T'= 500 and keeping ¢; = 0.10 and ¢, = 0.10. Last, Figure E4 increases the noise of
the instruments by increasing ts to 0.05 and to 0.10, keeping ¢; = 0.10 and T" = 300.

Overall, the results suggest that the set-identification developed in the paper
successfully identifies sets of impulse responses that contain the true impulse respon-
ses. Figure E2 suggests that the more each instrument correlates also with the other
shock, the more helpful it is to use higher values of % in order to narrow down the
confidence set. In particular, for ¢; = 0.10, each instrument is mainly correlated with

only one shock, and the additional restrictions from ¢ are not required for the es-
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timated impulse responses to detect the correct sign. By contrast, when ¢; = 0.40
each instrument is more contaminated by the other shock of interest, and additional
restrictions from v are required for the estimated shocks to give the correct sign of the
impulse responses. A similar result holds with regard to the sample size. Figure E3
shows, as expected, that the higher the sample size and the narrower the estimated
bands. Last, Figure E4 shows that when the exogenous noise of the instruments is
relatively low (15 = 0.05) the true impulse responses are correctly set-identified. If,
instead, it is relatively high (12 = ¢; = 0.10), the correct sign of the impulse responses

is lost unless the restrictions from v # 0 are imposed.
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TFP shock

Monetary shock

Figure E2: Monte Carlo simulations (I)
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Note: The figure shows the true impulse responses to a TFP shock and to a monetary shock from
the model by An and Schorfheide (2007), and the confidence bands of the estimated impulse
responses using the set-identification outlined in the paper. The estimated models satisfy the
restrictions corr(ef, my:) > 0 and corr(e}, ma:) > 0. Darker bands imply a higher value of 1 in the
additional restrictions corr(ef, myy) — corr(ef, may) > ¢ and corr(ej, may) — corr(e], my) > .
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Figure E3: Monte Carlo simulations (II)
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responses using the set-identification outlined in the paper. The estimated models satisfy the
restrictions corr(ef, my:) > 0 and corr(e}, ma:) > 0. Darker bands imply a higher value of 1 in the
additional restrictions corr(ef, myy) — corr(ef, may) > ¢ and corr(ej, may) — corr(e], my) > .
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Figure E4: Monte Carlo simulations (III)
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restrictions corr(ef, my:) > 0 and corr(e}, ma:) > 0. Darker bands imply a higher value of 1 in the
additional restrictions corr(ef, myy) — corr(ef, may) > ¢ and corr(ej, may) — corr(e], my) > .

25

2 4 6 8 10

Panel b) 1; = 0.10, 13 = 0.10, T = 300: & = (



F Relative Impulse Response Distance

Define 17)” as a column vector containing the estimated impulse response of variable
1, with 7 = chol,unc,news indicating whether the impulse response corresponds to
the uncertainty shock from the recursive approach, to the uncertainty shock from the

proxy SVAR, or to the news shock from the proxy SVAR. Define

~ ~ ~ ~

di,j = (¢i,chol - ¢i,j)/W_l(¢i,chol - ¢i,j)7 (F-31>

as the distance between the impulse response from the recursive identification and the

impulse response to either the uncertainty or the news shock from the proxy SVAR,

with W a weighting matrix discussed below. Last, define d; = j"’ﬂ

i,news

as the ratio
between such measures. d; > 1 indicates that the impulse response of variable ¢
corresponding to the uncertainty shock from the recursive identification is closer to
the impulse response that the proxy SVAR attributes to the news shock rather than
to the uncertainty shock.

We compute d; using as weighting matrix the identity matrix, as well as using a di-
agonal matrix containing the variance of each element of the vector @ADLCM — T,Abl ; on the
diagonal. The first weighting matrix is taken from Rotemberg and Woodford (1997),
while the second weighting matrix is taken from Christiano et al. (2005), adjusted for
the application of this paper and computed here using the bootstrapped variances. For
both weighting schemes, we compute the impulse response distance d; for the horizons

4, 12 and 24 months after the shock occurred, including the contemporaneous effect

of the shock.!?

0ur bootstrap procedure generates 1000 models, each of which is associated with an uncertainty
shock from the recursive model, an uncertainty shock from the proxy SVAR and a news shock from
the proxy SVAR. We compute the measures d; for each bootstrapped model. For the VXO, we drop
the observation corresponding to the impact effect of the shock, since within each bootstrap the shock
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Table F2: Relative distance among impulse responses to the shocks identified in the
recursive model and in the proxy SVAR

horizon 1:4 horizon 1:12 horizon 1:24

RW CEE RW CEE RW CEE

S&P 500 0.01 0.01 0.01 0.01 0.01 0.02
0.00/0.16  0.00/0.03  0.00/0.16  0.01/0.06  0.00/0.16  0.01/0.18

VXO 0.02 0.26 0.03 0.24 0.10 0.83
0.00/0.18  0.01/2.3/  0.00/0.53  0.04/5.23  0.01/1.07  0.07/10.68

Fed funds rate 3.51 5.17 6.27 9.60 9.09 12.30
0.68/83.52 1.01/65.49 0.63/46.13 1.61/63.24 0.44/46.50 1.87/63.14

Wage 3.24 3.55 2.61 2.37 2.58 2.45
0.77/18.12  0.66/10.26  0.58/7.79  0.49/5.39  0.56/7.44  0.29/6.61

CPI 0.13 0.16 0.18 0.35 0.22 0.69
0.02/0.38  0.03/0.38  0.05/0.40  0.09/0.87  0.06/0.44  0.11/1.78

Hours 10.27 45.62 2.16 10.43 1.64 7.68
1.96/31.95 7.20/113.98 0.54/17.58  2.76/56.84 0.86/13.66 1.65/43.41

Employment 15.63 53.84 4.18 13.07 4.10 11.16
2.22/70.28 6.09/163.42 0.72/18.51 1.77/48.85 0.71/14.72 1.66/41.16

Industrial production 13.54 12.91 9.33 9.84 8.10 6.30

2.83/5/.68  4.60/65.54  1.76/14.80 1.89/17.90 1.68/18.8)  1.76/22.00

Notes: The table shows the measure of relative impulse response distance ﬁ, with d; ; defined

in equation (F.31). A value greater than 1 indicates that the impulse response of the uncertainty
shock identified recursively resembles more the impulse response of the news shock rather than of the
uncertainty shock from the proxy SVAR.

Table F2 shows the results of the analysis by reporting the measure corresponding
to the median target model and the 95% confidence band. The table shows that the
impulse responses to the uncertainty shock from the recursive approach share several
features of the responses to both the uncertainty shock and the news shock from
the proxy SVAR. The impulse responses to the uncertainty shock from the recursive
approach and to the uncertainty shock from the proxy SVAR behave very similarly
for three variables, namely the stock market index, the VXO and CPI, especially at
the shorter horizon. The opposite is true for the remaining five variables. For these
variables, which include the real variables as well as the monetary policy rate, the

impulse response to the recursively identified uncertainty shock is more similar to the

in the recursive identification is calibrated to generate the same increase in the VXO as in response
to the uncertainty shock in the proxy SVAR.
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news shock response.

G Robustness of the Results in the Paper

We assess the robustness of the results of the paper along three main dimensions. First,
we consider alternative specifications of the reduced form models, adding variables in
levels or HP-filtered as in Bloom (2009), replacing the VXO with other measures of
uncertainty, adding a measure of financial frictions, and changing the number of lags
in the autoregression. Second, we consider variations in the identification approach,
studying exact-identification rather than set-identification, changing the order of the
variables for the recursive identification and changing the threshold value used for the
restriction from equation (9b). Last, we use modifications of the baseline proxies by
considering alternative computations of both proxies.

The robustness analysis, reported for simplicity only for the impulse responses,
shows that the results discussed in Section 5 of the paper are largely robust to the
alternative dimensions considered. We find that the results hold when using HP-
filtered data as in Bloom (2009) (Figure H12). Adding the Excess Bond Premium by
Gilchrist and Zakrajsek (2012) as a measure of financial frictions (Figure H14) only
mildly attenuates the impact response of the real economy to the uncertainty shock.
Replacing the VXO with the measure by Jurado et al. (2015) (Figure H15) does not
change the results, while the use of the measure by Bachmann et al. (2013) made the
results more pronounced (Figure H16).

When changing the order of the variables and allowing for the uncertainty shock
to affect all variables under the recursive identification (Figure H17), we find that the
recursive approach still falls short of detecting an impact response of the variables cap-

turing real economic activity, and still delivers the hump-shaped responses displayed
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also by the news shock. When identifying the model using the instruments in isolation
under the additional assumption that each proxy is orthogonal to all structural shocks
except the shock that it aims to proxy (equivalently, setting ¢12 = @91 = 0 in equation
(8)), we find that the results are somewhat more pronounced, and qualitatively very
similar (Figure H18).

The results are also robust to alternative specifications of the proxies. In particular,
the results are not affected by dropping the events that were associated with decreases
in the price of gold (Figure H20) and, hence, dropping events partly associated with
a counterintuitive variation of the price of gold given the nature of the event (see
Table H3). The results are also not affected by randomly dropping 20% of the baseline
events multiple times (Figure H21), nor by aggregating the daily proxy as in Gertler
and Karadi (2014) (Figure H22). Confirming the intuition that identification can be
improved using data on safe haven assets, we find that the results hold also when using
the price of silver rather than gold in constructing the proxy for the uncertainty shock
(Figure H23). When using the proxy constructed on Treasury bonds we find that the
restrictions were never satisfied, possibly reflecting the very limited strength of these
candidate proxies, as documented in Section B of the appendix.

Identification with proxies based on dummy variables fails to detect the difference
between uncertainty and news shocks documented by the proxy SVAR and predict a
more hump-shaped response to the uncertainty shock (Figure H26 and Figure H27).
This might be due to the more limited ability of a simple dummy to control for first-
moment effects associated with the events, relative to the price of a safe haven asset.
Turning to the instruments used by Stock and Watson (2012), the result that the
uncertainty shock affects the real variables already on impact also broadly hold when

using as proxy for the uncertainty shock the component of the policy uncertainty index
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by Baker et al. (2016) (Figure H29). On the contrary, using as proxy for the uncertainty
shock the residual on the AR(2) on the VIX delivered dynamics of the uncertainty
shock that resembled the ones associated with the news shock (Figure H28). The
results also hold when the proxy for the news shock is computed as the principal
component of only the shocks by Barsky and Sims (2011) and by Kurmann and Otrok
(2013) or only the shocks by Beaudry and Portier (2014) (Figure H30).

In Section F we used a measure of relative impulse response distance to compare
the difference between the impulse responses from the recursively identified shock and
from the two shocks identified in the proxy SVAR. Our baseline result also holds across
all the alternative reduced form specifications considered. Table H7 shows that the
measure of relative impulse response distance was hardly ever below unity for the
variables capturing monetary policy and the real economy. This confirms the results
from Table F2.

We conclude the discussion by noticing that the correlation among the estimated
uncertainty shocks when using alternative proxies for the uncertainty shock are over-
all very high (Table H6). In particular, the correlation between the uncertainty shock
estimated using the baseline proxy and using alternative proxies like the dummy va-
riables or the instruments by Stock and Watson (2012) is on the order of magnitude
of 0.80. This correlation remains high and around 0.65 when using the price of sil-
ver, suggesting that the estimated uncertainty shock is overall robust to alternative

specifications.
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H Additional Figures and Tables

Figure H5: Distribution of the proxy for the uncertainty shock
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Table H3: Events used in the baseline specification, out of the 117 events collected

+# Date Apgoiq  Event

1 25 Apr 1980 +7.04% Failure of Operation Eagle Claw in the Iranian crisis announced
2 11 Sep 2001 45.75% 9/11 attack

3 15 Sep 2008 +3.87% AIG asks for lending + Lehman Brothers

4 02 Aug 1990 +3.22% Iraq invades Kuwait, Gulf War I

5 19 Oct 1987 +3.06% Black Monday

6 03 Jun 1989 +1.72% Tienanmen Square

7 04 Nov 1979  +1.39% Iran: hostages in US embassy

8 07 Jul 2005 +1.03% London bombing

9 19 Aug 1991 +0.84% Attempted coup in Moscow

10 29 Apr 1986 +0.67% News of Chernobyl disaster reaches the West

11 23 Sep 1998 +0.59% LTCM default

12 12 Sep 2012  +0.35% German Court approves ESM

13 21 Jul 2002 +0.34% Worldcom bankruptcy

14 14 Sep 2007 +0.32% Northern Rock receives liquidity support by the Bank of England
15 11 Mar 1985 +0.26% Start of Perestroika, Gorbachev’s speech in Leningrad
16 10 Oct 1980 40.26% Earthquake destroys Algeri

17 21 Dec 1988 +0.23% Lockerbie bombing, Libyan terrorists crash the Pan Am Flight
18 13 Nov 1985 +0.15% Volcanic Eruption in Columbia, 30,000 dead

19 19 Sep 1985 +0.13% Earthquake in Mexico, 15,000 dead

20 11 Mar 2011  40.12% Fukushima evacuation order

21 10 Jun 2014 40.00% IS seizes Mosul

22 02 Dec 2001  -0.09%  Enron bankruptcy

28 01 Apr 1982  -0.12%  Argentina invades Falkland Islands

24 09 Nov 1989 -0.17%  Fall of Berlin Wall

25 07 Gen 2015 -0.27%  Charlie Hebdo attack

26 05 Jul 2015  -0.32%  Greek referendum supports Tsipras

27 07 Aug 1998 -0.56% US embassy bombing, Kenia and Tanzania

28 07 Dec 1988  -0.56%  Earthquake in Armenia 25,000 dead

29 02 Jul 1997 -0.67% Thailand unpegs currency

30 21 Nov 2013 -0.68%  Ukraine rejects EU association agreement

31 11 Mar 2004 -0.71% Madrid train bombing

32 17 Oct 1989  -0.75% Loma Prieta earthquake (California)

33 24 Mar 1989 -0.92% Exxon-Valdes hits ground and leaks 40,000 tons of oil
34 09 Nov 2011 -1.01% Berlusconi announces resignation

35 10 May 2010 -1.16% EFSF adopted

36 15 Apr 2013 -1.22%  Boston marathon bombing

37 01 Feb 1979  -1.31% Khomeini returns to Tehran

38 26 Gen 1980 -5.84%  Israel and Egypt establish diplomatic relations

Notes: The table lists the events used in the baseline specification of the model. The results are robust to
alternative combinations of events used, as discussed in Section G of the paper.

32



Table H4: Average absolute correlation among groups of estimated shocks

This paper Stock and Watson (2012)
Uncertainty News ‘ Oil  Monet. Prod. Uncert. Financ. Fiscal
Uncertainty 1.00
News 0.04 (.01/.12) 1.00
Oil  0.18 (.117.24) 0.08 (os/.16) | 0.45
Monetary  0.24 (17/.32)  0.10 (.06/.19) | 0.28 0.37
Productivity  0.12 o6/.179  0.09 (.07/.17) | 0.51 0.31 0.67
Uncertainty  0.42 (527550 0.44 (24747 | 0.36 0.35 0.22 0.78
Financial  0.37 (28/.51) 0.40 (.2s/.46) | 0.24 0.34 0.16 0.73 0.66
Fiscal 0.27 (17320  0.13 (o07/.22) | 0.20 0.51 0.24 0.12 0.21 0.59

Notes: The table is a summary of Table H5. Table H5 shows the correlations among each of
the shocks estimated in Stock and Watson (2012) and the shocks estimated in our paper. The
table here, instead, summarises the individual correlations in Table H5 by averaging the absolute
values of correlations among the different groups of shocks. Since the factor model by Stock and
Watson (2012) estimates shocks at a quarterly frequency, we first aggregate to this frequency the
uncertainty and news shocks estimated in our paper.
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Table H6: Correlation among uncertainty shocks estimated using alternative
proxies for the uncertainty shock

Gold Silver  Platinum VXO D0/1 D0/1 Uvrx UsgsD
events VXO by SW by SW

Gold 1.00

Silver 0.65 1.00
40/.78

Platinum -0.13 0.33 1.00
-.20/.26 .05/.61

VXO 0.85 0.35 -0.11 1.00
.59/.92  .11/.65  -.25/.29
Do/ 0.79 0.55 0.27 0.88 1.00
events .61/.88  .27/.71 .16/.56 .63/.92
Dy 0.79 0.60 0.33 0.82 0.89 1.00
VXO .67/.89  .36/.74 .21/.58 .56/.91  .69/.95
Uvrx 0.72 0.67 0.46 0.70 0.89 0.89 1.00

by SW .51/.84  .35/.81 .82/.70 45/.80 .62/.92  .62/.95

Upsp 0.70 0.50 -0.02 0.78 0.80 0.56 0.56 1.00
by SW 45/.79  .25/.74 -18/.41 .52/.89  .56/.88 .35/.75  .30/.70

Notes: The table reports the correlations among the uncertainty shocks estimated using
alternative proxies for the uncertainty shock. The frequency of the estimated shocks is
monthly. The correlations among the shocks corresponding to the eight proxies considered
are reported among the median target models, together with the 90% band computed
by first calculating the correlation structure within each bootstrapped model, and then
replicating the analysis for all bootstrapped models.

1) Gold: proxy constructed on the intradaily price of gold around the baseline events
(baseline specification);

2) Silver: proxy constructed on the daily price of silver around the baseline events;

3) Platinum: proxy constructed on the daily price of platinum around the baseline events;
) VXO: proxy constructed on the VXO around the baseline events;

) Dy/1 events: proxy equals dummy taking value of 1 on baseline events;

) Dy/1 VXO: proxy equals dummy taking value of 1 when VXO reaches the peaks used
by Bloom (2009);

7) Uyxo by SW: proxy equals first instrument for the uncertainty shock used by Stock
and Watson (2012), which is the residual on an AR(2) process on the VIX;

8) Uppp by SW: proxy equals second instrument for the uncertainty shock used by Stock
and Watson (2012), which is the common component of policy uncertainty index;

The proxies listed in Table B1 and not reported here are proxies for which it was not
possible to find representations that satisfied the identifying restrictions.

4
)
6
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Table H7: Relative distance among impulse responses using alternative reduced form

specifications
horizon 1:4 horizon 1:12 horizon 1:24

RW CEE RW CEE RW CEE

S&P 500 0.01 0.01 0.01 0.01 0.01 0.02
[0.67, 0.06, [0.68, 0.01, [5.30, 0.05, [2.48, 0.02, [6.52, 0.05, [2.99, 0.02,
0.03, 0.06, 0.01, 0.01, 0.04, 0.06, 0.03, 0.03, 0.04, 0.06, 0.04, 0.04,
0.03, 0.16, 0.01, 0.04, 0.04, 0.17, 0.03, 0.15, 0.04, 0.17, 0.07, 0.25,
0.40, 0.04] 0.13, 0.01] 0.39, 0.04] 0.21, 0.04] 0.39, 0.04] 0.28, 0.10]

Uncertainty 0.02 0.26 0.03 0.24 0.10 0.83
[8.73, 0.14, [8.04, 0.51, [5.65, 0.22, [6.50, 1.51, [6.57, 0.22, [6.50, 0.81,
0.01, 0.00, 0.09, 0.06, 0.02, 0.03, 0.26, 0.20, 0.09, 0.07, 1.70, 0.76,
0.02, 0.01, 0.13, 0.18, 0.09, 0.06, 0.80, 0.30, 0.11, 0.06, 0.75, 0.30,
0.01, 0.01] 0.07, 0.10] 0.08, 0.01] 0.11, 0.10] 0.5, 0.01] 1.17, 0.13)

Fed funds 3.51 5.17 6.27 9.60 9.09 12.30
rate [1.47, .08, (2.20, 4.79, [8.11, 4.12,  [8.09, 6.52,  [4.17, 1.90,  [3.48, 2.93,
3.40, 1.56, 5.39, 2.80, 8.84, 0.37, 8.82, 1.46, 12.36, 0.21, 10.14, 0.97,
1.91, 348.75, 3.45, 127.80, 7.66, 11.11, 9.50, 40.71, 21.45, 5.90, 17.53, 22.01,
1.21, 1.85] 2.19, 2.26) 3.58, 1.74)] 5.70, 8.13] 2.00, 1.60)] 4.02, 5.22)

Wage 3.24 3.55 2.61 2.37 2.58 2.45
[0.89, 1.1, [0.97, 1.09, [0.49, 0.80,  [0.54, 0.91,  [0.46, 0.73,  [0.43, 0.86,
1.00, 0.75, 0.79, 0.43, 0.96, 0.49, 0.79, 0.40, 0.97, 0.48, 0.92, 0.40,
0.73, 1.09, 0.64, 0.98, 0.44, 0.94, 0.43, 1.06, 0.41, 0.96, 0.42, 1.68,
0.15, 9.86] 0.19, 5.81] 0.12, 4.53) 0.15, 1.82] 0.11, 4.43) 0.11, 1.64)]

CPI 0.13 0.16 0.18 0.35 0.22 0.69
[0.62, 0.6, (1.17, 0.74, [0.14, 1.17,  [0.34, 0.99,  [0.15, 2.54,  [0.21, 1.70,
0.05, 0.12, 0.02, 0.11, 0.07, 0.13, 0.11, 0.14, 0.09, 0.13, 0.23, 0.15,
0.39, 0.30, 0.45, 0.61, 0.39, 0.36, 0.70, 1.69, 0.41, 0.40, 1.12, 2.01,
0.15, 0.07] 0.19, 0.07] 0.12, 0.09] 0.15, 0.14] 0.11, 0.09] 0.11, 0.22]

Hours 10.27 45.62 2.16 10.43 1.64 7.68

[8.97, 12.31, [88.33, 89.78, [29.08, 1.22, [87.99, 2.2,  [5.68, 1.17,  [4.95, 2.50,
7.18, 5.93, 24.65, 21.48,  9.84, 4.66,  32.27, 18.20,  7.62, 1.92,  22.46, 6.49,

2.67, 2.71, 5.40, 5.28, 0.97, 4.97, 2.81, 8.58, 0.48, 4.25, 1.10, 8.14,
6.52, 5.65) 38.99, 15.23] 3.78, 4.38] 12.14, 13.56] 2.38, 5.21] 6.24, 15.54]
Employment 15.63 53.84 4.18 13.07 4.10 11.16
[7.51, 18.85,  [15.74, 92.89,  [4.90, 0.93,  [9.77, 5.09,  [1.11, 0.89,  [2.58, 1.84,
45.84, 5.44, 167.54, 11.95, 29.65, 1.81, 96.39, 5.00, 30.21, 1.80, 97.98, 4.92,
5.25, 2.28, 9.70, 4.16, 1.67, 2.13, 3.38, 4.29, 0.96, 2.15, 1.55, 4.86,
7.77, 5.59] 22.55, 12.82] 2.49, 5.13] 5.57, 12.88] 2.77, 6.02] 8.47, 22.54]
Industrial 13.54 12.91 9.33 9.84 8.10 6.30
production [7.63, 12.96,  [14.16, 56.77, [14.73, 0.74, [16.36, 3.26, [19.40, 0.44, [17.34, 1.75,
10.57, 6.68, 14.80, 9.59, 9.48, 4.11,  11.86, 6.42,  9.65, .04,  15.26, 6.50,
10.43, 1.03, 10.20, 1.95, 4.09, 1.10, 3.89, 2.33, 3.90, 1.11, 3.837, 2.87,
4.80, 9.18) 5.69, 11.29]  2.19, 8.42]  8.10, 12.16]  2.29, 8.48]  4.84, 14.43)
Notes: The table shows the measure of relative impulse response distance 7;”’:;’; , with d; ; defined

in equation (F.31) of the paper. A value greater than 1 indicates that the impulse response to
the uncertainty shock identified recursively resembles more the impulse response to the news shock
rather than to the uncertainty shock from the proxy SVAR. The alternative model specifications
for the results reported in brackets correspond (in the following order) to Figure H11, Figure H12,
Figure H13, Figure H14, Figure H15, Figure H16 and Figure H17.
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Figure H6: Data used in the baseline specification of the VAR model
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Figure H7: Historical decomposition for uncertainty shocks, subperiod 1963-1989
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Notes: We report the data as it enters the model (solid black line) and the data after subtracting,
at each time ¢, the cumulative effect of the uncertainty shocks between 1962M8 and time t. To
make the figure clearer, we report here the decomposition for the subperiod 1963M1-1989M12.
We report decompositions for all variables in the VAR except wages and consumer prices because
they are hardly affected by the shock. The decomposition for the period 1990M1-2015M6 is
shown in Figure HS.
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Figure H8: Historical decomposition for uncertainty shocks, subperiod 1990-2015
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Notes: We report the data as it enters the model (solid black line) and the data after subtracting,
at each time ¢, the cumulative effect of the uncertainty shocks between 1962M8 and time ¢. To
make the figure clearer, we report here the decomposition for the subperiod 1990M1-2015M6.
We report decompositions for all variables in the VAR except wages and consumer prices because
they are hardly affected by the shock. The decomposition for the period 1963M1-1989M12 is
shown in Figure H7.
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Figure H9: Historical decomposition for news shocks, subperiod 1963-1989
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Notes: We report the data as it enters the model (solid black line) and the data after subtracting,
at each time ¢, the cumulative effect of the uncertainty shocks between 1962M8 and time t. To
make the figure clearer, we report here the decomposition for the subperiod 1963M1-1989M12.
We report decompositions for all variables in the VAR except wages and consumer prices because
they are hardly affected by the shock. The decomposition for the period 1990M1-2015M6 is
shown in Figure H10.
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Figure H10: Historical decomposition for news shocks, subperiod 1990-2015
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Notes: We report the data as it enters the model (solid black line) and the data after subtracting,
at each time ¢, the cumulative effect of the news shocks between 1962M8 and time ¢. To make the
figure clearer, we report here the decomposition for the subperiod 1990M1-2015M6. We report
decompositions for all variables in the VAR except wages and consumer prices because they are
hardly affected by the shock. The decomposition for the period 1963M1-1989M12 is shown in
Figure H9.
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Figure H11: Impulse responses, with all variables entering in levels
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Note: Impulse responses of the median target model, together with the pointwise 95% and 68%
bands based on 1000 bootstrap replications.
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Figure H12: Impulse responses, with all variables entering the model as in the
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Note: Impulse responses of the median target model, together with the pointwise 95% and 68%
bands based on 1000 bootstrap replications.
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Figure H13: Impulse responses, using alternative lags for the estimated reduced form
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Note: Pointwise 95% bands computed on 1000 bootstrap replications, for a VAR model estimated

with 5 lags (baseline specification, shaded area), 3 lags (solid line) and 7 lags (dotted line).
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Figure H14: Impulse responses, adding the Excess Bond Premium by Gilchrist and
Zakrajsek (2012)
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Note: Pointwise 95% bands computed on 1000 bootstrap replications, shown when including the

baseline variables (baseline specification, shaded area) or the baseline variables plus the Excess
Bond Premium by Gilchrist and Zakrajsek (2012), ordered as the second variable (solid line).
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Figure H15: Impulse responses, replacing the VXO with the measure of uncertainty by
Jurado et al. (2015)
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Note: Pointwise 95% bands computed on 1000 bootstrap replications, measuring uncertainty using
the VXO (baseline specification, shaded area) or the measure by Jurado et al. (2015) (solid line).
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Figure H16: Impulse responses, replacing the VXO with the measure of uncertainty by
Bachmann et al. (2013)

Uncertainty shock News shock Uncertainty shock (Cholesky)
3 ol 2o L o SRem—m—m———
w0 1 s -1 s -1
a -2 o -2 o -2
% -3 S -3 RS -3
5 10 15 20 5 10 15 20 5 10 15 20
O 2 T2 T2
X1 . ‘ 31 a1
0 0 0
Q 5 10 15 20 5 10 15 20 5 10 15 20
2 015 3 015 8 015
© 0.1 /\ g Ol S 0.1 \
o 0.05\ & o5, — —— 2 0.05\
S 0 9] 0 g 0
o -0.05 ?‘DE -0.05 E -0.05
wWao
g 5 10 15 20 @ 5 10 15 20 @ 5 10 15 20
o 20 S 0p—~— £ 2
5 0 : g o g o
S22 Y 020 o 20
S 40 @ -40 @ -40
E 5 10 15 20 oM 5 10 15 20 oM 5 10 15 20
2] )]
o 0.05 £ 005N £ 0.05
% 0 //“N’" — 6 O ~— 6 0 '/\—-\
= -0.05 2 .0.05 2 -0.05
0.1 ] -01 X -01
5 10 15 20 5 10 15 20 5 10 15 20
2 a
5 005 € 0.05 ~~—u £ 005
o O E;ﬂ 8 Of s 8 0
-0.05 ¥ -0.05 ¥ -0.05 N~
5 10 15 20 5 10 15 20 5 10 15 20
2 0 T 0N 3 0
> > >
2005 5\747 3-005{ N\__— 3 -005
0.1 -0.1 -0.1
= 5 10 15 20 5 10 15 20 5 10 15 20
2 @2 [4)
0 = 0 c 0
> -0.05 T — 8 005N\ — 8005~
< 0.1 =~ -0.1 = -0.1
£--0.15 X -0.15 X -0.15
s} 5 10 15 20 5 10 15 20 5 10 15 20
© 0.2 @2 02 2 02
B ) o N=Za
© .02 2 .0.2 2 0.2
Q.04 X -0.4 X -0.4
= 5 10 15 20 5 10 15 20 5 10 15 20
- months months months

Note: Pointwise 95% bands computed on 1000 bootstrap replications, measuring uncertainty using
the VXO (baseline specification, shaded area) or the measure by Bachmann et al. (2013).
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Figure H17: Impulse responses, ordering the VXO as the first variable rather than the

second
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Note: Pointwise 95% bands computed on 1000 bootstrap replications, shown using the baseline
ordering of the variables (shaded area) or switching the ordering of the first two variables and
allowing the recursive identified uncertainty shock to affect on impact also the financial variable

(solid black line).
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Figure H18: Impulse responses, using exact- rather than set-identification
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Note: Pointwise 95% bands computed on 1000 bootstrap replications, using the set-identification

(baseline specification, shaded area) or using exact identification for the uncertainty shock and for

the news shock separately (solid line). In the third column, we show the response to a shock of one

standard deviation (solid line) and to a shock normalized as discussed in Section 5.3 of the paper

(baseline specification, shaded area).
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Figure H19: Impulse responses, using different values of ¢ in equation (9b)
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Note: Pointwise 95% bands computed on 1000 bootstrap replications, using for the identifying
restrictions from (9b) ¢ = 0.10 (baseline specification, shaded area), 1 = 0 (solid black line),
1 = 0.05 (dotted black line), ¢ = 0.15 (solid blue line) and 1) = 0.20 (dashed blue line).
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Figure H20: Impulse responses, using alternative selections of events in the construction
of the proxy for the uncertainty shock
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Note: Pointwise 95% bands computed on 1000 bootstrap replications, shown when constructing the
proxy for the uncertainty shock on the baseline events (baseline specification, shaded area), on all
117 events (solid black line) or on the baseline events under the condition that they were associated
with an increase in the price of gold (dotted blaclglline).



Figure H21: Impulse responses, using alternative selections of events in the construction
of the proxy for the uncertainty shock
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Note: Pointwise 95% bands computed on 1000 bootstrap replications, shown when constructing the
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Figure H22: Impulse responses, aggregating the uncertainty shock as in Gertler and
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Note: Pointwise 95% bands computed on 1000 bootstrap replications, shown after aggregating the

daily proxy to a monthly frequency using the sum within month (baseline specification, shaded

area) or using the aggregation by Gertler and Karadi (2014) (solid line).
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Figure H23: Impulse responses, constructing the proxy for the uncertainty shock from
the variations of the price of silver
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Note: Pointwise 95% bands computed on 1000 bootstrap replications, computing the proxy for the

uncertainty shock from the price of gold (baseline specification, shaded area) or from the price of

silver (solid line).
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Figure H24: Impulse responses, constructing the proxy for the uncertainty shock from
the variations of the price of platinum
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Note: Pointwise 95% bands computed on 1000 bootstrap replications, computing the proxy for the
uncertainty shock from the price of gold (baseline specification, shaded area) or from the price of

platinum (solid line).
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Figure H25: Impulse responses, constructing the proxy for the uncertainty shock from
the variations of the VXO around the baseline events
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Note: Pointwise 95% bands computed on 1000 bootstrap replications, computing the proxy for the

uncertainty shock from the price of gold (baseline specification, shaded area) or from the daily

variations in the VXO around the baseline events (solid line).
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Figure H26: Impulse responses, using as proxy for the uncertainty shock a dummy
variable taking value 1 when a baseline event occurred
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Note: Pointwise 95% bands computed on 1000 bootstrap replications, using as proxy for the

uncertainty shock the proxy based on the price of gold (baseline specification, shaded area) or a

dummy variable taking values 0/1 when a baseline event occurred (solid line).
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Figure H27: Impulse responses, using as proxy for the uncertainty shock the dummy
variable by Bloom (2009)
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Note: Pointwise 95% bands computed on 1000 bootstrap replications, using as proxy for the

uncertainty shock the proxy based on the price of gold (baseline specification, shaded area) or a
dummy variable taking values 0/1 when the VXO reached the peaks used by Bloom (2009) (solid

line).
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Figure H28: Impulse responses, using as proxy for the uncertainty shock the first
instrument for the uncertainty shock by Stock and Watson (2012)
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Note: Pointwise 95% bands computed on 1000 bootstrap replications, using as proxy for the

uncertainty shock the proxy based on the price of gold (baseline specification, shaded area) or the

residual from an AR(2) regression on the VIX (solid line).
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Figure H29: Impulse responses, using as proxy for the uncertainty shock the second
instrument for the uncertainty shock by Stock and Watson (2012)
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Note: Pointwise 95% bands computed on 1000 bootstrap replications, using as proxy for the
uncertainty shock the proxy based on the price of gold (baseline specification, shaded area) or the
common component of the policy uncertainty index by Baker et al. (2016) (solid line).
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Figure H30: Impulse responses, using alternative proxies for the news shock
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Note: Pointwise 95% bands computed on 1000 bootstrap replications, using as proxy for the news
shock the first principal component of all the estimated shocks listed in footnote 8 (baseline
specification, shaded area), of the shocks reflecting the identification strategies by Barsky and Sims
(2011) and by Kurmann and Otrok (2013) (solid line) or of the shocks reflecting the identification
strategy by Beaudry and Portier (2014) (dotted lélie).
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