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Abstract

What drives macroeconomic tail risk? To answer this question, we borrow a definition
of macroeconomic risk from Adrian ef al. (2019) by studying (left-tail) percentiles of the
forecast distribution of GDP growth. We use local projections (Jorda, 2005) to assess how
this measure of risk moves in response to economic shocks to the level of technology,
monetary policy, and financial conditions. We find that contractionary shocks dispro-
portionately increase downside risk, independently of what shock we study. Our results
confirm that accounting for financial conditions is crucial for modeling the transmission

of economic shocks to macroeconomic tail risk.

Keywords: Macroeconomic Risk, Shocks, Local Projections
JEL Classification: C21, C53, E17, E37

We thank Marvin Noller for excellent research assistance. We also want to thank Danilo Cascaldi-Garcia,
Dario Caldara, Fabio Canova, Giovanni Favara, Domenico Giannone, Ricardo Reis, Erick Sager, Rosen Valchev,
and Alex Wolman as well as seminar/workshop participants at the Chinese University of Hong Kong, the
University of Bonn, the International Finance Workshop on Quantile Regressions at the Board of Governors,
the 2019 IAAE conference, and the "Modeling The Macroeconomy in Risky Times" Workshop in St. Louis for
helpful comments.

Disclaimer: The views presented herein are those of the author and do not necessarily reflect those of the
Federal Reserve Board, the Federal Reserve Bank of Richmond, the Federal Reserve System or their staff.
“Board of Governors of the Federal Reserve System, francesca.loria@frb.gov.
*Indiana University & Federal Reserve Bank of Richmond, matthesc@iu.edu.
Hnstitute for Macroeconomics and Econometrics — University of Bonn, donghai.zhang@uni-bonn.de.


mailto:francesca.loria@frb.gov
mailto:matthesc@iu.edu
mailto:donghai.zhang@uni-bonn.de

1 Introduction

Economic policymakers and market participants are generally not only worried about what
changes to economic conditions will do to the economy on average, but also how these
changes affect both the probability of large harmful events occurring as well as the mag-
nitude of these events.! We borrow the concept of value-at-risk from the finance literature to
operationalize the concept of macroeconomic tail risk. To be more precise, we follow Adrian
et al. (2019) and study the distribution of macroeconomic risk by estimating a quantile fore-
cast regression of real GDP growth over the next year for various quantiles. We focus on the
10th percentile and, as reference points, the median and 90th percentiles. We interpret this
10th percentile of the predictive distribution of future GDP growth as macroeconomic tail risk.
Our contribution relative to Adrian ef al. (2019) is that we ask how macroeconomic risk is
shaped by various structural shocks. To do so, we use local projections (Jorda, 2005) that
estimate the effects of these shocks on the risk measure introduced by Adrian ef al. (2019).
In particular, we consider shocks to the level of technology, monetary policy, and financial
conditions. Doing so, we follow the large literature that directly uses measures of (or instru-
ments for) structural shocks—see for example Ramey (2016), Romer and Romer (2004), or
Coibion and Gorodnichenko (2012).

Standard impulse response functions in linear models such as Vector Autoregressions (VARs)
are not built to answer these questions as they track average outcomes. While fully paramet-
ric VARs that specify the probability distribution of the one-step ahead forecast error could
be used to derive such measures of risk, these VARs put many restrictions on the behavior of
forecast densities.” Our goal is to provide a flexible, yet simple framework that can directly
tackle these issues. A flexible approach is useful when studying GDP growth because GDP
growth is far from Gaussian, as can be seen from papers that interpret the non-normality in
GDP growth as coming from fat tails and /or stochastic volatility (Fagiolo ef al., 2008, Cardia
et al., 2014, Primiceri, 2005, and Justiniano and Primiceri, 2008).

With the 10th percentile as well as the median and the 90th percentile in hand from our first-
stage quantile regressions, we can further follow in the footsteps of Adrian ef al. (2019) and
tit a flexible (skewed-t) distribution to match various estimated quantiles. We can thus trace
out how the entire predictive distribution of average future real GDP growth changes after

IFor research emphasizing that the Federal Reserve is concerned by downside risk, see Kilian and Man-
ganelli (2008). For direct evidence of a policymaker thinking about downside risk (which we will use synony-
mously with tail risk), see this March 2019 speech by Lael Brainard, member of the Board of Governors of the
Federal Reserve System: https://www.federalreserve.gov/newsevents/speech/brainard20190307a.htm.

2Even non-linear time series models such as VARs with stochastic volatility and time-varying parameters
along the lines of Cogley and Sargent (2005) and Primiceri (2005) impose substantial structure. Carriero ef al.
(2019) propose an extension to the standard stochastic volatility structure embedded in these models that helps
to capture tail risks.


https://www.federalreserve.gov/newsevents/speech/brainard20190307a.htm

a shock hits the economy. We view these changes as summarizing the effect of shocks on the
economic outlook. With this distribution at hand, we can ask how the occurrence of economic
shocks changes the probability of seeing real GDP contract over the next year.

One key point to emphasize is that our approach is constructed to be as flexible as possible:
In the initial quantile regression stage, we model each quantile separately instead of assum-
ing a specific distribution for the forecast distribution of real GDP growth. In the second
stage, we use local projections to impose as few restrictions on the data generating process
as possible.” Just as Adrian ef al. (2019), we only use the skewed-t distribution after having
estimated the quantiles separately.

A common pattern emerges when we study our shocks: Expansionary shocks compress
the distribution of future GDP growth, thus making “bad” outcomes (those in the left tail)
more tolerable. Unfortunately, as we show later, this result also implies that contractionary
shocks make the 10th percentile fall more than the median—hence leading not only to poor
average outcomes, but also to a further increase in downside risk. Complementing the anal-
ysis in Adrian ef al. (2019), we find that the key channel through which shocks affect macroe-
conomic risk is via their effect on financial conditions.

The remainder of the paper is organized as follows. Section (2) presents our econometric
methodology. Section (3) provides an intuition for how shocks might affect the shape of the
distribution in different manners. Section (4) presents the main findings, Section (5) builds

economic intuition and Section (6) concludes.

2 Econometric Methodology

Our approach consists of two steps, which we outline in this section. First, we compute a
measure of macroeconomic tail risk following Adrian ef al. (2019). Our second step then uses
local projections (Jorda, 2005) to assess how structural shocks affect macroeconomic risk and
the predictive distribution of average future real GDP growth more generally.

2.1 Conditional Quantiles

We compute conditional quantiles for real GDP growth following the method proposed by
Adrian et al. (2019). In particular, we run a quantile regression (Koenker and Bassett, 1978)
for the annualized average growth rate of real GDP between t and ¢ 4 4 (where t indicates
quarters) by conditioning on a constant, the National Financial Conditions Index (NFCI),
and real GDP growth at time ¢. *

3As shown by Plagborg-Maller and Wolf (2019), local projections and VARs asymptotically estimate the
same impulse responses, but are on diametrically opposite ends of the bias-variance trade-off in finite samples.
*Our choice of conditioning variables (see A) is the same as in Adrian ef al. (2019).
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Formally, let y;,;, denote the value of real GDP growth between t and t + h and let x;
denote a vector of conditioning variables, then the quantile regression solves the following

optimization problem:

T—h
Y = argmin Z (T' ﬂ(yt+h2xt7r)|yt+h — X[+ (1=7) Liys <) Yen — xt’YT|> , (2D
yrERF =1
where 1.y denotes the indicator function and 7 € (0,1) indicates the Tth quantile. The quan-
tile of y;,, conditional on x; is then given by the predicted value from that regression’,

defined as
Qyt+h\xt(r|xt) = 'xt/)\/T = q’[’,i" (22)

Note that this approach does not require us to make any distributional assumptions about
the error term in the quantile regression. Appendix A plots g for various values of 7. In

the following, we will analyze how different quantiles react to aggregate shocks.”

2.2 Impulse Responses

We estimate responses of different real GDP growth quantiles to a variety of aggregate
shocks by applying the local projection method based on Jorda (2005). As a baseline, we

run the following linear regression:
Gt tts = &rs + Brsshocky + ¥ (L) scontrolsy + € p+s, (2.3)

fors =0,...,S and where g+, is the measure of risk at period ¢ + s for the Tth quantile (i.e.,
the quantile T of the distribution of y; ., conditional on information at time ¢t + s) com-
puted in the previous section, shock; is the structural shock of interest, and ¥ (L) scontrols; is
a lag polynomial of control variables which include the lagged quantiles and model-specific
controls that we will discuss in detail later.” Note that there are two distinct notions of “hori-
zon” in our application. First, the horizon in the quantile regression /1, which we keep fixed
at 4 quarters. This first horizon captures how forward looking our measure of risk is. The
second notion of horizon is s in the local projection, which we vary as we trace out how risk
responds at different horizons to a shock at time t. The response of quantile g; at time t + s
to a shock at time ¢ is then given by Bs.

>While Adrian ef al. (2019) point out that the predicted value of y;,, for any given 7 is the conditional
quantile at t + h (conditional on time ¢ information), we label the predicted value as today’s risk.

Tt might be worthwhile to emphasize that x; does 1ot contain direct measures of structural shocks them-
selves, but only real GDP growth and the NFCIL.

"To be specific, we have Y (L)¢s = Y1rsL + Yo,r5L? + ... + i 1,sLX so that ¥ (L) scontrols; only contains
lags of the control variables.



We construct the impulse-response functions by the estimating the sequence of the Bs’s

in a series of univariate regressions for each horizon. Confidence bands are based on Newey-
West corrected standard errors that control for serial correlation in the error terms induced
by the successive leading of the dependent variable.”
At this point it is useful to contrast our approach with another approach that aims to com-
bine quantile regressions with local projections, an approach advocated for by Linnemann
and Winkler (2016). We want to interpret the 10th percentile of 4-quarters ahead GDP
growth as a measure of downside risk and we then ask how this measure of risk reacts
to different shocks. We study a number of shocks and find it useful to use the same quantile
(or measure of risk) for all shocks we study in our local projections. Linnemann and Winkler
(2016), instead, are interested in one shock only and model the conditional quantiles condi-
tional on, among other things, a fiscal shock and thus include the shock directly in the quantile
regression. Linnemann and Winkler (2016) cannot distinguish between the two horizons h
and s that we emphasized above (given that they ask a different question, they probably
would not want to).” An advantage of their approach is that they do not require a separate
step to estimate the quantiles. We show later in section 5 that the asymmetry we emphasize
is also present when directly estimating the effects of shocks via quantile regressions in a
one-step approach, along the lines of Linnemann and Winkler (2016).

2.3 From Quantiles to Probabilities

With impulse responses to various quantiles at hand, we fit a flexible distribution to the esti-
mated GDP growth quantiles after each shock. Why is it worthwhile to recover an estimate
of the entire distribution? With such a distribution at hand, we can (i) get a better sense of
how the entire distribution of real GDP growth shifts after a shock, and (ii) ask how a shock
changes the probability of a contraction in real GDP (an exercise we carry out later).

Our flexible distribution is the skewed-t distribution developed by Azzalini and Capi-
tanio (2003) and used by Adrian ef al. (2019). It is given by the following density function

80n the right-hand side regressions we use both estimated lagged quantiles and shock series that gener-
ally also have been constructed via auxiliary regressions. Note that even in the presence of these generated
regressors our parameter estimates are consistent (see Murphy and Topel, 1985). Previous literature has found
(Coibion and Gorodnichenko, 2012) that it is usually not necessary to adjust standard errors because of the
generated regressor nature of the shock series. For the right hand-side lagged quantiles, further evidence that
our approach is not delivering misleading estimates is provided in section 5, where we directly estimate the
same asymmetries using quantile regressions that do not use lagged quantiles as right-hand side variables.

9 Another approach in empirical macroeconomics that uses quantile regressions is introduced in Mumtaz
and Surico (2015), who use quantile autoregressive models to study state dependence in the consumption-
interest rate relationship. Recent work that combines quantile regressions with VAR models to estimate im-
pulse responses is presented in Chavleishvili and Manganelli (2017) and Kim ef al. (2019).
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for a data point y:

f(y|Pl,0,oc,v):§t(y_y;v> vl P vl s v+11. (2.4)

2
’ T\ ()

Asdiscussed in Adrian et al. (2019), t and T are the density and cumulative distribution func-

tion of the common t-distribution, y is a location parameter, ¢ is a scale parameter, v con-
trols how fat the tails are (similar to the degrees of freedom in the common ¢-distribution),
whereas a governs skewness because it controls how much the standard ¢-distribution is
twisted (or skewed) according to T.

To translate the shocked quantiles to densities, we start with the average distribution of
real GDP growth four quarters ahead using the sample of Adrian et al. (2019).! We then
calculate the impulse responses of the 5th, 25th, 75th, and 95th quantiles] l'to a given shock.
Finally, at each impulse response horizon, the four parameters of the skewed-t distribution
are set so as to exactly match those four quantiles.

3 Some Intuition for Impulse Responses of Quantiles

This section gives three examples where an initial distribution of a variable changes after
a shock hits. We show these examples to illustrate how a change in quantiles is linked to
changes in the distribution as a whole and how changes in specific moments translate into
changes in quantiles. Our scenario is as follows: After an initial distribution of a scalar
variable is hit by a shock, we trace out how this distribution changes on impact and in the
period after impact. We consider three experiments:

1. The shock leads to an increase in the variance of our distribution, which is Gaussian.
2. The shock leads to an increase in the mean of our distribution, which is Gaussian.

3. The shock leads to an increase in the shape parameter of our distribution, which is
distributed according to a Gamma distribution.

Figure 1 plots three panels for each experiment. The first panel in each row shows the initial
distribution, the distribution when the shock hits, and the distribution in the period after
the shock has materialized. The middle panel in each row shows the evolution of the 10th

10A plot of this average distribution can be found in the Appendix.

HFollowing Adrian ef al. (2019), we use impulse responses for the 5th, 25th, 75th, and 95th percentiles to
match the percentiles that Adrian ef al. (2019) used to compute the distributions in their paper. We show the
impulse responses for those quantiles in Appendix E. They tell the same story as our choice of percentiles.
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and 90th percentile for those three periods. The last panel in each row gives the impulse
responses for the 10th and 90th percentiles under the assumption that if the shock that moved the
distributions had not taken on the specific value that led to the distribution moving, the distribution

would have remained at its original position.'?

As the impulse response plots the difference
between the relevant percentiles and the original values, the impulse response figures only
show values for two time periods (the period where the shock hits and the period after).
Each row presents the figures for one experiment. Note that the levels of the percentiles
are not directly interpretable as IRFs because we do not subtract the baseline value from
the quantiles in those figures. As we can see, an increase in the variance of a symmetric
distribution makes the quantiles drift apart in a mirror-image fashion, whereas a change in
the mean of a symmetric distribution makes the quantiles move in parallel, which in turn
makes the impulse responses lie on top of each other. With a non-symmetric distribution
(or if a shock makes a distribution non-symmetric) the quantiles can drift apart, but not

necessarily in a mirror-image fashion, as is the case in the last example.
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Figure 1: Illustration of Changes in Percentiles.

12For our purposes, impulse responses are defined as the difference between two conditional expectations,
where one of the expectations conditions on a specific value for one shock in one specific period.
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Interpreting changes in multiple quantiles jointly can be challenging because we have to
envision how the entire distribution changes. In Appendix D we plot changes in distribu-
tions to help the reader with interpretation. Nonetheless, it is useful to dig a bit deeper at
this point. As an example, let us focus on the third experiment. As can be seen from the
last panel on the bottom row of Figure 1, the 10th and 90th percentile drift apart because the
90th percentile increases faster than the 10th percentile. Thus the distribution spreads out as
a result of the shock—this can also be seen by looking at the leftmost panel of the bottom
row, where the yellow distribution is more spread out than the original blue distribution.
Let us for a second imagine that this impulse response is the response to a “positive” shock
and that quantiles react linearly to those shocks (as will be the case in our local projections),
so that the response to a “negative” shock would just be the mirror image of the rightmost
panel of the bottom row. What would happen to the distribution in that case? The 90th per-
centile would decrease faster than the 10th percentile. Hence the distribution would actually
compress in that scenario.

Another scenario that could occur is that the impulse responses of various quantiles cross.
It is important to emphasize that this does not mean that the quantiles themselves cross.
In fact, a crossing of impulse responses of various quantiles can just mean that one quantile
reverts back to its pre-shock value faster than another. In Appendix B we construct an exam-
ple along the lines of those presented in Figure 1 where impulse responses cross without the
actual quantiles crossing. One of our exercises below constructs the densities average real
GDP growth over the next year (our variable of interest) implied by our impulse responses,
partly to verify that the implied quantiles do not cross even though some of our estimated
impulse responses do.

Our responses capture the difference between the expected path of the Tth quantile at hori-
zon h after a given shock of specific (one standard deviation) size occurs and the expected
path of the tth quantile conditioning on such a specific shock value. That is, a response
equal to 0 at horizon /& means that the expected Tth quantile at horizon & is the same inde-
pendently of whether we condition on a specific shock value in the initial period. In terms
of magnitudes, the responses in our application capture the expected change (in percentage
points) of the Tth quantile of average future GDP growth to a one-standard-deviation shock.

4 The Response of Tail Risk to Macroeconomic Shocks

We estimate responses in different quantiles of average one-year-ahead GDP growth to vari-
ous aggregate shocks. In Appendix C, we show that our findings are robust to looking at real
GDP growth at other horizons. All regressions are estimated at quarterly frequency and as
a baseline we use four lags for all control variables. We give a brief overview of the various
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specifications and data transformations. Most of the shocks considered here are reviewed in
Ramey (2016). More details on our data sources are provided in Appendix A.

Monetary Policy Shocks We explore two types of monetary policy shocks. First, we use
the Romer and Romer (2004) (RR henceforth) narrative-based monetary shocks. They regress
the federal funds target rate on Greenbook forecasts at each FOMC meeting date and use the
residuals as the monetary policy shock. The sample period runs from 1973Q1 to 2007Q4. As
a second measure, we use the monetary policy shocks identified by Antolin-Diaz and Rubio-
Ramirez (2018) (AR henceforth) who add narrative sign restrictions to the VAR model in
Uhlig (2005). Here the sample period is 1973Q1 to 2007Q3.""
For both types of shocks, we estimate the following regression:

qr.t
shock;

cpi
qe
Grits = trs + Brsshock; + ¥ (L) réom + €14, (4.1)
GDPgrowth
FFR;

Ut

where shock; denotes RR or AR monetary shocks, ;" " and ™" respectively denote the
consumer and the commodity price inflation (quarter over quarter), GDPgrowth; is the log
of real GDP in first differences, FFR; is the federal funds rate and u; denotes the unemploy-

ment rate. Four lags of control variables are included.

Technology Shocks We consider two different technology shocks. First, a technology
shock a la Gali (1999), constructed in a VAR by imposing that a technology shock is the
only shock affecting labor productivity in the long-run. The sample period is 1975Q1 to
2007Q3. Second, we construct technology shocks by taking the growth rate of the Fernald
(2012) utilization-adjusted TFP series for the aggregate economy. We refer to these shocks as
“JE-TFP” shocks. They are available from 1974Q1 up to 2015Q3.

13Both the Romer and Romer (2004) and Antolin-Diaz and Rubio-Ramirez (2018) monetary policy shocks
are aggregated to quarterly frequency by adding up the monthly values within each quarter.

14We estimate a VAR with four lags that includes three variables: changes in labor productivity, changes in
hours, and changes in the GDP deflator. The technology shock is identified as the only shock affecting labor
productivity in the long-run.



For each technology shock, we estimate the following regression:

qr.t

shock;
=g+ shock; + ¥ (L +e€ , 4.2
qtt+s T,5 ,BT,S t ( )T,S GDPgrowtht T,t+s (4.2)

Aﬂlt

where shock; denotes JF or Gali technology shock and Aa; is the log of productivity in first-

differences. The latter is measured as real GDP divided by total hours.

Credit Spread Shocks We take the Gilchrist and Zakrajsek (2012) excess bond premium
(EBP henceforth) updated by Favara ef al. (2016) to construct an aggregate credit spread
shock'”. This shock can be identified by setting the controls in the local projection appro-
priately if one assumes that the bond premium affects interest rates contemporaneously but
has no impact on prices and economic activity within a quarter. For a further discussion of
how timing restrictions such as this can be incorporated in local projections, see Barnichon
and Brownlees (2016) and Plagborg-Meller and Wolf (2019).
We estimate the following regression for the sample period from 1973Q1 to 2015Q4:

qr.t
EBP;

rtts = &rs+ ﬁT,SEBPt + /\T,SFPRt + ‘P(L)T,S ﬂfpi + €1 t4s- (4.3)
GDPgrowth;
FFR;

4.1 Results

First, we present various impulse responses (i.e., Br,s) based on equation 2.3. The B+ coeffi-
cients can be interpreted as responses to one standard deviation shocks. We present results
for three groups: monetary policy shocks, credit shocks, and technology shocks. Additional
figures can be found in Appendix E. Throughout this paper, we plot impulse responses to
contractionary shocks. We do this to help readers identify common patterns across shocks
(which we discuss later). We plot the impulse responses of the 10th percentile, the median
(along with its error bands), and the 90th percentile in Figure 2. The corresponding error
bands for the other percentiles can be found in Appendix E. We then follow Adrian ef al.
(2019) in fitting a flexible (skewed-t) distribution on the estimated quantiles to show how

15We transform it to quarterly frequency by averaging the monthly values within each quarter.
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the entire distribution of future real GDP growth shifts after shocks hit the economy. These
results can be found in Appendix D.
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Figure 2: Impulse Responses of Various Quantiles to Contractionary Shocks.

Note: Red (dashed) is response of the 10th quantile, black (solid) is the median response, blue (dotted) is
response of the 90th quantile. Confidence bands correspond to median response, 90% significance level, based
on Newey-West standard errors. The x-axis gives the horizon of the impulse response. The response on the
y-axis is measured in percentage points.

Second, we use our fitted distribution for i-period-ahead real GDP growth to construct a
time series of probabilities that real GDP growth h periods ahead is less than a threshold x.'°
We then use these probabilities as left-hand side variables in local projection regressions to
directly assess how important various structural shocks are for these probabilities. In Figure
3 we focus on a threshold of x = 0. That is, we are interested in whether a given structural
shock increases the probability that real GDP will not grow over the next year (h = 4). We use

the same specification for our local projections as in our benchmark analysis, just swapping

16With the estimated skewed t-distribution at hand, we can use numerical integration to compute this prob-
ability. Since this is a one-dimensional integration problem, standard numerical integration routines work very
well in our context.
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out the left-hand side variable.'”
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Figure 3: Impulse Responses of the Probability That Real GDP Will Not Grow Over The
Next Year, Contractionary Shocks.

Note: Confidence bands correspond to a 90% significance level, based on Newey-West standard errors.

Notice that since we use linear local projections in the second stage of this exercise, our
estimates are best interpreted as local linear approximations that are valid as long as the
other conditioning variables in our local projections as well as the structural shocks do not

take on values that are highly unusual.

4.2 Monetary Policy Shocks

The first panel of Figure 2 plots the responses to a contractionary RR monetary policy shock
estimated via local projections. Those shocks affect the distribution of GDP growth dis-

proportionately across quantiles. A contractionary (i.e., positive) monetary policy shock

17We have also carried out a similar exercise where, instead of using the fitted distribution to compute the
relevant probabilities, we estimated 50 quantile regressions (for 50 evenly spaced quantiles) and constructed
probabilities by interpolating between the quantiles. Results were very similar.
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decreases the 10th percentile more than the median or the 90th percentile. This means that
not only will a monetary policy shock lead to a decrease in median forecasted GDP growth
four quarters ahead, but it will also make “bad” outcomes substantially worse by spreading
out the left tail of the distribution.

The above result is robust to the use of an alternative monetary shock measure, namely
the AR monetary shock (see the second panel in the top row of Figure 2). This shift is also
evident from the top two panels of Figure 12, which plot the implied changes in the entire
distribution of forecasted GDP growth.

Eventually (after between 10 to 15 quarters depending on the specific monetary shock
measure), a contractionary monetary policy shock actually has a positive effect in that it
shifts the distribution to the right (the impulse responses become positive). Given that we
use linear local projections, the opposite mirror-image effect holds for expansionary shocks.

A contractionary monetary shock can have a substantial effect on the probability of real
GDP not growing over the next year - the maximum point estimate over the horizons we

consider is a 5 percent increase for a one standard deviation Romer and Romer (2004) shock.

4.3 Technology Shocks

The effects of a contractionary technology shock identified along the lines of Gali (1999) is
shown in the third panel of Figure 2. The fourth panel of that figure shows the correspond-
ing effects for a technology shock identified using Fernald (2012). We discuss the findings
together since the results for both macroeconomic risk (i.e., the 10th percentile of the forecast
distribution) and the entire shape of the economic outlook are similar across these specifi-
cations. An expansionary technology shock (the response to which is the mirror image of
the responses plotted in the third and fourth panels of Figure 2) of any of the two types we
consider here compresses the distribution of average future real GDP growth. This means
that not only does a technology shock raise median GDP growth one year ahead, but it also
makes low outcomes of future GDP growth more tolerable by shifting the distribution to
the right—as can be seen in Figure 12. The only slight caveat to this interpretation is that
at large horizons (more than three years out) the impulse response of the 10th percentile to
a Fernald TFP shock becomes negative. This positive view of an expansionary technology
shock comes with a downside: Contractionary technology shocks increases downside risk.

4.4 Credit Spread Shock

The fifth panel of Figure 2 plots the responses to a contractionary (i.e., positive) shock to
the excess bond premium, which we interpret as an unexpected deterioration of financial
conditions, just as Gilchrist and Zakrajsek (2012). The entire conditional distribution of GDP
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growth is shifted, with the left tail being affected disproportionately more. On impact and
up to one year, the interpretation of the effects of a contractionary credit shock is similar
to the interpretation of the monetary policy shock given above. After one year, however,
the responses of the 10th and 90th percentile cross, leading the distribution of future GDP
growth to actually compress since the 10th percentile grows faster than the 90th percentile.
One interpretation of these results is that policymakers counteract financial shocks, but that
it takes around a year for these measures to take effect (potentially and partially due to lags
in policy implementation). A one standard deviation contractionary credit shock increases
the probability that real GDP will not grow over the next year by over 10 percent, highlighting

the influence that financial conditions can have on the future evolution of real GDP.

4.5 Additional Robustness Checks

A concern readers might have is that the presence of the recent financial crisis and the Great
Recession in the sample might bias our findings. This concern is not warranted as we run the
first stage quantile regression always on the same sample that the shock series in the second
stage are available for. This means that the only results that could be influenced by these
events are the JF-TFP and credit spread shock results (as the end of their sample extends
beyond 2007:Q3). In Appendix E (Figure 14) we show that truncating the sample to before
the financial crisis for those shocks still gives estimates that point to the same asymmetry as
our benchmark results.

Another possible concern is that by focusing on extreme quantiles in a quarterly specifi-
cation we are actually basing our local projections on estimates of quantiles that are only
imprecisely estimated. To address this issue, we show in Appendix E (Figure 15 and Figure
16) that (i) our findings of asymmetric impulse responses are robust to using less extreme
quantiles (the 25th and 75th quantiles, respectively), and (ii) that for those shock series that
are available at a monthly frequency we find the same type of asymmetry (replacing real

GDP growth with the growth rate of real industrial production).

5 Inspecting the Economic Mechanism

Through which channel do macroeconomic shocks affect the conditional distribution of GDP
growth? To answer this question we carry out two exercises. First, we re-estimate our im-
pulse responses of various quantiles of 4-quarter-ahead real GDP growth, but drop the fi-
nancial conditions index from the right hand side of our quantile regressions. Thus, only
past real GDP growth is used to predict future GDP growth in the first-step quantile regres-

sions. Strikingly, as depicted in Figure 4, removing information about financial conditions
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from the quantile regressions removes all asymmetric behavior of the various quantiles in
response to the various shocks we consider. This result suggests that of our two condition-
ing variables, namely financial conditions and current GDP growth, it is through the former
channel that shocks affect macroeconomic tail risk. Our finding is in line with Adrian ef al.
(2019), who point out that including the NFCI as a conditioning variable is key to capture
downside risk. Furthermore, Adrian ef al. (2019) point out that incorporating the NFCI se-
ries helps to forecast future real GDP growth. Thus the specification that we borrow from
Adrian ef al. (2019) is one that is useful in understanding the evolution of real GDP growth
and, in particular, more useful than a specification that only conditions on past real GDP
growth (where, as we show in this section, asymmetry is not present).

Adrian et al. (2019) also discuss various equilibrium models in the literature that help explain
the central role of financial conditions in shaping future real GDP growth.
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Figure 4: Impulse Responses of Various Quantiles to Contractionary Shocks, Condition-
ing Only on Past GDP Growth.

Note: Red (dashed) is response of the 10th quantile, black (solid) is the median response, blue (dotted) is
response of the 90th quantile. Confidence bands correspond to median response, 90% significance level, based
on Newey-West standard errors.
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Second, we can study how the the National Financial Conditions Index (NFCI) used to
construct the quantiles of GDP growth in expression (2.1) responds to the shocks studied in
this paper. In particular, in Appendix E (Figure 18) we report the impulse responses of that
variable itself to the shocks we consider. Positive values indicate that financial conditions
are tighter, while negative values indicate financial conditions that are looser. As expected,
contractionary shocks make financial conditions tighter. The impulse responses of the 10th
quantile of the conditional GDP growth distribution in Figure 2 inherit the (inverse) pattern
of the response of financial conditions.'® The impulse responses of the probability that real
GDP will not grow over the next year (presented in Figure 3) are similar in shape to the
responses depicted in in the Appendix E in Figure 18, which we see as further evidence for
the big role of financial conditions in shaping output.

We can thus conclude that contractionary shocks temporarily increase macroeconomic

tail risk by tightening financial conditions.

To dig deeper into the role of financial conditions in shaping real GDP growth, we next
turn to a different approach. We ask how the quantiles of real GDP growth are influenced
by our structural shocks of interest only via financial conditions. To do so, we first instrument
for current financial conditions (NFCI, to be exact) with our structural shock of interest and
then estimate a quantile regression that includes this intrumented financial condition index
on the right-hand side. More formally, we consider the first-stage OLS regression

20 4 4
NFCI; =) 0'shock,_j+ ) NFCI,_j+ ) _ GDPgrowth;_; + u;. (5.1)
j=0 j=1 j=1
We then compute the fitted or instrumented value
, 20
NFCI{"™ =Y " 6ishock;_;. (5.2)

j=0

In our second stage, we include NFCI!"! in a quantile regression that also includes date ¢
real GDP growth on the right-hand side:

Q.o xyen (1) = B(T)NFCI™ + $GDPgrowth; + er. (5.3)

This ensures that the shock can only operate through financial conditions directly.

18In Appendix E, we also show the corresponding figure for the other conditioning variable in the quantile
regressions, GDP growth. There are substantially more pronounced differences in the responses of that vari-
able to the shock relative to how the 10th percentile of the GDP growth forecast distribution reacts to shocks.

16



Our object of interest are the coefficients 3°(7) * 8°.'” To compute error bands, we follow
Linnemann and Winkler (2016) and use a "blocks-of-blocks" bootstrap with 10,000 replica-
tions.”’ In Figure 5, we plot the responses to contractionary shocks of the 90th percentile
and the 10th percentile as well as the associated 68 percent error bands. Our main message
is present here as well: We see a substantially larger (in magnitude) response of the 10th
percentile relative to the 90th percentile for all contractionary shocks, which is driven by the

response of financial conditions to economic shocks.
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Figure 5: Impulse Responses to Contractionary Shocks, Financial Conditions Channel.

Note: 68% significance level, standard errors computed with 10,000 “blocks-of-blocks” bootstrap replications.

Another feature of our results that stands out is that upside risk reacts substantially less
to economic shocks than downside risk, as is evident from the different behavior of the 90th
percentile and the 10th percentile in Figure 2. This is consistent with the finding in Adrian
et al. (2019) that upside risk moves substantially less over time relative to downside risk. We

also confirm this finding by directly computing the forecast error variance decomposition of

Note how in this specification we do not condition on a specific estimate of a quantile to get estimates of
asymmetry. As we use a bootstrap, this specification takes into account sampling uncertainty of the quantiles.
20For a discussion of this type of bootstrap, see Chapter 12 of Kilian and Liitkepohl (2018).
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Gorodnichenko and Lee (2019) for our specification, which we show in Appendix F.

6 Conclusion

The impact of macroeconomic shocks on economic activity has been studied extensively.
Their effect on lower quantiles—commonly referred to as “tail risk”—has been studied sub-
stantially less, even though it is of utmost importance to policymakers. This paper fills this
gap by focusing on how macroeconomic shocks affect both tail risk and the entire distri-
bution of future GDP growth. All shocks considered (monetary policy, credit spread, and
productivity shocks) affect tail risk disproportionately more than other quantiles. Contrac-
tionary shocks thus deserve even more attention than what their effect on average outcomes
suggests to the extent that they make poor economic conditions much more likely. As this is
also true of monetary policy shocks, there is reason to be especially wary of contractionary
policy shocks.

We find that financial conditions are the key channel through which shocks affect macroe-
conomic risk, complementing the findings in Adrian ef al. (2019). This suggests that research
on the financial transmission of shocks is key to understand economic growth and its vul-
nerability.

Finally, our findings can be important for the pricing of assets because asset pricing the-
ory tells us that tail behavior in outcomes (which in turn influence payoffs of assets) has a
substantial influence on the price of assets. Our results shed light on how economic shocks
affect this tail behavior.
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A Data

This section gives a brief overview of the data we use throughout this paper, which are
mostly available at FRED.

To estimate the quantile regression we use seasonally adjusted and annualized real GDP
growth as well as the Chicago FED National Financial Conditions Index (NFCI). This index
is not seasonally adjusted and downloaded at quarterly frequency by relying on the average
of weekly values within a quarter.

The control variables in the local projection stage are given as follows. At quarterly
frequency we take seasonal adjusted real GDP, the seasonal adjusted civilian unemploy-
ment rate, and total hours worked given by the hours of wage and salary workers on non-
farm payrolls. The latter is used to compute productivity (real GDP divided by hours),
respectively. Both the commodity price index and the consumer price index are available at
monthly frequency. We take the CRB commodity index provided by Ramey (2016) and head-
line CPI (defined in FRED as “Consumer Price Index for all Urban Consumers: All Items”).
Additionally, we take the monthly federal funds rate. All monthly series are aggregated to
quarterly frequency by taking the quarterly average.

Finally, we utilize the following aggregate shocks. The Romer and Romer (2004) mone-
tary shock is provided by Ramey (2016). We aggregate the monthly shock series to quarterly
frequency by taking the quarterly sum. We take the narrative monetary policy shock pro-
vided by Antolin-Diaz and Rubio-Ramirez (2018), again aggregated to quarterly frequency
by calculating the quarterly sum. To identify the credit shock we use the Gilchrist and Za-
krajsek (2012) excess bond premium, frequently updated by Favara ef al. (2016)?!. The two
technology shocks are identified by running the VARs described in Section (2).

21The series can be downloaded at https://www.federalreserve.gov/econresdata/notes/feds-notes/
2016/updating-the-recession-risk-and-the-excess-bond-premium-20161006.html.
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Figure 6: Quantiles of One-Year-Ahead Real GDP Growth Distribution used in Local
Projections.
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Figure 7: Conditioning Variables in the Quantile Regressions.
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B Some More Intuition

In this section we show an example where the impulse responses of the quantiles cross.
By construction, however, the quantiles themselves cannot cross because we directly model
changes in the entire distribution. The example is similar to the first example from the main
text, but we change the sequence of variances for the Gaussian distribution to achieve the

crossing of the impulse responses of the 10th and 90th percentiles.
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Figure 8: Example Where Impulse Responses Cross.
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C Robustness at Other Horizons

In our benchmark analysis, we study the quantiles of the distribution of GDP growth over
the next year. Instead, we can look at the distribution of quarterly GDP growth various quar-
ters ahead. In this appendix, we show results for quarterly annualized real GDP growth 2
quarters ahead. The patterns are qualitatively very similar to our benchmark analysis. Fur-

thermore, results for 1, 3, or 4 quarters ahead real GDP growth also show the same pattern.
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Figure 9: Impulse Responses of Various Quantiles to Contractionary Shocks, Real GDP
Growth 2 Quarters Ahead.

Note: Red (dashed) is response of the 10th quantile, black (solid) is the median response, blue (dotted) is
response of the 90th quantile. Confidence bands correspond to median response, 90% significance level, based
on Newey-West standard errors.
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Figure 10: Impulse Responses of Various Quantiles to Contractionary Shocks, Real GDP
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Note: Red (dashed) is response of the 10th quantile, blue (dotted) is response of the 90th quantile. Confidence
bands correspond to 10th quantile response, 90% significance level, based on Newey-West standard errors.
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D The Average Distribution of 4-Quarter Ahead Average Real
GDP Growth and Estimated Changes in the Distribution
of Real GDP Growth

In order to get a sense how structural shocks affect the entire distribution of future GDP
growth, we first compute the average distribution of four-quarters ahead real GDP growth
in our total sample and then plot the difference between this initial distribution and the dis-
tribution affected by a specific shock at various horizons. In order to facilitate interpretation,
each panel of Figure 12 plots three lines: the 10th percentile (in red), the median (in black),
and the 90th percentile (in blue) of the original (average) distribution. This helps check in
what direction a shock shifts the distribution. In particular, whenever a line is visible it
means that posterior mass at that quantile of the original distribution has decreased.

02 —

01 —

0.05 —

-20 -15 -10 -5 0 5 10 15 20

Figure 11: The Average Distribution of 4-Quarter Ahead Average Real GDP Growth (Used
to Initialize Distributions for Figure 12).

Note: At each horizon /, the impulse response captures the difference between the average distribution of
future GDP growth and the distribution of the shocked quantiles at horizon h.
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Figure 12: Difference in Fitted t-Distributions, Contractionary Shocks.
Note: Straight lines are 10th percentile (red), median (black), and 90th percentile (blue) of the average distri-
bution of 4-quarters ahead real GDP growth in our sample
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E Additional Impulse Responses

In this section we show various additional impulse response figures, including one that dis-

plays the error bands for the 10th and 90th percentile responses that were not presented in

the main text.

Romer&Romer Monetary Policy Antolin-Diaz&Rubio-Ramirez Monetary Policy
15 T T T T T . T T . T T T T T T T T T
-\ B A
1k ,/ Q& _- 0.2 , BNy
05 e . : dan— ~
' r=-<- 0 \ e e —aenttneanane et
e, grnar,, vt "y, oy “ot® X *aes® 7/ Tyt 0
0 T TV }"{ """"" \ 7N -~ -
\ ‘0t - - 02+ \ 7/ NC QS =& 4
-05F N /N7 E . ~7
S S
1p ! ! ! ! ! ! ! ! ] .04 ! ! ! ! ! ! ! ! !
2 4 6 8 10 12 14 16 18 20 2 4 6 8 10 12 14 16 18 20
Gali Technology Fernald TFP
T T T T T T T T T 02 F T T T T T T T T T =
0f e = P o1l R
N = ’
\ oS @ . e .
\ o = 0 “‘ ety R T I
N P o ~
05 N o=y - 1 -~ 4
D o 7 01F ~ . 7 ]
. N P
-0.2 k
1k . . . . . . . . 4 . . . . . . . . .
2 4 6 8 10 12 14 16 18 20 2 4 6 8 10 12 14 16 18 20
Credit Spread
o~ =~ -
ir N = T ~7 i
— -
0 T et T 0P Do000m
________ JRSTI 5
,
1k 7 4
’
N/
2F N 4
2 4 6 8 10 12 14 16 18 20

Figure 13: Impulse Responses of Various Quantiles to Contractionary Shocks.

Note: Red (dashed) is response of the 10th quantile, blue (dotted) is response of the 90th quantile. Confidence
bands correspond to 10th quantile response, 90% significance level, based on Newey-West standard errors.
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Figure 14: Impulse Responses (to Contractionary Shocks), Samples Ending in 2007:Q3.
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Figure 16: Impulse Responses (to Contractionary Shocks), Monthly Frequency.

Note: We use six lags of all controls. JE-TFP shocks are only available at a quarterly frequency - we reproduce
our benchmark results for that shock here for the sake of comparison.
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F Forecast Error Variance Decomposition

In this section we briefly describe the forecast error variance decomposition (FEVD) based
on local projections following Gorodnichenko and Lee (2019). For ease of notation let us de-
tine shock; = z; in equation 2.3. While we use the same set of control variables for the FEVD
which we also use to construct the IRFs, we omit the vector of controls in this description
for brevity.

Let g be a given quantile of interest and z; a series of shocks with mean zero and vari-
ance ¢2. The variation in g due to the series of shocks z; can be described by the lag poly-
nomial ¢, (L)z¢ = Y72, ¢, iz;—i, where the impulse response function is given by the series of
coefficients {1, ;}. The s-step ahead forecast error for g can then be defined as

fraslt—1 = Grt+s — Pqre4s| Q1] (E1)

where P[...] is the projection of g on the information set available at time ¢ — 1, defined as
Q-1 ={9ct-1,2t-1,97t-2,2t—2,--- ;. Now the forecast error can be decomposed into varia-

tions due to z; and other shocks v;, thus

ft+s|t—1 =Pz,0Zt+s + -+ Pzt + Ot 4s|t—1- (F.2)

Finally, the share of the total variance of f; ;1 due to the series of shocks z; to the total

variance in the forecast error can be described as

. Var(lpz,OZtJrs + -+ lpz,szt)

e Val‘(ft+s\t—1) £3)

Gorodnichenko and Lee (2019) show that with Z7 = (z44s,...,2¢)" the expression for ss can

be written as 1
B COV(ft+s|t—1sz) [Var(Z})] COV(foft+s\t—1)

S5 = ,
’ Val‘(ft+s\t—1)

which can be understood as an R? of the population projection of f; 41 ON Zi given in

(F4)

equation F.2. Therefore, Gorodnichenko and Lee (2019) suggest estimating the FEVD in two
steps. First, estimate the forecast errors for the horizon s from local projections and second,
regress these forecast errors on shocks that happen between t and t +s. The R? from the
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latter regression then gives an estimate of s;. *

We follow these steps and estimate FEVDs for both the 10th percentile and the 90th per-
centile for all shocks under study. Note that we estimate one FEVD per shock, i.e., the shocks
do not enter the estimation jointly. Hence, the FEVDs are not forced to add up to one, which
is important as we use different shocks of the the same type, e.g., two different monetary
policy shocks. Figure 19 shows the results. The first column shows the FEVDs for the 10th
percentile, the second column plots FEVDs for the 90th percentile. In the first row we plot
the contributions of the monetary policy shocks, the second row plots results for the technol-
ogy shocks, and the third row depicts results for the credit shock. Up to a forecast horizon
of s = 12 the monetary policy shocks explain a roughly constant share of the variance in the
10th percentile of about 15 percent. While the contribution of the AR monetary shock stays
constant for longer horizons, the RR shock becomes more important and explains more than
40 percent of the variance in the 10th percentile at s > 15. For the 90th percentile the contri-
bution of the two monetary shocks is similar. It is increasing in the horizon s, starting from
about five percent to roughly 30 percent at the end of the forecast horizon. Turning to the
technology shocks reveals a similar result. Especially the Gali shock explains much more of
the variation in the left tail (up to 40 percent) than to the variation in the right tail (25 percent
at its peak). For the other shock differences are not clear-cut. The credit shock contributes
to between 20 and 30 percent of the variance in the 10th percentile and between 10 and 20
percent of the variance in the 90th percentile. Thus, the credit shock clearly contributes more
to variation in the left tail than in the right tail of our distribution.

Overall, the FEVD underpins that most of the shocks under study are more important

for movements in the left tail of the distribution than for movements in the right tail.

22Two things are worth mentioning. First, Gorodnichenko and Lee (2019) show that if there is measurement
error in z, the estimated s; is downward biased and thus a conservative estimate of the contribution of shock
z to the total variation in g:. Moreover, while the estimator for ss is asymptotically unbiased without mea-
surement error, there might be small sample biases. Therefore, Gorodnichenko and Lee (2019) recommend to
use a small sample correction based on either bootstrap methods or by simulating asymptotic distributions.
However, these corrections can lead to negative estimates for ss, which are hard to interpret. Thus, we decide
to report the potentially biased estimates of s;, but results are qualitatively similar when using the bootstrap
correction.
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Figure 19: Forecast Error Variance Decomposition

Note: Plots show Forecast Error Variance Decompositions based on Local Projections following Gorod-
nichenko and Lee (2019).
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