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Abstract
What drives macroeconomic downside risk? To answer this question, we borrow a definition of macroeconomic risk from Adrian et al. (2016) by studying percentiles of the
forecast distribution of GDP growth. We then use local projections à la Jorda (2005) to
assess how this measure of risk moves in response to economic shocks such as technological
change, changes in fiscal and monetary policy, and changes in financial conditions. By
studying various percentiles jointly, we can assess how the entire distribution of future
GDP growth shifts as shocks hit the economy.
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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
affects the probability of large losses materializing. Standard impulse response functions in
linear models such as VARs are not built to answer these questions. Our goal is to provide a
flexible, yet simple framework that can directly tackle these issues. In the finance literature,
the notion of value at risk is prevalent. What is meant by value-at-risk is the evolution of
left-tail percentiles of the variable of interest under various scenarios. We borrow this idea to
operationalize the concept of macroeconomic risk. To be more precise, we follow Adrian et al.
(2016) and study the distribution of macroeconomic risk by estimating a quantile regression
of GDP growth various quarters ahead and then fit flexible distributions to those quantiles to
build distributions of forecasted GDP growth. We replicate the first part of their analysis to
generate left-tail quantiles of future GDP growth, which we interpret as macroeconomic tail
risk.
With that measure at hand we can ask how macroeconomic risk changes after fundamental
shocks hit the economy. To do so, we collect various measures (or instruments) of a suite of
macroeconomic shocks. We generally find that adverse shocks of these types not only have
adverse affects on average outcomes as measured by the median, but exert even more adverse
effects on the 10th percentile. As such, the effects of adverse shocks are generally understated
when focusing on average outcomes becomes these shocks increase the distance between average
outcomes and very bad outcomes. Since we focus on the effects of adverse shocks, recent
findings on the different effects that positive and negative shocks might have on economic
outcomes (Barnichon and Matthes, 2017) could have important repercussions for our results.
We therefore extend our analysis and allow for different effects of positive and negative shocks
on macroeconomic risk.
The following results stand out. First, adverse oil supply and positive oil demand shocks
raise macroeconomic risk. Second, an expansionary fiscal policy shock increases in the tail risk
in the short run and a contractionary one reduces the risk in the medium run. Third, monetary
shocks affect the entire distribution of GDP growth proportionally. And there is no evidence of
heterogeneity across quantiles when we allow for sign-dependence. Fourth, Credit spread shock
affects the entirely conditional distribution of GDP growth with the left tail being affected
disproportionately more. And the impact of credit spread shock on macroeconomic tail risk are
asymmetric. An unexpected increase in the credit spread raises tail risk on impact and dies out
after one year. On the contrary, an expansionary credit spread shock does not have an impact
in the short-run but generates a higher tail risk in the following medium-run. This suggests that
easy credit in the short run might lead to a financial crisis in the medium-run. Fifth, a positive
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technology shock reduces left tail risk more than other quantiles of conditional GDP growth on
impact and it lasts for three years. More interestingly, the impacts are sign-dependent. The
results that we observe in a linear model is mainly driven by negative technology shock, which
rises the left tail disproportionately more. A positive technology shock, on the other hand,
does not improve the tail risk. Indeed, it reduces the 90th quantile, i.e., it pushes the right tail
to the right. In other words, in response to a positive technology shock the likelihood of a big
expansion is bigger. Sixth, A positive news shock raises the risk on impact and reduces the
tail risk from the second to the 20th quarter. This suggests that the reduction in the tail risk
might take place at the time the news about productivity are realized. The impacts of news
shocks on macroeconomic tail risk are asymmetric. A positive news shock reduce risk in the
short run: two years. Whereas a negative news shock does not have significant impact in the
short run, but increase the risk in the medium run: between three to five years since the news
shock is announced.
The remainder of the paper is organized as follows. Section (2) presents econometric methodology. Section (3) provides an intuition how shocks might affect the shape of distribution in
different manners. Section (4) presents the main findings. And Section (5) concludes.
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Econometric Methodology

2.1

Conditional Quantiles

We compute conditional quantiles for annualized real GDP growth following the method proposed by Adrian et al. (2016). In particular, we run a regression for real GDP growth by
conditioning on a constant, the National Financial Conditions Index (NFCI), real GDP growth
at time t and a set of controls at time t that are model specific.
Formally, let yt+h denote the average value of the variable of interest between t and t + h
and let xt denote the vector of conditioning variables, then the quantile regression is given by:
β̂τ = argmin

TX
−h 

βτ ∈Rk t=1

τ · 1(yt+h ≥xt β) |yt+h − xt βτ | + (1 − τ ) · 1(yt+h <xt β) |yt+h − xt βτ |



(2.1)

where 1(·) denotes the indicator function. The quantile of yt+h conditional on xt is then given
by the predicted value from that regression1 :
Q̂yt+h |xt (τ |xt ) = xt β̂τ
1 Note

(2.2)

that we follow a different timing assumption compared to ABG. While ABG define the predicted
value of yt+h as the conditional quantile at t + h, we define the predicted value as today’s risk, i.e. the predicted
value of yt+h corresponds to t.
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In the following we will analyze how different quantiles react differently to aggregate shocks.

2.2

Impulse Responses

We estimate responses in different quantiles for GDP growth 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:
qt+h = αh + ψ(L)zt−1 + βh shockt + t+h
(2.3)
for h = 0, . . . , H, where qt+h is the quantile of interest at horizon t + h, L represents the lag
operator and zt−1 is a vector of control variables that include the lagged quantiles and model
specific controls. The response of quantile q at time t + h to a shock at time t is then given
by βh , thus we get the impulse-response functions by the sequence of the βh ’s estimated in
a series of single regressions for each horizon. Note that we multiply all impulse responses of
quantiles by (−1), so that the y-axis measures risk. 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.
To investigate whether the sign of the shock plays a role in the reaction of different quantiles,
we also run the following asymmetric local-projection regression:
h

qt+h =It αA,h + ψA,h (L)zt−1 + βA,h shockt
h

i
i

(2.4)

+ (1 − It ) αB,h + ψB,h (L)zt−1 + βB,h shockt + t+h ,
for h = 0, . . . , H, where all other variables are defined in the same way as above. However,
responses in qt+h are now allowed to differ depending on the sign of shockt , captured by
the dummy variable It , which equals one if the shock is positive (or zero) and zero if the
shock is negative. The asymmetric responses are then given by the sequence of βA,h and βB,h ,
respectively. The impulse responses of quantiles following a positive shock are again multiplied
by (−1), so that the y-axis measures risk in both cases. Confidence bands are again based on
Newey-West corrected standard errors.

2.3

Data

We estimate responses in different quantiles of GDP growth (and unemployment) to nine aggregate shocks. Each shock is based on different identification strategies and the set of controls
differs for each shock. As a baseline we use four lags for all control variables, all regressions
are estimated at quarterly frequency. This section gives a brief overview of the various specifications and data transformations. Most of the shocks considered here are reviewed in Ramey
(2016) and can be found in her data appendix.
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Oil-Supply and Oil-Specific-Demand Shock We consider oil-supply and oil-specificdemand shocks identified by Antolín-Díaz and Rubio-Ramírez (2018) who add narrative sign
restrictions to the Kilian (2009) VAR. The monthly series are aggregated to quarterly frequency
by adding up the monthly shocks within a quarter. For both types of shock the set of controls
consists of the growth in oil production, the log of the real economic activity index and the
log of the real oil price. These variables are aggregated by computing quarterly averages. The
estimation period runs from 1973Q1 to 2015Q4. 48 percent of the oil-supply shocks are positive,
for the oil-demand shocks 53 percent are positive.
Blanchard-Perotti Fiscal Shock We identify shocks in government expenditures based on
the Blanchard and Perotti (2002) approach, i.e. we assume that government expenditures do
not adopt within a quarter to economic conditions. Therefore we regress the log of real per
capita government expenditures on four lags of this variable, four lags of log real per capita
GDP and four lags of log real per capita taxes. The residual of this regression enters equations
2.3 and 2.4 as shockt . To estimate impulse responses we include the same set of regressors
as controls in first-differences. The sample period runs from 1973Q1 to 2015Q4 and about 56
percent of the identified shocks are positive.
Narrative 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. We aggregate this monthly shocks again
by adding up the monthly values within each quarter. The sample period runs from 1973Q1
to 2007Q4 and one half of the shocks are positive. As a second measure, we use the monetary
policy shocks identified by Antolín-Díaz and Rubio-Ramírez (2018) (AR henceforth) who add
narrative sign restrictions to the VAR model of Uhlig (2005) VAR. Again, monthly values are
aggregated to quarterly frequency. Here the sample period runs from 1973Q1 to 2007Q3 and 47
percent of the shocks are positive. For both types of shocks we include the following controls.
Lagged values of the shock itself, the log of both the consumer and the commodity price index
(aggregated to quarterly frequency by simple averaging) in first-differences, the log of real GDP
in first-differences, the fed-funds rate (quarterly average) and the unemployment-rate. Again
we refrain from including contemporaneous controls.
Excess Bond Premium Shocks We take the Gilchrist and Zakrajšek (2012) excess bond
premium (EBP henceforth) updated by Favara et al. (2016) as an aggregate shock2 . The excess
bond premium can be treated as an exogenous shock if the controls are set appropriately since
2 We

transform it to quarterly frequency by averaging the monthly values within each quarter.
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the bond premium affects interest rates contemporaneously but has no impact on prices and
economic activity within a quarter. Thus, the set of controls consists of the contemporaneous
Federal Funds Rate and lags of both the log of the Consumer Price Index and the log of real
GDP in first-differences. The sample period runs from 1973Q1 to 2015Q4 and 46 percent of
the shocks are positive.
Unanticipated and Anticipated Technology shocks We consider three different technology shocks. First, we construct technology shocks by taking the growth rate of the Fernald
(2012) utilization-adjusted TFP series for the aggregate economy. We refer to them as “JFTFP” shocks. Second, we consider the Barsky and Sims (2012) unanticipated TFP shocks,
also known in the literature as “news shocks”. The JF-TFP shock is available from 1974Q1 up
to 2015Q3 - 60 percent of the shocks are positive. For all technology shocks we include the
following controls: lags of the shock itself, lagged log of real GDP per capita in first-differences
and lagged log of productivity in first-differences. The latter is measured as real GDP divided
by total hours.
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Some Intuition for Interpreting Impulse Responses of
Quantiles

This section gives three examples where an initial distribution of an outcome changes after
a shock hits. We show these examples to convey how the change in quantiles is linked to
the change 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 univariate distribution of an
outcome 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.
Figures 1 to 3 plot the changes in the distribution as well as the evolution of the 10th and 90th
percentile.3 As we can see, an increase in the variance of a symmetric distribution makes the
3 Note

that the levels of the last panel are not directly comparable to our IRFs because we do not subtract
the baseline value from the quantiles in the three figures of this section. Nonetheless, the relative movement of
the quantiles in these three examples will be useful to interpret our IRFs later.
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quantiles drift apart in a mirror-image fashion, whereas a change in the mean of a symmetric
distribution makes the quantiles move in parallel. 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.
changes in the distribution

0.4

initial
impact
period after impact

0.3

0.2

0.1

0
0

1

2

3

4

5

6

7

8

9

quantiles

10

10th percentile
90th percentile

8
6
4
2
0
1

2

Figure 1: Case 1
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Figure 2: Case 2
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Results

In this section we present various impulse responses based on equations 2.3 and 2.4, respectively.
We present results for five groups: oil price shocks, fiscal shocks, monetary policy shocks, credit
shocks and technology shocks. All figures can be found in Appendix A.

4.1

Oil Price Shocks

Figure 4 plots linear responses of different quantiles of GDP growth, GDP growth itself4 and the
NFCI to an oil-supply shock. Due to our transformation the y-axis measures risk for the different
quantiles. GDP growth decreases significantly for up to one year following a contractionary
oil-supply shock that raises the oil price. Note that a positive shock here is a contractionary
one. Over a longer time period, a contractionary oil-supply shock has a positive impact on GDP
growth, which reflects the mean-reversion of GDP in levels in response to oil price shocks. At
the same time, financial conditions tighten significantly in the short-run and relax after two to
three years. While a contractionary oil-supply shock raises risk across the whole distribution,
the effects are much stronger and significant for the left tail of the distribution. For example,
the impact on the 10% quantile is more than twice as high compared to the median response.
For the 90% quantile we do not find a significant response. These differential effects along the
distribution are illustrated by Figure 5. The responses of the quantiles following an oil-supply
shock become smaller the higher the quantile. In other words, contractionary oil supply shocks
increase left tail risk in the short run.
Figure 6 shows asymmetric responses of different quantiles as well as GDP growth and
financial conditions. The red-dotted lines are impulse responses following an expansionary
shock to oil-supply, while blue-dashed lines show responses to a contractionary shock. The
impacts of oil-supply shocks are asymmetric. After a contractionary oil supply shock, shortrun tail risk increases. In contrast, following an expansionary oil-supply shock we do not see
significant short-run effects. For lower quantiles, however, the risk explodes after about three
years, while we still no effect on the right tail of the distribution (see Figure 8).
Figure 9 plots linear responses following a shock in oil-demand. There is an increase for
the left tail of the distribution in the short-run and decreases for the right tale (see Figure 10).
There is no strong evidence of sign-dependence for oil demand shocks (see Figure 11).

4 Note

that this is the dependent variable from our quantile regression, i.e., the moving average of annualized
quarter-on-quarter GDP growth.
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4.2

Fiscal Shock

Figure 13 plots linear responses of GDP growth, financial conditions and different quantiles of
GDP growth following a government expenditure shock à la Blanchard and Perotti (2002).
Surprisingly, tail risk seems to increase disproportionately more than the right tail of the
conditional GDP growth distribution after an expansionary fiscal policy shock, and the effect
lasts for 10 quarters. This result is mainly driven by positive fiscal policy shocks as we can see in
Figure 15. On the contrary, a negative shock does not affect condition GDP growth distribution
in the short run, in the medium run (from quarter 10 onwards) it reduces a recession risk.

4.3

Monetary Policy Shocks

Figure 17 plots the responses to a contractionary RR monetary shock estimated in a linear
model. Those shocks affect the entire distribution of GDP growth proportionally (see Figure 18). And, there is no evidence of heterogeneity across quantiles when we allow for signdependence (see Figure 19)
The above result is robust to the use of an alternative measure of monetary shock: AR
monetary shock (see Figure 21, Figure 22 and Figure 23 )

4.4

Credit Spread Shock

Figure 25 plots the linear responses to a contractionary credit spread shock. The entirely conditional distribution of GDP growth is shifted with the left tail being affected disproportionately
more (Figure 26).
The impact of credit spread shock on macroeconomic tail risk are asymmetric. An unexpected increase in the credit spread raises tail risk on impact and dies out after one year
(Figure 27). On the contrary, an expansionary credit spread shock does not have an impact in
the short-run (within one year) but generates a higher tail risk in the following 2 to 4 years. This
suggests that easy credit in the short run might lead to a financial crisis in the medium-run.

4.5

Technology Shocks

JF-TFP shocks Figure 29 plots the impulse responses to a positive technology shock estimated in a linear model. A positive technology shock reduces left tail risk more than other
quantiles of conditional GDP growth on impact and it lasts for three years (see Figure 30 for
a direct comparison).
More interestingly, the impacts are sign-dependent as it is shown in Figure 31. The results
that we observe in a linear model is mainly driven by negative technology shock, which rises
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the left tail disproportionately more. A positive technology shock, on the other hand, does
not improve the tail risk. Indeed, it reduces the 90th quantile, i.e., it pushes the right tail to
the right. In other words, in response to a positive technology shock the likelihood of a big
expansion is bigger.
TFP News Shock Figure 33 plots the impacts of a news shock about future technology. In
a linear model, a positive news shock raises the risk on impact and reduces the tail risk from
the second to the 20th quarter. This suggests that the reduction in the tail risk might take
place at the time the news about productivity are realized.
The impacts of news shocks on macroeconomic tail risk are asymmetric. A positive news
shock reduce risk in the short run: two years. Whereas a negative news shock does not have
significant impact in the short run, but increase the risk in the medium run: between three to
five years since the news shock is announced.

5

Conclusion

The average impacts of macroeconomic shocks on economic actives have been studied extensively, yet no one has looked at whether those shocks affect the shape of economic activities’
distributions. This paper fills this gap, in particular, we focus on how macroeconomic shocks
affect the tail risk. We generally find that oil, fiscal policy, credit spread, and productivity shocks affect the tail risks disproportionately more than other quantiles. And the sign of
shocks matters.
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A
A.1

Impulse Responses
Oil Price Shocks

Figure 4: Linear Responses to a shock in oil-supply
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Figure 5: Various linear Responses to a shock in oil-supply
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Figure 6: Asymmetric responses to a shock in oil-supply

15

Figure 7: Various responses to a negative shock in oil-supply

16

Figure 8: Various responses to a positive shock in oil-supply
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Figure 9: Linear Responses to a shock in oil-specific-demand
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Figure 10: Various linear Responses to a shock in oil-specific-demand
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Figure 11: Asymmetric responses to a shock in oil-specific-demand
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Figure 12: Various responses to a negative shock in oil-specific-demand
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A.2

Fiscal Shock

Figure 13: Linear Responses to a shock in government expenditures
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Figure 14: Various linear Responses to a shock in government expenditures
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Figure 15: Asymmetric responses to a shock in government expenditures
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Figure 16: Various responses to a negative shock in government expenditures
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A.3

Monetary Policy Shocks

Figure 17: Linear Responses to a shock in monetary policy (RR)
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Figure 18: Various linear Responses to a shock in monetary policy (RR)

27

Figure 19: Asymmetric responses to a shock in monetary policy (RR)
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Figure 20: Various responses to a negative shock in monetary policy (RR)
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Figure 21: Linear Responses to a shock in monetary policy (Narrative)
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Figure 22: Various linear Responses to a shock in monetary policy (Narrative)
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Figure 23: Asymmetric responses to a shock in monetary policy (Narrative)
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Figure 24: Various responses to a negative shock in monetary policy (Narrative)
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A.4

Credit Shock

Figure 25: Linear Responses to a shock in credit spreads
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Figure 26: Various linear Responses to a shock in credit spreads
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Figure 27: Asymmetric responses to a shock in credit spreads
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Figure 28: Various responses to a negative shock in credit spreads
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A.5

Technology Shocks

Figure 29: Linear Responses to a shock in technology (JF)
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Figure 30: Various linear Responses to a shock in technology (JF)

39

Figure 31: Asymmetric responses to a shock in technology (JF)
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Figure 32: Various responses to a negative shock in technology (JF)
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Figure 33: Linear Responses to a shock in technology (News)
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Figure 34: Various linear Responses to a shock in technology (News)
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Figure 35: Asymmetric responses to a shock in technology (News)
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Figure 36: Various responses to a negative shock in technology (News)
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