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1 Introduction

Uncertainty is recognized as one of the main causes of the protracted recession
in the United States (Stock and Watson, 2012). As illustrated in the theoretical
literature, a rise in uncertainty can affect the economy through the “real-option ef-
fects” (Bernanke, 1983; Dixit and Pindyck, 1994), precautionary savings (Basu and
Bundick, 2017), or increasing financing costs (Pastor and Veronesi, 2013; Gilchrist,
Sim, and Zakrajsek, 2014).

The empirical literature provides evidence of recessionary effects of uncertainty
shocks, see Bloom (2009) and Castelnuovo (2019a) for a survey. In the main, this
evidence has been produced relying on linear Vector Autoregressive (VAR) mod-
els (Bloom, 2009; Jurado, Ludvigson, and Ng, 2015; Rossi and Sekhposyan, 2015;
Baker, Bloom, and Davis, 2016; Leduc and Liu, 2016, among many others). How-
ever, empirical studies highlight that the macro-financial linkages may be nonlin-
ear. Angelini, Bachiocchi, Caggiano, and Fanelli (2019) show that nonlinear models
provide evidence of a more powerful propagation mechanism for shocks in extreme
conditions (i.e., recessions and the global financial crisis).

We contribute to the literature by investigating whether uncertainty shocks af-
fect asymmetrically macroeconomic variables over the business cycle in the US.
Our focus is the monetary policy stance and how different monetary tools tackle
the uncertainty shocks. A non linear VAR is estimated considering an exogenous
uncertainty shock which affects macroeconomic variables conditional on the states
of the economy (recessions versus normal times). The uncertainty shock is iden-
tified by appealing to the financial uncertainty indicator proposed by Ludvigson,
Ma, and Ng (2019). We provide novel empirical evidence for the US investigating
the role of the monetary policy as a transmission channel. In order to do this, in
addition to the key macroeconomic variables, we include short-term and long-term

interest rates and the Federal Reserve’s Balance Sheet as monetary policy tools.



A few papers investigate the nonlinear relation between monetary policy and un-
certainty shocks (Aastveit, Natvik, and Sola, 2017; Caggiano, Castelnuovo, and
Pellegrino, 2017; Caggiano, Castelnuovo, and Nodari, 2020; Jackson, Kliesen, and
Owyang, 2019). However, such contributions focus on the role of the short-term
interest rate. Conversely, we focus on the Balance Sheet-related monetary policy.
Our decision to do this is motivated by the fact that Balance Sheet-related mon-
etary policy may be considered an important future component of the monetary
toolkit of the Federal Reserve (Dell’Ariccia, Rabanal, and Sandri, 2018).

How does the uncertainty propagate into the economy? Does the Balance Sheet-
related monetary policy tackle the recessionary effects of uncertainty shocks? We
answer these questions by including the post-World War US quarterly data in a
Smooth Transition VAR, focusing on the monetary policy. We find systematic
asymmetries across the business cycle in response to uncertainty shocks. These
shocks play an important role in deepening the macroeconomic activity, depending
on which phase of the business cycle the economy is in when the uncertainty shock
occurs. We also find that the shock triggers demand-type dynamics in recessions
but not in normal times.

The reaction of the Federal Reserve is consistent with an inflation-targeting
strategy pursued by the monetary policymakers. In recessions our (Generalised)
impulse responses predict a reaction of the Federal Reserve via an increase in the
total assets of the Federal Reserve Balance Sheet of more than 2% with respect to
the pre-shock level. Disentangling the propagation channels, we provide evidence
of how consumption and investments are driving the GDP to fall in the short- and
medium-run, in particular during recessionary periods. Among the disaggregate
components of consumption and investments, we document an important differ-
ence in the reaction of durable consumption and residential investments across the
business cycle, with the latter showing an "overshooting" behavior.

According to the forecast error variance decomposition, the variance of macroe-



conomic variables (GDP, consumption, investments, and unemployment) explained
by the shock is from four to six times larger in recessions than in normal times.

A counterfactual exercise provides evidence of the role of Balance Sheet-related
monetary policies in mitigating the macroeconomic fluctuation due to uncertainty
shock. In absence of Balance Sheet-related monetary policies, the effects of the
financial uncertainty shock would become more persistent and larger (in absolute
values) than the effects estimated in the baseline.

The remainder of the paper is organized as follows. Section 2 reviews the lit-
erature, while Section 3 describes the data and the empirical analysis. Section 4
present the results. Section 5 illustrates the propagation channels and the General-
ized Forecast Error Variance Decomposition. Section 6 describes the counterfactual

experiment and Section 7 presents the conclusions.

2 Related Literature

This study is connected to the empirical literature which investigates the impact of
the uncertainty on macroeconomic variables (Bloom, 2009; Jurado, Ludvigson, and
Ng, 2015; Rossi and Sekhposyan, 2015; Baker, Bloom, and Davis, 2016; Ludvig-
son, Ma, and Ng, 2019, among others). In particular, our research fits within the
burgeoning literature illustrating that uncertainty shocks have regime-dependent
effects. For instance, Cacciatore and Ravenna (2020) show that deviations from
efficient wage setting due to matching frictions in the labor market, combined with
a binding downward wage rigidity, generate state-dependent amplification of un-
certainty shocks. Empirical evidence is documented, for example, by Caggiano,
Castelnuovo, and Groshenny (2014).

Our focus on financial uncertainty is justified both theoretically and empirically.
While from a theoretical standpoint Basu and Bundick (2017) show that financial

uncertainty is an important driver of the business cycle in a microfounded macroeco-



nomic framework, empirical studies provide evidence of the exogeneity of financial
shock to the business cycle (see Carriero, Clark, and Marcellino, 2018; Angelini,
Bachiocchi, Caggiano, and Fanelli, 2019; Ludvigson, Ma, and Ng, 2019).

Our contribution corroborates previous papers on the nonlinear relationship be-
tween uncertainty and the stance of the monetary policy. Aastveit, Natvik, and Sola
(2017) and Caggiano, Castelnuovo, and Pellegrino (2017) estimate an Interacted
VAR model to investigate the asymmetric effects of uncertainty on the business
cycle. In particular, Aastveit, Natvik, and Sola (2017) show how the short-term
interest rate is less effective when uncertainty is high. At the same time, Caggiano,
Castelnuovo, and Pellegrino (2017) document that uncertainty shocks trigger a
deeper recession during the Zero Lower Bound (ZLB) period than in normal times.
Caggiano, Castelnuovo, and Nodari (2020), relying on a Smooth Transition VAR,
quantify the effects of a VXO shock in good and bad times. They find that the
systematic monetary policy is more effective in good times than in bad times. Jack-
son, Kliesen, and Owyang (2019), estimating a time-varying Threshold VAR, find
asymmetric effects of economic policy uncertainty shocks under high and low uncer-
tainty regimes. They find that the systematic monetary policy plays an important
role in offsetting the adverse effects of the uncertainty shock.

However, these papers fail to scrutinize the stance of the monetary policy, relying
on the Balance Sheet-monetary policy in addition to the short and long-term interest
rates as monetary policy instruments.

For this reason, our study is also connected to the literature on the Central
Bank’s Balance Sheet going back to the seminal research of Bernanke and Gertler
(1989), Kiyotaki and Moore (1997), and . Bernanke, Gertler, and Gilchrist (1999).
In particular, we contribute to the recent strand of the empirical literature that
discusses the relevance of the monetary policy tools related to the Central Bank’s
Balance Sheet (Curdia and Woodford, 2011).

We include the Balance Sheet-related monetary policy instrument inspired by



Bernanke (2012) that points out that the Federal Reserve’s Balance Sheet has been
used by the Fed as a tool for achieving its mandated objectives of maximum employ-
ment and price stability.! Moreover, our decision is supported by the contributions
of Gambacorta, Hofmann, and Peersman (2014) and Dahlhaus, Hess, and Reza
(2018). Gambacorta, Hofmann, and Peersman (2014) estimate a panel VAR in-
cluding the total assets of Fed Balance Sheet as the main policy instrument for
many advanced economies such as the Euro Area and the US. They document how
an expansionary monetary policy shock leads to a significant rise in macroeconomic
variables. Dahlhaus, Hess, and Reza (2018), relying on a factor-augmented vector
autoregression, investigate the effects of US Federal Reserve quantitative program
on the Canadian economy. They find that the Fed’s Balance Sheet has an impor-
tant effect on Canadian GDP. Their decision on the choice of this monetary policy
tool is motivated by the fact that the Balance Sheet holdings contain information
on quantitative easing (QE) and are unaffected by closely related non-QE policies,
such as forward-guidance. This aspect is relevant since the Fed has often announced
information on multiple unconventional monetary policies at the same time. More-
over, the effects of a QE program can be captured by the movements in the Balance
Sheet holdings of long-term assets through the signaling and portfolio rebalancing
channels of transmission.

In contrast with Gambacorta, Hofmann, and Peersman (2014) and Dahlhaus,
Hess, and Reza (2018) who identify a monetary policy shock, we consider the total
assets of the Fed Balance Sheet as a transmission mechanism through which financial
uncertainty shock affects the business cycle. Moreover, these researchers estimate
linear models focusing on the ZLB regime. Conversely, our nonlinear estimation

allows us to consider a longer sample and to randomize over histories (i.e., during

1“In using the Federal Reserve’s balance sheet as a tool for achieving its mandated objectives of

maximum employment and price stability, the FOMC has focused on the acquisition of longer-
term securities-specifically, Treasury and agency securities, which are the principal types of se-
curities that the Federal Reserve is permitted to buy under the Federal Reserve Act” (Bernanke,
2012).



recessions and normal times).

3 Data and Methodology

In this Section we describe data and introduce the Smooth Transition VAR model.

3.1 Data

We study the effects of uncertainty shock in the US across the business cycle. We use
quarterly data from 1960Q3 through 2019Q4. The series are transformed to induce
stationarity. The main measures of real activity are the first difference of log real
GDP (GDP) and the unemployment rate (Unempl). Inflation (Infl) is measured by
the first difference of log personal consumption expenditures chain price index. We
use the effective federal funds rate (FFR) as a measure of the short-term interest
rate. To proxy the Balance Sheet-related monetary policy, we rely on the first
difference of log total assets of the Fed Balance Sheet (BS), as in Gambacorta,
Hofmann, and Peersman (2014).? Since such a measure is only downloadable from
the Federal Reserve of St. Louis from 2002, we collect monthly data of the total
assets of the Fed’s BS for the previous periods (1960-2001) retrieving the information
from the monthly Federal Bulletins. Then, we convert monthly data into quarterly
observations via quarterly averaging. In addition, we include the 10-year Treasury
bond long-term interest rates (10-y TB). This long-term interest rate is important
in the transmission mechanism of BS related monetary policy on macroeconomic

variables (Kiley, 2018). Moreover, including the long-term interest rate allows us

2The Federal Reserve faced the Great Recession by adopting an extraordinarily expansionary
monetary policy stance, lowering policy rates to stimulate the economy. However, with monetary
policy rates close to the ZLB, when further stimulus was needed, Central Banks turned to non-
interest rate, or non-standard policy measures. Meaning and Zhu (2011) use the Federal Reserve
balance sheet information to proxy the unconventional monetary policy tools. Peersman (2011)
studies the (linear) macroeconomic effects of unconventional monetary policy in the Euro Area
relying on the size of European Central Bank (ECB)’s BS. Also, Gambacorta, Hofmann, and
Peersman (2014) focus on the total assets of the Central Bank’s BS to proxy unconventional
monetary policies.



to consider the impact of forward guidance (Bundick and Herriford, 2017).?

We proxy the financial uncertainty using the recent measure proposed by Lud-
vigson, Ma, and Ng (2019). This factor model-based indicator provides proxies for
uncertainty computed for h-step-ahead forecast errors. In our analysis, we include
the uncertainty measure (Unc) with forecast horizon at 3-months, converting it to
quarterly figures by taking the average value in each quarter. Figure 1 plots the
uncertainty measures versus the National Bureau of Economic Research (NBER)
turning points (shaded area). It can be observed that financial uncertainty spikes
occur during recessionary periods. From our perspective, this indicator has two
main advantages. First, as argued by Ludvigson, Ma, and Ng (2019), it captures
changes in the financial market uncertainty that are a source of economic fluc-
tuations, rather than being an endogenous response to fundamentals. Angelini,
Bachiocchi, Caggiano, and Fanelli (2019) confirm, empirically, such exogeneity of
the financial uncertainty indicator. Second, this index is more suitable than the
VIX which is widely used for proxing uncertainty. Indeed, as stressed by Bekaert,
Hoerova, and Lo Duca (2013), this indicator could be more reflective of counter-
cyclical risk aversion than uncertainty. The above reasons make the Ludvigson, Ma,
and Ng (2019) indicator more appealing for our analysis, especially in identifying
the shock.*

In Section 5 we investigate the channels through which uncertainty propagates.
In doing so, we augment the baseline specification by the first difference of log real
gross private domestic investment (Inv) and of real personal consumption expen-
ditures (Cons). Then, we disaggregate consumption (services, non-durables, and

durables goods), and investment series (inventories, residential, and nonresidential

3Giirkaynak, Sack, and Swanson (2005) show that the Federal Reserve has relied on communication
to affect agents’ expectations over future policy moves to influence long-term rates. Adrian,
Crump, and Moench (2013) argue that after the Federal Open Market Committee (FOMC) of
August 9, 2011, in which the Committee announced “exceptionally low levels for the federal funds
rate at least through mid-2013 ” the term premia in longer-horizon TB declined significantly.

4Appendix D shows the robustness of our results using the VXO as an alternative measure of
uncertainty (Bloom, 2009).



investments).

The choice of the quarterly frequency is justified by our interest in the response of
(among other variables) GDP and investment, which are not available at a monthly
frequency. The start date of our sample is restricted by the availability of the
uncertainty indicator.

The financial uncertainty indicator of Ludvigson, Ma, and Ng, 2019 can be down-
loaded from https://www.sydneyludvigson.com/data-and-appendixes. The data
are seasonally adjusted and retrieved from the Federal Reserve Bank of St. Louis,

unless indicated otherwise.

3.2 Methodology: A Smooth Transition VAR

The estimated Smooth-Transition VAR model (STVAR) is defined as follows:

Xo = Fl)Ur(L)X: + (1 = F(z) e (L)X + e, (1)
e~ N(0,Q), 2)
& = F(z)Qn+ (1 - F(z))Qnr, (3)
F(z) = exp(—vyz)/(1+exp(—vz)),7 > 0,2 ~ N(0,1). (4)

where X; is a set of endogenous variables, II(L), and II(L) ., are the polyno-
mial matrices in the lag operator L capturing the dynamics of the system during
recessions and normal times, respectively. The vector of reduced-form residuals (e;)
has a zero-mean and heteroskedastic, state-contingent variance-covariance matrix
Q;, where Qg and Qyr refer to the covariance structure of the residuals in reces-
sions and normal times, respectively. F'(z;) is a logistic and continuous function
bounded between zero and one which depends on the state variable z;. The slope
parameter 7 dictates how smooth the transition is from one regime to another, i.e.

from recessions to normal times and vice versa. If v — oo in (4), then the transition



from one state of economy to the other is abrupt. Conversely, a small value of ~
implies that such a transition is smooth.

Our vector is Xy = [Infl, GDP,Unempl, FF R, BS,10—yT B, Unc|’. The uncer-
tainty shock is identified via the Cholesky decomposition, with the sample assump-
tions provided by Christiano, Eichenbaum, and Evans (2005) and widely adopted
in the monetary policy literature. In other words, the slow-moving variables (Infl,
GDP, and Unempl) are ordered first, whereas the fast moving variables (monetary
policy tools) are ordered last. This ordering implies that monetary policies depend
on the real activities. In setting the monetary policy tools, we place the total assets
of the Fed BS after the effective federal fund rate (FFR) and before the 10-year
Treasury bond (10-y TB). This reflects the idea that the primary monetary policy
tool is the short-term interest rate. The uncertainty measure is set last in vector X;.
This means that we "purge" our uncertainty indicator from the contemporaneous
movements of our macroeconomic variables, therefore sharpening the identification
of uncertainty shocks. This identification implies that macroeconomic variables
react to uncertainty shocks with a lag.’

The transition variable z; and the calibration of the smoothing parameter
are justified as follows. As in Auerbach and Gorodnichenko (2012) and Caggiano,
Castelnuovo, Colombo, and Nodari (2015), we employ a standardized backward-
looking moving average of the output growth rate, involving eight realizations of
the quarter-on-quarter real GDP growth rate.® We calibrate the smoothness pa-
rameter 7y to match the probability of being in recessions as identified by the NBER

business cycle dates (15% in our sample). The recessionary phase is defined as a

5The main results are not affected when the uncertainty index is set as the first variable in the
vector X;. The results are reported in Appendix D.
6The transition variable z; has been standardized to be comparable to those employed in the
literature. To choose the transition variable we follow the heuristic rule suggested by Terdsvirta
(1988). We perform the linearity test relying on different potential transition variables, such as
the lagged (t-1) standardized backward looking moving average (MA) over (j) quarter(s) of the
output growth rate with 7 € J = 2,...12 and we choose the transition variable for which the
p-value is minimized. This is because whether there is a correct transition variable among the
different alternatives, the power of the test is maximized against it. Moreover, our results are
robust using a moving average over six quarters. See Appendix D for details.

10



period in which Pr(F(z) > 0.85) ~ 15%. This means that the economy spends
about 15% of the time in recessions and 85% in normal times. This implies setting
~v = 2.1. The choice is consistent with the threshold value Z = —1% discriminating
between recessions and normal times. In particular, if the realizations of the stan-
dardized transition variable z; is lower (higher) than the threshold value Z, it will
be associated to recessions (normal times). Figure 2 plots the transition function
F(z) versus the NBER turning points and shows that high values of F(z;) tend to
be associated with NBER recessions.

Given the high nonlinearity of the model, we estimate the STVAR in (1) relying
on the Markov-Chain Monte Carlo simulation of Chernozhukov and Hong (2003)
(see Appendix B for details). To model the endogeneity of the transition from
one state to another after an uncertainty shock occurs, we compute the General-
ized Impulse Response Functions (GIRFs) proposed by Koop, Pesaran, and Potter
(1996). Since the GIRFs depend on the initial condition, we study the evolution of
the GIRFs over histories (i.e., during recessions and normal times). We estimate a
nonlinear VAR including two lags, as suggested by the Akaike information criterion.
Our model includes a constant.

Before estimating the STVAR in (1), we perform a linearity test. Linearity
is tested by replacing the transition variable (z;) by the first and the third order
Taylor series approximation around v = 0, as suggested by Terédsvirta and Yang
(2014). We perform an LM test that suggests a strong rejection of the linearity for

the system as a whole in favor of a STVAR (details in Appendix A).

4 Results

Figure 3 plots the Generalised IRFs (GIRFs) of the modeled variables to a one-
standard deviation unexpected increase in uncertainty in recessions (first column)

and in normal times (second column). As in Colombo and Paccagnini (2020), such

11



an increase is constant across regimes, given that our aim is to highlight differences
in dynamics conditional on the same size of the shock.” Shaded bands denote
confidence intervals at 68% levels. The log difference transformed variables have
been accumulated (inflation, GDP, and total assets of the Fed Balance Sheet).
The horizontal axis identifies quarters, whereas the vertical axis is expressed in
percentage points.

Uncertainty shocks have asymmetric effects across the business cycle. The phase
of the business cycle in which the economy is when uncertainty shocks occur affect
the size of the reaction of macroeconomic variables. The shock triggers negative
macroeconomic fluctuations in recessions and in normal times. However, the effects
of the shock on the macroeconomic activity more than double when uncertainty
shocks occurr in recessions.

In normal times, an exogenous increase in uncertainty negatively affects the
GDP with a trough response of —0.2%, and then returns to the steady-state. The
response of unemployment is qualitatively similar to the GDP, even though its
reaction is relatively more enduring. The reaction of inflation is not as statistically
significant as that of the Federal Reserve. However, the reaction of the long-term
interest rate to the shock is negative, statistically significant, albeit small.

In recessions, uncertainty shocks increase the unemployment rate (0.3%) by re-
ducing aggregate demand (—0.4%). Since uncertainty depresses aggregate demand,
it also has a long-lasting deflationary effect. In line with their inflation-targeting
strategy, monetary policymakers lower the nominal interest rate to alleviate the
recessionary effects of uncertainty. Interestingly, the generalized impulse responses
also predict a reaction of the Federal Reserve via an increase in the total assets of

the Fed Balance Sheet (2%). Financial uncertainty has a negative and statistically

"The unexpected increase in uncertainty is calibrated with the one-standard deviation uncertainty
shock estimated in recessions. Our results are materially the same if we use the one-standard
deviation uncertainty shock estimated in normal times. Moreover, our results are qualitatively
similar when we include a regime-specific covariance matrix (eq. (3)), thus allowing for changes
in the size of the shocks (as well as the transmission mechanisms) between normal times and
recessions. Results are available upon request.

12



significant impact not only on short-term but also on long-term interest rates, with
a double impact on the latter. The expansionary monetary policy predicted by our
results corroborates those found in the literature (i.e., Bekaert, Hoerova, and Lo
Duca, 2013; Caggiano, Castelnuovo, and Groshenny, 2014; Caggiano, Castelnuovo,
and Pellegrino, 2017; Jackson, Kliesen, and Owyang, 2019).

The reaction of the 10-year TB to a financial shock is also found in Castelnuovo
(2019b) who, analyzing a linear framework, highlights the stronger reaction of the
short end of the term structure with respect to the long one. Conversely, we find
the opposite results: after an uncertainty shock, the response of the long-term in-
terest rate (10-year TB) is stronger than the short-term one (FFR). Such a result
holds both in recessions and in normal times, although in recessions it is magnified.
Our findings may depend on two mechanisms that increase the demand for bonds.
Firstly, an increase in uncertainty in both states of the economy may induce house-
holds to reduce consumption and increase precautionary savings. The increase in
the demand for bonds pushes up the bond prices and depresses the bond yields.
Secondly, uncertainty shock has recessionary effects on macroeconomic activity. In
recessions, the Fed reacts by cutting the FFR and buying long-term TBs that in-
crease the total assets held in the Fed’s BS (as shown in row 5 of the Figure 3).
This further increase in demand for bonds depresses government yields even more.
We think that in recessions both channels are present and this explains the reason
why financial uncertainty shocks have (in absolute value) stronger effects on the
long-term interest rate than on the short-term rate.

Our results corroborate those reported in previous contributions on the "de-
mand" type of effects triggered by uncertainty shocks in the US economy, associ-
ated with a fall in output and prices at the same time (i.e., Bloom, 2009; Baker,
Bloom, and Davis, 2016; Leduc and Liu, 2016; Colombo, 2013; Alessandri and
Muntaz, 2019). Our findings are supported by theoretical studies (i.e., Basu and

Bundick, 2015) which document that when the price adjusts slowly to changing

13



economic conditions, a Real Business Cycle (RBC) model can replicate the reces-
sionary effects of an uncertainty shock. In addition, our work is also supported
by the empirical analysis in which uncertainty shocks are found to trigger asym-
metric effects across the business cycle (i.e., Nodari, 2014; Caggiano, Castelnuovo,
and Pellegrino, 2017; Jackson, Kliesen, and Owyang, 2019), and in particular on
unemployment (Caggiano, Castelnuovo, and Groshenny, 2014).

Statistical evidence in favor of asymmetries across regimes. Are the
reactions of macroeconomic variables to uncertainty shocks statistically significant
different across regimes? The third column of Figure 3 reports the empirical density
of the difference between the reaction of macroeconomic variables across regimes.
The empirical density is based on 500 realizations of such differences for each horizon
h. If the zero lines are not included in the confidence bands, then there will be
evidence of state-dependent reactions. Our findings confirm that quantitatively the
responses are different across regimes from a statistical point of view.

We check the robustness of our findings against several perturbations of the
baseline STVAR model. In particular, we focus on alternative i) calibration of
smoothness parameters; ii) transition variable; iii) measures of uncertainty; iv)
sample size; and v) specifications. Results are reported in Figure D.1 and Figure

D.2 in Appendix D.

5 Propagation Channels

This Section examines the propagation channels through which uncertainty shock
affects GDP. We add consumption or investment, one at a time, into the baseline
model. In both specifications, consumption and investments are adequately trans-
formed in the first difference log and placed after GDP in the set of endogenous
variables (X;). This investigation is useful for understanding how the uncertainty

shock can be transmitted to the business cycle and how the propagation mechanism

14



works differently in the two states of economy (recessions and normal times). Our
decision to include these variables relies on several studies that propose models and
theoretical frameworks including consumption and/or investments to explain how
uncertainty shocks could affect macroeconomic variables (see for instance, Bernanke,
1983; Dixit and Pindyck, 1994; Pastor and Veronesi, 2013; Gilchrist, Sim, and Za-
krajsek, 2014; Leduc and Liu, 2016; Basu and Bundick, 2017). Figure 4 and 5
report the responses to the uncertainty shock for consumption and investments,
respectively. In the first and the second columns, we show the reaction in normal
times and in recessions, while we report their difference in the third column.

An increase to the uncertainty shock is followed by a down-turn in the short-
and medium-run of 0.25% for the aggregate consumption in recessions as pictured
in the first line of Figure 4. Meanwhile, in case of normal times, the consumption
decreases slowly and reaches the down-turn, around —0.20%, at the eighth quar-
ter. After this, we investigate how uncertainty propagates through disaggregated
measures of consumption, including spending in services, non-durables, and durable
consumption components as shown in the second, third, and fourth lines of Figure
4. In recessions, the decrease in consumption is driven by the fall in all three compo-
nents. In particular, the durable consumption fall is around —1% before the fourth
quarter. In normal times, results confirm how the response of consumption is mild
for services and non-durables. However, in the case of durable consumption, we do
not report a statistically significant response to the shock. This evidence of a severe
impact of uncertainty during recessionary periods, in particular for durables, is also
confirmed by the difference reported in the third column of Figure 4. Our results
corroborate the findings of a larger magnitude and more persistent contraction in
durable consumption documented by Jackson, Kliesen, and Owyang (2019). We can
also report that GDP and consumption spending have a similar reaction to the un-
certainty. After the shock hits, we document a fall in both variables which increase

slowly after four quarters. This evidence is in line with the behavior of households
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to reduce precautionary spending, in particular on durable goods. These findings
confirm that uncertainty shock is a demand shock which reduces the aggregate
output via precautionary savings (for reference, see Bloom, Floetotto, Jaimovich,
Saporta-Eksten, and Terry, 2018).

The aggregate investments experience a severe fall and subsequent quick in-
crease in recessions. However, in normal times, the impact of the uncertainty shock
is weaker and not statistically significant. The first line of Figure 5 shows how the
response to an uncertainty shock falls by 2% in the short run. After one year, the
response rapidly increases to become positive. Hence, we investigate how uncer-
tainty propagates through disaggregated measures of investments including inven-
tories, nonresidential, and residential components as shown in the second, third,
and fourth lines of Figure 5. The response of aggregate investments is confirmed
by the disaggregate components, with the same statistically significant pattern only
in recessions, apart from nonresidential investments, which have a statistically sig-
nificant response for a few quarters in normal times. It is interesting to note how
residential investments recover to a steady state with a quick increase which suggests
an "overshooting effect". This evidence of a severe impact of uncertainty during
recessionary periods, in particular for residential and nonresidential components, is
also confirmed by the difference reported in the third column of Figure 5. The rapid
decrease, after the uncertainty shock hits, is not a surprising result, since investment
is the most volatile component of the GDP. When uncertainty increases, firms freeze
their economic activity and investments decrease. As documented in the baseline
model, after an increase in uncertainty shock, GDP decrease as well as consumption
and investments. If consumption increases at the same rate as the GDP growth rate,
investment has quickly changes to an increased pattern showing the overshooting
effect. For investments, we can report a behavior known as "wait-and-see" (see for
reference Bloom, Bond, and Van Reenen, 2007; Bloom, 2009; Stokey, 2016). In

the first three-quarters investments reach their minimum and after that, when the
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temporary uncertainty is solved and the economic situation appears brighter, in-
vestments quickly increase. As discussed in Bloom (2009) and in Ferrara, Lhuissier,
and Tripier (2018), we can motivate the overshooting pattern looking at the mas-
sive comeback of the allocation of labor and capital injected in investment projects
that were previously suspended, as happened during the Great Recession. These
results provide evidence of how the business activities are quicker to adapt to an
uncertain framework than consumption. We can also document how the increase in
production is slower than the pattern illustrated by investments which are the first
to react, in particular the residential component, after the temporary fall due to
the uncertainty shock. Our results are different from those of Jackson, Kliesen, and
Owyang (2019), who do not document the same overshooting pattern, even if the
responses of investment components are increasing after eight quarters and most
probably the overshooting effects are only lagged in their exercise.

The increasing reponses of GDP components are also supported by the large
asset purchase announcements by the Federal Reserve. As discussed in Weale and
Wieladek (2016), thanks to the monetary injections operated by the monetary in-
stitution, households and firms are more confident about the role of the Federal
Reserve to support the economy in both recessions and normal times. For this
reason, the perceived volatility of future inflation and GDP will decline. Besides,
both the BS movements and the reduction of the financial uncertainty can have one
of two effects: a decline in consumers’ uncertainty about durable consumption or
a higher risk-taking by investors. These two channels can support the aggregate
output by increasing consumption and reducing premia on risky lending.

Generalised Forecast Error Variance Decomposition. How important is
the uncertainty in driving economic dynamics? To assess the importance of uncer-
tainty shocks, we calculate the Generalised Forecast Error Variance Decomposition
(GFEVD) for a one-standard deviation regime dependent shock to all variables us-

ing the Lanne and Nyberg (2016) ’s algorithm. Table 1 reports the state-dependent
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12-quarters ahead GFEVD due to uncertainty shocks: 1) the financial uncertainty
index estimated by Ludvigson, Ma, and Ng (2019) indicator (in the upper panel
of the table) and (2) the VXO (in the lower panel of the table). We report the
contribution of uncertainty shocks across regimes (normal times versus recessions)
for each variable multiplied by 100. The variables indicated in the first column
are (from top to bottom): the inflation rate (Infl), the output growth (GDP), the
consumption (Cons), the investments (Inv), the unemployment rate (Unempl), the
federal fund rate (FFR), the total assets of the Fed balance sheet (BS), the 10-
year Treasury Bond (10-y TB), and the uncertainty. We compute the GFEVD for
two alternative models: column “with Cons” reports the GFEVD of the specifica-
tion augmented by the consumption and column “with Inv” reports those with the
specification augmented by the investments. In the case of the financial uncertainty
index (FU), we note how the reaction of variables to uncertainty shocks is magnified
in both alternative models during recessions. Specifically, as shown in the Table 1,
the contribution of financial uncertainty is approximately from 4 to 6 times larger
for macroeconomic variables (GDP, consumption, investments, and unemployment)
and around 8 times larger for inflation during recessionary periods with respect to
normal times. It is interesting to note how the contribution of financial uncertainty
on the monetary variables (FFR, BS, 10-year TB) is from 7 to 12 times larger in
recessions than in normal times. However, the forecast error variance of the un-
certainty is largely explained by its own shock in both regimes. These findings are
robust when we substitute the financial uncertainty indicator a la Ludvigson, Ma,
and Ng (2019) with the VXO. This is not surprising, since the high correlation
between the two proxies (0.79).

These findings are in line with the predictions documented by the theoretical frame-
work in Basu and Bundick (2017) which show that the co-movements among out-
put, consumption, and investments are one of the main features of the economy’s

response to an uncertainty shock. In particular, the evidence for investments is
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connected with previous studies which highlight that the level of uncertainty affects
the value of investment opportunities in case of the irreversibility of invesment (i.e.,
Bernanke, 1983; Bloom, 2009; Bloom, Floetotto, Jaimovich, Saporta-Eksten, and

Terry, 2018).

6 Counterfactual Experiments

How effective are Balance Sheet-related monetary policies to offset uncertainty shocks?
The answer to this question is important for understanding the role played by the
BS-related monetary policy in tackling the contractionary effects of an uncertainty
shock.

We run a counterfactual exercise in which we shut down the reaction of our
variable of interest to the shock. This means that we zero out the coefficients of
the BS equation in our Smooth Transition VAR. In doing so, we allow the Federal
Reserve to react to a financial uncertainty shock through only the short-term interest

8

rate. In this Section, we report results only for recessions, since the baseline

model provides evidence of a reaction of the total assets of the Fed BS only during

8We run counterfactual simulations by zeroing out the coefficients of the BS equation in our VAR
as done for the federal funds rate coefficient in Sims and Zha (2006) and Caggiano, Castelnuovo,
and Nodari (2020). Another way to run the counterfactual is to create a fictitious shock to
keep the balance sheet fixed to its pre-shock level. We follow the former strategy. We run this
exercise, fixing the path of the 10-year TB. The long-term interest rate captures the expectation
over future monetary policy and fixing its path allows us to capture its role in transmitting the
effects of uncertainty shocks. Relying on a VAR model such as the Smooth Transition VAR,
our counterfactual is subjected to Lucas (1976)’critique. In the VAR framework, we should
adjust coefficients of both policy and non-policy equations to changes in policy. However, in
the empirical VAR literature, there are several experiments which investigate different policy
rules by "zeroing-out" the response of policy variables to shocks (B. S. Bernanke, Gertler, and
Watson, 1997; Sims and Zha, 2006; Kilian and Lewis, 2011; Bachmann and Sims, 2012, among
others). As discussed by Caggiano, Castelnuovo, and Nodari (2020), there could be a trade-off
between how the counterfactual experiment is informative and how it satisfies the Lucas critique.
For example, Rudebusch (2005) shows how the reduced-form VAR coefficients are relatively
insensitive to changes in the VAR monetary policy rule. Meanwhile, Canova and Gambetti
(2010) show how the properties of different measures of inflation expectations in the US are
not influenced by breaks in monetary policy. In addition, they document similar reduced-form
characteristics in the VAR models with and without expectations. These two examples support
the possibility that a VAR analysis (like our counterfactual experiment) could be an indicative
approximation about the ability of the monetary policy, in particular of the balance sheet, to
tackle and stabilize the business cycle in recessions and normal times.
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recessionary periods.

Figure 6 plots the median of the GIRFs of our macroeconomic variables of in-
terest from the baseline specification augmented with consumption (first column)
or investments (second column) versus the counterfactual exercise. The solid and
dotted lines refers to the GIRFs for the baseline and counterfactual scenarios, re-
spectively. The difference between the reaction of macroeconomic variables from
the baseline (augmented by consumption /investment) and from the counterfactual
scenario represents the implementation of BS-related monetary policy measures.

We can note that the baseline and counterfactual scenarios produce similar
reactions to financial shocks for the first few quarters after the shock occurs. This
result is due to the relevance of initial conditions, which dominate during the first
quarters. However, as time goes by, different policies start to exert a different
impact on the evolution of the economic system. After 8 quarters, the BS-related
monetary policies reduce the impact of the shock on GDP, consumption, inflation
by 0.1% and on investment by 0.7%. Thus, as shown in Figure 6, when the BS
is kept fixed, GDP goes down and unemployment goes up in both specification,
remaining statistically far from zero for a prolonged period of time. The same holds
when looking at the response of consumption and investments, where the difference
is twice. Also, inflation displays the worst path when the BS is keept fixed. After
12 quarters, the macroeconomic variables are still below their pre-shock level. Two
results stand out: 1) when the FED does not rely on the BS-related monetary policy,
the effects of financial shocks become more persistent and 2) the macroeconomic
effects of uncertainty become larger (in absolute value) than those derived from the
baseline. We can conclude that in recessions the BS-related monetary policy tool is
a powerful tool to mitigate economic downturns due to financial uncertainty shock.

There are numerous channels through which the BS-related monetary policy can
affect the economy (see Bernanke, 2012). Weale and Wieladek (2016) highlight that

when the balancing portfolio is the main channel, the reduction in long-term TB
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yields will be larger with respect to the short-term yields. From our results reported
in Figure 3, uncertainty shocks have a greater impact on long-term than short-term
rates. Therefore, we believe that BS-related monetary policies are transmitted to
the economy through the portfolio’s balance channel. This mechanism works via
the acquisition of long-term TB (an activity of the Central Bank budget). Whether
financial markets are segmented, for instance because agents may have preferred
habitat for a given maturity in the government bond market, then the assets are not
perfect substitutes in investors’ portfolios. In this case, reducing government bond
offerings, the Central Bank purchases increase bonds prices and reduce the return on
those bonds (i.e., Gertler and Karadi, 2019; Chen, Curdia, and Ferrero, 2012). To
achieve an effect beyond the government bond markets, such segmentation cannot
be strong. If agents that sell government bonds to the Central Bank rebalance their
investment portfolios by purchasing other securities (i.e, corporate bonds, shares,
or securities guaranteed), then the prices for these assets will increase. This channel
might lead to wealth effects from higher asset prices (that raise consumption) and
lower borrowing costs (that increase investments). Thus, such monetary policy

reaction to an uncertainty shock will increase GDP.

7 Conclusion

A novel empirical contribution is given by estimating a Smooth Transition VAR in-
cluding macroeconomic variables, monetary policy tools, and financial uncertainty
proxy for the US economy. We investigate the impact of the uncertainty shock
scrutinizing the monetary policy stance. The nonlinearities allow us to disentan-
gle the behavior of the macroeconomic variables in two periods: recessions and
normal times. Uncertainty shock is found to trigger negative macroeconomic fluc-
tuations across the business cycle. The empirical evidence shows how the balance

sheet-related monetary policy has an important role in supporting the economy,
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mitigating the negative contractionary effects of the uncertainty shock, during the
recessionary periods. These results are a generalization and can also be extended
in the current pandemic crisis due to the COVID-19 uncertainty providing evidence
on the role of the monetary policy institution in support of the economy to avoid

worse recessionary effects.
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Tables

Table 1: Generalized Forecast Error Variance Decomposition: contribution of un-
certainty shocks across regimes

FU
normal times Recession
with Cons with Inv | with Cons with Inv

Infl 1.53 1.50 12.91 14.20
GDP 2.90 1.92 11.75 12.43

Cons 1.85 — 8.88 —
Inv — 2.21 — 13.94
Unempl 8.19 6.35 22.66 25.66
FFR 4.14 2.90 19.50 20.54
BS 1.40 0.99 10.84 12.38
10-y TB 3.58 1.93 15.26 14.97
Uncertainty 62.88 55.39 65.41 74.95

VXO
normal times Recession
with Cons with Inv | with Cons with Inv

Infl 0.73 0.88 14.16 12.15
GDP 1.55 1.48 6.96 7.14

Cons 1.70 — 9.92 —
Inv — 1.22 — 9.34
Unempl 1.72 3.14 25.00 23.89
FFR 1.23 2.11 15.16 14.15
BS 1.35 1.12 11.26 7.75
10-y TB 1.32 1.56 11.16 9.70
Uncertainty 74.95 70.78 77.35 78.12

Notes: The table reports the Generalized Forecast Error Variance Decomposition (GFEVD) at 12
quarters for uncertainty shocks proxied by: 1) the financial uncertainty indicator (FU) proposed
by Ludvigson, Ma, and Ng (2019); and 2) by the VXO. The FEVD is estimated for 2 alternative
models: column “with Cons” reports the GFEVD when the baseline specification is augmented
by the consumption; column “with Inv” reports the ones when the baseline is augmented by the
investments. The GFEVD is computed according to Lanne and Nyberg ’s (2016) algorithm for a
state-dependent 1-standard deviation shock to all variables. Each entry refers to the contribution
of uncertainty shocks across regimes (normal times versus recessions) and for each endogenous
variable, multiplied by 100. The variables indicated in the first column are (from the top to
the bottom): the inflation rate (Infl), the output growth (GDP), the consumption (Cons), the
investments (Inv), the unemployment rate (Unempl), the federal fund rate (FFR), the total assets
of the Fed balance sheet (BS), the 10-year treasury bill (10y-TB) and the uncertainty.
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Figures

Figure 1: Uncertainty measures vs Business cycle
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Notes: The shaded area indicate the U.S. recessionary phases (1960Q3-2019Q4), whereas the
blue line refers to the uncertainty measure proposed by Ludvigson, Ma, and Ng (2019).

Figure 2: Transition function vs Business cycle
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Notes: The shaded area indicate the U.S. recessionary phases (1960Q3-2019Q4), whereas the
blue line refers to the backward looking 8-quarters moving average of GDP growth.
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Figure 3: Generalized impulse responses (GIRFs) to financial uncertainty shocks
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Notes: The figure reports the generalized impulse responses (GIRFs) to an unanticipated U.S.
financial uncertainty shock in recessions (first column), in normal times (second columns), and
the median realizations of the differences between generalized impulse responses in recessions and
normal times (third column). Uncertainty proxied by the Ludvigson, Ma, and Ng (2019). The
red and blue lines denote the median GIRFs in recessions and in normal times, respectively. The
magenta lines refer to the median of the difference realizations between the two states of the world.
Shaded bands denote confidence intervals at 68% levels. The variables are expressed in percent
deviations with respect to their steady-state. The horizontal axis identifies quarters.
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Notes: The figure reports the generalized impulse responses (GIRFs) to an unanticipated U.S.
financial uncertainty shock for consumption (row 1) and some of its sub-components: consumption
spending on services (row 2), non-durables (row 3), and durables (row 4). Uncertainty proxied by
the Ludvigson, Ma, and Ng (2019)’s indicator. The red and blue lines denote the median GIRFs
in recessions (first column) and in normal times (second column). The third column reports the
median realizations of the differences between generalized impulse responses in recessions and
normal times and the magenta lines refer to the median of the difference realizations between the
two states of the world. Shaded bands denote confidence intervals at 68% levels. The variables are
expressed in percent deviations with respect to their steady state. The horizontal axis identifies

quarters.

Figure 4: Transmission mechanism: Consumption
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Notes: The figure reports the generalized impulse responses (GIRFs) to an unanticipated U.S.
financial uncertainty shock for investments (row 1) and some of its sub-components: inventories
(row 2), non-residential (row 3), and residential investment (row 4). Uncertainty proxied by the
Ludvigson, Ma, and Ng (2019)’s indicator. The red and blue lines denote the median GIRFs in
recessions (first column) and in normal times (second column). The third column reports the
median realizations of the differences between generalized impulse responses in recessions and
normal times and the magenta lines refer to the median of the difference realizations between the
two states of the world. Shaded bands denote confidence intervals at 68% levels. The variables are
expressed in percent deviations with respect to their steady state. The horizontal axis identifies

quarters.

Figure 5: Transmission mechanism: Investments
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Figure 6: Generalized Impulse Responses between with /without balance sheet chan-
nel
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Notes: Both columns report the Generalised IRFs (median) in recessions from two scenarios:
from our baseline specification (the red lines) and from the counterfactual one in which the total
assets of the Fed BS channel is shut down (the red dotted lines). The left column reports the
Girfs when the baseline specification is augmented by consumption, while the right column when
the baseline specification is augmented by investments. Each row reports the results for inflation,
GDP, consumption, investments, and unemployment. Uncertainty proxied by the Ludvigson, Ma,
and Ng (2019) measure. The variables are expressed in percent deviations with respect to their
steady-state. The horizontal axis identifies quarters.
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Appendix

This Appendix reports the estimation of the nonlinear VARs, the statistical evidence
in favor of a nonlinear relationship between the endogenous variables included in the
STVAR, and the computation of the Generalised Impulse Responses. In addition,
we report the description of Robustness Checks implemented to assess the baseline

results.

A Linearity Test

We test linearity versus nonlinearity applying the Terdsvirta and Yang (2014) test
for Smooth Transition Vector AutoRegression (STVAR) with a single transition
variable as in our framework. According to this test, we assume linearity under
the null hypothesis versus a nonlinear model with a logistic smooth transition com-
ponent under the alternative hypothesis. Let us assume a p-dimensional 2-regime

approximate logistic STVAR model:

X, = O+ > Yz +e, (5)
i=1

where X, is the (p x 1) vector of endogenous variables, Y,= |[X;_; | ... | X¢_g] is
the (k x p+q) vector of exogenous variables which includes lagged variables (k) and
a vector of constants. The transition variable is z;, while ®g and ©; are matrices of
parameters. In our empirical assessment, we have p=9 as the number of endogenous
variables, g=1 as a number of exogenous variables, and k=5 as a number of lags.
Under the null hypothesis of linearity, we assume H, : ©,=0 Vi. The Terdsvirta and

Yang (2014) test features the following four steps:
1) We estimate the restricted model (H, : ©,=0 Vi) by regressing X, on Y;. We col-
lect the residual E calculating the matrix for the residual sum of squares RSS,=E’E.

2) We run an auxiliary regression of E on (Y;,Z,) where the subscript n indicates
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the n-order Taylor expansion of the transition function. We save the residuals =

computing the matrix for the residual sum of squares RSS—E'E.

3) We compute the test-statistic:
LM = Ttr[RSS; (RSSo— RSSy)] =T[p — tr(RSSy'RSS1)]. (6)

Under the null hypothesis, the test statistic is distributed as a x? with a number
of degree of freedoms equals the number of restrictions, p(kp+q). We compute two
LM-type linearity tests fixing the value of the n-order of the Taylor expansion equal
ton =1 and n = 3 (as proposed by Lukkonen, Saikkonen, and Terédsvirta, 1988).
In our estimation, LM=174 and LM=414 when n = 1 and n = 3, respectively. The
corresponding p-value in both tests is zero. In other words, our model presents

nonlinear dynamics.

B Estimation of the Non-linear VARs

Our STVAR model (1)-(4) is estimated via maximum likelihood. The log - likelihood

function is as follows:
1< 1<
_ - - / -1
logL = const 5 tE:110g|Qt| 5 t;a ey, (B.1)

where the vector of residuals e, = X; — (1 — F(2))lIn7 X1 — F(2)lIgX;—1. Our
purpose is to estimate the parameters ¥ = {Qpg, Qnr, [g(L), Hyr(L)}, where
IL,(L) = (I, ..., 1L,,], 7 € {R, NL}.

Due to the high nonlinearity of the model its estimation is problematic using stan-
dard optimization procedures. Hence, as in Auerbach and Gorodnichenko (2012),
we employ the procedure as described as follows.

Conditional on v, Qg, Qn7, where v is the slope parameter calibrated as described

in Section 3, the model is linear in 11z, IIy7. Hence, for a given guess on v, g, Qnr,
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the coefficients Ilg, IIy7 can be estimated by minimizing %ZtT:ls’tQ*%t. Hence,
we can re-write the regressors as below.

Let Wy = [F(2)X—1(1 — F(2)) X¢—1... F(2) Xy p(1 = F(2))X4—,] be the extended
vector of regressors, and IT = [II(L)IIyy(L)]. Consequently, we can write e, =

X; — ITW/',. In this case, the objective function becomes:

T
1 NV _ /
52(}@ —IIW,)'Q; (X, — IIW,). (B.2)

t=1
We can show that the first order condition with respect to II is given by:
T T
vecIl = (Z[Qt_l ® W;Wt])_lvec(ZW;Xtﬂt_l). (B.3)
t=1 t=1

We iterate this procedure over different sets of values for {Qg, Qnr} (conditional
on a given value for 7). For each set of values, IT is obtained and the logL (B.1) is
calculated.
Due to the high nonlinearity of the model in its parameters, we might get several
local optima. Then, it is recommended to try different starting values of v. To
guarantee positive definiteness of the matrices 2z and Qy7, we focus on the al-
ternative vector of parameters W= {chol(Qg), chol(Qy7), HIg(L), 7 (L)}, where
chol means the Cholesky decomposition.
We compute the confidence intervals using a Markov Chain Monte Carlo (MCMC)
algorithm developed by Chernozhukov and Hong (2003) (CH hereafter). This
methodology gives us both a global optimum and densities for the parameter esti-
mates.
We implement the CH estimation via a Metropolis-Hastings algorithm. Given a
starting value U°, the procedure constructs chains of length N of the parameters of
the estimated model following two steps:
Step 1: Draw a candidate vector of parameter values ® = W 1 () for the

chain’s n + 1 state, where ¥ is the current state and ™ is a vector of i.i.d.
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shocks drawn from N (0, Qg), and Qg is a diagonal matrix.
Step 2: Set the n + 1 state of the chain ¥t = @™ with

min{1, L(®™)/L(®™)} where L(©™) is the value of the likelihood function
conditional on the candidate vector of parameter values, and L(¥™) is the value
of the likelihood function conditional on the current state of the chain. Otherwise,
set Wt — @),
The starting value ®(© is calculated using the second-order Taylor approximation
of the model described from (1) to (4) in the Section 3, hence the model can be
written as regressing X;, X;z;, and X;z?. We employ the residuals from this re-
gression to fit the expression for the reduced-form time-varying variance-covariance
matrix of the VAR (as explained in the main text) using maximum likelihood to
estimate Qp and Qn7.
We can construct €2;, conditional on these estimates and given the calibration for
7. Conditional on €2;, we can compute the starting values for ITx(L) and ITnp(L)
using equation (B.3).
Given the calibration for the initial (diagonal matrix) Qg, a scale factor is adjusted
to generate an acceptance rate close to 0.3, the typical value for these computational
methods as pointed out by Canova (2007). The estimation accounts for N = 50, 000
draws and we use the last 20% for inference.
As described by CH, ¥* = %23:1‘1’(71) is consistent estimate of ¥ under standard
regularity assumptions on maximum likelihood estimators. The covariance matrix
of ¥ is given by V' = %Z;(\P(”) — U2 = par(¥™), which is the variance of the

estimates in the generated chain.

C Generalized Impulse Response Functions
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The Impulse Response Functions for the STVAR model are computed following
the approach introduced by Koop, Pesaran, and Potter (1996) which propose an
algorithm to calculate the Generalized Impulse Response Functions (GIRFs). The
implementation of their procedure is composed of the following steps.

1) We construct the set of all possible histories A of length p = 12 : {)\; € A},
where A contain T'— p + 1 histories \; and 7" is the sample size (T=312).

2) We separate the set of all recessionary histories from that of all normal time
histories. We calculate the transition variable z,, for each \;. If z), < 2*=-0.9 %,
then \; € AR, where A refers to all recessionary histories; if 2y, > 2* = —0.9%,
then \; € ANT, where ANT refers to all normal time histories.

3) We select at random one history \; from the set AF, taking Q,\ obtained as

follows:
Q)\i = F(ZM>QR + (1 - F(Zki))QNTa (Cl)

where z),, is the transition variable computed for the selected history A;. QR and
Qur are calculated from the generated MCMC chain of the parameter values dur-
ing the estimation step. As in Koop et al. (1996), we consider the distribution of
parameters rather than their mean values to allow for parameter uncertainty.

4) We estimate the variance-covariance matrix Q A, using the Cholesky-decomposition:
Q,, = C\C,,, (C.2)
we orthogonalize the estimated residuals to get the structural shocks as:
ef) = Cyle. (C.3)

5) From e,, draw with replacement h nine-dimensional shocks and get the vector
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of bootstrapped shocks

eE\ji)* = {€},.: 0 8%, ) (C.4)

where h is the number of horizons for the IRFs we compute.

6) We form another set of bootstrapped shocks which are equal to (C.4) except for

(4)*

the Ky, shock in ey’ which is the shock we perturb by a 6 amount. We call the

)
vector of bootstrapped perturbed shocks as e(;i) .

i

. NG
7) We transform back e(i_)* and e(fi) as follows:

&0 = Cy e, (C.5)
and
Y ~ S
=Gy e) . (C.6)

8) We use (C.5) and (C.6) to simulate the evolution of X(Aj;)* and Xf\i)d and we
construct the GIRFU (h, 6, )\;) as XE\?* - Xg\{)a.

9) Conditional on history \;, repeat for j=1,...,B vectors of bootstrapped residuals
and get GIRF'(h, 6, \;), GIRF?(h,8,)\;), ..., GIRFZ(h,5,\;). We set B=500.

10) We calculate the GIRF conditional on history \; as:

4 B
GIRF" (h.6,\) = B GIRFUD(h,5, ). (C.7)

j=1
11) We repeat all previous steps for i=1,...,500 histories belonging to the set of reces-
sionary histories, \; € AT and we get GIRF(l’R)(h,cS, ALR), G]RF(Q’R)(h,é, Aa.R),

(500,R)

e GIRF (h, 0, Aso0,r) where the subscript R means that we are conditioning

upon recessionary histories.

12) We take the average and we get GIRF(R)(h, d, Ag), which is the average GIRF
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under recessions.
13) We repeat all the previous steps from 3 to 12 for 500 histories belonging to the

T)(

set of all normal times and we get GIRF(N h, 0, AnT).

14) We compute the 68% confidence bands for the IR by picking up for each hori-

[1:500], R)

zon of each state, the 16th and 84th percentile of the densities GIARF( and

GIRF([LSOO},NT)'

D Robustness checks

We check the robustness of our findings against several perturbations of the baseline
STVAR model. In particular, we focus on alternative i) calibration of smoothness
parameters; ii) transition variable; iii) measures of uncertainty; iv) sample size;
and v) specifications. Figure D.1 reports the median realizations of the differences
between generalized impulse responses in recessions and normal times to an unan-
ticipated financial uncertainty shock for inflation, GDP, and unemployment. Each
row refers to an alternative specification of our baseline. For each specification, the
figure shows the median of the difference from robustness checks (magenta lines) and
its confidence intervals at 68% levels (shaded bands) against the median realizations
of the differences from the baseline specification (cyan lines).

Smoothness parameters and transition variable. We calibrate the smooth-
ness parameter to match the frequencies of the U.S. recessions obtained as identified
by the NBER business cycle dates (15% in our sample). To check the sensitivity of
our results to alternative calibrations of the smoothness parameter, we (re)calibrate
v to include in our sample a number of recessions ranging from 10% to 20%. The
probability of 10% refers to the minimum amount of observations each regime should
contain (Hansen, 1999). The calibration implies a value of v = 1.8 or v = 2.6 to

capture the probability of being in recessions equal to 10% and to 20%, respectively.
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Figure D.1 plots the results when the probability of being in recessions is equal to
20% (row 1) and 10% (row 2).

Furthermore, we rely on a transition function z; defined as a standardized
backward-looking eight moving average growth rate of GDP. We modify this specifi-
cation choice by relying on a state indicator, z;, which includes the six-term moving
average of the quarterly growth rate of GDP. To do so, we re-calibrate the slope
parameter v = 1.8 and Z = —0.9% to match the 15% frequency of recessions in the
sample as classified by the NBER.

Our estimated results from the above exercises turn out to be very similar to
those obtained from the baseline.

Alternative measures of financial uncertainty. Our baseline VAR models
the financial uncertainty indicator proposed by Ludvigson, Ma, and Ng (2019) as
a measure of uncertainty. As already pointed out in Section 3, Ludvigson, Ma,
and Ng (2019) construct the financial uncertainty indicator exploiting the different
h-step ahead forecast errors. We re-estimate our baseline STVAR replacing the
uncertainty proxy relied on forecasting horizon equals to 4 quarters (FU4q) instead
of 1 quarter. The second row of Figure D.1 plots the robustness results for the
recessionary and normal phases, respectively. The results show that qualitatively
our baseline results are not affected by the horizon change. However, the forecast
horizon of uncertainty measures quantitatively affects the macroeconomic effects
of such shocks. Those results are in line with Ludvigson, Ma, and Ng (2019).
They point out that when the forecast horizons of their measures increase, the
macroeconomic effects of financial uncertainty increase too.

Another way of modeling uncertainty in the literature is through the VXO in-
dex, a forward-looking measure of implied volatility (i.e., Bloom, 2009; Caggiano,
Castelnuovo, and Groshenny, 2014; Leduc and Liu, 2016). In our sample, the cor-

relation between the financial uncertainty index (FU) and the VXO is 0.79.7 We

9The VXO is employed instead of the VIX since the VIX is available from 1990. The VXO is
from 1985:1, the standard deviation of stock market returns as in Bloom (2009). From 1986:I the
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replace the financial uncertainty with the VXO and re-run our estimates to check
the robustness of our impulse responses. The magenta lines of Figure D.1 (row 3)
refer to the GIRFs when the proxy for uncertainty is the VXO. The reaction of
macroeconomic variables is short-lived and smaller than those found relying on the
Ludvigson, Ma, and Ng (2019) index. Jurado, Ludvigson, and Ng (2015) provide
evidence that the effects of uncertainty shocks might depend on the source of the
shock and its duration. Moreover, they point out that the duration of a finan-
cial uncertainty shock is more persistent than that of the VXO. Our findings are
qualitatively in line with Ludvigson, Ma, and Ng (2019).

Sample size and Great Recession. The baseline STVAR model is estimated
on the sample from 1960Q3 to 2019Q4. The results concerning the asymmetric
effects of financial shocks conditional on the state of the economy may be too
heavily driven by the inclusion of the Great Recession period in our sample. We
investigate this issue by repeating our analysis on a sample excluding the Great Re-
cession, 1960Q3 to 2007Q3. Our findings are qualitatively in line with those from
our baseline specification. Of course, the reaction of the macroeconomic aggregates
is weaker, but it confirms the nonlinearity effects of uncertainty shock on macroe-
conomic variables. Even excluding the Great Recession from the sample, the Fed
reacts to the shock relying on a balance-sheet related monetary policy. Indeed, the
total assets held in the Fed’s BS increase (0.5%), and such reaction is statistically
significant.!® The reaction of the FFR is in line with Evans, Fisher, Gourio, and
Krane (2015) who find that uncertainty is important in studying the monetary pol-
icy pattern in the pre-ZLB period. Comparing the GIRFs from this exercise and
that of the baseline (Figure D.2-row 1) an interesting picture emerges. Indeed, as in
Basu and Bundick (2015), the presence of the Great Recession magnifies the effects

of uncertainty shocks on macroeconomic variables.

VXO is from the Chicago Board of Options Exchange (CBOE).
10For the sake of brevity, we do not report the results in Figure D.2, but they are available upon
request).
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Monetary policy indicators. In our baseline we proxy the monetary policy
reaction relying on the FFR, the total assets of the Fed BS, and the long-term

1 Another way to take into account the overall stance of monetary

interest rate.!
policy is relying on a shadow short rate (SSR), which tracks the effective federal
funds rate very closely before the crisis, but can take a negative value once the
ZLB is at work. Lombardi and Zhu (2018) constructs an SSR measure based on
the dynamic-factor model. They extract factors explain co-movements of several
variables linked to conventional and unconventional monetary policy tools (interest
rate, monetary policy aggregates, assets, and liabilities of the Central Bank balance
sheet) employed by the Fed, as proxies for the overall monetary policy stance. Such
shadow rates describe the interest rate that may be observed in the absence of a
ZLB environment. We run an exercise in which we replaced in X; the monetary
policy indicators (FFR, BS, and 10-year TB) with the SSR provided by Lombardi
and Zhu (2018). We estimate the sample from 1970Q1 to 2016Q2, depending on
the availability of the SSR time series.'? Row 7 of Figure D.2 plots the results that
are qualitatively in line with the baseline.

Furthermore, Gertler and Karadi (2015) finds that the one-year TB maturity is
quite sensitive to monetary surprises and accounts for the term structure effects (i.e.,
forward guidance). Following Gertler and Karadi (2015), we proxy the short-term
interest rate (FFR) with the one-year TB. Our baseline results remain unaffected
by such exercise.

Factor STVAR. We identify the uncertainty shock relying on the factor model

From December 2008, the interest rate hits the ZLB and the Federal Reserve starts to rely on
unconventional monetary policy tools (i.e., large-scale asset purchases and forward guidance)
to offset negative macroeconomic dynamics. An unconventional monetary policy is likely to
affect the long-term interest rate. To take into account a such a monetary policy mechanism
and to disentangle the effects of uncertainty shock on monetary policy tools, our specification
includes proxies for standard and non-standard monetary policy, in addition to the long-term
interest rate. Moreover, forward guidance affects the 10-year TB. For instance, Bernanke (2013)
states: "Forward rate guidance affects longer-term interest rates primarily by influencing in-
vestors’ expectations of future short-term interest rates.” Since we include the 10-year TB in
our specification, it should allow us accounting for quantitative easing and forward guidance.

12\We thank Marco Lombardi and Feng Zhu for sharing the SSR series.
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structure. As illustrated by Bernanke, Boivin, and Eliasz (2005), we augment the
Smooth Transition VAR, adding one factor that has the primary role of summariz-
ing missing macro and financial variables in the baseline. The Factor Augmented
Smooth Transition VAR (Factor STVAR) is estimated in a two-step procedure. In
the first step, we extract one factor from the large macro and financial dataset
(composed by 132 monthly time series) maintained by the Federal Reserve of St.
Louis and introduced by McCracken and Ng (2016). Accordingly to the criterion of
Bai and Ng (2002) and using the Principal Component Analysis (PCA), we extract
seven common factors that maximize the explained variance of such time series (for
technical details and data transformation, see Bernanke, Boivin, and Eliasz, 2005;
McCracken and Ng, 2016). We employ the first factor which explains around 70%
of the variability of the 10 most important macro and financial series. This factor
is also highly correlated with the Chicago FED National Activity Index proposed
by Stock and Watson (1999). In the second step, we include the factor in the set of
endogenous variables in the first position to purge possible bias due to lack of infor-
mation when we estimate the uncertainty shock as discussed in Bernanke, Boivin,
and Eliasz (2005) and in Caggiano, Castelnuovo, and Groshenny (2014) for the
Factor Augmented STVAR model. As shown in Figure D.2 (row 4), our baseline
results are unaffected.

Cholesky ordering. The identification of uncertainty shocks is achieved via the
Cholesky assumption ordering last the uncertainty indicator in the vector X;. On
the one hand, in doing so we “purge” the uncertainty indicator in our VAR from the
contemporaneous movements of our macroeconomic indicators, thereby sharpening
the identification of uncertainty shocks. On the other hand, the macroeconomic
variables are forced to have a zero non-impact reaction to uncertainty shocks. To
check the extent to which our Cholesky identification assumption may affect the
results, we re-estimate an alternative specification in which the uncertainty indicator

is ordered first. This specification implies that the financial uncertainty shock is
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predetermined to the other US macroeconomic variables. Figure D.2 (row 5) shows
that our findings are robust when we change the order of the shock.

S&P 500. The baseline specification relies on the assumption that our VAR
contains enough information to isolate a second-moment financial shock. To control
for first-moment financial shocks, we add a stock market index (S&P500) to our vec-
tor of endogenous variables ordering it before the uncertainty indicator. According

to Figure D.2 (row 6), our results are robust in this exercise.
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Figure D.1: Robustness analysis

Inflation Gop Unemployment
@ S - - 1 gf ’ s
o 03 i ‘ e
‘ i s 0 ——
- - 01
- 4 ] 12 16 .| 4 ] 12 16 .| 4 i 12 1 .1
I 1 ‘
iy — 02 -
:‘3-05 . - 03 01 4 ~ N
[ - A -
] 0 — E I e
- -
01
4 ] i 1] A 4 ] i 1] A 4 [} 2 1 b1
U ' 03
-
P = 03 LB
Lo e T Y
3 g .
| ! -— ! — .
5 0
4 ] 12 16 A 4 ] 12 16 A 4 L] 12 16 2
{
L 03
- 1 -
L ~
§1 L 05 - 8? / 2 ~
& “'t__--_"_--_ 0 o ~
- - 0
, {5
4 ] 2 16 A 4 ] 12 16 A 4 g 2 16 b
. 05,
g - mmow - 02
gl == -
§-Q4 0 - Q-&.—_-_-_
Q6

Notes: The figure reports the median realizations of the differences between generalized impulse
responses in recessions and normal times to an uncertainty shock for inflation, GDP, and unem-
ployment. Each row refers to an alternative specification of our baseline. For each specification
the figure shows the median of the difference from the alternative specification (magenta lines)
and its confidence intervals at 68% levels (shaded bands) against the median realizations of the
differences from the baseline specification (cyan lines). From the top to the bottom: v = 2.6 and
~v = 1.8 refer to the probability of being in recessions equal to 20% and 10%, respectively (rows
1 and 2); row 3 reports the estimation when we rely on six realizations of the quarter-on-quarter
GDP growth rate; alternative indicators of uncertainty shock such as quarterly version of the
12-step ahead forecast uncertainty index constructed by Ludvigson, Ma, and Ng (2019) (FU4q in
row 4), and the VXO (row 5).
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Figure D.2: Robustness analysis (cont’d)
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Notes: The figure reports the median realizations of the differences between generalized impulse
responses in recessions and normal times to an uncertainty shock for inflation, GDP, and unem-
ployment. Each row refers to an alternative specification of our baseline. For each specification
the figure shows the median of the difference from the alternative specification (magenta lines)
and its confidence intervals at 68% levels (shaded bands) against the median realizations of the
differences from the baseline specification (cyan lines). From the top to the bottom: in row 1 we
focus on a small sample size excluding from our sample the Great Recession (1970Q3 — 2007Q3);
row 2 plots the results when we substitute the FFR with the 1 year Treasury bond; SSR refers to
the inclusion of the Shadow short rate (Lombardi and Zhu, 2018); in row 4 we include a factor in
the vector X; to improve the identification of the shock; row 5 reports when we order uncertainty
first in the vector X;, whereas row 6 when the S&P500 is added to X; to exclude a first moment
financial shock.
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