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Abstract
Spikes in uncertainty often coincide with news about the fundamentals of the
economy, rendering the separation between first- and second-moment shocks
highly problematic.

We propose an identification strategy for uncertainty

(second-moment) shocks that exploits independent fluctuations in the VXO from
the SP&500 at the daily frequency. The only identification assumption is that
S&P500 and VXO are relatively more affected on impact by first-moment and
second-moment shocks, respectively. The identification is thus relatively agnostic
and allows stock prices and volatility to respond on impact to both types of
shocks. The estimated daily shocks are then aggregated and used as instruments
in a monthly VAR model of the US economy. We find that second-moment shocks
have much lower explanatory power than first-moment shocks.

While

uncertainty shocks played a relatively minor role in the Great Recession, they are
relevant to explain the “jobless recovery” experienced by the U.S. in 2009-2011.

JEL Classification: C32, C36, E32.
Keywords: Uncertainty shocks, high frequency identification, Proxy-SVAR.

∗ We

thank Dario Caldara, Michele Piffer and seminar participants at the Bank of Italy and at the
“Workshop in Structural VAR models” (Queen Mary University) for helpful comments and suggestions.
The views expressed in this paper do not necessarily coincide with those of the Bank of Italy.
† Bank of Italy. Email: piergiorgio.alessandrii@.bancaditalia.it.
‡ Bank of Italy. Email: andreagiovanni.gazzani@bancaditalia.it.
§ Instituto de Economía, Pontificia Universidad de Chile. Email: alejandro.vicondoa@uc.cl.

1

1

Introduction

After the Great Financial Crisis of 2008 economic uncertainty has been consistently
identified by both researchers and policy makers as an important source of financial
and macroeconomic fluctuations.1 Assessing the specific role of uncertainty in the
business cycle, however, is far from trivial: a rise in uncertainty can be a cause but also
an effect of a deterioration in economic conditions, and the debate on the nature and
relevance of these two possibilities is still open.2
The first contribution of this paper is to provide new evidence on this
identification problem. We show that the “news” and “uncertainty” shocks estimated
in the literature thus far are negatively correlated. Bad news largely overlap with
spikes in uncertainty: this suggests that some events influence households and firms
by affecting both their expectations and their uncertainty about the economic
outlook, and that different modeling strategies might emphasize the first- or
second-moment effects of such events depending on their focus and their
identification assumptions.3 The second and most important contribution is a new
empirical strategy to disentangle first- and second-moment (uncertainty) shocks and
to identify the causal implications of uncertainty shocks.
Our identification strategy of the macroeconomic effects involves two steps: we
first identify uncertainty shocks by applying independent component analysis (ICA)
to a VAR estimated on daily financial data for the period 1990-2017, and then use
monthly averages of the estimated daily shocks as instruments in a monthly VAR
model of the US economy.4 The rationale for exploiting high-frequency data is
straightforward and directly linked to the relationship between news and
uncertainty. Daily financial series display a significant amount of non-normality and
rich forms of statistical dependence over and above linear correlation. This can be
exploited to identify structural shocks that are statistically independent rather than
just orthogonal. In particular, we identify first- and second-moment shocks as the
unobserved independent components that have the largest contemporaneous impact
on, respectively the S&P500 stock price index and the VXO volatility index.5
1

Blanchard (2009), Bloom (2009), Fernandez-Villaverde et al. (2011); Christiano et al. (2014), Yellen
(2017), Draghi (2018), Bloom et al. (forth.).
2
Baker and Bloom (2013), Ludvigson et al. (2018), Carriero et al. (2015)
3
Another comparison between news and uncertainty shocks, similar in spirit, but reaching different
conclusions, can be found in Castaldi and Galvao (2018).
4
The Bridge Proxy-SVAR (BP-SVAR) method is developed in Gazzani and Vicondoa (2018).
5
We discuss at length our identification assumptions in Section 3. The use of the VXO (or VIX) index
as an uncertainty proxy in the daily VAR model is consistent with the literature (Bloom 2009; Baker and
Bloom 2013; Basu and Bundick 2017; Caggiano et al. 2014); the daily VAR model includes a range of
additional uncertainty proxies (MOVE and Skew option indexes, gold prices, daily EPU index) and
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Independence serves a twin objective. On the one hand, it provides identification
restrictions that allow us to bypass the limitations of the schemes commonly adopted
in the literature. In particular, our approach is theoretically agnostic, places no
restriction on the sign of the responses, and allows all variables to respond
simultaneously to all shocks, thus avoiding the pitfalls of recursive orderings. On the
other hand, independence is instrumental in breaking the link between ’news’ and
uncertainty, as this affects the entire distribution of the shocks and not just their
correlation. In Figure 1 we illustrate these points using a simple daily VAR that only
includes stock price and VXO index. The three panels show respectively the
reduced-form residuals of the S&P500 and VXO equations, the “shocks” obtained
through a simple recursive ordering (VXO, S&P500), and the shocks obtained
through ICA. In all cases the scatterplots are overlaid with an OLS regression and
three quantile regressions focusing on the first, second and fifth decile of the
distribution. The residuals display a a strong negative relation through the entire
distribution, confirming the strong connection between first and second moment
innovations. A Cholesky factorization breaks down their correlation, delivering by
construction a flat OLS line, but leaves the tail interdependence almost unchanged:
bad trading days are still marked by a rise in VXO and a drop in S&P500, and this
pattern is sufficiently strong to cause a negative slope in all quantile regressions up to
the median. ICA, by contrast, delivers shocks that are independent in the tails as well
as around the mean.
The shocks identified by ICA have appealing economic properties. Uncertainty
shocks (the VXO component) are often associated to geopolitical events and have a
significant negative impact on stock prices, industrial production, wages and hours
worked. They are generally less important than first-moment shocks for the US
business cycle, but they played an important role in the ’jobless recovery’ experienced
by the US after the Great Financial Crisis (Schmitt-Grohe and Uribe, 2017).
The challenges in the identification of uncertainty shocks were first stressed by
Stock and Watson (2012). Recursive identification schemes are often employed in the
VAR literature (see Bloom, 2009; Caggiano et al., 2014; Jurado et al., 2015; Baker et al.,
2016). Baker and Bloom (2013) highlight that these schemes are unlikely to address
the endogeneity between uncertainty and economic conditions, and that variations in
uncertainty are often correlated with macroeconomic news. This concern is made
more explicit by Baker et al. (2016), who note that economic policy uncertainty (EPU)
innovations might potentially reflect bad economic news that are not fully captured
by the other variables in the VAR system, and may thus be wrongly interpreted as
using these for identification does not change our results.
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exogenous changes in economic uncertainty. Ludvigson et al. (2018) tackle the
identification problem using “shock-based” restrictions that require uncertainty
shocks to behave in accordance with priors during critical episodes and to display
predefined correlations with selected variables outside the VAR. Their analysis
suggests that macroeconomic uncertainty tends to follow the economic cycle rather
than causing it, and that only financial uncertainty has a negative impact on
economic activity.6 Our approach differs in two ways. By exploiting the information
contained in the higher-order moments of the joint distributions of stock prices and
VXO residuals we can identify first- and second- moment shocks jointly without
resorting to prior restrictions. Furthermore, we mitigate temporal aggregation
problems by exploiting daily instead of monthly or quarterly data. Ferrara and
Guerin (2018) tackle the temporal aggregation bias by resorting to mixed-frequency
models (MIDAS regressions or stacked VARs), but rely on a recursive identification
scheme that does not resolve the endogeneity between first and second moments. We
show instead that the linkages between stock prices and VXO are a key obstacle in the
identification of uncertainty shocks. Although temporal aggregation exacerbates this
identification challenges, this problem is also pervasive in daily data, which implies
that recursive restrictions are problematic irrespective of the sampling frequency.
This motivates our approach, where identification is obtained at high frequency
through a more flexible identification strategy -ICA- and the shocks are subsequently
used to construct external instruments for a lower-frequency VAR model.
The closest work to this paper is Piffer and Podstawski (forth) (PP henceforth). PP
jointly identify news and uncertainty shocks by using the variations in the price of
gold around specific events as a proxy for uncertainty and a principal component of
the news shocks available in the literature (from Beaudry and Portier, 2014 - BP
henceforth) as a proxy for economic news. Identification is then achieved in a
(set-identified) Proxy-SVAR by assuming that each shock affects its own proxy more
than the other one. PP conclude that uncertainty shocks are a more important driver
of the economy than news shocks, and that their impact is underestimated by
recursive identification schemes. The approach pursued in this paper differs from PP
in that (i) it does not rely on specific events and/or shocks from previous studies for
identification, (ii) it combines high-frequency and low-frequency data through an
explicit instrumental variable procedure, and (iii) it does not rely on
6

A more extreme view is put forward by Berger et al. (2017), who claim that, conditionally on
a given level of risk (i.e. realized volatility), “uncertainty” (i.e. expectations on future volatility)
has no recessionary effect whatsoever and is, if anything, mildly expansionary. In a related fashion,
Cascaldi-Garcia and Galvao (2016) and Cascaldi-Garcia (2017) suggest that uncertainty is on average
more expansionary than recessionary.

4

magnitude-based restrictions (a type of set-identification that can be avoided here
because first- and second-moment shocks are by construction orthogonal). Contrary
to their results, we find that first-moments shocks are quantitatively far more
important than uncertainty shocks to explain business-cycle fluctations.
The reminder of the paper is organized as follows. Section 2 illustrates the
news-uncertainty identification problem. Section 3 describes the Bridge Proxy-SVAR
model, discussing in turn our high-frequency identification strategy and the
connection between daily and monthly VAR models. Section 4 briefly describes the
data employed in the analysis. Section 5 illustrates the results of the daily VAR,
providing a high-frequency, model-based narrative of the main uncertainty shocks
that occurred in the US between January 1990 and August 2017. Section 6 contains
the main empirical results. Section 7 compares the results with previous studies, in
particular with PP, and exploits the dataset of Bloom et al. (2016) to study the impact
of the estimated uncertainty shocks on investment and sales across US firms. Section
8 covers the robustness exercises. Section 9 concludes.

2

The Identification Problem

Identifying genuine uncertainty shocks in the data is problematic because uncertainty
is largely endogenous to the economic environment: many fluctuations in the
observable proxies of risk, volatility, and uncertainty are simply a reflection of
fundamental shocks of other types (Jurado et al. 2015; Ludvigson et al. (2018);
Kozlowski et al. 2018; Carriero et al. 2018). An additional complication is that some
events can cause agents to change both their expectations on the economic outlook
and their confidence about those expectations. If negative surprises make agents
more pessimistic and more uncertain at the same time, and if these adjustments have
similar (recessionary) implications for the economy, then disentangling ex post the
impact of a rise in uncertainty (a second-moment effect) from that of a shift in
expectations (a first-moment effect) is clearly very difficult. To illustrate the relevance
of this identification challenge, we consider the relation between a range of “news”
and “uncertainty” shocks available in the literature. The series of News shocks are
taken from Barsky and Sims (2011), Kurmann and Otrok (2013) and Beaudry and
Portier (2014). The series of Uncertainty shocks come from Baker et al. (2016), Basu
and Bundick (2017), and Berger et al. (2017).7 The first principal component estimated
from each of these two groups of papers ( PC n and PC u ) explains respectively 61.6%
and 62.3% of the variability of the underlying shocks, providing a useful summary of
7

We obtain a nearly identical result if we also include the proxy built by PP.
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how news and uncertainty shocks are treated across a broad range of models and
identification strategies. The correlation between PC n and PC u is −0.65, significant
at the 1% level (see Table 1). By using only the news shocks from Beaudry and Portier
n ) the sample can be expanded from 74 to 103 observations: the
(2014) ( PCBP
correlation is still −0.55 and again is highly significant. The two principal
n are
components are shown in Figure 3; to facilitate visual inspection PC n and PCBP
multiplied by -1 such that bad news are associated with positive values. News and
uncertainty shocks strongly co-move over the whole sample, at both low and high
frequency, and the correlation is particularly strong during recessions. This is a clear
indication that (i) bad news and rises in uncertainty are often associated; (ii) different
models tend to interpret these combinations as news or uncertainty depending on
whether their focus lies on the first- or second-moment dynamics of the economy.
The potential explanations for this correlation are many and diverse. On the one
hand, since uncertainty slows down economic activity, agents might plausibly (and
rightly) revise their expectations downwards after a genuine uncertainty shock.8 On
the other hand, bad news could cause an endogenous increase in the agent’s
uncertainty about the state of the economy (over and above a downward revision in
its expected path). Recessions are times when business practices and relationships are
often interrupted, leaving firms uncertain as to whether, when, and how they will be
restored (Bachmann and Moscarini, 2011 and Fostel and Geanakoplos, 2012), and
when new, unfamiliar policies are activated with uncertain implications for the
economy (Pastor and Veronesi, 2013 and Bianchi and Melosi, 2017). The link between
expectations and uncertainty becomes even stronger in models with ambiguity
aversion (Ilut and Schneider, 2014) or learning (Kozlowski et al., 2018), where agents
understand from large negative shocks.9 At the aggregate level, this linkage is also
consistent with the negative correlation between mean and variance of the
distribution of output growth documented by Boyarchenko et al. (forth), which
implies that the US economy becomes systematically less predictable whenever its
outlook deteriorates in expected terms.
The pattern depicted in Figure 3 is also the key motivation for Ludvigson et al.
8

Under risk aversion, an increase in uncertainty leads to an increase in precautionary savings,
depressing consumption (Fernandez-Villaverde et al., 2011 and Basu and Bundick, 2017). This effect
is amplified if households and firms face non-convex adjustment costs that make their choices partly
irreversible, pushing them to postpone hiring and investment decisions in uncertain environments
(see Bloom, 2009; Bachmann et al., 2013; and Leduc and Liu, 2016). An additional amplification
effect can come from financial frictions, as agents who are subject to borrowing or leverage constraints
face funding restrictions and are thus forced to deleverage if the economy becomes more volatile (see
Arellano et al., 2012; Alessandri and Mumtaz, 2014; Gilchrist et al., 2015).
9
Bad experiences can also make individuals more risk averse, thus changing their behavior even
conditioning on a certain level of risk (Guiso et al., 2018).
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(2018). They note indeed that conventional identification strategies (including
recursive, sign or long-run restrictions) may fail to isolate uncertainty shocks from
confounding first-moment effects, and use event and correlation-based restrictions
instead. The empirical strategy proposed in Section 3 has the same objective. Its
purpose is to identify uncertainty shocks through statistical restrictions that are not
invalidated by the theoretical mechanisms listed above, and that account explicitly
for the fact that most macro-financial variables respond simultaneously to change in
uncertainty and news on the fundamentals of the economy.

3

The Bridge Proxy-SVAR model

Our strategy to isolate and quantify the impact of uncertainty shocks consists of two
steps. In the first step we estimate a daily VAR model that includes the S&P500 stock
price index and the VXO volatility index, along with a range of additional financial
series, and we use Independent Component Analysis (ICA) to disentangle
first-moment and second-moment (uncertainty) shocks.10 The use of daily data is
critical: at high frequency, stock prices and volatility exhibit a degree of
non-normality and statistical independence that allows us to disentangle the two
shocks under the only assumption that uncertainty matters relatively more for the
VXO index. In Section 3.1 we introduce ICA, document its performance in recovering
uncertainty shocks in the model by Basu and Bundick (2017), and provide a
comparison between ICA and standard recursive identification schemes in simple
bivariate VARs that only include stock prices and the VXO index. In the second step,
discussed in Section 3.2, we aggregate the daily shocks to the monthly frequency
through averaging, and use them as instruments for the residuals of a monthly VAR
model of the US economy. The resulting model, a Bridge Proxy-SVAR, allows us to
exploit high-frequency financial information to construct impulse response functions
for a range of low-frequency macroeconomic indicators.

3.1

High-Frequency Identification of Uncertainty Shocks through
Independent Component Analysis

The logic underlying Independent Component Analysis (ICA) can be illustrated
through a comparison with the more popular principal component analysis (PCA).
Given a vector of time series, orthogonal components can be extracted from the data
10

Our baseline specification includes also the MOVE and Skew option indices, short-term interest
rates, spot and future exchange rates, oil prices, commodity prices and measures of term and credit
spreads: see Section 4.
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in an infinite number of ways. PCA is one possibility, and it aims to explain the
maximum variability in the data with the lowest possible number of uncorrelated
components. Conversely, ICA aims to identify a set of statistically independent
components. Provided the data is not normally distributed, this set is unique and it
can be estimated by exploiting the information contained in the high-order moments
of the distribution, which are instead neglected by PCA. In practice, this is achieved
by minimizing the distance between the joint distribution of the factors and the
product of their marginal distributions. If applied to the residuals of a VAR model,
ICA identifies the "structural shocks" as the set of independent components εt that
drive the dynamics of the residuals et . The success of the procedure relies on the
non-normality of the data: with Gaussian observations independence boils down to
orthogonality and the decomposition is not unique, and hence not very informative.
The pronounced non-normality of daily financial data allows us to avoid this
problem. As in most identification schemes, the relationship between shocks and
residuals is captured by an impact matrix (or "mixing matrix" in the ICA jargon) M
such that et = Mεt .11 The first step of our strategy consists of using ICA to identify
uncertainty shocks in a daily VAR model of the US economy. This is appealing for
two reasons. The first one is that ICA places no restrictions on the coefficients of the
impact matrix M. This allows us to avoid resorting to recursive structures and/or
sign restrictions, both of which are unlikely to separate first- and second-moment
shocks in a credible way (see Section 2). The second one is that this flexibility comes
at little cost in terms of economics. The additional identifying restrictions are indeed
obtained by requiring the shocks to be independent rather than just uncorrelated, but
this assumption is incorporated by construction in most general equilibrium models
with risk and uncertainty (including those based on normally-distributed shocks).
The approach is thus compatible with an extremely wide range of theoretical
structures.
However, the use of ICA has two potential limitations. First, the estimated
components are reliable only if non-normality and independence are sufficiently
strong in the data. This can be easily checked with ex-post diagnostics. Second, the
components (shocks) do not have a natural economic interpretation. To separate firstu
and second-moment shocks (εn
t ,ε t ), we include in the VAR the S&P500 stock price
11

Hyvarinen (1999) and Himberg et al. (2004) developed the FastICA-Icasso algorithm that we employ
our analysis. Lanne and Lutkepohl (2010) and Lanne et al. (2017) suggest that non-Gaussianity can be
exploited for the identification of the structural shocks in a SVAR model. Recent applications of ICA to
VARs are, Capasso and Moneta (2016), Herwartz and Plodt (2016), Gourieroux et al. (2017). The latter
work derive the statistical properties of the ICA estimates. Bonhomme and Robin (2009) provide Monte
Carlo evidence on the accuracy of the technique. Gazzani and Vicondoa (2018) employ ICA in a daily
VAR to identify monetary policy shocks.

8

index (SP) and the VXO volatility index we make the following assumption:
n
Assumption I: On impact, VXO (SP) is more affected than SP (VXO) by εu
t (ε t )
VXO is perhaps the most common proxy of aggregate financial uncertainty in the
literature (see e.g. Bloom, 2009 or Basu and Bundick 2017), while the assumption that
stock prices reflect first-moment shocks is consistent with Cheung and Ng (1998),
Beaudry and Portier (2014), and Dison and Theodoridis (2017) among others.
Importantly, price and volatility are allowed to respond contemporaneously to both
shocks: the restriction only involves the relative magnitude of the coefficients in the
impact matrix M. Notice also that εn
t should ideally capture all shocks that affect
mainly investors’ expectations: these include, but are not limited to, the (TFP) "news"
shocks examined in Section 2. From our perspective, the role of εn
t is to absorb a wide
range of confounding factors associated with first-moment perturbations.
Before moving to the larger VAR models of Section 5, we study in greater detail
the stylized bivariate VAR model used for Figure 1, which only includes the SP500
price index and the VXO volatility index.
The bivariate VAR is estimated
alternatively on daily or monthly data for the period 1990m1-2017m9, using 10 lags
for the daily sample and 3 lags for the monthly sample. Not surprisingly, SP and
VXO display a strong negative correlation at both the monthly and the daily
frequency, with correlation coefficients of, respectively, -0.76 and -0.72. This
immediately points to the perils of using a recursive identification scheme
irrespective of the sampling frequency. Figure 4 displays the shocks estimated by
applying two alternative orderings (SP500-VXO and VXO-SP500) to the two samples
(monthly and daily). We focus for brevity on the Global Financial Crisis only (GFC).
In the monthly model the interpretation of the shocks (’news’ versus ’uncertainty’) is
almost entirely determined by the ordering. Using daily data mitigates the problem
but does not solve it: the differences across orderings are still striking e.g. in October
2008 and in the Spring of 2009. The impact matrices estimated in each of the four
cases are reported in the left column of Table 2. The negative response of VXO (SP) to
shocks that hit SP (VXO) confirms the interlinkage between first- and second-moment
perturbations; but the fact that the responses are entirely dependent on the ordering
of the variables, which is clearly arbitrary, prevents any conclusion on how the
transmission actually works. The right column of the table shows the impact matrices
estimated by ICA. With monthly data the estimated response of VXO to S&P
innovations is very close to zero, as in the recursive identification where VXO is
ordered first. The diagnostics also show that the observations are ’too gaussian’ and
not sufficiently rich for ICA to deliver a reliable solution (the stability index is 0.68).
With daily data this limitation is removed (the stability index reaches 0.97, close to the
9

theoretical maximum of 1). The estimates are now very different from those obtained
with either of the recursive schemes: VXO responds to a positive 1% SP shock (i.e. a
positive update on the fundamentals) with a -0.38 % deviation drop, while SP
responds to a 1% VXO shock (i.e. a rise in uncertainty) with a -0.5 % deviation drop.
By exploiting the information in the high-order moments of the distribution, ICA
resolves the uncertainty associated with the Cholesky orthogonalizations and
delivers a single, unambiguous estimate of the propagation of first- and
second-moment shocks through the stock market. Table 3 summarizes the differences
between Cholesky and ICA in terms of the mutual information contained in the
estimated shocks. The table confirms that there are forms of dependence between
stock prices and VXO that survive the Cholesky orthogonalization; and only at the
daily frequency ICA succeeds in breaking down that dependence.
The simple message delivered by these estimates is that (i) daily data contain
information that is useful if not crucial for identification, and (ii) ICA is a potentially
powerful tool to exploit it. The resulting structural shocks are of course statistical
objects: their economic interpretation depends heavily on Assumption I. We thus
follow a number of alternative routes to validate the identification from an economic
standpoint. The first one is a Monte Carlo simulation based on the model in Basu and
Bundick (2017). The model includes three aggregate shocks that hit respectively TFP,
the discount factor and the volatility of the discount factor innovations. The first two
constitute first-moment perturbations, while the latter represents an uncertainty
shock. We simulate the model drawing the three shocks from a Gaussian, a Bernoulli
and a Weibull distribution and estimate two alternative small-size VARs on the
simulated data. The correlations between actual and estimated shocks range between
0.74 and 0.99 depending on the shock and the specification. For the uncertainty shock
the correlation is virtually constant at about 0.99, confirming the high reliability of
ICA (see Annex A). The second form of validation is narrative. After moving to a
larger VAR model in Section 5, we show that ICA provides ex-post a coherent and
intuitively appealing narrative on the historical role of uncertainty shocks in our
sample period (see Section 5). The third validation is based on the literature. In
Section 7 we show that our uncertainty and news shocks correlate positively with the
corresponding estimates obtained in other empirical studies, and that the impact of
uncertainty shocks on firm-level investment dynamics is coherent with the
predictions of Bloom et al. (2016). A fourth and final exercise studies the relation
between our news shocks and TFP. A quarterly VAR model reveals that our news
shocks predict a rise in TFP. This suggests that, although we make no attempt to
identify structurally a well-defined TFP news shock, the first-moment innovations
10

obtained through ICA also include a ’TFP news’ component, as one would expect on
theoretical grounds (see Annex C).12

3.2

From High-Frequency Shocks to Low-Frequency IRFs

The main idea behind the Bridge-Proxy SVAR (BP-SVAR) approach is to exploit the
identification obtained from a high-frequency VAR (HF-VAR) to estimate the impact
of uncertainty shocks in a lower-frequency VAR (LF-VAR) (see Gazzani and Vicondoa,
2018 for a general discussion of the model). The HF-VAR incorporates high-frequency
variables (indexed by t) that are deemed to contain information on economic news
and uncertainty (the stock prices spt and option-implied volatility vxot ), plus a set
of controls Ψt that capture other shocks hitting the economy (see Section 4). For a
hypothetical VAR(1) specification the reduced and structural forms of the model are
given by the following equations:13
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B13 B23 B33
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t

(2)
The LF-VAR incorporates instead (1) a set of macroeconomic variables that are
only available at the low frequency τ , denoted as Φτ ; and (2) the stock price and
implied volatility indicators aggregated to this lower frequency, e.g. by averaging or
skip sampling (spτ and vxoτ ). The model is thus given by:
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τ

(3)

In our baseline specification, Φτ includes Industrial Production, Employment,
A related and interesting question is how εut andεnt relate to the cashflow and discount factor shocks
examined in the finance literature. Changes in dividends and risk-free rates (either current or expected)
represent ’news’ that should in principle be captured by εnt , while changes in risk preferences (and
hence the equity premium) should instead end up in εut . The Monte Carlo evidence based on Basu and
Bundick (2017) is indeed consistent with the latter proposition. We leave a deeper investigation of this
issue to future research.
13
The VAR(1) is adopted here only for illustrative purposes: the empirical application in the next
Section allows for a richer lag structure.
12
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e matrix are a combination of the
Hours and the Fed Funds Rate. The elements of the B
original parameters of the A and B matrices of equation 2, so it is impossible to
u
recover εn
t and ε t from uτ . Notice also that the A matrix can be biased. This is the
case if the underlying structure of the economy is approximated by a higher order
VAR and not by a VAR(1) and if the system includes flow variables (e.g. industrial
production or GDP). The BP-SVAR does not improve the estimates of A, but it
correctly recovers the B matrix under a minimal set of assumptions. Once the shocks
of interest are identified within the HF-VAR (in our case via ICA, see Section 3.1), the
estimation requires (i) aggregating them to the lower frequency employing the
correct filter (see Gazzani and Vicondoa (2018)), and (ii) tracing their impact on the
rest of the economy through an IV procedure in the LF-VAR. These steps are
discussed sequentially below.
In order to compute the macroeconomic effects of the shocks identified in the
HF-VAR we need to filter the original shocks and obtain low-frequency measures that
represent valid instruments for the LF-VAR system. We simply average the HF
shocks to obtain a valid proxy for the structural shock of interest (see Gazzani and
Vicondoa, 2018 for a more detailed discussion), and define the low-frequency firstu
and second-moment shocks εn
τ and ε τ as the monthly averages of the corresponding
u
n
u 14
daily shocks εu
t and ε t . The proxies ε τ and ε τ , a linear combination of the daily
u
shocks εn
t and ε t , could in principle be correlated. In our case they are not (we verify
u
that that E [εn
τ ε τ ] = 0), which means that we can compute the IRFs for the two
shocks individually. Gazzani and Vicondoa (2018) propose to test the invertibility of
the aggregated shocks ε τ as in Stock and Watson (2018) and Miranda Agrippino and
Ricco (2018). We also test the orthogonality of the shocks to the FRED-MD database
(McCracken and Ng (2016)). The shocks pass the test meaning that our daily VAR is
not information deficient (Table 4), and the external instrument can be used to
conduct inference.
u
The averaged monthly shocks εn
τ and ε τ are used as instruments for the residuals
sp
of the S&P500 and VXO equations in the monthly VAR model (uτ and uvxo
τ , see
equation 3). The validity of the instruments can be assessed by checking the F-statistic
of the first-stage regression. If the instruments are valid, then


sp
Cov εnτ , uτ
sp

 uτ
ε̂nτ =
sp
Var (εnτ ) Var uτ

(4)

14
Formally, the mapping from high to low frequency is given by the following definitions:εnτ =
1 t+m n u
1 t+m u
ε i , where m represents the number of HF periods (trading days) within a given
∑i=t ε i , ε τ = ∑i=t
m
m
LF period (a calendar month).
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Cov (εuτ , uvxo
τ ) uvxo
u
ε̂ τ =
τ
Var (εuτ ) Var ( uvxo
τ )

(5)

are the impulses that allow us to compute the IRFs of all the variables included in the
LF-VARΦτ , assessing the response of the macroeconomy to the two shocks of interest.
When assessing the quantitative implications of the shocks, it is important to keep in
mind that these represent the lower bound of the forecast error variance of spτ and
vxoτ explained by εnτ and εuτ . Since the HF shocks recovered in the HF-VAR may
incorporate noise or measurement error, the R2 might be affected by attenuation bias
and the lower bound can be lower than the true FEV.

4

Data

The analysis focuses on the US over the sample 1990 and 2017. The daily analysis
employs a sample spanning from January 1st 1990 to August 5th 2017 and consisting
of 7243 observations. The variables included in the daily VAR are Eurodollar Futures,
S&P500, VXO, Commodity Price Index, Oil Price, Gold Price Index, Eurodollar, Dollpound,
MOVE 1m, BBA Corporate Spread, Libor 3m, 10y Term Premium, 1y Term Premium, EPU,
Skew.15 There are five indicators of uncertainty. The VXO (a measure similar to the
VIX but available in a longer sample) is a measure of option-implied volatility in the
equity market. EPU is the Economic Policy Uncertainty index of Baker et al. (2016).
Gold prices might capture uncertainty and a flight-to-safety around some key events
in our sample (see PP). MOVE (Merrill Lynch Option Volatility Estimate) is a measure
similar to the VIX but for treasuries. Finally, Skew is an option-implied volatility index
that measures left tail risks. We focus on the VXO in our baseline analysis, but report
in the Appendix the economic effects of second-moment shocks identified using other
four variables. The baseline specification of our monthly VAR model includes the S&P
price index and the VXO (for which we use monthly averages of daily observations),
Fed Funds rate, industrial production, employment, hours worked and wages. All
variables are downloaded from FRED. 16

5

Uncertainty and First-Moment Shocks in a Daily VAR

15

All the variables were downloaded from Datastream except EPU downloaded from
www.policyuncertainty.com.
16
Please refer to the Appendix for details on the data.
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5.1

The model

We include in the daily VAR model the 15 daily series listed in Section 4. It is well
known that financial variables feature heteroskedasticity and therefore
ARCH-GARCH models might be more appropriate. However, the OLS estimation of
the VAR, even if inefficient, is still consistent. Therefore, in light of the very large
number of observations in the sample and the purpose of the daily analysis, which is
exclusively related to the identification of shocks, we estimate a standard linear VAR
in levels. Information criteria suggest an optimal number of lags that ranges between
2 (BIC, HQC) and 5 (AIC). Since overfitting is not an issue with over 7000
observations, we still use 10 lags to account for 2 business weeks (including 30 lags
produces similar results). The null hypothesis of normally-distributed residuals is
rejected for all residuals at the 10% significance level (or lower) by both the
Jarque-Bera and Kolmogorov-Smirnov statistics, confirming the feasibility of ICA
(see also section 3.1). ICA isolates 15 components, one for each variable included in
the system. Notice that, given the properties of ICA, these shocks are not just
uncorrelated but (nearly) independent, which rules out virtually all forms of
contemporaneous relation among them. To obtain an economic interpretation of the
shocks we match each variable to the component that explains most of its variance on
impact. Following this criterion, uncertainty and first-moment shocks correspond to
the components that have the largest contemporaneous impact on the VXO and the
S&P500 (SP) residuals . This choice is intuitive and relatively standard: SP has been
widely used in the literature to identify news shocks (see BP), while VXO is
employed as a proxy of aggregate uncertainty e.g. in Bloom (2009) and Basu and
Bundick (2017). Importantly, however, we only wish to attach a specific structural
interpretation to the uncertainty shock. This shock represents a change in the second
(or higher) moments of the equity market, allowing an impact feedback on SP, but
unrelated to the first-moment shocks. In other words, the IRFs associated with ε u
will reveal how the macroeconomy responds on average to a change in the implied
volatility of stock returns (an uncertainty shocks) controlling for a range of
confounding factors that affect the stock price on the same day through a
first-moment effect. By contrast, the first-moment shock is by construction a catch-all
term: it captures all the events that affect investor expectations on a given trading
day, including for instance news on TFP, macroeconomic surprises associated to new
data releases or policy announcements. It follows that this is not a “news” shock: it
does not refer exclusively to TFP, and it reflects observed changes in fundamentals as
well as news on future fundamentals.
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A crucial feature of ICA is that, unlike a Cholesky factorization, it does not
prevent ε n from affecting VXO or ε u from affecting SP contemporaneously. It simply
ensures that we can separately trace the impact (on both VXO and SP) of innovations
that (i) affect predominantly one of the two variables, and (ii) are independent of one
another. The ICA mixing matrix, i.e. the matrix linking the reduced form residuals to
u
the first-moment shocks εn
t and the uncertainty shocks ε t , is given by Table 5. The
elements on the main diagonal come from a normalization, as in a standard Cholesky
factorization. The non-zero elements off the diagonal confirm that even at the daily
frequency first-moment and uncertainty shocks affect simultaneously both VXO and
SP, providing further evidence against recursive identification schemes. The direction
of this influence is consistent with the economic intuition: positive first-moment
shocks that raise the SP index cause a simultaneous decline in VXO, while
uncertainty shocks cause a drop in stock prices.
The next subsection provides evidence on the role of these shocks in our sample
period and shows that the decomposition is overall plausible from an economic
perspective.

5.2

A narrative validation of ICA

One important question is to what extent an agnostic and purely statistical
identification strategy like ICA generates intuitively convincing results. Do the
estimated shocks map into economically plausible changes in uncertainty? To answer
this question we perform three exercises.17 The first one is to examine all dates that
were characterized by large second-moment shocks (eVXO > 5σ) combined with
non-negative first-moment shocks (eSP > 0). These should capture cases where
uncertainty rose but market expectations remained stable or improved. Of the 10
dates isolated by this procedure 7 are marked by clear shifts in confidence, political
risk and/or policy uncertainty. These include February 27th, 2007 , when a Taliban
attack in Afghanistan targeted Vice President Dick Cheney; May 17th, 2017 , when
the media reported that President Trump shared sensitive information with Russian
officials during private meetings in the Oval Office; and 10th August, 2017 , when
North Korean officials announced a plan for a military strike on Guam referring to
President Trump as "bereft of reason". The latter episode is particularly interesting
because stock prices moved in different directions and the Dow Jones U.S. Defense
index increased by 1.6%, confirming that the escalation was not consistently seen as
’bad news’ by equity investors . In the second exercise we extract the dates that were
17

Annex B provides the background for this Section, along with a complete list of the shocks and a
more detailed description of the associated historical events.
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characterized by an adverse combination of large first- and second-moment shocks
(eVXO > 3σ, eSP < −3σ ). This occurs three times in 40 years. The first one is
October 27th 1997, when the market collapsed because of the Asian crisis and the
"circuit breaker" procedures introduced a decade earlier were activated for the first
time to regulate trading activities. The second one is September 17th 2001, the day
when trading resumed after the 9/11 market shutdown. The third one coincides with
the downgrade of the US by Standard&Poors on August 8th 2011. These events
arguably represent a combination of first-moment and uncertainty shocks. The model
seems capable of capturing this possibility without forcing an arbitrary, unrealistic
separation between the two phenomena. In the third and final exercise we extract all
dates between 2007 and 2009 that were characterized by significant first- and/or
second-moment shocks of either sign (|ei |> 2σ, i = VXO, SP). The GFC is obviously
punctuated by adverse shocks of both types (see Annex B). The most interesting
results relate perhaps to the policy measures introduced over the period. The
interventions by the Fed in September, October and December, for instance, lowered
the VXO index but barely affected stock prices. The submission of the first draft of
the $700bn bailout plan to Congress on September 18th, 2008 has a positive effect on
prices, but the impact of the subsequent rejection of the plan on September 29th is
negative and much larger (−8.5σ versus +3.3σ).
There are also many instances in which policy interventions reduce both the VXO
and the stock price index. This is the case for the announcement of the Commercial
Paper Funding Facility and the increases in deposit insurance on October 7th, 2008; the
deployment of the Capital Purchase Program on December 19th, 2008 and February
27th, 2009; or the announcement of the Financial Stability Plan by the US Treasury
on February 10th, 2009 . In these cases markets might have learned at once that the
crisis was worse than expected and that the authorities were strongly determined to
avoid worst-case scenarios. The negative price impact might also be explained by the
recourse to public purchases of senior preferred stock (a common ingredient in the
cases listed above), which created dilution risk for private stakeholders. Interestingly,
the Fed’s purchase of MBS from the GSEs (announced on November 26th, 2008 and
started on December 30th, 2008), which do not raise dilution concerns, are associated
with positive stock price shocks.
Figure 5 displays the monthly averages of the estimated daily shocks, which are
used as instruments in the monthly VAR model (see Section 3.2). The outburst of
the Great Recession corresponds to sizable adverse first-moment shocks, while large
uncertainty shocks hit the economy later on, particularly in 2015. The largest monthly
shocks are reported in Table 6. The top panel focuses on negative first-moment shocks
16

u
(ε n
t ) and the bottom panel on positive second-moment shocks (ε t ). The comparison
confirms that there is no systematic correlation among the shocks.

6

The Macroeconomic Impact of Uncertainty Shocks

6.1

Impulse Responses

This Section studies the transmission of first-moment and uncertainty shocks
employing a monthly VAR model that follows the specification of PP. The system
includes S&P500, Industrial Production, Employment, Hours, Fed Fund Rate, VXO
Option-Implied Volatility for the period 1990-2017. The monthly model provides a
direct link to the existing literature, which is predominantly based on monthly data
(e.g. Basu and Bundick, 2017 and Piffer and Podstawski, forth).18 We use monthly
averages of daily first-moment and uncertainty shocks as an instrument for the
residuals of the S&P500 and VXO equations (see Section 3). The responses to
one-standard deviation first- and second-moment shocks are depicted respectively in
Figure6 and 7. To ease the comparison we examine a negative change in first
moments (i.e. ’bad news’) and a positive change in second moments (i.e. ’more
uncertainty’). The shocks have qualitatively similar effects on both financial markets
and the real economy. Like a rise in uncertainty, a negative first-moment shock causes
a stock market depreciation and an increase in the VXO. This is followed by a gradual
contraction in employment, hours and industrial production. The drop of the Fed
Funds rate is qualitatively coherent with a monetary easing driven by output and
inflation dynamics, but it is only statistically significant for the uncertainty shock.
This asymmetry disappears if the FFR is replaced by the 10-year Treasury rate, and it
might be partly due to the occurrence of the zero lower bound.The behavior of the
labor market is particularly interesting. Hours respond relatively more than
employment to first-moment shocks, while employment has a stronger response to
uncertainty shocks. The idea that uncertainty hits primarily the extensive margin in
the labor market is common to many models where the firms’ hiring or firing
decisions are subject to irreversibility (Bloom, 2009; Baker and Bloom, 2013; Bloom
et al., forth.). The large impact of uncertainty on employment might be partly driven
by a “wait-and-see” motive that has no effects on either hours or wages. To better
tease out the difference between first and second-moment effects, in Annex C we also
18

Moreover, the monthly system allows computing more accurate responses due to the higher
frequency than the quarterly VAR.
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study the propagation of the shocks in a quarterly VAR model that includes TFP. We
find that uncertainty shocks have no impact on TFP, whereas first-moment shocks
cause inter alia an increase in future TFP. This result confirms (i) that first-moment
shocks include a “TFP news” component (see Section 5.1), and (ii) that our
identification strategy succedes in removing the influence of TFP news from the
uncertainty shock.

6.2

Variance Decomposition and Historical Implications

The estimated monthly VAR can also be used to quantify the contribution of
first-moment and uncertainty shocks to the US business cycle, both in general and
historical terms. A first piece of information comes from the Forecast Error Variance
Decomposition (FEVD). The FEVD of the VAR system needs to be treated more
carefully than usual because the identification is achieved via external instruments.
The IRFs are identified up to a constant, implying that the size of the shock is in
principle unknown. The trivial upper bound of the FEVD is given by a proxy that
perfectly explains the instrumented variable on impact. For many reasons, the proxy
may, however, capture only a part of the true structural shocks, and/or contain
measurement error, generating an attenuation bias. Keeping this in mind, the lower
bound of the scale factor is given by the R2 of the first first-stage regression, that
represents the share of the variability of the reduced- form residual of the variable of
interest that is explained by the proxy. The FEVD discussed below are based on this
lower bound, which clearly gives a conservative estimate of the importance of the
shocks.
Figure 8 shows that the first-moment shocks explain a larger share of the
variability of output economic activity than uncertainty shocks. Furthermore, the
variance share explained by uncertainty shocks is below 5% at all horizons up to 20
quarters: although this estimate represents by construction a lower bound. This
raises doubts on the conclusion of studies where that uncertainty shocks can explain
more than over 50% of the variability of output reached in other studies (Christiano
et al., 2014). On the other hand, uncertainty matters more for unemployment.19
Figures 9 and 10 display the historical contribution of the first-moment and
19

[If we had the contributions to the systems of the innovations in the MOVE Index and the EPU.
We include them in the VAR and instrument them with the respective ICA shocks and show the
FEVD.] Check the previous sentence, there seems to be a typo. The picture does not change drastically:
MOVE innovations contribute to employment, whereas EPU contributes to hours. However, they do
no contribute to the economic activity index significant. While they still contain useful information, this
robustness check confirms that first-moment shocks are quantitatively more important than uncertainty
shocks. Notice that moving away from an analysis that focuses on equity, we could also include in the
news other first-moment indicators, like the innovations in the term structure of the interest rates.

18

uncertainty shocks to industrial production and employment. Like the FEVD above,
and for the same reason, these must be interpreted as lower bounds. First-moment
shocks are more relevant for economic activity and drive the fall in output in
2008-2009. Uncertainty plays a negative important role especially after 2009. This is
consistent with the possibility that financial frictions play a key role in propagating
uncertainty shocks (Gilchrist et al., 2014) and that their transmission is much more
powerful when borrowing constraints bind more severely (Alessandri and Mumtaz,
2018). The results from employment are clearly different: uncertainty shocks explain
a non-negligible share of the FEV of employment. In particular, benign uncertainty
shocks, rather than first-moment shocks, are responsible for the high level of
employment observed in the run-up to the GFC between 2004 and 2008. Uncertainty
contributed to the low dynamics of employment levels between 2009 and 2013. The
quantitative and historical evidence here presented on economic activity and
employment are consistent with a “jobless recovery” (Schmitt-Grohe and Uribe,
2017).

7
7.1

Comparison with Previous Studies
Relation with Existing News and Uncertainty Shocks Estimates

Our empirical results suggest that the correlation between the news and uncertainty
shocks estimated in previous works (and documented in Table 1) might be caused by
a systematic confusion between shocks and endogenous responses, and that our
high-frequency identification strategy is not subject to this problem. To validate this
conclusion, in this section we investigate more thoroughly the relation between our
shocks and the alternatives available in the literature. Table 7 shows the results from
n and PC u (three principal components of news and
the regression of PC n , PCBP
u
uncertainty shocks estimated by other scholars, see Section 2) on εn
t and ε t , i.e. the
news and uncertainty shocks obtained from the daily VAR through ICA. The striking
u
result is that εn
t and ε t , which are by construction independent of one another, are
both highly statistically significant in most of these regressions. In particular, εn
t loads
u
n
n
negatively on PC (as well as positively on PC and PCBP as one would expect),
n
while εu
t loads negatively on PCBP . These results are worrying because they suggest
that each principal component actually mixes both news and uncertainty shocks.
What is perhaps most surprising is that this holds also for the news shocks. Stock
prices are the crucial predictor for future TFP employed in the literature; however,
our daily model shows that innovations to the S&P500 index are endogenous in that
19

they reflect changes in uncertainty as well as economic news (see Table 5). The
negative coefficient of εu
t in column (2) confirms this point. Hence, neglecting the role
of uncertainty when identifying news shocks is as problematic as neglecting news
when studying uncertainty shocks. These findings suggest that a joint identification
of news and uncertainty shocks might be necessary for a proper assessment of the
implications of the two shocks.
Table 8 replicates the regression analysis with a specific focus on Piffer and
Podstawski (forth) (PP), which does indeed attempt a joint identification of news and
uncertainty shocks. The first two columns show that (i) the news and uncertainty
shocks from PP ( PP News, PP Unc) correlate positively with their counterparts in
the literature ( PC n and PC u ), and (ii) there is a strong negative correlation between
PP News and PC u . In other words, the PP uncertainty shocks also correlate with the
news shocks estimated in other studies. In columns (3) and (4), we use our results to
understand better where this correlation comes from. When regressing the PP shocks
on ours, we find that PP Unc correlates with εn
t while PP News does not correlate
with εu
t . This suggests that the identification of PP is able to clean the news shocks
from uncertainty, but, conversely, it incorporates both a news and an uncertainty
component in the “uncertainty shocks”. This conclusion is in many ways consistent
with the IRFs reported by PP. First, they find that VXO does not respond to news
shocks at all (the IRF is not statistically significant). Second, they find that uncertainty
shocks strongly affect the economy instantaneously, while news shocks take two or to
three months to exert their influence. Third, news and uncertainty shocks have the
same estimated persistence, while the consensus argues is that news shocks predict a
long-run increase in TFP while and uncertainty shocks do not. 20 Last but not least,
PP conclude that uncertainty matters more than news (in terms of FEVD) for output.
The inclusion of a “news” component in the estimated uncertainty shocks can easily
rationalize these results.

7.2

The Effects of Uncertainty Shocks on US Firms

Our analysis shows that uncertainty shocks induce significant macroeconomic effects.
In this section, we explore if these findings are robust using firm-level data and we
analyze the transmission of these shocks more in detail. For this exercise, we use the
dataset of Bloom et al. (2016), which is available online from the authors’ websites.
This dataset contains quarterly data on sales and investment for 3799 firms in the U.S.
20

In Bloom (2009) uncertainty shocks lead to an output overshooting, meaning that uncertainty as
expansionary effects in the medium-horizon. However, this is not the case in PP where the effects of
uncertainty are purely recessionary.
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and covers the period 1996:Q2-2013:Q1. Bloom et al. (2016) consider firm’ level
information from Compustat, excluding firms that belong to the utilities and financial
sectors and firms that declare negative assets, sales or stockholder’s equity. While
investment is measured as firms’ capital investment rate (capital expenditures per
existing unit), R&D is proxied by R&D expenditures. Following Davis, Haltinwanger
and Schuh (1996) and Bloom et al. (2016), we measure sales and investment in growth
rates, as the change of this variable relative to the previous year divided by the
average of the two years. These growth rates approximate the log-change for small
groups, are symmetric around zero, and accommodate entry and exit with bounded
values of plus and minus two.
In order to identify the effects of uncertainty shocks on firm decisions, we estimate
the following equation:

xi,t = αi + B(L)xi,t−1 + γ0 εut + γ(L)εut + bt + ei,t

(6)

where xi,t denotes the change in the variable of interest (sales, investment, or R&D)
and εu
t denotes the uncertainty shock identified in the previous sections aggregated
to the quarterly frequency. B(L) and γ(L) are two polynomial functions in the lag
operator L. Table 9 displays the estimated coefficients for the different specifications.21
Uncertainty shocks induce a significant decline in investment, sales, and R&D
growth. A one standard deviation uncertainty shock induces a decline in investment
of around 1 percentage point on impact, a fall in firm sales of 8 percent, and a decline
in R&D growth of 5 percentage points. The estimated coefficients are robust to
including lags of the dependent variable in the specification. These stronger effects of
uncertainty shocks on investment and sales than on R&D are consistent with Bloom
et al. (2016): the latter is mainly influenced by long-run uncertainty while we focus on
short-run uncertainty (30 days option implied volatility index).22

8

Sensitivity Analysis

We perform various robustness checks both in the daily VAR and in the lower
frequency systems. This section provides a short summary of the results; more details
are available in the Appendix. In the daily VAR, a potential concern is that the
uncertainty shocks estimates could depend on which measures of uncertainty are
21

This framework does not require GMM because the shocks employed as regressors are exogenous
and not serially correlated.
22
Bloom et al. (2016) employ the spread between the six months and one month option implied
volatility index as a proxy for long-term uncertainty and find that this variable is the most important
for R&D.
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included in the information set. To investigate this issue we focus only on the VXO,
arguably the most important indicator, removing Gold, MOVE, Skew and EPU. The
shocks in SP (VXO) identified via ICA in this specification are correlated 0.94 (0.99)
with those obtained from the baseline model. To consider a more extreme case, we
also perform a pure decomposition of the equity market in first and second moments
innovations with a daily VAR that includes SP and VXO only. The resulting ICA
components associated with SP and VXO correlate respectively 0.91% and 0.96% with
their baseline counterparts. In this bivariate system, we also investigate the presence
of time variation in the ICA mixing matrix by splitting the sample at the end of 2007.
However, we do not find significant differences in the identified components. We also
model the bivariate VAR as a GARCH with two different specifications. The shocks
estimated in this framework are again very similar to the baseline specification.

9

Conclusions

Agents often become pessimistic and uncertain at the same time. This phenomenon,
for which the theoretical literature has proposed a number of explanations, poses an
important empirical problem: the economic implications of a rise in uncertainty – a
second-moment effect – are hard to disentangle from more traditional first-moment
effects stemming from actual or expected changes in economic fundamentals. We
provide new evidence on this problem by showing that there is a high negative
correlation between the “news” and “uncertainty” shocks identified in the literature:
bad news largely overlap with spikes in uncertainty. We then propose a solution
based on a joint identification of the shocks that employs high-frequency financial
data. At the daily frequency, the S&P500 stock price index and the VXO volatility
index display a significant amount of non-normality and a complex statistical
dependence.
This can be exploited for identification through independent
component analysis (ICA), estimating first- and second-moment shocks as the
unobserved statistically independent components that jointly drive the observed
variation in stock prices and volatility. Identification requires exclusively VXO to be
relatively more affected by uncertainty shocks and stock prices to be more affected by
first-moment shocks. Thus, it allows price and volatility to respond to both shocks,
and it places no restriction on how the shocks propagate through financial markets
and the rest of the economy. The daily shocks are then aggregated to the monthly
frequency and used as instruments within a monthly VAR model of the US economy.
We find that uncertainty shocks generate significant macroeconomic effects, but
also that their quantitative implications are smaller than those typically documented
22

in the literature. First-moment shocks are more persistent and quantitatively more
relevant for economic activity. The notable exception is employment, whose
fluctuations depend substantially on changes in uncertainty. The estimates suggest
that the outburst of the Great Recession was caused by a string of adverse
first-moment shocks; uncertainty had little to do with it, and it rose largely in
response to the deterioration of the economic outlook. Uncertainty shocks became
more prominent after 2009, weakening employment and contributing to the ‘jobless
recovery’ experienced by the US economy.
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Figure 1: Quantile regression on residuals, Cholesky shocks, and independent shocks
The left panel shows a scatterplot of the residuals from a bivariate daily VAR model that includes the S&P500 stock price index and the VXO
volatility index. The four lines represent an OLS regression and three quantile regressions fitted respectively around the 10th, 20th and 50th
percentile of the distribution. The middle panel shows scatter and regression lines for the S&P and VXO shocks identified through a Cholesky
orthogonalization, ordering VXO first. The right panel shows scatter and regression lines for the shocks obtained through Independent
Component Analysis. The estimation period goes from January 1990 to September 2017 and the VAR includes 10 lags.

Figure 2: Quantile regression on residuals, Cholesky shocks, and independent shocks
The plot reports the results from the quantile regressions over 9 quantiles for the residuals (left panel), for the shocks from a Cholesky
orthogonalization (middle panel), and for the shocks from independent component analysis (right panel) from a bivariate VAR that includes
the S&P500 stock price index and the VXO volatility index The estimation period goes from January 1990 to September 2017 and the VAR
includes 10 lags.
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PC n

n
PCBP

PC u -0.65*

-0.55*

Obs

74

103

Table 1: Correlation between the principal components of news (Barsky and Sims, 2011;
Kurmann and Otrok, 2013; and Beaudry and Portier, 2014), news BP (Beaudry and Portier,
2014) and uncertainty shocks (Baker et al., 2016; Basu and Bundick, 2017; and Berger et al.
(2017)). * indicates statistical significance at the 1% level.

Add three stars, it’s the standard way of presenting this. A quick look at the table may
suggest significance at 10% only.

Figure 3: Principal components of the news (Barsky and Sims, 2011; Kurmann and Otrok, 2013;
and Beaudry and Portier, 2014), news BP (Beaudry and Portier, 2014) and uncertainty shocks
(Baker et al., 2016; Basu and Bundick, 2017; and Berger et al. (2017)) identified in the literature,
plotted as three-quarters moving averages. Grey shaded area represent NBER recessions.
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Figure 4: Uncertainty and first-moment shocks in the Global Financial Crisis depending on the
Cholesky ordering and the frequency.

Cholesky

Monthly data

Daily data

ICA

SP shock

VXO shock

SP shock

VXO shock

SP

1

0 (-0.76)

1

-0.84

VXO

-0.76 (0)

1

-0.17

1

SP shock

VXO shock

SP shock

VXO shock

SP

1

-0.73 (0)

1

-0.5

VXO

0 (-0.73)

1

-0.38

1

Table 2: Identified impact matrix in the bivariate VAR system S&P500-VXO across frequencies
(monthly, daily) and identifications (Cholesky, ICA)
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Dependence

VAR residuals

Cholesky shocks

ICA shocks

Monthly

100

18.5

14.5

Daily

94.1

15.8

4

Table 3: Estimated dependence index between the VAR residuals, Cholesky shocks, and ICA
shocks at the monthly and daily frequency. The dependence is measured by the mutual
information contained in the pairs and it is normalized by the value taken for the monthly
VAR residuals.

(1)
e_VXO

VARIABLES
L.e_VXO

-0.10*
(0.057)
0.06*
(0.036)
-0.04
(0.044)
-0.03
(0.059)
-0.04
(0.073)
-0.03
(0.070)
0.08
(0.063)
-0.02
(0.059)

L.factor1
L.factor2
L.factor3
L.factor4
L.factor5
L.factor6
L.factor7
L.e_SP
Constant

-0.00
(0.013)

(2)
e_SP

-0.06*
(0.037)
0.01
(0.045)
0.04
(0.061)
-0.08
(0.077)
-0.13*
(0.071)
0.10
(0.066)
-0.01
(0.064)
0.02
(0.064)
0.01
(0.014)

Observations
331
331
R-squared
0.03
0.03
Adjusted R-squared 0.0110 0.00804
F test
0.172
0.225
Standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1
Table 4: Investibility test
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sp

ut

εnt

εut

1

-0.5

uvxo
-0.38
t

1

Table 5: Mixing Matrix from ICA identification

Figure 5: first-moment and Uncertainty shocks identified via ICA in a daily VAR, plotted as
monthly averages.
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Date

εn

εu

Event

Largest first-moment shocks (negative)
October 2008

-5.8

0.5

second peak in the financial crisis - Emergency Economic
Stabilization Act, US government bails out banks

February 2009

-3.4

0

American Recovery and Reinvestment Act (negative)
reception

August 1998

-3.3

2.2

Russian financial crisis - LTCM fails

September 2001

-2.7

2.23

terrorist attack 9/11
Largest uncertainty shocks

August 2015

0

3.9

Tsipras resigns

September 2011

-0.85

2.7

Euro debt crisis - disagreement on Greek debt

September 2008

-1.19

2.7

first peak in the financial crisis; Fannie Mae and Freddie
Mac in state conservatorship; AIG asks for emergency
lending; Lehman Brothers emergency lending to AIG

May 2010

-0.98

2.6

first aid program for Greece; EFSF adopted; protests in
Greece

Table 6: Largest first-moment and uncertainty shocks (as monthly averages) identified from
the daily VAR and corresponding events.
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Figure 6
IRFs to a first-moment shock identified by instrumenting the SP with the series of shocks in the SP identified in our daily VAR. The first
stage yields F − stat = 149.3 and R2 = 0.31. The VAR is estimated in log-levels with the optimal number of lags (3) and includes a
deterministic constant. Shaded areas correspond to 95% bootstrapped confidence bands from 1000 replications..
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Figure 7
IRFs to a VXO shock identified by instrumenting the VXO with the series of shocks in the VXO identified in our daily VAR. The first stage
yields F − stat = 125.7 and R2 = 0.28. The VAR is estimated in log-levels with the optimal number of lags (3) and includes a deterministic
constant. Shaded areas correspond to 95% bootstrapped confidence bands from 1000 replications.

Figure 8
Lower bounds of the FEV explained by first-moment and uncertainty shocks for the variables in the monthly VAR system.
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Figure 9
Lower bounds of the historical contribution of first-moment and uncertainty shocks to the Coincident Economic Activity Index.

Figure 10
Lower bounds of the historical contribution of first-moment and uncertainty shocks to employment.
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VARIABLES
sp ICA
vxo ICA
Constant

Observations
R2

(1)
PC n

(2)
n
PCBP

(3)
PC u

0.55***

0.73***

-0.33***

(0.09)

(0.06)

(0.08)

-0.03

-0.27***

0.43***

(0.10)

(0.07)

(0.08)

0.12

0.06

-0.03

(0.08)

(0.06)

(0.08)

62
0.38

91
0.64

100
0.34

Standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

Table 7: Regression of (standardized) principal component from the news shocks literature
and the uncertainty shock literature on our identified shocks in stock prices and VXO identified
in a daily VAR.
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VARIABLES
News PP
Unc PP

(1)
PC n

(2)
PC u

0.64***

-0.07

(0.06)

(0.08)

-0.34***

0.61***

(0.07)

(0.07)

sp ICA
vxo ICA
Constant

Observations
R2

(3)
News PP

(4)
Unc PP

0.29***

-0.58***

(0.09)

(0.07)

-0.10

0.42***

(0.09)

(0.08)

0.05

-0.01

-0.08

0.00

(0.06)

(0.07)

(0.08)

(0.07)

106
0.62

112
0.43

102
0.12

102
0.50

Standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

Table 8: Column 1-2: regression of (standardized) principal component from the news shocks
literature and the uncertainty shock literature on the shocks.
Column 3-4: regression of the shocks identified in PP on the shocks identified in our daily VAR
via ICA.
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VARIABLES

(1)
Investment

(2)
Investment

-0.0119***
(0.002)
-0.0153***
(0.002)
-0.0105***
(0.002)
-0.0074**
(0.003)
-0.0016
(0.003)
-0.0005***
(0.000)
0.1026***
(0.003)
80,799
3,625
0.3418
YES
YES

0.2688***
(0.008)
0.0844***
(0.006)
0.0245***
(0.006)
0.0427***
(0.011)
-0.0091***
(0.002)
-0.0125***
(0.002)
-0.0050***
(0.002)
-0.0036
(0.003)
0.0033
(0.002)
-0.0003***
(0.000)
0.0597***
(0.003)
78,699
3,625
0.4216
YES
YES

Yt−1
Yt−2
Yt−3
Yt−4
εut
εut−1
εut−2
εut−3
εut−4
trend
Constant
Observations
# of firms
R-squared
Firm FE
Quarter FE

(3)
Sales

(4)
Sales

-0.1144***
(0.024)
-0.1914***
(0.032)
-0.1803***
(0.032)
-0.1481***
(0.032)
-0.0955***
(0.027)
0.0192***
(0.001)
4.8911***
(0.056)
81,785
3,650
0.9524
YES
YES

0.5790***
(0.038)
0.0716
(0.052)
0.0472*
(0.026)
0.1785***
(0.050)
-0.0538***
(0.010)
-0.0824***
(0.013)
-0.0237**
(0.011)
-0.0042
(0.014)
0.0209
(0.014)
0.0018***
(0.000)
0.6852***
(0.061)
81,660
3,650
0.9839
YES
YES

(5)
R&D

(6)
R&D

-0.0078
(0.029)
0.0172
(0.015)
-0.0308*
(0.017)
0.0065
(0.019)
0.0200
(0.019)
-0.0002*
(0.000)
0.2425***
(0.039)
57,659
2,558
0.0786
YES
YES

-0.6332***
(0.023)
-0.5701***
(0.026)
-0.5497***
(0.027)
0.2907***
(0.025)
-0.0506**
(0.020)
-0.0502***
(0.010)
-0.0268
(0.017)
-0.0059
(0.012)
0.0185
(0.015)
-0.0005***
(0.000)
0.0847***
(0.010)
53,998
2,558
0.8013
YES
YES

Table 9: E STIMATED E FFECTS OF U NCERTAINTY S HOCKS ON F IRMS ’ D ECISIONS
Note. Estimated results using OLS of equation 6. Yt−i denotes the lagged value of the dependent
variable of each specification for period (t − i) and Ushockt denotes the estimated uncertainty shock
aggregated to the quarterly frequency. All the specifications consider clustered standard errors at 3
digit industry level. ∗ ∗ ∗ p<0.01, ∗ ∗ p<0.05, ∗ p<0.1.

Appendix
A

ICA Performances in a Monte Carlo Experiment

Considering the novelty this identification, we perform a simulation exercise that
shows the accuracy of ICA. we perform a Monte Carlo exercise on data generated
from the popular model developed in Basu and Bundick (2017). The stochastic
sources of the model are three shocks: a discount factmor shock, a second-moment
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shock to the volatility of the discount factor innovation, and a level shock to TFP. We
can label the first and third shock as news shocks, since they are first-moment shocks.
On the other hand, the second shock is the uncertainty shock, as interpreted also in
Basu and Bundick (2017). Importantly, ICA needs information from higher order
moments in its search for independence. Therefore, at most one innovation can be
Gaussian. we draw the shocks respectively from a Gaussian, Bernoulli and Weibull
distributions. The former is the harder to identify.
we simulate 5000 observations from the model (we generate 10000 but discard the
first 5000) and take five among the many variables in the model. Obviously, we do
not consider the exogenous processes as they would convey perfect information on
the innovations.
While the solution of the DSGE models has a VARMA
representation, we use a VAR and do not include all the states in the system. Due to
these misspecifications, we use the optimal number of lags suggested by HQC
(because further lags can convey information from the missing variables).
From the VAR, we obtain the reduced form residuals and apply ICA. Finally, we
check the correlation of the identified components with the underlying shocks that
drive the system. we repeat this procedure across 500 simulations of the original times
series generated by the model. we repeat this exercise including two different set of
variables in the VAR estimated on simulated data.

A.1

First VAR

In this first case, we include in a VAR the following variables: [Output, VXO, Interest
Rate, Hours, Consumption]. These variables have overall a high information content
on the shocks. Indeed, ICA yields three components that correlate on average with
true underlying shocks for 0.946, 0.997 and 0.997, respectively. Table 10 and Figure
11 report the percentiles and distribution of these correlations.
1%

5%

50%

95%

99%

SDF Level Shock

0.787

0.879

0.954

0.972

0.975

Uncertainty SDF Shock

0.989

0.993

0.997

0.998

0.999

TFP Level Shock

0.992

0.993

0.997

0.998

0.999

Table 10: Performances of ICA in a Monte Carlo experiment on BB - Percentiles
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Figure 11: Performances of ICA in a Monte Carlo experiment on BB - Whole distribution
Distribution of the correlation between actual shocks and shocks recovered by ICA on the simulated data from Basu and Bundick (2017)
across 500 simulations of 5000 observations.

A.2

Second VAR

In the second case, we include in a VAR the following variables: [Equity Returns,
Wages, Investment, Inflation, Equity Prices].
These variables contain lower
information on the shocks. However, ICA still performs quite well, yielding three
components that correlate on average with true underlying shocks for 0.74, 0.995
and 0.993, respectively. Table 11 and Figure 12 report the percentiles and distribution
of these correlations.
1%

5%

50%

95%

99%

SDF Level Shock

0.52

0.587

0.761

0.815

0.828

Uncertainty SDF Shock

0.988

0.992

0.995

0.997

0.998

TFP Level Shock

0.985

0.989

0.993

0.995

0.996

Table 11: Performances of ICA in a Monte Carlo experiment on BB - Percentiles
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Figure 12: Performances of ICA in a Monte Carlo experiment on BB - Whole distribution
Distribution of the correlation between actual shocks and shocks recovered by ICA on the simulated data from Basu and Bundick (2017)
across 500 simulations of 5000 observations.

B

Narrative evidence on uncertainty shocks

In this Annex we examine the performance of ICA by analyzing the dates that
according to the daily VAR model are characterized by economically significant
uncertainty shocks.
As a first test, we filter all dates that were characterized by large second-moment
shocks (eVXO > 5σ) combined with non-negative first-moment shocks (eSP > 0).
The 10 dates identified by this procedure are reported in table 1. On 30/05/2006 the
Consumer Confidence index falls by 6 points from the four-year maximum reached
in April; President Bush suggests that Henry Paulson might succeed John Snow as
Treasury Secretary, and markets await the Fed minutes (to be released the following
day) that might signal a pause in the ongoing sequence of interest rate increases. On
27/02/2007 Freddie Mac announces that it will no longer purchase subprime
mortgages and former Fed Chairman Alan Greenspan warns that the economy might
enter a recession by the end of the year. A Taliban attack in Afganisthan targets Vice
President Dick Cheney, while a sharp stock price decline triggers concerns about a
bursting Chinese bubble. At the end of February 2013 the minutes released by the
Fed express concerns on the inflationary implications of the bond purchase program.
The stalemate over the federal budget also implies that automatic cuts worth $85.3
43

billion will come into effect on March the 1st. The news also cover the Italian general
elections of February 25th, where the outgoing centrist coalition lead by Mario Monti
performs poorly and the new anti-establishment Five Star Movement becomes the
third force in parliament.
17/07/2014 is particularly interesting: economic
fundamentals are solid, and the S&P500 index completes its longest quarterly rally
since 1998, but tensions in Iraq and Ukraine generate geopolitical risk and
expectations of higher volatility in energy prices. The VAR model interprets this as a
combination of positive shocks to both first and second moments. On 17/05/2017
markets learn that President Trump, who has just fired the Director of the FBI, might
have shared sensitive information with the Russian foreign minister Sergei Lavrov
during private meetings held in the Oval Office. On 10/08/2017 North Korean
officials refer to President Trump as "bereft of reason" and announce a detailed plan
for a military strike on Guam, marking the peak of the diplomatic crisis between the
two countries. This episode is again interesting because stock prices move in different
directions (the Dow Jones U.S. Defense index increases by +1.6%, while S&P500 and
Nasdaq drop), suggesting that equity investors are uncertain but not altogether
pessimistic. By 17/08/2017 international tensions have eased, but the release of the
minutes of the Fed meeting in July indicate that the Board’s opinions on interest rates
are divided, as some members worry about low inflation and others are eager to
unwind its $4.5 trillion balance sheet. For the three remaining dates (04/02/1994,
15/04/2013, 09/09/2016) the narrative is harder to reconstruct.
In the second test we extract the dates that were characterized by an adverse
combination of first and second moment shocks, i.e. eVXO > 3σ combined with
eSP < −3σ . The results are in table 2. The combination occurs in three cases only.
The first one is October 27th 1997, when the market collapses due to the spread of the
Asian crisis and, for the first time since their introduction a decade earlier, "circuit
breaker" procedures are used to slow down price dynamics. The second one is
September 17th 2001, the day when trading resumes after 9/11. The third one
coincides with the downgrade of the US by Standard&Poors on August 8th 2011.
In the third test we extract all dates during the Great Financial Crisis that were
characterized by significant second-moment and/or first-moment shocks, i.e.
|ei |> 2σ, i = VXO, SP. These are displayed in table 3. The suspension of
redemptions by BNP Paribas on 9/8/2007 causes a large increase in VXO and a drop
in prices. The subsequent interventions by the Fed in September, October and
December have the opposite effect, lowering uncertainty with only marginal effects
on prices. In March 2008 the announcement of TSLF and the additional rate cut exert
a positive influence on both first and second moments. September 2008 is marked by
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a string of negative first moment shocks: the Lehman bankruptcy, the ban on short
selling introduced by the SEC and the transformation of Goldman Sachs and JP
Morgan in commercial banks all lead to negative price shocks of 3σ or more. The
submission of the first draft of the bailout plan to Congress on 18/9 is associated with
a positive price shock (3.3σ), but its subsequent rejection on 29/9 comes with a much
larger negative shock (−8.5σ). On 7/10 the Fed announces the Commercial Paper
Funding Facility and the FDIC increases deposit insurance coverage to $250,000 per
depositor appealing to the Emergency Economic Stabilization Act: the estimated first
and second moment shocks are both negative (−1.5σ and −6σ respectively). This
combination emerges again later on in coincidence with other emergency measures:
the use of CPP and TARP on 19/12/2008, the Treasury’s announcement of the
Financial Stability Plan on 10/02/2009, a new recourse to CPP on 27/02/2009. The
negative price impact of these measures suggests that they might have revealed to
the market the policy makers’ pessimism on the outlook, and/or raised dilution
concerns among private shareholders. The Fed announcement to buy MBS from the
GSEs (26/11/2008) and the beginning of the actual purchases (30/12/2008), which
clearly do not raise dilution concerns, are associated with positive price shocks.
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Table 12: Adverse second-moment shocks

VXO SP
5.61 0.18

Date
04/02/1994

5.30

0.53

30/05/2006

8.90

0.45

27/02/2007

5.03

1.20

25/02/2013

5.40

0.47

15/04/2013

5.07

1.87

17/07/2014

7.41

0.71

09/09/2016

5.22

1.62

17/05/2017

7.35

1.99

10/08/2017

5.49

1.00

17/08/2017

Event
Unknown (Mexican crisis?)
Consumer confidence drops; markets await Fed
minutes to be released next day; President Bush taps
H. Paulson to succeed J. Snow as Treasury Secretary
Freddie Mac stops buying risky subprime mortgages
and securities; A. Greenspan warns of impending
recession; Chinese stock market drops; Taliban attack
in Afghanistan targets Vice President Dick Cheney
Fed minutes reveal concerns about implications of
asset purchase program; automatic budget cuts due
to take effect on March 1
Contraction in retail sales; consumer sentiment drops
to lowest level in 9 months
S&P500 logs longest quarterly rally since 1998; crisis
in Iraq and Ukraine raise concerns of volatility in
energy prices
Unknown
News that President Trump shared sensitive
information with Russian officials
North Korea announces plan to attack Guam; CIA
says it can fit nuclear weapons on missiles
Fed minutes reveal disagreement among Board
members on interest rates and asset purchases

Table 13: Combinations of adverse first- and second-moment shocks

VXO SP
5.58 -4.26

Date
27/10/1997

3.40
5.22

17/09/2001
08/08/2011

-4.22
-3.17

Event
Asian crisis causes ’mini-crash’ and suspension of
market activity
First day of trading activity after 9/11
US downgrade by StandardPoor’s triggers largest
stock market fall since 2008
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C

Quarterly VAR - The Response of TFP

TFP is a crucial variable in the news literature, because economic theory typically
model “news” as information on future TFP. Hence, we estimate a quarterly VAR
(1990-2017) that includes TFP (Basu et al., 2006) together with S&P500, VXO, RGDP,
employment, hours, and non-residental investment. Notice that no additional
identifying assumptions are imposed at this stage: we simply employ the shocks
identified in the HF-VAR (the quarterly average) as an instrument for the residuals of
stock prices in the quarterly VAR. The IRFs to the news shock are depicted in Figure
13. TFP does not move on impact but it rises after 12-16 quarters, consistently with
the previous literature on news shocks. RGDP, employment and hours all increase
following a humped-shaped pattern. VXO falls on impact (an indirect implication of
the daily impact matrix in Table 5 ) and gradually converges back to equilibrium. The
response of the system to an uncertainty shock is shown in Figure 14. The shock leads
to a drop in RGDP, employment and hours, but it has no impact on TFP at any
horizon. Furthermore, stock prices fall but recover within a few quarters. In
summary, both shocks cause a decline in economic activity but only the first one leads
to changes in TFP and persistent movements in asset prices. This evidence
corroborates the conclusion that the daily identification succeeds in separating news
and uncertainty.
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Figure 13
IRFs to a News shock identified by instrumenting the SP with the series of shocks in the SP identified in a daily VAR. The first stage yields
F − stat = 69.3 and R2 = 0.4. The VAR is estimated in log-levels with the optimal number of lags (4) and includes a deterministic constant.
Shaded areas correspond to 90% bootstrapped confidence bands from 1000 replications.
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Figure 14
IRFs to a VXO shock identified by instrumenting the VXO with the series of shocks in the VXO identified in a daily VAR. The first stage
yields F − stat = 19.7 and R2 = 0.16. The VAR is estimated in log-levels with the optimal number of lags (4) and includes a deterministic
constant. Shaded areas correspond to 90% bootstrapped confidence bands from 1000 replications.

D

Comparison with Other Studies

In Table 14 we regress first-moment and uncertainty shocks on a range of shocks
relating to TFP, monetary and fiscal policy, oil prices and financial markets. The key
result is that uncertainty shocks do not correlate with any other shock: this reduces
the risk that our estimates spuriously pick up disturbances of some other kind. The
correlations are also generally low or null for the news shocks, with two exceptions:
news shocks are negatively correlated with shocks to the excess bond premium (EBP)
of Gilchrist and Zakrajsek (2012) and with the fiscal shocks of Fisher and Peters
(2010).23 EBP could drop in response to good economic news, generating the
negative correlation (Caldara et al., 2016).

23

Concerning the correlation with the fiscal shocks of Fisher and Peters (2010), notice that this series
is correlated also with the monetary policy shocks identified in Gazzani and Vicondoa (2018).
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Macroeconomic shocks
Bassett et al. (2014) financial shocks
Fisher and Peters (2010) fiscal shocks
Gurkaynak et al. (2005) monetary surprises
Kilian (2008) oil supply shocks
Romer and Romer (2010) fiscal shocks
Ramey and Vine (2011) oil shocks
Smets and Wouters (2007) monetary shocks
Smets and Wouters (2007) technology shocks
Basu et al. (2006) technology shocks
Gilchrist and Zakrajsek (2012) financial shocks

β
-0.047
-0.398*
-0.152
0.005
-0.094
0.123
0.058
0.003
0.077
-0.381*

News
pval
0.723
0
0.206
0.966
0.357
0.316
0.632
0.983
0.521
0.002

R2
-0.012
0.147
0.011
-0.018
-0.002
0
-0.013
-0.017
-0.007
0.105

Uncertainty
β
pval
R2
0.06
0.556 -0.009
-0.037 0.694 -0.011
0.149
0.162
0.017
-0.100 0.360 -0.003
0.076
0.425 -0.005
-0.025 0.790 -0.011
0.065
0.543 -0.011
-0.032 0.763 -0.016
-0.094 0.317
0
0.131
0.173
0.011

Table 14: Regression of the news and uncertainty shocks identified by ICA (and aggregated a
the quarterly frequency) on quarterly popular shocks in the literature. * indicates a significant
coefficient at the 1% significance level.

E
E.1

Robustness - Monthly VAR
Different Specifications - Monthly VAR
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N
76
76
60
59
72
84
60
60
88
83

E.1.1

Including Coincident Index of Economic Activity

Figure 15
IRFs to a News shock identified by instrumenting the SP with the series of shocks in the SP identified in a daily VAR. The first stage yields
F − stat = 148.8 and R2 = 0.31. The VAR is estimated in log-levels with the optimal number of lags (3) and includes a deterministic
constant. Shaded areas correspond to 95% bootstrapped confidence bands from 1000 replications.
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Figure 16
IRFs to a VXO shock identified by instrumenting the VXO with the series of shocks in the VXO identified in a daily VAR. The first stage
yields F − stat = 125.7 and R2 = 0.28. The VAR is estimated in log-levels with the optimal number of lags (3) and includes a deterministic
constant. Shaded areas correspond to 95% bootstrapped confidence bands from 1000 replications.

E.1.2

Including Other Measures of Short-Term Interest Rates
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E.1.3

PP Specifications - Original Data Transformation

Figure 17
IRFs to a VXO shock identified by instrumenting the VXO with the series of shocks in the VXO identified in our daily VAR. The first stage
yields F − stat = 125.7 and R2 = 0.28. The VAR includes [VXO, Industrial Production, Employment, CPI, 3 Months T-Bill Rate, S&P500,
Uncertainty Factor]. The Uncertainty Factor is the first principal component of Gold, EPU, MOVE, Skew. The VAR is estimated in
log-levels with the optimal number of lags (2) and includes a deterministic constant. Shaded areas correspond to 95% bootstrapped
confidence bands from 1000 replications.

Figure 18
IRFs to a VXO shock identified by instrumenting the VXO with the series of shocks in the VXO identified in our daily VAR. The first stage
yields F − stat = 125.7 and R2 = 0.28. The VAR includes [VXO, Industrial Production, Employment, CPI, 3 Months T-Bill Rate, S&P500,
Uncertainty Factor]. The Uncertainty Factor is the first principal component of Gold, EPU, MOVE, Skew. The VAR is estimated in
log-levels with the optimal number of lags (2) and includes a deterministic constant. Shaded areas correspond to 95% bootstrapped
confidence bands from 1000 replications.
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E.1.4

Medium Scale System

Figure 19
IRFs to a VXO shock identified by instrumenting the VXO with the series of shocks in the VXO identified in our daily VAR. The first stage
yields F − stat = 125.7 and R2 = 0.28. The VAR includes [VXO, Industrial Production, Employment, CPI, 3 Months T-Bill Rate, S&P500,
Uncertainty Factor]. The Uncertainty Factor is the first principal component of Gold, EPU, MOVE, Skew. The VAR is estimated in
log-levels with the optimal number of lags (2) and includes a deterministic constant. Shaded areas correspond to 95% bootstrapped
confidence bands from 1000 replications.

Figure 20
IRFs to a VXO shock identified by instrumenting the VXO with the series of shocks in the VXO identified in our daily VAR. The first stage
yields F − stat = 125.7 and R2 = 0.28. The VAR includes [VXO, Industrial Production, Employment, CPI, 3 Months T-Bill Rate, S&P500,
Uncertainty Factor]. The Uncertainty Factor is the first principal component of Gold, EPU, MOVE, Skew. The VAR is estimated in
log-levels with the optimal number of lags (2) and includes a deterministic constant. Shaded areas correspond to 95% bootstrapped
confidence bands from 1000 replications.
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Figure 21
IRFs to a VXO shock identified by instrumenting the VXO with the series of shocks in the VXO identified in our daily VAR. The first stage
yields F − stat = 125.7 and R2 = 0.28. The VAR includes [VXO, Industrial Production, Employment, CPI, 3 Months T-Bill Rate, S&P500,
Uncertainty Factor]. The Uncertainty Factor is the first principal component of Gold, EPU, MOVE, Skew. The VAR is estimated in
log-levels with the optimal number of lags (2) and includes a deterministic constant. Shaded areas correspond to 95% bootstrapped
confidence bands from 1000 replications.

Figure 22
IRFs to a VXO shock identified by instrumenting the VXO with the series of shocks in the VXO identified in our daily VAR. The first stage
yields F − stat = 125.7 and R2 = 0.28. The VAR includes [VXO, Industrial Production, Employment, CPI, 3 Months T-Bill Rate, S&P500,
Uncertainty Factor]. The Uncertainty Factor is the first principal component of Gold, EPU, MOVE, Skew. The VAR is estimated in
log-levels with the optimal number of lags (2) and includes a deterministic constant. Shaded areas correspond to 95% bootstrapped
confidence bands from 1000 replications.
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Figure 23
IRFs to a VXO shock identified by instrumenting the VXO with the series of shocks in the VXO identified in our daily VAR. The first stage
yields F − stat = 125.7 and R2 = 0.28. The VAR includes [VXO, Industrial Production, Employment, CPI, 3 Months T-Bill Rate, S&P500,
Uncertainty Factor]. The Uncertainty Factor is the first principal component of Gold, EPU, MOVE, Skew. The VAR is estimated in
log-levels with the optimal number of lags (2) and includes a deterministic constant. Shaded areas correspond to 95% bootstrapped
confidence bands from 1000 replications.

Figure 24
IRFs to a VXO shock identified by instrumenting the VXO with the series of shocks in the VXO identified in our daily VAR. The first stage
yields F − stat = 125.7 and R2 = 0.28. The VAR includes [VXO, Industrial Production, Employment, CPI, 3 Months T-Bill Rate, S&P500,
Uncertainty Factor]. The Uncertainty Factor is the first principal component of Gold, EPU, MOVE, Skew. The VAR is estimated in
log-levels with the optimal number of lags (2) and includes a deterministic constant. Shaded areas correspond to 95% bootstrapped
confidence bands from 1000 replications.
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Figure 25
IRFs to a VXO shock identified by instrumenting the VXO with the series of shocks in the VXO identified in our daily VAR. The first stage
yields F − stat = 125.7 and R2 = 0.28. The VAR includes [VXO, Industrial Production, Employment, CPI, 3 Months T-Bill Rate, S&P500,
Uncertainty Factor]. The Uncertainty Factor is the first principal component of Gold, EPU, MOVE, Skew. The VAR is estimated in
log-levels with the optimal number of lags (2) and includes a deterministic constant. Shaded areas correspond to 95% bootstrapped
confidence bands from 1000 replications.

E.1.5

Capital Survey and Capital Utilization

Figure 26
IRFs to a VXO shock identified by instrumenting the VXO with the series of shocks in the VXO identified in our daily VAR. The first stage
yields F − stat = 125.7 and R2 = 0.28. The VAR includes [VXO, Industrial Production, Employment, CPI, 3 Months T-Bill Rate, S&P500,
Uncertainty Factor]. The Uncertainty Factor is the first principal component of Gold, EPU, MOVE, Skew. The VAR is estimated in
log-levels with the optimal number of lags (2) and includes a deterministic constant. Shaded areas correspond to 95% bootstrapped
confidence bands from 1000 replications.
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Figure 27
IRFs to a VXO shock identified by instrumenting the VXO with the series of shocks in the VXO identified in our daily VAR. The first stage
yields F − stat = 125.7 and R2 = 0.28. The VAR includes [VXO, Industrial Production, Employment, CPI, 3 Months T-Bill Rate, S&P500,
Uncertainty Factor]. The Uncertainty Factor is the first principal component of Gold, EPU, MOVE, Skew. The VAR is estimated in
log-levels with the optimal number of lags (2) and includes a deterministic constant. Shaded areas correspond to 95% bootstrapped
confidence bands from 1000 replications.

Figure 28
IRFs to a VXO shock identified by instrumenting the VXO with the series of shocks in the VXO identified in our daily VAR. The first stage
yields F − stat = 125.7 and R2 = 0.28. The VAR includes [VXO, Industrial Production, Employment, CPI, 3 Months T-Bill Rate, S&P500,
Uncertainty Factor]. The Uncertainty Factor is the first principal component of Gold, EPU, MOVE, Skew. The VAR is estimated in
log-levels with the optimal number of lags (2) and includes a deterministic constant. Shaded areas correspond to 95% bootstrapped
confidence bands from 1000 replications.
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Figure 29
IRFs to a VXO shock identified by instrumenting the VXO with the series of shocks in the VXO identified in our daily VAR. The first stage
yields F − stat = 125.7 and R2 = 0.28. The VAR includes [VXO, Industrial Production, Employment, CPI, 3 Months T-Bill Rate, S&P500,
Uncertainty Factor]. The Uncertainty Factor is the first principal component of Gold, EPU, MOVE, Skew. The VAR is estimated in
log-levels with the optimal number of lags (2) and includes a deterministic constant. Shaded areas correspond to 95% bootstrapped
confidence bands from 1000 replications.

E.2

Analysis in Sub-Samples

Recent works suggest the effect of uncertainty is deeply dependent on the state of the
economy. In particular, Alessandri and Mumtaz (2018) provide evidence on the role
of financial constraints. When financial constraints bind, the macroeconomic effects
of uncertainty shocks are five times larger than in normal times. The results of the
baseline analysis have a consistent interpretation: the financial crisis hits the economy
as a level (financial) shock that brings the economy in a financially constrained state.
Uncertainty shocks play only in the subsequent years after the outburst of the GFC,
with a negative effect on employment fluctuations.
To investigate potential breaks in the relationship between S&P500 and VXO, we
split the daily analysis in two samples: pre-crisis (1990-2007) and post-crisis (20082017). The second sample is (relatively) quite short to isolate 15 different components.
In that case, the components estimated by ICA are not very stable. Therefore, we focus
on the pure decomposition exercise where the VAR includes exclusively stock prices
and the VXO. The shocks that we obtain are very correlated with the shocks that we
obtain applying ICA over the whole sample.
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E.3

Heteroskedasticity - MGARCH

As a robustness, we estimate this bivariate system as multivariate GARCH, both with
constant and dynamic conditional correlations. The residuals as correlated with those
the baseline VAR for 0.99.

F

Different Indicators of Uncertainty

Each of the five measures of uncertainty considered in the daily VAR are driven by a
distinct component. We include all the variable of interest in a monthly VAR and
employ these five components to instrument the corresponding reduced form
residuals. Among the proxies for uncertainty, the component associated with the
VXO is the most relevant for the macroeconomy in terms of statistical significance
and quantitative implications. Only the EPU retains a marginal, although still
statistically significant, effect on economic activity and the labor market.

Figure 30: IRFs to news shock
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Figure 31: IRFs to a VXO uncertainty shock

Figure 32: IRFs to a MOVE uncertainty
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Figure 33: IRFs to a skew uncertainty shock

Figure 34: IRFs to a gold uncertainty shock
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Figure 35: IRFs to an EPU uncertainty shock
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