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Introduction

The idea that shocks to agents’ beliefs may drive business cycles traces back to Pigou (1927)
and Keynes (1936). It relies on the assumption that psychological factors play a crucial role in
orienting economic decisions, thereby conditioning macroeconomic dynamics. However, despite
a wide consensus is shared on the importance of beliefs for economic developments, theory end
empirics have mainly focused on other candidate explanations as sources of cyclical fluctuations, i.e. technology, monetary and fiscal policy, financial markets disruption. Elements such
as confidence, fear, bad faith, corruption and a concern for fairness, which may broadly be
grouped under the label of animal spirits have been widely neglected by economic theory of
short–run fluctuations (Akerlof and Shiller, 2009).
By contrast, in recent years an increasing interest has been put on the quantitative role of
beliefs in the business cycle, starting from the seminal contribution by Beaudry and Portier
(2006). Two different views have been undertaken in order to approach this topic: the news or
information vs. the noise or animal spirits. The first one stresses the importance of news about
future productivity as a main contributor of short–run swings in economic activity through affecting agents decisions, undertaken after forming beliefs on the future state of the economy.
News shocks are seen as a shock maximizing the variance of TFP in the long–run, but at the
same time moving consumption, investment and output at lower frequency (Barsky and Sims,
2011, 2012). The second view underlines the noisy or irrational component of belief formation:
when agents fail in recovering the correct signal about current and future macroeconomic dynamics, because of imperfect information, for example, the business cycle can also be propelled
by the component of the signal unrelated to the economic fundamentals, i.e. noise or anticipated
changes in future performance of the economy which may happen but also never materialize
(Angeletos and La’O, 2013; Farmer, 2012; Blanchard et al., 2013; Forni et al., 2014c,b; Milani,
2011, 2013). The Global Financial Crisis of 2007–09 has all but fueled this interest, because
of the importance of shifting expectations and confidence in determining the abrupt change of
activity following a prolonged period of sustained expansion. The empirical evidence on this
topic is mixed at the very best. Hence, no consensus has emerged on the quantitative role of
a belief channel in the propagation of the crisis.
In this paper, we add to the growing literature on the effects of beliefs on the business
cycle. We label these sources of fluctuations "sentiments", consistently with Angeletos and
La’O (2013), Milani (2013) and Levchenko and Pandalai-Nayar (2015). By doing so, we tackle
the issue of shocks to consumer confidence not driven by news about fucture productivity, but
some (rational) error in extracting the correct signal on economic dynamics. Identification is
achieved by means of the maximization of variance approach la Uhlig (2003), implemented in
2

a similar way to Levchenko and Pandalai-Nayar (2015). This allows us to identify a current
shock to TFP ("surprise shock"), a news about future TFP shock ("news shock") and a sentiment shock. More in detail, a news shock is the one maximizing the share of variance of TFP
explained in the medium run, whereas sentiment shocks maximize the explained variance of
consumer confidence in the very short-run.
Our analysis is in two steps. We first rationalize the wide range of different results obtained
in the literature using linear structural VARs. We show that different specifications lead to
different results and argue that small information sets (VARs with four variables) are inadequate in capturing the effects of sentiment shocks on the business cycle. In particular, hours
worked (typicall absent in empirical studies that use small information sets) are the lynchpin
connecting sentiment shocks and aggregate output. Once hours worked are included in the
information set our estimates recover effects of sentiment shocks that are remarkably close to
those obtained in the theoretical model by Angeletos and La’O (2013). In particular, once
hours worked are included in the VAR, we find that sentiments are an autonomous source of
business cycle, producing large swings in consumption, output and hours at higher frequencies
of business cycle, between 1 and 8 quarters after the shock. Second, they also considerably
affect stock market valuations and credit spreads, especially in the short–run. Third, sentiment
shocks look like aggregate demand shocks, as they generate a positive reaction of consumer
prices, albeit of small quantitative importance. We then move to time varying VARs and study
changes in the effects of sentiment shocks over time. In particular, we ask whether financial
variables play a role in shaping the effects of sentiment shocks over time. We are motivated by
the fact that waves of optimism and pessimism are more likely to take place in periods of crisis
or of build-up to financial imbalances than in normal times and that sentiments experiment
larger swings and changes in periods of financial stress. We find that the relevance of sentiment
shocks for economic fluctuations is higher in periods of debt overhang and of passive monetary
policy.
The closest contribution to ours are Leduc and Sill (2013) and D’Agostino and Mendicino
(2014), since they as well use VAR models to investigate the effects of expectations shocks
on macroeconomic variables. However, the first paper uses a standard time–invariant model,
focusing on the impact of shocks to unemployment expectations. The second paper generalizes
the results of Leduc and Sill (2013) to a time–varying Bayesian framework. By doing so, the
authors also allow for stochastic volatility, stressing that second moments of unemployment
conditional to expectations shocks display relevant changes over time. Nevertheless, there are
some departing features from our paper. First, the size of the system employed by D’Agostino
and Mendicino (2014) is n = 4, hence lower than ours.1 Second, their focus is again on unem1

Our specification may present advantages in terms of informational sufficiency (Forni and Gambetti, 2014;
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ployment and inflation expectations, whereas our analysis is mainly related to consumption,
output and financial variables.

2

Data

We use quarterly, seasonally adjusted data on US economy covering the period 1960Q1–2015Q2.
The beginning of the sample is dictated by the availability of the Michigan Index of consumer
confidence, which is our preferred measure of sentiments, consistently with most of the literature related to our research question, both on the theoretical and empirical side (Barsky and
Sims, 2011, 2012; Levchenko and Pandalai-Nayar, 2015; Angeletos et al., 2015).2 Basically, we
estimate our VAR models on US macroeconomic variables, augmenting an otherwise standard
technology specification a financial variable, capturing either the stock market dynamics, either
tensions on the credit markets, Our largest model is similar to the one estimated in Barsky
and Sims (2011):
Zt = [tf pt , ct , yt , ht , ft , sentt , pt ],
(1)
where tf pt is the total factor productivity (TFP), ct is consumption, yt is real GDP, ht represents hours worked, ft is a financial variable (either stock prices or credit spreads), sentt is the
sentiment index and pt represents consumer prices. Indeed, as shown by Forni et al. (2014a) using the test by Forni and Gambetti (2014), this is a sufficient information VAR, i.e. it includes
a number of variables such that the model does not suffer from non–fundamentalness issues,
meaning that the econometrician can correctly identify the shocks of interest. For the TFP, we
use the quarterly measure constructed by Basu et al. (2006) and available on John Fernald’s
website: as noted by Barsky and Sims (2011), this is the state–of–the art measure for TFP, as it
corrects for utilization-adjusted issues. The consumption series is the log of real non–durables
and services. The output series is the log of real output in the non–farm business sector, and
the hours series is the log of total hours worked in the non–farm business sector. Stock prices
are the log of real S& P 500 Index, taken from Robert Shiller’s website. Credit spreads are the
difference in the rate paid on BBB and AAA rated securities, respectively and are taken from
the FRED St. Louis. Finally, consumer prices is for all urban consumers. When necessary,
series are converted from monthly to quarterly frequency by averaging. 3 Apart from TFP,
stock prices and consumer confidence, all variables are taken from FRED St. Louis. Following
Barsky and Sims (2011), the models are estimated in levels, so to allow for the implicit presence
Forni et al., 2014a).
2
In their baseline model Levchenko and Pandalai-Nayar (2015) use the forecast errors on real GDP growth
to capture expectations on future economic activity, relying on Philadelphia SPF data. They subsequently
show how their findings are robust to replacing this variable with the Michigan Consumer Confidence index.
We show that our findings are robust to the adoption of this variable to describe the sentiment shock.
3
Retaining the last observation for each monthly from the quarter also is used and does not alter the results.
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of cointegration (Sims et al., 1990). Indeed, the estimation of VAR models in (log) levels is
robust to the presence of cointegration of unknown form (see also Hamilton, 1994). Except
for interest rates, log–transformation is applied. Consumption, output and hours worked are
taken as ratio to population (civilian 15-65, downloaded from FRED).

3

Identification of a sentiment shock

Without loss of generality we discuss shocks identification in the context of a constant coefficient
VAR. Consider the reduced form VAR in m variables:
B(L)Yt = ut

(2)

where Yt is m × 1 and ut are the reduced form one step ahead prediction errors. Mapping ut to
structural innovations vt we have:
ut = Avt

(3)

for an m × m matrix,w here vt are orthogonal and unit variance. Hence AA0 = Σ = cov(ut ).
1. The jth column of A is defined impulse vector, and measures the impact of the jth shock
on all the variables.
2. We are interested in a sub-matrix A1 m × p such that A = [A1 A2 ]. We call it impulse
matrix.
Any impact matrix can be characterized as the product of an orthogonal decomposition of
Σ (for example the Cholesky decomposition) and an orthonormal matrix Q. Hence
e
A = AQ

(4)

eA
e0 = Σ and QQ0 = I.This implies that
where A
e 1
A1 = AQ

(5)

Using this setup now let us turn to the MA representation of the VAR:
e t = AQv
e t + C1 AQv
e t−1 + C2 AQv
e t−2 + ...
Yt = C(L)ut = C(L)AQv

(6)

The k step ahead prediction error is:
e t+k + C1 AQv
e t+k−1 + C2 AQv
e t+k−2 + ... + Ck AQv
e t
et+k = AQv
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(7)

with covariance
Σ(k) = Cov(et+k ) = Cov

k
X

!
e t+k−l
Cl AQv

=

k
X

l=0

Cl ΣCl0

l=0

=

k
X

el QQ0 R
e0 =
R
l

(8)

l=0

el = Cl A.
e Notice that R
el comes out of the estimation of the reduced
where we have defined R
form VAR (i.e. from the MA representation and the Cholesky decomposition of Σ). Now,
notice that for any matrix Q = [q1 , q2 , ..., qm ] the following holds
0

QQ =

m
X

qj qj0

(9)

j=1

This means that 8 can be written as:

Σ(k) = Cov(et+k ) =

k
X

el QQ0 R
el0 =
R

m X
k
X

el qj qj0 R
el0
R

(10)

j=1 l=0

l=0

where we have decomposed the prediction error covariance into the contribution of the m
orthogonal shocks, i.e. .

Σ(k, j) =

k
X

e l qj q 0 R
e0
R
j l

(11)

l=0

Now consider the selection vector ei , which is all zeros and has a 1 in the ith position, we can
define the following:
σi2 (k, j) =

k
X

el qj qj0 R
el0 ei
e0i R

(12)

l=0

as the contribution of the jth shock to the k steps ahead forecast error variance of variable
i. The identification schemes that we consider aim at finding qj such that σi2 (k, j) or the sum
of σi2 (k, j) for a range of k, say k1 ≤ k ≤ k2 , is maximum.

3.1

General principle

Suppose we want to identify a single shock that maximizes the share of explained forecast error
variance over a range of horizons k1 ≤ k ≤ k2 for the ith variable. This is the ratio between
the contribution of the first shock to the variance of interest and the total variance. Since the
total forecast error variance depends on the reduced form shocks, we can forget about the
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denominator of this ratio. The problem is to find q1 such that maximises σi2 (k1 , k2 , 1) where :
σi2 (k1 , k2 , 1)

=

k2
X

Σi (k, 1) =

k=k1

k2 X
k
X

e l q1 q 0 R
e0
e0i R
1 l ei

(13)

k=k1 l=0

Now, since the inner product of a vector equals the trace of the outer product we have that:
a0a = trace(aa0 )
This holds for any vector a, also when a is a scalar. Noticing that 13 is the inner product
el q1 (actually a scalar) we can write
of the vector e0i R
σi2 (k1 , k2 , 1)

=

k2 X
k
X

trace



e0 ei e0 R
e
q10 R
l
i l q1



(14)

k=k1 l=0

e 0 ei e0 R
e
Now, since the trace of a scalar q10 R
i l q1 equals the scalar itself we have:
l
"
σi2 (k1 , k2 , 1) = q10

k2 X
k 
X

e 0 ei e0 R
e
R
l
i l



#
q1 = q10 Sq1

(15)

k=k1 l=0

where again S can be computed from the reduced form VAR. The identification problem
now is to maximize
max q10 Sq1
(16)
q1

s.t.
q10 q1 = 1
The Lagrangean is
q10 Sq1 − λ(q10 q1 − 1)

(17)

Sq1 − λq1 = (S − λIm )q1 = 0

(18)

and the F.O.C. wrt to q1 is:

hence q1 is the first principal component of S.

3.2

The surprise shock, q1

The surprise shock is the same that we obtain from the Cholesky decomposition. This implies
e 1 must be equal to the first column of A.
e It follows that q1 =
that the impulse vector Aq
[1, 0, ..., 0]. This naturally satisfies q10 q1 = 1.
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3.3

The news shock, q2

The news shock maximizes the sum of the prediction error variances of the first variable (TFP)
up to horizon K. So we have
max q20 Sq2
(19)
q2

where
S=

"K k
XX

el e1 e0 R
e0
R
1 l



#

k=1 l=0

s.t.
q20 q2 = 1
q20 q1 = 0
q2 (1, 1) = 0
where the third equality comes from the Cholesky assumption on the first shock. Notice that
since q1 = [1, 0, ..., 0] the constraints q2 (1, 1) = 0 implies that q20 q1 = 0 so we can get rid ot this
constraint. Now redefine q2 = [0, qe2 ] the problem above can be written as:
eq2
max qe2 Se
qe2

(20)

s.t.
qe20 qe2 = 1
where Se is S(2:end,2:end) in most softwares notation. From the result above we have that qe2
e
is the first principal component of S.

3.4

The sentiment shock, q3

The sentiment shock maximizes the sum of the prediction error variances of the jth variable
(sentiment) up to horizon Kj .
(21)
max q30 Sj q3
q3

where


Sj = 

Kj
k 
X
X
k=1 l=0
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e0 
el ej e0 R
R
j l

s.t.
q30 q3 = 1
q30 q2 = 0
q3 (1, 1) = 0
where again q3 (1, 1) = 0 implies that q30 q1 = 0. Now define again everything in terms of
q3 = [0, qe3 ] and qe.The problem is:
max qe30 Sej qe3
(22)
qe3

s.t.
qe30 qe3 = 1
qe30 qe2 = 0
This is a restricted eigenvalue problem. Form the Lagrangean:
qe30 Sej qe3 − λ(e
q30 qe3 − 1) − µ(e
q30 qe2 )
the FOC is:
Sej qe3 − λe
q3 − µe
q2 = 0
Now consider the orthogonal projection matrix M2 = Im−1 − qe2 (e
q20 qe2 )−1 qe20 . Pre-multiply the
FOC by M2 and obtain:
M2 Sej qe3 − λe
q3 = (M2 Sej − λI)e
q3 = 0
(23)
where we have used the fact that M2 qe2 = 0 by definition of M2 and that M2 qe3 = qe3 given the
constraint qe30 qe2 = 0 (i.e. qe3 lies in the space spanned by M2 ). Hence this is again an eigenvalue
probelm and qe3 is the first principal component of M2 Sej .4

4

Findings from linear VARs

As a first exercise we explore the role of sentiment shocks in linear time-invariant VARs of
different sizes and compositions. Since various papers in the literature have reported different
findings on the basis of different information sets and sample sizes we look for the possible
drivers of these differences. In particular, papers using small information sets and relatively
shorter samples, like Feve and Guay (2014), find small effects from sentiment shocks. Studies
that use larger models and longers samples, like Levchenko and Pandalai-Nayar (2015), report
strong effects from sentiment shocks.
4

There is an issue with the symmetry of this matrix that is solved in Rao (1964).
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We start from the simplest specification, akin to the one used by Feve and Guay (2014),
i.e. a 4-variate VAR including TFP, GDP, Consumer Prices and our Sentiment indicator.
However, we use the sample size as Levchenko and Pandalai-Nayar (2015). The IRFs to a
negative unit sentiment shock are shown in Figure 1. The decline of the Michigan Index is
very persistent, lasting about 6–8 quarters. Such decline triggers a simultaneous protracted
fall in GDP. Sentiment shocks look like demand shocks, as CPI decreases one quarter after
the shock, up to a minimum by 0.25% ,and quite persistently. This is consistent with results
in Angeletos et al. (2015) and also provides similarities between sentiment and the aggregate
demand–fashioned uncertainty shocks described by Leduc and Liu (2016). Yet how important
are sentiment shocks in driving business cycle fluctuations? In Figure 2 we answer this question
by showing the Forecast Error Variance Decomposition (FEVD) of the four variables and
the three identified shocks (suprise, news and sentiment). First, and consistently with the
literature, TFP is almost entirely driven by surprise shocks in the very short run and at longer
horizons by news shocks. The quantitative relevance of sentiment shocks for TFP fluctuations
is de-facto nihil. Turning to GDP, the fraction of variance decomposition that can be attributed
to sentiment shocks is not negligible, around 20 percent.
Next we move to a richer specification, by adding hours worked, stock prices and the fed
fund rates to the baseline specification. The dynamic effects of a sentiment shock are depicted
in Figure 3. Three results stand out. First, the peak negative effect on GDP is slightly stronger
than what was obtained on the basis of the 4-variate VAR. Second, hours fall markedly after
a sentiment shock, and more strongly than GDP, i.e. labour productivity falls following a
sentiment shock. Third, real stock prices are significantly affected by exogenous swings in
consumer confidence, as they drob by 1% following the sentiment shock. This is a non trivial
result, since news and surprise shocks induce an initial impact by half the size (not shown
here, but available upon request). Looking at the FEVDs (Figure 4) we find that in this richer
specification sentiment shocks explain more than 20 percent of GDP variance and up to 50
percent of the variation in worked hours. The picture is overall unchanged if we replace stock
prices with credit spreads (Figure 5 and 6). Yet it is remarkable that sentiment shocks drive a
large fraction of changes in spreads, which indicates an important role for belief driven shocks
in pricing risk in credit markets.
Figures 7 and 8 wrap up the findings from the linear VARs, by showing the FEVDs of GDP
and hours across different specifications and sample sizes. Sentiment shocks appear to be very
relevant for the US business cycle. The results seem to be sensitive to:
1. number of variables
2. choice of the variables
3. sample size (this is not the main issue, though)
10

Indeed, Information set matters
1. Small information set (4) variables delivers weaker GDP responses and FEVD up to four
times smaller
2. Adding one variable at the time shows that the presence of hours worked is crucial to
capture the response to a sentiment shock
3. Indeed hours respond more than GDP: i.e. labour productivity falls in response to a
sentiment shock.This is totally in line with Angeletos, Collard and Dellas (2016)
4. Credit Spreads (and stock prices) are also strongly impacted by waves of optimism and
pessimism, i.e. the pricing of risk is crucially affected by sentiment.

5

Kernel based Time Varying VAR

We next consider possible changes over time in the effects of sentiment shocks. Let us consider
a p-order VAR with n variables and time-varying (stochastic) coefficients:
yt0 = x0t Θt + u0t , t = 1, ..., T
1×n

(24)

1×n

0
0
0
x0t = [yt−1
, yt−2,...,
yt−p
, 1]
1×k
0

Θt = [Θ0t,1 , Θt,2 , ..., Θ0t,p , A0t ]0

k×n

where k = (np + 1) is the number of random coefficients to be estimated in each equation so
that at each time t there are nk parameters to be estimated, collected in the matrix Θt . For
the time being, we assume that ut is a martingale difference process with finite variance Σn .5
A further crucial assumption is that Θt changes rather slowly, i.e., that:
 
h
.
sup kΘt − Θt+j k = Op
t
j≤h

(25)

A number of classes of models satisfy (25). For example, one such model is obtained by
θ̃
setting Θt = [θij,t ], Θ̃t = [θ̃ij,t ] and letting θ̃ij,t = θ̃ij,t−1 +θ̃,ij,t and θij,t = θij max ij,t θ̃ for some
1≤i≤t ij,t
bounded set of constants θij and some set of stochastic processes θ̃,ij,t . This is an example of a
bounded random walk model. We can allow for a wide variety of processes, θ̃,ij,t , making this
class suitably wide.
Applying the vec operator to both sides of (24) we obtain:
yt
n×1
5

= (In ⊗ x0t ) βt + ut ,
n×nk

nk×1

The issue of heteroschedasticity is discussed in Section 5.0.1.
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n×1

(26)

where βt = vec(Θt ). Assuming persistence and boundedness6 of the coefficients in Θt , Giraitis
et al. (2013) show that the path of the random coefficients is consistently estimated by the
following kernel estimator:
"
βtGKY = In ⊗

T
X

#−1 "
wj,t (H)xj x0j

j=1

T
X

#

0

wj,t (H)vec xj yj

,

(27)

j=1

where the generic j th element wj,t (H) is a kernel, function with bandwidth H, used to discount
distant data. Throughout the paper we use a Gaussian kernel:7
Kj,t (H)
wj,t (H) = PT
,
j=1 Kj,t (H)
"

2 #
√
1 j−t
.
Kj,t (H) = (1/ 2π)exp −
2
H

(29)
(30)

One appealing feature of the estimator in (27) is that, given the Kronecker structure of the
P
first term, it only requires the inversion of the k × k matrices Tj=1 wj,t xj x0j . In other words,
estimation can be performed equation by equation that substantially reduces the computing
time.
A more compact notation is obtained by introducing the following notation: Xw,t = WH,t X,
1/2
1/2
where WH,t = diag(w1t (H), ..., wT t (H)) and the T × k matrix X is formed by stacking over
t the vectors x0t . Also, let us define Xww,t = WH,t Xw,t and denote with Y the T × n matrix
formed by stacking over t the vectors yt0 . The GKY estimator can now be cast in the following
matrix form:
 0
−1  0

ΘGKY
= Xw,t
Xw,t
Xww,t Y .
(31)
t
5.0.1

Time Varying Volatilities

When both the error variances and the VAR coefficients change over time, variations in the parameters and in the variances can be confounded, see Cogley and Sargent (2005). An important
implication is that if changes in the variances of the errors are neglected then the importance
of variation in the VAR coefficients could be overstated. Giraitis et al. (2013) show that the
properties of their estimator are unaffected by the presence of stochastic volatilities as long as
6

More specifically, writing the VAR in companion form as a VAR(1) model, Yt = Ψt Yt−1 , GKY assume that
the spectral norm (that is the maximum absolute eigenvalue) of Ψt is strictly lower than 1.
7
When forecasting, in order to preserve the pseudo real time nature of the exercise, we introduce an indicator
function that assigns zero weight to the out of sample observations, so that only in sample information is used
to estimate the parameters:
"

2 #
√
1 j−t
Kj,t (H) = (1/ 2π)exp −
I(j ≤ t)
(28)
2
H
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standard errors are studentised by an appropriate time-varying covariance matrix for the error
terms. When performing structural analysis in a VAR context, GKY suggest to model time
variation in the variance of the disturbances with a two-step approach. The method consists
of fitting first an homoschedastic VAR, then estimating the time-varying volatilities on the
residuals obtained in the first stage via the following kernel estimator:
bt =
Ψ

T
X

wj,t (HΨ )ut u0t ,

(32)

j=1

where the bandwidth parameter HΨ is not necessarily the same as the one used to estimate the
coefficients. Orthogonalisation of the residuals is then based on the time-varying covariance
b t.
matrix Ψ

5.1

Findings from time varying VARs

In Figures 9–10 we report the effects of sentiment shocks when allowing for the VAR coefficients
to be time varying. We report results for GDP, hours and credit spreads 4 and 8 steps ahead
after the shock. It is worth recalling that the peak effect on GDP of sentiment shocks stood at
around -0.1 percent. Figures 9 and 10 clarify that most of the effects uncovered in linear VARs
are actually due to effects estimated to be rather strong in the 60s-70s and in the 2000s, while
sentiment shocks seem to have been much less important for GDP and hours worked between
1984 and 2000. A similar story holds for credit spreads.
This pattern points to a possible link between the Great Moderation and the presence of
dampened swings in financial and confidence indicators. To better understand what drives
time variation in the IRFs we run the following regression
We investigate three possible drivers for time variation
• Private and Household Debt: Koeniger and Hintermaier, ‘’Household Debt and Crises
of Confidence”, argue that in high debt states macro outcome is oversensitive to confidence
shocks. We use measures of debt overhang in Bernardini and Peersman (CEPR 2016) to
distinguish periods of high and low debt.
• Recessions/Expansions (NBER dating)
• Passive/Active monetary policy: sentiment shocks are very much like demand shocks,
so that passive monetary policy could exacerbate their effects on the business cycle. We
measure this state variable by using estimates in Bianchi, F. ‘’Methods for Measuring Expectations and Uncertainty in Markov-Switching Models”, The Journal of Econometrics,
2016, 190(1), pp. 79-99.
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We proceed by running for each bootstrapped TV-IRF the following regression
IRFt,t+h = a + βDt + t
where Dt is (i) debt overhang (ii) recession (ii) passive monetary policy. We expect β < 0 for
GDP and β > 0 for Spreads.
In Figures 11–14 we show kernel estimates of the coefficients obtained in these regressions
for GDP and Credit Spreads. Wrap-up main results of regressions:
• Passive MP explains a lot of time variation in GDP response
• Debt overhang matters but quantitatively less important
• Recessions do not matter
• For Spreads only Debt overhang seems to be an important amplifier of confidence shocks
Since the correlation between the Debt overhang and the Passive MP dummies is very low
we refine our analysis and run the following regression:
IRFt,t+h = a + βDdebt,t + γDM P,t t
and look at β + γ. The resulting estimates are reported in Figures 15–18. and show that
indeed debt overhang and passive MP act as amplifiers of sentiment shocks both for GDP and
for Credit Spreads.

6

Concluding remarks

In this paper we investigate the role of sentiment shocks in the US business cycle. We rationalize
some of the differences in findings in the literature: insufficient information seems to matter.
We find a non-negligible impact of sentiment shocks on GDP, hours worked, stock prices and
credit spreads. When we allow for time variation in the transmission of these shocks to the
economy we find stronger effects in periods of debt overhang and passive monetary policy.

14

References
Akerlof, George A. and Robert J. Shiller, Animal Spirits: How Human Psychology Drives
the Economy, and Why It Matters for Global Capitalism, Princeton University Press, 2009.
Angeletos, George Marios and Jennifer La’O, “Sentiments,” Econometrica, 03 2013, 81
(2), 739–779.
Angeletos, George-Marios, Fabrice Collard, and Harris Dellas, “Quantifying Confidence,” CEPR Discussion Papers 10463, C.E.P.R. Discussion Papers March 2015.
Auerbach, Alan J. and Yuriy Gorodnichenko, “Measuring the Output Responses to
Fiscal Policy,” American Economic Journal: Economic Policy, May 2012, 4 (2), 1–27.
Barsky, Robert B. and Eric R. Sims, “News shocks and business cycles,” Journal of
Monetary Economics, 2011, 58 (3), 273–289.
and , “Information, Animal Spirits, and the Meaning of Innovations in Consumer Confidence,” American Economic Review, June 2012, 102 (4), 1343–77.
Basu, Susanto, John G. Fernald, and Miles S. Kimball, “Are Technology Improvements
Contractionary?,” American Economic Review, December 2006, 96 (5), 1418–1448.
Beaudry, Paul and Franck Portier, “Stock Prices, News, and Economic Fluctuations,”
American Economic Review, September 2006, 96 (4), 1293–1307.
Bernardini, Marco and Gert Peersman, “Private Debt Overhang and the Government
Spending Multiplier: Evidence for the United States,” Technical Report 2015.
Blanchard, Olivier J., Jean-Paul L’Huillier, and Guido Lorenzoni, “News, Noise, and
Fluctuations: An Empirical Exploration,” American Economic Review, December 2013, 103
(7), 3045–70.
Caggiano, Giovanni, Efrem Castelnuovo, and N. Groshelny, “Uncertainty Shocks and
Unemployment Dynamics: An Analysis of Post-WWII U.S. Recessions,” Journal of Monetary
Economics, 2014.
, , Valentina Colombo, and Gabriela Nodari, “Estimating Fiscal Multipliers: News
From A Non?linear World,” Economic Journal, 05 2015, 0 (584), 746–776.
Caldara, Dario, Cristina Fuentes-Albero, Simon Gilchrist, and Egon Zakrajsek,
“The macroeconomic impact of financial and uncertainty shocks,” European Economic Review, 2016, 88 (C), 185–207.

15

D’Agostino, Antonello and Caterina Mendicino, “Expectations shocks: Time varying
effects,” 2014. European Stability Mechanism, Luxembourg, and ECB, Frankfurt.
Farmer, Roger E. A., “Confidence, Crashes and Animal Spirits,” Economic Journal, 03 2012,
122 (559), 155–172.
Feve, Patrick and Alan Guay, “Sentiment in SVARs,” 2014. Toulouse School of Economics,
Toulouse.
Forni, Mario and Luca Gambetti, “Sufficient information in structural {VARs},” Journal
of Monetary Economics, 2014, 66 (0), 124 – 136.
, , and Luca Sala, “No News in Business Cycles,” Economic Journal, 2014, pp. forthcoming, DOI: 10.1111/ecoj.12111.
,
, Marco Lippi, and Luca Sala, “Noise Bubbles,” Center for Economic Research
(RECent) 096, University of Modena and Reggio E., Dept. of Economics Mar 2014.
, , , and , “Noisy News in Business Cycles,” Center for Economic Research (RECent)
097, University of Modena and Reggio E., Dept. of Economics Mar 2014.
Gortz, Christoph and John D. Tsoukalas, “News Shocks under Financial Frictions,” Working Papers 2016–15, Business School Economics, University of Glasgow June 2016.
Grauwe, Paul De and Corrado Macchiarelli, “Animal spirits and credit cycles,” Journal
of Economic Dynamics and Control, 2015, 59 (C), 95–117.
Jordà, O., “Estimation and Inference of Impulse Responses by Local Projections,” American
Economic Review, March 2005, 95 (1), 161–182.
Keynes, John Maynard, General Theory of employment, interest and money, MacMillan,
London, 1936.
Kurmann, A. and C. Otrok, “News Shocks and the Term Structure of Interest Rates: A
Challenge for DSGE Models,” Technical Report 2011.
and , “News Shocks and the Slope of the Term Structure of Interest Rates,” American
Economic Review, October 2013, 103 (6), 2612–2632.
Leduc, Sylvain and Keith Sill, “Expectations and Economic Fluctuations: An Analysis
Using Survey Data,” The Review of Economics and Statistics, October 2013, 95 (4), 1352–
1367.
and Zheng Liu, “Uncertainty shocks are aggregate demand shocks,” Journal of Monetary
Economics, 2016, 82 (C), 20–35.
16

Levchenko,
Andrei A. and Nitya Pandalai-Nayar, “TFP, News, and
&quot;Sentiments:’&quot; The International Transmission of Business Cycles,” NBER
Working Papers 21010, National Bureau of Economic Research, Inc March 2015.
Mian, Atif R., Amir Sufi, and Emil Verner, “Household Debt and Business Cycles
Worldwide,” NBER Working Papers 21581, National Bureau of Economic Research, Inc
September 2015.
Milani, Fabio, “Expectation Shocks and Learning as Drivers of the Business Cycle,” Economic
Journal, 05 2011, 121 (552), 379–401.
, “Sentiment and the U.S. business cycle,” 2013. University of California, Irvine.
Pigou, Arthur Cecil, Industrial Fluctuations, MacMillan, London, 1927.
Sims, Christopher A, James H Stock, and Mark W Watson, “Inference in Linear Time
Series Models with Some Unit Roots,” Econometrica, 1990, 58 (1), 113–44.
Tenreyro, Silvana and Gregory Thwaites, “Pushing on a String: US Monetary Policy Is
Less Powerful in Recessions,” American Economic Journal: Macroeconomics, October 2016,
8 (4), 43–74.

17

Linear Fixed Coefficients VAR

Figure 1: IRF to a Sentiment Shock, 4 variables (specification similar to
Feve and Guay, 2016)

Figure 2: FEVD, 4 variables (specification similar to Feve and Guay, 2016)
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Figure 3: IRF, 7 variables (specification larger with respect to Feve and
Guay, 2016)

Figure 4: FEVD, 7 variables (specification larger than Feve and Guay, 2016)
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Figure 5: IRF, 7 variables (specification larger with respect to Feve and
Guay, 2016)

Figure 6: FEVD, 7 variables (specification larger than Feve and Guay, 2016)
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Figure 7: FEVD of GDP, comparison across models

Figure 8: FEVD of Hours worked, comparison across models

21

Figure 9: Time Varying IRFs to a Sentiment Shock, 4 steps ahead.
Notes: Estimated impulse response functions to a sentiment shock. Median response (black line) together with its bootstrapped
90% confidence interval (light grey shaded areas). Sample 1968:Q4 – 2015:Q2.

Figure 10: Time Varying IRFs to a Sentiment Shock, 8 steps ahead.
Notes: Estimated impulse response functions to a sentiment shock. Median response (black line) together with its bootstrapped
90% confidence interval (light grey shaded areas). Sample 1968:Q4 – 2015:Q2.
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Figure 11: Bootstrapped regression coefficients, GDP 4 steps

Figure 12: Bootstrapped regression coefficients, GDP 8 steps
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Figure 13: Bootstrapped regression coefficients, SPREDS 4 steps

Figure 14: Bootstrapped regression coefficients, SPREADS 8 steps
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Figure 15: Bootstrapped regression coefficients, GDP 4 steps

Figure 16: Bootstrapped regression coefficients, GDP 8 steps
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Figure 17: Bootstrapped regression coefficients, SPREADS 4 steps

Figure 18: Bootstrapped regression coefficients, SPREADS 8 steps
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