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Does demand noise matter? Identification and implications
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ABSTRACT

We assess the role of demand noise (excessive optimism or pessimism about demand) to- gether with supply noise (excessive
optimism or pessimism about supply). To do so, we propose a methodology to decompose business cycles into supply, demand,
supply noise and demand noise shocks, using a structural vector autoregression model. Key to our iden- tification of both supply
noise and demand noise is the use of sign restrictions on survey expectation errors about output growth and about inflation. We
show that demand-related noise shocks have a negative effect on output and contribute substantially to its fluctua- tions. Monetary
policy and private information seem to play a key role in the transmission of demand noise shocks.

Keywords: Business cycle, Information friction, Noise shock, SVAR with sign restriction

JEL classification: E32 D82 C32 E31

1. Introduction

It is commonly accepted that expectations on economic activity can be important drivers of fluctuations by generating
waves of optimism and pessimism. This idea, which dates back to Pigou (1926) and Keynes (1936), has been revived recently
through the concepts of “news”, “animal spirits” or “sentiments”.> Agents are imperfectly informed about what is going on
in the economy and have “misperceptions” about the state of fundamentals. The recent literature has been mostly focused
on misperceptions of total factor productivity (TFP). These misperceptions have been rationalized by noise shocks affecting
a common signal about TFP. Several authors argue that these supply-related noise shocks resemble demand shocks and
account for a significant share of short-term and medium-term output fluctuations.> However, demand-related noise shocks,
that is, noise that would affect a common signal on demand shocks, have been largely neglected.

This paper is the first attempt to assess the effect of demand noise and it shows that its impact is recessionary and
substantial. We propose a methodology to decompose business cycles into supply, demand, supply noise and demand noise
shocks, using a structural vector autoregression (SVAR) model. Key to our identification of both supply noise and demand
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Fig. 1. GDP growth and inflation: Nowcast errors (in p.p). Note: Nowcast error of real GDP growth and GDP deflator inflation in percentage point over
1968q1-2017q1. Nowcast errors of real GDP growth (x axis) is computed as the difference between the nowcast prediction and the realized value of of the
annualized real GDP growth rate. The nowcast error on inflation is computed as the difference between the nowcast prediction and the realized value of
the annualized GDP deflator inflation rate. The nowcast data are from the SPF of the Fed of Philadelphia.

noise is the use of sign restrictions on survey expectation errors about output growth and about inflation. Indeed, the liter-
ature so far has exploited one type of expectation error (typically, on output growth) to identify one type of noise (typically,
supply noise), but to disentangle two types of noise, we need more information. Intuitively, if survey expectations over-
estimate output growth, this can reflect excessive optimism either about the state of supply or about the state of demand.
However, if they are overoptimistic about demand, then, assuming that demand shocks are inflationary, they should overesti-
mate inflation as well. In contrast, if they are overoptimistic about supply, they should underestimate inflation, assuming that
supply shocks are deflationary. To illustrate this point, Fig. 1 shows nowcast errors about US real GDP growth and inflation



over 1968q1-2017q1.* Nowcast errors are the difference between the nowcast prediction of a variable and its realization. In
the figure, nowcast errors about output sometimes have the same sign as the nowcast errors about inflation, and sometimes
they do not. This suggests that errors about both supply and demand are necessary to explain the data.

Using a reduced-form model that incorporates both decision makers (firms and households) and survey participants
who produce nowcasts (“nowcasters”), we show that for the survey expectation errors to capture economically relevant
noise shocks, all it takes is that nowcasters’ expectations are driven by the same aggregate noise as the decision makers in
the economy and that the presence of private information among decision makers. Indeed, if all information were public,
then there would be no expectation errors, as nowcasters would share the same - although possibly noisy - information
with decision makers. This rationalizes the now common use of professionals’ expectations in the literature to uncover
noise shocks.” Particularly relevant for our approach, we show in the reduced-form model that the errors made by rational
nowecasters should be internally consistent: If demand (supply) shocks drive a positive (negative) correlation between output
and inflation, they should drive a positive (negative) correlation between the errors about output and about inflation.

In relation to that, we point out that private information also matters in the typical non-invertibility problem (the in-
ability to recover shocks from observables) that econometricians face when they use SVAR models to identify noise shocks
(Blanchard et al., 2013). First and foremost, in our setup, the econometrician has access to more information than nowcasters
to recover fundamental and noise shocks as she uses the actual realization of variables while nowcasters cannot. Second, we
assume that some agents have private information about the fundamental shocks, which is particularly relevant since we
are considering contemporaneous shocks. In particular, it is natural to assume that the supply side of the economy observes
and reacts to supply shocks and that the demand side observes and reacts to demand shocks. The resulting output and
inflation are then linearly independent of their survey expectations, which ensures invertibility. Therefore, having sufficient
information on one side of the economy does not prevent noise shocks from generating interesting dynamics, because the
other side of the economy is still uninformed, but it helps to solve the non-invertibility issue.

Our SVAR model, estimated on the basis of US data over the sample 1969q1-2017q1, includes real GDP growth, the in-
flation rate and their corresponding nowcast errors. We follow Blanchard and Quah (1989) and identify fundamental supply
shocks by restricting all other shocks to have no long-run effect on real GDP. Therefore, demand shocks as well as supply
noise and demand noise shocks are all transitory shocks. After restricting the signs of the impact responses of nowcast er-
rors to these shocks, only a limited number of sign restrictions on the responses of inflation and output are needed. We
therefore assume that positive signals about supply are expansionary and that positive signals about demand are inflation-
ary. These additional restrictions are relaxed in a robustness exercise, where we show that the results about demand noise
are particularly robust.

Our main results are twofold. First, demand noise shocks explain 24% of output growth volatility, while supply noise
shocks explain only 8%. Imperfect information on demand has thus deeper consequences on economic activity than imper-
fect information on supply. Second, we find that demand noise shocks are recessionary. Since we restrict these shocks to
be inflationary, this means that they look like supply shocks. This echoes the findings by Lorenzoni (2009) who emphasizes
that supply noise shocks (overestimating TFP) are observationally equivalent to fundamental demand shocks. We extend his
results by showing that some shocks that resemble supply shocks have actually to do with imperfect information on the
demand side.

Our set of restrictions can be rationalized through a noisy-information extension of a simple New Keynesian model
with both supply (technology) and demand (preference) shocks. Nowcasters publish nowcasts, and a central bank sets the
nominal interest rate. Households know their preferences, and firms know technology, otherwise the agents’ information is
made up of public signals (that are hit by noise shocks) and private signals about demand and supply shocks. Closed-form
solutions of a limit case and simulations of an extended version of the model across a wide range of parameters point
toward the validity of our restrictions.

We then use the model to estimate the information-related parameters and dissect the mechanism. This helps to un-
derstand under which conditions the contribution of demand noise shocks to output is large and the transmission channel
of these shocks. Our results are twofold. First, we stress that the effect of demand noise shocks on output originates in a
“monetary policy channel” : As the central bank receives a positive signal about demand, it expects a rise in inflation and
increases the interest rate accordingly. This rise in interest rate then depresses aggregate demand, leading to recessionary
demand noise shocks, as observed in the data. The strength of the monetary policy channel affects the magnitude of the
output response to demand noise shocks. More precisely, when demand shocks are persistent, the effect of demand noise
shocks on output is amplified, as households anticipate a persistent rise in interest rate. In this context, a monetary pol-
icy rule that reacts strongly to inflation mitigates the impact of demand noise. Indeed, in that case, firms that anticipate
a stronger policy response increase prices less, which leads to a milder increase in the interest rate and thus to a milder
recession. This is consistent with the data, as we do observe an increase in interest rate in our sample following a demand

4 The realization of real GDP growth expressed in annualized rate is extracted from the Bureau of Economic Analysis, and the realization of annualized
inflation rate is from the Bureau of Labor Statistics. Nowcasts are provided by the Survey of Professional Forecasters (SPF) of the Federal Reserve Bank of
Philadelphia.

5 Indeed, quantitative assessments of economic variables by professional forecasters are more commonly available than assessments by firms or con-
sumers, which are mostly qualitative. See, for instance, the Philadelphia Federal Reserve Bank’s Manufacturing Business Outlook Survey or the University
of Michigan’s Surveys of Consumers.



noise shock. Moreover, we observe a milder response of output, inflation and interest rate when restricting the sample to
the Great Moderation period. Second, we uncover what we call a “firms’ information paradox”. It is a well-understood fact
that if we shut down households’ private information on supply shocks, the effect of supply noise shocks on output is larger.
On the opposite, when we shut down firms’ private information on demand shocks, the effect of demand noise shocks on
output is milder. This in fact results from a more responsive inflation. Indeed, when firms are less able to distinguish noise
shocks from fundamental demand shocks, they tend to increase their prices more when receiving a positive public signal,
making the noise shock more inflationary. Higher inflation mitigates the increase in the real interest rate, thus generating a
milder recession.

We contribute to the literature that seeks to identify information frictions. Chahrour and Ulbricht (2019) capture infor-
mation rigidities through the “wedges” in agents’ expectations and show that households are imperfectly informed about
technology. Our additional finding is that firms also have imperfect information about demand shocks. This is consistent
with the empirical evidence of Coibion et al. (2018), who find a large amount of disagreement about aggregate inflation
among firms. Coibion and Gorodnichenko (2012), Coibion and Gorodnichenko (2015) and Andrade et al. (2016) use survey
forecast data to assess the extent of information frictions among nowecasters. Our paper is also related to studies of the ef-
fect of expectations about demand on economic fluctuations. Fiscal and monetary news, in particular, have been the focus of
attention (see, for instance, Leeper et al., 2013). Most of the studies focus on foresighted versus unexpected demand shocks,
not demand noise. To the best of our knowledge, we are the first to quantify the contribution to business cycles of noise
shocks on demand and to stress their recessionary effect.

The paper is structured as follows. Section 2 explains the principles behind our identification strategy. Section 3 de-
scribes the SVAR estimation strategy and our empirical results. Section 4 sets out a New Keynesian model with imperfect
information, which we use to rationalize our sign restrictions and to interpret our results. Section 5 concludes.

2. Identifying noise shocks using sign restrictions

In this section, we explain how multiple noise shocks can be identified using sign restrictions on survey nowcast errors.
Key to our methodology are the presence of variables whose conditional correlations differ across the corresponding fun-
damental shocks and the availability of survey expectations about these variables. We then use the fact that, if nowcasters
are rational, their expectation errors should be consistent. Since demand shocks drive a positive correlation between output
and inflation, we expect error shocks about demand to drive a positive correlation between the errors about output and
inflation. We illustrate this point using a reduced-form model of consumption and price setting, focusing on demand shocks
and noise about demand, where we introduce a representative nowcaster. One important issue is: How can we capture the
noise that drives economic decisions through nowcasters’ expectations that are not direct measures of the decision makers’
expectations?’ We show that to be able to exploit survey expectation errors, we need that nowcasters observe the same
public noisy signals as the agents and the presence of private information among decision makers. We also discuss how the
non-invertibility issue that typically arises when trying to identify noise shocks is circumvented in this setup.

2.1. A reduced-form model with demand shocks and imperfect information

Consider an economy with a continuum [0,1] of firms and a representative household. The household’s consumption fol-
lows ¢; = €, where € ~ N (0, 02) is a fundamental demand shock. As we show in Section 4, this shock can be rationalized
as a preference shock that shifts the time preference rate of the households. Assuming that consumption is the only driver
of aggregate demand, we have y; = c;, where y; is equilibrium output. This yields

Ve =€ (1)

Firm i € [0, 1] sets its price to satisfy p; = /(Eift(yt) = KEift(Gt), where El{(.) denotes the rational expectation of firm i, given
its information in ¢, and « > 0 is the optimal response of individual prices to firms’ expectations of €;. This equation can be
rationalized by the fact that prices are predetermined, that aggregate demand pushes up the demand for individual goods,
and that to serve the demand for their good, firms will have to face higher marginal costs. The aggregate price p; = f01 pirdi
can then be written as

pe = kEf (er) (2)

where I::[f(et) = fol Ei{(et)di are the average expectations of firms.

In this economy, a representative nowcaster produces expectations of the current level (nowcasts) of the aggregate price
Ei(p¢) and of output E; (y:). We refer to these expectations as survey expectations even though we have only one represen-
tative nowcaster.

6 Ricco (2015) identifies news and noise fiscal shocks using nowcast errors about government spending growth. Instead, we use nowcast errors about
output growth and inflation to identify fundamental and noise shocks. Féve and Pietrunti (2016) measure the amount of noise in fiscal policy signaling by
using survey data for several countries. They do not, however, empirically estimate the effect of noise shocks, nor do they quantify their contribution to
business cycles.

7 Below, expectation errors are measured by nowcast errors emanating from the US SPF. In this survey, forecasters are largely from the research, business
and financial sectors. They are anonymous, to avoid any conflict of interest with their employers’ performances (Croushore, 1993).



The informational structure in the model consists of public and private signals. Public signals on €, s; = €; + e, are
observed throughout the economy, namely households, firms and nowcaster, where e; ~ A/ (0, 002) denotes an aggregate

noise shock and 062 is the precision of the public signal. Firm i € [0, 1] receives a private signal, x{; =€+ )\5, where Aift ~
N(O, (alf )2) is an idiosyncratic noise shock satisfying fol kgdi =0 and (olf )=2 is the precision of the private signal. The
nowcaster observes only public signals.®

The firm’s expectations are Ej (€;) :_Sgsit + 81fx£, with 8({ =05%/[l02+0,% + (alf)—z] and 8{ = (<71f)‘2/[a—2 +05°+
(Ulf)*z]. Average expectations are then Etf(et) = fol E,.ft (er)di = Sgs[ + 5{6[, so that the aggregate price depends on the public
signal and on the demand shock:

1
pe= [ Eftedi=c(@fs +ofe) 3)

Because firms respond to their signals, prices respond positively to demand shocks €;, but also to demand noise shocks
e:. We show in the following how survey expectation errors can help us to capture this noise shock. Before considering
the nowcaster’s expectation errors, notice that 8/ = 0 when firms’ private information vanishes, that is, (alf )=2 = 0. In this
case, firms’ expectations are driven only by the public signal. Outside this limit case, the fundamental shock contributes to
firms’ expectations independently of the public signal s;. Therefore, it is possible for the nowcaster, who observes s, to infer
perfectly the part that is due to the common signal 8({5[, but the second part 5{ €: remains to forecast.

2.2. Survey expectation errors

Using E§ (€;) = 85s¢. with 83 = 00*2/[0*2 + 062], and E¥(s¢) = s;, we obtain

Ers(yt) =Yt = Ef(ft) — €
E{ (pe) — pr = kSI[E (€0) — €] (4)

with Ef(€;) — € = —(1 — 85)€r + 83 er. Because the nowcaster forms expectations rationally, and because prices and output
depend positively on €, the errors about output and inflation depend positively on the errors nowcasters make about €.
More precisely, the relevant parameters are the agents’ (firms, household) private response to €. In the case of output, this
is 1, because households are directly hit by the demand shock. In the case of prices, this is 8!, which is strictly positive
if firms have private information. All in all, because a demand shock drives a positive private response of both inflation
and prices, the shocks that drive the error about demand (fundamental demand and demand noise shocks) must generate a
positive correlation of the errors. Importantly, for this implication to hold for demand noise shocks, the public signal must
be in the information set of the nowcaster, so that 63 > 0.

We extrapolate these insights as follows. To apply sign restrictions on errors, we need (1) nowcasters to share the same
public signals as decision makers, (2) the decision makers to have some private information and (3) some priors on the op-
timal “private” response of the relevant decision makers when setting their choice variable.? This implication is particularly
relevant to disentangle different types of noise shocks. In particular, if we assume that supply shocks drive a positive private
response of output and a negative private response of prices, then supply and supply noise shocks must generate a negative
correlation between the errors.

Note, however, that fundamental and noise shocks cannot be distinguished from one another solely on the basis of errors.
In our example, following a positive demand shock (€; > 0), nowcasters underestimate output and prices. Following a positive
noise shock (e; > 0), they overestimate output and prices. Focusing on errors, a demand noise shock therefore looks like a
negative demand shock. To distinguish demand from demand noise shocks, restrictions on errors must be complemented
with restrictions on output or inflation. Here, we could use the fact that firms tend to increase prices following both demand
and demand noise shocks. In the next section, we use these insights to identify noise about supply and demand using sign
restrictions.

2.3. Invertibility

Non-invertibility is a common issue under imperfect information. Intuitively, as pointed out by Blanchard et al. (2013), if
economic agents do not have enough information to distinguish fundamental shocks from noise shocks, then neither does
the econometrician. Namely, the structural shocks cannot be recovered from the observables. In this situation, the VAR does
not have a unique MA representation, and hence the true impulse response functions (IRFs) cannot be recovered. To rule out
non-ivertibility, we use the fact that the actual realizations of output and inflation, which are not contemporaneously avail-
able to the agents, are eventually available to the econometrician. To be actually useful, i.e. to help disentangle fundamental
from noise shocks, these realizations need to be linearly independent from the public signals. This is the case here as long

8 In Section 4, we endow nowcasters with private signals. Assuming no private information for nowcasters is without loss of generality.
9 Note that the assumption that decision makers have private information does not necessarily mean that their information is superior to the nowcasters’.
It simply means that they have access to different sources of information.



as agents (firms and households) have private information. To see this, consider our reduced-form model with demand and
demand noise shocks. To identify these two shocks, it should be enough to focus on two variables, provided that the system
is invertible. Suppose we were trying to use output y; and its average expectation Ef(y;) to uncover €; and e;:

e Y&y (1 D) (e ()
Ei(ye) 85t 5 &) \e
———

F

To be able to identify the shocks €; and e; using y; and E; (y;), we need F to be invertible — which is the case - so that we

could write (:‘) =F1 (E_Sy ! ) It is easy here to recover fundamental and noise shocks, because noise shocks affect the
¢ t

o)
survey expectations of y; but not y;. This is because households know ¢; perfectly while nowcasters do not, which is a limit
case of private information. It is a natural assumption given that we are considering current shocks hitting households. Im-
portantly, the econometrician uses the actual realization of output, which is not contemporaneously available to nowcasters,
as it is released ex post.
To understand how the absence of private information would lead to non-invertibility, suppose that now we were try-
ing to use prices p; and their average expectation Ef(p;) to uncover €; and e; and that firms had no private information

(o)) =5{=0):

Dt _ K(stt _ f 1 1 €t
<b:f(Pt)> B <K525[> =K (1 1) <et> (6)
S~——

G

Here, G is not invertible. Despite the fact that we have two variables, we cannot recover the two shocks. Intuitively, this is
because the only source of information is s¢, for economic agents (firms who set prices) and for nowcasters. The fundamental
shock €; affects the economy only because it moves s;, just like the noise shock e;, and it does not have any effect beyond
s¢. Prices and their expectations are thus not linearly independent. This is the issue highlighted by Blanchard et al. (2013).
Note that it would be enough to assume that firms had some private information ((crlf)—2 > 0 and hence 8{ > 0) to make
G invertible. Any amount of private information would in theory be enough to make the system invertible.'° However, in
practice, because of small sample issues, agents should receive sufficiently precise private signals for their actions to depend
on them in a substantial way.

3. Assessing noise and fundamental shocks

To gauge the contribution of demand and supply shocks to business cycles, we estimate a SVAR model in which structural
shocks are identified through zero and sign restrictions, using the insights of Section 2. In particular, nowcast errors provide
information regarding the source of agents’ misperceptions of economic activity. We first describe the estimation strategy
and the results, before turning to robustness checks.

3.1. Estimation strategy

3.1.1. SVAR model
The canonical VAR(p) model can be written as

Ye = @(L)Y: + vt (7)

where Y; = (Y”, ...,Yn_[)/ is an (n x 1) vector of endogenous variables, L is the lag operator, & is the (n x 1) matrix of esti-
mated parameters and v; is an (n x 1) vector of reduced-form residuals such that v; ~iid(0, ), with ¥, a symmetric positive
definite matrix. Canonical innovations, v, are related to structural innovations, &;, by the linear combination v; = I'&;, where
structural shocks are, by assumption, orthogonalized, such that &;~iid(0, Inx») and T is a (n x n) nonsingular matrix. The
matrix ¥ can be rewritten as ¥ = ['QQ’["", where " is a Choleski decomposition of ¥ and Q is an orthonormal matrix (i.e.,
QQ’ = Inxn). There is an infinite number of eligible Qs, and structural shocks are therefore identified by imposing identifying
zero and sign restrictions on the IRFs of selected variables to shocks.

To impose our set of restrictions, we follow Arias et al. (2018). We estimate & through a parametrized OLS. Following
the Monte Carlo strategy suggested by Hamilton (1995), we randomly generate a set of coefficients ®(L) drawn from the
asymptotic distribution of the estimated reduced-form parameters and a matrix & drawn from the asymptotic distribution
of the variance-covariance matrix of the reduced-form residuals associated with the canonical VAR (Eq. (7)). We also draw
a rotation matrix Q from the set of rotation matrices satisfying the zero restrictions and then build the corresponding IRFs.

10 See the proof in the online appendix. We also show there that endowing nowcasters with private signals does not affect the invertibility of G. This is
because nowcasters still do not have common knowledge with firms. As a result, p; # E; (p), which ensures invertibility.



We select the set of IRFs that satisfy the sign restrictions among the K draws. This methodology takes into account both the
uncertainty inherent to sign restrictions and the uncertainty of the estimated parameters in Eq. (7).!! The online appendix
describes the full algorithm.

The baseline VAR model (Eq. (7)) includes the set of observables

Ye = [Ay:, 7, Et{AJ/t} — Ay, Et{ﬂt} — 7] (8)

where Ay; is the annualized growth rate of real GDP and r; is the annualized GDP deflator inflation rate. Let E;{Ay:} —
Ay: and E;{m:} — 7 denote the nowcast errors of real GDP growth and inflation, respectively. These are measured as the
difference between the nowcast prediction of the variable (produced by the SPF of the Philadelphia Federal Reserve Bank)
and their corresponding first-release observation. An alternative strategy would be to use the final-release series in the
construction of the nowcast error. Fig. A3 in the online appendix shows that real GDP growth and inflation are subject
to large data revisions. However, the final-release (or most recent release) series also incorporates changes in the national
account methodology that cannot be anticipated by forecasters and might bias our results (Croushore, 1993). The online
appendix describes the data. In the baseline estimation, we use all available data over the sample 1969q2-2017q1.

3.1.2. Set of identifying restrictions

We seek to identify supply, supply noise, demand and demand noise shocks. The set of restrictions that we use is sum-
marized in Table 1. We follow Blanchard and Quah (1989) and impose all shocks except the fundamental supply shock
to have no long-run effect on real GDP. In Blanchard and Quah (1989), demand shocks are the only transitory shocks. In
our approach, demand, supply noise and demand noise shocks are all transitory. We disentangle them by imposing sign
restrictions on the impact IRFs.

We first impose restrictions on the errors. As explained in Section 2, assuming that positive fundamental demand shocks
drive a positive response of output growth and inflation, they should lead nowcasters to underestimate both variables, while
positive demand noise shocks should lead nowcasters to overestimate them. Similarly, assuming that positive fundamental
supply shocks drive a positive response of output growth and a negative response of inflation, positive supply noise shocks
should lead nowcasters to overestimate output growth and underestimate inflation. Imposing the restriction that supply
noise shocks affect the expectation errors in the opposite direction while demand and demand noise shocks affect them in
the same direction helps us to distinguish supply noise shocks from demand and demand noise shocks. It also ensures that
demand and demand noise shocks are not confused with temporary supply shocks (such as oil shocks or markup shocks).
Indeed, since these shocks drive opposing responses of output and inflation, their errors should also move in opposite
directions.

Restricting the errors is not sufficient to distinguish fundamental positive demand shocks from negative demand noise.
To do so, it is enough to assume that positive fundamental demand and demand noise shocks both drive a positive response
of inflation. This hinges on the assumption that firms, upon receiving a positive signal about demand, increase their prices,
as described in Section 2. Similarly, negative supply noise shocks could be confused with positive temporary fundamental
supply shocks that would drive the same response of errors. It is then enough to assume that supply noise drives a positive
response of output growth. This hinges on the assumption that households, upon receiving a positive signal about supply,
increase their consumption (see Lorenzoni, 2009).

All other signs are left unrestricted. This identification strategy allows us to let the data speak regarding the effects of
fundamental demand and demand noise shocks on output and of supply noise shocks on inflation. Long-run restrictions
result in a lag-truncation bias, which leads us to select eight lags (Chari et al., 2008).12

3.2. Benchmark estimation

3.2.1. Impulse response analysis

Fig. 2 shows the median responses of real GDP (in level), the inflation rate and their relative nowcast errors to the
fundamental and noise shocks, along with the 16% and 84% quantiles, as suggested by Uhlig (2005). These bands can be
interpreted as confidence intervals since we resort to a Monte Carlo procedure to take into account the uncertainty of
estimated parameters in the SVAR model. One main result emerges from Fig. 2: Although the response of GDP to a demand
noise shock has been left unrestricted, we find that this shock is recessionary. Although this result might seem puzzling,
we will show in Section 4 that it can be rationalized by a monetary policy channel. The other responses to demand noise
shocks simply reflect the restrictions of Table 1.

Fig. 2 provides additional results. First, supply noise and fundamental demand shocks generate responses of a similar
shape in output and inflation, as suggested by Lorenzoni (2009), even though the response of inflation to supply noise
shocks and the response of output to demand shocks are left unrestricted. Second, we restrict only the impact responses,
so the persistence of the responses is a genuine result. The effects of supply noise and demand noise shocks on output

11 The only difference between our procedure and the one suggested by Arias et al. (2018) is that they draw & and <i>(L) from the posterior distribution of
a Bayesian VAR, whereas we use the asymptotic distribution of the parameters. In fact, our methodology coincides with theirs when the prior distributions
are flat.

12 In the online appendix, we show that our results are robust to the use of 12 lags.
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Fig. 2. IRFs - Benchmark Estimation. Note: The solid lines depict the median impulse response function. The lower and upper dotted lines indicate the
16th and 84th percentile region, respectively. Identification restrictions follow Table 1.

Table 1
Baseline identification strategy.
Ye Tt Ec(Ayt) =y E () — 7ot
Fundamental supply > 0 permanently x x x
Supply noise >0 X >0 <0
Fundamental demand x >0 <0 <0
Demand noise X >0 >0 >0

Note: The response of GDP is constructed by taking the sum of the cumulated response
of GDP growth. Signs are imposed on the impact responses. A cross corresponds to an
unrestricted sign.



Table 2
Baseline estimation: unconditional variance decomposition.

Supply Supply noise Demand Demand noise
GDP growth 0.47 [0.33,0.61]  0.08 [0.04,0.15]  0.15[0.07,0.30]  0.23 [0.10,0.39]
Inflation 0.17 [0.07,0.37]  0.19[0.04,0.42] 0.36 [0.16,0.60]  0.14 [0.06,0.29]
GDP Nowcast err. 0.16 [0.10,0.23]  0.22 [0.13,0.34] 0.25[0.12,048]  0.30 [0.13,0.51]

Inflation Nowcast err  0.16 [0.09,0.25]  0.48 [0.27,0.62]  0.15 [0.07,0.33]  0.14 [0.09,0.23]

Note: For each successful draw, the unconditional variance decomposition is computed. The upper num-
ber reports the median value and numbers under brackets are the 16th and 84th percentile values of the
variance decomposition distribution.

and inflation are persistent, suggesting that informational frictions have short but also medium-run effects and that infor-
mation frictions are paramount among agents. Conversely, the responses of nowcast errors to all shocks are short lived,
suggesting that professional forecasters update their information quickly. This contrasts with the finding of Coibion and
Gorodnichenko (2012), who show that forecast errors are persistent. This apparent conflicting result is in line with Enders
et al. (2018)’s argument that nowcasts move more rapidly than forecasts.

These empirical findings confirm Lorenzoni (2009)’s prediction that supply noise shocks look like demand shocks, but
also expand on it. Indeed, we highlight that demand noise shocks look like (negative) supply shocks. An important question
is: Could this result be driven by the fact that our methodology confuses demand noise shocks with temporary supply
shocks? This is particularly important to address, because we do not separately identify temporary supply shocks. In fact, as
long as temporary supply shocks drive a negative correlation between output growth and inflation, they should also drive a
negative correlation between the corresponding errors. Because we impose the restriction that demand noise shocks drive
a positive correlation between the errors, they cannot be confused with temporary supply shocks."?

3.2.2. Variance decomposition

The variance decomposition of output growth and inflation is a useful tool to assess whether noise matters for the
business cycle. We compute the unconditional variance decomposition of a variable for each successful draw of our SVAR.
Table 2 provides the median of the unconditional variance decomposition for GDP growth, inflation and their nowcast error
counterpart, as well as the 16% and 84% quantile values.

Starting with noise shocks, we find that they explain in total 31% of output growth fluctuations. Most of this contribution
is attributable to demand noise shocks since they contribute to about 23% of GDP growth volatility — while supply noise
shocks explain only 8%. Enders et al. (2018) show that “optimism” (or noise) shocks contribute to 15% of short-term GDP
volatility.” Blanchard et al. (2013) also investigate in a fully-fledged dynamic stochastic general equilibrium model the con-
tribution of noise shocks: They find that these account for 20% of output volatility. In our setup, which allows for demand
noise shocks, we capture a lower contribution of supply noise, but a larger contribution of noise taken in a broad sense.

Regarding fundamental shocks, Table 2 shows that demand shocks contribute to 15% of output growth volatility, while
supply shocks explain 47% of it, which is in the same range as Francis and Ramey (2006). Fig. A5 in the online appendix
provides the variance decomposition of GDP (in level) at different horizons. Fundamental supply shocks explain - by con-
struction - most of the variance of GDP over the long run, while demand noise shocks explain almost one-fourth of the
short-run fluctuations. Table 2 also shows that the bulk of the variance of inflation is explained by demand shocks (36%)
and noise shocks (33%). This finding echoes Dedola and Neri (2007), who argue that TFP shocks explain only a small share
of inflation volatility.

Fig. A6 in the online appendix shows the historical decomposition of fundamental and noise shocks. The contribution of
demand and demand noise shocks is stronger at the beginning of the sample (before the Great Moderation), but demand
noise shocks contribute a non-negligible amount to the Great Recession.

3.3. Robustness

Benchmark results obtained in the previous section suggest that noise shocks - and in particular demand noise shocks
- explain a substantial part of GDP and inflation fluctuations. We now run a series of robustness checks. Table 3 gives the
variance decomposition of GDP growth in the different specifications. The variance decomposition of other variables, as well
as their associated IRFs, are in the online appendix (Tables A7 and A8 and Figs. A8-A11).

3.3.1. Alternative identifying restrictions
In the benchmark estimation, we use the long-run and sign restrictions provided in Table 1. In Panels (b) to (d) of Table 3,
we modify these restrictions. Panels (b) and (c) relax some restrictions, to rely only on errors to identify the noise shocks.

13 Because temporary supply shocks do not fit with any of the temporary shocks that we identify (supply noise, demand and demand noise), they would
be subsumed under the supply shock - the only shock on which no restrictions are imposed - neither zero nor sign restriction.
4 Similarly, Hiirtgen (2014) shows that consumer misperception shocks explain about 10% of the business cycle.



Table 3
Robustness: output growth unconditional variance decomposition.

Supply Supply noise Demand Demand noise

(a) Benchmark 0.47 [0.33,0.61]  0.08 [0.04,0.15]  0.15[0.07,0.30]  0.23 [0.10,0.39]
(b) Relax noise supply 0.44 [0.31,0.58]  0.10[0.06,0.17]  0.16 [0.09,0.28]  0.24 [0.12,0.40]
(c) Relax noise demand 0.45 [0.32,0.58]  0.09 [0.05,0.16]  0.17 [0.09,0.32]  0.23 [0.10,0.39]
(d) Sign restrictions only 0.46 [0.33,0.59]  0.10[0.06,0.17]  0.17 [0.09,0.31]  0.21 [0.11,0.35]
(e) Great Moderation 0.28 [0.18,0.41]  0.16 [0.10,0.29]  0.30 [0.17,0.44]  0.19 [0.12,0.31]
(f) Third Release 0.42 [0.26,0.57]  0.13 [0.08,0.19]  0.18[0.12,0.30] 0.20 [0.11,0.38]
(g) Mean Nowcast 0.47 [0.34,0.57]  0.14 [0.09,0.21]  0.17[0.12,0.26] 0.18 [0.12,0.29]
(h) Three-variables SVAR 0.70 [0.50,0.82]  0.09 [0.5,0.18] 0.19[0.10,0.34] -

Note: Panel (a) corresponds to the benchmark estimation. In Panel (b), the response of output to supply noise
shock is left unrestricted. In Panel (c), the response of inflation to demand noise shock is left unrestricted. In
Panel (d), long-run restrictions are relaxed, output growth and nowcast errors of inflation to respond positively
to the fundamental supply shock and nowcast errors on output respond negatively. In Panel (e), the baseline
SVAR model is estimated over the sample 1983q2-2007q2. In Panel (f), the nowcast errors on output growth and
inflation are computed as the difference between the nowcast predictions of the variables and their third release
observations. In Panel (g), the nowcast variables of output growth and inflation correpond to the mean nowcast
predictions. In Panel (h), nowcast errors on inflation are dropped from the baseline SVAR model. The IRFs as well
as the unconditional variance decomposition of inflation and nowcast errors for these robustness exercises are
provided in the online appendix, Figure A8-A11 and Tables A10-A11, respectively.

More precisely, in Panel (b), we relax the sign of the response of output to supply noise shocks. Similarly, in Panel (c), we
relax the sign of the response of inflation to demand noise shocks. In Panel (d), we relax the long-run restrictions. Instead,
we impose output growth and nowecast errors of inflation to respond positively to the supply shock and nowcast errors of
output to respond negatively.

Panels (b) to (d) in Table 3 show that the variance decomposition of output growth is robust to the identification strategy.
This result also holds for other variables; see the online appendix, Tables A7 and A8. Importantly, we also show in Fig. A1l
of the online appendix that the recession generated by demand noise shock is still significant in Panel (c). In contrast, there
is no clear-cut conclusion regarding the sign of the output’s response to supply noise shocks in the unrestricted case of
Panel (b), which suggests that restrictions on nowcast errors are not sufficient to disentangle supply noise from transitory
supply shocks, as also argued in Section 4.

3.3.2. Alternative specifications

In Panel (e), the sample is restricted to the period 1983q2-2007q2 so as to capture the Great Moderation period. In-
terestingly, we find that supply shocks contribute significantly less to output growth volatility than in the baseline model
(28% versus 47%, respectively), while demand shocks become the largest contributors to output growth fluctuations (30%)."
Regarding noise shocks, we find that their overall contribution to GDP volatility is similar to the benchmark, that is, 35%
altogether. However, the contribution of demand noise shocks is reduced (19% versus 23% in the benchmark, although the
difference is not significant), while the contribution of supply noise shocks is higher (16% versus 8%). This result indicates
that the influence of noise shocks has changed over time. It is widely accepted that the Great Moderation period was char-
acterized by a shift in the focus of the monetary policy in favor of price stability, which leads us to investigate more deeply
the role of central bank decisions in the transmission channels of noise shocks. Section 4.3 focuses on this analysis.

In Panel (f), we compute the nowcast error of output growth and inflation as the difference between the nowcast pre-
diction of these variables and their third-release counterparts. The third-release observations capture newly available (and
revised) data sources that are missing in the first release, but it is more likely that they abstract from changes in national
account methodology than the final-release data.'S Indeed, Croushore and Stark (2003) argue that data revisions might affect
empirical results since they include new sets of information and since they reflect modifications in the national accounting
methodology. The contribution of demand noise shocks to GDP fluctuations is slightly lessened compared with the bench-
mark estimation when third-release observations are used in the construction of the nowcast errors (20% versus 23%), while
that of supply noise shocks is amplified (14% versus 8%). Section 6 in the online appendix provides additional robustness
checks with the use of revised data.

Finally, in Panel (g), we use the mean nowcast value of GDP growth and inflation rather than the median value to
compute the nowcast error. The contribution of demand noise shocks is slightly reduced compared with the benchmark
model (18%), while that of supply noise shock is slightly larger (14%). Therefore, the results in Panels (f) and (g) suggest that
the construction of the nowcast errors series has some implications in the magnitude of the contribution of noise shocks
(in particular, supply noise shocks), but in all cases, we shed light on the large contribution of noise shocks in the business
cycle.

15 It may be that before the Great Moderation, oil shocks were an important source of supply shocks.
16 Notice that the Bureau of Economic Analysis performs comprehensive updates of National Income and Product Accounts every five years, the most
recent one being in 2018. These updates include substantial modifications in the national accounting methodology.
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3.3.3. Omitting demand noise shocks

Panel (h) illustrates how the variance decomposition is affected when we disregard demand noise shocks, as is usually
done. We remove the nowcast error of inflation from the SVAR model and focus our estimation on fundamental shocks and
supply noise shocks. The identification strategy is similar to our benchmark case: Supply shocks are the only shocks to have
a permanent effect on GDP; demand shocks are inflationary, but they lead forecasters to underestimate output (negative
GDP nowcast error on impact); and supply noise shocks increase output and its corresponding nowcast error about impact.
The contribution of the supply noise and fundamental demand shocks to GDP fluctuations, reported in Panel (h) of Table 3,
are similar to the baseline model (9% and 19%, respectively). The overall contribution of noise shocks is thus underestimated.
In contrast, the contribution of supply shocks - which generate the same effects on output and inflation as negative demand
noise shocks - is overestimated (70% versus 47%). This result suggests that supply shocks capture the fluctuations inherent
to demand noise shocks when the latter are omitted.

4. A structural interpretation of the results

Here, we develop a noisy-information extension of a New Keynesian model a la Gali (2008) with both supply (technology)
and demand (preference) shocks. The information structure is similar to the reduced-form model presented in Section 2.
The model serves two purposes. First, it rationalizes our set of restrictions in a structural model. Second, it helps us to
understand the effect of noise shocks, particularly demand noise shocks, in the economy. We first present the model and
the solution in a limit case. Then, the model is parametrized, and we use it to analyze the transmission channels of demand
noise shocks and to analyze their large contribution to output fluctuations.

4.1. A dispersed-information New Keynesian model

There is a continuum [0,1] of households who work and consume a final good, a continuum [0,1] of islands, each inhab-
ited by a continuum [0,1] of oligopolistic firms producing differentiated intermediate goods and by a competitive firm using
the differentiated goods to produce a final good. Households own equal shares in the firms. They buy final goods produced
in one of the production islands and supply labor in a centralized labor market. That is, each period, nature randomly selects
an island I(i, t) € [0, 1] visited by household i to shop. Similarly, firms of island i are visited by a household k(i, t) € [0, 1] to
shop.

Household i € [0, 1] decides both its consumption Cy and its labor supply Ng by maximizing the expected value of the
household’s utility: >"°, Bris{log(Cirs) — ﬁ(Nhs)]H}’ where ¢ is the inverse of the Frisch elasticity of labor supply and

B; is the coefficient of time preference for date t defined by B; = ,BB[_1e’”f—1 ; B is the average time discount factor and uf
is an intertemporal time preference shifter following the process uf’ = pbué’f] +e§’, with eP ~ N(O, abz). Household i then
faces the following budget constraint: (1 +ir)Djq + f01 PieGijedj + [ Q(@it)Zi 1 (0 )dwye = Dy + Wi N} + f01 (/;)l Py Yjedj)di +
Zi(wi_1), where Dy ,q denotes the nominal deposits, W; is the nominal wage, w; denotes the state, which depends on
the set of aggregate and idiosyncratic shocks that occur in the second stage, Q(w;) is the unit price of a contingent claim
that delivers 1 in state wj;, and Z; 1 (w;) are the quantities of contingent claims bought by the household. We assume that
households are fully insured, which eliminates heterogeneity across households.

Each firm je[0, 1] on island i€ [0, 1] produces a type-j good using a quantity of labor Ny, with the production func-
tion Y;j; = A¢Njj;, where A, is TFP. It sells the good at price Py to the island’s final good firm. The final good firm uses the

differentiated goods supplied on the island to produce the final good, following Y;; = (fol Yiﬁ.’t/’”/’/dj)?’/(l"”, with y > 0. Let

Ar = Ae't, where uf follows a random walk uf = ug | +€f, with €f ~ A'(0, 0,). Notice that technology shocks are perma-
nent, while preference shocks are transitory. Nominal rigidities in price setting follow Calvo (1983): Each period, a fraction
1 -0 of island i firms are able to re-optimize their prices.

The central bank sets the interest rate on nominal one-period deposits according to the rule i =1+ goEf(m), where
Tt = Pt — Pr—1, With p; = log(P;) the average price of the final good across islands, and E‘[g(.) is the expectation of the central
bank.

We assume that pricing of the intermediate goods, consumption of the final good and interest-rate-setting decisions are
taken at the beginning of the period, before the goods, labor and bond markets open. Production (and hence labor demand)
decisions take place at the end of the period to serve the demand for goods. Labor supply decisions also take place at the
end of the period at the wage rate that clears the market and hence reflects the households’ marginal rate of substitution
between labor and consumption.

There is a continuum [0,1] of nowcasters who publish output and inflation nowcasts. These nowcasts do not affect the
economy, but they are observed by the econometrician.

4.1.1. Information
Here, we describe the information set conditional on which agents form their economically relevant expectations and the
information conditional on which nowcasters build their nowcasts. The average of these nowcasts is what we call survey
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expectations. It generalizes the information structure of the reduced-form model of Section 2. We assume that agents do
not observe the shocks currently hitting the economy, and learn about past aggregate shocks and past prices after T periods.
However, in a given period, firms learn technology u¢ and households learn their preferences ul. Moreover, agents receive
public and private signals on current shocks.

We assume that all agents receive a public signal on uf, sf = uf + e, with ef ~ AN (0, 0¢,), and a public signal on ub,
s? = uf + e?, with e? ~ N (0, 0¢p); ef and ef’ are, respectively, the productivity (supply) and preference (demand) noise shocks,
while €f and €! are the corresponding fundamental shocks.

Moreover, firms on island i receive a private signal on u?, xf’tf = u? +A3f , and each household i receives a private signal
on uf, xi¢ = uf + AfF. Nowcaster i receives private signals on both technology and preferences: x¥ = uf + A% and x?f = u? +
)\%’ts. The idiosyncratic noise shocks A3™ follow A (O, (o} )2) and satisfy f(} Agtdi=0, for {n,m} = {a,c}, {b, f} {a, s}, {b, s}
Agents’ expectations are defined as follows: Ef'(.), m = ¢, f,s, where c is for households, f for firms and s for nowcasters.

Finally, the central bank observes the public signals but does not have access to any private source of information. This
assumption reflects the idea that the central bank communication is transparent: Upon setting its interest rate, the central
bank communicates whatever private information it has, so the central bank information becomes public. It is subsumed in
the public signals s and s{’.

We assume that the agents do not use endogenous signals to form expectations. Although unrealistic, this assumption
allows a more transparent analysis and is common in the literature.'”” The assumption that agents learn past variables af-
ter T reduces the dimensionality issue that is typical of higher-order beliefs. Indeed, in our setup, higher-order beliefs are
generated by the presence of asymmetric information among and between firms and households. Finally, modeling produc-
tion units as islands with common information suppresses the higher-order beliefs of firms regarding their competitors and
allows us to focus on the firms’ imperfect information about demand.

4.1.2. A limit case

To understand the intuition of the mechanism, it is useful to focus on the case where agents learn last-period shocks
(T =1), and demand shocks are i.i.d. (pp = 0). In this case, the New Keynesian model under imperfect information boils
down to the following aggregate Euler equation and Phillips curve (see details in Section 1 of the online appendix):

ce =uf_y +Ef(€f) — pEf () + € (9)

e = (B o)~ ) + L1 () - ] (10)

where k = (1+¢)(1-6)(1 - B0)/0 is the slope of the New Keynesian Phillips curve (NKPC). Eg”(.) = fol Ef()di, m=c, f,
denote the households’ and firms’ average expectations. The aggregate Euler equation (Eq. (9)) depends on households’ ex-
pectations about technologytechnology (through their expectations about future consumption)”, on the central bank’s expec-
tations about inflation (through the nominal interest rate) and on the preference shock. The NKPC (Eq. (10)) links inflation
to the average firm’s expected marginal cost. The marginal cost is proportional to the deviation of aggregate demand c; from
capacity output, which corresponds to the state of technology uf. An additional term in the NKPC captures deviations of ac-
tual inflation from the firms’ average expectations. This term might be different from zero since firms do not have common
knowledge. Here, we use the assumption that agents learn past technology and that shocks are i.i.d., to suppress expected
future inflation and higher-order beliefs about future prices from the Euler equation and the Phillips curve, and to write
future expected consumption as the past level of technology plus the expected current technology innovation, reflecting the
permanent-income hypothesis.

This model can rationalize our restrictions in Table 1 and explain the negative effect of demand noise shocks on output.
In Section 2.4 of the online appendix, we derive the effect of shocks on output, inflation and the errors in closed form. Here,
we give only the intuition. A demand shock (eg’) has a positive effect on output, due to the shift in aggregate demand, and
on inflation, due to the firms’ expectations of a rise in the marginal cost. Similarly, a supply shock (e{) has a positive effect
on output, due to the households’ expectations of a rise in their permanent income, and a negative effect on inflation, due
to the decline in marginal cost. The effect of fundamental and noise shocks on the survey expectation errors Ets t) —yr and
Ef(m) — ¢ then arises naturally, as explained in Section 2.

Now consider the effects of noise shocks on the economy. A supply noise shock (ef) has a positive effect on output
because it affects positively households’ expectations on their permanent income, as apparent in Eq. (9). It has a positive
effect on inflation because the increase in aggregate demand pushes the marginal cost up, as apparent in Eq. (10). This is
consistent with our empirical results, where we indeed find that supply noise shocks are inflationary. These results are also
in line with Lorenzoni (2009).

17 See, for instance, Woodford (2003), Angeletos and La’0O (2009), Nimark (2014), Melosi (2014) or Angeletos et al. (2018).
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We find that a demand noise shock (e?) is recessionary in this model, which is consistent with our empirical results. This
comes from a monetary policy channel: As the central bank receives a positive signal about demand, it expects a rise in
inflation and increases the interest rate accordingly. This rise in interest rate then depresses aggregate demand (see Eq. (9)).
Finally, contrary to our reduced-form model, our New Keynesian model does not predict a clear-cut effect of demand noise
on inflation. In particular, if firms have very precise private signals, they expect a policy-driven recession and decrease their
prices. However, as we explained in Section 3.3, relaxing the restriction that demand noise should be inflationary in our
empirical exercise does not change our results.

4.1.3. Assessing sign restrictions

In Section 5 of the online appendix, we assess the validity of our sign restrictions using an extended version of the
model, where (1) we allow the Taylor rule to react to the central bank’s assessment of the output gap, (2) we relax the
assumption that the central bank has no private information by allowing the central bank to use private signals about the
fundamental shocks and (3) we assume that firms use an intermediate input that is composed of other differentiated goods.
In that case, firms are allowed to make quantity decisions conditional on their expectations of the state of demand, so
that demand noise shocks can also have a positive effect on aggregate demand. We fix preference, policy and technology
parameters following the literature and assume a broad range for the other parameters, particularly the parameters related
to the information structure. We perform 1,000 simulations where the parameters are randomly drawn from their assumed
range, and store the sign of the impact responses. Table A3 in the online appendix shows that restrictions on errors are
particularly robust. Only the restriction that inflation responds positively to the demand noise is not systematically satisfied
(although it is satisfied for 98% of the simulations).

In Section 4.3 of the online appendix, we further extend the model to include other types of demand shocks (government
spending and monetary policy shocks) and examine how these shocks and their corresponding noise affect the responses.
Using the same methodology, we show that government spending and monetary shocks generate the same type of responses
as the preference shocks. With our methodology, we are thus able to capture a broad variety of demand shocks. Finally, we
allow aggregate TFP to be driven by temporary shocks as well: We show that they drive a negative correlation between the
errors about output and inflation, so it is important to restrict the response of output to supply noise to avoid confusing
them with temporary supply shocks.

4.2. Parametrization

Let ¥¢ = (B.x.Z.y. 9, pp. T) denote the vector of calibrated parameters. We choose 8 = 0.99, implying an annual in-
terest rate of about 4%. The Calvo parameter is set to 6 = 0.65, implying an average price duration of about three quarters
and an NKPC slope k = 0.192. As is standard, the Frisch parameter 1/¢ is set to 1, the elasticity of demand for individual
goods, y, is set to 7.5, and the elasticity of the interest rate to expected inflation in the Taylor rule, ¢, is set to 2. Finally,
we set the persistence of preference shocks pj, to 0.9. T is set to 30 to mimic T = +oo. Setting T beyond 30 did not affect
our results.

The remaining parameters are the standard deviation of shocks, summarized in the vector ¢ =
(04, 004> Ofq> O1q» Ob O0b» a]fb, o03,)’. These parameters are related to the magnitude of fundamental shocks and the precision
of the public and private signals. The set of parameters /¢ is estimated through indirect inference (see Gouriéroux et al.,
1993), where we use the SVAR model estimated in Section 3 as an auxiliary model. We generate 500 series of 150
observations using the theoretical model. Our benchmark SVAR model is then estimated on the basis of these artificial data.
The model’s parameters are chosen so that the conditional standard deviations up to the fifth quarter obtained using the
SVAR on the artificial data is as close as possible to their counterparts obtained using the SVAR on the real data (more
details are in Section 5 of the online appendix). We restrict the horizon to five quarters because our model is too stylized
to generate the same persistence as in the data.

Table 4 reports the estimated parameters, along with the empirical and theoretical moments. For each empirical moment,
we provide the median as well as the 16th and 84th percentile. Most of the model-based estimated moments are within
the confidence interval. To assess the goodness of fit of the theoretical model, Fig. A7 in the online appendix provides the
SVAR-based IRFs computed from both empirical and artificial data (as well as the theoretical IRFs based on the estimated
structural model). Despite its lack of persistence, the theoretical model does a good job of replicating the empirical evidence.

4.3. Inspecting the mechanisms

We now use the estimated model to emphasize two features that determine the contribution of demand noise shocks to
output fluctuations, namely, monetary policy and firms’ information.
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Table 4
Indirect inference parametrization.

Parameters

o} 8.02 Variance of fundamental supply

aazo 10.62 Variance of supply noise

(0§ 2 9.37 Variance of idiosyncratic consumers’ supply noise shock
(05, )? 993 Variance of idiosyncratic nowcasters’ supply noise shock
obz 0.86 Variance of fundamental demand

‘7:;20 1.45 Variance of demand noise

(O’l{l)z 0.69 Variance of idiosyncratic firms’ demand noise shock
(‘751)2 999 Variance of idiosyncratic nowcasters’ demand noise shock
Matched moments Data Baseline Data Baseline
o (Ay,l€®) 2.2(1.82,6] 1.83 o (Ay,led) 1.10 [0.81,1.3] 1.52

o (Ay|e®) 0.66 [0.46,1] 0.95 o (Ay,led) 1.50 [0.84,2] 1.23

o (el 0.39 [0.2,0.74] 0.53 o (m,l€h) 1.10 [0.81,1.3] 1.09

o (m,lef) 0.54 [0.23,0.89] 0.62 o (mled) 0.41 [0.28,0.65] 0.46

o (B (Ay,) — Ay l€) 056 [0.39,0.76] 0.53 o (E'(Ay,) — Ay,l€?) 087 [0.5,1.3] 0.91

o (E'(Ay,) — Ay,le®) 0.83[0.59,1.1] 0.90 o (B (Ay,) — Ayled) 0.98 [0.55,1.3] 0.87

o (B () —1,]€%) 0.35 [0.24,0.53] 0.46 o (B (rr,) — 7,|ed) 0.37[0.2,0.6] 0.30

o (B () —m,led) 0.74[0.54,0.87] 0.51 o (E () — 7 led) 036 [0.24,049] 022

Note: The empirical moments matched in the estimation procedure are the median standard deviations computed from
the successful IRFs of variables to shocks over the first five quarters. The values in square brakets corresponds to the
16th and 84th percentile moments.

4.3.1. The monetary policy channel

The strength of the monetary policy channel depends on the persistence of demand shocks and on the monetary policy
rule. Note first that the effect of demand noise shocks is larger when demand shocks are persistent. When this is the case,
households not only face a current increase in interest rate, but also expect future interest rates to rise, which further
depresses aggregate demand. This is illustrated in Fig. 5. The upper panel describes the model-based responses of output,
inflation and nominal interest rate to demand noise shock in the benchmark calibration (p, = 0.9) for two values of the
Taylor rule parameter, that is, ¢ = 2 (benchmark) and ¢ = 1.1. The lower panel shows the associated responses when the
demand shock is i.i.d. (p, = 0). Comparing the upper and lower panels, we observe that demand noise shocks have a deeper
impact when demand shocks are persistent.

Now consider the role of monetary policy. When demand shocks are i.i.d. (lower panel of Fig. 5), a more aggressive
monetary policy (¢ = 2) leads to a stronger recession because the current response of the interest rate is stronger. However,
a more aggressive monetary policy mitigates the recession when demand shocks are persistent (upper panel). This is due
to firms’ expectations of future policy actions: When demand shocks are persistent and monetary policy aggressively fights
inflation, firms (when receiving a positive signal on demand) expect that not only will the current interest rate increase, but
also future interest rates, which deters them from increasing their prices and thus mitigates inflation. This triggers a lower
equilibrium rise in interest rate, and the recession is milder. A strong policy response to inflation therefore paradoxically
limits the amplification effect of monetary policy.

We check the validity of these implications by including the Federal Reserve Bank Funds rate in the SVAR model de-
scribed in Section 3. Since we are interested in the monetary policy channel, we end the sample in 2008q2 so as to ab-
stract from the period where the interest rate was at the zero lower bound. We also consider the Great Moderation sample
(1983g2-2007q2), since it is often seen as a period where the Federal Reserve gained in credibility and managed to an-
chor private expectations by responding more aggressively to inflation (see, for instance, Clarida et al., 2000). Fig. 3 shows
the response of real GDP, inflation and the Federal Reserve Bank Funds rate to demand noise shocks in these two samples.
Consistent with the monetary policy channel, demand noise shocks generate a significant rise in the Federal Reserve Bank
Funds rate in both samples, although the response is more delayed than in the model. In addition, interest rate, output and
inflation react less to a demand noise shock during the Great Moderation period. This is consistent with monetary policy
being more aggressive during that period than on average in our full sample.

4.3.2. The firms’ information paradox

The contribution of noise shocks to output fluctuations depends on the structure of the economy and on policy, as we
have just shown, but it also depends on the structure of information. Here, it is useful to compare information about demand
with information about supply. Public signals about supply and demand have similar signal-to-noise ratios ((04/04)% = 0.76
and (0},/03,9)% = 1.33). Moreover, firms receive about as precise private signals about demand as households about supply

((0a/0§)? = 0.86 and (03/0]})? = 0.59).
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We now explore how these estimates affect the contribution of noise shocks to output fluctuations. Fig. 4 shows the
output volatility conditional on supply noise shocks as a function of Uazo (left panel) and its volatility conditional on demand
noise shocks as a function of %20 (right panel). The solid lines are for the benchmark estimation, while the dashed lines

correspond to the case where private information is shut down ((oacl)‘2 =0 in the left panel and (orlj;)‘2 =0 in the right
one). As expected, shutting down households’ private information makes the conditional volatility of output to supply noise
shocks larger. Indeed, when households do not have access to private information, a positive public signal makes them even
more optimistic and leads them to increase their consumption even more. With demand noise shocks, the opposite happens.
Shutting down firms’ private information makes the conditional volatility of output to demand noise shocks smaller. This is
what we call the firms’ information paradox: Less information about demand generates less output volatility. This mitigated
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response of output actually results from an amplified response of inflation to demand noise shocks. Indeed, in the absence
of private information, firms tend to be even more optimistic about demand when receiving a positive public signal. The
demand noise shock is thus more inflationary, which mitigates the rise in the real interest rate and mitigates the response

of output to demand noise shocks.
the decreasing weight households put on the public signal. This result is well known and has been highlighted by Lorenzoni
2 increases, the central bank becomes

Note that, unsurprisingly, the variance of output conditional on supply noise is bounded as a function of aaz , due to
(2009). However, this effect does not appear in the case of demand noise. Indeed, as o,
more and more uncertain about inflation, so demand noise shocks are more and more amplified because of the lack of

monetary policy reaction.
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By using sign restrictions on SPF expectation errors about both output growth and inflation, we show that noise shocks,
particularly demand noise shocks, contribute substantially to output fluctuations. Additionally, monetary policy seems to be
a key determinant of the effect of demand noise shocks. However, a monetary policy rule that reacts more aggressively to
inflation can reduce the effect of demand noise shocks. Finally, we highlight the fact that the amount of private information
received by firms about demand contributes toward explaining the importance of demand noise shocks to fluctuations.

This study opens questions for future research. The central role that monetary policy seems to play in the transmission
of noise shocks calls for further investigations of central banks’ information. This line of research may help in designing
optimal policies that are conditional on both private agents’ and policy makers’ imperfect information.
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