
 

 
 
 

CAN NEWS BE A MAJOR SOURCE OF AGGREGATE FLUCTUATIONS? 
 A BAYESIAN DSGE APPROACH 
  

by 
 

Ippei Fujiwara, Yasuo Hirose, and Mototsugu Shintani 
 

  
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 

Working Paper No. 09-W21 
 

December 2009 
 
 
 
 
 
 
 

DEPARTMENT OF ECONOMICS 
VANDERBILT UNIVERSITY 

NASHVILLE, TN 37235 
 

www.vanderbilt.edu/econ 
 



Can News Be a Major Source of Aggregate Fluctuations?
A Bayesian DSGE Approach�

Ippei Fujiwaray Yasuo Hirosez Mototsugu Shintanix

First draft: April 2008
This version: December 2009

Abstract

We examine whether the news shocks, as explored in Beaudry and Portier (2004), can be
a major source of aggregate �uctuations. For this purpose, we extend a standard dynamic
stochastic general equilibrium model of Christiano, Eichenbaum, and Evans (2005) and Smets
and Wouters (2003, 2007) by allowing news shocks on the total factor productivity, and
estimate the model using Bayesian methods. Estimation results on the U.S. and Japanese
economies suggest that (1) news shocks play a relatively more important role in the U.S.
than in Japan; (2) a news shock with a longer forecast horizon has larger e¤ects on nominal
variables; and (3) the overall e¤ect of the total factor productivity on hours worked becomes
ambiguous in the presence of news shocks.
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1 Introduction

Macroeconomists have long realized that changes in expectations about the future can be

a major source of economic �uctuations. This tradition can be traced back to Pigou (1926),

who emphasized the possibility that capital accumulation, caused by optimistic expectations

of future demand increase, may result in recessions when the expectations are not met.1 This

idea of expectation-driven cycles, sometimes referred to as �Pigou cycles,� has recently been

reformulated in the framework of modern equilibrium business cycle models.2 Theoretical works

that successfully yielded procyclical labor, investment, and consumption in the presence of news

shocks include Beaudry and Portier (2004), Beaudry, Collard, and Portier (2006), Denhaan and

Kaltenbrunner (2007), Fujiwara (2007), Kobayashi, Nakajima, and Inaba (2007), Christiano,

Ilut, Motto, and Rostagno (2008) and Jaimovich and Rebelo (2009). In contrast to growing

interest in the theoretical analysis, the empirical evidence on the importance of news shocks in

business cycles is quite limited. Some exceptions are Beaudry and Portier (2006) for the United

States and Beaudry and Portier (2005) for Japan. They identi�ed the news shocks by estimating

a structural vector autoregression (VAR) model with an assumption that the news shock has an

impact on both the stock price and total factor productivity (TFP) in the long run but not on

the latter in the short run.

In this paper, we empirically examine the role of news shocks in explaining business cycles

through an estimated dynamic stochastic general equilibrium (DSGE) model. In particular, we

introduce both anticipated and unanticipated components in the TFP and evaluate the relative

contribution of the two components to aggregate �uctuations by estimating a standard New

Keynesian DSGE model based on the U.S. and Japanese data. Although our analysis is similar

to Beaudry and Portier (2005, 2006) in spirit, it has several advantages over their VAR approach.

First, we directly estimate a fully speci�ed DSGE model, and thus interpretation of our results,

such as variance decompositions and impulse responses, is straightforward.3 Second, since our

1Pigou (1926) states that �while recognizing that the varying expectations of business men may themselves be
in part a psychological re�ex of good and bad harvests - while not, indeed, for the present inquiring how these
varying expectations themselves come about - we conclude de�nitely that they, and not anything else, constitute
the immediate cause and direct causes or antecedents of industrial �uctuations.�

2For example, the term of �Pigou cycles�has been used by Beaudry and Portier (2004).
3Recent works by Schmitt-Grohé and Uribe (2008), Khan and Tsoukalas (2009) and
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model allows the presence of multiple news shocks with di¤erent forecast horizons, the role of

horizons in news shocks can be systematically examined.

As pointed out by Barro and King (1984), generating the expectation-driven cycles in equi-

librium models has been a di¢ cult task, since �with a simple one-capital-good technology, no

combination of income e¤ects and shifts to the perceived pro�tability of investment will yield

positive comovements of output, employment, investment, and consumption (p. 818).� Only

recently have the Pigou cycles been successfully described by balancing the tension between

the wealth e¤ect and the substitution e¤ect stemming from the expectation of changes in future

productivity.4 The pioneering work by Beaudry and Portier (2004) has shown that the introduc-

tion of the multi-sectoral adjustment cost intensi�es the complementarity between consumption

and investment, which leads to the comovement of consumption, labor, and investment. Later,

Christiano, Ilut, Motto, and Rostagno (2008) pointed out that the Pigou cycles could also be

produced in the de facto standard macroeconomic model of Christiano, Eichenbaum and Evans

(2005) (hereafter CEE), namely, a DSGE model that incorporates the investment growth adjust-

ment cost, habit formation in consumption, sticky prices and wages, and the in�ation-targeting

monetary policy.

To examine the role of news shocks, we follow Smets and Wouters (2003, 2007) and estimate

a CEE-type DSGE model using the Bayesian procedure. We choose to focus on the CEE-type

model in our analysis for various reasons. First, this model is one of the most commonly used

sticky price models among practitioners because it can account for many important character-

istics of macroeconomic data, such as the in�ation inertia and output persistence.5 Second, the

model contains all essential features, according to Christiano, Ilut, Motto, and Rostagno (2008),

in producing Pigou cycles. Third, Smets and Wouters (2003, 2007) have already established that

the CEE-type model estimated by Bayesian methods �ts well with the U.S. and Euro data, and

that the out-of-sample forecasting performance of the estimated model is comparable to that of

Milani and Treadwell (2009) also employed a Bayesian DSGE method similar to ours.
4With a positive news shock in TFP, for example, the wealth e¤ect reduces labor and investment, while the

substitution e¤ect reduces consumption. A Dynare toolkit created by Fujiwara and Kang (2006) can be used to
compute the impulse responses to news shocks under many di¤erent scenarios.

5 In fact, many models developed by central banks can be viewed as variations of CEE. For example, see Laxton
and Pesenti (2003), Erceg, Guerrieri, and Gust (2006), Adolfson, Laseen, Linde, and Villani (2007), and Sugo and
Ueda (2008).
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a standard Bayesian VAR model.

Our estimation results from U.S. quarterly data show that, while the anticipated and unan-

ticipated shocks in the TFP together can account for only 20 to 30 percent of the aggregate

�uctuations at most, the contribution of the news shocks in TFP is often larger than that of the

unanticipated TFP shocks. When the forecast horizon of the news shock becomes longer, the

e¤ects of the news shocks on nominal variables become larger. Furthermore, the overall e¤ect of

the TFP innovations on hours worked, which has been one of the key issues in the recent busi-

ness cycle literature, becomes ambiguous when both news and contemporaneous shocks occur

simultaneously. In contrast to the U.S. case, estimates from Japanese quarterly data show that

the unanticipated TFP shocks are the dominant driver of aggregate output �uctuation, and the

contributions of the anticipated shocks in TFP are much smaller than those of the unanticipated

shocks.

The remainder of this paper is structured as follows. In Section 2, the concepts of news

shocks are �rst introduced, followed by the description of the log-linearized model. In Section

3, the estimation strategy is explained. Estimation results using U.S. data are demonstrated in

Section 4. In Section 5, discussions, including a comparison with Japanese results, are provided.

Concluding remarks are made in Section 6. The details of the theoretical model are provided in

an appendix.

2 The Model

2.1 News Shocks in Productivity

As in Beaudry and Portier (2004), we consider the case where agents can observe signals

that contain information on future technological innovations. Other than allowing for such an

information structure, both our production function and innovation process are fairly standard.

In what follows, all the variables are expressed in terms of log deviation from the steady-state

values. Let yt, kst , lt, and zt be the output, the current capital services in production, the hours

worked, and the TFP around the deterministic linear trend, respectively. Our (log-linearized)
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aggregate production function is given by

yt = �p [�k
s
t + (1� �) lt + zt]

where �p denotes one plus the share of the �xed costs in production and � represents the capital

share. The detrended TFP zt is assumed to follow an AR (1) process:

zt = �zzt�1 + "
z
t ; "zt � i.i.d. N(0; �2z)

where "zt is a technological innovation in productivity. To introduce the information structure,

it is convenient to rewrite "zt as a summation of the unanticipated component, �0;t, and the

anticipated component, ��t . At the beginning of period t, �0;t is not known but �
�
t is known to

agents. To allow for the variation in the timing of the arrival of the news, we further decompose

the latter component ��t into a summation of news shocks, or
PH
h=1 �h;t�h, where �h;t�h is news

of the h-period-ahead technological innovation learned at period t � h, where 0 < h � H. For

identi�cation, we assume

�h;t � i.i.d. N(0; �2zh); for h = 0; 1; :::;H:

This assumption implies zero correlation between the news and contemporaneous shocks as well

as zero cross-correlation among news shocks of di¤erent horizons. The variance of "zt can be

simply computed as �2z =
PH
h=0 �

2
zh. As an example, let us consider the case when the agents

can obtain news about future technology up to four periods ahead (H = 4). The technology

process can then be written as

zt = �zzt�1 + �0;t + �
�
t

= �zzt�1 + �0;t + �1;t�1 + �2;t�2 + �3;t�3 + �4;t�4:

In this case, at the period t, agents form rational expectations on the future productivity zt+h,

h > 0, using the information set fzt; �1;t; :::; �4;t; �1;t�1; :::; �4;t�1; :::g. To understand this infor-

mation updating structure, it is convenient to rewrite the above equation in the canonical form
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as 0BBBBBBBBBBBBBBBBB@

zt
�1;t
�2;t
�2;t�1
�3;t
�3;t�1
�3;t�2
�4;t
�4;t�1
�4;t�2
�4;t�3

1CCCCCCCCCCCCCCCCCA

=

0BBBBBBBBBBBBBBBBB@

�z 1 0 1 0 0 1 0 0 0 1
0 0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0 0
0 0 1 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0 0
0 0 0 0 1 0 0 0 0 0 0
0 0 0 0 0 1 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 1 0 0 0
0 0 0 0 0 0 0 0 1 0 0
0 0 0 0 0 0 0 0 0 1 0

1CCCCCCCCCCCCCCCCCA

0BBBBBBBBBBBBBBBBB@

zt�1
�1;t�1
�2;t�1
�2;t�2
�3;t�1
�3;t�2
�3;t�3
�4;t�1
�4;t�2
�4;t�3
�4;t�4

1CCCCCCCCCCCCCCCCCA

+

0BBBBBBBBBBBBBBBBB@

�0;t
�1;t
�2;t
0
�3;t
0
0
�4;t
0
0
0

1CCCCCCCCCCCCCCCCCA

(1)

or st = Ast�1 + "t, where st = (zt; �1;t; �2;t; �2;t�1; :::; �4;t�3)0 and "t = (�0;t; �1;t;

�2;t; 0; �3;t; :::; 0)
0. Note that Etzt+h, the h-period-ahead forecast of zt at period t, can be easily

obtained as an element in Etst+h using st+h = Ahst+h�1+ :::+"t+h. For example, the news �4;t,

the 4-period-ahead technological progress learned at period t, will have no e¤ect on zt, Etzt+1,

Etzt+2, and Etzt+3. However, �4;t will have an impact on Etzt+4 (and Etzt+h for h > 4), since

the �rst element of Etst+4 is given by

Etzt+4 = �4zzt�1 + �
3
z (�1;t + �2;t�1 + �3;t�2 + �4;t�3)

+�2z (�2;t + �3;t�1 + �4;t�2) + �z (�3;t + �4;t�1) + �4;t:

In the empirical section, we search for the news horizon H based on the data.

2.2 Other Shocks in the Linearized System

The remaining part of the model is a slightly simpli�ed version of the CEE-type model used

in Smets and Wouters (2003, 2007). Here we only show the log-linearized system of equations

(see the appendix for the full model). Let ct, it, rkt , and kt be the consumption, the investment,

the rental rate of capital, and the physical capital. The current capital services in production

kst are de�ned as

kst = kt�1 + ut

where ut is the capacity utilization rate, which is given by

ut =
1�  
 

rkt
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where  is a positive function of the elasticity of capacity utilization adjustment cost function

normalized to be between zero to unity. The aggregate resource constraint is

yt =
c

y
ct +

i

y
it +

rkk

y
ut + gt

where gt is the government expenditure shock. The variables without time subscript are steady

state values. The consumption Euler equation is expressed as

ct =
�



�
1 + �




�ct�1 +
241� �



�
1 + �




�
35Etct+1

+
(�c � 1)

�
wl
C

�
�c

�
1 + �




� (lt � Etlt+1)

�
1� �




�c

�
1 + �




� (rt � Et�t+1)
where rt denotes the nominal interest rate, wt is the nominal wage, and �t represents the

in�ation rate, while � is the parameter on the external habit, 
 is the steady-state growth rate,

and �c represents the inverse of the intertemporal elasticity of substitution. The investment

Euler equation is given by

it =
1

1 + �
1��c
it�1 +

�
1� 1

1 + �
1��c

�
Etit+1 +

1

(1 + �
1��c) 
2'
qt + vt

where qt is the real value of existing capital and vt is the investment-speci�c technology process,

while � denotes the subjective discount factor and ' represents the steady-state elasticity of the

investment adjustment cost function. The capital Euler equations is now expressed as

qt = �
��c (1� �)Etqt+1 +
�
1� �
��c (1� �)

�
Etrkt+1

� (rt � Et�t+1) + ft

where ft is the external �nance premium shock and � is the capital depreciation rate. The

capital accumulation is given by

kt =
1� �



kt�1 +

�
1� 1� �




�
it +

�
1� 1� �




��
1 + �
1��c

�

2'vt:

The de�nition of the price markup �pt is

�pt = � (kst � lt) + zt � wt:
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The new Keynesian Phillips curve is given by

�t =
�p

1 + �
1��c�p
�t�1 +

�
1��c

1 + �
1��c�p
Et�t+1 �

�
1� �
1��c�p

� �
1� �p

�
(1 + �
1��c�p) �p

��
�p � 1

�
�p + 1

��pt + at
where at is the cost-push shock, while �p denotes the degree of indexation to past in�ation, �p

is the degree of price stickiness, and �p is the curvature of the Kimball (1995) goods market

aggregator. The rental rate of capital can be computed from

rkt = � (kst � lt) + wt:

The de�nition of the wage markup �wt is given by

�wt = wt �
"
�llt +

1

1� �



�
ct �

�



ct�1

�#

where �l denotes the elasticity of labor supply to the real wage. The wage Phillips curve is given

by:

wt =
1

1 + �
1��c
wt�1 +

�
1� 1

1 + �
1��c

�
(Etwt+1 + Et�t+1)

�1 + �

1��c�w

1 + �
1��c
�t +

�w
1 + �
1��c

�t�1

�
�
1� �
1��c�w

�
(1� �w)

(1 + �
1��c)�w [(�w � 1) �w + 1]
�wt + bt

where bt is the wage markup disturbance, while �w denotes the degree of indexation to past wage

in�ation, �w is the degree of nominal wage stickiness, and �w is the curvature of the Kimball

(1995) labor market aggregator. Finally, we use the Taylor (1993)-type monetary policy rule as

rt = �rt�1 + (1� �) (r��t + ry�yt) +mt

where mt is the monetary policy shock, while �, r� and ry are positive policy parameters. There

are six exogenous disturbances in addition to the TFP shock in the system. These six additional
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driving forces are assumed to follow the following AR (1) processes:

ft = �fft�1 + "
f
t ; "ft � i.i.d. N(0; �2f );

gt = �ggt�1 + "
g
t ; "gt � i.i.d. N(0; �2g);

vt = �vvt�1 + "
v
t ; "vt � i.i.d. N(0; �2v);

mt = �mmt�1 + "
m
t ; "mt � i.i.d. N(0; �2m);

at = �aat�1 + "
a
t ; "at � i.i.d. N(0; �2a); and

bt = �bbt�1 + "
b
t ; "bt � i.i.d. N(0; �2b):

Note that unlike the TFP shocks, each innovation term is given as a single component, implying

that all the shocks are unanticipated.6

3 Estimation Strategy

We use Bayesian techniques to estimate the model parameters and to evaluate the importance

of the news shocks. Bayesian estimation strategies help to estimate DSGE models with cross-

equation restrictions, coping well with misspeci�cation and identi�cation problems, and provide

a coherent model evaluation procedure.

In solving a rational expectations system, we follow the approach of Sims (2002).7 In his

approach, the log-linearized system can be written in the following canonical form:

�0 (�) st = �1 (�) st�1 +	0 (�) "t +�0 (�)�t (2)

where �0, �1, 	0, and �0 are the conformable matrices of coe¢ cients that depend on the

structural parameters �, st is a stacked vector of endogenous variables including expectations at

t, and "t is a vector of fundamental shocks. �t is a vector of endogenous forecast errors, de�ned

as

�t = bst � Et�1bst
6Recent studies by Schmitt-Grohé and Uribe (2008) and Khan and Tsoukalas (2009) also consider the news

component in the investment-speci�c technology shock, vt, in addition to the TFP shocks. Milani and Treadwell
(2009) introduce the news component in the monetary policy shock, mt.

7Sims�solution method generalizes the technique in Blanchard and Kahn (1980).
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where bst is a subvector of st that contains expectational variables. In the present model, bst
consists of it, rkt , qt, ct, lt, �t, and wt. Note that the canonical representation of news shocks in

(1) has been incorporated into the form (2). The solution is then given by8

st = � (�) st�1 +	(�) "t: (3)

Let Y T be a set of observable data. Since the rational expectations solution (3) and a

set of measurement equations that relates data to the model variables st provide a state-space

representation, the likelihood function L(�jY T ) can be evaluated using the Kalman �lter. The

Bayesian approach places a prior distribution p (�) on parameters and updates the prior through

the likelihood function. Bayes�Theorem provides the posterior distribution of �:

p
�
�jY T

�
=

L
�
�jY T

�
p (�)R

L (�jY T ) p (�) d� :

Markov Chain Monte Carlo methods are used to generate the draws from the posterior distrib-

ution. Based on the posterior draws, we can make an inference on the parameters.9 Details of

its computational implementation are shown in Schorfheide (2000). The marginal data density,

which assesses the overall �t of the model, is given by10

p
�
Y T
�
=

Z
L(�jY T )p(�)d�: (4)

4 Main Results

We follow Smets and Wouters (2007) and use the data set consists of seven U.S. quarterly

series: the log di¤erence of real GDP; real consumption; real investment; and the real wage; the

log of hours worked; the log di¤erence of the GDP de�ator; and the federal funds rate.11 Since

the model contains H + 7 exogenous shocks, it is exactly identi�ed if there is no news shock

(H = 0) and is over-identi�ed in the presence of new shocks (H > 0). The model is estimated

over the sample period from 1983:1 to 2004:4.12

8We consider only the parameter space that leads to equilibrium determinacy.
9For our subsequent analysis, 300,000 draws are generated with a random-walk Metropolis Algorithm, and the

�rst 30,000 draws are discarded.
10The marginal data densities are approximated using the harmonic mean estimator proposed by Geweke (1999).
11For a detailed description of the data, see Smets and Wouters (2007).
12The beginning of the sample is determined to exclude the possibility of equilibrium indeterminacy, based on

the �nding in Clarida, Galí, and Gertler (2000) and Lubik and Schorfheide (2004).
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Prior distributions for the structural parameters are summarized in the �rst block of columns

in Table 1. Most of the priors are similar to those in Smets and Wouters (2007) except for the

news shocks that are not included in their analysis. Here, the standard deviations of news

shocks, �z1, �z2, ..., �zH , are distributed around H�1=2��z0, so that
PH
h=1 �

2
zh, the variance of

the total anticipated component ��t in productivity, is equal to �
2
z0, the variance of unanticipated

component �0;t.13

In this paper, we search for the news horizon H using the following procedure. First, we

set the maximum possible value of H at 12 quarters. Then, we estimate the model for each

H 2 f0; 1; 2; :::; 12g and select H that provides the maximum marginal data density (4). As a

result of this speci�cation search, we select H = 5 to be the optimal horizon.

The second block of columns in Table 1 reports the posterior distributions of the parameters

under our baseline speci�cation with news shocks. Basically, the posterior estimates are in line

with those reported in Smets and Wouters (2007) including a highly persistence estimate of TFP

shocks. The only exception is that our estimated degrees of wage and price stickiness are slightly

lower than those in Smets and Wouters (2007). This di¤erence may come from the introduction

of the news shocks, or our AR (1) speci�cation for all shocks instead of the ARMA speci�cation

used by Smets and Wouters (2007) for some shocks. Regarding the news shocks, the posterior

distributions of their standard deviations are almost the same, irrespective of the news horizon.

The similarity in variance of each news shock, however, does not imply that the role of the news

shock for a di¤erent horizon is nearly equivalent, which is discussed later in this section.

Let us now use our estimated model and examine the importance of news shocks in the

U.S. aggregate �uctuations in terms of the variance decomposition. To this end, we �rst clas-

sify shocks in the model into three subgroups: (i) an unanticipated (contemporaneous) TFP

shock, �0;t; (ii) news shocks in TFP, �1;t, �2;t, �3;t, �4;t,and �5;t; and (iii) other six non-TFP

shocks, "ft , "
g
t , "

v
t , "

m
t , "

a
t and "

b
t . We then decompose the variance of each variable used in

the estimation into components explained by three groups of shocks. In particular, we com-

13We use an equal weight on unexpected and expected TFP components in the prior distribution since there
are no previous results of estimated DSGE models with news shocks available. The main results of the analysis,
however, remain unchanged even if we set the prior weight on the unexpected shock as twice as large as the one
on the news shock, or set the latter weight as twice as large as the former one.
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pute the forecast error variance decomposition evaluated at the in�nite horizon by solving the

dynamic Lyapunov-equation. The estimated relative contributions of each group of shocks to

consumption, investment, output, hours worked, in�ation, the real wage, and the interest rate

are reported in Table 2.

An interesting �nding here is that, on the whole, the contributions of the anticipated (news)

components of the productivity shock to �uctuations of seven aggregate variables are somewhat

comparable to those of the standard unanticipated (contemporaneous) technology shock. This

�nding is the �rst empirical evidence of the possibility of coexistence of these two types of

shocks, under the fully speci�ed DSGE modeling framework. The relative contribution of news

shocks is generally higher for nominal variables (in�ation, wage and interest rate) than for real

variables (consumption, investment, output and hours). The presence of news shocks is also

supported when we compare the variance decompositions with those based on the model under

the assumption of no news shock, namely the case ofH = 0, obtained in the previous speci�cation

search procedure. Since there are only an unanticipated TFP shock and non-TFP shocks when

there is no news shock, the variance decomposition of each variable into two corresponding

components is also reported in Table 2 along with the result of the baseline speci�cation. For

all seven variables, the contribution of the (unanticipated) TFP shocks is smaller when news

shocks are excluded from the model. In addition, for all variables, the estimated contribution

of the group of news shocks in the baseline model is larger than that of the (unanticipated)

TFP shocks when news shocks are excluded. As a result, the total contribution of TFP related

shocks, "zt =
PH
h=0 �h;t�h, in the baseline speci�cation is much larger in the presence of news

shocks, than in the case of no news shocks.

The e¤ect of the news shocks on the productivity in our estimated model can be also un-

derstood from the impulse responses in Figure 1. The �gure depicts the impulse responses of

seven aggregate series to one-standard-deviation unanticipated TFP shocks and news shocks

on TFP at horizons 1, 3 and 5. In the present model with the habit persistence in consump-

tion, adjustment cost in investment and nominal rigidities, hours worked decrease for a positive

unanticipated productivity shock, while consumption and investment increase. Thus, in the

11



absence of news shocks, our model cannot generate observed procyclical labor. On the other

hand, the impulse responses to the news shocks in Figure 1 imply that a news shock can gen-

erate the comovement among consumption, investment, and hours worked. For this reason, to

match the observed procyclical labor, news shocks need to make some contribution in aggregate

�uctuations.

Another interesting observation from Figure 1 involves the asymmetric responses of nominal

variables to the news shocks with di¤erent forecast horizons. When the forecast horizon of the

news shock becomes longer, the e¤ects of the news shock become larger on nominal than on real

variables. This outcome also re�ects the discussions above. The hours worked, and therefore

the marginal cost, increase up until the expectation actually materializes. At the same time,

for the longer forecast horizon, the present discounted value of the reduction in the marginal

cost becomes smaller. Consequently, the changes in expectation at the longer horizon have more

impact on nominal variables.14

The �rst column of Table 3 reports the relative contribution of news shock at each horizon

to the variances of output and in�ation. The relative contributions of news shocks do not seem

to decrease with the horizon for the output. In contrast, they signi�cantly increase with the

horizon for the in�ation, a nominal variable. So far, in the studies on the news shocks, such as

Beaudry and Portier (2004), Jaimovich and Rebelo (2009), Denhaan and Kaltenbrunner (2007),

Kobayashi, Nakajima, and Inaba (2007), Beaudry, Collard, and Portier (2006), and Christiano,

Ilut, Motto, and Rostagno (2008), the theoretical responses to the news shocks are analyzed

for some arbitrary forecast horizon. To the best of our knowledge, however, the sensitivity of

responses to changes in the forecast horizon has never been systematically examined.

5 Discussions

5.1 Sensitivity Analysis

Multiple news shocks and a single news shock

In our analysis, we specify a model with multiple news shocks in the TFP. We can also

14Yet this relationship is not monotonic. As the forecast horizon becomes longer, the wealth e¤ects on current
consumption and leisure become stronger. As a result, this e¤ect can result in the further reduction of the
marginal cost.
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compare models with only a single news shock in the TFP to the baseline model with multiple

news shocks as well as the no news case considered in the previous section. In Table 3, the

contributions of the single news shock to the variances of output and in�ation, along with the

corresponding marginal likelihood, are provided. Each alternative speci�cation includes only

one from �1;t, �2;t, �3;t, �4;t and �5;t in addition to an unanticipated shock �0;t. We can point

out several intriguing �ndings from Table 3. In each case, the contributions of the news shock

are non-negligible but smaller in magnitude compared to the baseline estimate. Furthermore,

none of additional cases with a single news shock dominate the baseline model in terms of the

marginal data density. These results demonstrate the importance of including multiple news

shocks to explain aggregate �uctuations.

Transitory news shocks and permanent news shocks

In our analysis, the TFP is assumed to be generated from a stationary AR(1) process around

the (linear) deterministic trend following the speci�cation employed in Smets and Wouters (2003,

2007). While our estimated AR coe¢ cient suggests that the TFP shocks are highly persistent,

our speci�cation does not allow the TFP shock to have a permanent e¤ect. In the literature

of news shocks, the e¤ects of an anticipated permanent change in the TFP are often discussed.

In the bivariate VAR approach of Beaudry and Portier (2006), news shocks are identi�ed under

the assumption of a stochastic trend in the TFP. Also, in a recent study by Schmitt-Grohé and

Uribe (2008), which is conducted independently of ours, both stationary and nonstationary shock

components in the TFP are introduced in a �exible price DSGE model. Instead of estimating

a model with a nonstationary TFP, let us here compare our results with other studies that

incorporate permanent TFP shocks. According to Schmitt-Grohé and Uribe (2008), the VAR

results of Beaudry and Portier (2006) imply that the contribution of (permanent) news shocks in

the forecast error variance of output growth at a 30-quarter horizon varies from 55 to 75 percent,

depending on the choice of the identi�cation scheme. Based on a DSGE model estimated by

Schmitt-Grohé and Uribe (2008), a permanent TFP news shock accounts for 31 percent of

output growth �uctuation, while a permanent TFP unanticipated shock only accounts for 2

percent. On the other hand, contributions of stationary TFP news and unanticipated shocks
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are 28 and 37 percent, respectively. In contrast, our stationary TFP news and unanticipated

shocks, respectively, account for 12 and 9 percent of output �uctuation around the deterministic

trend. While our estimates are somewhat smaller in magnitude than those in the other studies,

the di¤erence is mainly due to the presence of six additional non-TFP shocks in our CEE-

type DSGE model. By construction, the bivariate VAR approach cannot identify more than

two shocks. Also, TFP-related shocks altogether accounts for 98% of output growth variation

in the analysis of Schmitt-Grohé and Uribe (2008) most likely because some of the important

non-TFP shocks in our estimates are not included. In summary, it seems safe to say that the

contribution of the news shocks in business cycles is non-negligible under both the stationary

and nonstationary assumptions of the TFP.

5.2 Technology Shocks and Hours Worked Revisited

Let us now discuss the implication of our estimates for a controversial issue of the response

of hours worked to a technology shock. In standard real business cycle models, hours should

rise after a positive technology shock. However, Galí (1999) showed empirically that technology

shocks identi�ed from a structural VAR model have a negative e¤ect on hours. He pointed out

that the negative correlation between a technology shock and hours was consistent with a model

with monopolistic competition and sticky prices. His view was later con�rmed by Francis and

Ramey (2005), who employed a structural VAR model using alternative identifying restrictions,

and by Smets and Wouters (2007), who conducted a Bayesian estimation of a DSGE model

with nominal price rigidities. In sharp contrast, Christiano, Eichenbaum, and Vigfusson (2003)

provided the evidence of positive correlation between a technology shock and hours and claimed

that the previous �ndings of a positive correlation might have been caused by misspeci�cations

in the estimation. In particular, opposite results could be obtained by estimating a structural

VAR model with identifying assumptions very similar to that of Galí (1999) and Francis and

Ramey (2005), but allowing for the stationarity of hours worked.

Our estimates o¤er one possible solution to reconciling the two competing views regarding

the sign of the correlation between the technology shock and hours. Recall that there are two

components in the technology shock "zt ; one is the contemporaneous (unanticipated) component
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�0;t and the other is the news component ��t =
P5
h=1 �h;t�h. As shown in Figure 1, each of

the two components of the technology shock has an instantaneous e¤ect on hours worked in the

opposite direction. When all the technology disturbances are unanticipated, so that "zt = �0;t,

the technology shock has an immediate and signi�cant negative impact on the hours worked,

thus our results strongly support the �ndings by Galí (1999), Francis and Ramey (2005), and

Smets and Wouters (2007). In contrast, the same �gure shows that the impact responses of

hours worked to news shocks �h;t, h = 1; :::; 5, are positive and signi�cant. Because of this

o¤setting role of the news shocks, the overall e¤ect of the broadly de�ned technology shock can

become ambiguous. To con�rm this conjecture, let us conduct a simple experiment by generating

simultaneous positive shocks on both contemporaneous and news components. The weighted

sum of each impulse response, weighted by �zh for h = 0; 1; :::; 5, is then interpreted as the total

e¤ect. The upper half of Figure 2 shows the responses of output, hours worked and productivity

to such a composite shock. The lower half shows the response to the unanticipated shock �0;t

using the model estimated under the assumption of no news shock. Note that the hour response

is signi�cantly negative in the latter case. In contrast, the immediate response of hours in the

baseline is almost zero with its con�dence band covering both positive and negative regions.

This outcome suggests that the overall e¤ect can be either positive or negative if we employ a

broader, but somewhat atypical, de�nition of a �technology shock.�

Finally, the same reasoning can be also used as a possible explanation of the well-known

productivity-hours anomaly, namely, the empirical observation of near-zero (or negative) corre-

lation between productivity and hours worked. By comparing the impulse responses of hours

worked and productivity in Figure 2, the broadly de�ned �technology shock�generates a near-

zero comovement between the two. The mechanism behind this result is identical to that of Galí

(1999), who claimed that (unanticipated) TFP shocks generate a negative comovement between

two variables rather than the positive one predicted in the standard real business cycle models.

To o¤set this e¤ect, however, positive comovement is generated from news shocks here, while

Galí (1999) relied on non-technology shocks (such as monetary shocks). In the presence of the

news component, the technology shock alone may account for the productivity-hours anomaly.
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5.3 An International Comparison: U.S. and Japan

In the discussion of Japan�s lost decade in 1990s, Hayashi and Prescott (2002) pointed out

the importance of news shocks by suggesting that �the unusual pickup in economic activities,

particularly investment, was due to an anticipation of higher productivity growth that never

materialized (p.228).�15 In addition, the correlation between technology shocks and hours worked

remains an unsettled question in Japan. For example, while Galí (2005) and Braun and Shioji

(2004) showed the correlation to be positive, Watanabe (2006) claimed a near-zero correlation.

In this subsection, we estimate the same CEE-type DSGE model with news shocks in TFP using

Japanese data and compare the result with that of the U.S.

We follow Sugo and Ueda (2008) who estimated a similar CEE-type DSGE model for Japan,

in the construction of the data. The GDP de�ator and the federal funds rate used in the U.S.

analysis are replaced by the CPI and the overnight call rate. We also allow deterministic trend

breaks in 1991:2 and 2001:1. The model is estimated over the sample period from 1981:2 to

1998:4 for Japan.16

The main results from the estimation are summarized as follows. First, in contrast to the

U.S. result, the �t of the model does not signi�cantly improve by the addition of news shocks.

When the same procedure is used to search for the news horizon, H = 0 is selected. Table 4

shows the marginal data densities of Japanese data for various speci�cations used in Table 3 for

the U.S. Nevertheless, Tables 3 and 4 suggest that estimated contribution of each news shocks

are comparable between two countries. In some cases of a single news shock, the magnitude is

indeed higher in Japan than in the U.S.

Second, the contribution of news shocks relative to that of the unanticipated shock is very

small in explaining the output �uctuation as shown in Table 4. This outcome is in contrast to

the U.S. result where two types of shocks contribute almost equally to the variation in output.

This di¤erence is mainly due to the fact that an unanticipated TFP shock alone can account

15Christiano and Fujiwara (2006) also argued that the news shock can be a potential candidate for the expla-
nation of the bubble in Japan based on the calibrated model.
16The end of the sample period is determined in order not to include the period during which the zero nominal

interest rate policy is adopted by the Bank of Japan. Our view is that the period with the zero bound on the
nominal interest rate should be dealt with separately due to nonlinearity of the policy rules.
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for about half the total output variance even if news shocks are excluded from the speci�cation.

This observation is consistent with the previous DSGE estimation result without incorporating

news shocks. Sugo and Ueda (2008) report that the majority of the output �uctuation can

be accounted for by the unanticipated TFP shocks in the Japanese economy, while Smets and

Wouters (2007) show that the contribution of unanticipated TFP shocks to output �uctuation

is between 15 to 30 percent in the U.S. economy.

Finally, we point out that, while evidence for Japan is not as strong as that for the U.S.,

our estimates with H = 5 suggest that a longer forecast horizon had larger e¤ects on nominal

variables, and that the overall e¤ect of the TFP on hours worked became ambiguous. Again,

these �ndings cannot be obtained from the bivariate VAR approach used by Beaudry and Portier

(2005) to identify the news shock in Japanese economy.

6 Conclusion

In this paper, we have examined the role of news shocks in the aggregate �uctuations. Our

Bayesian estimates of the canonical sticky price DSGE model suggested that news shocks have

played a relatively more important role in the U.S. business cycles than Japanese business cycles.

We also found that a news shock with a longer forecast horizon had larger e¤ects on nominal

variables, and that the overall e¤ect of the TFP on hours worked became ambiguous in the

presence of news shocks.

Possible future extensions of our approach include introducing news shocks to innovations

other than TFP, and allowing for correlation between unanticipated shocks and news shocks.

It may be possible to derive a di¤erent interpretation of wedges stemming from the TFP by

allowing multiple forecast horizons in the news shocks introduced in our paper in the business

cycle accounting approach of Chari, Kehoe, and McGrattan (2007). Furthermore, the standard

CEE-type model may lack some important mechanisms such as the ones emphasized in the

�nancial accelerator model of Bernanke, Gertler, and Gilchrist (1999). It is left for our future

research to understand the contributions of news shocks in a model that incorporates the �nancial

sector.
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Appendix

This appendix summarizes a simpli�ed model of Smets and Wouters (2003, 2007) that we estimate along
with news shocks. Five agents in the model are: households; the �nal goods producer; the intermediate
goods producers; the intermediate labor union; and the central bank. We �rst show the optimizing
problem or the rule for each agent and then derive the equilibrium conditions.

A.1. Households

Household j chooses consumption Ct (j), hours worked Lt (j), bonds Bt (j), investment It (j), and capital
utilization ut (j) to maximize the following welfare:

E0
1X
t=0

�t
[Ct (j)� �Ct�1]1��c

1� �c
exp

�
�c � 1
1 + �l

L1+�lt (j)

�
;

subject to the budget constraint:

Ct (j) + It (j) +
Bt (j)

RtPt
� Tt � Bt�1 (j)

Pt
+
Wt (j)Lt (j)

Pt
+
Rkt ut (j)Kt�1 (j)

Pt

�a [ut (j) ; ]Kt�1 (j) +
Dt

Pt
;

and the capital formation:

Kt (j) = (1� �)Kt�1 (j) +

�
1� S

�
It (j)

It�1 (j)
;'

��
It (j) (A1)

where Tt is the lump-sum tax, Pt is the consumer price level, Rkt is the cost of capital, �t is the dividend
from �rms, a [x; ] is the cost function of changing the capacity utilization and S [x;'] is the cost function
of changing the investment satisfying S [
;'] = S0 [
;'] = 0 and S00 > 0.

A.2. Final Goods Producer

The �nal goods producer maximizes the pro�t

PtYt �
Z 1

0

Pt (i)Yt (i) di

subject to the aggregating technology: Z 1

0

G

�
Yt (i)

Yt
; �p

�
di = 1

where Yt and Yt (i) are the �nal and intermediate goods, respectively, Pt (i) is the intermediate goods
price, and G [x; �p] is the Kimball (1995) aggregator.

A.3. Intermediate Goods Producers

The marginal cost MCt (i), which the intermediate goods producer i faces, is computed as the Lagrange
multiplier from the following cost minimization problem:

min
Wt(i);Lt(i)

Wt (i)Lt (i) +R
k
tKt (i) ;
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subject to the production function

Yt (i) = Ks
t (i)

� �

tLt (i)

�1�� � 
t�; (A2)

where � is a �xed cost of production, and the current capital services in production given by

Ks
t (i) = ut (i)Kt�1 (i) : (A3)

Using the marginal cost de�ned above, the intermediate goods �rm i, with Calvo type frictions, chooses
the newly set price ~Pt (i) by maximizing the presented discounted value of pro�t:

Et
1X
�=0

��p�
�mt;�

"
~Pt (i)

 
�Y

n=1

�
�p
t+n�1�

1��p
�

!
�MCt+n

#
Yt+� (i) ;

subject to the demand function:

Yt+� (i) = G
0�1

"
~Pt (i)

Q�
n=1 �

�p
t+n�1�

1��p
�

Pt+�

Z 1

0

G
0
�
Yt+� (i)

Yt+�

�
Yt+� (i)

Yt+�
di

#

where mt;� is the stochastic discount factor that is de�ned as the intertemporal ratio of marginal utility
out of consumption.

A.4. Intermediate Labor Union

The intermediate labor union �rst collects the homogenous labor supplied from households. It then
di¤erentiates labor services denoted by l and o¤ers wages to �rms. Under �exible wage setting, the
desired wage Wh

t is determined by the household optimality conditions for labor supply which is same
for all households. Here, the intermediate labor union faces Calvo-type frictions, and thus sets the wage
~Wt (l) by maximinzing:

Et
1X
�=0

��w�
�mt;�

�
Wt+� (l)�Wh

t+�

�
Lt+� (l) ;

subject to the labor demand function:

Lt+� (l) =

�
Wt+� (l)

Wt+�

�� 1+�w
�w

Lt+� ;

and the trend in nominal wage growth:

Wt+� (l) = ~Wt (l)

 
�Y

n=1

��wt+n�1�
1��w
�

!
:

A.5. The Central Bank

The central bank sets the short-term nominal interest rate by following the simple instrument rule:

Rt
R�

=

�
Rt�1
R�

�� �� �t
��

�r� � Yt
Yt�1

Y �t�1
Y �t

�ry�1��
(A4)

where Y �t is the natural output, which is de�ned as the output in the �exible price and wage equilibrium.
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A.6. Equilibrium Conditions

We detrend the equilibrium conditions in level as follows:

kt =
Kt


t
; kst =

Ks
t


t
; wt =

Wt

Pt
t
; rkt =

Rkt
Pt
; ct =

Kt


t
;

�t =
Pt
Pt�1

; ct =
Kt


t
; it =

It

t
; yt =

Yt

t
; mct =

MCt
Pt

=
1

�pt
:

We assume ex post symmetric equilibrium for the equilibrium conditions below. Equation (A1) can be
transformed into

kt = (1� �)
1



kt�1 +

�
1� S

�

it
it�1

��
it: (A5)

Equation, (A2), (A3) and (A4) are also detrended as

yt = (k
s
t )
�
Lt (i)

1�� � �; (A6)

kst =
ut


kt�1; (A7)

and
Rt
R�

=

�
Rt�1
R�

�� �� �t
��

�r� � yt
yt�1

y�t�1
y�t

�ry�1��
: (A8)

The resource constraint in this economy is given by

yt = ct + it +
a (ut)



kt�1: (A9)

From household�s �rst order necessary conditions, we can derive�
ct �

�



ct�1

���c
exp

�
�c � 1
1 + �l

L1+�lt

�
= �

Rt
�t+1

(
ct+1 � �ct)��c exp
�
�c � 1
1 + �l

L1+�lt+1

�
; (A10)

rkt kt�1 = a0 (ut) kt�1; (A11)
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�
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where qt is the theoretical price of capital, which is the ratio of the Lagrange multiplier on the capital
formation over that on the budget constraint.
From the cost minimization problem by intermediate goods producers, we can derive

kst =
�

1� �
wt
rkt
Lt; (A14)

and

mct =
1

�pt
=

�
rkt
�

�� �
wt

(1� �)

�1��
(A15)

=
wt
1� �

�
Lt
kst

��
:
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Furthermore, from the optimal labor supply decision by households, we have�
ct �

�



ct�1

�
L�lt (j) =

Pt

twt

Pt
twt

Wh
t


tPt
=
wht
wt
wt =

1

�wt
wt (A16)

where we detrend the �exible desired wage using

wht =
Wh
t


tPt
:

The rests are optimality conditions from staggered price and wage settings. From the optimal price
setting problem, we have

1

�p
[~pt � (1 + �p)mct] yt (A17)

+Et
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where we de�ne

~pt =
~Pt
Pt
:

Similarly, for the optimal wage setting, we can derive

Et
1X
�=0

��w�
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�+�cmt;�

�w

�
(1 + �w)w

h
t+� �

Q�
n=1 �
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1��w
�Q�
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�
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where we de�ne

~wt =
~Wt


tPt
:

By log-linearizing the equations (A5) to (A18) around the steady state, we can obtain the 14 linearized
equilibrium conditions used in the main text. We can eliminate the newly set price and wage, namely ~pt
and ~wt by log-linearization.
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Table 1: Prior and Posterior Distributions of the Parameters

Prior Distributions
Parameter Range Density Mean 90% Interval

ϕ <+ Normal 4.00 [1.58, 6.48]
σc <+ Normal 1.50 [1.17, 1.83]
λ [0, 1) Beta 0.70 [0.55, 0.87]
ξw [0, 1) Beta 0.50 [0.33, 0.67]
σl <+ Normal 2.00 [0.79, 3.26]
ξp [0, 1) Beta 0.50 [0.33, 0.67]
ιw [0, 1) Beta 0.50 [0.25, 0.75]
ιp [0, 1) Beta 0.50 [0.25, 0.75]
ψ [0, 1) Beta 0.50 [0.25, 0.75]
φp <+ Normal 1.25 [1.05, 1.46]
rπ <+ Normal 1.50 [1.12, 1.89]
ρ [0, 1) Beta 0.75 [0.59, 0.91]
ry <+ Normal 0.12 [0.04, 0.21]
π <+ Gamma 0.60 [0.43, 0.76]

100(β−1 − 1) <+ Gamma 0.25 [0.09, 0.40]
l <+ Normal 0.17 [0.01, 0.34]

100(γ − 1) <+ Normal 0.55 [0.39, 0.71]
α <+ Normal 0.30 [0.22, 0.38]
ρz [0, 1) Beta 0.50 [0.25, 0.75]
ρf [0, 1) Beta 0.50 [0.25, 0.75]
ρg [0, 1) Beta 0.50 [0.25, 0.75]
ρv [0, 1) Beta 0.50 [0.25, 0.75]
ρm [0, 1) Beta 0.50 [0.25, 0.75]
ρa [0, 1) Beta 0.50 [0.25, 0.75]
ρb [0, 1) Beta 0.50 [0.25, 0.75]
σz0 <+ InvGamma 0.25 [0.11, 0.40]
σz1 <+ InvGamma 0.11 [0.05, 0.18]
σz2 <+ InvGamma 0.11 [0.05, 0.18]
σz3 <+ InvGamma 0.11 [0.05, 0.18]
σz4 <+ InvGamma 0.11 [0.05, 0.18]
σz5 <+ InvGamma 0.11 [0.05, 0.18]
σf <+ InvGamma 0.25 [0.11, 0.40]
σg <+ InvGamma 0.25 [0.11, 0.40]
σv <+ InvGamma 0.25 [0.11, 0.40]
σm <+ InvGamma 0.25 [0.11, 0.40]
σa <+ InvGamma 0.25 [0.11, 0.40]
σb <+ InvGamma 0.25 [0.11, 0.40]

Posterior Distributions
Mean 90% Interval
4.82 [2.67, 6.97]
1.72 [1.50, 1.93]
0.38 [0.30, 0.46]
0.26 [0.17, 0.35]
2.23 [1.28, 3.14]
0.40 [0.32, 0.48]
0.51 [0.27, 0.75]
0.18 [0.06, 0.29]
0.75 [0.60, 0.89]
1.53 [1.38, 1.68]
2.10 [1.83, 2.37]
0.75 [0.69, 0.80]
0.17 [0.09, 0.24]
0.61 [0.49, 0.74]
0.17 [0.07, 0.27]
0.17 [0.01, 0.33]
0.35 [0.29, 0.41]
0.21 [0.17, 0.26]
0.98 [0.97, 0.99]
0.90 [0.85, 0.96]
0.96 [0.94, 0.98]
0.37 [0.15, 0.57]
0.36 [0.26, 0.46]
0.86 [0.78, 0.95]
0.96 [0.94, 0.98]
0.34 [0.27, 0.40]
0.14 [0.06, 0.21]
0.13 [0.06, 0.19]
0.11 [0.05, 0.17]
0.12 [0.06, 0.18]
0.16 [0.08, 0.23]
0.23 [0.13, 0.34]
0.44 [0.38, 0.49]
0.41 [0.28, 0.54]
0.16 [0.13, 0.18]
0.13 [0.10, 0.15]
0.47 [0.32, 0.62]



Table 2: Variance Decompositions

Shock Baseline No News Baseline No News
Consumption Inflation

Unanticipated technology 15.65 5.52 7.52 6.87
News about technology 12.66 - 14.93 -

Non-technology 71.68 94.48 77.55 93.13
Investment Wage

Unanticipated technology 4.28 3.15 6.60 2.63
News about technology 3.44 - 14.13 -

Non-technology 92.28 96.85 79.27 97.37
Output Interest rate

Unanticipated technology 11.70 6.40 7.26 3.87
News about technology 8.53 - 13.84 -

Non-technology 79.78 93.60 78.90 96.13
Hours

Unanticipated technology 5.70 3.86
News about technology 5.58 -

Non-technology 88.72 96.14
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Figure 1: Impulse Responses to Productivity Shocks

Note: The Figure depicts posterior means (solid lines) and pointwise 90% posterior probability intervals
(dashed lines) for the impulse responses to one-standard deviation shocks.



Figure 1(continued): Impulse Responses to Productivity Shocks

Note: The Figure depicts posterior means (solid lines) and pointwise 90% posterior probability intervals
(dashed lines) for the impulse responses to one-standard deviation shocks.



Figure 2: Impulse Responses of Output, Hours and Productivity to Simultaneous Shocks on Unanticipated
and News Components

Baseline

No News

Note: The Figure depicts posterior means (solid lines) and pointwise 90% posterior probability intervals
(dashed lines) for the impulse responses to one-standard deviation shocks.


