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1 Introduction

News shocks, or anticipated shocks to future fundamentals, have been proposed as an im-
portant source of business cycle fluctuations.! Because asset prices are forward looking,
it is natural to extend the scope of the analysis and relate news shocks to the proper-
ties of stock-market returns and valuation ratios. In this paper we estimate a simple
production-based asset pricing model with anticipated shocks using both macroeconomic
and financial data, and analyze its implications. First, we find that news shocks allow
the model to explain key macro-finance co-movements, notably the lead of stock-market
returns and valuation ratios over output, investment, and consumption at business cycle
frequencies. Second, we find that news shocks create expected, as opposed to realized,
consumption growth risk which leads to higher equity risk premia, for a given volatility
of consumption growth.

Our setup is a standard RBC model augmented along two dimensions: Epstein-Zin-
WEeil preferences, that separate representative agent’s elasticity of intertemporal substi-
tution (EIS) from the inverse of her relative risk aversion (RRA), and anticipated total
factor productivity (TFP) shocks.> Our estimates imply a high EIS and a high volatility
of TFP shocks anticipated one and four quarters ahead relative to TFP surprises. The
model is able to explain the salient features of the data through a combination of these
two features. Given weak wealth effects implied by high EIS positive news do not lead
to a large fall in investment: they are not ‘consumed away’ immediately, as would be
implied by a real business cycle model where households have constant RRA utility and
low EIS. Instead, on-impact responses of consumption and investment to news are mod-

erate and lead to predictable growth in consumption, investment and output over the

!See Beaudry and Portier (2006), Barsky and Sims (2011), and Schmitt-Grohe and Uribe (2012).

2Tt is important to distinguish between news and noise. The former are actual changes in funda-
mentals anticipated one or several periods ahead. The latter are temporary errors. Recent work in
macroeconomics looks at the respective roles of news and noise shocks for aggregate fluctuations. See
for instance Blanchard, L’Huillier, and Lorenzoni (2009). This paper deals with the asset pricing impli-
cation of news only. Expectations can be revised - good news about productivity two quarters ahead
can potentially be offset by bad one quarter ahead news the following period - but agents are correct on
average.



following quarters. This in turn implies that stock-market returns and valuation ratios
lead consumption, output and investment growth, consistently with the data.® Standard
production economy models without news shocks do not generate the lead of asset re-
turns over macro quantities and imply a high contemporaneous correlations between the
two. Finally, under recursive preferences expected, as opposed to realized, consumption
growth risk increases risk premia without increasing the realized volatility of consumption
growth.

Identifying news shocks in the data is not trivial. By definition this is information
available to agents but not yet reflected in the production possibilities of the economy.
In our model representative agent’s information set is described by additional latent
state variables that keep track of the whole term structure of her expectations about
future economic conditions. We use classical maximum likelihood (ML) to estimate the
parameters of the model, in particular the volatilities of news shocks. In doing so we
implicitly take advantage of the restrictions imposed by the structural model on the
responses of variables to anticipated and un-anticipated shocks. The approach is similar
to Schmitt-Grohe and Uribe (2012), but in addition to macroeconomic variables includes
stock-market valuations in the estimation. We also compare our structural estimation
results to the identification of news shocks based on a VAR approach proposed by Barsky
and Sims (2011). We find that the impulse responses implied by the estimated model
are consistent with VAR-identified responses. Finally, when we feed the VAR-identified
news shocks into the model, it is able to match well the historical time series of the price
to dividend (PD) ratio.

Our macroeconomic model with production allows us to gain a new perspective on
the long run-risk strand in consumption-based asset pricing literature that goes back to
Bansal and Yaron (2004) work. Long-run risk models rely on exogenously specified vari-

ation in conditional means and volatilities to address major asset pricing puzzles. In this

3See Backus, Routledge, and Zin (2007) for evidence on lead and lag macro-finance correlations in
the data.



paper these features in consumption growth arise as an endogenous response to macroeco-
nomic shocks. In addition, we can evaluate the performance of the model based not only
on asset pricing moments but also aggregate macro-finance co-movements. Predictability
in consumption growth is an essential element of long-run risk models. Because overall
consumption growth in the data is not persistent, its predictable component is typically
assumed to be very small but also highly persistent. This however implies counterfactual
long-run predictability of consumption growth by PD ratios, as pointed out by Beeler and
Campbell (2012). In contrast, in a model driven by news shocks GDP and consumption
growth, while not persistent themselves, are largely predictable over the following quar-
ters conditional on the additional latent state variables that describe agents information
set. This is consistent with the up to four quarter lead of asset returns over the business
cycle in the data.

We use perturbation methods to solve the model and implement ML estimation.
Our specification of news contains a large number of state variables that keep track of
the whole term structure of representative agent’s expectations. Methods such as value
function iteration are inadequate because of the dimensionality problem. Our approach
draws on Schmitt-Grohe and Uribe (2004) methodology for approximating a general class
of dynamic stochastic general equilibrium models up to the second order.

Our paper is related to Kurmann and Otrok (2012), who show that news shocks are
closely related to the changes in the slope of the term structure of interest rates. We
do not consider the pricing of nominal bonds, and focus on stock-market returns and
valuation ratios.

Our paper is also related to the growing production-based asset pricing literature. See
Tallarini (2000), Kaltenbrunner and Lochstoer (2010), Croce (2013), Kung and Schmid
(2013) to mention just a few contributions. Relative to these papers we propose an
additional channel that affects both risk premia and macro-finance co-movements. Also,
we take one more step in bringing the model to the data by estimating, rather than

calibrating it.



Croce (2013) argues that TFP time series contain a small, highly persistent compo-
nent. In other words, news shocks are shocks to the long-run productivity growth. We
do not replicate the author’s analysis based on Kalman filtering. However, the results
based on Barsky and Sims (2011) identification approach suggest that news explain a
significant amount of variation in TFP at the business cycle frequency.

The rest of the paper is organized as follows. Section 2 presents the model. Section
3 presents estimation methodology and results. Section 4 provides a discussion. Section
5 compares the structural estimation results to the ones obtained with a VAR approach.

Finally, Section 6 concludes.

2 Model

Our setup is a standard RBC model augmented along two dimensions: anticipated pro-
ductivity shocks and Epstein-Zin-Weil (see Epstein and Zin (1989), Epstein and Zin
(1991) and Weil (1989)) preferences.

Preferences. The representative consumer maximizes a utility function defined recur-

sively:

MaxUy,
Ct

where
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Compared to CRRA utility this specification of preferences allows us to calibrate the EIS
1) independently from the coefficient of RRA ~.

Technology. The consumption good is produced according to a neoclassical production
function

Y, = AK

where K is the stock of capital, hours worked are constant and normalized to 1 and Y,



is the output. A; represents the TFP. The law of motion of capital is given by
Kt+1 - (1 — 5) Kt + Ita

where I, =Y, — C}.
Shocks. The specification for the technology shocks is the key element of the model.

Denote productivity growth as:

InA;, —InA;_ 1 = a:%

We specify x; as autoregressive and subject to anticipated and un-anticipated innova-

tions?

J
vt =1 =pp+pri +> el (1)

j=0
) are date t productivity surprises. Innovations eg;j are anticipated j periods ahead:
they affect date-t productivity, but are period ¢t — j information. In other words, at
date ¢ the agent learns about J + 1 innovations that affect productivity immediately (&)
and in up to J periods ahead (eg ). We assume all innovations to be independent and

normally distributed. The shock structure can be easily written as a first order vector

autoregressive system

Tiy1 = Ho + Hyzy + Ho€pyq,

with 2! being the first element of vector x;, €, ~ N(0, I(j41)x(s+1)) and matrices Hy, H;
and Hy given in Appendix B.

Asset prices. Equilibrium conditions are presented in Appendix A. The equilibrium

4We borrow this specification from Schmitt-Grohe and Uribe (2012).



stochastic discount factor (SDF) is
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V. C -1/9
My, =8 % ( é,“) 5 (2)
Et (Vt+1’y) T—y t
where V;, = mCaXUt. Provided the agent is not indifferent towards the timing of the

resolution of uncertainty (1/¢) # «) innovations to expected consumption growth en-

ters the stochastic discount factor alongside realized consumption growth through the

E(Viy
tion growth are priced risk factors. This key feature implies that news about future

1/thp—
(%) term. Thus, both innovations to realized and expected consump-
I—v

consumption will matter for the level of risk premia.

In equilibrium the return on any asset i, R; 1, satisfies
Et (Mt+1Ri,t+1) =1 (3)
In particular one-period risk-free rate satisfies
Ry} = EMy.

We follow a standard approach in finance literature and take the leveraged consumption
claim as the model counterpart of the stock-market.” We assume that fluctuations in
aggregate dividend growth around trend TFP growth are equal to the fluctuations in

consumption growth around the same trend amplified by the leverage parameter \:

A
Dy iy _ (Ct+1> o1V
-Dt t

In particular, when A = 1, the asset is simply the claim on aggregate consumption stream,

This is an assumption common in asset pricing literature. It can be motivated by the fact that in the
data aggregate dividend growth and aggregate consumption growth are correlated, but dividend growth is
significantly more volatile. See for example Bansal and Yaron (2004). Also, Lustig, Van Nieuwerburgh,
and Verdelhan (2010) find that both risk premia and volatility are lower for the consumption claim
compared to the stock-market.



or total wealth. A > 1 is a reduced-form way to model leverage. Substituting the total
return - the sum of dividend and capital gain - on the dividend claims in the asset pricing
equation (3) provides us with a recursive definition of the PD ratio, that can be easily

solved for using perturbation methods:

Dy
Dy

PDt — Et (Mt+l (PDt+1 + 1)> .

3 Estimation

We use classical ML methods to estimate a subset of the deep structural parameters
of the model, in particular those defining the stochastic processes of anticipated and
unanticipated innovations. The parameters that are not estimated are calibrated in a

standard fashion.

3.1 Inducing Stationarity and Solution Method

The exogenous TFP process A; displays a unit root and it is inherited by a subset of
the endogenous variables of the model. We divide those variables by the lag of the TFP
process and re-write the model in terms of stationary variables only. See Appendix C for
details.

We then proceed to solve the model using familiar perturbation techniques (e.g.,
Schmitt-Grohe and Uribe (2004), Caldara, Fernandez-Villaverde, Rubio-Ramirez, and
Yao (2012), Schmitt-Grohe and Uribe (2012)). For estimation purpose we compute a
log-linear approximation to the equilibrium dynamics of the model. Notice that simple
simple log-linearization is insufficient to derive the risk adjustments for the financial
variables. In order to analyze the asset pricing moments of the model we use a second
order perturbation solution of the log-transformed model. See Appendix D for additional

details.



3.2 Calibrated Parameters

Panel A of Table 1 presents the values assigned to the calibrated parameters. We use
values for the production technology that are standard in the macro literature, taken
from Boldrin, Christiano, and Fisher (2001). In particular, the capital share («) is 0.34,
the quarterly depreciation rate (J) is 0.025, and the quarterly log technology growth rate
(p) is 0.4%. In addition, we set we set the discount factor (3) at 0.998, a value commonly

used in related studies.

3.3 Classical Maximum Likelihood Estimation

The time unit is defined to be one quarter. Given the linearized equilibrium dynamics
of the model, it is straightforward to evaluate the likelihood function L(Y | ©), where
Y is the data sample and O, is the vector of parameters to be estimated. The vector
of estimated parameters, ©, contains the parameters defining the stochastic process for
anticipated and unanticipated innovations, namely, p and ¢/, j = 0,1, 2, 3, 4. In addition,
the parameter vector © includes the EIS (1) and leverage ().

We estimate the model on U.S. quarterly data ranging from 1947:Q2 to 2012:Q4. The
data include three time series: the growth rates of per capita real GDP, the growth rates
of real consumption, and the PD ratio. The inclusion of financial variables in the econo-
metric estimation of our model is motivated by the empirical literature on anticipated
shocks which documents that stock prices are informative about anticipated changes in
fundamentals (see, for instance, Beaudry and Portier (2006)). For computational con-
venience, we assume that output growth is measured with error: we set the standard

6 Appendix E

deviation of the measurement error as 20% of that of the observation.
describes the data sources and construction of variables used for the empirical analysis.
To gauge the ability of our empirical strategy to identify the parameter vector ©, we

perform two identification tests. First, we check for the identifiability of the estimated

The interest reader is referred to An and Schorfheide (2007) for the role of measurement errors in
the analysis of DSGE models.



parameter vector © by applying the test proposed by Iskrev (2010). Full column rank
obtains starting with the inclusion of covariances of order 0 and 1. According to this test,
therefore, the parameter vector © is identifiable in the neighborhood of our estimate.
Our second identification test consists in applying our estimation strategy to artificial
data stemming from the RBC model to show that our proposed empirical approach can
recover the underlying parameters. The results show that, given the size of the artificial
data sample, the ML estimation procedure captures the true parameter values reasonably
well.

We note that the coefficient of RRA (7), that has to be determined separately from
the EIS, does not appear in the log-linearized dynamics of the variables. See Appendix D.
Therefore, the only moment that has to be adjusted for risk and agent’s attitude towards
risk is the unconditional mean of the PD ratio. We use the second order approximation
of the model and choose ¥ to match this moment.”

Panel B of Table 1 displays the result of the estimation. From an economic point
of view, our results speak about how many quarters in advance are the main drivers of
business cycles anticipated. Our estimation assigns a prominent role to the four-quarter-
anticipated news (e}) about future changes in the TFP, its volatility being comparable
to the unanticipated one. On the other hand the two, and three quarters anticipated
components are not statistically different from zero at any standard confidence levels.
Overall our estimation allows us to distinguish changes in fundamentals by their antic-
ipation horizon, and suggest that farther in the future anticipated news play a key role
to explain fluctuations in macroeconomic and financial series. Our estimate of the EIS
parameter ¢ turns out to be significantly greater than one: in Section 4 we discuss at
length the mechanism that drives such a result.

Panel A of Table 2 reports business cycle moments (standard deviations and correla-

"Malkhozov and Shamloo (2013) describe a method to compute risk adjustments based on the log-
linear approximation of the model. This approach allows adjustments for risk to be included in the
estimation directly. For the case where we consider the valuation ratios of aggregate stock-market only,
it is equivalent to the simpler approach adopted in this paper.
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tions) in the estimated model.® For comparison, the table also shows the corresponding
empirical second moments calculated over the sample 1947:Q2 to 2012:Q4. In the data
consumption is less volatile than output, and investment is more volatile than output.
The model is significantly close to the data along these dimensions. In particular, it repli-
cates the observed levels of volatility in investment, output, and slightly over-predicts the

9 The model also captures well the autocorrelations (not re-

volatility in consumption.
ported) and contemporaneous correlations of macroeconomic variables: : Notably the
model-implied first order autocorrelation of consumption growth is 0.18, as in the data.

Turning to asset pricing implications, Panel B of Table 2 shows that the estimated
news model is able to match the financial moments well. In particular the model generates
an equity premium in line with the data, of about 5.37% per year. This latter fact is
noteworthy given a coefficient of RRA of only 4.28. The model replicates the observed
levels of volatility in the financial variables: Importantly, the model matches the low
volatility of short-term interest rates (0.4% vs. 1.1% in the data). Finally our news
model does a good job of matching the first-order autocorrelation of dividend-price (0.96
in the model vs. 0.97 in the data).

In all, our likelihood-based estimates of the news model provide a good stylized de-
scription of the salient features of the data and point to anticipated shocks in TFP as an

important source of economic and financial fluctuations. In the next section we inspect

the mechanisms in more detail.

4 Discussion

In this section we discuss the main channels through which news shocks affect macroeco-

nomic and asset pricing moments of the estimated model.

8The population second moments are computed using the point estimates of the structural parameters
obtained from the maximum likelihood.

9The model implied volatility of consumption growth is about 1.4%: This value, although greater
than the 1.1% obtained in the post-war sample, is still lower than the consumption volatility over the
longer annual sample 1930-2012, which is greater than 2%.
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4.1 Correlation between macroeconomic variables

In line with the data, the model implies correlations between consumption, investment,
and output that are positive, but significantly lower than 1. This is true for the correla-
tion between consumption and investment in particular. In contrast, the co-movement in
all macroeconomic variables is near-perfect when we shut down the news shocks. News
allow to de-couple the movements in consumption, output and investment because antic-
ipated productivity shocks do not relax the current resource constraint of the economy.
Agents face a trade-off between consumption and investment. However, before antic-
ipated productivity shocks realize, agents cannot increase one without decreasing the

other.!?

4.2 EIS and the lead of financial over macroeconomic variables

Using the estimated parameters, notably the EIS, the model matches the lead of stock-
market returns and PD ratios over output, investment, and, to a lesser extent, consump-
tion growth. The positive correlation between the stock-market returns and subsequent
changes in macroeconomic variables has been documented by Backus, Routledge, and Zin
(2007) among others. Figure 1 reports cross-correlations between financial and macro-
economic variables in the model. In this section we argue that both news shocks and
high EIS are necessary for the model to produce this result: without news the lead
cross-correlations are close to zero, with news but without high EIS the correlations are

negative.

0Tn a more general setting agents could increase consumption without reducing investment by ad-

justing other variables such as hours worked. However, Barro and King (1984) and Cochrane (1994)
emphasize that in a standard neoclassical setting the wealth effect of good news about future produc-
tivity causes households to desire more consumption of both goods and leisure and that this is the key
challenge for news driven business cycle Thus optimal labor choice can make comsumption-investment
trade-off more and not less stringent. Supporting this view Barsky and Sims (2011) provide evidence of
the negative response of hours to favorable productivity news in the data. In addition, Jaimovich and
Rebelo (2009) illustrate the theoretical challenge of generating a joint postitive response of consumption,
investment, and hours to good news about future TFP by building what seems to be a minimal RBC
model able to achieve this result. The model relies on an interplay between Greenwood, Hercowitz,
and Huffman (1988) preferences, a particular form of investment adjustment costs, and variable capital
utilization. Endogenizing labor in production-based asset pricing models is an interesting avenue for
future research, not only in relation to news shocks, but also more generally.

12



The estimated value for the EIS parameter ) = 1.494 (see again Table 1 - Panel B)
is greater than 1 implying only a weak wealth effect. In other words, agents respond
to actual or expected productivity improvements by only a small immediate increase in
consumption. Note that the estimated value is consistent with the one typically used
to calibrate consumption-based and RBC long-run risk models. See Bansal and Yaron
(2004) and Kaltenbrunner and Lochstoer (2010) among others. Why high EIS is impor-
tant for the model to match the properties of the data? In the next section we show
that impulse responses of consumption and investment to news shocks identified using
VAR methodology are consistent with a moderate wealth effect and hence a high value
for the EIS. The properties of financial variables in the model provide a more direct way
to see the importance of high EIS. The model with news shocks and low ¢ implies a
negative correlation between returns and PD ratios, and subsequent growth in output,
consumption, and investment. This happens because when wealth effects are strong,
agents immediately ‘consume away’ anticipated increases in productivity. Figure 2 illus-
trates this point by comparing the lead and lag cross-correlations between PD ratio and
investment growth for high and low values if the EIS.

Anticipated changes in productivity, combined with high EIS, are a natural channel
to account for the lead of asset prices over macroeconomic quantities. Asset prices are
forward looking and incorporate expected changes in the fundamentals immediately, while
high EIS ensures moderate on impact response of consumption to news. In contrast,
without news shocks, financial variables are counterfactually near-perfectly correlated

with contemporaneous changes in macroeconomic quantities.

4.3 News shocks and risk premia

The overall level of equity risk premium as well as the volatility of stock market returns

implied by the model depends on the estimated leverage parameter A = 6.14.!! The pa-

Tt can be shown that leverage increases the volatility of PD ratio and stock-market returns by a
A=1/4

factor of =17y

13



rameter measures both operational and financial leverage. The value is situated towards
the high end of the range used in prior literature. For example, the model of Bansal and
Yaron (2004) uses leverage parameters of three and five. The ratio of dividend growth
volatility to consumption growth volatility in postwar U.S. data is well in excess of 6 (see
Beeler and Campbell (2012)). Note that at the same time the estimated RRA parameter
v = 4.28 is very conservative.

We are specifically interested in the effect of news shock on asset pricing moments.
Compared to a version of our model where we allow for TFP surprises only (as e.g. in
Kaltenbrunner and Lochstoer (2010)), the equity risk premium in the estimated model
is higher by 1.20%, keeping the volatility of consumption growth constant (see Table 2 -
Panel B).!?

Why do news shocks matter for risk premia? When EIS is high, productivity news
translate to a large extent into shocks to expected, as opposed to realized, consump-
tion growth. As can be seen from equation (2) innovations to expected future con-

sumption growth enter the stochastic discount factor through the value function term

19—y
(%) . As a result, when 1/1¢ # -, shocks to expectations are priced,
o

1
1—y\T1=
ViR

which increases the market prices of risk. At the same time expectation shocks tend
to offset each other and therefore do not increase the volatility of realized consumption
growth significantly. This leads to higher risk premia for a given volatility of consumption
and dividend growth.

While the effect of news shocks on equity risk premium is sizeable, it constitutes
only a quarter of the total premium in the model. We argue that our analysis might
underestimate the importance of news for asset prices. There are two sources of variation
in expected consumption growth in the model, both contributing to high risk premia.

First, as shown in Kaltenbrunner and Lochstoer (2010), in a basic RBC model with high

12The 1.2% premium on the one- and four-quarter news, is consistent with the findings in Ortu,
Tamoni, and Tebaldi (2013). The authors document a premium between 1% and 2% on the component
of consumption growth with a yearly half-life, (see Tables 9 and 10 in their paper). Importantly, the
shocks to such a component impact consumption 4 quarters from now, similarly to our four-quarter
anticipated shocks.

14



EIS consumption growth has an endogenous persistent component, in other words long-
run risk. Second, as described above, news shocks introduce predictability at business
cycle frequency that is not driven by persistence in the consumption process: consumption
growth is predictable conditional on agents’ information set, but not its own lags. The
difference between news and long-run risk is important because long-run risk models imply
counterfactual long-run predictability of consumption growth by PD ratios. See Beeler
and Campbell (2012). This point is well illustrated by the lower panel on Figure 1: A
model with endogenous long-run risk implies that both lead and lag correlations between
PD ratio and consumption growth are high and decay only slowly with horizon. News
shocks do not increase the overall level of correlations, but instead create a lead effect.
Unfortunately, the two mechanisms cannot be disentangled in our simple model because
both are controlled by the EIS: When EIS is high agents delay the increase in consumption
until expected productivity improvements realize, but also choose to change consumption
only progressively in response to realized changes in productivity. As a result it is not
possible to increase the contribution of news without at the same time counterfactually
increasing consumption growth persistence and its long-run predictability by financial

variables.

5 Comparison with VAR-identified news shocks

In this section we further evaluate the contribution of anticipated technology shocks to
business-cycle fluctuations in asset prices. However instead of simulating artificial data,
we will feed our model actual news shock estimated from a vector autoregression (VAR)
model. It is well known that the presence in a model of innovations with multi-period
anticipation horizons makes it less likely that the dynamics of the observables possess
a VAR representation, hindering the ability of current and past values of a given set of
observables to identify the underlying structural innovations. However we show that in

the context of a single source of uncertainty our employed strategy identifies a single

15



anticipated innovation which turns out to be a linear combination of the true anticipated
innovations in total factor productivity.

Specifically, we identify a news shock about future innovations to TFP as in Barsky
and Sims (2011). Barsky and Sims (2011) extend the forecast error variance (FEV)
maximization approach of Uhlig (2003), and identify a TFP news shock directly as the
innovation that accounts for most of the forecast error variance of TFP over a 10-year
horizon but has no contemporaneous effect on TFP. This strategy, which is consistent
with Beaudry and Portier (2006) original idea that TFP is driven by a contemporaneous
component and a slowly diffusing news component, has the advantage that it does not
rely on additional zero restrictions about other non-news shocks and it does not make
any restriction about common trends in the different VAR variables. This is important
since the interplay of long-run restrictions and cointegration assumptions in Beaudry and
Portier (2006) raises important identification problem as pointed out by Kurmann and
Mertens (2013).

The crucial assumptions for Barsky and Sims (2011) approach to be valid are that TFP
is well-described by an exogenous process in two orthogonal innovations, a surprise and
an anticipated one. We show next that applying the Barsky and Sims (2011) approach to
simulated data from our model with four anticipated news, yields an identified news which
is a linear combination of the true underlying structural news shocks. The weight on the
j-period anticipated shock is equal to the ratio of its variance to the total variance of the

A 2
shocks, ie. w’ = Ta%ﬁ We generate one thousand different data sets with a number

o3+o3+o3+o]
of observations corresponding to the sample size in our estimation. A VAR featuring log
technology, log consumption, log output and stock prices is estimated on each generated
data set. The systems are estimated in levels and include two lags of each variable. Fig.
3 depicts both theoretical and estimated impulse responses averaged over the simulations
to a news shock that technology will be permanently higher. The theoretical responses

are vertical bars and the average estimated responses over the simulations are depicted

by solid black. The theoretical response is obtained by a combination of the anticipated
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shocks. The shaded gray areas are the 95% confidence bands from the simulations.

A number of features from the simulations stand out. The estimated empirical im-
pulse responses are roughly unbiased on impact and for most horizons thereafter.'® The
estimated responses to a news shock are only slightly downward biased at long horizons,
and the estimated dynamics are very close to the true dynamics at all horizons. The
median correlation between the identified and true weighted combination of news shock
is 0.88. Figure 4 shows that a regression of the identified news shocks on the true un-
derlying anticipated innovations in the model, yields loadings close to the contribution of
each shock to the total variance of anticipated news.

Relying on the fact that a VAR approach can identify a linear combination of the
true underlying shocks, we now extract the single anticipated innovation in total factor
productivity from the data. Compared to the previous exercise we consider a larger VAR
system. In addition to the four variables in the benchmark system, we also include a
measure of hours and inflation. The reason for including these additional variables is that,
as shown in Barsky and Sims (2011), these variables in the system help in the identification
of the news shock. Figure 5 shows the estimated impulse responses of TFP, consumption,
output, and prices to the identified news shock!? along with theoretical responses. The
shaded areas are the 95% confidence bands from the bias-corrected bootstrap procedure
of Kilian (1998). The responses are standard (see Barsky and Sims (2011)). Relative
to the VAR identification, theoretical impulse responses imply a stronger effect of news
on macroeconomic variables, especially at long horizon. This is because our news model
with high EIS also contains an endogenous long-run risk component. The theoretical
and VAR-estimated responses of stock prices to news are very close, highlighting the

importance of asset prices for the identification of news shocks.

13 A favorable news shock leads to rising consumption but falling investment on impact in the model.
After impact, the aggregate variables track movements in technology. The empirical identification cap-
tures these features quite well.

14The system is estimated in the levels of all variables. The system features two lags in accord with
the selection of the Schwartz Information Criterion. The truncation horizon in the identification problem
is set at H=40.
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Figure 6 presents the model’s prediction for the PD ratio, together with the actual
PD ratio from the S&P500 index. We also consider an adjusted price-divided ratio, which
accounts for potential shifts in their long-run mean (see Lettau and VanNieuwerburgh
(2008) and Favero, Gozluklu, and Tamoni (2011)): this allows us to focus on the cyclical
fluctuations in the series (rather than low frequency changes) which we are aiming at
explaining in this paper. We emphasize that the model line on the graph is produced by
feeding it with the identified news and surprise shock. The surprise technology shock is
identified as the reduced form innovation in TFP orthogonal to the identified news.

The correlation between the model implied PD ratio and the data is about 46%. If we
focus on the detrended financial ratio series, the correlation raises to 57%. To the evaluate
the importance of news relative to surprise shock, we repeat the exercise by setting to
zero the anticipated innovations: In this case the correlation drops significantly to 20%
(15% for the adjusted PD ratio). Overall our news model accounts for both cyclical and
longer-term fluctuations in stock prices, and the anticipated component of the technology

shocks plays a major role.

6 Conclusion

In this paper we document the role of anticipated productivity shocks in the asset pricing
context. We take an additional step in bringing the model to the data by estimating it
using both macroeconomic and financial data, rather than calibrating it. The estimated
news model provides a good stylized description of the salient features of the data. It
points to anticipated shocks in TFP as an important source of economic and financial
fluctuations, and as a risk factor that contributes to the explanation of the equity risk
premium.

Our paper can inform the ways in which exogenous consumption dynamics are mod-
eled in consumption-based asset pricing literature: Predictability in consumption growth

conditional on the additional variables of agent’s information can lead to higher market
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prices of risk without counterfactual long-range predictability of consumption by asset
prices which is typically implied by models with a highly persistent component in con-
sumption growth.

Endogenizing labor in a production-based asset pricing model with news is an inter-
esting avenue for future research. The ability of the model driven by news shocks to
explain the cross-section of asset returns and valuations is another interesting topic for

future work.
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Appendix

A Equilibrium conditions

The social planner’s problem is
V(K xy) = max (Uy),

where V; is the problem’s continuation value or simply the value function. The maxi-
mization is subject to the resource constraint, the law of motion of capital and exogenous

variables dynamics:

Cy+ 1, = AI7°K?,
Kt+1 = (1 - 5)Kt —|— Ita
Typ1 = Ho+ Hyxy + Hoeqq.

The Bellman equation:

Vi = max (€1 4 BBV

The first order conditions with respect to consumption:

y=1/9

CM = BE (Vi) T B (ViadVien)

The envelope condition with respect to capital:

1 =L B AN\
o=t ) 7 B (v (100 () 7))

t
At -«
M, — =t —
afisea () )]
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Combining the two:

Ey




where M, is the stochastic discount factor

/9=y
M., 0V;/0C 11 Vis
LR VAT

B VAR representation of the shocks

We note that TFP growth

J
w; = (1= p)p+ pry_y + Z ELJ’

Jj=0

can be written as a first order vector autoregressive system

Ty = Ho + Hyzy + Ho€pyq,

where (we consider the J = 4 case):

Ty = 2_ ;
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and

(1—p)p 1000100101 o 0 0 0
0 0000O0O0DO0O0OTO0DO 0 ' 0 0
0 0000O0O0DO0O0O0TO0DO 0 0 o> 0
0 0000O0O0DO0O0OOO0DO 0 0 0 o
0 0000O0O0DO0O0OO0DO 0 0 0 O
Hy = 0 Hi={o0o100000000f:H=]0 0 0 0
0 00010000O0DO0DO 0 0 0 0
0 00001000O0DO0DO 0 0 0 O
0 00000010000 0 0 0 0
0 00000001000 0 0 0 0
0 0000O0O0DO0O0OTL1O 0 0 0 0

C Inducing stationarity and calculating the steady state

Since the TFP process A; has a unit root our economy is growing. For all the variables X;

Xy

and V, = V(f(t, A, mgfl)). Since the value

inheriting the unit root define X, as X; =
t—1

function is homogeneous of degree one in K; and A, (simply observe that all equations

in the model are), we have:

V<Kt; Ay, x%fl)) = Atfl‘/(_

As compared to models with time-additive preferences the value function V, and the
_1
expression for the certainty equivalent <Et‘~/tf:1'y) o appear in the Euler equation and

therefore have to be approximated. Other equilibrium conditions in their stationary form
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are:

~ 11—«
A
B, | My 1—5+a<~’*“) =1

t+1
Cy+ I, = Al K2,
Kt—‘rl/&t — (1 - 5).[2,5 + ftv
Typ1 = Ho+ Hyzy + Hoeyq,

where z! = In A and

~ ~ -1/%
M,y = szlt_lw Vi t+1
S 1\ T C
Ey (Wif) 1 !
At the non-stochastic steady state:
x = (I—H,) " H,
A = eXp(le),
1
- o 3LAYY (1 — -1
P A(ﬁ AV — (1 5)>a |
aZ
I = (A-(1-9)K,
1
‘N/

B Ca-i 1-1
1— BAYY '

In addition, at the steady state, the risk-free rate and the PD ratio are:

Ry =3 tAYY,

5[11*1/1&
T 1 BA-Ye
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D Perturbation solution

An approximate analytical solution to the model can be easily found using perturbation
methods. Following the notations laid out in Schmitt-Grohe and Uribe (2004) we write

the system of equilibrium conditions that recursively define the model as

E f (?Jt+1; Yts T41, $t) =0,

where 3, is the vector of control variables and z; is a vector containing state variables
(notice that the notation in this sub-section are independent of the rest of the paper).
As it is standard in macroeconomics, we rewrite the model in terms of log-transformed
variables.

The solution is given by the equilibrium policy function for y; and the laws of motion

for z;:

Y = g(CL’t,U),

Tep1 = h(xg, 0) + onega,

where ¢ is a parameter scaling the size of uncertainty. At the non-stochastic steady state
o = 0 (we set it equal to 1 otherwise). We define the non-stochastic steady state as

vectors (Z; %) such that

f(@,y,2,5) =0
We expand the functions g and h around the ¢ = 0 and x; = T point. For estimation

purposes we approxiate the functions g(z;,c) and h(zy, o) to first order. This allows us
to obtain linearized dynamics of macroeconomic and financial variables. To derive risk
adjustments required to compute asset pricing moments we use a second order approxi-

mation.
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Schmitt-Grohe and Uribe (2004) show that the following terms of the Taylor expansion
are zero i.e. ¢o = Ny = Gou = hos = 0. go = h, = 0 implies that the first order
approximation is not affected by the volatility of the shock and produces no adjustment
for risk. ¢, = h,r = 0 implies that a second-order approximation can only produce
constant risk premia. Furthermore, the risk aversion parameter v does not affect the
non-stochastic steady state values. Neither does it enter the expressions for h, or h,,
evaluated at the non-stochastic steady-state. In other terms, to the second order, risk
aversion matters for the difference between the stochastic steady state and the non-

stochastic steady state but not the dynamics of the variables.

E Data description

This appendix describes the data used in the paper. We use data on U.S. real nondurables
and services consumption per capita from the Bureau of Economic Analysis. We take
stock return and dividend data from CRSP and convert to real terms using the CPIL. In
particular we use data on the value-weighted market return (NASDAQ, NYSE, AMEX),
with and without dividend capitalization to obtain our dividend-price ratio defined as
D,/ P,. We create a proxy for the ex-ante risk-free rate by forecasting the ex-post quarterly
real return on three-month Treasury bills with past one-year inflation and the most recent
available three-month nominal bill yield. These series are identical to those used by Beeler
and Campbell (2012) in their quarterly empirical work. See their online Appendix for
further details on the data construction. Real GDP is obtained as Real Gross Domestic
Product (BEA, NIPA table 1.1.6., line 1). Investment is Gross Private Domestic, Fixed
Investment, Nonresidential and Residential (BEA NIPA table 1.1.5., lines 8 and 11), and
deflated using the GDP deflator (BEA NIPA table 1.1.5., line 1 and BEA NIPA table
1.1.6., line 1). These series are then converted to per capita terms by dividing by the
civilian non-institutionalized population aged 16 and over. In our VAR analysis of news

shocks we follow the lead of Barsky and Sims (2011) and use a quarterly version of the
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Basu, Fernald, and Kimball (2006) total factor productivity (TFP) series.
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Table 1: Calibrated and Estimated Parameters

Panel A reports the calibrated parameters of the model. Panel B reports the parameters of
the model estimated using classical maximum likelihood methods, in particular those defining
the stochastic processes of anticipated and unanticipated innovations. The parameters not
significantly different from 0 are not reported. Asymptotic standard errors based on the outer-
product estimate of Fisher’s information matrix are reported in parantheses. The reference
period is one quarter.

Panel A: Calibrated Parameters

Parameter Value
Capital share « 0.340
Capital depreciation ) 0.025
TFP growth (%) 1 0.400
Subjective discount factor I} 0.998
Relative risk aversion vy 4.278

Panel B: Estimated Parameters

Parameter Value s.e.
Elasticity of inter-temporal substitution P 1.494 (0.643)
Leverage A 6.145 (0.136)
Volatility of un-anticipated TFP shocks (%) o? 1.070  (0.070)
Volatility of 1-quarter anticipated TFP shock (%) o! 0.690 (0.060)
Volatility of 4-quarter anticipated TFP shock (%) ot 0.920 (0.060)
Persistence in TFP growth P 0.381 (0.076)
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Table 2: Macroeconomic and Asset Pricing Moments

Panels A and B of the Table report key macroeconomic and asset pricing moments for the
estimated news model and compares them to the data and a model without news shocks.
Moments are computed at quarterly frequency and annualised (except for log PD ratio) by
multiplying unconditional means by 4 and standard deviations by 2. The standard RBC model
is calibrated to the same preferences and technology parameter values as the news model.
However, it assumes un-anticipated iid TFP growth shock only. The standard deviation of TFP
surprises in the standard RBC model is calibrated to match the consumption growth volatility
of the news model. Data are 1947Q2-2012Q4. GMM standard errors (three Newey-West lags)
are reported in parantheses.

Panel A: Macro Moments

Data Estimated model Standard RBC
o (Ac) % 1.05  (0.07) 1.41 1.40
o (Ay) % 1.99  (0.14) 2.27 2.92
o (A) % 494  (0.41) 5.76 6.10
corr (Ac,Ay) 0.49  (0.07) 0.55 0.97
corr (Ac,At) 0.48  (0.07) 0.16 0.94
corr (Ay,At) 0.65  (0.05) 0.91 0.99

Panel B: Asset Pricing Moments

Data Estimated model Standard RBC
E(ry) % 0.81 (0.32) 1.56 1.61
o(re) % 1.16 (0.11) 0.36 0.30
E (pd) 3.50 (0.07) 3.50 4.37
o (pd) 0.42 (0.03) 0.39 0.30
E(rqg—rs)% 6.04 (2.10) 5.37 4.17
o(ra—rs) % 16.8  (1.08) 28.3 24.9
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Figure 1: Macro-finance cross-correlations

This figure reports the lead and lag cross-correlations between excess stock-market returns
(top row) and log PD ratios (bottom row) with output, investment, and consumption growth
implied by the news model, an otherwise identical model without news, and in the data. Stock-
market returns and the growth rates of macroeconomic variables are annual. Data are 1947Q2-
2012Q4. Log PD ratio in the data is adjusted for breaks. In particular we follow Lettau and
VanNieuwerburgh (2008) and assume two changes in the mean in 1954 and 1994.
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Figure 2: EIS and News Propagation

This figure illustrates the role of the EIS parameter in matching the lead of asset prices over
macroeconomic quantities. It reports the lead and lag cross-correlations between log PD ratios
with investment growth implied by the news model, an otherwise identical model with EIS=0.1,
and in the data. Investment growth rates are annual. Data are 1947Q2-2012Q4. Log PD ratio
in the data is adjusted for breaks. In particular we follow Lettau and VanNieuwerburgh (2008)
and assume two changes in the mean in 1954 and 1994.
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Figure 3: Test of the VAR Approach on Simulated Data

This figure illustrates the ability of the VAR approach to identify news shocks. Bars correspond
to the theoretical impulse responses of the variables in the news model to a linear combination
of shocks anticipated one and four quarters ahead. The solid lines and areas correspond to the
responses and confidence intervals identified from the simulated data using a VAR approach.
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Figure 4: Loadings on Anticipated Shocks by Horizon

This figure reports the coefficients from a regression of news shocks identified using the VAR
approach in the simulated data on the true underlying innovations with different anticipation
horizon.
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Figure 5: Impulse Responses

This figure reports the estimated impulse responses of TFP, consumption, output, and stock
prices to the identified news shock and compares them to the theoretical response to a combina-
tion of shocks anticipated one and four quarters ahead. The shaded areas are the 95% confidence
bands from the bias-corrected bootstrap procedure of Kilian (1998). Data are 1947Q2-2012Q4.
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Figure 6: PD Ratio

This figure reports model’s prediction for the PD ratio, together with the actual PD ratio from
the S&P500 index. The model output is produced by feeding it with the VAR-identified news
and surprise shocks. Panel A reports actual S&P500 PD ratio. In Panel B the PD ratio is
adjusted for shifts in the long-run mean. In particular we follow Lettau and VanNieuwerburgh
(2008) and assume two changes in the mean in 1954 and 1994. Data are 1947Q2-2012Q4.
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