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1 Introduction

In a recent article, Eusepi and Preston (2011) show that adaptive learning (AL) based on

forecasts beyond the one-period-ahead AL forecasts (i.e. considering maintained beliefs over

multiple horizons) are crucial for understanding the persistence of macroeconomic dynamics.

In particular, Eusepi and Preston (2011) show that the maintained beliefs hypothesis results

in a huge ampli�cation mechanism of technology shocks in a standard real business cycle

model. Thus, independent and identically distributed technology shocks when combined

with maintained beliefs under AL are able to reproduce the aggregate persistence observed

in US data.

This paper studies the maintained beliefs hypothesis in the context of the medium-scale

DSGE model suggested by Smets and Wouters (2007) (hereinafter called the SW model) in

order to assess the relative importance of maintained beliefs in a model combining many

sources of aggregate persistence. We consider three building block extensions for the SW

model. Although these extensions have been already explored separately in the literature,

here we study all of them together in order to analyze how they interact and thus assess their

relative importance in the transmission process of shocks.

The �rst block deviates from the rational expectations assumption by assuming AL expec-

tations based on small forecasting models, as in Slobodyan and Wouters (2012a,b), where the

expectation of a forward looking variable is described as a least square projection on a small

information set. By considering small forecasting models, we deviate from the minimum state

variable AL approach followed by Eusepi and Preston (2011) and others (Orphanides and

Williams, 2005a; and Milani, 2007, 2008, 2011) where agent's expectations are assumed to be

based on a (linear) function of the state variables of the model. In contrast, small forecasting

models assume that agents form their expectations based on the information provided by

observable endogenous variables, such as those showing up in the Euler equations of a DSGE

model.1An important �nding in Slobodyan and Wouters (2012a) is that AL relying on small

1Considering small forecasting models based only on observable variables is arguably a more appealing
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forecasting models results in lower estimates for the persistence of the exogenous shocks that

drive price and wage dynamics than those obtained in an estimated RE version of the model.

The intuition is simple: AL introduces a source of persistence through the learning dynam-

ics that reduces the role of exogenous shock persistence. However, Slobodyan and Wouters'

(2012a) AL approach only considers 1-period ahead forecasts, ignoring the contribution of

maintained beliefs suggested in Preston (2005) and Eusepi and Preston (2011).

The second building block extends the Slobodyan and Wouters model by incorporating

the term structure of interest rates. The motivation for including the term structure is three-

fold. First, the term structure allows us to introduce the maintained beliefs hypothesis in

the characterization of the household behavior without further manipulation of the opti-

mality conditions, such as solving forward the intertemporal budget constraint as in Eusepi

and Preston (2011) and Sinha (2015, 2016).2 Thus, household decisions on bond holdings

of di�erent maturities depend explicitly upon the expected paths of both consumption and

in�ation (i.e. their maintained beliefs about consumption and in�ation). Second, as dis-

cussed deeper below, the term structure contains relevant information observed in real time,

which can be used in the learning process of economic agents. This extension was partially

investigated in Aguilar and Vázquez (2015), but we also ignored the possibility of maintained

beliefs learning. Aguilar and Vázquez (2015) found that when the term spread, a forward

looking variable, is included in the AL model the sluggishness of the learning process de-

creases, which results in an increase of the parameters characterizing endogenous persistence

approach to AL in empirical applications than the minimum state variable approach since the latter requires
that agents know what the state variables are and, in addition, they perfectly observe the realizations of
all state variables. Other papers (Adam, 2005; Orphanides and Williams, 2005b; Branch and Evans, 2006;
Ormeño and Molnár, 2015) have also provided support for the use of small forecasting models on several
grounds such as their relative forecast performance and their ability to approximate well the Survey of Pro-
fessional Forecasters. In particular, Ormeño and Molnár (2015) use a small forecasting model to characterize
in�ation expectations, but they rely on the minimum state variable approach to characterize the rest of the
forward-looking variables of the SW model.

2As pointed out by Adam and Marcet (2011), there is an element of arbitrariness when analyzing AL.
The issue is that �rst order conditions under the RE hypothesis can be written in many equivalent ways.
However, depending on which RE version of the optimality condition is used one can end up with rather
di�erent outcomes under learning. By considering the (log-linear approximation of the) optimality condition
directly, without further manipulation, we avoid this source of AL arbitrariness.
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in order to mimic the persistence of actual aggregate data. Third, most estimated AL models

typically use �nal revised data whereas actual learning dynamics are driven by real-time data

available to agents when forming their expectations. By restricting small forecasting models

to include only lagged term structure information, which is observed at the time expectations

are formed in real time, we overcome this limitation associated with AL models. The idea

of using only term structure information to predict business cycle conditions goes back at

least to McCallum (1994), who emphasized that the term spread can be a simple, su�cient

predictor regarding future macroeconomic conditions for de�ning monetary policy.

Finally, the third building block imposes that the learning process of agents in the es-

timated DSGE model is somehow disciplined by requiring that the deviations of agents'

expectations from those reported in the Survey of Professional Forecasters (SPF) are sta-

tionary. In contrast to Ormeño and Molnár (2015), we do not impose the more restrictive

assumption that agents' expectations match, up to a white noise error, those of the SPF. In

short, we allow for persistent deviations between AL expectations and those reported in the

SPF.

The estimated model shows that the importance of most endogenous sources of aggregate

persistence (such as habit formation, Calvo probabilities, the elasticity of the cost of adjusting

capital, and the elasticity of capital utilization adjustment cost) decline dramatically when

the hypothesis of maintained beliefs is incorporated through the term structure of interest

rates whereas the estimated persistence of structural shocks remains rather high. These

results shows the importance of the maintained beliefs hypothesis in an estimated DSGE

model, con�rming and generalizing the results found by Eusepi and Preston (2011) in a

prototype real business cycle model.

The rest of the paper is organized as follows. Section 2 introduces a DSGE model with

real-time AL under the maintained beliefs hypothesis. Section 3 shows the estimation results

and discusses their implications. Finally, Section 4 concludes.
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2 A real-time adaptive learning DSGE model

This paper investigates the interaction of the maintained beliefs hypothesis with the term

structure of interest rates - an important source of information observed in real time- in the

characterization of the agent's learning process in an estimated DSGE model. Our model

builds on the SW model and its AL extension studied by Slobodyan and Wouters (2012a).

This standard medium-scale estimated DSGE model contains both nominal and real frictions

a�ecting the choices of households and �rms. We extend the AL medium-scale DSGE model

in three directions. First, we extend the model to account for the term structure of interest

rates. We follow a similar approach as the one considered in Aguilar and Vázquez (2015),

but considering the standard consumption-based asset pricing equations associated with each

maturity instead of imposing the term structure expectation hypothesis, which is obtained

using the law of iterated projections. This feature allows us to consider the possibility

that multiple-period-ahead expectations matter to agents' decisions in line with Sargent

and Marcet (1989), Preston (2005) and Eusepi and Preston (2011), but without iterating

forward optimality conditions involving one-period-ahead expectations. Second, only lagged

term structure information observed in real time is used in the small forecasting models of

all forward-looking variables of the medium-scale DSGE model. In this way, we study the

importance of considering only data available to agents when forming their expectations in

real time instead of revised data and/or state variables information, as is standard in the AL

literature, which are hardly observable. Finally, AL expectations are disciplined by requiring

that the deviations of estimated AL model expectations from the corresponding forecasts

reported in the Survey of Professional Forecasters (SPF) are stationary.

We present these extensions of the model next. The remaining log-linearized equations

of the model are presented in the Appendix.
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2.1 The DSGE model

Our model is based on the standard SW model. Households maximize their utility that

depends on their levels of consumption relative to an external habit component and leisure.

Labor supplied by households is di�erentiated by a union with monopoly power setting

sticky nominal wages à la Calvo (1983). Households rent capital to �rms and decide how

much capital accumulate depending on the capital adjustment costs they face. Intermediate

�rms decide how much capital they use depending on the capital utilization adjustment

costs. Intermediate �rms also decide how much di�erentiated labor they hire to produce

di�erentiated goods and set their prices à la Calvo. In addition, both wages and prices are

partially indexed to lagged in�ation when they are not re-optimized, introducing another

source of nominal rigidity. As a result, current prices depend on current and expected

marginal cost and past in�ation whereas current wages are determined by past and expected

future in�ation and wages. We deviate from the monetary policy rule in the SW model

by assuming that the monetary authorities follow a Taylor-type rule reacting to expected

in�ation, and lagged values of output gap, output gap growth and a term spread as de�ned

below. Finally, the model contains eight structural disturbances associated with technology,

demand-side and price and wage markup shocks together with term structure shocks.

2.2 The term structure extension

This section introduces the term structure of interest rates in the SW model. This is an

alternative approach of introducing the maintained beliefs hypothesis to solving the �ow

budget constraint forward as in Preston (2005) and Eusepi and Preston (2011).

Following De Graeve, Emiris and Wouters (2009) and Vázquez, María-Dolores and Lon-

doño (2013), we extend the DSGE model by explicitly considering the interest rates associated

with alternative bond maturities indexed by j (i.e. j = 1, 2, ..., n). From the �rst-order con-

ditions characterizing the optimal decisions of the representative consumer, one can obtain
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the standard consumption-based asset pricing equation associated with each maturity:

Et

[
βj
UC(Ct+j, Nt+j)exp(ξ

{j}
t )(1 +R

{j}
t )j

UC(Ct, Nt)
∏j

k=1(1 + πt+k)

]
= 1, for j = 1, 2, ..., n,

where Et stands for the RE or the AL operator depending on the estimated model ana-

lyzed below, UC denotes the marginal utility consumption, and Ct, Nt, R
{j}
t and πt denote

consumption, labor, the nominal return of a j-period maturity bond and the in�ation rate,

respectively. Assuming that the utility function is logarithmic in consumption,3 after some

algebra, the (linearized) consumption-based asset pricing equations can be written as

(
1

1− h
γ̄

)
ct −

(
h
γ̄

1− h
γ̄

)
ct−1 =

Et

[(
1

1− h
γ̄

)
ct+j −

(
h
γ̄

1− h
γ̄

)
ct+j−1

]
−

[
jr
{j}
t − Et

j∑
k=1

πt+k + ξ
{j}
t

]
, forj = 1, 2, ..., n, (1)

where lower case variables denote log-deviations from balanced-growth values or, alterna-

tively, deviations from steady state values. In particular, for j = 1 the last expression results

in the standard IS-curve equation in the SW model assuming a logarithmic utility function

in consumption:

ct =

(
h
γ̄

1 + h
γ̄

)
ct−1 +

(
1

1 + h
γ̄

)
Etct+1 −

(
1− h

γ̄

1 + h
γ̄

)(
r
{1}
t − Etπt+1 + ξ

{1}
t

)
.

Under RE, the optimality conditions in (1) for j > 1 are somewhat redundant because

long-term bonds are redundant assets in the equilibrium model. However, under AL agents

face greater uncertainty and consequently long term bonds may help agents to hedge against

future sources of uncertainty. Moreover, as is clear from the set of consumption-based asset

3This assumption largely simpli�es the analysis by avoiding the characterization of labor supply expecta-
tions over multiple time horizons.
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pricing equations (1), optimal consumption household decisions under AL involve explicitly

the maintained beliefs hypothesis since current consumption depends, among other things,

on the expected paths of both future consumption and in�ation. In contrast to Eusepi and

Preston (2011), the maintained beliefs hypothesis does not necessarily impose that today's

consumption decision does depend on the entire (in�nite path) of future consumption and

in�ation, but only on a �nite number of periods, say n. We further assume that the risk

premium shock ξ
{1}
t follows an AR(1) process

ξ
{1}
t = ρ{1}ξ

{1}
t−1 + η

{1}
t , (2)

whereas the term premium shocks ξ
{j}
t , for j > 1, follow AR(1) processes augmented with an

additional term that allows for an interaction with the risk premium shock:

ξ
{j}
t = ρ{j}ξ

{j}
t−1 + ρ

{j}
ξ ξ

{1}
t + η

{j}
t . (3)

That is, ρ
{j}
ξ captures the interaction of the risk premium shock, ξ

{1}
t , with the term premium

shock, ξ
{j}
t , associated with the j-period maturity bond.

2.3 Real-time adaptive learning

Most papers in the AL literature consider only revised aggregate data when estimating the

linear forecasting models that agents (are assumed to) follow to update their expectations,

the so-called "perceived law of motion" (PLM). This assumption is, at least, problematic

because revised aggregate data is not available to economic agents when they are forming

their expectations.4 An exception is Aguilar and Vázquez (2015) that introduce the term

spread between the 1-year constant maturity rate and the Fed funds rate -which is observed

in real time- as an explanatory variable in the de�nition of the PLM in addition to revised

4See Croushore (2011) and references therein for an analysis of aggregate data revisions and their conse-
quences.

8



aggregate data. In this paper, we take an additional step forward by considering only lagged

term structure information available at the time agents are forming their expectations.5

We now proceed to a brief explanation of how AL expectation formation works.6 A DSGE

model can be represented in matrix form as follows:

A0

 yt−1

wt−1

+ A1

 yt

wt

+ A2Etyt+n +B0εt = 0,

where yt is the vector of endogenous variables at time t, Etyt+n contains multi-period ahead

expectations, and wt is the exogenous driving force following a VAR(1):

wt = Γwt−1 + Πεt,

where εt is the vector of innovations.

Under AL, the adaptive expectations of the forward-looking variables,Etyt+n, are de�ned

as linear functions of lagged values of the variables, whose time-varying (learning) coe�cients

are updated as explained in the subsection below. Once the expectations of the forward-

looking variables,Etyt+n, are computed they are plugged into the matrix representation of

the DSGE model to obtain a backward-looking representation of the model as follows

 yt

wt

 = µt + Tt

 yt−1

wt−1

+Rtεt,

where the time-varying matrices µt, Tt and Rt are nonlinear functions of structural parameters

(entering in matrices A0, A1, A2 and B0) together with learning coe�cients discussed below.

5Preliminary attempts to include additional real-time data, such as in�ation and consumption real-time
data, suggest that including these real-time data in the PLM do not add much whenever the term spread
information is already included.

6For a detailed explanation see Slobodyan and Wouters (2012a,b).

9



Forming and updating expectations

Agents are assumed to have a rather limited view of the economy under AL. More precisely,

their PLM process is generally de�ned as follows:

yt+j = X t−1β
{j}
t−1 + ut+j, for j = 1, 2, ..., n,

where y is the vector containing the k forward-looking variables of the model, X is the matrix

of the kxn regressors, β{j} is the vector of the n updating parameters, which includes an

intercept, and u is a vector of errors. These errors are linear combinations of the true model

innovations, εt+1. So, the variance-covariance matrices, Σ = E[ut+ju
T
t+j], are non-diagonal.

Agents are further assumed to behave as econometricians under AL. In particular, it is

assumed that they use a linear projection scheme in which the parameters are updated to

form their expectations for each forward-looking variable:

Etyt+j = X t−1β
{j}
t−1.

In line with Jordà (2005), we assume that agents make multi-period ahead forecasts using

local projections conditional on the information set available at time t − 1.7 The updating

parameter vector β, which results from stacking all the vectors β{j}, is further assumed to

follow an autoregressive process where agents' beliefs are updated through a Kalman �lter.

This updating process can be represented as in Slobodyan and Wouters (2012a) by the

following equation:

βt − β̄ = F (βt−1 − β̄) + vt,

7Among the numerous advantages of using local projections for characterizing multi-period ahead forecasts
pointed out by Jordà (2005), we highlight two of them. First, they are easy to implement, which is a
sensible approach when deviating from the RE hypothesis. Second, local projections are robust to model
misspeci�cations, which is also a sensible approach when analyzing the forecasts of agents in a context where
they face uncertainty about the true (highly non-linear) model economy.
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where F is a diagonal matrix with the learning parameter | ρ |≤ 1 on the main diagonal

and vt are i.i.d. errors with variance-covariance matrix V . The Kalman �lter updating and

transition equations for the belief coe�cients and the corresponding covariance matrix are

given by

βt|t = βt|t−1 +Rt|t−1Xt−1

[
Σ +XT

t−1R
−1
t|t−1Xt−1

]
−1
(
yt −Xt−1βt|t−1

)
, (4)

with (βt+1|t − β̄) = F (βt|t − β̄). βt|t−1 is the estimate of β using the information up to

time t − 1 (but further considering the autoregressive process followed by β), Rt|t is the

variance-covariance matrix of X, Rt|t−1 is the estimate of matrix R based on the information

at time t− 1. Therefore, the updated learning vector βt|t is equal to the previous one, βt|t−1,

plus a correction term that depends on the forecast error,
(
yt −Xt−1βt|t−1

)
. Moreover, the

mean-square error, Rt|t, associated with this updated estimate is given by

Rt|t = Rt|t−1 −Rt|t−1Xt−1

[
Σ +XT

t−1R
−1
t|t−1Xt−1

]
−1XT

t−1R
−1
t|t−1, (5)

with Rt+1|t = FRt|tF
T + V .

A PLM with only term structure information

We adapt our extended SW model with term structure information to the AL version of

this model. As mentioned above, one of the key ingredients of a model with AL is the way

agents' expectations formation is characterized (i.e. the PLM of agents). In our DSGE model

with term structure, we consider a speci�c PLM motivated by the ability of term spreads to

predict in�ation (Mishkin, 1990) and real economic activity (Estrella and Hardouvelis, 1991,

Estrella and Mishkin, 1997). Let us start considering the following PLM

Etyt+j = θ
{j}
y,t−1 +

n∑
j=1

β
{j,k}
sp,y,t−1sp

{k}
t−1.
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where sp
{k}
t−1 denotes the term spread between the interest rate associated with a k-period

maturity bond and the 1-period maturity bond at period t − 1, which is already known at

the beginning of period t when agents form their expectations at this period. The presence

of the intercept θ
{j}
y,t−1 relaxes the RE assumption of agents having perfect knowledge about a

common deterministic growth rate and a constant in�ation target assumed in the SW model.

Thus, the consideration of a time-varying intercept coe�cient allows expectations to trace

trend shifts in the data as well as changes in the in�ation target.

At �rst sight, one might think that considering the whole term structure of interest rates

to characterize AL would be useful. However, considering term spreads associated with long-

horizons bonds implies the need of de�ning the whole set of expectations of consumption and

in�ation from the 1-period horizon up to a long horizon. This task cannot be accomplished

because, according to the consumption-based asset pricing equations (1), the number of pa-

rameters de�ning the PLM associated with these expectations dramatically increases with

the number of expectational functions of consumption and in�ation de�ned over alternative

forecast horizons, which results in a curse of dimensionality problem. Furthermore, there

is evidence (Mishkin, 1990) showing that at longer maturities than two quarters, the term

structure of interest rates helps to anticipate future in�ationary pressures. As a compro-

mise, we focus our attention on the role of the 2-quarter and the 4-quarter term spread to

characterize the PLM of forward-looking variables as follows:



Etyt+1 = θy,t−1 + β
{2}
sp,y,t−1sp

{2}
t−1, , for y = i, rk, q, w

Etyt+j = θ
{j}
y,t−1 + β

{j,2}
sp,y,t−1sp

{2}
t−1, for y = c, π and j = 0, 1, 2, 3

Etyt+j = θ
{j}
y,t−1 + β

{j,4}
sp,y,t−1sp

{4}
t−1, for y = c, π and j = 4

(6)

where l, q, i, w, c, π and rk stand for (in deviation from their respective steady-state values
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or detrended by its balanced growth rate) hours worked, Tobin's q, investment, real wage,

consumption, in�ation and the rental rate of capital, respectively; and sp
{2}
t−1 = r

{2}
t−1 − r

{1}
t−1,

and sp
{4}
t−1 = r

{4}
t−1− r

{1}
t−1 denote the term spreads associated with the 2-quarter and the 1-year

term spread, respectively, measured with respect to the 1-quarter interest rate. According to

the baseline PLM set, the PLM of all forward looking variables are characterized by the 2-

quarter term spread, but those characterizing the expectations of consumption and in�ation

four-quarters ahead which are based on the the 1-year term spread.8

PLM disciplined by the Survey of Professional Forecasters (SPF)

AL is often criticized because it introduces additional degrees of freedom resulting in arbi-

trary model �t improvement. As a way of disciplining expectations, we assume that the

deviations of agents' expectations of both in�ation and consumption from the (observed)

forecasts reported in the SPF follow stationary processes. We consider the expectations of

consumption and in�ation from the 1-quarter to the 4-quarter forecast horizon because we

are restricting our attention to the short-term horizon of the yield curve (i.e. up to the 1-year

maturity bond) in order to overcome the curse of dimensionality problem mentioned above.

Formally, we assume

ε
{j}
π,t = ρ{j}π ε

{j}
π,t−1 + η

{j}
π,t , for j = 1, 2, 3, 4, (7)

where ε
{j}
π,t , denoting the deviation of the j-period ahead in�ation model expectations (Etπt+j)

from its observable counterpart reported in the SPF, is assumed to follow an AR(1). Similarly,

the deviation of the j-period ahead consumption growth model expectations, Et (ct+j − ct+j−1),

from its observable counterpart reported in the SPF, denoted byε
{j}
∆c,t, is assumed to follow

an AR(1):

ε
{j}
∆c,t = ρ

{j}
∆c ε

{j}
∆c,t−1 + η

{j}
∆c,t, for j = 1, 2, 3, 4. (8)

8The empirical results are rather robust to alternative speci�cations considering either only the 2-quarter
term spread or only the 1-year term spread instead of the term-spread mix considered in (6).
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2.4 Real-time monetary policy rule

In line with the limited information assumption considered in the paper, the monetary policy

rule is assumed to be determined by in�ation expectations and lagged values of output gap,

output gap growth and the 1-year term spread, which are assumed to be available to the

policymaker at the time of implementing monetary policy. Formally,

r
{1}
t = ρrr

{1}
t−1 + (1− ρr) [rπEtπt+1 + ryŷt−1] + r∆y∆ŷt−1 + rspsp

{4}
t−1 + εrt , (9)

where ŷt−1,t = yt−1,t − Φεat . That is, following Slobodyan and Wouters (2012a) the output

gap, ŷt−1,t, is de�ned as the deviation of output from its underlying neutral productivity

process.9 εrt is assumed to follow an AR(1) process with persistence parameter denoted by

ρR.

3 Estimation results

This section starts describing the data and the estimation approach. Subsequently, the model

�t, estimation results, transmission of shocks and the PLM of the AL model are discussed.

3.1 Data and the estimation approach

Our AL model is estimated using US data for the Great moderation period running from

1984:1 until 2007:4.10 The set of observable variables is identical to the set considered by

Slobodyan and Wouters (2012a) (i.e. the quarterly series of the in�ation rate, the Fed funds

rate, the log of hours worked, and the quarterly log di�erences of real consumption, real

9In this way, we avoid the characterization of an important number of PLM associated with the frictionless
economy, which describes the level of potential output needed to obtain the standard de�nition of the output
gap.

10Our estimated model considers consumption growth forecasts from the SPF in addition to in�ation
forecasts used by Ormeño and Molnár (2015). While in�ation forecasts are reported back to the late 1960's,
the consumption growth forecast time series start at 1981:3. We decide to start our sample in 1984:1. In this
way, we ignore the in�ationary years right after the Volcker monetary experiment and focus on the Great
moderation period.
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investment, real wages and real GDP) with the addition of the 1-year Treasury constant

maturity yield and the SPF forecast about in�ation and consumption from 1- to 4-quarter

horizons. GDP, consumption, investment and hours worked are measured in per-working age

population terms. The measurement equation is

Xt =



dlGDPt

dlCONSt

dlINVt

dlWAGt

dlPt

lHourst

FEDFUNDSt

One year TB yieldt

dlCONS
e{j}
t

dlP
e{j}
t



=



γ

γ

γ

γ

π

l

r

r{4}

γe

πe



+



yt − yt−1

ct − ct−1

it − it−1

wt − wt−1

πt

lt

rt

r
{4}
t

Et (ct+j − ct+j−1) + ε
{j}
c,t

Etπt+j + ε
{j}
π,t



,

where l and dl denote the log and the log di�erence, respectively. γ = 100(γ − 1) is the

common quarterly trend growth rate for real GDP, real consumption, real investment and real

wages, which are the variables featuring a long-run trend. l̄, π, r and r{4} are the steady-state

levels of hours worked, in�ation, the Fed funds rate and the 1-year (four-quarter) constant

maturity Treasury yield, respectively. The superscripts e and {j} in the last two rows of the

measurement equation denote actual forecasts from the SPF and the corresponding forecast

horizon, respectively.

The estimation approach follows a standard two-step Bayesian estimation procedure.

First, a maximization of the log posterior function is carried out by combining prior infor-

mation on the parameters with the likelihood of the data. The prior assumptions are exactly

the same as in Slobodyan and Wouters (2012a). Moreover, we consider rather loose priors for

the parameters characterizing both the 1-year yield dynamics and the stationary processes
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characterizing the deviations of in�ation and consumption growth model expectations from

the corresponding forecasts reported in the SPF. The second step implements the Metropolis-

Hastings algorithm, which runs a massive sequence of draws of all the possible realizations

for each parameter in order to obtain its posterior distribution.11

3.2 Model �t

We estimate the RE and the AL versions of the model. The posterior log data density of

the RE and AL models are 186.20 and 214.31, respectively. The di�erence between their

log data densities is 28.11 points, which results in a very high posterior odd of 1.62E+12.

This di�erence in favor of the AL learning speci�cation is roughly half the di�erence found

in Ormeño and Molnár (2015), but higher than the one obtained in Slobodyan and Wouters

(2012a). Several reasons may explain these di�erences. On the one hand, our AL model

introduces two type of stringent hypotheses. First, learning is based only on the information

content of the (1-year) term spread which is observed in real time, whereas Slobodyan and

Wouters (2012a) and Ormeño and Molnár (2015) used revised data when de�ning the PLM,

which results in an unrealistic information set available to agents when forming their expecta-

tions. Second, we introduce the maintained beliefs hypothesis, which was ignored in the two

previous papers. On the other hand, our learning process is less restrictive in one dimension

than the one assumed in Ormeño and Molnár (2015). Namely, we impose that deviations

of model expectations from their SPF counterparts are stationary instead of (the more re-

strictive assumption of) white noise processes as they assumed. Meanwhile, Slobodyan and

Wouters (2012a) did not use data from the SPF as observables in their estimation procedure.

Beyond the overall model �t based on the posterior log data density, we also analyze the

performance of the AL model to reproduce selected second-moment statistics obtained from

actual data as shown in Table 1. We focus on three type of moments: standard deviations,

contemporaneous correlations with in�ation and �rst-order autocorrelations. Regarding the

11The DSGE models are estimated using Dynare codes gently provided by Slobodyan and Wouters with a
few modi�cations to include term spread information in the PLM as described in equation (6).
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actual size of �uctuations, we observe that the AL model is able to match reasonably well the

standard deviation of in�ation and the growth rates of real variables: output, consumption,

investment and wages. A similar conclusion can be drawn by looking at the correlation of

in�ation with these real variables. Thus, the AL model is able to reproduce very well the

negative and low correlations of in�ation with the real variables. The AL model has more

trouble in replicating quantitatively actual persistence: it generates too much persistence.

This is particularly true in the case of in�ation and to a lesser extent in the real macroe-

conomic variables studied. As shown below, this estimated feature is induced by the high

persistence associated with the in�ation and consumption growth forecasts reported in the

SPF.

Table 1. Actual and simulated second moments

Actual data ∆c ∆inv ∆w ∆y π

Standard deviation 0.51 1.68 0.62 0.54 0.24

Correlation with π -0.30 -0.28 -0.29 -0.29 1

Autocorrelation 0.05 0.51 0.22 0.21 0.48

Simulated data ∆c ∆inv ∆w ∆y π

Standard deviation 0.53 1.61 0.63 0.70 0.26

Correlation with π -0.29 -0.26 -0.10 -0.30 1.0

Autocorrelation 0.26 0.70 0.57 0.48 0.97

3.3 Posterior estimates

Table 2 shows the estimation results for a selected group of parameters featuring both en-

dogenous and exogenous persistence for the AL and the RE versions of the model. In general,

most sources of endogenous persistence lose a great deal of importance. Thus, the estimates

of the habit formation parameter, h, and the elasticity of the cost of adjusting capital, ϕ,
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are much smaller under AL (0.31 and 1.02, respectively) than under RE (0.92 and 8.88,

respectively). Similarly, the price and wage probabilities as well as the elasticity of capital

utilization adjusting cost, ψ, are much smaller under AL than under RE whereas the oppo-

site occurs for the price and wage indexation parameters (ιp and ιw, respectively). Regarding

exogenous sources of price and wage markup persistence, we found contrasting results. Thus,

price markup shock persistence is lower under AL than under RE, whereas the opposite oc-

curs for wage markup shock persistence. Overall we observe that AL under the maintained

expectations hypothesis implied by multi-period forecasting results in lower estimates of the

parameters characterizing both endogenous and exogenous sources of persistence than the

ones implied by the RE hypothesis. These results are in line with those found in Eusepi and

Preston (2011).

Table 2. Selected parameter estimates

Priors AL model RE model

Distr Mean Std D Mean 5%-95% CI Mean 5%-95% CI

h: habit formation Beta 0.7 0.10 0.31 (0.21,0.44) 0.92 (0.91,0.93)

ϕ: cost of adjusting capital Normal 4.00 1.50 1.02 (0.69,1.37) 8.88 (8.46,9.50)

ψ: capital utilization adjusting cost Beta 0.5 0.15 0.22 (0.14,0.29) 0.37 (0.31,0.43)

ξp: price Calvo probability Beta 0.5 0.10 0.58 (0.51,0.66) 0.94 (0.93,0.95)

ξw : wage Calvo probability Beta 0.5 0.10 0.60 (0.53,0.67) 0.75 (0.70,0.81 )

ιp: price indexation Beta 0.5 0.10 0.85 (0.73,0.95) 0.11 (0.09,0.13)

ιw : wage indexation Beta 0.5 0.10 0.56 (0.39,0.77) 0.21 (0.15,0.27)

ρp: persistence of price markup shock Beta 0.5 0.20 0.67 (0.41,0.91) 0.997 (0.994,0.999)

ρw : persistence of wage markup shock Beta 0.5 0.20 0.94 (0.91,0.97) 0.83 (0.79,0.89)

log data density 216.70 186.20
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3.4 Impulse responses

Impulse responses to a term premium shock

Figure 1 shows the impulse responses to a term-spread innovation. The stability of learning

coe�cients associated with the PLM characterized only by the term spread implies that

the impulse response functions barely change over time.12 A positive term-spread shock

increases the future interest rate relative to the contemporaneous interest rate, which brings

forward consumption and investment decisions resulting in higher economic activity (output,

consumption and investment), in�ation and (short-term) nominal interest rate. The impulse

responses of all variables are hump-shaped capturing the gradual process of learning. This

hump-shaped feature is more pronounced in the nominal (in�ation and nominal interest rate)

variables than in the real variables (output and consumption). As emphasized in Aguilar and

Vázquez (2015), the introduction of AL extended with term structure information allows for

a feedback from the term structure to the macroeconomy through the learning dynamics that

is missing under RE.

Figure 1. Impulse responses to a term-spread innovation

12This fact explains why we only report the average impulse responses instead of showing the time-varying
impulse response functions. The stability of learning coe�cients is also due to the Great moderation period
studied in this paper.
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Figure 2. Impulse responses of output and in�ation
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Impulse responses of output and in�ation to alternative shocks

Figure 2 shows the responses of output and in�ation to a technology shock, a risk premium

shock, a wage markup shock and a monetary policy shock. The backward-looking feature

of AL dynamics results in hump-shaped (or alternatively U-shaped) impulse responses as

occurred for the responses to a term-spread innovation studied above. A positive technology

impulse decreases in�ation and increases potential output more than output initially, which

results in a lower output measured in deviations from the balanced growth path as shown in

the top-left graph. A positive risk premium innovation decreases aggregate demand, which

results in a fall in output and in�ation. A positive wage markup shock initially stimulates

aggregate demand by rising wages, which results in an increase in both output and in�ation.
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However, this increase in output does not last long as the higher labor costs lead to lower

production. Finally, a positive interest rate shock results in both lower output and in�ation

as expected.

3.5 Analysis of the PLM

Figure 3 shows the evolution over time of the PLM coe�cients for in�ation and consumption

expectations four quarters ahead. We focus on the four-quarter expectational horizon because

the 1-year term spread is the only observable term spread considered in the PLM. The

time-varying intercept of the PLM of in�ation (consumption) shows how agents' perception

about steady-state in�ation (balanced consumption-growth) changes over time. Thus, the

intercept of in�ation expectations captures the fall of in�ation expectations over the sample

period, whereas the (roughly constant) intercept of consumption captures the fairly constant

consumption growth expectations. The term-spread coe�cients associated with these two

PLM are negative, indicating that a higher 4-quarter bond yield today anticipate tighter

�nancial conditions in the future resulting in lower in�ation and consumption expectations.

Notice that the term-spread coe�cient of consumption's PLM is roughly eight times larger

than the one associated with the PLM of in�ation, which results in much larger swings in

consumption growth expectations than in in�ation expectations.

This last feature is consistent with the corresponding expectations four-quarters ahead

reported by the SPF as shown in Figure 4. Moreover, the left graph of this �gure shows

that the AL expectations generated by the model (red line) reproduces the SPF (blue line)

in�ation downtrend. Nevertheless, there is a positive gap between the in�ation expectations

from the SPF and the in�ation expectations from the AL model. The mean of this gap is

partially explained by the di�erence between the average of the 4-quarter ahead in�ation

forecasts in the SPF (0.69) and the average of actual in�ation (0.63) over the sample period,

indicating that the AL in�ation expectations generated by the model are closer to match

actual in�ation rather than SPF in�ation (see the �rst panel of Table 3 below). The graph
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on the right of Figure 4 shows that the AL model (red line) does a great job reproducing

both the timing and the large swings of consumption growth expectations reported by the

SPF (blue line).

Figure 3. PLM of in�ation and consumption expectations

Figure 4. Model's expectations versus SPF's forecasts on in�ation and consumption
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Table 3 shows descriptive statistics (mean, standard deviation and �rst-order autocorre-

lation) of in�ation and consumption growth four-quarters ahead expectations from the SPF
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and the model together with the statistics of in�ation and consumption growth from actual

data and the model. The �rst panel shows that model's expectations of in�ation and con-

sumption growth are lower on average than those reported in the SPF and actual data, but

model's expectations are closer to the latter. Regarding standard deviations, it is interesting

to observe that the SPF forecasts and model's expectations of consumption growth show a

similar volatility, but a much smoother behavior than the ones associated with both actual

and simulated data. This last feature is not shared by in�ation expectations. In this case,

only in�ation expectations from the model are slightly smoother than both actual data and

the SPF in�ation forecasts. Regarding persistence, both in�ation and consumption expecta-

tions from the SPF and the model are much more persistent than actual data persistence.

Moreover, both SPF forecasts and model's expectations share a similar degree of persistence.

These last two features may explain, on the one hand, why the model is generating higher

persistence than the one is observed as shown above in Table 1. On the other hand, they

also suggest that using the SPF forecasts to disciplining model's expectations can be at least

problematic because the former induces too much persistence in the latter, which results in

highly persistent synthetic time series.

Table 3. Descriptive statistics of in�ation and consumption growth

Mean π πet+4 ∆c ∆cet+4

Data/SPF forecasts 0.63 0.73 0.57 0.65

Model 0.70 0.53 0.53 0.52

Standard deviation π πet+4 ∆c ∆cet+4

Data/SPF forecasts 0.24 0.24 0.51 0.12

Model 0.26 0.16 0.53 0.10

Autocorrelation π πet+4 ∆c ∆cet+4

Data/SPF forecast 0.48 0.96 0.05 0.70

Model 0.96 0.96 0.26 0.78
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4 Conclusions

This paper considers multi-period forecasting (i.e. the maintained beliefs hypothesis) using

only real-time information in an estimated DSGE model with adaptive learning (AL). We

have extended the AL model of Slobodyan and Wouters (2012a) by introducing the term

structure of interest rates, which results in multi-period forecasting. While retaining the

feature of AL based on small forecasting models, our extension allows the term spread of in-

terest rates to fully characterize the forward-looking variables of the model in real time. We

view the use exclusively of real time information as a crucial step forward in the characteri-

zation of learning in estimated DSGE models. Moreover, the introduction of term structure

information in small forecasting models results in more stable perceived law of motions for

the forward-looking variables than those obtained when ignoring the term structure. This

�nding is important because AL schemes are often criticized for being arbitrary (see, for in-

stance, Adam and Marcet (2011) and references therein), and potentially amplifying the size

of �uctuations in an ad hoc manner. Furthermore, considering term structure information

in the agents learning process results in model expectations about consumption growth and

in�ation that resemble those reported in the Survey of Professional Forecasters.

Our estimation results show that the importance of most endogenous sources of aggregate

persistence (such as habit formation, Calvo probabilities, the elasticity of the cost of adjusting

capital, and the elasticity of capital utilization adjustment cost) decline dramatically when

the maintained beliefs hypothesis is incorporated through the term structure of interest rates

in optimal decision making, whereas the estimated persistence of structural shocks remains

rather high. These results are in line with those found by Eusepi and Preston (2011) in a

calibrated real business cycle model.
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Table A.1. Panel A: Priors and estimated posteriors of the structural parameters

Priors Posteriors

AL model RE model

Distr Mean Std D. Mean 5% 95% Mean 5% 95%

ϕ: cost of adjusting capital Normal 4.00 1.50 1.02 0.69 1.37 8.88 8.46 9.50

h: habit formation Beta 0.70 0.10 0.31 0.21 0.44 0.92 0.91 0.93

σl : Frisch elasticity Normal 2.00 0.75 1.47 0.63 2.21 1.23 1.11 1.35

ξp: price Calvo probability Beta 0.50 0.10 0.58 0.51 0.66 0.94 0.93 0.95

ξw : wage Calvo probability Beta 0.50 0.10 0.60 0.53 0.67 0.75 0.70 0.81

ιw : wage indexation Beta 0.50 0.15 0.56 0.39 0.77 0.21 0.15 0.27

ιp: price indexation Beta 0.50 0.15 0.85 0.73 0.95 0.11 0.09 0.13

ψ: capital utilization adjusting cost Beta 0.50 0.15 0.22 0.14 0.29 0.37 0.31 0.43

Φ : steady state price mark-up Normal 1.25 0.12 1.52 1.36 1.68 1.63 1.49 1.73

rπ : policy rule in�ation Normal 1.50 0.25 1.35 1.17 1.53 2.00 1.86 2.16

ρr : policy rule smoothing Beta 0.75 0.10 0.90 0.87 0.94 0.81 0.77 0.85

ry : policy rule output gap Normal 0.12 0.05 0.15 0.09 0.23 0.07 0.05 0.08

r∆y : policy rule output gap growth Normal 0.12 0.05 0.04 0.01 0.06 0.06 0.04 0.07

rsp: policy rule term spread Normal 0.12 0.05 0.06 -0.01 0.14 0.16 0.12 0.21

π: steady-state in�ation Gamma 0.62 0.10 0.77 0.70 0.84 0.69 0.60 0.78

100(β−1 − 1): steady-state rate of disc. Gamma 0.25 0.10 0.22 0.09 0.38 0.17 0.12 0.22

l: steady-state labor Normal 0.00 2.00 1.01 0.07 1.78 0.17 -0.14 0.53

γ: one plus st-state rate of output growth Normal 0.40 0.10 0.52 0.50 0.53 0.47 0.45 0.49

r̄{4}: steady-state 1-year yield Normal 1.00 0.50 1.18 0.90 1.44 1.38 1.29 1.47

α: capital share Normal 0.30 0.05 0.13 0.09 0.17 0.23 0.19 0.26

ρ: learning parameter Beta 0.50 0.28 0.73 0.69 0.77 - - -
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Table A.1. Panel B: Priors and estimated posteriors of the structural shock process parameters

Priors Posterior

AL model RE model

Distr Mean Std D. Mean 5% 95% Mean 5% 95%

σa: Std. dev. productivity innovation Invgamma 0.10 2.00 0.41 0.36 0.47 0.39 0.34 0.42

σb: Std. dev. risk premium innovation Invgamma 0.10 2.00 0.99 0.71 1.34 5.16 4.81 5.48

σg : Std. dev. exogenous spending innovation Invgamma 0.10 2.00 0.40 0.35 0.43 0.42 0.37 0.47

σi: Std. dev. investment innovation Invgamma 0.10 2.00 1.38 1.23 1.50 0.32 0.27 0.37

σR: Std. dev. monetary policy innovation Invgamma 0.10 2.00 0.10 0.09 0.12 0.11 0.09 0.12

σp: Std. dev. price mark-up innovation Invgamma 0.10 2.00 0.20 0.18 0.22 0.21 0.18 0.23

σw : Std. dev. wage mark-up innovation Invgamma 0.10 2.00 0.65 0.56 0.73 0.20 0.16 0.24

σ
η{2}

: Std. dev. 2-quarter yield innovation Invgamma 0.10 2.00 2.86 1.32 4.21 0.06 0.03 0.08

σ
η{3}

: Std. dev. 3-quarter yield innovation Invgamma 0.10 2.00 0.10 0.03 0.17 0.14 0.04 0.22

σ
η{4}

: Std. dev. 1-year yield innovation Invgamma 0.10 2.00 0.46 0.40 0.54 0.33 0.29 0.36

ρa: Autoregressive coef. productivity shock Beta 0.50 0.20 0.93 0.89 0.96 0.92 0.88 0.96

ρb: Autoregressive coef. risk-premium shock Beta 0.50 0.20 0.93 0.91 0.95 0.19 0.16 0.22

ρg : Autoregressive coef. exog. spending shock Beta 0.50 0.20 0.97 0.95 0.99 0.96 0.94 0.98

ρi: Autoregressive coef. investment shock Beta 0.50 0.20 0.90 0.84 0.95 0.73 0.67 0.81

ρR: Autoregressive coef. monetary policy shock Beta 0.50 0.20 0.56 0.46 0.65 0.37 0.29 0.46

ρp: Autoregressive coef. price markup shock Beta 0.50 0.20 0.67 0.41 0.91 0.997 0.994 0.999

ρw : Autoregressive coef. wage markup shock Beta 0.50 0.20 0.94 0.91 0.97 0.83 0.79 0.89

ρ{2}: Autoregressive coef. 2-quarter yield shock Beta 0.50 0.20 0.992 0.990 0.995 0.44 0.32 0.55

ρ{3}: Autoregressive coef. 3-quarter yield shock Beta 0.50 0.20 0.57 0.29 0.84 0.33 0.23 0.43

ρ{4}: Autoregressive coef. 1-year yield shock Beta 0.50 0.20 0.92 0.89 0.96 0.20 0.18 0.23

µp: MA coef. price mark-up shock Beta 0.50 0.20 0.56 0.36 0.79 0.996 0.993 0.998

µw : MA coef. wage mark-up shock Beta 0.50 0.20 0.28 0.13 0.41 0.54 0.46 0.65

ρga: Interact. betw. product. and spending shocks Beta 0.50 0.25 0.48 0.36 0.59 0.50 0.42 0.58

ρ{2}ξ: Interact. betw. 1- and 2-quarter yield shocks Beta 0.50 0.25 0.22 0.06 0.40 0.49 0.37 0.60

ρ{3}ξ: Interact. betw. 1- and 3-quarter yield shocks Beta 0.50 0.25 0.49 0.18 0.85 0.52 0.39 0.62

ρ{4}ξ: Interact. betw. 1- and 4-quarter yield shocks Beta 0.50 0.25 0.81 0.70 0.90 1.24 1.21 1.29
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Table A.1. Panel C: Priors and estimated posteriors of parameters describing the deviations of model and SPF expectations

Priors Posterior

AL model RE model

Distr Mean Std D. Mean 5% 95% Mean 5% 95%

σ
{1}
π : Std. dev. 1-q ahead in�ation expect. innov. Invgamma 0.10 2.00 0.08 0.07 0.09 0.08 0.07 0.09

σ
{2}
π : Std. dev. 2-q ahead in�ation expect. innov. Invgamma 0.10 2.00 0.06 0.06 0.07 0.07 0.06 0.08

σ
{3}
π : Std. dev. 3-q ahead in�ation expect. innov. Invgamma 0.10 2.00 0.07 0.06 0.08 0.07 0.06 0.07

σ
{4}
π : Std. dev. 4-q ahead in�ation expect. innov. Invgamma 0.10 2.00 0.06 0.05 0.07 0.07 0.06 0.07

σ
{1}
∆c : Std. dev. 1-q ahead cons. growth expect. innov. Invgamma 0.10 2.00 0.50 0.44 0.55 0.17 0.15 0.19

σ
{2}
∆c : Std. dev. 2-q ahead cons. growth expect. innov. Invgamma 0.10 2.00 0.10 0.09 0.11 0.12 0.11 0.13

σ
{3}
∆c : Std. dev. 3-q ahead cons. growth expect. innov. Invgamma 0.10 2.00 0.08 0.07 0.10 0.11 0.10 0.13

σ
{4}
∆c : Std. dev. 4-q ahead cons. growth expect. innov. Invgamma 0.10 2.00 0.06 0.06 0.07 0.09 0.08 0.10

ρ
{1}
π : persist. 1-q ahead in�ation expect. shock Beta 0.50 0.20 0.90 0.85 0.94 0.63 0.54 0.73

ρ
{2}
π : persist. 2-q ahead in�ation expect. shock Beta 0.50 0.20 0.89 0.85 0.93 0.74 0.69 0.80

ρ
{3}
π : persist. 3-q ahead in�ation expect. shock Beta 0.50 0.20 0.92 0.88 0.96 0.76 0.70 0.82

ρ
{4}
π : : persist. 4-q ahead in�ation expect. shock Beta 0.50 0.20 0.89 0.86 0.92 0.82 0.74 0.90

ρ
{1}
∆c : persist. 1-q ahead cons. growth expect. shock Beta 0.50 0.20 0.93 0.89 0.97 0.67 0.60 0.74

ρ
{2}
∆c : persist. 2-q ahead cons. growth expect. shock Beta 0.50 0.20 0.18 0.05 0.30 0.59 0.51 0.68

ρ
{3}
∆c : persist. 3-q ahead cons. growth expect. shock Beta 0.50 0.20 0.17 0.03 0.29 0.61 0.54 0.68

ρ
{4}
∆c : persist. 4-q ahead cons. growth expect. shock Beta 0.50 0.20 0.23 0.07 0.39 0.66 0.57 0.75

References

• Adam, Klaus. 2005. �Learning to forecast and cyclical behavior of output and in�ation.�

Macroeconomic Dynamics 9, 1-27.

• Adam, Klaus, and Albert Marcet. 2011. �Internal rationality, imperfect market knowledge

28



and asset prices.� Journal of Economic Theory 146, 1224-1252.

• Aguilar, Pablo A., and Jesús Vázquez. 2015. �The role of term structure in an estimated

DSGE model with learning.� IRES, Université catholique de Louvain Discussion Paper 2015-

7 .

• Branch, William A., and George W. Evans. 2006. �A simple recursive forecasting model.�

Economics Letters 91, 158-66.

• De Graeve, Ferre, Marina Emiris and Rafael Wouters. 2009. �A structural decomposition of

the US yield curve.� Journal of Monetary Economics 56, 545-559.

• Estrella, Arturo, and Gikas A. Hardouvelis. 1991. �The Term Structure as a Predictor of Real

Economic Activity.� Journal of Finance 46, 555-576.

• Estrella, Arturo, and Frederic S. Mishkin. 1997. �The predictive power of the term structure

of interest rates in Europe and the United States: Implications for the European Central

Bank.� European Economic Review 41,1375�1401.

• Eusepi, Stefano, and Bruce Preston. 2011. �Expectations, learning, and business cycle �uctu-

ations�. American Economic Review 101, 2844-2872.

• McCallum, Bennett T. 1994. �Monetary policy and the term structure of interest rates�.

NBER Working Paper 4938. Reprinted in the Federal Reserve Bank of Richmond Economic

Quarterly , Volume 91/4 Fall 2005.

• Milani, Fabio. 2007. �Expectations, learning and macroeconomic persistence.� Journal of

Monetary Economics 54, 2065-2082.

• Milani, Fabio. 2008. �Learning, monetary policy rules, and macroeconomic stability.� Journal

of Economic Dynamics and Control 32, 3148-3165.

• Milani, Fabio. 2011. �Expectation shocks and learning as drivers of the business cycle.�

Economic Journal 121, 379-401.

29



• Mishkin, Frederic S. 1990. �The information in the longer maturity term structure about

future in�ation.� Quarterly Journal of Economics 105, 815-828.

• Ormeño, Arturo, and Krisztina Molnár. 2014. �Using survey data of in�ation expectations in

the estimation of learning and rational expectations models.� Journal of Money, Credit, and

Banking 47, 673-699.

• Preston, Bruce. 2005. �Learning about monetary policy rules when long-horizon expectations

matter.� International Journal of Central Banking 1, 81-126.

• Orphanides, Athanasios, and John C. Williams. 2005a. �In�ation scares and forecast-based

monetary policy.� Review of Economic Dynamics 8, 498-527.

• Orphanides, Athanasios, and John C. Williams. 2005b. �The decline of activist stabiliza-

tion policy: Natural rate misperceptions, learning, and expectations.� Journal of Economic

Dynamics and Control 29, 1927-1950.

• Sinha, Arunima. 2015. �Government debt, learning and the term structure.� Journal of

Economic Dynamics and Control 53, 268-289.

• Sinha, Arunima. 2016. �Learning and the yield curve.� Journal of Money, Credit, and Banking

48, 513-547.

• Smets, Frank R., and Rafael Wouters. 2007. �Shocks and frictions in US business cycles: A

Bayesian DSGE approach.� American Economic Review 97, 586-606.

• Slobodyan, Sergey, and Rafael Wouters. 2012a. �Learning in a medium-Scale DSGE model

with expectations based on small forecasting models.� American Economic Journal: Macroe-

conomics 4, 65-101.

• Slobodyan, Sergey, and Rafael Wouters. 2012b. �Learning in an estimated medium-Scale

DSGE model.� Journal of Economic Dynamics and Control 36, 22-46.

30



• Vázquez, Jesús, Ramón María-Dolores, Juan M. Londoño. 2013. �On the informational role of

term structure in the US monetary policy rule.� Journal of Economic Dynamics and Control

37, 1852-1871.

31



Appendix

Set of the remaining log-linearized dynamic equations:

• Aggregate resource constraint:

yt = cyct + iyit + zyzt + εgt , (10)

where cy = C
Y = 1−gy− iy, iy = I

Y = (γ − 1 + δ) KY , and zy = rk KY are steady-state ratios. As

in Smets and Wouters (2007), the depreciation rate and the exogenous spending-GDP ratio

are �xed in the estimation procedure at δ = 0.025 and gy = 0.18.

• Investment equation:

it = i1it−1 + (1− i1)Etit+1 + i2qt + εit, (11)

where i1 = 1
1+β

, and i2 = 1

(1+β)γ2ϕ
with β = βγ(1−σc).

• Arbitrage condition (value of capital, qt):

qt = q1Etqt+1 + (1− q1)Etr
k
t+1 − (Rt − Etπt+1) + c−1

3 εbt , (12)

where q1 = βγ−1(1− δ) = (1−δ)
(rk+1−δ)

.

• Log-linearized aggregate production function:

yt = Φ (αkst + (1− α)lt + εat ) , (13)

where Φ = 1 + φ
Y = 1 + Steady-state �xed cost

Y and α is the capital-share in the production

function.13

• E�ective capital (with one period time-to-build):

kst = kt−1 + zt. (14)

13From the zero pro�t condition in steady-state, it should be noticed that φp also represents the
value of the steady-state price mark-up.
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• Capital utilization:

zt = z1r
k
t , (15)

where z1 = 1−ψ
ψ .

• Capital accumulation equation:

kt = k1kt−1 + (1− k1)it + k2ε
i
t, (16)

where k1 = 1−δ
γ and k2 =

(
1− 1−δ

γ

) (
1 + β

)
γ2ϕ.

• Marginal cost:

mct = (1− α)wt + αrkt − εat . (17)

• New-Keynesian Phillips curve (price in�ation dynamics):

πt = π1πt−1 + π2Etπt+1 − π3mct + π4ε
p
t , (18)

where π1 =
ιp

1+βιp
, π2 = β

1+βιp
, π3 = A

1+βιp

[
(1−βξp)(1−ξp)

ξp

]
, and π4 =

1+βιp
1+βιp

. The coe�cient

of the curvature of the Kimball goods market aggregator, included in the de�nition of A, is

�xed in the estimation procedure at εp = 10 as in Smets and Wouters (2007).

• Optimal demand for capital by �rms:

− (kst − lt) + wt = rkt . (19)

• Wage markup equation:

µwt = wt −mrst = wt −
(
σllt + 1

1−h/γ (ct − (h/γ) ct−1)
)
. (20)

• Real wage dynamic equation:

wt = w1wt−1 + (1− w1) (Etwt+1 + Etπt+1)− w2πt + w3πt−1 − w4µ
w
t + εwt . (21)
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where w1 = 1
1+β

, w2 = 1+βιw
1+β

, w3 = ιw
1+β

, w4 = 1
1+β

[
(1−βξw)(1−ξw)

ξw((φw−1)εw+1)

]
with the curvature of

the Kimball labor aggregator �xed at εw = 10.0 and a steady-state wage mark-up �xed at

φw = 1.5 as in Smets and Wouters (2007).
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