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RECURSIVE INATTENTIVENESS
WITH HETEROGENEOUS
EXPECTATIONS

LENA DRAGER
University of Hamburg

We model agents’ endogenous updating of information sets over time under changing
macroeconomic conditions. Building on sticky information models, the degree of
inattentiveness is endogenized by allowing agents to choose between a costly
full-information predictor and a costless sticky-information predictor. This is modeled as
a choice between discrete alternatives under rational inattention. Recursive simulation
shows that the dynamic equilibrium paths of aggregate variables are highly persistent and
match the moments of U.S. data better than a model with fixed sticky information or with
sticky prices, especially with regard to higher moments and the degree of persistence.
Predictors are chosen in line with the predictions from rational inattention models, as the
aggregate degree of attentiveness increases with rising variance of the forecast variable.
Moreover, the model can generate hump-shaped impulse responses of inflation to a
monetary policy shock if the degree of inattentiveness is sufficiently high.

Keywords: Sticky Information, Recursive Inattentiveness, Rational Inattention,
Heterogeneous Expectations, DSGE Models

1. INTRODUCTION

How do agents form expectations regarding future inflation or output if they
are subject to information constraints? Sticky information models of Mankiw
and Reis (2002, 2003, 2007), as well as Ball et al. (2005), propose that agents
have a given probability A of being able to update their information set each
period, which is motivated by costs related to the acquisition and processing of
information. Information thus becomes “sticky” and although agents are assumed
to be rational, they may nevertheless be forced to form expectations based on
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outdated information. As in the Calvo (1983) pricing model, the probability A of
updating information is given exogenously and, thus, not related to a specification
of the acquisition and processing costs.!

In a related class of models, the concept of “rational inattention” is proposed
by Sims (2003) as a more general approach to modeling agents’ limitations in the
processing of information. Similarly to models with sticky information, agents
are assumed to be rational, but nevertheless have a limited capacity for processing
information. Thus, agents rationally choose to remain inattentive to certain bits of
information.

In addition to these theoretical advances, there exists ample evidence in the lit-
erature that expectations from survey as well as experimental data show persistent
heterogeneity and frequent switching between different predictors [e.g., Thomas
(1999); Hommes et al. (2005); Hommes (2011); Pfajfar and Zakelj (2011)] and
that the degree of attentiveness varies significantly over time. Branch (2007)
compares the standard sticky information model with a version where agents
may choose their recursive updating frequencies, derived in Branch (2004). The
author finds that a model with time-varying updating frequencies provides a bet-
ter fit to survey data on consumers’ inflation expectations from the Michigan
Survey of Consumers, where the proportions of agents choosing each frequency
vary over time. Cornea et al. (2012) estimate a model with time-varying switch-
ing between fundamentalist and naive predictors for inflation dynamics in the
United States and report that the data imply substantial time variation in beliefs.
Using the rotating panel dimension of the survey, where some households are
reinterviewed after six months, we can moreover directly calculate the share of
households that updated their qualitative inflation expectations between inter-
views, i.e., the average degree of attentiveness regarding inflation [see Drager
and Lamla (2012)]. The time-varying share of households with updated short-run
qualitative inflation expectations from the Michigan survey is shown in Figure 1,
where the shaded areas denote recession periods as defined by the NBER. The
updating share varies cyclically between about 20% and 60% and rises during
recessions, implying that consumers increase attention to inflation during these
periods.

In line with the empirical evidence on time-varying attentiveness, the question
analyzed in this paper therefore is as follows: How are agents’ costly information
updates related to changes in the macroeconomic environment? We propose a link
between the sticky information and the rational inattention model and endogenize
the probability of obtaining the new information set, A, as the outcome to a discrete
choice under rational inattention between a costly full information predictor and
a costless sticky information predictor. The main novelty of the paper is that our
approach yields a time-varying and state-dependent probability A; of choosing
forecasts with full information in a general equilibrium setting. This allows us
to address the empirical evidence of time-varying inattentiveness and to analyze
feedback effects between the aggregate degree of inattentiveness and the evolution
of the model economy over time. Note that by allowing that all agents may choose
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FIGURE 1. The degree of attentiveness regarding inflation from U.S. households microdata.
Source: Microdata from the University of Michigan Survey of Consumers, own calculations.
The degree of attentiveness is calculated as the share of households that change their inflation
expectations within six months. Shaded areas denote recession periods as defined by the
NBER.

the costly full information predictor, our model nests the full information rational
model as a limiting case.

In our model with recursive inattentiveness, agents face two optimization prob-
lems: On one hand, households and firms optimize expected utility and profits,
subject to their individual expectations. On the other hand, agents in each period
choose the optimal predictor under rational inattention, subject to a discrete choice
between a costly full information predictor and a costless sticky information pre-
dictor. This is modeled building on Matéjka and McKay (2011), who show that,
under the assumption of a priori symmetric options, the multinomial logit model
emerges as the optimal strategy of a decision maker with discrete choices under
rational inattention. We apply their approach to the choice between predictors
and then solve the model recursively each period, yielding a dynamic equilibrium
path for aggregate output, inflation, and nominal interest rates with a time-varying
probability of choosing the full information predictor ;.

We compare numerical simulations of aggregate variables from our model with
results from a model with sticky information and a fixed degree of inattentiveness
A, and from a model with sticky prices and full information rational expectations.
As a benchmark, we use detrended U.S. data on real output growth, CPI inflation,
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and short-run nominal interest rates. Generally, our model with recursive inatten-
tiveness matches the moments of U.S. data best, especially with respect to higher
moments such as skewness and kurtosis. Moreover, the high degree of persistence
generally found in the U.S. data is matched best by our model. Especially in
the case of inflation, our model yields strong endogenous persistence, whereas
neither the sticky information nor the sticky price model can produce significant
inflation persistence, because we omit autocorrelated shocks and a lagged inflation
term. In that sense, our model also relates to the models with boundedly rational
inflation expectations in Ball (2000), Lansing (2009), and De Grauwe (2011),
who find that their models yield strong persistence in inflation. However, our
model has the advantage of nesting full information expectations as a special
case.

Analyzing agents’ degree of attentiveness to output and inflation, we find
that attentiveness is positively correlated with the variance of the variable to
be forecasted. Hence, agents behave in line with the predictions of rational inat-
tention models, where a higher variance of the forecasted variable is a signal
to devote more attention to that variable [Mackowiak and Wiederholt (2009)].
Although the recursively simulated degree of attentiveness to inflation is more
volatile, it matches the amplitude and cyclical behavior of the empirical mea-
sure from households’ inflation expectations, shown in Figure 1, reasonably
well.

Finally, regarding the effects of a monetary policy shock on aggregate inflation
and output, we find that the model can replicate the stylized fact of a hump-
shaped impulse response of inflation if the degree of inattentiveness is sufficiently
high, whereas impulse responses of output are persistent, but not hump-shaped.
However, in periods with a high degree of attentiveness to output and inflation,
impulse responses are stronger and peaked.

Our model with recursive inattentiveness is related to the literature on hetero-
geneous expectations, which frequently employs the multinomial logit model for
probabilistic choices between different predictors. Starting with the seminal paper
by Brock and Hommes (1997), the multinomial logit is usually motivated by its
derivation from a random utility model and is also frequently applied in discrete
choice theory [see for instance Manski and McFadden (1981)]. The models of
Brazier et al. (2008) and De Grauwe (2010) employ the multinomial logit to
analyze switching over time between optimistic/pessimistic heuristics or between
predictors based on lagged inflation and the official inflation target, respectively.
Recently, Anufriev et al. (2013) used a similar model with heterogeneous expec-
tations to study the role of monetary policy in stabilizing the economy.

In addition to the models with heterogeneous expectations, our approach is
related to a number of models in the literature on sticky information and on
rational inattention. In a sticky information model, as in Ball et al. (2005), Branch
et al. (2006, 2009) derive the optimal degree of inattentiveness by firms. In their
model, firms choose their optimal information updating probability in relation to
an economywide degree of inattentiveness and subject to a fixed information cost.
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The authors show that a symmetric Nash equilibrium degree of inattentiveness
exists. Our approach differs from theirs in that we analyze changes in endogenous
inattentiveness over time and via the recursive solution we allow for feedback
from the time-varying degree of inattentiveness to the model evolution.

From the literature on rational inattention, the model in Woodford (2009) is
most closely related to our approach. Woodford (2009) presents a model of state-
dependent pricing by firms with rational inattention, where Bayesian firms face
costs related both to the updating of information and to receiving a signal on
possible normalized prices. The probability of updating information is governed
by a hazard function, which is given as a function of the firm’s normalized price.
The model in Woodford (2009) differs from ours, because it focuses on the problem
of a single firm, whereas in this paper we study a general equilibrium economy
to analyze the interdependence between changes in the degree of inattentiveness
and the evolution of the macroeconomy. Other relevant approaches include those
of Adam (2007, 2009), Mackowiak and Wiederholt (2009, 2010), and Paciello
and Wiederholt (2014), as well as Hahn (2014), who present models with rational
inattention of firms, solving for the equilibrium degree of inattention and analyzing
optimal monetary policy and the role of policy transparency.

The remainder of the paper is structured as follows. The model is derived and
discussed in Section 2. Results of the model simulations with recursive inatten-
tiveness are then given in Section 3. Finally, Section 4 summarizes and concludes.

2. THE MODEL

Our model takes the form of a New Keynesian DSGE model as in Clarida et al.
(1999) or Woodford (2003), but includes flexible prices and heterogeneous ex-
pectations. We assume flexible prices in line with the sticky information models
in Mankiw and Reis (2002, 2003, 2007), where the only rigidity comes from
stickiness in information. The model economy is populated by a large number of
infinitely lived households with identical preferences and endowments, which may
differ with respect to their expectations regarding inflation and output. Households
maximize expected utility subject to their budget constraint and to heterogeneous
expectations. A large number of firms produce differentiated consumption goods
under monopolistic competition and flexible prices. In addition, we assume that
firms are owned by households and maximize expected profits subject to their
production function, heterogeneous expectations, and households’ demand.

The optimization problem regarding the optimal predictor is assumed to take
place after the maximization of expected utility or profits. Thus, heterogeneous
expectations are introduced ex post into aggregate macroeconomic relationships,
after the derivation of the aggregate New Keynesian IS curve and the sticky
information Phillips curve. This approach is quite common in the literature on
heterogeneous expectations, and also in the learning literature; see for instance
Branch and Evans (2011), De Grauwe (2011), and Branch et al. (2013), as well as
Berardi and Duffy (in press).

https://doi.org/10.1017/51365100514000741 Published online by Cambridge University Press


https://doi.org/10.1017/S1365100514000741

1078 LENA DRAGER

2.1. Heterogeneous Expectations

In the sticky information literature, the aggregate forecast E, consists of an infinite
sum of expectations formed under current and past information sets, weighted with
the fixed exogenous probability of obtaining new information A [Mankiw and Reis

(2002)]:
E =2 (1-2) E;()
=0
=RE(x) + (1= R) RE 1 (x) + (1 = A) RE 2(x) ... 1)

Allowing for a time-varying probability A, of obtaining the full information fore-
cast, i.e., a time-varying degree of attentiveness, the aggregate forecast is derived
as a convex combination of the full information forecast and past expectations
under sticky information:

E/(x) = ME(x) + (1 = A)E,_ 1 (x)
= X,E,(x) + (1 - )Lz)}hz—lEz—l(x)

A=A = A DA2Eo(x) + .. .. 2)

Because the expression in (2) requires following the dynamics of A, up to ( — 00),
past expectations under sticky information, E_l(x), are approximated in our
model by setting the weights A,_; = A Vj=1,2,....The weight » may also
be interpreted as the past average degree of attentiveness.> Thus, we assume that
past changes in the probability of obtaining the full information forecast are not
reflected in E,_;. Note, however, that this simplifying assumption affects only
the weights on past expectations, whereas the forecasts E;_;(x) are recursively
updated each period and thus account for the effect of changes in A; on the realized
forecastsup to ¢t — j.

Agents in the model thus face a discrete choice between two predictors: The
full information predictor denoted as Ef' = E,, on one hand, and the sticky
information predictor given by Ef' = A Y72 (1 — 1)/ E;_;_, on the other hand.
Aggregate forecasts are then obtained as the heterogeneous expectations index
E,(x):

E,(x) = M E"(x) + (1 = 1) E}'(x)
=ME@+ =AY (1-1) Eioj)
j=0
=ME () + 1 =) AE () + (1 =2) (1 =X AE 20 +.... ()

As argued in Branch (2007), switching between predictors under full or outdated
information is logically consistent if information is costly and if agents obtain
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the forecast, but not the method. Information costs related to the obtaining and
processing of new information provide the general motivation for sticky infor-
mation [see Ball et al. (2005); Reis (2006a, 2006b); and Branch et al. (2009)].
In our model, information costs may be thought of as the cost of acquiring and
incorporating the most recent expert forecast. The sticky information forecast
may thus be regarded as being obtained from nonexperts and includes own past
forecasts subject to some degree of memory loss.*

If agents switch from using the sticky information forecast to using the full
information forecast at the beginning of period ¢, they pay the information cost
and obtain the expert forecast incorporating all information up to period ¢. Because
as a result of the recursive structure of the model forecasts are reestimated each
period, when switching from sticky to full information it is optimal to use only
the most recent, full information, forecast. However, if agents switch from using
the full information to the sticky information forecast at the beginning of period
t, they are assumed to suffer from a certain memory loss because their own past
forecast in period ¢ — 1 enters only with weight A into the sticky information
forecast. Following Branch (2007), we argue that this is nevertheless consistent
if agents obtain forecasts from external sources, because then they do not discard
important information when forming expectations themselves, but rather suffer
from memory loss regarding their obtained forecasts.?

In order to be able to derive the aggregate heterogeneous expectations index
E, (x) in equation (3), we furthermore make the simplifying assumptions that, on
the average, agents do not expect changes in the composition of average future
expectations E ++j (x) and that agents have the same expectations regarding limiting
real income. This means that the law of iterated expectations is assumed to hold
also across predictors, thus ruling out an effect of higher-order beliefs [Branch
and McGough (2009)].5

2.2. Aggregate Supply and Demand

Aggregate demand in our model is derived from the standard utility maxi-
mization problem in DSGE models, where we allow for heterogeneous ex-
pectations. Because the demand side of the model follows a standard DSGE
setup, we omit detailed derivations and refer the reader to the survey in Clarida
et al. (1999) for the derivation of the New Keynesian IS curve. From house-
holds’ utility maximization problem, we get the individual log-linearized Euler
equation

R . 1.
&j=El¢j— ;(lz — Elm40), 4)

where ¢, ; denotes the consumption of agent j, f, is the nominal interest rate, 77,4
is the next period’s inflation rate (all variables with a circumflex are measured in
deviations from the steady state), and the individual expectations operator is E; .
Note that the specification of the Euler equation in (4) implicitly assumes that all
agents can observe deviations of the current nominal interest rate from its steady
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state in i,. This assumption can be interpreted as representing the willingness of
all agents to pay for the costs related to processing information on changes in the
interest rate set by the central bank.

The aggregation of individual Euler equations in (4) thus calls for an aggregation
of heterogeneous predictors in E;. We apply the aggregate heterogeneous expec-
tations index E,, as defined in equation (3): E, (x) = A, EF'(x) + (1 — A,) ESl(x).
Noting that market clearing implies §, = ¢ + u;,’ we thus get an expression for
aggregate output §, in terms of the New Keynesian IS curve with heterogeneous
expectations:

A = A 1 2 =~
Vv =E 941 — ;(lt —Em) +u
R 1
=ME | D1 + ;771+1

— iy . 1 1,
F U =AY A =R Eyj | $ipr + =1 | — =i + . )
= o o

Aggregate supply is derived as in Mankiw and Reis (2002) and Ball et al. (2005),

assuming flexible prices and allowing for sticky information and heterogeneous

expectations. Again, we refer to Mankiw and Reis (2002) and Ball et al. (2005)

for detailed derivations. From firms’ profit maximization problem, we get firm

i’s optimal price under flexible prices p;;, given their individual expectations
E:

ﬁ;k,i = E;l [P+ ¢i], 6)

where p, denotes the aggregate price index and ¢, measures real marginal costs.
Assuming that all agents are subject to sticky information, Ball et al. (2005) derive
from (6) the sticky information Phillips curve with the output gap instead of real
marginal costs:
VA o TNS Ty C
——=(F =) +AD_ A=A Eyj [+ VA(S — 57) + Ael]
j=0

Ty = —
T

T )
—e,

11—

where the output gap (§; — J;') is defined as the deviation of output from the full

information, flexible price output y;', which is driven by an i.i.d. technology shock.

Note that e, is an i.d.d. cost-push shock resulting, for instance, from unexpected

wage or tax changes and A is the exogenous probability of an information update.

Because our aim is to endogenize A, heterogeneous expectations are introduced

into the aggregate supply equation in (7) as before, so that we get aggregate
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heterogeneous expectations formed in period ¢ — 1 regarding current values in #:

X ~
m=K_X(yt—f’f)"“E’—l[n’_H/fA(yt_y’n)]
et+)”z l— Ez 1— /Aeh
x
7 = lw_—x(ﬁt =3+ M B [+ A= 57)]

+ (1 —Xx_ 1)).2 1— Ez 2— /[nr'i‘l/fA( -9zn)]

e,—l—kz (1=2) E,1_;Ae,. 8

Note that we assume heterogeneous expectations only with respect to inflation
and the output gap, and not with respect to changes in the cost-push shock e;.

2.3. Monetary Policy Rule

As usual in the New Keynesian DSGE framework, our model is closed by defining
amonetary policy rule. In line with the sticky information DSGE model in Mankiw
and Reis (2007), we assume a Taylor rule with interest rate smoothing, targeting
actual values of inflation and the output gap:

I = pili—1 + (1= ) (et + sy (0 — 51) ] + 11, 9)

where 7, is an i.i.d. shock to monetary policy. Note that we assume the central
bank to perfectly perceive current values of inflation and the output gap, while at
the same time accounting for the heterogeneity in agents’ expectations implicitly
contained in realized values of inflation and the output gap.

2.4. Endogenous Inattentiveness as a Discrete Choice under Rational
Inattention

Finally, the choice between forecasts under full or sticky information is modeled
as an optimization problem under rational inattention. As defined in Sims (2003),
the notion of rational inattention implies that the true values of the options can
be investigated, but because of agents’ limited information processing capacity,
it is too costly to know them with certainty. In our model, this means that agents
have an idea of the relative performance of the two predictors, but are not sure
about the true values. This leads to some noise in the decision process and, thus,
to probabilistic choices.® We argue that the choice between forecasts under full
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or sticky information can be regarded as symmetric a priori, because although
forecasts under full information will generally be more accurate than those under
sticky information, the costs for the full information forecast may render the
sticky information forecast relatively more attractive if the difference in forecast
accuracy is sufficiently small. Hence, agents do not know a priori which predictor
will be more attractive in a given period, so that their prior probability of choosing
each predictor without any processing of information is exactly 1/2. Therefore,
we apply the framework in Matéjka and McKay (2011) to derive the probabilistic
choice between forecasts as the outcome to an optimization problem under rational
inattention with discrete and symmetric options.’

We assume that predictor attractiveness of forecasts under full or sticky infor-
mation is negatively affected by their past mean squared forecast errors. In the case
of the full information predictor, its attractiveness is additionally reduced by the
fixed cost CF!, which has to be paid every period because of the recursive structure
of the model. Measuring forecast performance by its mean squared forecast error
is common in the literature on heterogeneous expectations; see for instance Branch
(2007), De Grauwe (2010), and Branch and Evans (2011).°

The attractiveness of a predictor i, V', is thus given by the following expressions
for the full information and the sticky information predictor, respectively:

V,FI = - [(ﬁt—l - Et—zﬁz—l)2 + CFI] ’ (10)
2

oo
V==& =AY (=R Ejosfin | (11
j=0

where % denotes the variable being forecasted. Under rational inattention, we
assume that agents cannot fully perceive the true values of V = (VF, VSI), but
instead have some prior knowledge of the predictors’ attractiveness given by the
joint pdf g(V). Moreover, agents receive signals on the choices i, where 1 (V; i)
denotes the so-called mutual information defined as the reduction in entropy of
V due to the information in the signal on option i. With N discrete options, we
thus get a collection { f (V|z)}l 1» where f (Vi) is the conditional posterior on
V given choice i. Note that in our model N = 2. Finally, agents’ information
processing capacity is denoted by «. We assume that « is given exogenously and
limits the amount of information processed in the mutual information given choice
i, [(V;i).

The optimization problem under rational inattention can thus be stated as fol-
lows. Agents choose a collection { f (V|l)}l,l to maximize the expected value
of predictor attractiveness V subject to their information processing constraint.
Because agents may switch between forecasts each period, the problem is stated
as a static optimization problem, omitting time indices:

max Z/ ViF(V]dV, (12)

{f(VIDL,
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S.t.

I(V;i) <k 13)
Y FWi) = g(v), (14)

where the last constraint imposes that the conditional posteriors are consistent with
the prior. From the first-order conditions, the probability of choosing the forecast
i, given a set of values in V/, is then derived as'!

eV'/u

X

where v is the Lagrange multiplier on the information constraint and can thus be
interpreted as the shadow cost of information on forecast attractiveness. Denoting
the probability of choosing the full information forecast in period ¢ by A;, we thus
get

P(|V) = 15)

erH/V

A= (16)

The probability of choosing the full information forecast under rational inattention
is thus given by a multinomial logit map that evaluates the relative attractiveness
of the full information predictor.'> A higher forecast performance relative to the
sticky information predictor thus leads to a higher probability of agents choosing
the full information forecast. The shadow cost of information on the predictor’s
attractiveness, v, reduces the effect of actual values V on the selection probability
A.: With high v, information on forecast attractiveness is very costly, so that
agents will base their decision more on their priors and less on actual values V.
Conversely, as v — 0, information on forecast attractiveness becomes costless
and agents will choose the best forecast with probability one.

Finally, because in our model agents form expectations regarding output and
inflation, we define two choice mechanisms for the probability of choosing the
fully informed output and the inflation forecast, respectively. Even though both
inflation and output are affected by the same shocks driving the economy, by
allowing separate choice mechanisms we can account for the different coefficients
attached to each shock in the dynamic processes for inflation and output. Hence,
although the more general case would be a model with one choice mechanism
for expectations regarding all macroeconomic variables, we argue that separate
choices allow a more detailed distinction between the variables’ dynamics and the
resulting predictor attractiveness. Moreover, they provide a way to analyze feed-
back effects between the chosen degree of inattentiveness and the macroeconomic
outcome, as well as the response to macroeconomic shocks separately for output
and inflation.
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We thus get for the time-varying degree of attentiveness to output, A}, and
inflation, AT,

y gV\Flr/V
A = ST a7
erI//v
A= ————— (18)

evvFlr/V + eV,va,/V ’

where V, ; and V;, are the measures of forecast attractiveness with respect to
output and inflation, respectively.

2.5. Solution

For the solution of the model, we account for the infinite sum of lagged expectations
in the sticky information predictor with the algorithm presented by Meyer-Gohde
(2010). The author accounts for the infinite sum of lagged expectations by calcu-
lating matrices of limiting coefficients as the sum approaches minus infinity. The
algorithm then solves for the undetermined coefficients of the MA(co) representa-
tion with a generalized Schur decomposition, using the limiting coefficients as an
approximation for the infinite horizon of lagged expectations. With the algorithm
of Meyer-Gohde (2010), we thus solve for the equilibrium numerically.'3

Because the degree of inattentiveness enters the model’s equilibrium conditions
as a time-varying coefficient, we follow Brock and Hommes (1997) and solve
the model recursively over time, yielding simulated equilibrium time paths for
aggregate variables. Specifically, the timing of events is as follows: Starting from
an initial simulation, at the beginning of period ¢ agents evaluate the performance
of their predictor in period ¢t — 1 under rational inattention, and the aggregate
probability of choosing the full information predictor in ¢ is determined via the
multinomial logit maps given in equations (17) and (18). Given the new values
of A] and A7, the model is solved and the equilibrium MA(o0) representation is
found. With the new solution and an exogenous vector of shocks, the model is
simulated for period ¢. Again, agents evaluate their predictor’s performance and
probabilistically decide on their predictor, thus defining the aggregate degree of
inattentiveness A, 41 and A7 ,. These feed back into the model solution for period
t + 1, and so forth.

As discussed in Brock and Hommes (1997) in their model with switching
between a rational and an adaptive predictor, complicated equilibrium dynamics
with chaotic behavior may arise under certain parameterizations with a sufficiently
high intensity of choice. We thus check for the stability of the steady state for a
range of initial shocks with standard deviations —0.03 < 7, < 0.03 and —0.03 <
7 < 0.03, as well as a range of Taylor rule coefficients 0 < e < 2 and
1 < py < 2(keeping 1/v constant at the baseline value) and a range of parameters
for the inverse of the shadow cost of information on predictor attractiveness 0 <
1/v < 40,000 (keeping (., and p1ye constant at the baseline value). Across these
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TABLE 1. Parameter values for calibration

Baseline model:

Parameter McCallum (2001)
Intertemporal elasticity of substitution 1/o 0.4
Coefficient of relative risk aversion o 2.5
Inverse of Frisch elasticity of labour supply n 1
Elasticity of substitution between goods % 35
Coefficient on output gap from PC V=7 :ﬂ 0 0.097
Weight of inflation target Taylor rule - 1.5
Weight of output Taylor rule L yeap 0.5
Interest smoothing Taylor rule Wi 0.8
AR term technology shock Cliech 0.950
Std IS shock Ty 0.015
Std PC shock Ty 0.015
Std MP shock T 0.01
Std technology shock Tiech 0.007
Calibration of switching parameters
Initial degree of attentiveness to output Adnit 0.5
Initial degree of attentiveness to inflation it 0.5
Average past attentiveness A 0.2
Inverse of shadow cost to attention 1/v 4000
Information cost w.r.t. output cH 0.001
Information cost w.r.t. inflation ch 0.0001

ranges, the model always converges toward its steady state with § = # = = 0
(measured in deviations from the steady state). It thus seems that dynamics dies
out quickly if the system is no longer subjected to exogenous shocks.'*

3. RESULTS

This section presents results from numerical simulations of the model with re-
cursive and endogenous inattentiveness. We define the model as quarterly and
simulate over 1,500 periods, where the first 500 periods initialize the model and
produce lagged expectations and are dropped consequently. Calibration parame-
ters of the model correspond closely to the calibration in McCallum (2001) and
are given in Table 1. Because the parameters n and 6 are not included in the
McCallum (2001) model, we set values to obtain a value for i similar to the one
estimated in Mankiw and Reis (2007). The average past probability of choosing
the full information predictor, X, is calculated from households’ microdata on
inflation expectations in the University of Michigan Survey of Consumers, shown
in Figure 1. We find a mean value of 0.4 over six months, which gives a value
of A = 0.2 for a quarterly model. Note that this is close to the value set for
the exogenous probability of updating in Mankiw and Reis (2002) (A = 0.25).1
Furthermore, we set inital values of A;"™ to 0.5.
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In a recent approach, Cornea et al. (2012) estimate the inverse of the shadow
cost of attention to predictor accuracy, or the intensity of choice, 1/v, for a
model with backward- and forward-looking expectations regarding inflation for
the United States. The authors report a value of 1/v ~ 4, where the attractiveness
of predictors is measured by their relative absolute forecast errors (whose order of
magnitude is 10~"). Note that the order of magnitude of 1/v varies with V. In our
model with squared forecast errors, V' regarding different predictors for inflation
and output varies in the range from 107> to 1073, We thus apply the mean order
of magnitude 10~* and set 1/v = 4,000 in the calibration.!®

Regarding the costs of obtaining the full information forecast C*! in equation
(10), we aim at finding values for C™! that minimize the absolute difference between
the average attractiveness measures V' and V5! in the case of inflation and output
expectations. This is important because our model assumes that expectations
under full or sticky information are equally attractive a priori. Additionally, we
want to keep the calibration of the model as parsimonious as possible, i.e., without
imposing any structural difference in the choice of predictors for inflation and
output. We run a grid search over the values 0 < C™ < 0.004 for both output
and inflation expectations to determine the costs Cfl and CEI. [VEL — VS s
minimized for C}' = 0.001 for output expectations and C}' = 0.0001 for inflation
expectations, which we use as parameters for our calibration. Note that the higher
cost for full information regarding output is due to the larger variance of output
relative to inflation in our model, which results in larger average forecast errors
under sticky information relative to errors under full information.!” For both
inflation and output expectations the mean degree of attentiveness, A."", decreases
as C™ rises and vice versa.

To keep the model as parsimonious as possible, we set the standard deviation
of demand and cost-push shocks on output and inflation equal at 7, = 7, = 0.015
percentage points. Additionally, we assume no autocorrelation in the shocks and
do not include any lagged endogenous variables, except for the technology shock
on natural output ;" and the interest-rate smoothing parameter in the Taylor rule.

3.1. Endogenous Persistence and Higher Moments of Aggregate Variables

First, we analyze simulated equilibrium time paths of output, inflation, and the
nominal interest rate. As described in Section 2.5, these should be understood as
dynamic equilibria, which are computed recursively over time as the equilibrium
solutions of the model economy, given exogenous shocks and time-varying degrees
of inattentiveness.

In Table 2, we compare the summary statistics of simulated aggregate variables
from our model with those from simulations of a model with a fixed degree of
inattentiveness A = 0.2, and of a standard DSGE model with sticky prices and
full information rational expectations.'® The sticky price DSGE is simulated with
the calibration in McCallum (2001), which gives a degree of price stickiness
equal to ¥k = 0.03. To facilitate comparison of the results, all three models are
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TABLE 2. Sample statistics

AR(1)

Variable Model Mean Std. Skewness Kurtosis  coeff.
$ U.S. data 1.490 x 10715 0.022 —0.216 3423 0.780
Recursive inattentiveness 1.400 x 1073 0.135  0.008 3.232 0.985

Sticky information, fixed A —8.590 x 107¢  0.019  0.003 2.983 0.352

Sticky prices 1.323 x 10°¢  0.024  0.003 2.980 0.508

T U.S. data 2770 x 107%  0.012  0.935 7.583 0.934
Recursive inattentiveness  —4.989 x 107> 0.007  0.003 3.039 0.621

Sticky information, fixed A —3.209 x 10~° 0.004  0.001 2.989 0.014

Sticky prices —1.350 x 10> 0.015 —9.557 x 107> 2990 —0.013

ir U.S. data —1.770 x 107> 0.009  0.159 6.594 0.885
Recursive inattentiveness  —2.605 x 10~%  0.033  0.003 2.318 0.948

Sticky information, fixed A 9.452x107° 0.015 0.004 2.971 0.750

Sticky prices —7.263 x 10~7  0.013  0.001 2.978 0.684

Note: Mean values from simulating the models 1,000 times over 1,000 periods. U.S. data are analyzed for the sample
period 1950q1-2011q4 for real GDP growth and for 1950m1-2011m12 for CPI inflation and short-run interest
rates (3-month Treasury Bill Rates). All data are obtained from the FRED database of the Federal Reserve Bank
of St. Louis and are detrended with an HP-filter. The sticky information model without recursive inattentiveness is
simulated with a fixed 2 = 0.2 for both output and inflation expectations. The model with sticky prices assumes
rational full information expectations and sticky prices and is calibrated with the paramters in McCallum (2001).

simulated with the same shock processes, as shown in Table 1. Hence, we do
not include any autocorrelated shocks, except for the technology shock, or any
lagged endogenous variables, except for the interest-rate smoothing term in the
Taylor rule. The benchmark for all model simulations is given by U.S. data, which
are obtained for the period 1950-2011 from the FRED database of the Federal
Reserve Bank of St. Louis. We use data for quarterly real GDP growth, monthly
CPI inflation and monthly 3-Months Treasury Bill rates. Furthermore, all time
series are detrended with an HP filter.

Table 2 shows the mean, the standard deviation, as well as higher moments,
and the degree of persistence of aggregate output, inflation, and nominal interest
rates. Overall, our model with recursive inattentiveness succeeds best in matching
the higher moments, as well as the persistence of U.S. data, compared with both
the model with a fixed A and the sticky price model. Although the mean values of
both the detrended data and the model simulations are all very close to zero, the
standard deviation of the data is usually matched best by either the fixed sticky
information or the sticky price model. However, the higher moments of the data
generated by our model with recursive inattentiveness are generally closest to
those derived from U.S. data.

Regarding the degree of persistence, our model with recursive inattentiveness
generates strong endogenous persistence in output, inflation, and nominal interest
rates, which matches the empirical persistence from U.S. data relatively well.
This is to some extent driven by the autocorrelation in the technology shock,
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which primarily affects aggregate output, and the interest-rate smoothing param-
eter affecting interest rates. However, the feedback from the recursive degree of
inattentiveness to the model evolution adds additional persistence to the model, as
agents’ probability of choosing the sticky information predictor is derived endoge-
nously and may thus be higher than in the model with fixed sticky information.
Indeed, the average degree of inattentiveness to inflation is found to be considerably
higher with recursive inattentiveness than the fixed degree of inattentiveness A (see
Table 3 in the next section). Moreover, if the recursive degree of inattentiveness
A" also evolves with some persistence, i.e., agents on the average keep predictors
for some periods before switching again, this will induce additional persistence
into the model.

Thus, neither the fixed sticky information model nor the sticky price model
with the same parameterization achieves a matching degree of persistence. This
is especially true in the case of simulated inflation, where only our model with
recursive inattentiveness yields a high degree of persistence, in line with the
empirical evidence discussed for instance in Fuhrer and Moore (1995) and Gordon
(1997).1

3.2. Recursive Inattentiveness

After the analysis of simulated aggregate variables in the preceding section, we
turn to evaluating the recursively simulated time-varying degree of inattentiveness.
Because the probability of choosing the full information forecast, A)"", is driven
by the squared forecast error of the full information versus the sticky information
predictor, we first present squared forecast errors from our recursive simulation in
Table 3. As expected, mean squared forecast errors from the sticky information
predictor are higher than errors from the full information predictor and have a larger
variation. Moreover, MSEs from the sticky information predictor are significantly
more persistent, thus indicating that the forecast is misspecified.

Next, we analyze the sample statistics of recursive attentiveness to output and
inflation, A} and A7, in Figure 2 and Table 4.

The aggregate degree of attentiveness to output deviates over time between one
and close to zero. On the average, agents in the model use the full information
predictor with a probability of about 25% for an average of 2.8 quarters before
switching again.?°

Regarding the degree of attentiveness to inflation, on the average agents forecast
inflation with full information with a probability of about 40%, with the degree of
attentiveness varying between 35% and 51%. Although the average attentiveness to
inflation implied by the model is higher than found empirically in U.S. microdata,
the range of attentiveness (0.1 from the mean) fits the variation of the empirical
degree of attentiveness to inflation from U.S. households in Figure 1 relatively
well. Although the simulated time series shown in Figure 2 is more volatile than
the empirical degree of attentiveness, a cyclical pattern nevertheless emerges.
Moreover, the simulated mean value for AT fits well with the empirical estimate of
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TABLE 3. Mean squared forecast errors with recursive inattentiveness

MSE of variable Model Mean Min Max Std. AR(1) coeff.
b Sticky information predictor 1.658 x 107> 0.0000  2.039 x 10™*  2.364 x 1073 7.000 x 1073
Full information predictor 1.414 x 107> 0.0000 1.686 x 10™*  1.998 x 10~  —3.141 x 10~*
Overall recursive inattentiveness ~ 1.510 x 10> 0.0000  1.807 x 10™* 2,135 x 107>  —3.573 x 10~*
3 Sticky information predictor 0.0014 0.0000  0.0239 0.0028 0.8066
Full information predictor 0.0003 0.0000  0.0003 0.0004 0.0745
Overall recursive inattentiveness  0.0004 0.0000  0.0064 0.0006 —0.0258

Note: Mean values from simulating 1,000 times over 1,000 periods.

SSANIAILNILLIVNI FAISINOTY

6801


https://doi.org/10.1017/S1365100514000741

1090 LENA DRAGER

Attentiveness regarding output 7»{ Attentiveness regarding inflation x:‘

1 0.5
0.9F
0.8f
0.7r

0.45F
0.6f
0.5F
0.4
0 Jn} ; 035 . . .
100 200 300 400 500 100 200 300 400 500

FIGURE 2. Recursively simulated attentiveness over time.

TABLE 4. Recursive inattentiveness

Variable A AT

Mean 0.251 0.404
Min 6.777 x 1075 0.352
Max 1.000 0.508
Std. 0.370 0.011
Average cycle length 2.800 1.443

Note: Mean values from simulating 1,000 times over 1,000
periods. The average cycle length is calculated in quarters.

A = 0.408 derived from a sticky information Phillips curve for the United States
in Kiley (2007).

Overall, the simulation results suggest that agents are on the average more
attentive to inflation than to output and switch inflation predictors more frequently
than their output predictors. Moreover, the degree of attentiveness to output is much
more volatile and includes periods when all agents are attentive to recent output
developments and vice versa. This may be explained both by the significantly
higher variance of the simulated output series than of simulated inflation and by
the higher persistence of simulated output than of inflation (see Table 2): Because
of the relatively higher variance of output, the attractiveness measures for output
expectations, V,, vary relatively more than V,; for inflation expectations, resulting
in a wider range for A, than for A . In contrast, the higher persistence of simulated
output compared to inflation implies that outdated information regarding output
generally gives better forecasts than in the case of inflation, which results in
higher average attentiveness to inflation and more frequent switching of inflation
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TABLE 5. Recursive inattentiveness and
macroeconomic variables

Correlation with A AT

Level 7, —0.0049 —0.0014
Variance 7, 0.1225 0.1730
Level 3, 0.0078 0.0027
Variance J, 0.3716 0.0983
Level , —0.0062 —0.0035
Variance i, —0.0227 0.0039

Note: Mean values from simulating 1,000 times over 1,000
periods.

predictors. Nevertheless, the simulated time series for A; and A” in Figure 2 suggest
that the volatility of attention to both output and inflation is positively correlated:
Over time, periods of strong movements in attentiveness to both variables are
followed by periods of relative stability in the degree of attentiveness, and vice
versa.

Next, we analyze the relation between agents’ choice of predictors and the
macroeconomic conditions in the model economy. Table 5 presents correlation
coefficients of A and A™ with the level and the time-varying variance of aggregate
output, inflation and nominal interest rates. We find that the degree of attentiveness
is positively correlated with the variance of the variable to be forecast. Thus,
agents are increasingly likely to opt for costly expectations with full information
as the variability of the forecast variable and, hence, the uncertainty surrounding
its forecast rises and remain inattentive to new developments in the variable
otherwise. This is in line with predictions from models of rational inattention, as
in Sims (2003), where optimal attention is positively affected by the variance of a
variable, because this gives a signal of the shocks driving the variable’s process [see
also Mackowiak and Wiederholt (2009)]. Our model’s predictions thus confirm
the link between sticky information and rational inattention models. Furthermore,
we find some feedback between attention to output and inflation, because a higher
variability of output is also positively correlated with the degree of attentiveness
to inflation and vice versa.

3.3. Monetary Policy with Recursive Inattentiveness

After evaluating the statistical properties of simulated series for aggregate variables
and recursive inattentiveness, we turn to analyzing the effects of a monetary policy
shock. Specifically, we are interested in whether the model with recursive inat-
tentiveness can generate the hump-shaped responses of both output and inflation
after a monetary policy shock present in the sticky information models of Mankiw
and Reis (2002, 2006) and found empirically, for instance, in Rotemberg and
Woodford (1997) and Christiano et al. (2005). Because our model has a dynamic
equilibrium with time-varying parameters A} and AT, however, overall impulse
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responses in terms of the MA (co) coefficients cannot be derived, because the MA
representation of the model changes each period. Therefore, over 200 simulation
periods, we plot impulse responses of both output and inflation to a monetary policy
shock with time-varying degrees of attentiveness A; and A7, shown in Figure 3.

From Figure 3 we see that over the simulation period, impulse responses of
inflation to the monetary policy shock generally show a hump-shaped pattern
with some overshooting, whereas responses of output are persistent, albeit not
hump-shaped. Moreover, in some periods, both variables show larger and peaked
impulse responses. These peaked impulse responses occur whenever the degree of
attentiveness is very high; i.e., agents are very likely to choose the full information
forecast and thus incorporate the shock more quickly into their expectations.
In contrast, when the degree of attentiveness is relatively low, news about the
monetary policy shock is observed and processed more slowly, yielding a delayed
impulse response. Because A; is relatively more volatile than A", periods with
peaked impulse responses are mostly periods with a high degree of attentiveness
to recent output developments.

In order to show the effects of high versus low degrees of attentiveness on the
responses to a monetary policy shock more clearly, in Figure 4 we present mean
impulse responses of output and inflation for periods when both A; and AT are
in the top or bottom twentieth percentile. Again, we see that impulse responses
with a high degree of attentiveness, i.e., with values of k,y T in the top 20%, are
stronger on impact and less persistent than those in periods with a high degree
of inattentiveness (A)" in the bottom 20%). The effect is more pronounced for
impulse responses of inflation, where we observe a hump-shaped response to the
monetary policy shock only in periods with a high degree of inattentiveness. In
contrast, in periods with a low degree of inattentiveness, inflation shows a strong
negative response on impact, which overshoots in the second period and then
coverges toward zero.

4. CONCLUSION

We present a sticky information DSGE model with recursive inattentiveness and
heterogeneous expectations. Extending the models of sticky information devel-
oped in Mankiw and Reis (2002, 2007), we endogenize the aggregate degree of
inattentiveness as the outcome to a probabilistic choice between a costly full infor-
mation predictor and a costless sticky information predictor. Assuming that agents
obtain only the forecast, but not the method, and have only limited knowledge of
the relative performance of each predictor, the choice between predictors can be
derived as a discrete choice under rational inattention; see Matéjka and McKay
(2011). Thus, our model provides a link between models of sticky information
and models of rational inattention. The optimal choice of predictors under rational
inattention yields a multinomial logit map for the probability of choosing the full
information predictor, which is also frequently applied in the literature on hetero-
geneous expectations (Brock and Hommes, 1997). Recursive simulation of the
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FIGURE 3. Simulated responses to a monetary policy shock.
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FIGURE 4. Mean impulse responses to a monetary policy shock under high/low degrees of
attentiveness.

model then yields a dynamic equilibrium path with endogenous and time-varying
degrees of inattentiveness to both output and inflation.

We compare the moments and the persistence of recursively simulated paths
for aggregate output, inflation, and nominal interest rates from our model with
those from simulations of a model with sticky information and a fixed degree of
inattentiveness and a model with sticky prices. Our model with recursive inat-
tentiveness generally succeeds best in matching the higher moments and the
persistence of U.S. data. It thus seems that accounting for recursively changing
degrees of inattentiveness yields more realistic simulations of the model economy
than models with fixed inattentiveness or full information rational expectations.
Especially in the case of inflation, neither the model with fixed sticky information
nor the model with sticky prices are able to reproduce the stylized fact of high
inflation persistence [see Fuhrer and Moore (1995)].

Simulations with recursive inattentiveness suggest that on the average, atten-
tiveness to inflation is higher than attentiveness to output, and inflation predictors
are switched more frequently. This may be explained by the relatively higher
persistence of simulated output compared to inflation: As output changes more
sluggishly, on the average outdated information on output generates better fore-
casts than in the case of inflation. Moreover, the probability of choosing the full
information predictor is positively correlated with the variance of the forecasted
variable for both output and inflation expectations. Agents in our model thus
behave as in the rational inattention models in Sims (2003) and Mackowiak
and Wiederholt (2009), because they are more likely to pay attention to recent
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developments of output and inflation in times of high volatility in the economy
and ignore smaller changes.

With respect to the stylized fact of a hump-shaped response to a monetary
policy shock, we find that our model with recursive inattentiveness can reproduce
a hump-shaped impulse response of inflation when the degree of inattentiveness
is sufficiently high, whereas the response of output is persistent, but not hump-
shaped. Generally, the degree of persistence in the response to a monetary policy
shock depends on the degree of inattentiveness chosen, where higher attentiveness
implies that shocks are accomodated more quickly.

Overall, by allowing a choice between a full information predictor and a sticky
information predictor, we can thus analyze how aggregate attentiveness to new
information is distributed between output and inflation, how it is affected by
changes in the level and variance of aggregate variables, and how changes in the
degree of inattentiveness in turn affect the macroeconomy. Our results may provide
useful insights for economic policy, as they suggest that the evolution of aggregate
variables over time and their response to economic shocks in general show strong
persistence. However, this may change during periods of high volatility in the
economy, as this induces a higher degree of attentiveness by economic agents and,
hence, quicker responses to economic shocks.

NOTES

1. Empirical estimates of the share of agents updating information each period are given for the
United States in Carroll (2003) and for a European sample in Dopke et al. (2008a, 2008b).

2. Recently, a number of papers have studied the derivation of aggregate relations with hetero-
geneous expectations from the micro foundations in a New Keynesian framework. Massaro (2013)
derives reduced-form relations and stresses that the Taylor principle may no longer be sufficient
for determinacy under certain types of heterogeneous expectations. Woodford (2013) evaluates the
implications of different types of expectations for well-known results such as the policy trade-off
between inflation and output stabilization. Finally, Kurz et al. (2013) develop axioms regarding the
nature of beliefs necessary for the aggregation of heterogeneous expectations and derive aggregate
relations which also depend on the market distribution of beliefs. For our model, we leave the full
derivation of aggregate relations from the micro level for future research.

3. Note that A may only take on values between zero and one, because otherwise the weight of the
sticky information predictor in the aggregate forecast E could be zero even if A; # 1.

4. Microdata for individual changes in U.S. consumers’ inflation expectations from the University
of Michigan Survey of Consumers show that over a period of six months between two interviews,
quantitative inflation expectations are changed much more frequently than the qualitative, more general,
inflation outlook. This might be due to fine tuning of quantitative expectations, but could also be
indicative of a certain memory loss regarding the quantitative forecast stated in the first interview; see
Drager and Lamla (2012).

5. The model presented here does not allow for an endogenous degree of agents’ memory with
respect to forecasts obtained in previous periods. We thus leave this issue for future research.

6. Note that this assumption is similiar to those necessary in Reis (2006b) for the derivation of the
sticky information Phillips curve and is commonly applied in the literature on heterogeneous expec-
tations. For an analysis of optimal monetary policy in models with imperfect information processing
accounting for higher-order beliefs, see Adam (2007, 2009).

7. We define u; as an i.i.d. demand shock capturing exogenous changes in aggregate demand
components other than consumption.
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8. Note that this line of argument is similar to the derivation of probabilistic choices in random
utility models; see for instance Hommes (2006).

9. The detailed solution of the optimization problem follows the analysis in Matéjka and McKay
(2011) and is given in the Appendix.

10. Similarly, Branch et al. (2009) endogenize the degree of inattentiveness of firms by proposing a
loss function that measures expected profit losses as the squared difference of a firm’s individual price
from the optimal price, given some economywide degree of inattentiveness A. Brock and Hommes
(1997) show that using mean squared forecast errors or realized net profits as the measure of predictor
fitness yields similar results.

11. The derivation of equation (15) is shown in the Appendix.

12. Although we have derived the multinomial logit map in (16) from an optimization problem under
rational inattention, the multinomial logit model is also frequently applied in the literature on discrete
choice theory, where it is mostly derived from a random utility model [see Manski and McFadden
(1981)]. Note that the so-called intensity of choice, which governs the relative importance of the
deterministic and the random part of utility, is inversely related to the shadow cost of information on
forecast accuracy, v, in our derivation. A New Keynesian model with heterogeneous expectations and
switching between a costly full information and a costless sticky information predictor, modeled as in
Brock and Hommes (1997), would thus give a mathematically equivalent model.

13. MATLAB codes for the Meyer-Gohde (2010) solution algorithm are freely available at
http://ideas.repec.org/c/dge/qmrbcd/171 . html.

14. Simulation results are available from the author upon request.

15. We checked for robustness of our results to alternative values of the weighting parameter A in
the range 0 < A < 1. As X increases, past expectations receive a lower weight in the sticky information
predictor. Although our main results remain robust, a higher parameter A induces more variation in the
degree of attentiveness, especially with respect to inflation (A7 ). This leads to a higher variance of the
simulated macro data, with reduced persistence, especially in simulated inflation.

16. Note that a relatively low shadow cost of attention implies that agents have a relatively low
uncertainty regarding the attractiveness of the predictors. In that sense, our calibration may be regarded
as conservative with respect to the degree of persistence the model could yield because of uncertainty
about predictor attractiveness. We checked for robustness of our results with values of 0 < 1/v <
40,000. Generally, a higher shadow cost of attention results in less switching between predictors,
whereas lower costs induce larger variations of the degree of inattentiveness, A’ . Our results remain
robust with changes in 1/v. As would be expected, with a lower shadow cost of attention to predictor
accuracy, the model yields a higher correlation of A}"> with the variance of the forecasted variable
and somewhat more persistent macro variables. We also checked for robustness of our results when
we assign individual shadow costs to AT and A; to exactly match the order of magnitude of the fitness
measures. Again, this affects the evolution of A} "> somewhat, but does not change our general results.
Therefore, we opt for the more parsimonious model with the same shadow cost of attentiveness to
predictor attractiveness, v, for both predictors. Results for all robustness checks are available upon
request.

17. Moreover, a higher information cost for output vs. inflation might be motivated by more frequent
news on inflation due to monthly inflation data releases compared to quarterly output estimates.
Additionally, higher information costs for the output gap may arise because of uncertainty regarding
the natural level of output.

18. Note that we omit a comparison to simulations from rational inattention models such as the
models in Mackowiak and Wiederholt (2009) and Woodford (2009), because their structure differs
significantly from that of our model. Moreover, they are solved with a different solution algorithm and,
thus, simulation results are not easily comparable.

19. Note that the sticky information model with a fixed A in Mankiw and Reis (2002) assumes
an autocorrelated process for the money supply shock driving the economy. Because, in their simple
model, money supply is equal to aggregate demand, this assumption may drive the result of a strong
persistence of inflation. The same holds true for sticky price DSGE models with either autocorrelated
cost-push shocks or a hybrid New Keynesian Phillips curve including a lagged inflation term.
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20. The average cycle length is defined as the average number of quarters that A; or AT stay close to
constant before switching occurs again. For this measure, we define A} or AT as “close to constant” if
their value in the current period does not deviate from their value in the previous period by more than
a threshold of 0.001.
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MATHEMATICAL APPENDIX: SOLUTION OF THE
RATIONAL INATTENTION PROBLEM

In this section, we present the solution of the rational inattention problem with discrete
choices as in Matéjka and McKay (2011). The optimization problem is given by

Vif(VIidV Al

s 3 [ Vi @
S.t.

(Vi) <« (A2)

V) =gV, (A3)

where the last constraint imposes that the conditional posteriors are consistent with the
prior. Following information theory, the mutual information / (Vi) can be written as

. VD)
I(V|i) = Vi)l dv
(Vi) E,- fvf( li)log 2 )
F(V1i)
Vl0i)lo dv, A4
Eff(')zﬂvn (A4

where the last equality replaces the prior with the constraint in (A.3). Substituting (A.4) into
the information constraint in (A.2), we get the following Lagrangian for the optimization
problem under rational inattention:

o )
L= V' F(VI]i)dV — V0]Dlog ———dV —
Z[V FVIi) v[gjfvﬂ et x}
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- /VM(V) [Z FVli) —g(V)} av, (A.5)

where v is the Lagrange multiplier on the information constraint and @ (V') are Lagrange
multipliers on the constraint in (A.3). The first-order condition with respect to f (Vi) is
then derived as follows:
oL ; Vi0i SV 1
- =V'—v10gL|l).—vf(Vli)Z’f .] -
af (VD) >, FVI) VI X FVI)
VI f(VIk)

T0 s, soip]

Rearranging, canceling, and using Zj f(V]j) = g(V) then gives
F Vi)
g(V)

Assuming a positive shadow cost of information (v > 0), we can then solve for the
conditional posterior f(V|i):

!
+v Y F (VIR 5 — (V) =0. (A.6)
k

Vi — vlog — (V) =0. (A7)

vlog f(V]i) = V' — u(V) + vlog g(V),
logf (Vi) = V'/v—u(V)/v+logg(V), (A.8)
F(VIi) ="M e MV g(V) Vi

Substituting for f (Vi) in the constraint in (A.3) with the expression in (A.8), we get

Do eI g(V) = g(V),

J

e WVlg(V) Y T = g(V), A9
J
erpy = 1
e

This can be used in equation (A.8) to eliminate e *()/¥, which gives the following first-
order condition: )
g(V)e"
Vi/v
Zj eV'/

where v can be interpreted as the shadow cost of information on forecast attractiveness.
The probability of choosing the forecast i given a set of values in V is then given by
P(i|V) = f(V]i)/g(V), which can be reformulated using (A.10) as follows:

fVli) = Vi, (A.10)

i
eV /v

j

(A.11)
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