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Abstract

We use a statistical model to estimate impulse responses of sectoral price indices

to aggregate shocks and to sector-specific shocks. In the median sector, 100 percent

of the long-run response of the sectoral price index to a sector-specific shock occurs

in the month of the shock. The Calvo model and the sticky-information model match

this finding only under extreme assumptions concerning the profit-maximizing price.

By contrast, the rational inattention model matches this finding without an extreme

assumption concerning the profit-maximizing price. Furthermore, we find little variation

across sectors in the speed of response of sectoral price indices to sector-specific shocks.

The rational inattention model matches this finding, while the Calvo model predicts far

too much cross-sectional variation in the speed of response to sector-specific shocks.
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1 Introduction

This paper studies sectoral consumer price data in order to evaluate models of price setting.

Over the last twenty years, there has been a surge in research on macroeconomic models

with price stickiness. In these models, price stickiness arises either from adjustment costs

(e.g. the Calvo model and the menu cost model) or from some form of information friction

(e.g. the sticky-information model and the rational inattention model). Models with price

stickiness are often evaluated by looking at aggregate data. Here, we evaluate models with

price stickiness by looking at sectoral data. We estimate a statistical model for sectoral

inflation rates. From the statistical model, we compute impulse responses of sectoral price

indices to aggregate shocks and to sector-specific shocks. We then ask whether different

models of price setting match these empirical impulse responses.

The statistical model that we estimate is the following. The inflation rate in a sector

equals the sum of two components, an aggregate component and a sector-specific component.

The parameters in the aggregate component and in the sector-specific component may differ

across sectors. Each component follows a stationary Gaussian process. An innovation in

the aggregate component may affect the inflation rates in all sectors. An innovation in

the sector-specific component affects only the inflation rate in this sector. We estimate the

statistical model using monthly sectoral consumer price data from the U.S. economy for

the period 1985-2005. The data are compiled by the Bureau of Labor Statistics. From the

estimated statistical model, we compute impulse responses of the price index for a sector

to an innovation in the aggregate component and to an innovation in the sector-specific

component.

We find that, in the median sector, after a sector-specific shock 100 percent of the

long-run response of the sectoral price index occurs in the month of the shock, and then

the response equals the long-run response in all months following the shock. By contrast,

after an aggregate shock, only 15 percent of the long-run response of the sectoral price

index occurs in the month of the shock, and then the response gradually approaches the
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long-run response. In other words, in the median sector, the sector-specific component of

the sectoral inflation rate is a white noise process, while the aggregate component of the

sectoral inflation rate is positively autocorrelated.

We then ask whether different models of price setting match the median impulse response

of a sectoral price index to a sector-specific shock. Recall that this impulse response looks

like the impulse response function of a random walk: the sectoral price index jumps on

impact of a sector-specific shock, and then stays there. We show that the Calvo model

matches this impulse response of the sectoral price index to a sector-specific shock only

under an extreme assumption concerning the response of the profit-maximizing price to

a sector-specific shock. After a sector-specific shock, the profit-maximizing price needs

to jump by about
¡
1/λ2

¢
x in the month of the shock, and then jump back to x in the

next month to generate a response equal to x of the sectoral price index on impact and

in all months following the shock. Here, λ denotes the fraction of firms that can adjust

their prices in a month. We obtain a similar, though less extreme, result for the sticky-

information model developed in Mankiw and Reis (2002). After a sector-specific shock, the

profit-maximizing price needs to jump by (1/λ)x in the month of the shock, and then decay

slowly to x to generate a response equal to x of the sectoral price index on impact and in

all months following the shock. Here, λ denotes the fraction of firms that can update their

pricing plans in a month. In contrast, we find that the rational inattention model developed

in Máckowiak and Wiederholt (2008a) matches the empirical impulse response of a sectoral

price index to sector-specific shocks without an extreme assumption concerning the response

of the profit-maximizing price to a sector-specific shock. The intuition is simple. According

to the estimated statistical model, sector-specific shocks are on average much larger than

aggregate shocks. In the model, this implies that decision-makers in firms pay a lot more

attention to sector-specific conditions than to aggregate conditions. For this reason, prices

respond quickly to sector-specific shocks and slowly to aggregate shocks.

We also investigate whether the different models of price setting predict the right amount

of variation across sectors in the speed of response of sectoral price indices to sector-specific

shocks. According to our statistical model, there is little variation across sectors in the speed

of response of sectoral price indices to sector-specific shocks. We study a multi-sector Calvo
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model calibrated to the sectoral monthly frequencies of price changes reported in Bils and

Klenow (2004). We find that the model predicts far too much cross-sectional variation in

the speed of response to sector-specific shocks. In contrast, the rational inattention model

developed in Máckowiak and Wiederholt (2008a) correctly predicts little cross-sectional

variation in the speed of response to sector-specific shocks. The intuition is the following.

In the median sector, decision-makers in firms are already paying so much attention to

sector-specific conditions that they track sector-specific conditions almost perfectly. Paying

even more attention to sector-specific conditions has little effect on the speed of response

of prices to sector-specific shocks.

Our work is related to the recent papers by Boivin, Giannoni, and Mihov (2007) and Reis

and Watson (2007a). Boivin, Giannoni, and Mihov (2007) use a factor augmented vector

autoregressive model to study sectoral data published by the Bureau of Economic Analysis

on personal consumption expenditure. Like us, Boivin, Giannoni, and Mihov (2007) find

that prices respond quickly to sector-specific shocks and slowly to aggregate shocks, and

that sector-specific shocks account for a dominant share of the variance in prices. Compared

to Boivin, Giannoni, and Mihov (2007), we use a different methodology and different data.

In addition, we write down the Calvo model, the sticky-information model, and the rational

inattention model, and we investigate to what extent the models match what we find in the

data. Reis and Watson (2007a) use a dynamic factor model to study sectoral data published

by the BEA on personal consumption expenditure. The focus of Reis and Watson (2007a) is

on estimating the numeraire, a common component in prices that has an equiproportional

effect on all prices.1

Our work is also related to the recent paper by Kehoe and Midrigan (2007). They study

data from Europe and the United States on sector-level real exchange rates. The Calvo

model predicts much more heterogeneity in the persistence of sector-level real exchange

rates compared to what Kehoe and Midrigan (2007) find in the data.

The statistical model that we use belongs to the class of unobservable index models. The

history of unobservable index models goes back to Geweke (1977) and Sargent and Sims

(1977). These authors estimated unobservable index models using aggregate data by max-

1See also Reis and Watson (2007b).
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imizing the spectral likelihood function. We estimate an unobservable index model using

disaggregate data by Bayesian Markov Chain Monte Carlo in the time domain. Unobserv-

able index models and dynamic factor models have had many applications since Geweke

(1977) and Sargent and Sims (1977).2 Otrok and Whiteman (1998) is an influential paper

introducing Bayesian methods to estimation of dynamic factor models.

The paper is organized as follows. In Section 2, we present the statistical model. In

Section 3, we describe the data. In Section 4, we study the out-of-sample forecasting

performance of the statistical model. In Sections 5 and 6, we present the substantive results

from the statistical model. In Section 7, we study whether the model of Calvo (1983), the

sticky-information model developed in Mankiw and Reis (2002), and the rational inattention

model developed in Máckowiak and Wiederholt (2008a) match what we find in the data.

We conclude in Section 8. Appendix A gives econometric details. Appendices B and C

contain proofs of theoretical results.

2 Statistical model

We consider the statistical model

πnt = µn +An (L)ut +Bn (L) vnt, (1)

where πnt is the month-on-month inflation rate in sector n in period t, µn are constants,

An (L) and Bn (L) are square summable polynomials in the lag operator, ut follows a unit-

variance Gaussian white noise process, and each vnt follows a unit-variance Gaussian white

noise process. The processes vnt are pairwise independent and independent of the process

ut.

It is straightforward to generalize equation (1) such that ut follows a vector Gaussian

white noise process with covariance matrix identity. We estimate specifications of equation

(1) in which ut follows a scalar process, and we also estimate a specification of equation (1)

in which ut follows a vector process.

2See, for example, Stock and Watson (1989), Kim and Nelson (1999), Forni, Hallin, Lippi, and Reichlin

(2004), and Bernanke, Boivin, and Eliasz (2005).
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Let πAnt denote the aggregate component of the inflation rate in sector n, that is,

πAnt = An (L)ut.

We parameterize the aggregate component of the inflation rate in sector n as a finite-order

moving average process. We choose the order of the polynomials An (L) to be as high as

computationally feasible. Specifically, we set the order of the polynomials An (L) to twenty

four, that is, we let ut and twenty four lags of ut enter equation (1).

Let πSnt denote the sector-specific component of the inflation rate in sector n, that is,

πSnt = Bn (L) vnt.

To reduce the number of parameters to estimate, we parameterize the sector-specific com-

ponent of the inflation rate in sector n as an autoregressive process:

πSnt = Cn (L)π
S
nt +Bn0vnt,

where Cn (L) is a polynomial in the lag operator satisfying Cn0 = 0. We estimate speci-

fications in which the order of the polynomials Cn (L) equals six, and we also estimate a

specification in which the order of the polynomials Cn (L) equals twelve.

Before estimation, we demean the sectoral inflation rates and we normalize the sectoral

inflation rates to have unit variance. This means that we estimate the model

π̃nt = an (L)ut + bn (L) vnt.

Here π̃nt = [(πnt − µn) /σπn ] is the normalized inflation rate in sector n in period t, where

σπn is the standard deviation of the inflation rate in sector n, and an (L) and bn (L)

are square summable polynomials in the lag operator. The following relationships hold:

An (L) = σπnan (L) and Bn (L) = σπnbn (L). This normalization makes it easier to com-

pare impulse responses across sectors. In what follows, we refer to coefficients appearing in

the polynomials an (L) and bn (L) as “normalized impulse responses”.

The statistical model (1) is the same as the unobservable index model proposed by

Geweke (1977) and Sargent and Sims (1977).3 The unobservable index in equation (1) is

ut.
3See also Geweke and Singleton (1981).
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Our approach to inference is Bayesian. We use the Gibbs sampler with a Metropolis-

Hastings step to sample from the joint posterior density of the unobservable index and the

model’s parameters. Taking as given a Monte Carlo draw of the model’s parameters, we

sample from the conditional posterior density of the unobservable index given the model’s

parameters. Here we follow Carter and Kohn (1994) and Kim and Nelson (1999). After-

wards, taking as given a Monte Carlo draw of the unobservable index, we sample from the

conditional posterior density of the model’s parameters given the unobservable index. Here

we follow Chib and Greenberg (1994). We employ a prior with zero mean for the parameters

appearing in the polynomials an (L) and bn (L), for each n. The prior starts out loose and

becomes gradually tighter at more distant lags. See Appendix A for econometric details,

including details of the prior.

3 Data

We use the data underlying the consumer price index (CPI) for all urban consumers in the

United States. The data are compiled by the Bureau of Labor Statistics (BLS). The data

are monthly sectoral price indices. The sectoral price indices are available at four different

levels of aggregation: from least disaggregate (8 “major groups”) to most disaggregate (205

sectors).4 We focus on the most disaggregate sectoral price indices. For some sectors, price

indices are available for only a short period, often starting as recently as in 1998. We focus

on the 79 sectors for which monthly price indices are available from January 1985. These

sectors comprise 68.1 percent of the CPI. Each “major group” is represented. The sample

used in this paper ends in May 2005.

The median standard deviation of sectoral inflation in the cross-section of sectors in our

dataset is 0.0068. For comparison, the standard deviation of the CPI inflation rate in our

sample period is 0.0017. In 76 out of 79 sectors, the sectoral inflation rate is more volatile

than the CPI inflation rate.

To gain an idea about the degree of comovement in our dataset, we computed principal

4The “major groups” are (with the percentage share in the CPI given in brackets): food and beverages

(15.4), housing (42.1), apparel (4.0), transportation (16.9), medical care (6.1), recreation (5.9), education

and communication (5.9), other goods and services (3.8).
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components of the normalized sectoral inflation rates. The first few principal components

explain only little of the variation in the normalized sectoral inflation rates. In particular,

the first principle component explains 7 percent of the variation, and the first five principle

components together explain 20 percent of the variation. This suggests that changes in

sectoral price indices are caused mostly by sector-specific shocks.

4 Out-of-sample forecasts

In this section, we compare the out-of-sample forecasting performance of a number of spec-

ifications of the unobservable index model to the out-of-sample forecasting performance of

simple, autoregressive models for sectoral inflation. We find that the unobservable index

model forecasts sectoral inflation better than autoregressive models for sectoral inflation.

This gives us confidence in the ability of the unobservable index model to fit the data.

Furthermore, the forecast results lead us to focus in Sections 5-6 on one specification of the

unobservable index model, which we refer to as the benchmark specification.

We report out-of-sample forecast results based on estimation of the unobservable index

model without the last twenty four periods in the dataset. We consider the following

three specifications: (i) the unobservable index ut follows a scalar process and the order of

the polynomials Cn (L) equals six; (ii) the unobservable index ut follows a scalar process

and the order of the polynomials Cn (L) equals twelve; (iii) the unobservable index ut

follows a bivariate vector process and the order of the polynomials Cn (L) equals six. For

each specification and each sector, we forecast the normalized sectoral inflation rate, π̃nt,

one-step-ahead in the last twenty four periods in the dataset, and we save the average

root mean squared error of the twenty four forecasts. We perform the same out-of-sample

forecast exercise using an autoregressive model for the normalized sectoral inflation rate,

π̃nt. We estimate the autoregressive model separately for each sector by ordinary least

squares, setting the number of lags to, alternatively, six and twelve. We compare the AR(6)

specification to the specifications of the unobservable index model in which the order of the

polynomials Cn (L) equals six. We compare the AR(12) specification to the specification of

the unobservable index model in which the order of the polynomials Cn (L) equals twelve.

8



Table 1 provides information concerning the out-of-sample forecasts from the three spec-

ifications of the unobservable index model and from the two specifications of the autore-

gressive model. Table 1 summarizes the sectoral distribution of the average RMSE of the

forecasts for each model and each specification. As an example, 1.059 is the median of the

sectoral distribution of the RMSE from the unobservable index model in which the unob-

servable index follows a scalar process and the order of the polynomials Cn (L) equals six.

This is smaller than the median of the sectoral distribution of the RMSE from the AR(6)

model, which equals 1.066. As another example, 1.529 is the 95th percentile largest RMSE

from the same unobservable index model. This is smaller than the 95th percentile largest

RMSE from the AR(6) model, which equals 1.648.

The out-of-sample forecast results show the following. The unobservable index model in

which ut follows a scalar process and the order of the polynomials Cn (L) equals six forecasts

better than the AR(6) model. Furthermore, the unobservable index model in which ut

follows a scalar process and the order of the polynomials Cn (L) equals twelve forecasts

better than the AR(12) model. The out-of-sample forecast results give us confidence that

the unobservable index model fits the data well.

Finally, the specification of the unobservable index model in which ut follows a scalar

process and the order of the polynomials Cn (L) equals six forecasts better than the other

two specifications of the unobservable index model. Therefore, we choose this specification

as the benchmark specification.

5 Responses of sectoral price indices to sector-specific shocks

and to aggregate shocks

In this section, we report results for the estimated unobservable index model (1). We focus

on the benchmark specification, in which the unobservable index ut follows a scalar process

and the order of the polynomials Cn (L) equals six. We discuss briefly to what extent the

results from the benchmark specification hold in the other specifications of the unobservable

index model.

To begin with, we report the variance decomposition of sectoral inflation into aggregate
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shocks and sector-specific shocks. Sector-specific shocks account for a dominant share of

the variance in sectoral inflation. In the median sector, the share of the variance in sectoral

inflation due to sector-specific shocks equals 90 percent. The sectoral distribution is tight.

In the sector that lies at the 5th percentile of the sectoral distribution, the share of the

variance in sectoral inflation due to sector-specific shocks equals 79 percent, and in the

sector that lies at the 95th percentile of the sectoral distribution, the share of the variance

in sectoral inflation due to sector-specific shocks equals 95 percent.5

Next, we report the responses of sectoral price indices to sector-specific shocks and to

aggregate shocks. Figure 1 shows the normalized impulse responses of sectoral price indices

to sector-specific shocks (top panel) and to aggregate shocks (bottom panel). Each panel

shows a posterior density taking into account both variation across sectors and parameter

uncertainty. Specifically, we make 7500 draws from the posterior density.6 We then select

at random 1000 draws. Since there are 79 sectors, this gives us a sample of 79000 impulse

responses. Each panel in Figure 1 is based on 79000 impulse responses.7 The median

impulse response of a sectoral price index to a sector-specific shock has the following shape.

After a sector-specific shock, 100 percent of the long-run response of the sectoral price index

occurs in the month of the shock, and then the response equals the long-run response in

all months following the shock. The median impulse response of a sectoral price index to

an aggregate shock has a very different shape. After an aggregate shock, only 15 percent

of the long-run response of the sectoral price index occurs in the month of the shock,

and the response gradually approaches the long-run response in the months following the

shock. Another way of summarizing the median impulse responses is as follows. The sector-

specific component of the sectoral inflation rate is essentially a white noise process, while

the aggregate component of the sectoral inflation rate is positively autocorrelated with an

autocorrelation coefficient equal to 0.35.8

We also compute a simple measure of the speed of the response of a price index to a

5The other specifications of the unobservable index model yield a very similar variance decomposition.
6See Appendix A for details of the Gibbs sampler.
7We follow this approach to presenting the posterior evidence in the rest of the paper.
8Regressing the median impulse response of a sectoral inflation rate on its own lag yields a coefficient of

0.35.
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given type of shock. Specifically, we compute the absolute response to the shock in the short

run divided by the absolute response to the shock in the long run. We take the short run

to be between the impact of the shock and five months after the impact of the shock. We

take the long run to be between 19 months and 24 months after the impact of the shock.

Formally, let βnm denote the response of the price index for sector n to a sector-specific

shock m periods after the shock. We define the speed of response of the price index for

sector n to sector-specific shocks as follows:

ΛSn ≡
1
6

P5
m=0 | βnm |

1
6

P24
m=19 | βnm |

.

Furthermore, let αnm denote the response of the price index for sector n to an aggregate

shock m periods after the shock. We define the speed of response of the price index for

sector n to aggregate shocks as follows:

ΛAn ≡
1
6

P5
m=0 | αnm |

1
6

P24
m=19 | αnm |

.

Figure 2 shows the posterior density of ΛSn (top panel) and of Λ
A
n (bottom panel). The

posterior density takes into account both variation across sectors and parameter uncertainty.

The median speed of response of a sectoral price index to sector-specific shocks equals 1.01.

The 68 percent probability interval ranges from 0.89 to 1.05. By contrast, the median

speed of response of a sectoral price index to aggregate shocks equals 0.41. The 68 percent

probability interval ranges from 0.2 to 1.12. The median speed of response of a sectoral

price index to sector-specific shocks is much larger than the median speed of response of a

sectoral price index to aggregate shocks.9

The finding that sectoral price indices respond quickly to sector-specific shocks and

slowly to aggregate shocks is robust. Increasing the order of the polynomials Cn (L) from

9We can also look at the speed of response to shocks sector by sector. In 76 out of 79 sectors, the

median speed of response of a sectoral price index to sector-specific shocks is larger than the median speed

of response of the sectoral price index to aggregate shocks. Furthermore, we can construct, in each sector,

a probability interval for the speed of response to sector-specific shocks and a probability interval for the

speed of response to aggregate shocks. When we construct 68 percent probability intervals, we find that in

43 out of 79 sectors the probability interval for the speed of response to sector-specific shocks lies strictly

above the probability interval for the speed of response to aggregate shocks.

11



six to twelve does not affect the result. Allowing for a bivariate unobservable index does not

affect the speed of response to sector-specific shocks. Allowing for a bivariate unobservable

index does raise the speed of response to aggregate shocks somewhat, but the speed of

response to each aggregate shock remains much smaller than the speed of response to

sector-specific shocks.10

The findings reported in this section match the findings of Boivin, Giannoni, and Mi-

hov (2007) obtained using a different methodology and different data. Boivin, Giannoni,

and Mihov (2007) use a factor augmented vector autoregressive model to study sectoral

data published by the Bureau of Economic Analysis on personal consumption expenditure.

Boivin, Giannoni, and Mihov (2007) report 85 percent as the average share of the vari-

ance in sectoral inflation due to sector-specific shocks. Furthermore, Boivin, Giannoni, and

Mihov (2007) find that sectoral price indices respond quickly to sector-specific shocks and

slowly to aggregate shocks.

6 Cross-sectional variation in the speed of response

In this section, we study whether the cross-sectional variation in the speed of response of

sectoral price indices to shocks is related to sectoral characteristics that we can measure.

6.1 Frequency of price changes

Bils and Klenow (2004) report the monthly frequency of price changes for 350 categories of

consumer goods and services, based on data from the BLS for the period 1995-1997. We

can match 75 out of our 79 sectors into the categories studied by Bils and Klenow (2004).

Furthermore, Nakamura and Steinsson (2008) report the monthly frequency of price changes

for 270 categories of consumer goods and services, based on data from the BLS for the period

1998-2005. We can match 77 out of our 79 sectors into the categories studied by Nakamura

and Steinsson (2008).

We consider two regressions. First, we regress the speed of response of a sectoral price

index to aggregate shocks (ΛAn ) on the sectoral monthly frequency of price changes from Bils

10We have also experimented with alternative measures of the speed of response to shocks. This yielded

the same conclusions.
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and Klenow (2004). Note that we do not know the speed of response for certain. Instead,

we have a posterior density of the speed of response. To account for uncertainty about the

regression line, we consider both the posterior density of the regression coefficient and the

posterior density of the associated t-statistic. The median regression coefficient is 1.99. The

90 percent probability interval for the regression coefficient ranges from 0.67 to 4.38. The

90 percent probability interval for the associated t-statistic ranges from 0.9 to 5.1, with the

median equal to 2.9. See Table 2. When we use the monthly frequency of regular price

changes from Nakamura and Steinsson (2008), the regression changes little.11 The median

regression coefficient becomes 1.49. See Table 3.

Second, we regress the speed of response of a sectoral price index to sector-specific shocks

(ΛSn) on the sectoral monthly frequency of price changes from Bils and Klenow (2004). The

median regression coefficient is 0.14. The 90 percent probability interval for the regression

coefficient ranges from 0.1 to 0.19. The 90 percent probability interval for the associated

t-statistic ranges from 1.3 to 2.4, with the median equal to 1.9. See Table 4. When we

use the monthly frequency of regular price changes from Nakamura and Steinsson (2008),

the median regression coefficient becomes negative, -0.09. The associated median t-statistic

equals -1.3. See Table 5.

It is important to note that the coefficient in the second regression is an order of mag-

nitude smaller than the coefficient in the first regression. Furthermore, when we use the

Nakamura and Steinsson (2008) frequencies, we find that sectoral price indices respond

faster to sector-specific shocks in sectors in which the frequency of regular price changes is

lower.

6.2 Variance of sectoral inflation due to different shocks

Next, we study whether the speed of response of a sectoral price index to a given shock is

related to the variance of sectoral inflation due to this shock.

We consider two regressions. First, we regress the speed of response of a sectoral price

index to aggregate shocks (ΛAn ) on the variance of sectoral inflation due to aggregate shocks.

11Regular price changes in Nakamura and Steinsson (2008) exclude price changes related to sales and

exclude price changes related to product substitutions.

13



The median regression coefficient is 357.24. The 90 percent probability interval for the

regression coefficient ranges from 36.57 to 1227.48. The 90 percent probability interval for

the associated t-statistic ranges from 0.2 to 4.6, with the median equal to 1.4. See Table 6.

Second, we regress the speed of response of a sectoral price index to sector-specific

shocks (ΛSn) on the variance of sectoral inflation due to sector-specific shocks.
12 The median

regression coefficient is 7.08. The 90 percent probability interval for the regression coefficient

ranges from 5.32 to 9.22. The 90 percent probability interval for the associated t-statistic

ranges from 0.76 to 1.2, with the median equal to 0.96. See Table 7.13

It is important to note that the coefficient in the second regression is two orders of

magnitude smaller than the coefficient in the first regression. In Section 7, we show that

this is what the rational inattention model developed in Máckowiak and Wiederholt (2008a)

predicts.

7 Models of price setting

In this section, we study three models of price setting: the Calvo model, the sticky-

information model developed in Mankiw and Reis (2002), and the rational inattention model

developed in Máckowiak and Wiederholt (2008a). For each model, we investigate whether

the model matches the empirical findings that we report in Sections 5-6. Since some of the

empirical findings concern the response of sectoral price indices to sector-specific shocks,

we study a multi-sector Calvo model with sector-specific shocks. Similarly, we study a

multi-sector sticky-information model with sector-specific shocks and a multi-sector ratio-

nal inattention model with sector-specific shocks. Section 7.1 describes the common setup.

Most of the theoretical results do not depend on the details of the multi-sector setup, as we

show. We mainly specify the details of the multi-sector setup to facilitate discussion.

12Note that in each of the regressions reported in Section 6.2 we are uncertain about both the regressand

and the regressor.
13The regressions reported in Section 6 are based on the benchmark specification of the unobservable index

model. Increasing the order of the polynomials Cn (L) from six to twelve has little effect on the regression

results. Likewise, allowing for a bivariate unobservable index has little effect on the regression results.
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7.1 Common setup

Consider an economy with a continuum of sectors of mass one. Sectors are indexed by n.

In each sector, there is a continuum of firms of mass one. Firms within a sector are indexed

by i. Each firm supplies a differentiated good and sets the price for the good.

The demand for good i in sector n in period t is given by

Cint =

µ
Pint
Pnt

¶−θ µPnt
Pt

¶−η
Ct, (2)

where Pint is the price of good i in sector n in period t, Pnt is the price index for sector

n, Pt is the aggregate price index and Ct is aggregate composite consumption. The price

index for sector n is given by

Pnt =

µZ 1

0
P 1−θint di

¶ 1
1−θ

, (3)

and the aggregate price index is given by

Pt =

µZ 1

0
P 1−ηnt dn

¶ 1
1−η

. (4)

The demand function (2) with price indices (3) and (4) can be derived from expenditure

minimization by households when households have a CES consumption aggregator, where

θ > 1 is the elasticity of substitution between goods from the same sector and η > 1 is the

elasticity of substitution between consumption aggregates from different sectors.

Output of firm i in sector n in period t is given by

Yint = ZntL
α
int, (5)

where Znt is sector-specific productivity and Lint is the firm’s labor input in period t. The

parameter α ∈ (0, 1] is the elasticity of output with respect to labor input. In every period,
firms produce the output that is required to satisfy demand

Yint = Cint. (6)

The real wage rate in period t is assumed to equal w (Ct), where w : R+ → R+ is a strictly

increasing, twice continuously differentiable function.
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The demand function (2), the production function (5) and the requirement that output

equals demand (6) yield the following expression for profits of firm i in sector n in period t

Pint

µ
Pint
Pnt

¶−θ µPnt
Pt

¶−η
Ct − Ptw (Ct)

⎡⎢⎣
³
Pint
Pnt

´−θ ³
Pnt
Pt

´−η
Ct

Znt

⎤⎥⎦
1
α

.

Dividing by the aggregate price index yields the real profit function

f
³
P̂int, P̂nt, Ct, Znt

´
= P̂ 1−θint P̂ 1−ηnt Ct − w (Ct)

"
P̂−θint P̂

−η
nt Ct

Znt

# 1
α

, (7)

where P̂int = (Pint/Pnt) is the relative price of good i in sector n, and P̂nt = (Pnt/Pt) is the

relative price index for sector n.

In the following, we work with a log-quadratic approximation of the real profit function

around the point
¡
1, 1, C̄, 1

¢
. The value C̄ is defined by

1 =
θ

θ − 1w
¡
C̄
¢ 1
α
C̄

1
α
−1. (8)

The point
¡
1, 1, C̄, 1

¢
has a simple interpretation. It is the solution of the model when

all firms set the profit-maximizing price and sector-specific productivity equals one in all

sectors and all periods.

After the log-quadratic approximation of the real profit function, the profit-maximizing

relative price of good i in sector n in period t is given by

p̂♦int =
ω + 1−α

α

1 + 1−α
α θ

ct −
1 + 1−α

α η

1 + 1−α
α θ

p̂nt −
1
α

1 + 1−α
α θ

znt,

where p̂int = ln
³
P̂int

´
, ct = ln

¡
Ct/C̄

¢
, p̂nt = ln

³
P̂nt

´
and znt = ln (Znt). Here ω is

the elasticity of the real wage with respect to composite consumption at the point C̄.

Rearranging the last equation yields the following equation for the profit-maximizing price

of good i in sector n in period t

p♦int = pt +
ω + 1−α

α

1 + 1−α
α θ

ct| {z }
p♦Aint

+
1−α
α (θ − η)

1 + 1−α
α θ

p̂nt −
1
α

1 + 1−α
α θ

znt| {z }
p♦Sint

, (9)

where pint = ln (Pint), pt = ln (Pt), ct = ln
¡
Ct/C̄

¢
, p̂nt = ln

³
P̂nt

´
and znt = ln (Znt). The

profit-maximizing price is a log-linear function of the aggregate price index, aggregate com-

posite consumption, the relative price index for the sector, and sector-specific productivity.
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Note that the log of the profit-maximizing price equals the sum of two components: an

aggregate component, p♦Aint , and a sector-specific component, p
♦S
int .

14

Furthermore, after the log-quadratic approximation of the real profit function, the loss

in real profits in period t in the case of a suboptimal price equals

C̄ (θ − 1) ¡1 + 1−α
α θ

¢
2

³
pint − p♦int

´2
. (10)

See Máckowiak and Wiederholt (2008a).

In addition to the log-quadratic approximation of the real profit function, we log-linearize

the equations for the price indices. Expressing the equation for the sectoral price index (3)

in terms of relative prices yields

1 =

Z 1

0
P̂ 1−θint di.

Log-linearizing this equation around the point where all relative prices are equal to one and

rearranging yields

pnt =

Z 1

0
pintdi, (11)

where pnt = ln (Pnt). Similarly, we obtain

pt =

Z 1

0
pntdn. (12)

We now study three models of price setting. In each model, the profit-maximizing price

is given by equation (9), the loss in real profits in period t in the case of a suboptimal price

is given by equation (10), and the sectoral price index and the aggregate price index are

given by equations (11) and (12), respectively.

7.2 Calvo model

In the Calvo model, a firm can adjust its price with a constant probability in any given

period. We are interested in the implications of the Calvo model for the response of sectoral

price indices to aggregate shocks and to sector-specific shocks. For this reason, we study a

multi-sector version of the Calvo model with sector-specific shocks: the profit-maximizing

14 Introducing sector-specific shocks in the form of multiplicative demand shocks in (2) instead of mul-

tiplicative productivity shocks in (5) yields an equation for the profit-maximizing price that is similar to

equation (9). The only difference is the coefficient in front of znt.
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price of good i in sector n in period t is given by equation (9); the price index for sector n

in period t is given by equation (11); a firm in sector n can adjust its price with a constant

probability λn in any given period; and a firm in sector n that can adjust its price in period

t chooses the price that minimizes

Et

" ∞X
s=t

[(1− λn)β]
s−t C̄ (θ − 1)

¡
1 + 1−α

α θ
¢

2

³
pint − p♦ins

´2#
. (13)

In this model, the profit-maximizing price of firm i in sector n in period t equals the

sum of an aggregate component and a sector-specific component

p♦int = p♦Ant + p♦Snt , (14)

where the aggregate component is the same for all firms within sector n and the sector-

specific component is the same for all firms within sector n. A firm that can adjust its price

in sector n in period t sets the price

p∗int = [1− (1− λn)β]Et

" ∞X
s=t

[(1− λn)β]
s−t p♦ins

#
. (15)

The price equals a weighted average of current and future profit-maximizing prices. Since

the firms in a sector that can adjust their prices are drawn randomly and all adjusting firms

in a sector set the same price, the price index for sector n in period t is given by

pnt = (1− λn) pnt−1 + λnp
∗
int. (16)

We now study the implications of the Calvo model for the responses of sectoral price

indices to aggregate shocks and to sector-specific shocks. We first ask whether the Calvo

model matches the median impulse response of a sectoral price index to sector-specific

shocks reported in Figure 1. The following proposition provides a formal answer to this

question.

Proposition 1 (Calvo model with sector-specific shocks) Suppose that the profit-maximizing

price of firm i in sector n in period t is given by equation (14), that is, the profit-maximizing

price equals the sum of an aggregate component and a sector-specific component and each

component is the same for all firms in the sector. Furthermore, suppose that the sectoral
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price index for sector n is given by equation (16), where p∗int is given by equation (15).

Then, the response of the price index for sector n to a sector-specific shock equals x on

impact of the shock and in all periods following the shock if and only if the response of the

profit-maximizing price equals: (i)

1
λn
− (1− λn)β

1− (1− λn)β
x, (17)

on impact of the shock, and (ii) x thereafter.

Proof. See Appendix B.

The Calvo model matches the median impulse response of a sectoral price index to

sector-specific shocks reported in Figure 1 only if the profit-maximizing price jumps by

expression (17) on impact of a sector-specific shock, and then jumps to x in the period

following the shock. This yields a response of the sectoral price index to the sector-specific

shock equal to x on impact and in all periods following the shock. Note that this result is

derived from nothing else but equations (14)-(16).

To illustrate Proposition 1, consider the following three examples. In each example, one

period equals one month. Therefore, we set β = 0.991/3. First, suppose that λn = 1/12.

Then the profit-maximizing response on impact has to overshoot the profit-maximizing

response in the next month by a factor of 130. In other words, after a sector-specific shock,

the profit-maximizing price has to jump up by 130x in the month of the shock, and then

jump back to x in the next month to generate a response of x of the sectoral price index on

impact and in all months following the shock. Second, suppose that λn = 0.087. This is the

monthly frequency of regular price changes reported by Nakamura and Steinsson (2008).

Then the profit-maximizing response on impact has to overshoot the profit-maximizing

response in the next month by a factor of 120. Third, suppose that λn = 0.21. This is

the monthly frequency of price changes reported by Bils and Klenow (2004). Then the

profit-maximizing response on impact has to overshoot the profit-maximizing response in

the next month by a factor of 20. All three examples are depicted in Figure 3. For the sake

of clarity, the impulse response of the sectoral price index in Figure 3 is normalized to one.

So far we have shown that there exists a unique impulse response of the profit-maximizing

price to a sector-specific shock which implies that, in the Calvo model, all of the response
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of the sectoral price index to the sector-specific shock occurs on impact of the shock. One

can go a step further and derive the impulse response of sector-specific productivity to

a sector-specific shock that yields this impulse response of the profit-maximizing price to

a sector-specific shock. When the profit-maximizing price is given by equation (9), the

sector-specific component of the profit-maximizing price equals

p♦Snt =
1−α
α (θ − η)

1 + 1−α
α θ

p̂nt −
1
α

1 + 1−α
α θ

znt. (18)

Given an impulse response function for the profit-maximizing price and given an impulse

response function for the sectoral price index, one can compute the impulse response func-

tion for sector-specific productivity that satisfies equation (18). Formally, solving the last

equation for sector-specific productivity yields

znt = −
1 + 1−α

α θ
1
α

"
p♦Snt −

1−α
α (θ − η)

1 + 1−α
α θ

p̂nt

#
. (19)

Substituting in the desired impulse response function for the profit-maximizing price (e.g.

the blue line with diamonds in Figure 3) and the implied impulse response function for

the sectoral price index (the red line with circles in Figure 3) yields the impulse response

function for sector-specific productivity. To illustrate this result, Figure 4 shows for the

parameter values α = (2/3), θ = 4 and η = 2 the impulse response functions for sector-

specific productivity that yield the impulse response functions for the profit-maximizing

price depicted in Figure 3.

Next, we investigate whether the Calvo model matches the cross-sectional variation

in the speed of responses of sectoral price indices to shocks. In particular, we redo the

regressions reported in Section 6.1 with data simulated from the Calvo model. We set β =

0.991/3. For simplicity, we suppose that the aggregate component of the profit-maximizing

price, p♦Ant , follows a random walk with a standard deviation of the innovation equal to

0.48, and we suppose that the sector-specific component of the profit-maximizing price,

p♦Snt , follows a random walk with a standard deviation of the innovation equal to 0.88.15 We

tried a variety of different processes for the profit-maximizing price and we always obtained
15The median impulse response of a sectoral price index to aggregate shocks reported in Figure 1 equals

0.48 in the long run. The median impulse response of a sectoral price index to sector-specific shocks reported

in Figure 1 equals 0.88 in the long run.
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the main result that we point out below. We solve equations (14)-(16) for the price index for

sector n setting λn equal to a number from the cross-section of the frequency of price changes

reported by Bils and Klenow (2004). We then compute the speed of response of the price

index for sector n to aggregate shocks and to sector-specific shocks (i.e. ΛAn and Λ
S
n). We

repeat this procedure for 75 sectors, each time setting λn equal to a different number from

the cross-section of the frequency of price changes reported by Bils and Klenow (2004).

Afterwards, we regress the speed of response to aggregate shocks implied by the Calvo

model on the sectoral frequency of price changes, and we regress the speed of response to

sector-specific shocks implied by the Calvo model on the sectoral frequency of price changes.

The regression coefficient in the first regression is 1.11, which falls within the 90 percent

probability interval for this coefficient reported in Section 6.1. See Table 2. The regression

coefficient in the second regression is again 1.11, which is an order of magnitude larger than

the median value of this coefficient reported in Section 6.1. See Table 4. Thus, the Calvo

model predicts far more cross-sectional variation in the speed of response to sector-specific

shocks compared to what we see in the data.16

The upper panel of Figure 2 has two main features: the median speed of response of

a sectoral price index to sector-specific shocks is equal to one, and the distribution of the

speed of response of sectoral price indices to sector-specific shocks is tight. We think that

the first feature together with Proposition 1 casts doubt on the Calvo model. We think

that the second feature also casts doubt on the Calvo model.

7.3 Sticky-information model

In the sticky-information model developed in Mankiw and Reis (2002), a firm can update its

pricing plan with a constant probability in any given period. A pricing plan specifies a price

path (i.e. a price as a function of time). The difference to the Calvo model is that firms

choose a price path instead of a price. We are interested in the implications of this model

for the impulse responses of sectoral price indices to aggregate shocks and to sector-specific

shocks. Therefore, we study a multi-sector version of this model with sector-specific shocks:

16This simulation yields essentially the same results when the monthly frequency of regular price changes

from Nakamura and Steinsson (2008) is used. See Table 3 and Table 5.
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the profit-maximizing price of good i in sector n in period t is given by equation (9); the

price index for sector n in period t is given by equation (11); a firm in sector n can update

its pricing plan with a constant probability λn in any given period; and a firm that can

update its pricing plan in period t chooses the price path that minimizes

Et

" ∞X
s=t

βs−t
C̄ (θ − 1) ¡1 + 1−α

α θ
¢

2

³
pins − p♦ins

´2#
. (20)

In this model, the profit-maximizing price of firm i in sector n in period t equals the

sum of an aggregate component and a sector-specific component

p♦int = p♦Ant + p♦Snt , (21)

where each component is common to all firms in the sector. A firm that can update

its pricing plan in period t chooses a price for period s ≥ t that equals the conditional

expectation of the profit-maximizing price in period s

pins|t = Et

h
p♦ins

i
. (22)

In period t, a fraction λn (1− λn)
j of firms in sector n last updated their pricing plans j

periods ago and these firms set a price equal to Et−j
h
p♦int

i
. Thus, the price index for sector

n in period t equals

pnt =
∞X
j=0

λn (1− λn)
j Et−j

h
p♦int

i
. (23)

Comparing equations (15)-(16) and equations (22)-(23) shows two differences between

the Calvo model and the sticky-information model. First, in the Calvo model firms front-

load expected future changes in the profit-maximizing price, while in the sticky-information

model firms wait with the price adjustment until the expected change in the profit-maximizing

price actually occurs. Second, in the Calvo model inflation (i.e. a change in the price level)

only comes from the fraction λn of firms that can adjust their prices in the current period,

while in the sticky-information model inflation may also come from the fraction (1− λn) of

firms that cannot update their pricing plans in the current period. Mankiw and Reis (2002)

show that these two differences have interesting implications for the response of inflation

and output to nominal shocks and to (anticipated and unanticipated) disinflations.
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We now study the implications of the sticky-information model for the response of

sectoral price indices to aggregate shocks and for the response of sectoral price indices

to sector-specific shocks. In the sticky-information model, it is easy to derive impulse

responses. Firms that have updated their pricing plans since a shock occurred respond

perfectly to the shock. All other firms do not respond at all to the shock. The fraction of

firms in sector n that have updated their pricing plans over the last τ periods equals

τX
j=0

λn (1− λn)
j = 1− (1− λn)

τ+1 . (24)

Thus, the response of the price index for sector n in period t to a shock that occurred τ

periods ago equals
h
1− (1− λn)

τ+1
i
times the response of the profit-maximizing price in

sector n in period t to the same shock. This is true for any shock.

To illustrate this result, consider the following example. Suppose that the aggregate

component of the profit-maximizing price in sector n follows a random walk with a stan-

dard deviation of the innovation equal to 0.48, and the sector-specific component of the

profit-maximizing price in sector n follows a random walk with a standard deviation of the

innovation equal to 0.88. Furthermore, suppose that firms update their pricing plans on

average once a year, as assumed in Mankiw and Reis (2002). In a monthly model, this

means λn = (1/12).17 Figure 5 shows the impulse responses of the sectoral price index to a

sector-specific shock and to an aggregate shock. The impulse responses of the sectoral price

index to the two shocks have an identical shape, independent of the standard deviation of

the two shocks. The reason is that the impulse responses of the profit-maximizing price

to the two shocks have an identical shape. For comparison, Figure 5 also reproduces from

Figure 1 the median empirical impulse responses of a sectoral price index to the two shocks.

Next, we ask whether the sticky-information model matches the median impulse re-

sponse of a sectoral price index to sector-specific shocks reported in Figure 1. The following

proposition provides a formal answer to this question.

Proposition 2 (Sticky-information model with sector-specific shocks) Suppose that the profit-
17 In the random walk case, the Calvo model and the sticky-information model are observationally equiva-

lent so long as λn is the same in the two models, because the optimal pricing plan in the sticky-information

model is a constant price.
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maximizing price of firm i in sector n in period t is given by equation (21). Furthermore,

suppose that the price index for sector n in period t is given by equation (23). Then, the

impulse response of the price index for sector n to a sector-specific shock equals x on impact

of the shock and in all periods following the shock if and only if, for all τ = 0, 1, 2, . . ., the

impulse response of the profit-maximizing price τ periods after the shock equals

1

1− (1− λn)
τ+1x. (25)

Proof. This follows directly from the sentence below equation (24).

The sticky-information model matches the median impulse response of a sectoral price

index to sector-specific shocks reported in Figure 1 only if the profit-maximizing price jumps

by (1/λn)x on impact of a sector-specific shock, and then decays slowly to x in the periods

following the shock. This yields a response of the sectoral price index to the sector-specific

shock equal to x on impact and in all periods following the shock. This result is derived

from equations (21) and (23).

To illustrate Proposition 2, consider the following example. Suppose that firms update

their pricing plans on average once a year, as assumed in Mankiw and Reis (2002). In a

monthly model, this means λn = (1/12). Then the profit-maximizing response on impact of

a sector-specific shock has to overshoot the long-run profit-maximizing response by a factor

of twelve. See Figure 6.

Finally, from equation (19) one can compute the impulse response function for sector-

specific productivity that yields the impulse response function for the profit-maximizing

price characterized in Proposition 2.

Note that less overshooting is necessary in the sticky-information model than in the

Calvo model for the same value of λn, but the extent of overshooting is still large.18

18Reis (2006) shows that a model with a fixed cost of obtaining perfect information can provide a micro-

foundation for the kind of slow diffusion of information modeled by Mankiw and Reis (2002). While the

model of Reis (2006) does not distinguish between information concerning aggregate conditions and infor-

mation concerning sector-specific conditions, one can imagine an extension of the model that would make

this distinction.
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7.4 Rational inattention as in Máckowiak and Wiederholt (2008a)

In the rational inattention model developed in Máckowiak andWiederholt (2008a), decision-

makers in firms decide what to pay attention to. Following Sims (2003), agents’ inability

to attend perfectly to all available information is modeled as a constraint on information

flow. Furthermore, in the model, there is a trade-off between paying attention to aggregate

conditions and paying attention to disaggregate conditions. Here, we study a version of this

model with sector-specific shocks.

In the model, there are multiple sectors. The profit-maximizing price of good i in sector

n in period t is given by equation (9). In period t = 0, the decision-maker in a firm chooses

the stochastic process for the signals that the decision-maker will receive in the following

periods. In each period t ≥ 1, the decision-maker receives signals and the decision-maker
sets a price equal to the conditional expectation of the profit-maximizing price, where the

expectation is formed given the sequence of all signals that the decision-maker has received

up to that point in time. The price index for sector n in period t is given by equation (11).

To make the results for this model as transparent as possible, we solve analytically for

the price index for sector n in the case when both the aggregate component and the sector-

specific component of the profit-maximizing price in the sector follow a Gaussian random

walk. It is straightforward to solve numerically for the price index for sector n in the case

when the profit-maximizing price in the sector follows some other Gaussian process.

Formally, in period zero, the decision-maker in a firm chooses the stochastic process

for the signals so as to minimize the expected discounted sum of losses in profits due to

suboptimal price setting:

min
(σε,σψ)∈R2

+

E

" ∞X
t=1

βt
C̄ (θ − 1) ¡1 + 1−α

α θ
¢

2

³
pint − p♦int

´2#
, (26)

subject to: (i) the process for the profit-maximizing price

p♦int = p♦Aint + p♦Sint , (27)

with

p♦Aint = p♦Aint−1 + σAut, (28)
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and

p♦Sint = p♦Sint−1 + σSvnt, (29)

where ut and vnt follow independent, unit-variance Gaussian white noise processes; (ii) the

optimal pricing decision in period t given information in period t

pint = E
h
p♦int|stin

i
, (30)

where stin =
¡
s0in, sin1, sin2, . . . , sint

¢
is the sequence of all signals that the decision-maker

has received up to period t; (iii) an assumption concerning the set of signal vectors that the

decision-maker can choose from

sint =

⎛⎝ sAint

sSint

⎞⎠ =

⎛⎝ p♦Aint
p♦Sint

⎞⎠+
⎛⎝ σεεint

σψψint

⎞⎠ , (31)

where εint and ψint follow idiosyncratic, unit-variance Gaussian white noise processes that

are independent of the u process and the vn process as well as independent of each other;

and (iv) the constraint on information flow

∀t = 1, 2, . . . : H
³
p♦Aint |st−1in

´
−H

³
p♦Aint |stin

´
| {z }

κA

+H
³
p♦Sint |st−1in

´
−H

³
p♦Sint |stin

´
| {z }

κS

≤ κ, (32)

where H (X|I) denotes the conditional entropy of X given the information set I.
Conditional entropy of X given I is a measure of conditional uncertainty of X given I.

The difference H
¡
Xt|st−1in

¢−H
¡
Xt|stin

¢
is a measure of the reduction in uncertainty about

Xt that is due to the new information received in period t. Following Sims (2003, Section

5), we use this difference to quantify the amount of information that the signal received

in period t contains about Xt. The information flow constraint (32) states that, in every

period, the flow of information concerning aggregate conditions, denoted κA, plus the flow

of information concerning sector-specific conditions, denoted κS , cannot exceed the value

κ. In other words, the overall flow of information is limited.

To abstract from transitional dynamics in conditional variances, we make a simplifying

assumption. We assume that, after the decision-maker has chosen the stochastic process

for the signals in period zero, the decision-maker receives information in period zero such

that the conditional variances of p♦Ain1 and p♦Sin1 given information in period zero equal the
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steady-state values of the conditional variances of p♦Aint and p
♦S
int given information in period

t− 1. This simplifies computing the solution to problem (26)-(32). In addition, we assume

that the decision-maker in a firm can choose the overall attention devoted to the price

setting decision, κ, facing the cost function c (κ) = φκ where φ > 0 is the (per-period) real

marginal cost of attention.19 The idea is that the decision-maker in a firm will increase the

attention devoted to the price setting decision so long as the marginal value of doing so is

high. Formally, we add the term [β/ (1− β)] c (κ) to objective (26) and we let the decision-

maker choose κ. Finally, it is worth pointing out that the assumption that the noise terms

in equation (31) are independent captures the idea that paying attention to aggregate

conditions and paying attention to sector-specific conditions are separate activities. In

Section 8.2 of Máckowiak and Wiederholt (2008a), we discuss this assumption in detail and

we relax the assumption.

Consider first the price setting behavior and the expected loss in profits due to subop-

timal price setting for a given allocation of attention (i.e. for a given pair κA and κS). We

show in Appendix C that the price setting behavior for a given allocation of attention is

given by

p♦int − pint =
∞X
l=0

∙³
2−2κ

A
´l+1

σAut−l −
³
2−2κ

A
´l ³

2−κ
A
´
σAεint−l

¸

+
∞X
l=0

∙³
2−2κ

S
´l+1

σSvnt−l −
³
2−2κ

S
´l ³

2−κ
S
´
σSψint−l

¸
, (33)

where p♦int− pint is the difference between the profit-maximizing price and the actual price.

The speed at which the gap p♦int−pint closes after an innovation in the aggregate component,
ut, depends on the attention allocated to aggregate conditions, κA. The speed at which

the gap closes after an innovation in the sector-specific component, vnt, depends on the

attention allocated to sector-specific conditions, κS. Thus, if the decision-maker pays more

attention to sector-specific conditions than to aggregate conditions (κS > κA), the price set

by firm i in sector n responds faster to sector-specific shocks than to aggregate shocks.

19The cost c (κ) could be an opportunity cost (e.g. spending less time on some other activity at work or

at home) or a monetary cost (e.g. a wage payment).
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The value of expression (26) for a given allocation of attention equals

β

1− β

C̄ (θ − 1) ¡1 + 1−α
α θ

¢
2

∙
σ2A

22κA − 1 +
σ2S

22κS − 1
¸
. (34)

See again Appendix C. It is now straightforward to derive the optimal allocation of attention.

The decision-maker in a firm equates the marginal value of attending to aggregate conditions

to the marginal cost of attention

C̄ (θ − 1) ¡1 + 1−α
α θ

¢
2

σ2A
22κ

A¡
22κA − 1¢2 2 ln (2) = φ, (35)

and the decision-maker equates the marginal value of attending to sector-specific conditions

to the marginal cost of attention

C̄ (θ − 1) ¡1 + 1−α
α θ

¢
2

σ2S
22κ

S¡
22κS − 1¢2 2 ln (2) = φ. (36)

Thus, the optimal allocation of attention is given by

2κ
A − 1

2κA
= σA

s
C̄ (θ − 1) ¡1 + 1−α

α θ
¢

φ
ln (2), (37)

and

2κ
S − 1

2κS
= σS

s
C̄ (θ − 1) ¡1 + 1−α

α θ
¢

φ
ln (2). (38)

Hence, the model predicts that the attention allocated to a given shock depends on the

standard deviation of that type of shock. Therefore, the speed at which the gap between

the profit-maximizing price and the actual price closes after a given shock depends on the

standard deviation of that type of shock. Furthermore, dividing equation (38) by equation

(37) yields
2κ

S − 2−κS
2κA − 2−κA =

σS
σA

. (39)

Hence, the model makes the following prediction. When the sector-specific component of

the profit-maximizing price is more volatile than the aggregate component of the profit-

maximizing price (σS > σA), the decision-maker pays more attention to sector-specific

conditions than to aggregate conditions (κS > κA). The price set by the decision-maker

then responds faster to sector-specific shocks than to aggregate shocks.

Finally, integrating equation (33) over all i and using equations (11) and (27)-(29) yields

an equation for the sectoral price level. This equation for the sectoral price level implies
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an equation for the sectoral inflation rate that has the form of equation (1), which is the

equation that we estimate.20

We now ask whether the rational inattention model presented above in which the sector-

specific component of the profit-maximizing price follows a random walk can yield an im-

pulse response of the price index for sector n to sector-specific shocks that falls on impact

within the 90 percent probability band in the top panel of Figure 1. The lower 90 percent

probability band suggests that the sectoral price index underreacts its long-run response by

20 percent on impact. A value of κS equal to 1.15 bits yields a 20 percent underreaction on

impact. See equation (33). Therefore, we suppose that κS equals 1.15 and we consider the

implied value for κA for plausible values for the ratio (σS/σA). When the ratio (σS/σA)

equals three, κA must equal 0.42. See equation (39). When the ratio (σS/σA) equals two-

and-a-half, κA must equal 0.5. When the ratio (σS/σA) equals two, κA must equal 0.62.

Máckowiak and Wiederholt (2008b) show that values for κA in this range yield sizable real

effects of monetary policy shocks in a DSGE model with rational inattention.21

Next, we investigate whether the rational inattention model presented above matches

the cross-sectional variation in the speed of response of sectoral price indices to shocks. In

particular, we redo the regressions reported in Section 6.2 with data simulated from the

rational inattention model. For simplicity, we suppose that the aggregate component of

the profit-maximizing price, p♦Ant , follows a random walk with a standard deviation of the

innovation σA, and we suppose that the sector-specific component of the profit-maximizing

price, p♦Snt , follows a random walk with a standard deviation of the innovation σS. We

construct a cross-section of the pair of numbers σA and σS , using the empirical standard

deviation of sectoral inflation due to aggregate shocks as a measure of σA and using the

empirical standard deviation of sectoral inflation due to sector-specific shocks as a measure

of σS . Furthermore, we select a value for the marginal cost of information flow, φ, such

20 In the Calvo model, the sectoral price level is given by equations (16) and (15). In the sticky-information

model, the sectoral price level is given by equation (23). When the profit-maximizing price (14) follows a

Gaussian process with a time-invariant moving-average representation, the equation for the sectoral inflation

rate has the form of equation (1).
21 In the benchmark calibration of Máckowiak and Wiederholt (2008b, Section 8.3), decision-makers in

firms allocate 1.35 bits per quarter to tracking aggregate shocks.
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that the median information flow allocated to sector-specific conditions equals 1.15 and the

median information flow allocated to aggregate conditions equals 0.4. We solve for the price

index for sector n in the rational inattention model repeatedly, each time setting σA and σS

equal to a different pair of numbers from the empirical cross-section. We then compute the

speed of response of the price index for sector n to aggregate shocks and to sector-specific

shocks (i.e. ΛAn and Λ
S
n). Afterwards, we regress the speed of response to aggregate shocks

implied by the rational inattention model on the empirical variance of sectoral inflation due

to aggregate shocks. The regression coefficient is 263.65, which falls within the 90 percent

probability interval for this coefficient reported in Section 6.2. See Table 6. Next, we

regress the speed of response to sector-specific shocks implied by the rational inattention

model on the empirical variance of sectoral inflation due to sector-specific shocks. The

regression coefficient is 9.87, which falls just outside the 90 percent probability interval for

this coefficient reported in Section 6.2. See Table 7.

It is straightforward to see why the rational inattention model matches the finding that

the coefficient in the second regression is two orders of magnitude smaller than the regression

coefficient in the first regression. In the rational inattention model, the speed of response

of prices to a given shock is concave in the variance of the shock. When decision-makers

in firms already pay close attention to sector-specific shocks, increasing the variance of

sector-specific shocks does not make much difference. By contrast, when decision-makers

in firms pay a moderate amount of attention to aggregate shocks, increasing the variance

of aggregate shocks makes a difference.

Boivin, Giannoni, and Mihov (2007) find a positive relationship between the speed of

response of sectoral price indices to aggregate shocks and the variance of sectoral inflation

due to sector-specific shocks. We obtain the same finding. This finding is consistent with

the rational inattention model described above. In fact, there are two possible explanations.

One possible explanation is that there is a positive relationship across sectors between the

variance of the profit-maximizing price due to aggregate shocks and the variance of the

profit-maximizing price due to sector-specific shocks. Another possible explanation has to

do with the fact that parameters in objective (26) affect both the attention allocated to

aggregate conditions and the attention allocated to sector-specific conditions. For ease of
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exposition, suppose that α = 1. When α = 1, increasing the price elasticity of demand, θ,

raises the loss in profits in the case of a price setting mistake without changing the process

for the profit-maximizing price. See equations (26) and (9). In sectors with a high price

elasticity of demand, firms will then pay more attention to both aggregate conditions and

sector-specific conditions to avoid mistakes, implying that prices in those sectors respond

faster to both aggregate shocks and sector-specific shocks. This raises the variance of

sectoral inflation due to sector-specific shocks.

8 Conclusions

We look at disaggregate data in order to evaluate models that predict a slow response of

prices to aggregate shocks. We estimate a statistical model using sectoral price data. In the

median sector, 100 percent of the long-run response of the sectoral price index to a sector-

specific shock occurs in the month of the shock. The Calvo model and the sticky-information

model match this finding only under extreme assumptions concerning the profit-maximizing

price. By contrast, the rational inattention model matches this finding without an extreme

assumption concerning the profit-maximizing price. Furthermore, we find little variation

across sectors in the speed of response of sectoral price indices to sector-specific shocks.

The rational inattention model matches this finding, while the Calvo model predicts far too

much cross-sectional variation in the speed of response to sector-specific shocks.

We think that the Calvo model is a useful tool for someone who wants an easy-to-solve

model for analysis of the effects of slow nominal adjustment on macroeconomic fluctuations.

We feel less comfortable when the Calvo model is used for normative analysis of macroeco-

nomic policy. In this respect, we think that this paper’s findings provide a warning. We find

that the Calvo model does a poor job matching the response of prices to market-specific

shocks. Normative analysis with the Calvo model presupposes that the Calvo model, as

policy changes, will continue to match macro data well. We are skeptical that this as-

sumption is valid when one contemplates policy changes that will make the macroeconomic

environment more volatile.

In the future, it will be interesting to study whether the menu cost model matches the
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empirical findings of this paper. Furthermore, it will be interesting to see whether the

empirical findings of this paper extend to countries other than the United States.
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A Econometric details

We consider the unobservable index model

π̃nt = a0n (L)ut + π̃Snt, (40)

π̃Snt = cn (L) π̃
S
nt + �nt, (41)

where: (i) π̃nt is the zero mean, unit-variance, month-on-month inflation rate in sector n

in period t, n = 1, ..., N , t = 1, ..., T ; (ii) ut = (u1t; ...;uKt)
0 is a K × 1 unobservable index

satisfying ukt ∼ N(0, 1) for each k = 1, ...,K; (iii) an (L) is a K × 1 polynomial in the lag
operator of order M ; (iv) cn (L) is a polynomial in the lag operator of order S satisfying

cn0 = 0; and (v) �nt ∼ N(0, σ2n), for each n. The data, described in Section 3, are monthly

sectoral price indices. We perform seasonal adjustment of the log of the price index in

each sector, and we construct the month-on-month inflation rate. We subtract the mean

from each sector’s inflation rate, and we divide each sector’s inflation rate by its standard

deviation. Since spikes in individual inflation rates were picked up by the unobservable

index in preliminary estimation, we eliminated a few outliers from the dataset. For each

sector, we replaced the observations falling outside four times the standard deviation of the

inflation rate by the mean inflation rate over the rest of the sample period.

When we assemble N equations, with each equation having the form of equation (40),

we can write

π̃t = a (L)ut + π̃St ,

where π̃t and π̃St and vectors of length N , and each matrix appearing in the polynomial

a (L) has size N ×K. Let ã0 denote the K × K matrix consisting of the first K rows of

a0. We assume that ã0 is a lower triangular matrix with strictly positive entries on the

main diagonal. This is a sufficient condition to estimate ut uniquely. See Geweke and Zhou

(1996). Consider the case when K = 1. In order to ensure that the unobservable index

is positively correlated with the CPI inflation rate, we add the CPI inflation rate to our

dataset, and we order the CPI inflation rate first. As it turns out, the model attributes

almost all of the variance in the CPI inflation rate to the unobservable index. In the case

when K = 2, we order second (after the CPI inflation rate) the variable best explained by

the first principle component of the normalized inflation rates.
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We use the Gibbs sampler to sample from the joint posterior density of the unobservable

index {ut} and the model’s parameters (an (L), cn (L), and σn, for each n). Given a Monte
Carlo draw of the model’s parameters, we sample from the conditional posterior density

of the unobservable index given the model’s parameters. This step is described in Section

A.1. Afterwards, given a Monte Carlo draw of the unobservable index, we sample from the

conditional posterior density of the model’s parameters given the unobservable index. This

step is described in Section A.2.

A.1 Sampling unobservable index given parameters

We follow Carter and Kohn (1994) and Kim and Nelson (1999) in sampling from the con-

ditional posterior density of the unobservable index given the model’s parameters (an (L),

cn (L), and σn, for each n). We begin by writing the model (40)-(41) in state space form.

Equations (40)-(41) imply that

π̃∗nt = g0n (L)ut + �nt, (42)

where π̃∗nt = (1− cn (L)) π̃nt, and gn (L) = (1− cn (L)) an (L), for each n. If we think of the

coefficients appearing in the polynomial gn (L) as forming a vector Gn, and if we define a

vector Ft as Ft =
¡
ut;ut−1; ...;ut−(M+S)

¢
, we can write equation (42) as

π̃∗nt = G0nFt + �nt.

Note that vectors Gn and Ft have length l = K (M + S + 1). When we assemble N equa-

tions of this form, we arrive at the measurement equation:

π̃∗t = GFt + �t, (43)

where π̃∗t and �t are vectors of length N , and G is a matrix of size N × l. Let R denote the

variance-covariance matrix of �t. Note that R is an N ×N diagonal matrix with diagonal

elements σ21, ..., σ
2
N . The state equation is

Ft+1 = JFt + ũt+1, (44)

where J is an l × l matrix defined as

J =

⎡⎣ 0K×K 0K×K(M+S)

IK(M+S) 0K(M+S)×K

⎤⎦ ,
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and ũt+1 is a vector of length l defined as ũt+1 =
¡
ut+1; 0K(M+S)×1

¢
. Let Q denote the

variance-covariance matrix of ũt+1. Note that Q is an l × l diagonal matrix, with the first

K diagonal elements equal to unity and all other elements equal to zero.

We run Kalman filter iterations from period t = 1 to period t = T to obtain

Ft|t = Ft|t−1 + Pt|t−1G0
¡
GPt|t−1G0 +R

¢−1 ¡
π̃∗t −GFt|t−1

¢
, (45)

Pt|t = Pt|t−1 − Pt|t−1G0
¡
GPt|t−1G0 +R

¢−1
GPt|t−1, (46)

Ft+1|t = JFt|t,

and

Pt+1|t = JPt|tJ 0 +Q.

We use the unconditional density of the state vector to initialize the Kalman filter. We set

F1|0 equal to a zero vector, and we set

vec
¡
P1|0

¢
= [Il2 − (J ⊗ J)]−1 vec (Q) .

Next, we sample from the probability density function of FT given the data until period T .

This is a Gaussian density with mean FT |T and variance-covariance matrix PT |T . Subse-

quently, for each t = T − 1, T − 2, ..., 1, we sample from the probability density function of

Ft given the data until period t and Ft+1. This is a Gaussian density with mean Ft|t,Ft+1
and variance-covariance matrix Pt|t,Ft+1 , where

Ft|t,Ft+1 = Ft|t + Pt|tJ 0P−1t+1|t
¡
Ft+1 − Ft+1|t

¢
,

and

Pt|t,Ft+1 = Pt|t − Pt|tJ 0P−1t+1|tJPt|t.

In practice, since in our model Q is a singular matrix, we must modify the densities we

sample from slightly. Let Q∗ be the matrix of size l∗ × l∗ (where l∗ < l) obtained after

removing from Q each row that contains nothing but zeros. Furthermore, let F ∗t+1 be the

corresponding l∗× 1 state vector, and let J∗ be the corresponding l∗× l matrix in the state

equation. For each t = T − 1, T − 2, ..., 1, we sample from the probability density function

35



of Ft given the data until period t and F ∗t+1. This is a Gaussian density with mean Ft|t,F∗t+1
and variance-covariance matrix Pt|t,F ∗t+1 , where

Ft|t,F ∗t+1 = Ft|t + Pt|tJ∗0
¡
J∗Pt|tJ∗0 +Q∗

¢−1 ¡
F ∗t+1 − J∗Ft|t

¢
,

and

Pt|t,F ∗t+1 = Pt|t − Pt|tJ∗0
¡
J∗Pt|tJ∗0 +Q∗

¢−1
J∗Pt|t.

In our model, it turns out that Ft|t,F ∗t+1 = Ft|t and Pt|t,F ∗t+1 = Pt|t, so that the Gaussian

probability density functions we sample from are characterized fully by expressions (45) and

(46). The reason is that the unobservable index in our model follows a vector white noise

process.

A.2 Sampling parameters given unobservable index

We follow Chib and Greenberg (1994) in sampling from the conditional posterior density of

the model’s parameters (an (L), cn (L), and σn, for each n) given the unobservable index.

Taking the unobservable index as given and collecting N pairs of equations (40)-(41) yields

N independent Gaussian regressions, each regression with autoregressive errors of order S.

Therefore, given the unobservable index, we can analyze each pair of equations (40)-(41)

using the results of Chib and Greenberg (1994) on Gaussian regression with autoregressive

errors. Note that, like Chib and Greenberg (1994), we use the full likelihood function

without conditioning on initial observations.

In the rest of this section, for simplicity, we drop the subscript n, we think of the

coefficients appearing in the polynomial a (L) as forming a vector θ, and we think of the

coefficients appearing in the polynomial c (L) as forming a vector φ. Furthermore, we define

a vector xt according to xt = (ut;ut−1; ...;ut−M), and we define a vector x̃t according to

x̃t =
¡
π̃St−1; ...; π̃St−S

¢
. Then, we can write the model (40)-(41) as

π̃t = x0tθ + π̃St ,

π̃St = x̃0tφ+ �t,

and, in matrix notation,

Π̃ = Xθ + Π̃S ,
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Π̃S = X̃φ+ �.

Note that vectors xt and θ have length K (M + 1), vectors x̃t and φ have length S, vectors

Π̃, Π̃S , and � have length T , matrix X has size T ×K (M + 1), and matrix X̃ has size T ×S.

Let Φ be an S × S matrix satisfying

Φ =

⎡⎣ φ̃
0

φS

IS−1 0(S−1)×1

⎤⎦ ,
where φ̃ =

¡
φ1; ...;φS−1

¢
is a vector of length S − 1. We assume the following joint prior

density of θ, φ and σ2:

£
θ, φ, σ2

¤
= [θ] [φ]

£
σ2
¤
= N ¡

θ0,Θ
−1
0

¢ £N ¡
φ0,Φ

−1
0

¢ I (Φ)¤IG [ν0/2, δ0/2] ,
where N denotes the normal density, IG denotes the inverse gamma density, and I (Φ) is
an indicator function equal to one when all eigenvalues of Φ are less than one in modulus.

The following notation is useful. We partition Π̃ so that Π̃ =
³
Π̃1; Π̃2

´
, where Π̃1 has

length S and Π̃2 has length T − S. Analogously, we partition X so that X = (X1;X2),

where X1 has size S ×K (M + 1) and X2 has size T − S ×K (M + 1). We define Σ to be

an S × S matrix satisfying

Σ = ΦΣΦ0 +
¡
1; 0(S−1)×1

¢ ¡
1; 0(S−1)×1

¢0
,

where
¡
1; 0(S−1)×1

¢
is a vector of length S. That is,

vec (Σ) = [IS2 − (Φ⊗ Φ)]−1 vec
h¡
1; 0(S−1)×1

¢ ¡
1; 0(S−1)×1

¢0i
.

Let chol (Σ) denote the lower triangular Choleski square root of Σ. We define Π̃∗ =
³
Π̃∗1; Π̃∗2

´
and X∗ = (X∗

1 ;X
∗
2 ), where: (i) Π̃

∗
1 = [chol (Σ)]

−1 Π̃1; (ii) X∗
1 = [chol (Σ)]

−1X1; (iii) Π̃∗2 is

a vector of length T − S with t’th row given by [1− c (L)] π̃t; and (iv) X∗
2 is a matrix of

size T − S ×K (M + 1) with t’th row given by [1− c (L)]xt. We let et = π̃t − x0tθ, for each

t = S+1, ..., T ; we let e be a vector of length T −S satisfying e = (eS+1; ...; eT ); and we let

E be a matrix of size T − S × S with t’th row given by (et−1, ..., et−S), for each t ≥ S + 1.

Chib and Greenberg (1994) derive the following conditional posterior densities:

θ | φ, σ2 ∼ N
h
Θ−1T

³
Θ0θ0 + σ−2X∗0Π̃∗

´
,Θ−1T

i
, (47)
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σ2 | φ, θ ∼ IG

⎡⎢⎣µν0 + T

2

¶
,
δ0 +

³
Π̃∗ −X∗θ

´0 ³
Π̃∗ −X∗θ

´
2

⎤⎥⎦ , (48)

φ | θ, σ2 ∝ Ψ (φ)×N £
Φ−1T

¡
Φ0φ0 + σ−2E0e

¢
,Φ−1T

¤I (Φ) , (49)

where

ΘT = Θ0 + σ−2X∗0X∗,

ΦT = Φ0 + σ−2E0E,

Ψ (φ) =| Σ (φ) |−1/2 exp
∙
− 1

2σ2

³
Π̃1 −X1θ

´0
Σ (φ)−1

³
Π̃1 −X1θ

´¸
,

and φ in brackets in the last expression reminds us that Σ depends on φ.

The conditional density of θ and the conditional density of σ2 are standard, but the

conditional density of φ cannot be sampled from directly. Following Chib and Greenberg

(1994), we sample from the density of φ using the Metropolis-Hastings algorithm. See

also Otrok and Whiteman (1998). At each iteration j of the Gibbs sampler, we generate

a candidate draw φ∗ from the density N £
Φ−1T

¡
Φ0φ0 + σ−2E0e

¢
,Φ−1T

¤I (Φ). We then set
φj = φ∗ with probability

ρ = min

"
Ψ (φ∗)
Ψ
¡
φj−1

¢ , 1# ,
and we set φj = φj−1 with probability 1− ρ.

We choose values for the prior hyperparameters following the Minnesota prior. We set

θ0 = 0K(M+1)×1. We assume that Θ0 is a diagonal matrix of size K (M + 1)×K (M + 1).

Furthermore, we assume that each of the first K entries on the main diagonal of Θ0 equals

1, each of the subsequent K entries also equals 1, each of the K entries after that equals

4, and so on until the last K entries on the main diagonal of Θ0 equal M2. This means

that the prior mean on each loading equals zero, the standard deviation of the prior on a

contemporaneous loading equals 1, and the standard deviation of the prior on a loading

on an m’th lag of the observable index equals (1/m). We set φ0 = 0S×1. We assume

that Φ0 is a diagonal matrix of size S × S with entries on the main diagonal given by

(s/0.2)2, s = 1, ..., S. This means that the prior mean on each autoregressive coefficient

equals zero, the standard deviation of the prior on a coefficient on a first lag equals 0.2, and

the standard deviation of the prior on a coefficient on an s’th lag equals (0.2/s). We set
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ν0 = 4 and δ0 = 0.1. In the case when K = 2, we use a tighter prior. We set the standard

deviation of the prior on a loading on an m’th lag of the observable index equal to
¡
1/m1.5

¢
.

In the autoregressive component of the model, we set the standard deviation of the prior

on a coefficient on an s’th lag equal to
¡
0.2/s1.5

¢
.

To initialize the Gibbs sampler, we regress the data on, alternatively, the first K prin-

cipal components of the data or randomly generated K “indices” (current and lagged).

We use the ordinary least squares coefficients as initial values for the model’s parameters,©
θn, φn, σ

2
n

ªj=0, n = 1, ..., N . Each j’th iteration of the Gibbs sampler proceeds as follows.

Given
©
θn, φn, σ

2
n

ªj−1, n = 1, ...,N , we make a draw of the unobservable index {ut}j , as
described in Section A.1. Next, given {ut}j , we make a draw of the model’s parameters©
θn, φn, σ

2
n

ªj , n = 1, ...,N , as described in this section above. Here, we begin by drawing
θjn given

©
φn, σ

2
n

ªj−1 from density (47), afterwards we draw
¡
σ2n
¢j given θjn and φj−1n from

density (48), and finally we draw φjn given
©
θn, σ

2
n

ªj from density (49). We make 20000

draws. We discard the initial 5000 draws. We save every second draw out of the remaining

15000 draws. This gives us 7500 draws from the posterior density.

A.3 Convergence of the Gibbs sampler

We use formal and informal diagnostics to assess convergence of the Gibbs sampler. We

compute two formal convergence diagnostics: the Raftery-Lewis measure of the number of

draws required to achieve a certain precision of the sampler (see Raftery and Lewis, 1992);

and the Geweke relative numerical efficiency indicator (see Geweke, 1992). We specify the

parameters for the Raftery-Lewis diagnostic as follows: quantile = 0.025; desired accuracy

= 0.0125; required probability of attaining the desired accuracy = 0.95. Note that, since we

compute the Raftery-Lewis diagnostic and the Geweke diagnostic for each parameter in the

model, we obtain a cross-section of the Raftery-Lewis diagnostics and a cross-section of the

Geweke diagnostics across the parameters. Table A.1 summarizes the cross-section of the

Raftery-Lewis diagnostics across the parameters. Table A.2 summarizes the cross-section

of the Geweke diagnostics across the parameters. Both tables refer to the benchmark

specification. For ease of exposition, in both tables we divide the parameters into the

loadings (the θ’s), the autoregressive parameters (the φ’s), and the standard deviations
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(the σ’s). Consider Table A.1. For 99 percent of the parameters, the Raftery and Lewis

diagnostic suggests that one should make 4278 draws or fewer for the sampler to be precise.

4278 is much less than the 20000 draws that we actually make. Only for two parameters the

Raftery and Lewis diagnostic suggests that one should make many more draws than 20000.

Both of these parameters are autoregressive parameters in a single sector, “Tires”. In this

sector, the acceptance rate in the Metropolis-Hastings step of the Gibbs sampler turns out

to be relatively low. Next, consider Table A.2. With only few exceptions, the Geweke

indicator lies well below 20, which is the value of the Geweke indicator considered as small

enough to signal good mixing properties of the sampler. See, for example, Primiceri (2005).

We also monitor convergence of the Gibbs sampler informally, by plotting the evolution

of draws for a set of randomly selected parameters. Furthermore, when we initialized the

Gibbs sampler at random points, we obtained very similar results. We also ran the Gibbs

sampler on artificial data, and we found that the estimated unobservable index and the

estimated parameters were very close to the true ones. All of this give us confidence that

the Markov chain that we use has converged to its ergodic distribution.

B Proof of Proposition 1

First, let xvnt denote the long-run response of the price index for sector n to a sector-

specific shock of size vnt in period t. Second, the price index for sector n in period t satisfies

pnt = pnt−1 + xvnt if and only if the price set by adjusting firms in sector n in period t

satisfies

p∗int = pnt−1 +
1

λn
xvnt. (50)

This follows from equation (16). Third, the sectoral price index satisfies pnt+τ = pnt for all

τ ≥ 1 if and only if the price set by adjusting firms satisfies

∀τ ≥ 1 : p∗int+τ = pnt. (51)

This follows from equation (16). Combining these two results yields that pnt+τ = pnt−1 +

xvnt for all τ ≥ 0 if and only if

p∗int+τ =

⎧⎨⎩ pnt−1 + 1
λn
xvnt for τ = 0

pnt−1 + xvnt for all τ ≥ 1
. (52)
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Fourth, the adjustment price in period t+ τ satisfies equation (52) for all τ ≥ 1 if and only
if the profit-maximizing price in period t+ τ satisfies

∀τ ≥ 1 : p♦int+τ = pnt−1 + xvnt. (53)

This follows from equation (15). Fifth, given equation (53), the adjustment price in period

t satisfies equation (52) if and only if the profit-maximizing price in period t satisfies

p♦int = pnt−1 +
1
λn
− (1− λn)β

1− (1− λn)β
xvnt. (54)

This follows again from equation (15). Collecting results yields that results yields that

pnt+τ = pnt−1 + xvnt for all τ ≥ 0 if and only if

p♦int+τ =

⎧⎪⎨⎪⎩
pnt−1 +

µ
1
λn
−(1−λn)β

1−(1−λn)β

¶
xvnt for τ = 0

pnt−1 + xvnt for all τ ≥ 1
. (55)

C Solving the rational inattention model

Kalman filtering: The state-space representation of the dynamics of the signal concerning

aggregate conditions is

p♦Aint = p♦Aint−1 + σAut, (56)

sAint = p♦Aint + σεεint. (57)

The first equation is the state equation and the second equation is the observation equation.

For ease of exposition, we use the following notation in this appendix: Xt = p♦Aint , St = sAint,

Xt|t = E
£
Xt|St

¤
, Xt|t−1 = E

£
Xt|St−1¤, σ2t|t = V ar

£
Xt|St

¤
and σ2t|t−1 = V ar

£
Xt|St−1¤.

The usual Kalman filter equations yield

Xt|t = Xt|t−1 +
σ2t|t−1

σ2t|t−1 + σ2ε

¡
St −Xt|t−1

¢
,

and

σ2t|t = σ2t|t−1 −
σ2t|t−1

σ2
t|t−1 + σ2ε

σ2t|t−1.

Furthermore,

Xt+1|t = Xt|t,
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and

σ2t+1|t = σ2t|t + σ2A. (58)

Substituting the last two equations into the two equations before yields

Xt|t = Xt−1|t−1 +
σ2t−1|t−1 + σ2A

σ2t−1|t−1 + σ2A.+ σ2ε

¡
St −Xt−1|t−1

¢
, (59)

and

σ2t|t =
σ2ε

σ2
t−1|t−1 + σ2A + σ2ε

³
σ2t−1|t−1 + σ2A

´
. (60)

When σ2t|t = σ2t−1|t−1, the unique positive solution to the last equation is

σ̄2t|t =

Ã
−1
2
+

s
1

4
+

σ2ε
σ2A

!
σ2A. (61)

The information flow constraint: When Xt and St =
¡
S0, S1, S2, . . . , St

¢
have a

multivariate Gaussian distribution, the conditional distribution of Xt given St is Gaussian.

In this case, the conditional entropy of Xt given St is a simple function of the conditional

variance of Xt given St

H
¡
Xt|St

¢
=
1

2
log2

³
2πeσ2t|t

´
.

Similarly,

H
¡
Xt|St−1¢ = 1

2
log2

³
2πeσ2t|t−1

´
.

The equation

H
¡
Xt|St−1¢−H

¡
Xt|St

¢
= κA,

then reduces to
1

2
log2

Ã
σ2t|t−1
σ2t|t

!
= κA.

Using equation (58) yields

1

2
log2

Ã
σ2t−1|t−1 + σ2A

σ2t|t

!
= κA. (62)

When σ2t|t = σ2t−1|t−1, the last equation becomes

σ̄2t|t =
σ2A

22κA − 1 . (63)
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The assumption concerning initial information (s0in): To abstract from (purely

deterministic) transitional dynamics in conditional variances, we assume that, after the

decision-maker has chosen the allocation of attention (i.e. a pair κA and κS) in period zero,

the decision-maker receives information in period zero such that the conditional variance of

X1 given information in period zero equals the steady-state value of the conditional variance

of Xt given information in period t − 1. This assumption implies that in period one the
conditional variance of Xt given information in period t equals its steady-state value

σ21|1 = σ̄2t|t. (64)

This simplifies computing the solution to problem (26)-(32).

Variance of noise, value of the objective and pricing behavior for a given

allocation of attention: Equating the right-hand sides of equations (61) and (63) yields

the variance of noise in the signal concerning aggregate conditions, σ2ε, for given attention

allocated to aggregate conditions, κA,

σ2ε =
1

4

⎡⎣Ã22κA + 1
22κA − 1

!2
− 1
⎤⎦σ2A

=
22κ

A¡
22κA − 1¢2σ2A. (65)

Similarly, we obtain the variance of noise in the signal concerning sector-specific conditions,

σ2ψ, for given attention allocated to sector-specific conditions, κ
S,

σ2ψ =
22κ

S¡
22κS − 1¢2σ2S. (66)

Furthermore, using the fact that

E

∙³
pint − p♦int

´2¸
= E

∙³
p♦int −E

h
p♦int|stin

i´2 |stin¸
= V ar

³
p♦int|stin

´
= V ar

³
p♦Aint |stin

´
+ V ar

³
p♦Sint |stin

´
=

σ2A
22κA − 1 +

σ2S
22κS − 1 ,

yields the value of objective (26) for a given allocation of attention:

β

1− β

C̄ (θ − 1) ¡1 + 1−α
α θ

¢
2

∙
σ2A

22κA − 1 +
σ2S

22κS − 1
¸
. (67)
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Next, we derive the pricing behavior for a given allocation of attention. Substituting equa-

tions (63) and (65) into equation (59) yields

Xt|t =
³
2−2κ

A
´
Xt−1|t−1 +

³
1− 2−2κA

´
St.

Furthermore, using equations (56) and (57) yields

¡
Xt −Xt|t

¢
=
³
2−2κ

A
´ ¡

Xt−1 −Xt−1|t−1
¢
+
³
2−2κ

A
´
σAut −

³
1− 2−2κA

´
σεεint.

In addition, using equation (65) to substitute for σε yields

¡
Xt −Xt|t

¢
=
³
2−2κ

A
´ ¡

Xt−1 −Xt−1|t−1
¢
+
³
2−2κ

A
´
σAut −

³
2−κ

A
´
σAεint.

Solving this difference equation by repeated substitution, we arrive at

Xt −Xt|t =
t−2X
l=0

³
2−2κ

A
´l h³

2−2κ
A
´
σAut−l −

³
2−κ

A
´
σAεint−l

i
+
³
2−2κ

A
´t−1 ¡

X1 −X1|1
¢
.

Thus,

p♦Aint −E
h
p♦Aint |stin

i
=

t−2X
l=0

³
2−2κ

A
´l h³

2−2κ
A
´
σAut−l −

³
2−κ

A
´
σAεint−l

i
+
³
2−2κ

A
´t−1 ³

p♦Ain1 −E
h
p♦Ain1 |s1in

i´
. (68)

It follows from equations (27), (30), (68) and the corresponding equation for p♦Sint−E
h
p♦Sint |stin

i
that

p♦int − pint =
t−2X
l=0

³
2−2κ

A
´l h³

2−2κ
A
´
σAut−l −

³
2−κ

A
´
σAεint−l

i
+

t−2X
l=0

³
2−2κ

S
´l h³

2−2κ
S
´
σSvnt−l −

³
2−κ

S
´
σSψint−l

i
+
³
2−2κ

A
´t−1 ³

p♦Ain1 −E
h
p♦Ain1 |s1in

i´
+
³
2−2κ

S
´t−1 ³

p♦Sin1 −E
h
p♦Sin1|s1in

i´
.(69)

Equation (69) and equations (27)-(29) already pin down the response of pint to various

shocks. We derive one more equation because that equation is easier to read than equation
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(69). As t → ∞ (or for the right values of p♦Ain1 − E
h
p♦Ain1 |s1in

i
and p♦Sin1 − E

h
p♦Sin1|s1in

i
),

equation (69) becomes

p♦int − pint =
∞X
l=0

³
2−2κ

A
´l h³

2−2κ
A
´
σAut−l −

³
2−κ

A
´
σAεint−l

i
+

∞X
l=0

³
2−2κ

S
´l h³

2−2κ
S
´
σSvnt−l −

³
2−κ

S
´
σSψint−l

i
. (70)

The optimal allocation of attention: The optimal allocation of attention is derived

in the main text from equation (67).
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5th percentile Median 95th percentile
0.615 1.059 1.529

0.649 1.069 1.596

0.611 1.078 1.585

0.621 1.066 1.648

0.658 1.098 1.683

Note: See Section 4 for a desciption of the out-of-sample forecast exercise.

Table 1: Out-of-Sample Forecast Results: the Sectoral Distribution of the Average RMSE

Unobservable 
index model

AR(6) model for sectoral inflation

AR(12) model for sectoral inflation

ut follows a bivariate vector process and the order of Cn(L) equals 6

ut follows a scalar process and the order of Cn(L) equals 12

ut follows a scalar process and the order of Cn(L) equals 6



Table 2: Regression of the Speed of Response of a Sectoral Price Index to Aggregate Shocks
on the Sectoral Monthly Frequency of Price Changes (Bils and Klenow, 2004)

Regression coefficient
90% probability interval for the empirical regression coefficient
t -statistic for the empirical regression coefficient

Note: The empirical regression coefficient is the median of the posterior density.
   The empirical t -statistic is the median of the posterior density.

Table 3: Regression of the Speed of Response of a Sectoral Price Index to Aggregate Shocks
   on the Sectoral Monthly Frequency of Regular Price Changes (Nakamura and Steinsson, 2008)

Regression coefficient
90% probability interval for the empirical regression coefficient
t -statistic for the empirical regression coefficient

Note: The empirical regression coefficient is the median of the posterior density.
   The empirical t -statistic is the median of the posterior density.

Empirical Calvo model

Empirical Calvo model

1.99
(0.67, 4.38)

2.9

1.11

1.49 1.06
(0.47, 4.32)

2.6



Table 4: Regression of the Speed of Response of a Sectoral Price Index to Sector-Specific Shocks
on the Sectoral Monthly Frequency of Price Changes (Bils and Klenow, 2004)

Regression coefficient
90% probability interval for the empirical regression coefficient
t -statistic for the empirical regression coefficient

Note: The empirical regression coefficient is the median of the posterior density.
   The empirical t -statistic is the median of the posterior density.

Table 5: Regression of the Speed of Response of a Sectoral Price Index to Sector-Specific Shocks
   on the Sectoral Monthly Frequency of Regular Price Changes (Nakamura and Steinsson, 2008)

Regression coefficient
90% probability interval for the empirical regression coefficient
t -statistic for the empirical regression coefficient

Note: The empirical regression coefficient is the median of the posterior density.
   The empirical t -statistic is the median of the posterior density.

Empirical Calvo model

0.14 1.11
(0.1, 0.19)

1.9

Empirical Calvo model

-0.09 1.06
(-0.14, -0.05)

-1.3



Table 6: Regression of the Speed of Response of a Sectoral Price Index to Aggregate Shocks
on the Variance of Sectoral Inflation due to Aggregate Shocks

Regression coefficient
90% probability interval for the empirical regression coefficient
t -statistic for the empirical regression coefficient

Note: The empirical regression coefficient is the median of the posterior density.
   The empirical t -statistic is the median of the posterior density.

Table 7: Regression of the Speed of Response of a Sectoral Price Index to Sector-Specific Shocks
on the Variance of Sectoral Inflation due to Sector-Specific Shocks

Regression coefficient
90% probability interval for the empirical regression coefficient
t -statistic for the empirical regression coefficient

Note: The empirical regression coefficient is the median of the posterior density.
   The empirical t -statistic is the median of the posterior density.

Empirical RI model

357.24 263.65
(36.57, 1227.48)

1.4

Empirical RI model

7.08 9.87
(5.32, 9.22)

0.96



Median 95th percentile 99th percentile Max
θ's 623 695 1352 3736
φ's 697 1208 4278 478784
σ's 623 664 879 951

Note: The diagnostics are for the benchmark specification. See Section A.3 for the details concerning the diagnostics.

Median 95th percentile 99th percentile Max
θ's 1.8 4.2 6.7 27.9
φ's 1.3 2.3 40.7 79.1
σ's 0.7 1.2 1.4 1.5

Note: The diagnostics are for the benchmark specification. See Section A.3 for the details concerning the diagnostics.

Table A.1: The Cross-Section of the Raftery-Lewis Diagnostics Across the Parameters

Table A.2: The Cross-Section of the Geweke Diagnostics Across the Parameters
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Figure 1: The Cross-Section of the Normalized Impulse Responses of Sectoral Price Indices
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Figure 2: The Cross-Section of the Speed of Response of Sectoral Price Indices to Shocks
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Figure 3: Impulse Responses of the Sectoral Price Index to Sector-Specific Shocks: Profit-Maximizing and Calvo



0 6 12 18 24

-240

-200

-160

-120

-80

-40

0   

Months

 

 

Frequency of price changes equals 1/12
Frequency of price changes from Nakamura and Steinsson (2008)
Frequency of price changes from Bils and Klenow (2004)

Figure 4: Impulse Responses of Sector-Specific Productivity that Yield the Profit-Maximizing Impulse Responses in Figure 3



0 6 12 18 24

0

0.2

0.4

0.6

0.8

1

Impulse responses to sector-specific shocks

 

 

Median empirical
Profit-maximizing
Sticky information

0 6 12 18 24

0

0.1

0.2

0.3

0.4

0.5

Impulse responses to aggregate shocks

Months

 

 

Median empirical
Profit-maximizing
Sticky information

Figure 5: Impulse Responses of the Sectoral Price Index to Shocks: Empirical, Profit-Maximizing, and Sticky Information
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Figure 6: Impulse Responses of the Sectoral Price Index to Sector-Specific Shocks: Profit-Maximizing and Sticky Information




