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Abstract

While it is commonly understood that prices adjust only sluggishly to changes in
economic conditions, the source of sluggish price adjustment is under-explored empirically.
In this paper, we argue that sluggish information updating drives price stickiness by using a
firm-level panel dataset containing information on expectations and price adjustments. We
find a positive correlation between the forecast revision and price adjustment, and between
the frequency of belief updating and the volatility (i.e., uncertainty) of sales growth.
Moreover, we find that both the frequency and sensitivity of price adjustment to belief
updating increase, when volatility of sales growth increases. We set up a menu cost model
with second moment shocks that highlight the firm's state-dependent decision of information
acquisition to rationalize the above findings. In addition, the calibrated model shows that the
degree of monetary non-neutrality is higher in our model than in the perfect information
model and the difference in the degree of monetary non-neutrality (between the low and high
uncertainty states) is larger in our model compared with the perfect information menu cost
model (i.e., Vavra (2013)).
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1 Introduction

Why do firms adjust prices only sluggishly in response to changes in economic conditions? While
the role of information and expectations in price-setting behavior has been the central subject of
existing theoretical debates (Mankiw and Reis, 2002, Mackowiak and Wiederholt, 2009, Hellwig
and Venkateswaran, 2009, Alvarez et al., 2015), what makes prices sticky appears to remain an
open empirical question. As price-setting behavior is dynamic in that firms take into account
expected future demand and cost conditions, empirically detecting the information channel of
sluggish price adjustment requires us to observe how firms form (and adjust) expectations and
adjust prices. However, expectations data that contain information on price adjustment at the
firm level are rarely available, thus rendering any empirical investigation challenging.

This paper addresses this issue by using a panel dataset on price-setting behavior, alongside
measures of macro and micro expectations at the firm level, allowing us to construct measures
of forecasts, forecast revisions, and price stickiness. The firm-level dataset we use is based
on a quarterly survey called Business Outlook Survey (BOS). This survey is conducted by the
Japanese Government and covers all big firms and a representative sample of medium and small-
sized firms in Japan. It includes both manufacturing and non-manufacturing firms and has an
average response rate of around 75%. We have obtained the data from 2004/Q2 to 2017/Q1 and
constructed a panel dataset spanning 52 quarters with roughly 11,500 observations per quar-
ter. This panel dataset contains information on both forecast revisions and price adjustments.
Specifically, the firm is asked to quantitatively forecast sales in the current and next semi-years."
Next, the firm is asked to qualitatively forecast the change in macroeconomic and firm-specific
demand conditions (i.e., improving, unchanged and deteriorating) for the current and the next
two quarters (compared with the previous quarter). Based on this information, we construct
measures of forecast revisions (i.e., belief updating) for the three variables mentioned above.
Finally, the BOS dataset also contains information on the change of input and output prices
(i.e., decreasing, unchanged and increasing), which enables us to construct indicators of cost
shocks and output price adjustment.

Using BOS, we document three novel facts that are interrelated. First, there is a positive
correlation between updating firm’s sales/macro expectations and changing the output price.
Specifically, firms that update expectations are more likely to adjust output prices. This finding
suggests that belief updating plays a role in determining the price adjustment. The subsequent
two findings are related to how the first- and second-moment shocks affect firms’ belief updating

and price adjustment. Specifically, firms update expectations more frequently, when the average

!The first semi-year ranges from Apr. to Sep., while the second semi-year spans from Oct. to Mar.



sales growth rate decreases or the standard deviation of sales growth rates increases.? This
finding suggests that the level of information rigidity is pro-cyclical, as the probability of not
updating expectations is higher when average sales growth increases. Third, both the frequency
of price adjustment and the sensitivity of price adjustment to belief updating/cost shocks in-
crease, when average sales growth drops and/or sales growth volatility increases.> This finding
indicates that price stickiness is pro-cyclical, which echoes the finding of pro-cyclical information
rigidity documented above. Finally, we find that the second-moment shock has economically
stronger and statistically more significant effects on belief/price adjustments, when we include
both the first- and second-moment shocks in various regressions.*

In light of the evidence, we set up a dynamic equilibrium model to explore how endogenous
information acquisition affects the firm’s pricing decision and the effectiveness of monetary
policy. Specifically, we adopt an off-the-shelf menu cost model with uncertainty shocks (i.e.,
Vavra (2013)) where the volatility of cost shocks evolves stochastically and the aggregate demand
shock hits the economy constantly. In addition, we assume that when the volatility increases,
the (long-run) mean of cost realizations also increases.” The key departure of our model is
to incorporate costly information acquisition by the firm. Inspired by models that feature the
observation cost (e.g., Alvarez et al. (2011)), we assume that the firm acquires information
about its (marginal) cost by incurring a cost. As a result, price adjustments are belief-driven
and affected by the second-moment shock. When the volatility of cost shocks increases, the firm
has a higher incentive to acquire information as the environment becomes more uncertain and
the real wage decreases. Therefore, firms acquire information more intensively in periods of high
volatility, and thus they change prices more frequently. Moreover, as cost realizations are more
dispersed in periods of high volatility, the sensitivity of price adjustment to belief updating also
increases, which results in time-varying responsiveness of price adjustment.

We then study the importance of costly information acquisition in determining the degree of

ZNote that as we study how both the first- and second-moment shocks affect belief updating and the price
adjustment, we cannot use the GDP growth rate of Japan as a regressor (as no panel data on the volatility of GDP
growth rates are available). Instead, we calculate the average sales growth rate (relative to the same semi-year of
last year) and the standard deviation of firms’ sales growth rates in our dataset and treat them as the first- and
second-moment shocks. We check the correlation between the calculated average sales growth from our data and
the semi-year GDP growth rate of Japan and find that they are highly correlated.

3In addition, we find that firms adjust prices more often in both directions, when the sales growth rate is lower
and/or the volatility of sales growth is higher.

“We have calculated the first- and second-moment shocks both at the macro level (i.e., using all firms in a
given semi-year) and at the industry level (i.e., using firms that belong to the same industry in a given semi-year).
We find that our empirical results hold for the shocks at both levels, while the economic impacts are stronger
when we use macro-level shocks.

5This assumption implies that the first-moment shock is assumed to be perfectly correlated with the second-
moment shock. Note that as we do not have irreversible investment/hiring/firing choices made by firms, the
uncertainty shock alone cannot generate recessions.



monetary non-neutrality in our model where the nominal output is demand-driven. After cali-
brating the model to match key moments related to the frequencies of belief updating and price
adjustments, we measure the degree of monetary non-neutrality by comparing our benchmark
model with the perfect information version of our model (i.e., the cost of acquiring information
is set to zero with all other parameter values’ being unchanged). We show that (1) the degree of
monetary non-neutrality is higher in the benchmark model, and (2) the difference in the degree
of monetary non-neutrality (between the low and high uncertainty states) is positive and larger
in the benchmark model. In our model with second-moment shocks, recessions are times when
volatility is high as extensively documented in the literature.® Therefore, our study shows that
the difference in the degree of monetary non-neutrality between recessions and normal time is
larger compared with the standard menu cost model with uncertainty shocks (i.e., Vavra (2013)).

As the seminal work of Alvarez et al. (2016) points out, two statistics determining the
degree of monetary non-neutrality in a class of models are the frequency of price adjustment
and the kurtosis of the size distribution of price adjustments. A higher frequency of price
adjustment and/or a smaller kurtosis of the price adjustment distribution are associated with a
lower degree of monetary non-neutrality. In our case, the perfect information model has both a
higher frequency of price adjustment and a smaller kurtosis of the price adjustment distribution.
Thus, the degree of monetary non-neutrality is smaller in the perfect information model. When
comparing between the high and low uncertainty states, we find that the high uncertainty states
in both models are associated with a higher frequency of price adjustment and a smaller kurtosis
of the price adjustment distribution. Therefore, the degree of monetary non-neutrality is smaller
in high-uncertainty states.”

In an additional numerical exercise, we recalibrate the perfect information model to make
the two versions of our model generate roughly the same frequency of price adjustments. As
a result, the calibrated parameter of the menu cost is bigger in the perfect information model.
Despite this change, the benchmark model still yields a higher degree of monetary non-neutrality.
Moreover, the difference in the degree of monetary non-neutrality between the low and high
uncertainty states is still larger in the benchmark model than in the perfect information model.
Therefore, endogenous information acquisition affects the degree of monetary non-neutrality not

only through changing the frequency of price adjustment, but also through other channels such

5See Bloom (2009), Kehrig (2015), Senga (2016), Bloom et al. (2018), among others.

"As our data only contain information on the direction of price adjustment, we cannot observe the degree of
price adjustments (e.g., a small price adjustment) as well as the variance/kurtosis of the distribution of price
adjustments. Therefore, we do not introduce random shocks to the menu cost (as in Vavra (2013) and Aruoba et
al. (2022)) and Poisson shocks to firm costs (as in Gertler and Leahy (2008), Midrigan (2011) and Vavra (2013))
that lead to a leptokurtic distribution of price adjustments. As we also cannot observe the price adjustment at
the firm-product level, we do not introduce multiple products into the model.



as the kurtosis of the size distribution of price adjustments.

Finally, we study the impact of first-moment (and uncertainty) shocks in our model. We
find that a negative first-moment shock makes the inflation rate increase more (and real output
drop more) in our benchmark model compared with the perfect information model. This is
true, even though the fraction of price adjusters is larger in the perfect information model
after the uncertainty/first-moment shocks hit the economy. When a first-moment shock (i.e.,
an increase in the mean of cost realizations) hits the economy, firms that receive positive cost
shocks and update beliefs increase prices more in the benchmark model than in the perfect
information model. The reason is these firms understand that they might not be able to observe
their costs and thus change prices in future periods and under-pricing is more costly than over-
pricing.® Therefore, the perfect information version of our model under-predicts the increase in
the inflation rate and the drop of real output, when the uncertainty and first-moment shocks

hit the economy.

Related literature

The idea that links imperfect information to price stickiness and the real effects of monetary
policy, dating back to Muth (1961) and Lucas (1972), has been formalized by various theories.”
A recent empirical literature of information rigidity and expectations formation began to take

10 We study empirical patterns

off, thanks to the increasing availability of expectations data.
of belief updating, price adjustments and their relationship over the business cycles when the
uncertainty level fluctuates. In existing studies, Vavra (2013) and Bachmann et al. (2019) study
price adjustments over the business cycles, while Enders et al. (2019), Coibion et al. (2020)
and Boneva et al. (2020) study how forecasts affect firms’ pricing decisions using experiments
and/or regression analyses. In addition, Song and Stern (2021) and Flynn and Sastry (2022)
study empirical patterns of attention allocation over the business cycles. Our empirical work
differs from those papers along several dimensions. First, we use forecast revisions (instead of
forecasts themselves) to measure the degree of information acquisition, which is different from
Enders et al. (2019) and Boneva et al. (2020). Second, we focus on the impact of second-moment

shocks on belief updating, which makes our work differ from Song and Stern (2021) and Flynn

8When the demand function is CES, under-pricing leads to a bigger loss in profits than over-pricing that
leads to the same percentage deviation from the optimal price as under-pricing. When the uncertainty (and
first-moment) shocks hit the economy, firms tend to increase prices more (when they observe current costs) in our
benchmark model than in the perfect information model.

9See Woodford (2001), Mankiw and Reis (2002), Mackowiak and Wiederholt (2009), Woodford (2009),
Maékowiak and Wiederholt (2015), Afrouzi and Yang (2021), among others.

Examples include Coibion and Gorodnichenko (2012), Coibion and Gorodnichenko (2015), Bachmann and
Elstner (2015), Bloom et al. (2017), Chen et al. (2023), Tanaka et al. (2020), among others.



and Sastry (2022). Finally, we focus on the frequency of price adjustment and its responsiveness
to belief updating/cost shocks. This joint focus makes our work differ from Vavra (2013) and
Bachmann et al. (2019).

Our numerical exercises build on menu cost models such as Barro (1972), Caplin and Spulber
(1987), Caplin and Leahy (1991), Golosov and Lucas (2007), Nakamura and Steinsson (2008),
Nakamura and Steinsson (2010), Alvarez et al. (2011), and Midrigan (2011). In particular,
our model features second-moment shocks as in Vavra (2013) and Aruoba et al. (2022) and
endogenous information acquisition as in Alvarez et al. (2011) and Yang (2022). The current
paper is closely related to models with an observation cost (e.g., Alvarez et al. (2011)). The
finding of higher conditional probabilities of price adjustments among belief-updating firms and
the finding that belief updating does mot necessarily lead to price adjustment lend support to
menu cost models with an observation cost. What we contribute to this literature are (1) cyclical
patterns of belief updating and price adjustment, and (2) implications of the observation cost
for the degree of monetary non-neutrality and the effects of aggregate cost shocks on inflation
and real output.

Our empirical and numerical results shed light on time-varying responsiveness, as pointed
out by Berger and Vavra (2017). Relative to Vavra (2013) and Bloom et al. (2018), Berger and
Vavra (2017) argue that not only do shocks become more volatile when exchange rates begin
to fluctuate, but also firms respond to shocks more after exchange rates have fluctuated.! In
this paper, we show that firms endogenously respond to second-moment shocks by adjusting the
intensity of acquiring information, which leads to endogenous firm-level uncertainty. Moreover,
this endogenous response has implications for pro-cyclical price stickiness and the degree of
monetary non—neutrality.12

Our model is also related to a literature that studies the impact of uncertainty shocks in
economies that feature price rigidities (e.g., Fernandez-Villaverde et al. (2015), Leduc and Liu
(2016), Basu and Bundick (2017), Baley and Blanco (2019) and Klepacz (2021)). For instance,
Basu and Bundick (2017) find that the impact of uncertainty shocks on investment and output
is different in a model of effective demand compared with standard RBC models. We contribute
to this literature by showing that incorporating the state-dependent decision on information
acquisition into a model of effective demand amplifies the negative impact of uncertainty /first-
moment shocks on output.

This paper is organized as follows. Section 2 describes the data construction and three em-

11n a related but different setting, Baker et al. (2020) show that firms allocate more attention to economic
variables after natural disasters.

12A closely related empirical literature to our paper studies the cyclical nature of firm-level volatility (Bloom
(2009), Vavra (2013), Bachmann and Bayer (2014), Kehrig (2015), Bachmann et al. (2017), Bloom et al. (2018)).



pirical findings we document using the Japanese data. Section 3 presents an equilibrium menu
cost model with endogenous information acquisition to rationalize the documented empirical
findings. Moreover, we use this equilibrium menu cost model to study how endogenous informa-
tion acquisition affects the degree of monetary non-neutrality and the impact of a supply-side

shock on inflation and real output. Section 4 concludes the paper.

2 Empirical Facts

This section documents stylized facts about firms’ expectations formation and price adjustments
over business cycles. We construct a panel dataset of Japanese firms to study the time-series
properties of firms’ forecasts, forecast errors and price adjustments. Using the cross-sectional
dispersion of firms’ growth rate in our sample, we confirm that sales growth volatility is counter-
cyclical at the aggregate and the industry levels. I.e., sales growth volatility increases when
the average sales growth rate declines. Using expectations and price adjustment data, We
then document that (1) the firm is more likely to adjust its (output) price when it updates its
sales and/or macro expectations; (2) the firm is more likely to update its (sales and macro)
expectations, when the average growth rate of firm sales decreases; (3) the firm adjusts (output)
price more frequently (and does so conditioning on a change in its costs or demand), when the
average growth rate of firm sales decreases. Given our finding of counter-cyclical volatility, we
also show that fluctuations in sales volatility at the macro level (relative to first-moment shocks
to average sales growth) are the most important driving force of the last two facts documented

above.

2.1 Data

The firm-level dataset we use is based on a survey called Business Outlook Survey (BOS). This
survey is jointly conducted by the Ministry of Finance and the Cabinet Office of the Japanese
government and focuses on firm-level expectations for macro and micro economic conditions.
The survey covers all big firms and a representative sample of small and medium-sized firms
and is conducted at a quarterly frequency.'® It also includes both manufacturing and non-

manufacturing firms with registered capital of 10 million JPY or more. About 15,000 firms are

13All firms with registered capital above 2 billion JPY are sampled every quarter. For firms with registered
capital between 0.5 billion JPY and 2 billion JPY, 50% of them are randomly sampled every quarter. For firms
with registered capital between 0.1 billion JPY and 0.5 billion JPY, 10% of them are randomly sampled every
quarter. For firms with registered capital less than 0.1 billion JPY, 1% are randomly sampled every quarter. The
random sample is redrawn at the beginning of each fiscal year. Therefore, if a firm is selected in a given fiscal
year, it will appear in the survey in all four quarters of that fiscal year.



sampled each time, and the average response rate is around 75%. We obtained the data from
2004/Q2 to 2017/Q1 and constructed a panel dataset spanning 52 quarters with roughly 11,500
observations per quarter.

The panel dataset contains information on forecasted and realized sales and qualitative
forecasts for macroeconomic and firm-specific demand conditions. First, the firm must report
quantitative sales forecast for the current and next semi-years (except for the survey conducted in
the fourth quarter, which only contains sales forecast for the current semi-year).!* For instance,
a firm in 2011/Q2 is asked to forecast its sales for the first half (2011/Q2-2011/Q3) and the
second half of the 2011 fiscal year (2011/Q4-2012/Q1). As firms report sales forecasts multiple
times (for the same targeted period), we can construct revisions in the sales forecast. Next, the
firm is required to forecast the change of overall macroeconomic conditions qualitatively and of
its own demand conditions (i.e., improving, unchanged and deteriorating) for the current quarter
and future two quarters.'® Based on this information, we construct revisions in the forecasted
change of macroeconomic and firm-specific demand conditions.

The panel dataset also contains information on changes in input and output prices at the
quarterly frequency. In quarter ¢, each firm is asked to report how the prices change from quarter
t —1 to quarter t (i.e., increasing, decreasing and unchanged) and forecasted price changes from
quarter t to quarter t + 1 and from quarter ¢ + 1 to quarter ¢t + 2. We treat the price changes
from quarter ¢ — 1 to quarter ¢ (reported in quarter ¢) as the adjustment of prices in quarter ¢.
In addition, if the firm reports that the price is unchanged from quarter ¢ — 1 to quarter ¢, we
define the price as rigid.

In addition to information on expectations and price changes, the survey also contains infor-
mation on firm size (i.e., registered capital) and the industry affiliation of the firm. Tables C.5
and C.6 in the Online Appendix present summary statistics of firm size and the distribution of
observations in across industries. The two tables show that firms are quite big in our sample

and there are ample observations from the manufacturing and non-manufacturing sectors.'6

2.2 Measurement

In this subsection, we construct three variables for our empirical analysis: forecast revisions

(and updates), price stickiness and mean and volatility of sales growth.

! The fiscal year in Japan spans from Apr./1 to Mar./31 next year. As a result, the first semi-year ranges from
Apr. to Sep., while the second semi-year ranges from Oct. to next Mar.

158pecifically, in quarter ¢, the firm is asked to forecast the change of conditions from quarter ¢ — 1 to quarter
t, from quarter ¢ to quarter ¢ 4+ 1, and from quarter ¢ + 1 to quarter ¢ + 2.

16 Average sales and registered capital are roughly 14.22 and 3.47 million USD.



2.2.1 Forecast revisions and updates

First, we define forecast revisions and updates. For the (quantitative) sales forecast, the revision
is defined as the log difference in the forecasts made in two consecutive quarters for the same

semi-year. For the second and fourth quarters, the forecast revision is defined as
FRlle(igu(Rt + Riy1) = log (Bt (Ry + Rey1)) — log (Bp—1(Ry + Rit1))

where ¢ denotes the quarter. For the first and third quarters, the forecast revision is defined as
FR, ((Ri—1 + Ry) = log (Ey(Ry—1 + Ry)) — log (Ei—1(Ri—1 + Ry)),

where t denotes the quarter as well. Note that as the firm is asked to forecast the sales at
the beginning of each quarter (the first month), it still faces uncertainty when forecasting its
sales of quarter ¢ in quarter t. We choose to define the forecast revision differently for different
quarters, as the survey frequency (quarterly) is different from the period the firm forecasts (i.e.,
semi-year).

Based on the revisions defined above, we create a binary variable for whether or not the firm
updates its sales forecast:

sales,strict __
FU =1,

if and only if FRi(fth(Rt + Rit1) # 0 or FRi(ith(th + R;) # 0, and zero otherwise. Since
there might be rounding and measurement errors when the survey is filled out, we also have a

broad definition for updating the forecast as
sales,broad __
FUZ =1,

if and only if |FRlltO_g17t(Rt + Riy1)] > 0.02 or ]FR,lf)_g17t(Rt_1 + R:)| > 0.02, and zero otherwise.
This broad definition also makes the definition of belief updating using quantitative forecasts
consistent with the definition of belief updating using qualitative forecasts, as the firm probably
reports a no-change in demand or macro conditions when the underlying quantitative changes
are small enough. In what follows, we show evidence using both measures.'”

For the qualitative forecast of macro (demand) conditions, we define the forecast update as

macro __
FUt—l,t — ].,

"We have also prepared empirical results using a different threshold (e.g., 1%) for the broad definition of
updating sales forecasts, and the results are barely changed.



if and only if Fore;_i(macro;) # Fore/(macroy), where Fore,_i(macrog) is the forecasted
change in macro conditions from quarter t — 1 to quarter ¢ made in the beginning of quarter

t — 1. Similarly, we define the forecast update for firm-specific demand conditions as
FU" =1,

if and only if Fore,—i(firm;) # Forei(firm;) where Fore,_1(firmy) is the forecasted change in
firm-specific demand conditions from quarter t — 1 to quarter ¢ made in the beginning of quarter
t — 1. Note that the expected changes, Fore;_j(macro;) and Fore;—1(firm;), only take three
values: 1 (improving), 2 (unchanged), 3 (deteriorating).

As all the qualitative forecasts are about the change in economic and business conditions,

we can define the forecasted change of macro conditions as
FCZ’TLGCTO — 1

if and only if Fore/(macro;) equals one (i.e., improving) or three (deteriorating), and zero

otherwise. Similarly, we define the forecasted change of firm-specific demand conditions as
Fctfzrm =1,

if and only if Fore,(firm;) equals one (i.e., improving) or three (deteriorating), and zero oth-
erwise.

In Table C.2 of the Online Appendix, we present summary statistics of forecast updates and
forecasted changes in macroeconomic and firm-specific demand conditions. The main finding is
that many firms do not update sales forecasts at the quarterly frequency. For instance, only 62%
of firms update their expected sales in two consecutive quarters, based on the broad definition
of updating the sales forecast. When we focus on the update in qualitative forecasts, such as the
forecasted change in macroeconomic conditions, this fraction drops substantially (to roughly
30%). In addition, roughly 40% firms forecast either the macroeconomic or the firm-specific

demand conditions change from the previous quarter to the current quarter.

2.2.2 Price stickiness

Next, we introduce the stickiness measure of input/output prices. In quarter ¢, the firm reports

whether the input/output price is changed from quarter ¢ — 1 to quarter ¢:

priced’ = sign(price; — price;_1),



where sign(price; — price,—1) = 1 if price; > price;—q, 0 if price; = price;—1, and —1 if
price; < pricei_1. Based on this information, we define a binary variable for whether or not the
input /output price is adjusted in quarter ¢:

pm’ce?dj ust 1,
if and only if pricef™ # 0 and zero otherwise.

Table C.3 of the Online Appendix presents summary statistics of price stickiness. Three
observations stand out. First, the fraction of firms that change input/output prices is low in
Japan. In particular, roughly a quarter of firms change output prices every quarter. This is
consistent with the observation that the inflation rate of Japan from 2004-2017 had been low
and stable. Second, it is clear that the fraction of firms that change input prices (36%) is higher
than that of firms that change output prices (26%) every quarter. This indicates the existence
of price stickiness, as many firms do not change their output prices even when their input prices
are changed. This low fraction of firms that change output prices (26%) echoes the findings that
the fraction of firms that forecast changing macro/firm-specific demand conditions over two
adjacent quarters is low (40%) and that the fraction of firms that update macro/firm-specific

forecasts is low as well (30%).

2.2.3 Mean and volatility of sales growth

Finally, we construct variables related to realized sales growth from our dataset. Using our data,
we calculate the average (realized) deflated sales growth rate (relative to the same semi-year of
the previous year) and the standard deviation of (realized) deflated sales growth rates (relative
to the same semi-year of the previous year) of all firms for every semi-year. We treat these
two variables as the first- and second-moment shocks to the aggregate economy, respectively.
We also calculate these two measures for every industry-semi-year pair. As a result, we obtain
industry-level first- and second-moment shocks for each semi-year.

We do not use the Japanese government’s GDP growth and industrial output growth data to
implement our analyses for two reasons. First, these data cannot measure the second-moment
shocks to the economy and each industry. Second, firms that are consistently surveyed by BOS
over the entire sample period are big firms, which are probably affected by economic fluctuations
differently from an average firm in the economy or industry. Therefore, the calculated mean
and standard deviation of sales growth from our dataset better represent the first- and second-

moment shocks than the official data of GDP growth and industrial output growth.'®

18We have also prepared empirical results using GDP growth and industrial output growth data. The results

10



Table C.4 presents summary statistics of the mean and standard deviation of firms’ sales
growth calculated from our dataset. We have data from 24 semi-years and roughly 37 industries
per semi-year.'? In this table, we also report summary statistics of the (25th.-75th.) interquartile
range of sales growth rates. We observe little growth in average sales over the sample period. In
addition, the mean and standard deviation variations of sales growth are larger at the industry
level than at the macro level.

Before proceeding, we confirm that the finding of counter-cyclical volatility in the literature
(e.g., Bloom (2009), Kehrig (2015) and Bloom et al. (2018)) also holds in our dataset. In Online
Appendix C.1, we show that the standard deviation and interquartile range of (deflated) sales
growth rates are negatively associated with the average sales growth rate. However, this negative
association is strong and statistically significant only at the macro level. Based on this finding,
we use the first- and second-moment shocks at the macro level to implement our analyses in the
paper. In Online Appendix, we replicate our regressions of the paper by using the first- and
second-moment shocks at the industry level as there are more independent variations between

these two types of shocks at the industry level.

2.3 Fact One: A positive relationship between price adjustment and belief

updating

The first empirical fact we uncover is the relationship between price adjustment and belief
updating, as these two variables are the key firm decisions we are interested in. Specifically, we
regress the indicator of adjusting (output) price (i.e., pricefdj USt) from quarter ¢ — 1 to quarter
t on whether the firm updates its sales expectation from quarter ¢ — 1 to quarter t. We report
the regression results in Table 1. In the table’s first (and last) three columns, we use our strict
(and broad) definition to define whether the firm updates its sales forecast. An update in sales
expectation significantly and positively impacts whether the firm adjusts its output price, as
shown by the estimates in columns one and four. In columns two and five, we add the lagged
firm size (i.e., the logarithm of registered capital), and the results barely change. In columns
three and six, we include the lagged firm size and industry-quarter and region-quarter fixed
effects into the regressions. The results are also robust. In short, firms are more likely to adjust

(output) prices when they update sales expectations.

Although the above result hints at a positive correlation between the price adjustment and

are similar to the regression results using the average sales growth as the explanatory variable presented in the
paper.

19We throw away industry-semi-year pairs with fewer than 20 observations (of realized sales) when calculating
the mean and standard deviation of sales growth, as the calculation might be biased due to the nature of a small
sample.
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Table 1: Updating in sales forecast and price adjustment

1) (2 3) (4) @ (6)

Dep.Var: 1 (output pricet # output pricetfl)
FUgeepstriet 0.011%**  0.011***  0.011***
(0.002) (0.002) (0.002)
FU;iey e 0.012°**  0.012***  0.012***
(0.002) (0.002) (0.002)
lagged log firm size -0.007* -0.005 -0.007* -0.005
(0.004) (0.004) (0.004) (0.004)
Quarter FE No Yes No No Yes No
Industry-quarter FE Yes No Yes Yes No Yes
Firm FE Yes Yes Yes Yes Yes Yes
Region-quarter FE Yes No Yes Yes No Yes
N 328424 328450 328424 328424 328450 328424
R? 0.443 0.427 0.443 0.443 0.427 0.443

*0.10 ** 0.05 *** 0.01. We regress the indicator of adjusting (output) price on whether the firm updates its sales
expectation and lag firm size (i.e., log registered capital). Standard errors are clustered at the firm level.

the belief adjustment, it is subject to the problem of reversed causality. Specifically, expected
sales are determined by expected output and price. Therefore, the adjustment of sales expec-
tations may be caused by the change in output price. To address this issue, we replace the
explanatory variable with measures constructed from the firm’s forecast about macroeconomic
conditions, i.e., Fore,(macro;), arguably unaffected by an individual firm’s pricing decision.
The results reported in Table 2 confirm our previous finding. In the first three columns of
the table, we regress the indicator of adjusting the output price (from quarter ¢t — 1 to quarter t)
on whether the firm expects macroeconomic conditions to change (from quarter ¢ — 1 to quarter
t). The result shows that when the firm expects macroeconomic conditions to change, it is
13% more likely to change the output price. This result survives when we include the lagged
firm size and/or industry-quarter and region-quarter fixed effects. As roughly 40% of firms
in our dataset expect macroeconomic conditions to change between two consecutive quarters,
forecasted changes in macro conditions explain about 0.13 * 40%/26% = 20% of the frequency
of adjusting prices (26%). In the last three columns, we replace the explanatory variable of
FCreere with FU™G°. The estimation result is qualitatively the same as in the first three
columns. When the firm changes its belief concerning whether macroeconomic conditions will

change, it is more likely to change the output price.?’

20Quarter (region-quarter and industry-quarter) fixed effects refer the counting of each quarter starting from
2004/Q1 (quarter=1). IL.e., 2005/Q1 refers to quarter=5. Thus, they are not time effects that capture seasonality.
Semi-year fixed effects are defined in a similar way (i.e., not capturing seasonality)
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Table 2: Updating in macro expectation and price adjustment

1) (2 3) (4) @ (6)

Dep.Var: 1 (output pricet # output pricetfl)
FCyracre 0.133***  0.130***  0.129***
(0.002) (0.002) (0.002)
FU™%° 0.036***  0.037***  0.036***
(0.002) (0.002) (0.002)
lagged log firm size -0.004 -0.003 -0.006* -0.005
(0.003) (0.003) (0.003) (0.003)
Quarter FE No Yes No No Yes No
Industry-quarter FE Yes No Yes Yes No Yes
Firm FE Yes Yes Yes Yes Yes Yes
Region-quarter FE Yes No Yes Yes No Yes
N 461077 379790 379770 322579 322599 322579
R? 0.437 0.434 0.448 0.438 0.421 0.438

*0.10 ** 0.05 *** 0.01. We regress the indicator of adjusting (output) price on whether the firm updates its macro
expectation (or expects the macroeconomic conditions to change) and lag firm size (i.e., log registered capital).
Standard errors are clustered at the firm level.

2.4 Fact Two: Counter-cyclical belief updating

Two groups of models have been studied in the macro literature that feature information fric-
tions. The first group of models is called the sticky information model, which features delayed
information diffusion (Mankiw and Reis (2002), Reis (2006)). The second group of models in-
cludes the noisy information model and the rational inattention model, which all feature partial
information diffusion (Lucas (1972), Lucas (1973), Sims (2003), Mackowiak and Wiederholt
(2009)). For both types of models, a key measure for gauging the degree of information rigidi-
ties is the fraction of agents that update expectations over two consecutive periods.?! In this
subsection, we present evidence on how economic fluctuations affect the degree of information
rigidities by focusing on the likelihood of updating expectations.

First, we show how first- and second-moment shocks affect the likelihood of updating a
firm’s macro expectation. Specifically, we regress the indicator for updating the macro forecast,
FU™%°, on two explanatory variables: average sales growth and the standard deviation of sales
growth calculated at the macro level. Note that both variables are standardized to facilitate
the interpretation of the coefficients. Additionally, as the calculated sales growth is relative to
the same semi-year of the previous year, regressions in this and the next subsections only utilize
firms that had appeared in the survey for at least two consecutive years, most of which are large

firms. Regression results reported in Table 3 show that the firm is more likely to update its macro

2 According to the broad definition of updating sales expectations, firms that update their sales expectations
slightly are non-updating firms. In noisy information models, the update in belief is small when the Kalman gain
(which inversely measures the degree of information rigidities) is low. Therefore, our broad definition of updating
sales expectations reflects the degree of information rigidities in noisy information models.
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forecast, when average sales growth decreases and /or when the standard deviation of sales growth
increases. In addition, both first- and second-moment shocks have similar quantitative impacts
on the probability of updating the macro expectation, when we include both of the explanatory
variables in the regression. One standard deviation increase in the standard deviation of the
sales growth rate leads to roughly a 2.4% increase in the probability of updating the macro
expectation.?? Table C.7 in the Online Appendix presents similar findings using the average
sales growth rate and the standard deviation of sales growth calculated at the industry level as

the independent variables.

Table 3: Updating macro forecast and economic fluctuations: Macro

(1) (2) ®3)

Dep.Var: FUtﬂiaft“’
ave. sale gr. (macro) -0.039*** -0.023**
(0.011) (0.010)
s.t. of sales gr. (macro) 0.040***  0.024***
(0.010) (0.008)
lagged log firm size -0.000 -0.004 -0.003
(0.011) (0.011) (0.011)
Firm FE Yes Yes Yes
N 72414 72414 72414
R? 0.189 0.189 0.191

*0.10 ** 0.05 *** 0.01. Standard errors are clustered at the semi-year level, and all regressions include firm
fixed effects. Macro variables are for the current semi-year and standardized (to facilitate interpretation of the
coefficients). In this regression, we focus on whether the firm updates its sales expectations from the first quarter
to the second quarter (for the semi-year from Apr. to Sep.) and from the third quarter to the fourth quarter (for
the semi-year from Oct. to Mar.)

Next, we implement the same exercise using the indicator for updating the sales forecast as
the dependent variable. As the calculation of average sales growth and its volatility is done at
the semi-yearly level, we focus on the following two types of belief updating concerning the sales
expectation: (1) an update from the first (third) quarter to the second (fourth) quarter for sales
in the first (second) half of each fiscal year; (2) an update from the first (third) quarter to the
third (first quarter of next year) quarter for sales in the first (second) half of each fiscal year.?3
Both types of belief updating are between two quarters that belong to two different semi-years.

Table 4 presents the regression results using the two types of belief updating concerning the
sales expectation. From the table, we see that a decrease in the average sales growth rate or
an increase in the standard deviation of sales growth has a positive and statistically significant

effect on the probability of updating sales expectations, when we include them in the regression

22The average probability of updating the macro expectation every quarter is roughly 30%.

ZNote that belief updating between two quarters within the same semi-year (i.e., from the second quarter to
the third quarter and from the fourth quarter to the first quarter of next year) cannot be used, as both quarters
receive the same first- and second-moment shocks due to the frequency of sales data.
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separately. However, only the standard deviation of sales growth has a statistically significant
effect on the probability of updating sales expectations, when we include both of them in the
regression. Quantitatively, one standard deviation increase in the standard deviation of the sales
growth rate leads to a 3.1% or 3.6% increase in the probability of updating the sales expectation
across two adjacent quarters (the average probability of updating is 54.4%).

Table 4: Updating sales forecast and economic fluctuations (broad definition): Macro

(1) (2) ®3) (4) (5) (6)

Dep.Var:

Indicator (sales forecast made
last quarter # sales forecast
made this quarter)

Indicator for sales forecast two
quarters ago # sales forecast
made this quarter

ave. sale gr. (macro) -0.023*** -0.004  -0.032*** -0.014
(0.003) (0.010) (0.008) (0.011)
s.t. of sales gr. (macro) 0.031***  0.028** 0.036***  0.026**
(0.005) (0.010) (0.009) (0.011)
lagged log firm size -0.005 -0.009 -0.009 0.004 0.001 0.002
(0.012) (0.012) (0.012) (0.007) (0.007) (0.007)
Firm FE Yes Yes Yes Yes Yes Yes
N 66123 66123 66123 65278 65278 65278
R? 0.235 0.237 0.237 0.221 0.222 0.222

*0.10 ** 0.05 *** 0.01. Standard errors are clustered at the semi-year level, and all regressions include firm
fixed effects. Macro variables are for the current semi-year and standardized (to facilitate interpretation of the
coefficients). An update in sales expectation uses the broad definition defined in the paper. In the first three
columns, we focus on whether the firm updates its sales expectations from the first quarter to the second quarter
(for the semi-year from Apr. to Sep.) and from the third quarter to the fourth quarter (for the semi-year from
Oct. to Mar.). In the last three columns, we focus on whether the firm updates its sales expectations from the
first quarter to the third quarter (for the semi-year from Apr. to Sep.) and from the third quarter to the first
quarter (for the semi-year from Oct. to Mar.

We implement several robustness checks for results obtained from the above regression. First,
we replicate the regression using the strict definition of updating the sales expectations. Table
C.8 shows quantitatively similar results. Next, we use the average sales growth rate and the
standard deviation of sales growth calculated at the industry level to rerun the above regression.
Table C.9 presents similar findings. In particular, the standard deviation of sales growth still
has a quantitatively large and statistically significant impact on the probability of updating the
sales expectations. In total, we document that firms update both macro and sales expectations
more frequently, when the volatility of sales growth increases. This finding hints that the degree

of information rigidities goes down when the degree of firm-level uncertainty increases.

2.5 Fact Three: Counter-cyclical frequency of price adjustment

In this subsection, we analyze the cyclical properties of price adjustment. We found that price

adjustment is counter-cyclical, a pattern similar to what Vavra (2013) documents using product-
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level data from the U.S. Although the overall frequency of price adjustment is informative
about price rigidity, we cannot conclude that the counter-cyclical frequency of price adjustment
implies pro-cyclical price rigidity. Intuitively, the fraction of firms that adjust output prices
depends positively on the volatility of (demand/supply) shocks and the sensitivity of output
price adjustment to shocks. Firms are more likely to adjust output prices, as long as one of the
two factors increases. We view the second factor as the measure of price stickiness, as the first
factor in most models is assumed to evolve exogenously. After all, no firms would change output
prices, if there were no shocks (to their demand/supply or aggregate conditions) over time. We
cannot conclude that price rigidity is extremely high in this hypothetical case, as there is no
need to adjust output prices.

Under our definition, prices can become more rigid even if the overall frequency of price
adjustment increases, as long as the increase in the volatility of shocks dominates the decrease
in the sensitivity of output price adjustment to shocks. Fortunately, we have information on
whether the firm adjusts its output price and whether it receives a shock to its input price or
expects firm/macro demand conditions to change. Therefore, we can study how the first- and
second-moment shocks affect the likelihood of a firm changing its output price and the sensitivity
of output price adjustment to demand/cost/aggregate shocks.

We start the analysis by plotting how the fraction of firms that fix/increase/decrease their
output prices (from the last quarter to the current quarter) evolves in Figure 1. The number
on the horizontal axis refers to the quarter (1,2... starting from 2004/Q1). Three observations
are worth mentioning. First, the fraction of firms that fixed output prices in two consecutive
quarters is quite high (75% — 80%) and has an increasing trend over time. Second, the fraction
of firms that fix output prices had dropped substantially during the financial crisis and slightly
during the 2012 recession (2012/Q2-Q3). Moreover, the fraction of firms that increased prices
and that of firms that decreased prices increased during these two recessions. Finally, the fraction
of firms that fixed output prices dropped immediately and substantially after the 2011 Tohoku
earthquake (near the end of 2011/Q1) and after the consumption tax hike on April/1/2014.
Similar to the experience during the two recessions, the fraction of firms that increased prices
and that of firms that decreased prices increased immediately after these two significant negative
events. The possible candidate for this two-way movement of prices is the increasing volatility
of firm-level shocks during recessions and after significant adverse events, which we will show in
the next subsection.?*

We proceed with our analyses using regressions. First, we investigate how first- and second-

24Tn Online Appendix Figure C.1, we plot how the fraction of firms that fix, increase or decrease their input
prices (from the last quarter to the current quarter) evolves. The findings are qualitatively the same as those
documented for the output prices.
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Figure 1: Time-series of output price adjustments
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first two: financial crisis; third: earthquake; middle two: 2012 recession; last: cons. tax hike.

Note: This figure plots how the fraction of firms that fix, increase or decrease their output
prices (from last quarter to current quarter) evolves over time.

moment shocks affect the frequency of price adjustments by running the following regression:

output pricefy™ = o+ Brinput pricefy "™ + Bysalesy ;™"
+Bssaless ™7 + By log (capitaliz—1) + 6; + i, (1)

where §; is the firm-specific effect. In some regressions, we only include one term out of

mean,macro
gr7t

s.d.,macro

and sales, ;

sales , and regression results are reported in Table 5. From the
table, we observe that although both a decrease in average sales growth and an increase in
the standard deviation of sales growth have positive and statistically significant effects on the
probability of changing the output price, the quantitative impact of the second-moment shock
is larger and more statistically significant than that of the first-moment shock. One standard
deviation increase in the standard deviation of sales growth leads to roughly a 1.8% or 2.4%
increase in the probability of changing the output price (the average probability is 26%). Table
C.10 in the Online Appendix presents qualitatively similar (but quantitatively weaker) results
using the average sales growth rate and the standard deviation of sales growth calculated at
the industry level as the independent variables. However, the magnitudes are smaller compared

with macro shocks.

Now, we study how the first- and second-moment shocks affect the responsiveness of price

adjustment with respect to a change in the input price and an ezxpected change in macro demand
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Table 5: Output price change and economic fluctuations: Macro

(1) (2) 3)
Dep.Var: Indicator (output price(t) #
output price(t-1))

input price(t) # input price(t-1)  0.325***  0.330***  0.328***
(0.007)  (0.007)  (0.007)

ave. sale gr. (macro) -0.021%** -0.009*
(0.005) (0.005)
s.t. of sales gr. (macro) 0.024***  0.018***
(0.004) (0.005)
lagged log firm size -0.011** -0.012**  -0.012**
(0.004) (0.004) (0.004)
Firm FE Yes Yes Yes
N 154322 154322 154322
R2 0.407 0.408 0.408

*0.10 ** 0.05 *** 0.01. Standard errors are clustered at the semi-year level, and all regressions include firm
fixed effects. Macro variables are for the current semi-year and standardized (to facilitate interpretation of the
coefficients).

conditions. Specifically, we run the following regression:

output price?ctlj ust — By + Brvariable; ; 4 Bavariable; s x salesy, %" """
. .d.,
+B3variable;; x salesy ™" + 6pp 4 0st + 0i + it (2)

where variable;; includes the adjustment of the input price and an expected change in macro
demand conditions, and d,;, ds; are region-quarter and industry-quarter fixed effects.

In Table 6, we report the regression results. First, when the firm receives a change in its
input price and/or expects the macro conditions to change, it is more likely to adjust its output
price. This is shown by a positively significant estimate, 51. As the estimated coefficient 51 is
below one, the output price adjustment (after a shock to the input price or macro conditions) is
incomplete. Interestingly, the interaction between the input price change and the sales growth’s
mean (and the standard deviation) is significantly negative (and positive). Moreover, the in-
teraction between the expected change in macro conditions and the mean (and the standard
deviation) of sales growth is also significantly negative (and positive). These findings imply,
based on a change in the input price/macro conditions, firms are more likely to adjust their out-
put prices when the average sales growth drops and/or the volatility of sales growth increases.
Moreover, the impact of the second-moment shock on the responsiveness of price adjustment
is quantitatively larger and statistically more significant than the impact of the first-moment
shock, when we include both the mean and the standard deviation of sales growth as explanatory

variables. In summary, a more volatile economic environment increases both the frequency of
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price adjustment and the responsiveness of price adjustment to shocks.2’

3 Quantification: Belief Updating and the Degree of Monetary

Non-neutrality

In this section, we set up a dynamic equilibrium model to explore how endogenous information
acquisition affects the degree of monetary non-neutrality and the impact of first-moment /uncertainty
shocks on output and inflation. We adopt an off-the-shelf menu cost model with uncertainty
shocks (i.e., Vavra (2013)) where the volatility of cost shocks evolves stochastically and the
aggregate demand shock hits the economy constantly. The key departure of our model is the
decision on information acquisition, which is state-dependent. Inspired by models that feature
observation costs (e.g., Alvarez et al. (2011)), we assume that the firm acquires information
about its marginal cost by incurring an observation cost and thus has a possibility of updating
its cost expectation at the beginning of each period (i.e., different from the prior belief). As
a result, price adjustments are belief-driven and affected by the second-moment shock, as the
volatility of cost shocks determines the incentive to acquire information. We use the model to
show that firms acquire information more frequently in periods of high volatility, and thus they
change prices more frequently. We then study the importance of costly information acquisition
in determining the degree of monetary non-neutrality in our model where the nominal output
is demand-driven. We find that the degree of monetary non-neutrality is higher in our bench-
mark model than in the perfect information model. We also find that the perfect information
model under-predicts the increase in the inflation rate and the drop of real output, when the

uncertainty (and first-moment) shocks hit the economy.?¢

3.1 Setup

There are an unit mass of households who choose to provide labor inputs endogenously and an

unit mass of firms that produce in the product market. Households allocate income and labor

ZTable C.11 presents similar results using industry-level first- and second-moment shocks as explanatory vari-
ables.

26Tn Online Appendix A, we use a single-firm menu cost model with endogenous information acquisition to
show that the second moment-shock can analytically rationalize the three documented empirical findings. This
single-firm model only captures economic forces incentivizing firms to update beliefs and adjust prices in partial
equilibrium. The quantitative model presented in this section captures both partial and general equilibrium forces
that incentivize firms to update beliefs and adjust prices (e.g., changes in the stochastic discount factor and the
real wage rate over the business cycles).

19



9} I0J dIe SO[RLIRA OIDRJN]

*(syuerd1Ie0d o) Jo uoIjRILIdIoqur 91RII[IoR] 0]) PIZIPIRPUR)S PUR IRIA-TUIOS JUOLIIND
"$100]jo POXT) ULIY 9PNJOUT SUOISSEIZAI [[@ PUR ‘[9AS] ULIY J) J@ PAISISN[D IR SIOLID PILPURIS "TO'0 s SO0 sx 0T°0 5

€Le0 €Le0 €Le°0 9¢¥°0 9¢¥°0 9¢¥°0 d
£6679T £6679T €6679T 0€TPST 0€TVST 0€TPST N
SOx SOx SOx SO SO SO o W
SOx SOx SOx SOA SO SO 4 19j3aenb-uorSey
SOx SOx Sox SO SO SOx 4 Ierrenb-A1snpuy
(2000)  (£00°0) (£00°0) (£000)  (£00°0) (£00°0)
«C10°0-  4C10°0- «C10°0- 010°0- 010°0- 010°0- oz1s wLty So[ pagdel
(e000)  (€00°0)
wxxCT0°0  %5xGT0°0 (oxoewr) 18 soes Jo ‘p's X (]-1)pueuWap oIdew£(})pURULpP OIDeUT
(£00°0) (200°0)
+900°0- +x%€10°0- (oxoewr) 18 sores ‘oae Y (1-1)purIOp OIoRWA())pURUdOP OIdeW
(e000)  (€00°0) (£00°0)
#xx8CT°0  4xx8C8T°0  +x+80T°0 (T-1) purwop 01oeWZ(})pPURTOp OIdRW
(¥000)  (€00°0)
«+800°0 «xxCT0°0 (oxoewr) 18 sofes Jo ‘p's X (1-1)eouxd ndur # (1)9otxd gndur
(¥00°0) (£00°0)
+200°0- AN (oxoeur) 13 sares oae X (1-1)9otxd qndur # (1)oouad ndur
(g000)  (€00°0) (500°0)
#xx1CE°0  4xx1CE°0  4xx0T€0 (1-3)90ud yndut # (3)eoud ndur

((1-3)9o11d gndyno # (3)eoud yndino) 1oyedrpuy

()

)

(¢)

(2) (1)

wreA tdo(

OIDRJA] :SUOIJRNION OIWOU02d pue ogueyd 2oud nding :9 o[qe],

20



to maximize a Dixit-Stiglitz consumption aggregate subject to indivisible labor supply:

max Ejy i Btlog Cy — wny], (3)
t=0
subject to X 1
/0 picidi + Bilqr i1 Bis1] < Br + Winy +/0 I di, (4)
where

L o1 71
C, = </ % di) (5)
0

is the Dixit-Stiglitz aggregator of consumption goods ¢, and p! is the price of good i in period
t. Variable n; is the household’s labor supply, and w is the disutility of labor. W; and o are
the nominal wage and the elasticity of substitution, and II¢ is the nominal profits the household
receives from owning firm i. A complete set of Arrow-Debreu state-contingent claims is traded

in the economy so that B.yj is a random variable that delivers payoffs in period ¢ + 1 from

C
Cit1

to price these claims. As we do not have capital in the model, there is no saving.

is the stochastic discount factor used

financial assets purchased in period t and g; 441 = 3

Firms produce output using a linear technology in labor:

&
Tt

yt_77

2

where firm-level cost shifter, z{, evolves according to an AR(1) process in logs:
log (2}) = (1= p2)ui + p=log (1) + ;€ ~ N(0, (7)), (7)

where o, follows a two-state Markov process with the following matrix of transition probabilities:
bu P
Phl  Phh ’

z |z )
pij = Prob(of, | = Uj’O't =0'),

where

" or ol(< o). We also introduce the first-moment shock that

and o' and o7 can be either o
perfectly correlates with the second moment shock, pj < i, where pj and i are the (long-run)
mean of the cost shifter when the uncertainty level is low or high, respectively. In addition to

the production cost, the firm has to pay a fixed cost f (in units of labor) in order to adjust the
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nominal price.

The key innovation of our model is that the firm has to pay a cost to observe its cost shifter
in the current period. For simplicity, we assume the cost shifter is revealed to the firm at the
end of each period, as the firm knows its output and cost which enables it to back out the cost
shifter. At the beginning of each period, however, the firm has to pay an observation cost (in

units of labor) to observe the cost shifter in the current period:
OC(\) = Wier A, (8)

where c; is the marginal cost of acquiring information and W; is the wage rate. Parameter A > 0
is the intensity of acquiring information.?” As a result, the firm observes its current cost shifter

and updates its sales expectation (from the end of the last period) with the probability of
prob=1— e 9)

With the remaining probability, the firm is cannot to observe its current cost shifter and thus
does not update the sales expectation. Note that parameter b;(> 0) positively determines the
marginal effect of an increase in the intensity of acquiring information on the probability of ob-
serving the cost realization.?® In particular, the change in the intensity of acquiring information
is small after the uncertainty shock hits the economy, when b; is small.

Nominal aggregate spending S; = P,C; follows a random walk with a drift in logs
log (S¢) = pu+log (Si—1) + €5 € ~ N(0,02), (10)

which implies the nominal GDP growth rate, log (S;) — log (S;—1), is a random variable with
the mean of p. In the case of Japan, the estimated AR(1) coefficient of the quarterly nominal
GDP growth rate is 0.17 (standard error: 0.14) which is insignificantly different from zero. This

finding is consistent with our specification here.?

2TEssentially, we assume that the firm hires ¢; A workers to acquire information with intensity .

28When b; approaches zero, increasing A does affect the probability of observing the cost shifter.

2The average nominal GDP growth rate of Japan during our sample period was 0.25% with the standard
deviation of 0.37%.
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3.2 Household Choices and Firm Profits

We study the household’s consumption choice first. Based on the real consumption defined in

equation (5), we can derive the demand function of firm i as

¢ = (%) Ci, (11)

where P; is the ideal price index and defined as

P = ( /0 1 (pi)l“’) e (12)

Household’s labor-leisure choice implies that

W,
CiP

w. (13)

Given the demand function in equation (11), firm ¢’s problem is then to choose prices to

maximize discounted profits

[e.e]
max B Y g, (14)
Pi t=0

where the (deflated) per-period profits are given by

i (P W\ ()T Wy o
i=(5-4n) (B) - rphim

which can be rewritten as

. , o L
;i P P AN S
Yy T ) o == -~ - - - 7[ i i 5 15
" <Zt St St St th St St fwB pt¢pt—1 ( )
where IP#PLl is an indicator function for nominal price changes.

3.3 Market Clearing and Aggregate Law of Motion

First, market clearing requires that

St_ - B 1 ingl o—1
Pt_ct_Yt_</0 (yt) ) )
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where Y; is the real output. Next, we discuss the aggregate law of motion of the aggregate

state variable. The only endogenous aggregate state of the equilibrium is the (inverse of) real

consumption: %. the aggregate law of motion (ALM) specifies how gj: (and thus y; = Ptsj)

evolves to yy+1 = %. As there are two levels of uncertainty, there are two equations for ALM:

lo =log|—=|+1lo
g(StH) g(St E\ S

P _ S.
_ %mlog( : 1>+1og( t):wm—(meal), (16)
St St+1

Xt+1

where parameters, v; and 79, take two possible values, depending on the level of uncertainty in

the economy.?? Finally, the per-period profits in equation 15 can be rewritten as

T <Zz’§i’Xt> = (th - sz) (g) e(otnxe)(@=2) _ fpye—(0tmxe), (17)

3.4 Value Functions

Now, we solve for two types of the firm’s value functions: the final value function before the
information acquisition stage and the intermediate value function after the outcome of informa-
tion acquisition is realized (i.e., the current cost is revealed or not revealed). We analyze the
second value function first (denoted by v(.;.)), as analyzing the first one (denoted by V(.;.))
uses the expression of the second one.

We have four state variables that enter into the value functions. There are two idiosyncratic

states, 2z} and pg_tl, and two aggregate states, ol (and ul) and x;. Both 2! and o! (and pl) are

exogenous states, while pfg‘tl depends on the firm’s price charged last period and is an endogenous

state. The aggregate state, x;, also evolves endogenously. We have two choice variables in the
value functions. At the beginning of each period, the firm chooses the intensity of acquiring
information, A. After the outcome of observing the cost shifter is realized, the firm chooses the
price, %‘

For the intermediate value function v(.,.), we have two cases. First, suppose firm i observes
its cost realization, z;, in the current period. Then, the intermediate value function can be

expressed as

o (1og ), P02, ) = mae [0 (10g (o), Pt onn o ) ot (o (v 09

30For details, see Appendix B.1.
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with
N Pt—1 2 ) _ Pt—1
v (log (1), Tt’ Xt O'z,t) =TT (10g (1), Tt’ Xt) + EegﬂpgﬁtHQ
Di— s s
4 (log (21),log <gt1> — (Bt €41);7 +7xe — (1 + €4q), Uz,tH) (19)

and

A - by
v (log (2¢) ; X1, 02,4) = — fwe (otyaxe) max [TF <log (1), 3, Xt) + Eefﬂ,ggﬁl@

St

p s s
% <10g (2¢) ,log <Stt> —(m+ei1)ivo+7xe — (1 +€pq), 0§,t+1> ] : (20)

where the stochastic discount factor ) is defined as

Cy 56—(70+“/1Xt)

Q=p = (21)

Cit1 6—70—71[(70+71Xt)—(u+e§+1)} '

Note that vV (.;.) is the intermediate value of not changing the price, while v(.;.) is the inter-
mediate value of adjusting the price.

Now, we discuss the intermediate value functions when the cost information is not revealed:

Dbi—1 DPi—1
v <10g (Zt—l) ) S y Xt Ug,t) = max |:UN <10g (Zt—l) ) s Xt gz,t) avA (10g (Zt—l) s Xt Ug,t) )
t

St
(22)
with
N (1 Pt—1 2 —E 1 Pt—1 . ] E
v 0g (Zt—l)thvxtaaz,t = LT | 108 (Zt)aTtvxt‘ 0g (Zt—l) + 6t76§+1703,t+1Q
Pt—1
V (log(z),log | =o— ) — (1 + €41)i70 +mxe — (B4 €11), 02 111 (23)
St
and
o (10g (20-1) s X0, 02) = —fwe 00T 4 e | B (”g (), il log <zt—1>> + Bty
En

p S S
RV <log (2¢) ,1og (Si) —(m+ e 1) +yixe — (1 + €4q), ff?,m) ] :
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The final value function (at the beginning of period t) as

V(log (zt-1), ]%; Xt, 0% )
¢

= max (1- €_>\b1)E€t [v <log (2t), %; Xts Uit) ‘ log (zt_l)]
¢

6_/\17117 <10g (thl) ’ ]%; Xt Ug,t) — Cl)\we—(VO‘F’YlXt). (25)
t

Note that when the cost shifter is revealed, we need to take the expectation over the current

cost shifter (for calculating the expected intermediate value function). When the cost shifter

is not observed, the state variables do not change. Also note that irrespective of the outcome

of the information acquisition, the current cost shifter is revealed at the end of the current

period. Thus, the latest information about the firm’s cost shifter at the beginning of period t is

log (zt-1).

3.5 Simulation

In this subsection, we numerically solve our dynamic general equilibrium model by following
the procedure proposed by Maliar et al. (2010) and Vavra (2013).3! We then simulate our
model economy with aggregate uncertainty and demand shocks for 31,000 periods (with the
first 1,000 periods’ being discarded) to study how endogenous information acquisition affects
the effectiveness of monetary policy and how it interacts with the first-moment and uncertainty
shocks. We set the period in our model to a quarter, as our firm-level data contain information
on price/belief adjustments at the quarterly level.

We follow the literature to choose several parameter values. Following Bernard et al. (2003)
and Vavra (2013), we set the elasticity of substitution and the discount factor to 4 and 0.99,
respectively. Following Khan and Thomas (2008), we set the persistence of the cost shock to
0.95. We adjust the transition probabilities between the low and high uncertainty states such
that the fraction of high uncertainty states in our simulation is roughly 15% which is the same
as in the data (2 out of 13 years).3? For other parameters, Table 7 reports the values used in

the simulation.

Although we emphasize that our simulation is not a full-fledged calibration, we do want to
choose parameter values of f, ¢; and b; that yield the fraction of price adjustments and that

of belief updating firms in a given period roughly consistent with the data moments (21.2%

31For details, see Appendix B.2.
32In the data, 2008-2009 are the years of the financial crisis.
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Table 7: Parameter Values (Main)

Parameters Description Value Source

o elasticity of substitution 4 Bernard et al. (2003)

8 discount factor 0.99 Vavra (2013)

w disutility of working 0.5

o average growth rate of nominal GDP 0.25% Japan Cabinet Office

€ size of aggregate demand shock 0.25% trend growth rate of nominal GDP
prob;il prob. of negative aggregate demand shock  0.3748 s.d. of nominal GDP growth: 0.37%
probg prob. of zero aggregate demand shock 0.2504 s.d. of nominal GDP growth: 0.37%
probg prob. of positive aggregate demand shock  0.3748 s.d. of nominal GDP growth: 0.37%

p persistence of cost shocks 0.95 Khan and Thomas (2008)

ol s.d. of cost shocks 0.05

ot s.d. of cost shocks 0.03

uh mean of cost shocks 0.04

,ulz mean of cost shocks —0.04

probth prob. from L to H uncertainty 0.02 share of low-uncertainty states in data: 84.6%
probh prob. from H to H uncertainty 0.89 share of high-uncertainty states in data: 15.4%

Financial crisis: 2008-2009 (fiscal year); other periods:2004-2007 and 2010-2016 (fiscal year). s.d.: standard
deviation.

and 48.3%). As Table 8 shows, the fraction of price adjusters and that of belief updating firms

implied by our simulated model are largely consistent with their data moments.33

Table 8: Parameter Values (Menu and Observation Costs)

Para. Description Value Moment Data  Model
f menu cost of price adjustment 0.0095 fraction of price adjusters 21.2%  22.7%
c1 (marginal) cost of acquiring information 0.0016 fraction of (belief) updating firms 48.3%  47.2%
by (curvature) prob. fun. of observing the cost 0.2 diff. in fraction of updating firms 4.1% 7.3%

Para: parameters. Financial crisis: 2008-2009 (fiscal year); other periods: 2004-2007 and 2010-2016 (fiscal year).
Diff. in fraction of updating firms: fraction of updating firms in high uncertainty states minus fraction of updating
firms in low uncertainty states. prob. fun.: probability function.

Next, we present summary statistics related to price/belief adjustments of our simulated
economy in Table 9. We compare the aggregate moments of high uncertainty periods (associated
with negative first-moment shocks) in the simulated economy to those of the financial crisis in the
data (2008-2009). As Table 9 shows, statistics derived from our simulated economy match those
obtained from the data quite well. In particular, the model and the data generate quantitatively
similar statistics related to the correlation between the nominal GDP growth rate, the frequency
of price/belief adjustments, and the serial correlation of the nominal GDP growth rate, although

we do not target those moments in our calibration.

33A typical measure for the accuracy of the ALM is the R? we obtain by running OLS regressions using the
simulated data. In our calibrated model, we obtain R?s between 0.996 and 0.998 in various (exogenous) aggregate
states.
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Table 9: Aggregate Statistics of the Model and Data

Moment Data Model

frac. of (sales) updating firms (all periods) 48.3% 47.2%
frac. of (sales) updating firms (other periods) 47.7% 46.0%
frac. of (sales) updating firms (financial crisis)  51.8% 53.9%

frac. of price adjusters (all period) 21.2% 22.7%
frac. of price adjusters (other periods) 19.8% 21.3%
frac. of price adjusters (financial crisis) 29.6% 30.6%
corr.(GDP growth, price adjustment) —0.303 —0.290
corr.(GDP growth, belief adjustment) —0.414  —0.425
serial corr.(GDP growth) 0.119 0.050

Financial crisis: 2008-2009 (fiscal year); other periods: 2004-2007 and 2010-2016 (fiscal year).

Another set of untargeted moments is related to the conditional probability of price ad-
justment (conditioning on whether the firm updates the sales expectation). Table 10 shows

the statistics obtained from the data and the model. The model can match those untargeted

moments qualitatively well.

Table 10: Aggregate Statistics of the Simulated Model

Moment Data Model
frac. of price adjusters (updating sales exp.) 23.5% 37.6%
frac. of price adjusters (not updating sales exp.) 18.9%  9.4%
frac. of price adjusters (updating sales exp.): high uncertainty 321%  45.4%
frac. of price adjusters (not updating sales exp.): high uncertainty  26.5%  13.4%
frac. of price adjusters (updating sales exp.): low uncertainty 21.9%  36.2%
frac. of price adjusters (not updating sales exp.): low uncertainty 17.8% 8.7%

Financial crisis: 2008-2009 (fiscal year); other periods:2004-2007 and 2010-2016 (fiscal year).

3.5.1 Policy Functions and Firm Profits

In this subsection, we discuss features of the policy functions and the profit function that will
help us understand the mechanisms through which the monetary shock and the uncertainty /first-

moment shocks affect the inflation rate and output growth.

First, we study the policy function of pricing. Figure 2 plots how the (optimal) current price
Bt varies with the past price of 1. The horizontal part of each line represents the optimal
S, p p S; p
current price when the firm adjusts the price, while the upward-sloping part denotes the inaction

region of pricing (i.e., py = p;—1). From the figure, we observe that the uninformed firms (i.e.,

firms that cannot observe their current costs) have a wider range of inaction in pricing. This

finding is reminiscent of a key result from the uncertainty literature (e.g., Bloom (2009) and
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Figure 2: Pricing: Informed and Uninformed Firms
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Bloom et al. (2018)) that firms facing higher uncertainty have a wider inaction region in terms
of investment and hiring/firing. The difference here is that firm-level uncertainty which is higher
for uninformed firms is endogenously generated by firms’ decisions on information acquisition.

Next, we plot the same figure for firms facing different aggregate uncertainty levels in Figure
3. This figure shows that both informed and uninformed firms have a wider region of inaction
when the aggregate uncertainty level increases. In addition, as the uncertainty shock is associated
with the (negative) first-moment shock, the chosen price also increases for some firms that face
higher levels of aggregate uncertainty.

In summary, the uncertainty /first-moment shocks have three effects on firms’ pricing. First,
more firms become informed (as we will show) and informed firms are more likely to adjust
prices, which leads to a higher average frequency of price adjustments after the uncertainty /first-
moment shocks. This composition effect is new to the literature (i.e., relative to Vavra (2013)).
Second, cost realizations increase on average and become more dispersed, which makes it more
likely for all firms to adjust prices. Finally, the firm is less likely to adjust the price, conditioning
on the realized cost shock due to the wider inaction region, which increases the price rigidity. In
total, the first two effects dominate the last one, which leads to the result that firms are more

likely to adjust prices in high-uncertainty states.

29



Figure 3: Pricing and Uncertainty
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Now, we turn to the policy function of information acquisition. Figure 4 plots how the
probability of observing the current cost (which positively depends on the intensity of acquiring
information) varies with the firm’s cost in the last period. There are three implications we
can draw from the figure. First, the intensity of acquiring information declines with the cost
realization of last period in general, as the cost of acquiring information is independent of the
production scale and thus like a fixed cost. Second, there is a dip in all four curves, when the
inherited price from the last period is close to the optimal (static) price based on the firm’s

34 When the price charged last period is close

past cost realization (absent the menu cost).
to the optimal price based on the firm’s past cost, the firm understands that it is unlikely to
change its price, even if it observes the current cost. Thus, the firm has a lower incentive
to acquire information. This finding shows an interesting interaction between the menu cost
and the observation cost for the information acquisition. Finally, a higher level of uncertainty
leads to a higher intensity of acquiring information, as the economic environment becomes more
uncertain.

Next, we study how the choice of information acquisition depends on the market’s compet-

34This explains why the dip appears at a higher cost level, when the firm inherit a higher past price 2 tS:I (the

black and green curves).

30



itiveness. Figure 5 shows that firms have higher incentives to acquire information when the

aggregate price Pfgzl is higher (conditioning on all other aggregate and firm-level states). A big-

ger Pfg;l tends to lead to a bigger % which is the inverse of Ct, as most firms do not change prices

in a period. Consumer’s labor-leisure choice defined in equation (13) implies that the real wage

is lower when % is bigger. Thus, the firm’s production and observation costs (in real terms)

tend to be lower, when Pfgj is bigger. This general equilibrium force yields a higher incentive

for firms to acquire information when the uncertainty shocks arrive, as uncertainty shocks are

persistent and coupled with negative firms-moment shocks (which lower the real wage).

Figure 4: Information Acquisition and Uncertainty: Direct Effect
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In summary, an uncertainty shock has three offsetting effects on information acquisition.
First, firms are incentivized to acquire information more intensively, as economic environment
becomes more uncertain (the direct effect) and the real wage declines (the indirect effect)
when the uncertainty level is higher. However, as the average cost of firms increases after
the uncertainty /first-moment shocks and firms with higher costs acquire information less inten-

sively, the overall fraction of firms that update beliefs should go down due to this composition
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effect. Overall, the first two effects dominate the last composition effect, which implies that firms
acquire information more intensively after the uncertainty /first-moment shocks hit the economy.

This makes firms are more likely to update sales expectations in high-uncertainty states.
Figure 5: Information Acquisition and Uncertainty: Indirect Effect through Aggregate Price

Intor Choice
0.6 T T T T

71 (S ——, Inwl:g[pl_ ISIW = small P:_I.'S__
TR low log(p, ,/5,) + large P, 15,
______ highloglp, ,/5) + small P /S,

0.55 highlag(p, ,/S,) + large P /S, 7

frac. infor

=2

-

o
T

0.35 1 1 1 1 1 1 1 1
05 04 -0.3 -0.2 -0.1 o 01 0.2 0.3 04
past cost in log term

Note: This figure plots how the probability of observing the current
cost, frac. infor, (which positively depends on the intensity of ac-
quiring information A) varies with the firm’s cost in last period for
firms that inherit different past prices (i.e., pts_fl) and/or face dif-
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Finally, we turn to the profit function. Figure 6 shows how the profit (and expected profit)
of the informed firm (and the uninformed firm) varies with the price charged and how the
aggregate price index affects the firm’s profit. It is clear that under-pricing results in a bigger
profit loss than over-pricing, as the demand function is CES. This is consistent with the finding
from Ferndndez-Villaverde et al. (2015). Moreover, a less competitive market environment (i.e.,

P

a larger —¢ ) increases the profit (or the expected profit) of the firm.

3.5.2 Degree of Monetary non-neutrality

Now, we implement a counterfactual analysis by shutting down the channel of endogenous
information acquisition. In this case, our model is simply a standard menu-cost model with a

fixed cost for adjusting the output price. Specifically, we set the (marginal) observation cost
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Figure 6: Firm Profits and Pricing
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of acquiring information, ci, to zero and fix all other parameter values.>> We then focus on
how real consumption, %’;, changes, when the aggregate nominal demand S} increases from its
(deterministic) trend value of 0.25% to the maximum value allowed in the calibrated model
(0.5%). The central bank can achieve this goal by providing a 0.25% additional increase in
money supply (above the 0.25% trend increase).3¢

As the aggregate demand shocks are i.i.d. and the fraction of price adjustment per period
is roughly 21% in the data, the effect of a monetary expansion on real output is instantaneous
(i.e., no persistent effect). Thus, we use the contemporaneous change of the output growth rate
in periods when the monetary shock arrives to measure the degree of monetary non-neutrality.
Table 11 reveals two results. First, the degree of monetary non-neutrality is much higher in
the benchmark model (41.48%) than in the perfect information model (23.4%). Second, the
difference in the degree of monetary non-neutrality between the low and high uncertainty states

is much larger in the benchmark model (18.28%) than in the perfect information model (3.52%).

In order to understand the above two findings, we present two key summary statistics related

35 As a result, all firms update their belief at the beginning of each period.
36The R?s obtained from the simulated data in the perfect information model are between 0.997 and 0.999.
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Table 11: Monetary Non-neutrality and Uncertainty Shock

Real output growth no monetary shock  positive monetary shock difference
benchmark -0.1 bp 10.47 bp 10.57 bp or 42.28%
perfect information 0.1 bp 5.75 bp 5.65 bp or 22.6%
benchmark (H uncertainty) -14.59 bp -7.89 bp 6.7 bp or 26.8%
perfect information (H uncertainty) -13.33 bp -8.33 bp 5 bp or 20%
benchmark (L uncertainty) 2.48 bp 13.75 bp 11.27 bp or 45.08%
perfect information (L uncertainty) 2.72 bp 8.60 bp 5.88 bp or 23.52%
real output growth low uncertainty high uncertainty difference
benchmark 2.59 bp -14.40 bp 16.99 bp
perfect information 2.59 bp -13.13 bp 15.72 bp
Inflation low uncertainty high uncertainty difference
benchmark 22.77 bp 39.58 bp 16.81 bp
perfect information 22.66 bp 38.90 bp 16.24 bp

bp: basis points. Financial crisis: 2008-2009 (fiscal year); other periods: 2004-2007 and 2010-2016 (fiscal year).
Effects of the monetary shock on real output in the percentage term are relative to the size of the monetary shock
(i-e., 0.25%).

to price adjustments in Table 12. As Alvarez et al. (2016) point out, two key statistics for
determining the degree of monetary non-neutrality for a class of models are the frequency of price
adjustments and the kurtosis of the size distribution of price adjustments. A higher frequency of
price adjustments and/or a lower kurtosis of the price adjustment distribution are associated with
a lower degree of monetary non-neutrality. In Table 12, we observe that the perfect information
model has a higher frequency of price adjustments and a lower kurtosis of the price adjustment
distribution than the benchmark model. Therefore, the degree of monetary non-neutrality is
smaller in the perfect information model. When we compare the high and low uncertainty
states, the high uncertainty states in both models are associated with a higher frequency of
price adjustments and a lower kurtosis of the price adjustment distribution. Therefore, the

degree of monetary non-neutrality is smaller in both models, when the uncertainty level in high.

Table 12: Statistics of Price Adjustment

Model State freq. of price adjustment  kurtosis of the size dist. of price adjustments
benchmark overall 22.7% 7.00
benchmark low uncertainty 21.3% 7.22
benchmark high uncertainty 30.6% 5.77
perfect information overall 24.5% 5.76
perfect information low uncertainty 22.4% 6.04
perfect information  high uncertainty 35.1% 4.30

freq.: frequency; dist.: distribution. All moments are taken conditioning on a positive aggregate demand shock.
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It is straightforward to digest that the perfect information model yields a higher frequency
of price adjustments, as price adjustments are belief-driven and over half of the firms do not
update beliefs every period in the benchmark model. In the benchmark model, belief updaters
understand that they might be unable to observe their costs and thus change prices in future
periods. As the nominal GDP grows over time and under-pricing results in a bigger loss in profits
compared with over-pricing (under the CES demand), belief updaters who receive large positive
cost shocks have incentives to over-adjust their prices upwardly in the benchmark model (than
in the perfect information model). These extra large upward price adjustments result in a higher
kurtosis of the size distribution of price adjustments in the benchmark model, as shown in Table
12. This point echos the finding from Yang (2022) that endogenous information acquisition
in rational inattention models can endogenously generate a leptokurtic distribution of price

adjustments, even when the cost innovations follow a normal distribution.

Table 13: Monetary Non-neutrality and Uncertainty Shock: Recalibrating the Perfect Informa-
tion Model

Real output growth no monetary shock  with monetary shock difference
benchmark -0.1 bp 10.47 bp 10.57 bp or 42.28%
perfect information -0.04 bp 7.52 bp 7.56 bp or 30.24%
benchmark (H uncertainty) -14.59 bp -7.89 bp 6.7 bp or 26.8%
perfect information (H uncertainty) -11.82 bp -5.33 bp 6.49 bp or 25.96%
benchmark (L uncertainty) 2.48 bp 13.75 bp 11.27 bp or 45.08%
perfect information (L uncertainty) 2.45 bp 10.04 bp 7.59 bp or 30.36%
real output growth low uncertainty high uncertainty difference
benchmark 2.59 bp -14.40 bp 16.99 bp
perfect information 2.44 bp -12.07 bp 14.51 bp
Inflation low uncertainty high uncertainty difference
benchmark 22.77 bp 39.58 bp 16.81 bp
perfect information 22.88 bp 37.14 bp 14.26 bp

bp: basis points. Financial crisis: 2008-2009 (fiscal year); other periods: 2004-2007 and 2010-2016 (fiscal year).
Effects of the monetary shock on real output in the percentage term are relative to the size of the monetary shock
(i.e., 0.25%).

One obvious point we have to admit is that the benchmark model and the perfect informa-
tion model do not yield the same frequency of price adjustments, which makes the comparison
between the two models imperfect. In an additional numerical exercise, we recalibrate the per-
fect information model to make the average frequency of price adjustments roughly the same in
the perfect information model (21.6%) as in the benchmark model (22.7%) when the positive
aggregate demand shock hits the economy. As a result, the calibrated parameter of the menu
cost is larger in the perfect information model (0.0115) than in the benchmark model (0.0095).

Despite this change, the perfect information model still yields a lower degree of monetary non-
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neutrality, as shown by the first two columns of Table 14. Moreover, the difference in the degree
of monetary non-neutrality between the low and high uncertainty states is still larger in the
benchmark model than in the perfect information model, as shown by the middle four columns
of Table 14. Therefore, endogenous information acquisition affects the degree of monetary non-
neutrality not only through changing the frequency of price adjustments, but also through other
channels (e.g., changing the kurtosis of the size distribution of price adjustments as shown in
Table 14).

Table 14: Statistics of Price Adjustment: Recalibrating the Perfect Information Model

Model State freq. of price adjustment  kurtosis of the size dist. of price adjustments
benchmark overall 22.7% 7.00
benchmark low uncertainty 21.3% 7.22
benchmark high uncertainty 30.6% 5.77
perfect information overall 21.6% 6.23
perfect information  low uncertainty 19.6% 6.57
perfect information  high uncertainty 31.6% 4.52

freq.: frequency; dist.: distribution. All moments are taken conditioning on a positive aggregate demand shock.

3.5.3 Uncertainty Shocks and Inflation

Finally, we study the impact of uncertainty (and first-moment) shocks in our model with price
and information rigidities. We find that the uncertainty (and first-moment) shocks make the
inflation rate increase more (and real output drop more) in our benchmark model than in the
perfect information model, although the fraction of price adjustments is larger in the perfect
information model than in the benchmark model. When the first-moment shock (i.e.,increasing
costs) hits the economy, firms that raise prices increase prices more in the benchmark model, as
they recognize that they either do not observe their costs now or in the future and under-pricing
is more costly than overpricing.?” Therefore, the perfect information model under-predicts the
increase of the inflation rate and the drop in real output when the uncertainty and first-moment

shocks hit the economy.

4 Conclusions

In this paper, we study the importance of belief updating in determining price stickiness over the
business cycles. We argue that sluggish belief updating drives price stickiness using a firm-level

panel dataset containing information on expectations and price adjustments. We document a

3"When the demand function is CES, under-pricing leads to a bigger profit loss than over-pricing.

36



positive association between belief updating and price adjustment, and between the frequency
of belief updating and the level of uncertainty firms face. Moreover, we find that the frequency
and sensitivity of price adjustment to belief updating/cost shocks increase, when the uncertainty
level increases.

In the quantitative part of the paper, we set up an equilibrium menu cost model with second-
moment shocks that highlight the firm’s state-dependent decision of information acquisition to
rationalize the above findings. Moreover, our calibrated model shows that the degree of monetary
non-neutrality is higher in our model than in the perfect information model and the difference
in the degree of monetary non-neutrality (between the low and high uncertainty states) is larger
in our model compared with the perfect information menu cost model. The key driver for these
findings is the high kurtosis of the size distribution of price adjustment in our benchmark model,
induced by excessive upward price adjustments made by belief updating firms that receive large
positive cost shocks. Finally, we find that incorporating endogenous information acquisition into
a model with sticky prices and demand-driven nominal output magnifies the (positive) impact
of uncertainty and first-moment shocks on the inflation rate and their negative impact on real
output. We believe more work can be done to understand the channel(s) through which the
information rigidity affects the impact of uncertainty/first-moment shocks on other important

economic outcomes.
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Online Appendix - Not for Publication

A A Single-Firm Model

In this section, we present a simple two-period partial equilibrium model that features imperfect
information and endogenous acquisition of information in order to rationalize the three stylized

facts documented above.

A.1 Setup

We consider a two-period model with the quasi-linear demand function. Following Melitz and

Ottaviano (2008), we assume that the firm’s demand function is
q=(ai+T1)—"p, (A1)

where p and ¢ are the firm’s price and output (i.e., quantity demanded) respectively. Variable a;
is the firm’s demand shifter in period ¢ (¢ = 1 or 2) and uniformly distributed on [a — 04, @+ 0]
with the PDF (probability density function) of i such that a — o, > 0. For simplicity, we
assume that the firm’s demand is a in the first period (a; = @) and the firm knows it. In the
beginning of the second period, the firm makes a demand draw from the uniform distribution
U(a — 04,0 + 04) where the mean is its realized demand in the first period. Thus, the demand
shock in the second period is a — a. Parameter 7(> 0) captures aggregate demand conditions
which are positively related to the average price of all active firms. A lower average price charged
by all firms leads to tough competition and thus a smaller 7. The slope of the demand function,
~v(> 0), is determined by the market size and the substitutability between varieties (i.e., goods).
Specifically, a larger market size or a higher level of substitutability between varieties leads
to a steeper slope. As we consider the problem of a single firm and focuses on the effect of
second-moment shocks, both ~ and 7 are taken as given.?®

The firm has to pay the production cost in order to produce in both periods. Specifically,

the firm faces a constant marginal cost of production, ¢g. As a result, the total production cost

38We choose to use the quasi-linear demand function, as we have demand-side uncertainty and a constant
marginal cost. In order to incentivize the firm to acquire information, it has to be the case that optimal price
depends on whether the firm knows its demand. If we adopted the CES demand function with a constant marginal
cost, optimal price would depend only on the firm’s marginal cost which the firm knows. Thus, there would be
no incentive for the firm to acquire information. There are two ways to solve this problem. The first solution is
to use a demand function that features a non-constant markup which is the approach we adopt in this paper. An
alternative solution is to use the CES demand function with an increasing marginal cost, in which case the optimal
price depends on the quantity produced and accordingly the demand shifter. We choose the first approach, as it
provides a closed-form solution of the optimal price.
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is

TC(q) = coq, (A.2)
where ¢y also includes the wage rate. The cost shifter is assumed to be fixed across two periods.
In the second period, the firm pays two additional costs (if necessary): a cost of acquiring

information and a cost of adjusting the price. First, the firm can acquire information about its

demand in the second period by paying the following cost:
IC(\) = 1 (A.3)

where ¢ is the marginal cost of acquiring information and A > 0 is the intensity of acquiring
information. As a result, the firm observes the demand shock, ap, with probability 1 — e~}
With probability e~?, the firm does not obtain information about as and therefore sticks to the
prior belief: U(a — 0g4,a+ 0,). Additionally, the firm must pay a fixed cost of adjusting its price
denoted by (> 0), if it decides to change its output price. The key parameter of interest is how
an increase in the variance of demand shocks, o,, affects the intensity of information acquisition
and the adjustment of the output price.

Before proceeding, we make two assumptions to simplify the analysis. First, we assume that
the firm survives, irrespective the demand shifter it draws in the second period (if it can set the

price flexibly):

Assumption 1

a—0q+T 2> cpy.

The above assumption imposes an upper bound on the marginal cost of production. Next, we
assume that firms with either sufficiently high or low demand shifters adjust prices, when they

observe their demand shifters in the second period:

Assumption 2

02> dyk; (a—oq +T —coy)? > dyk.

The above assumption requires that the adjustment cost of output price is small enough.
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A.2 Analysis

We solve the optimization problem in the first period first. Suppose the firm chooses a price
that maximizes its static profit in the first period.?® As a result, the objective function in the

first period becomes

max (p—co)l(@a+7)—pl, (A.4)
which leas to the result that -
a+71
— A.
=ty (A.5)

The resulting profit in the first period is
T = € (@a+7— 7c0)2. (A.6)
dy

Now, we analyze the problem of acquiring information and setting the price in the second
period. We analyze the pricing behavior first. The optimization problem of setting the price

without taking into account the fixed cost of price adjustment is

max E[(p —co)((a2 +7) = *yp)} : (A7)

where E denotes the expectation. The resulting optimal price is

Fas+1 ¢
_ AR
D2 27 + 9 ) ( )
in which Eas = a if the firm does not observe the demand shifter and Fas = a9 if the firm does

observe it. In total, the realized profit in the second period is
1
Ty = o (Eag + 7 — 7yeo)(2a2 — Eaz + 7 — v¢o) |, (A.9)

which is maximized when Fas = as.
We derive the optimal strategy of the price adjustment as follows. Note that the second

period’s profit under perfect information with the price adjustment is

; 1

39Reis (2006) shows that the firm is indifferent between choosing the price first and choosing the quantity first
under the quasi-linear demand function with an uncertain demand shifter.
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while its value without the price adjustment is

er,no ]‘ — —
T (ag) = @[(a—l—T—’ch)(Qag—a—i—T—fch)] (A.11)

By comparing equations (A.10) with (A.11), we conclude that the firm adjusts its price from p;
(defined in equation (A.5)) to

_ax+T  Co
P2 = 2’7 + 2 )
if and only if
(ag — @) > 4k, (A.12)

which leads to a lower and an upper bounds on the realized demand shifter, as, beyond which

the firm adjusts its price:

ay = — 2\/7k (A.13)
and
G2 = a + 2\/YK. (A.14)

The following proposition characterizes the optimal pricing behavior in the second stage when

the demand condition is observed:

Proposition A.1 The firm’s pricing strategy follows a “Ss” rule: (1) When the demand con-
dition is not observed, the firm does not change its price. (2) When the demand condition is
observed, the firm changes the price from % + 9 to % + %, if and only if the realized de-
mand shifter lies outside the interval of [as, 2] where they are determined by equations (A.13)
and (A.14). Finally, it is optimal for the firm to choose the price of % + % to maximize the

static profit in the first period.

Proof. See Appendix A.6.1. =

The above pricing strategy is closely related to the “Ss” policy studied in Barro (1972). A
key observation from our proposition is that both a, and @y do not vary with the variance of the
demand shifter (i.e., o). As the second period is assumed to be the ending period, the typical
“wait-and-see” effect (equivalently the option-value effect) disappears.°

Next, we analyze how the firm acquires information. The benefit of acquiring information is
that with probability 1 — e~?*, the firm is going to know ay and accordingly changes its output

price if a9 is outside the inaction region. Thus, we can write the difference in the benefit and

4OTn an infinite horizon model, the inaction region of adjusting the price would expand after a second-moment
shock. However, this effect is quantitatively small, as pointed out by Vavra (2013).
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cost of acquiring information as

(5} . 1
L\ 0,)=(1- eb/\)(/ [Wger’ad](ag) — 7" (ag) — K] 5 das
a—0oq Oq
a+oq g 1
+/ (757 (ag) — 75" (ag) — K] da2> — A (A.15)
s 20,
The optimal choice of A is determined by
OL(\,04) 0
oA -
or
b @2 er,adj er,no 1
be~ (/ [ﬂ'g D (ag) — 7h" " (ag) — K,] 5 das
a—0oq Oq
a+oq g 1
+/ [ﬂ_ger,a ](CL2) o ﬂger,nO(Cm) o Ii] Td@) —c1 =0 (A‘lﬁ)
a Oq

As the marginal benefit of acquiring information declines monotonically from infinity to zero

when A varies from zero to infinity, we have a unique solution of \*(o,).

A.3 The Second-Moment Shock

Having established the “Ss” pricing policy, we proceed to study how a mean-preserving spread
(i.e., an increase in o,) affects the information acquisition and the frequency of the price adjust-

ment. Total differentiation of equation (A.16) with respect to A and o, yields

9%L(\o4)
AN (00) _ “amir-
do'a 82[/()\,0'“) )
N2
9%2L(\oa) d\*(

#ZOifand

lop

The second order condition tells us that

X
2
only if % > 0. The following proposition summarizes the results.

< 0. Therefore, we have

Proposition A.2 An increase in the variance of demand shocks leads to three results. First,
the intensity of information acquisition goes up. As a result, the firm updates its demand/sales
expectations more frequently. Second, conditional on an update in demand/sales expectations,
the firm is more likely to change the output price. Finally, the overall probability of a price

adjustment goes up.

Proof. See Appendix A.6.2. =
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The intuition behind the above proposition is straightforward. Obtaining information is
valuable, only when the realized demand shifter is far away from the prior which leads to a
higher probability of a price adjustment. When the variance of the demand shifter increases, the
probability of a price change conditioning on observing the demand shifter increases. Moreover,
the expected benefit of adjusting the price (conditioning on a price adjustment) increases, as
the realized demand shifter as is, on average, further away from the demand shifter in the
first period. These two forces increase the marginal benefit and thus the incentive to acquire
information, when the variance of demand shifter increases. In total, a second-moment shock

can explain the stylized facts presented in Section 2.

A.4 The First-Moment Shock

We can also analyze how the first moment shocks affects information acquisition and price
adjustment in our model. Surprisingly, a decrease in the mean of demand shifter, a (i.e., a
first-moment shock), has no effect on the firm’s incentive to acquire information in our model.*!
This is true, as both the benefit and the cost of adjusting the price are independent of the mean
of the demand shifter. Specifically, the spread of the inaction region (i.e., [ay, @2]) moves in the
same direction and by the same amount after a change in the mean of the demand shifter.

In Online Appendix A.5, we extend our model by incorporating the possibility of not op-
erating. In this extended model, a negative first-moment shock incentivizes firms to acquire
information at higher levels of intensity. As a result, firms are more likely to updating expecta-
tions and change prices. These two theoretical predictions are consistent with the stylized facts
we have documented. However, we believe that the shock that can explain all our stylized facts
is more likely to the second-moment shock. In Online Appendix A.5, the first-moment shock
cannot predict one key stylized fact that conditional on an update in demand /sales expectations,
the likelihood of adjusting the price increases when the average sales growth rate goes down. As
we have shown in what follows, the first-moment shock cannot yield this prediction, although
it can possibly yield the result that the overall probability of price adjustments increases when

the average demand conditions go down.

A.5 Extension of the Model

In this subsection, we extend our model by incorporating the possibility of not operating. As a

result, the first-moment shock can have effects on belief updating and price adjustment. Specif-

4I'We assume that when the mean of the demand shifter changes in the second period, the demand shifter also
changes to its new mean in the first period. In other words, we are analyzing what happens after an anticipated
shock arrives.
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ically, we introduce a fixed cost of operation, f, to generate the possibility of receiving negative
profits. Crucially, we assume that the firm is assumed to pay this fixed cost after the (possible)
revelation of the demand shifter in the second period. As a result, there is an extra benefit of
acquiring information. That is, the firm can avoid paying this fixed cost by not producing, after
it has discovered that the demand level is too low. This extra benefit of acquiring information
naturally increases after a first-moment shock, as the likelihood of drawing a demand shifter

that leads to a negative realized profit increases in such a case. Specifically, we assume

Assumption 3

1
E(d—aa—i-T—wco)Z < f,

which implies that the firm chooses to not produce (without paying the fixed operation cost),
if it has discovered that its demand shifter in the second is at its minimum level. Furthermore,
we assume that it is profitable for the firm to operate, if the realized or the expected demand is

at its prior mean:

Assumption 4

;Y(a—FT—VCO)Q > f,

which implies that it is profitable for the firm to operate in the first period as a; = a, and to

operate in the second period if it fails to acquire any information concerning as.

A.5.1 Pricing

We now discuss how the firm’s pricing strategy in the second period behaves in the world with a
fixed operation cost. If the firm ends up not observing its demand shifter in the second period,

it is going to stick to the price that is charged in the first period and produce since

1

a—0ogq

2%, E(CL—FT vep)t > f.

a+oq
[(d +7—7vc)(2a2 —a+T1 — 'yco)}

Next, if the firm ends up knowing its demand shifter in the second period, the indifference
condition that pins down the inaction region of the price adjustment is still governed by equation
(A.12). What is new is that there is another condition that determines a zero-profit threshold

on the demand shifter below which the firm stops producing:
dg = min(dgl, ELZQ), (A17)
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where o1 and ago satisfy the following conditions respectively:

1 .

B(a21+7'—700>2—f€:f§ (A.18)
171, - _
@ (a4 7—"vyc)(2a22 —a+ 7 — fyco)] = f. (A.19)

Based on the above two conditions, we have two cases to consider.*? First, when dg; < ao, we
have

az = as1,

and there are firms that reduce their prices and firms that do not produce. When ag; > a,, there
are no firms that reduce their prices, as the choice of reducing the output price is dominated
either by not producing (when the demand shifter is low) or by fixing the price (when the demand
shifter is in the middle range). The following proposition characterizes the pricing strategies in

these two cases

Proposition A.3 When the fized operation cost is low:

a— 27k > 27/(f + k) + yeo — T,

we have four types of firms: (1) for firms with as € (a2,a + o4], the price increases from

‘_ZZ'F—VT + 9 to “22:7 + % (2) for firms wit{z ay € |aq, @3], the price is unchanged; (3) for firms with
as € [ag1,as), the price is reduced from ‘%T—i-%o to aQQJ;T +L; (4) for firms with az € [a— 04, a21),

they do not produce and thus earn zero profit.

When the fixed operation cost is high:

a+ 27k > 2/Y(f + k) + yco — T > a — 2\/7K,

we have three types of firms: (1) for firms with ay € (G2,a + 04, the price increases from
512%7 + 9 to “2;;7 + 25 (2) for firms with ay € [Gg2,a2), the price is unchanged; (8) for firms
with ag € [a — 04,a22), they do not produce and earn zero profit.

The four cutoffs, ay, G2, G21 and agg, are pinned down by equations (A.13), (A.14), (A.18) and

(A.19) respectively.

Proof. See Appendix A.6.3. =

Several points are worth mentioning. First, if the fixed operation cost, f, were zero. we must

42Note that when ds1 = dgs = a,, the left-hand-side of the two equations above are equalized.
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have
a—2\/Yk 2> a— 04 2 2,/7 — T + ¢,

which is true under Assumption 2. Therefore, we must be in the first case discussed above
and every firm produces. In addition, compared to the model without the fixed operation cost,
there is another incentive for the firm to acquire information now. That is, the firm can avoid
paying the fixed operation cost, if its demand shiter turns out to be sufficiently low and the firm

manages to observe it.

A.5.2 Information Acquisition

Next, we can analyze how the firm chooses the intensity of acquiring information in the first
stage. The benefit of acquiring information about as is that with probability 1 — e}, the firm
is going to know ag and accordingly changes its output price (when ag is outside the inaction
region) or stop producing (when ay is below the zero-profit threshold). As implies by Proposition
A.3, we have two cases to consider. First, when a —2,/yx > 2\/’m+’yco — T, we can write

the benefit of acquiring information minus the cost of acquiring information as

a21

— er,no 1 Gz er,adj er,no 1
Lha)=(1-e w‘)(/ [f = 75" (a2)] 5 das +/ [mhe" Y (ay) — 72 (ag) — k] =—das
a0 Oq o 20,
atoa er,adj er,no 1
—i—/ (75 (ag) — 75" (ag) — K] 5y dag) — A\ (A.20)
a2 a

The optimal choice of A\ at stage one of the second period is determined by

1

Oq

as1 orno 1 g er.adj er,no
b (L) g [ [ )~ T 02) ] 5

—0Oa a21

1

a+oq &
+/ [FgeT,(l ](02) _ 7_rge?‘,TLO(a2) _ /{]
a

2

dag) — C1 = 0,

which is equivalent to

N a21 __peradi B 1 ao per,adj  permo B 1
be L G R ) /‘6)}2 daz + (75" (ag) — 75" (ag) m]z dag

—oa Oa a Oa

a+oq i 1
—i—/ (757 (ag) — 75" (az) — K] dag) —¢1 =0,

- 20,
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per,adj per,nO(

After substituting the expression of 5 (ag) — 7 az) and various cutoffs into the above

equation, we can rewrite the above expression as

az1 _ 2 1 a—2./7K _ =\2 1
be A / (f+k)— (a2 +7 = y) day | + be= / 7(612 2) — k| —das
a—0q 4y 20, a—0q 4y 20,4

a+oq _ =)\2
—i—/ [(aga) - /1] ! dag | —c1 =0. (A.21)
a-+2./7k 4y 20,

It is straightforward to observe only the first term of the above equation is affected by a change

in the mean of the demand shifter. In addition, we show that the first term decreases when a

increases in Appendix A.6.4. Next, when a + 2\/7k > 2\/v(f + k) + yco — T > a — 2,\/7K, we
can write the difference in the benefit and cost of acquiring information as

a22 1

LA a)=(1- e_b’\)</ [f — 75" (ag)] 5o das
a+oq . 1
+/ [ﬁger’adj(ag) — 7" (ag) — K| 55 dag) — 1. (A.22)
ag a

The optimal choice of A by

@22 1 a+oq _ =\2 1
be A (/ (f - Wger’no(az))fdaz) + be ™A (/ [(@a) - F&] da2> —c=0.
C_Lfo'a 0‘a a+2\/77 47 20-(],
(A.23)

In Appendix A.6.4, we also prove that the marginal benefit of acquiring information decreases

in a. In total, the marginal benefit of acquiring information increases in both cases, when there
is a negative first moment to the distribution of the demand shifter.

From equations (A.21) and (A.23), we see that the marginal benefit of acquiring information
comes from two parts in both cases: the part that increases the profit as the firm switches from
fixing the price to adjusting the price*® and the part that increases the profit as the firm switches
from producing®® to not producing (which yields a zero profit). The first part is unaffected by a
change in a, as the two cutoffs for the price adjustment move proportionately (and in the same
direction) with @ and the profit difference between fixing and adjusting the price only depends
on the difference between a and the realized demand shifter. For the second part, an increase in
a reduces its value, as it becomes less likely for the firm to stop producing (after having observed

its demand shifter in the second period).

“3Specifically, they are the last two terms of equation (A.21) and the last term of equation (A.23).
44 gpecifically, the firm either adjusts the price as in the first term of equation (A.21) or fixes the price as in the
first term of equation (A.23).
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A.5.3 Price Stickiness

Based on the results derived above, we have the following proposition concerning how a first-

moment shock affects information acquisition and price stickiness.

Proposition A.4 A decrease in the mean of realized demand shifters leads to three results.
First, the intensity of information acquisition goes up. As a result, the firm updates its de-
mand/sales expectations more frequently. Second, conditional on an update in demand/sales
expectations, the likelihood of changing the output price either decreases (in the first case) or
stays unchanged (in the second case). Finally, the overall probability of a price adjustment either

changes ambiguously (in the first case) or increases (in the second case).

Proof. See Appendix A.6.5. =

We believe that the shock that can explain all our stylized facts is more likely to the second-
moment shock. Specifically, the first-moment shock cannot predict one key stylized fact that
conditional on an update in demand/sales expectations, the likelihood of adjusting the price
increases when the average sales growth rate goes down. As we have shown in the online
appendix, the first-moment shock cannot yield this prediction although it can possibly yield the
result that the owverall probability of a price adjustment increases when the average demand

conditions go down.

A.6 Proofs
A.6.1 Proof for Proposition A.1

First, if the demand shifter is not observed in the second period, the firm does not adjust the
price (i.e., po = p1) as the firm uses the prior to form its expectation for the demand. As a

result, the realized profit is
i 1
w5 () = W) = (@ +7 = ye0)(2a2 = a+ 7 = 7e0)|. (A.24)

In such a case, the firm integrates as uniformly in the interval of [a — 04, a + 0,] to derive the
expected profit in the second period.

Next, by comparing equations (A.10) with (A.11), we find that the benefit of adjusting the
output price increases with the deviation of the second-period’s demand shifter from the prior
mean while the cost of adjusting the output price is fixed. Therefore, the condition in equation
(A.12) pins down the “Ss” pricing policy.
a+T
2y
first period and the expected profit in the second period when the firm does not observe its true

Finally, +% is the optimal price in the first period, as it maximizes the static profit in the
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demand shifter. Moreover, it also minimizes the expected price adjustment cost (conditioning
on a price adjustment), given that the demand shifter in the second period is symmetrically

distributed around a.

A.6.2 Proof for Proposition A.2

Calculation shows that

O?L(\,04)
P SALRL 72
Do, 0N
1 .
= be (5 [ﬂ'ger’ad] (@a—0q) — mh""(a — 0q) — K]
4z per,adj per,no 1
_/ (75 (ag) — w5 (az) — K| 7da2>
d—0g 20,
1 .
e (L[ @ 4 00) — a7 (a4 0) — ]
a+oq g 1
—/ [ﬂ_ger,a Y(ag) — 7h""(ag) — /i] 5 da2> >0,
as Oq
as ay < a < @y and 75 (ay) — 78T (ay) — k decreases from @ — o, to @ and increases from

a toa+ og.

The first result of the proposition is true, as % > (0. As the firm acquires information
at a higher intensity, the firm updates its demand/sales expectation with a higher probability.
Next, conditional on an update in the demand/sales expectation, the probability of adjusting

the price is
204 — (G2 — ay)

20,
As both a, and @y do not depend on o,, the probability of adjusting the price (conditioning
on a belief updating) increases with the variance of the demand shifter. Finally, the overall

probability of a price adjustment equals

(1— e—b)\*(aa))QUll — (a2 — QZ) )

20,

As both A\*(0,) and o, go up, the overall probability of changing the price increases.
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A.6.3 Proof for Proposition A.3

First, equation (A.19) implies that

G

. _ [P _ _

2

which is true under Assumption 4. Thus, it must be true that
age < ao.

Therefore, we have two cases to consider in total.
We discuss the first case here. When 2+/7(f + k)+vyco—7 < a—2,/7K, we have as = @21 < ay.
We have four possibilities in total. First, for firms with ay € (a2,a + o,], changing the price

dominates fixing the price (as a2 > @) and stopping producing (as ag > az2). As a result, firms
increase the price from % + 4 to aé‘;T + % and stay. Second, for firms with as € [ag, @3], fixing

the price dominates changing the price (as a2 < @) and stopping producing (as ag > ag). Thus,

firms fix the price at % + 9 and stay. Third, for firms with az € [a2,as), changing the price
dominates fixing the price (as as < ay) and stopping producing (as as > a2) again. Finally, for
firms with as € [a — 04, @2], stopping producing dominates fixing the price (as ay < a2 < a,)
and changing the price (as ag < az). Therefore, firms stop producing and earn zero profit.
Now, we discuss the second case. When a + 2,/vk > %/W—F Yoo — T = a4 — 2,\/7kK, we
have ag = age. Consequently, there are three types of firms. First, for firms with as € (@2, a+0,],
changing the price dominates fixing the price (as ag > a@2) and stopping producing (as az > ag1).
Second, for firms with as € [a — 04, as), stopping producing dominates changing the price as
az < az1 and changing the price yields a higher payoff than fixing the price as as < a5. Thus,
stopping producing is optimal for this type of firms. Finally, for firms with as € [aq,a2], we
first prove that a2 must be bigger than or equal to a,. Suppose it is not. Then, we would have
an interval of [@22,ay). For firms with as within this interval, fixing the price is dominated by
adjusting the price (as a2 < a,) and stopping producing is dominated by fixing the price (as
ag > age). Thus, firms prefer adjusting the price instead of not producing. However, as we are
in the case in which 2\/m+’yco —7 > a—2\/9k (i.e., 21 > ay), not producing dominates
adjusting the price as ag < a21 (a contradiction). Therefore, we must have ass > a,. Accordingly,
for firms with ay € [ay, 22, not producing dominates fixing the price which dominates adjusting
the price. For firms with as € [a22, 2], fixing the price dominates adjusting the price and not
producing. In total, we have three types of firms: (1) for firms with as € (a2,a + o,], the price

increases from % + @ to aé—‘r + 9 (2) for firms with as € [a22, @], the price is unchanged;
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(3) for firms with ag € [a — 04, Gg2), they choose to not produce

Finally, we show that it cannot be true that 2\/’m+’yco —7 > a+2,/k (i.e., ag1 > a2).
We prove it by contradiction. Suppose az; > G2 and the firm’s demand shifter ay € [ag, a21].
Then, the firm prefers adjusting the price over fixing the price as as > @y and not producing
over adjusting the price as as < a91. Thus, the firm prefers not producing over fixing the price.
Assumption 4 implies that the cutoff (i.e., @s2) above which the firm prefers fixing the price
over not producing must be strictly below a and accordingly a2. Thus, we have a contradiction.

Therefore, it has to be the case that as1 < as

A.6.4 Marginal Benefit of Acquiring Information and Endogenous Exiting

We prove that the marginal benefit of acquiring information in the case with a fixed operation

cost decreases with the mean of the demand shifter, a. For the case in which a — 2,/ >
2+/Y(f + K) + yco — 7, we only need to prove that

Z(a) = (/ [(f ) WO)Q] 3o 2)

decreases with a. Taking the first order derivative of the above expression with respect to a, we

end up with
dz(a) _
=m0

(@— 04 +T7—yc)?
4y

20, } < 0,

as B 9
(o1 + T — 7yco)

4y

For the case in which a + 2,/7x > 2\/v(f + k) + yco — T > a — 2, /7K, the marginal benefit
of acquiring information equals

a29 1 a+oq _=)\2 1
be ™0 (/ (f — 75" (ag)) 5 daz) + be A < + / [(@4 a9 _ /{} da2>
a Oa a+2,/9k v 204

—0q

(f+K)— =0.

First, note that the second part of the term above is unaffected by a. Next, the first order

derivative of the first part with respect to a is
— [f s R (T UQ)] <0,

as

f — 7_‘_]2367”,710(&22) =0.
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In total, the marginal benefit of acquiring information decreases with an increase in the mean

of the demand shifter, a, in both cases.

A.6.5 Proof for Proposition A.4

The first result of the proposition is true, as have shown that

9?L(\,a)
0aod\ <90,

which leads to the result that
d\*(a)
da

where A\*(a) is the optimal intensity of acquiring information which depends on the mean of the

<0,

realized demand shifters now. As the firm acquires information at a higher intensity, the firm
updates its demand/sales expectation with a higher probability.
Second, conditional on an update in demand/sales expectation, (i.e., the demand shifter of

ay is observed), the probability of adjusting the price (an increase or a decrease) is

(0a+a—ay) + (ay —G21) _ 0a =2\ Las 2K — (2y/7(f + K) +vyco — 7)
20, 20, 20,
in the first case and
Og+a—az O'a*2\/’7’<!

20, 20,

in the second case. It is straightforward to observe that the first probability decreases when a
goes down and the second is unchanged when a decreases.

Finally, the overall probability of adjusting the price is the probability of knowing the demand
shifter in the second period multiplied by the probability of adjusting the price conditioning on
an update in demand/sales expectation. The probability of knowing the demand shifter in the
second period increase when a goes down. The probability of adjusting the price conditioning
on an update in demand/sales expectation decreases (in the first case) or stays unchanged (in
the second case), when a goes down. Therefore,the overall probability of adjusting the price

either changes ambiguously (in the first case) or increases (in the second case).
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B Appendix for the Quantitative Section

B.1 Aggregate Law of Motion

In this subsection, we discuss the aggregate law of motion that is used to construct the equi-
librium in the paper. An equilibrium in this economy is a set of stochastic processes for the
endogenous price and quantity variables discussed in the paper that are consistent with house-
hold utility maximization, firm’s dynamic maximization, (goods and labor) markets clearing
and the evolution of the exogenous variables S; and z!. The only endogenous aggregate state is

the (inverse of) real consumption: %. the aggregate law of motion (ALM) specifies how gij

(and thus Pfgzl) leads to %. As there are two levels of uncertainty, there are two equations for

ALM. We conjecture ALM follows a linear functional form:

P P o
—log (Cy) = log (SZ) = 70 + 71 log <;t1> =70+ 71 log (S:> —y(p+e), (B.25)

where parameters, v; and s, take two possible values, depending on the level of uncertainty in

the economy. After using y; to denote log (Pfgj ), we can write the ALM of y; as

P,
Sti1

Xt+1 = log ( > = + Xt — (4 + €fq)-

B.2 Numerical Algorithm

In this subsection, we illustrate how we solve our model with aggregate shocks. There are two
types of aggregate shock: the uncertainty shock and the aggregate demand shock. Following
Bloom et al. (2018), we specify the volatility of sales growth follows a two-state Markov process

with the following matrix of transition probabilities:
bu  DPin
Phl Phh ’

pij = Prob(oi, = ol|of = o).

where

For the aggregate demand shock, we follow Vavra (2013) to assume that there are three possible
values for the growth of the nominal aggregate demand to take: €5, = —0.2% (a negative shock),
€, = 0 (no shock) and ¢, = 0.2% (a positive shock). Since the logarithm of the aggregate
demand follows a random walk, the aggregate demand shock is memory-less. Thus, we use

p;i = Prob(e® = €) where i € {n, z,p} to denote the probability with which aggregate demand
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shock i is realized with ), €/ = 0.

We make initial guesses of parameters that govern the two ALM as follows:

P P P, .
log (t> ='Vé+%10g< : 1) =76+%10g( L 1) —(u+e), (B.26)
St St Stfl

when the level of (firm-level) uncertainty is low and

P, P P
log <Sf) :%’H’V?log( gt ) =761+7?10g<52 1) — i (u+€), (B.27)

when the level of (firm-level) uncertainty is high. We follow Maliar et al. (2010) closely to
solve the model numerically. First, we start from the economy with low uncertainty and zero
aggregate demand shock in period zero. Next, we generate and fix time series of length T
(T = 31,000 with the first 1,000 periods’ being discarded) for the aggregate demand shocks (e})
and aggregate uncertainty (and first-moment) shocks (o7 and pf). Given equations (B.27) and
(B.26) and the guessed coefficients (7%, v, 7}, 74), we compute a solution to the household’s
optimization problem and a solution to the individual firm’s optimization problem. Specifically,
we solve the value functions defined in Section 3.4 that have four state variables and the two
policy functions (information acquisition and pricing). For each period in the simulation, the
aggregate states are realized and therefore certain.

Now, we calculate the realized prices in our simulated economy. Using the policy function

of pricing, we calculate firm-level real prices (g—%) and the ideal price index denominated by the
nominal GDP (% and thus Si 1) period by period from period zero. Note that in this step, we

insert the (actual) calculated Ptszl (i.e., consistent with the equilibrium) into the firm’s policy

function to calculate the firm’s optimal price in period t. Specifically, we calculate firm-level

(optimal) prices in period t given the two realized aggregate shocks in period ¢ and the calculate

ideal price index from the previous period (i.e., gfj and thus %)

Next, we update our ALM for the two uncertainty states. Specifically, we have the realized
(i.e., calculated) ideal price index (denominated by the nominal GDP), %, for T'— 1000 periods.

We divide the series of % into low-uncertainty and high-uncertainty states. We then run regres-

sions of log (%) on log (PtS?) to obtain new coefficients (3%, 4%, 44, 41). Finally, we update

the (guessed) coefficients using adjustment parameter (:
5= G+ (1= O

where ¢ € {I,h} and j € {0,1}. we use these new guesses coefficients to restart our simulation
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and iterate on these four coefficients until they converge.

C Appendix for the Empirical Section

C.1 Counter-cyclical Volatility

In this subsection, we explore how volatility of sales growth moves over the business cycles
at the macro and at the industry level. Following existing studies of uncertainty shocks (e.g.,
Kehrig (2015) and Bloom et al. (2018)), we focus on the cross-sectional standard deviation
and the (25th.-75th.) interquartile range of (deflated) sales growth rates.?> Regression results
in Table C.1 show that both the standard deviation and interquartile range of (deflated) sales
growth rates are negatively associated with the average sales growth rate, although this negative
association is much strong and statistically significant at the macro level. Based on this finding,

we use the first- and second-moment shocks at the macro level to implement our analyses in the

paper.

Table C.1: Average growth and growth volatility

(1) (2) ®3) (4)

Dep.Var: s.d. (macro) IQR (macro) s.d. (industry) IQR (industry)
average sale growth (macro) -0.674*** -0.710***
(0.186) (0.237)
average sale growth (industry) -0.038 -0.056
(0.031) (0.053)
constant 0.001 0.002 -0.002 -0.103***
(0.154) (0.148) (0.001) (0.002)
Industry FE No No Yes Yes
Semi-year FE No No Yes Yes
N 24 24 886 886
R? 0.458 0.504 0.735 0.722

*0.10 ** 0.05 *** 0.01. Standard errors are clustered at the industry level for the first two columns, and robust
standard errors are presented for the last two columns. In this regression, we utilize realized sales reported in the
second quarter (for Oct. to Mar.) and in the fourth quarter (for Apr. to Sep.) to calculate various industry-level
and macro variables. The growth rate of sales is calculated relative to the same semi-year of the previous year.
For the calculation of industry-semi-year level variables, we only include industry-semi-year pairs that have at
least 20 observations. IQR of sales growth: inter-quartile (25th.-75th.) of sales growth. Variables are for the
current semi-year and standardized (to facilitate interpretation of the coeffients)

C.2 Additional Tables

4>We use data of industry-specific output deflators (obtained from the Cabinet Office od Japan) to deflate firm
sales.
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Table C.2: Summary statistics of forecast revisions and updates

Obs. mean std. dev. median
FU“Cps it 372406 0722 0.448 1.000
FUePPeed 372406 0.544  0.498 1.000
Fcfirm 516178 0.441  0.496 0.000
FCpnacre 562041  0.398  0.490 0.000
FUtf_“Yj 363168  0.305 0.460 0.000
Fymacro 393285 0.300  0.458 0.000

t—1,t

les,strict : . .
FU;* """ equals one when the sales forecasts made in quarters t — 1 and ¢ are different and zero otherwise.

FUtSLLlleii,broad
or equal to 0.02 and one otherwise. FC{""™ (and FC[**"°) equals zero if there is no forecasted change of firm-
specific (and macroeconomic) demand conditions from quarter ¢ — 1 to quarter ¢ and one otherwise. FU/"\"} (and
FU™%° ) equals zero if the forecasted change in firm-specific (and macroeconomic) demand conditions from
quarter t — 1 to quarter ¢ does not change from the forecast made in quarter t — 1 to the forecast made in quarter

t and one otherwise.

equals one if the log difference between sales forecasts made in quarters ¢ — 1 and ¢ is bigger than

Table C.3: Summary statistics of price stickiness

Obs. mean std. dev. median
1( output pricer = output pm’cet_l) 494463  0.263 0.440 0.000
1( input prices = input pricet_l) 447753  0.357 0.479 0.000

1 (output price; = output pricetfl) equals one when the output price is unchanged from quarters ¢t — 1 to t and

zero otherwise. I(input price; = input pricet_l) equals one when the input price is unchanged from quarters

t — 1 to t and zero otherwise.

Table C.4: Summary statistics of mean and standard deviation of sales growth

Obs. mean std. dev. median min max
salesyyem™ Ao 24 0.002  0.037 0.012  -0.107  0.056
salesg; O 24 0.163  0.019 0.160  0.139  0.215
salesh@fmacro 24 0142  0.036 0.130  0.114  0.263
salesp®™ MUY 793 0,000 0.064 0.004  -0.376  0.270
salessdoindustry 793 0.153  0.044 0.149  0.042 0.318
salesh@Mindusiry 7930145  0.067 0.130  0.030 0.523

Top and bottom two percent of sales growth are trimmed out. Industry-semi-year pairs with fewer than 20

mean,macro,

observations of realized sales are trimmed out, when we calculate industry-level variables. salesg,
average sales growth of all firms in a given semi-year; salesz;‘i"m“””: standard deviation of sales growth of all
firms in a given semi-year; salesé,@R’i”d“St’"y: 25th.-75th. interquartile range of sales growth in a given semi-year;
sales;ﬁe“"”‘"d“”y: average sales growth of firms for each industry-semi-year pair; salesf,‘,,d"m’i“s”y: standard
deviation of sales growth of firms for each industry-semi-year pair; salesé,@R’md“s”y: 25th.-75th. interquartile

range of sales growth for each industry-semi-year pair.
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Table C.5: Summary statistics of (log) registered capital and (deflated) sales

Obs. mean std. dev. median
log(registered capital) 626932  5.849 2.521 5.707
log(deflated sales) 525716  7.260 2.691 7.401

Units: million JPY. Sales are deflated using industry-specific price deflators.

C.3 Additional Figures

Figure C.1: Time-series plot of input price adjustments
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first two: financial crisis; third: earthquake; middle two: 2012 recession; last: cons. tax hike.

Note: This figure plots how the fraction of firms that fix or increase or decrease their input
prices (from last quarter to current quarter) evolves over time.
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Table C.6: Number of Observations in Top 20 Industries

Industry # of Firms
Wholesale trade 69,627
Construction 57,292
Real estate 46,231
Retail trade 40,952
Finance/insurance 37,988
Information technology 36,139
Other services 23,507
Chemical products 21,973
Food and beverages 18,443
Other manufacturing 17,866
Transportation (land) 17,407
General machinery 15,815
Information and communication equipment 15,087
Electronic equipment 12,680
Automotive 12,475
Metal 11,565
Transportation (others) 10,036
Education and related organizations 9,577
Entertainment 9,577
Ceramics 9,064

Notes: This table reports the number of observations in the top 10 industries during our sample periods (52
quarters from 2004/Q2 to 2017/Q1).

Table C.7: Updating macro forecast and economic fluctuations: Industry

(1) (2) ()

Dep.Var: FUmq°
ave. sale gr. (ind) -0.009*** -0.009***
(0.003) (0.003)
s.t. of sales gr. (ind) 0.012***  0.011***
(0.004) (0.004)
lagged log firm size -0.003 -0.003 -0.003
(0.009) (0.009) (0.009)
Semi-year FE Yes Yes Yes
Firm FE Yes Yes Yes
N 71182 71182 71182
R2 0.211 0.211 0.211

*0.10 ** 0.05 *** 0.01. Standard errors are clustered at the industry-semi-year level, and all regressions include
firm fixed effects. Industry-level variables are for the current semi-year and standardized (to facilitate interpreta-
tion of the coefficients). In this regression, we focus on whether the firm updates its sales expectations from the
first quarter to the second quarter (for the semi-year from Apr. to Sep.) and from the third quarter to the fourth
quarter (for the semi-year from Oct. to Mar.)
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Table C.8: Updating sales forecast and economic fluctuations (strict definition): Macro

Dep.Var:

(1) (2) ®3)
Indicator (sales forecast made
last quarter # sales forecast
made this quarter)

4) (5) (6)
Indicator for sales forecast two
quarters ago # sales forecast
made this quarter

ave. sale gr. (macro) -0.007 -0.001 -0.006 -0.003
(0.006) (0.011) (0.004) (0.008)

s.t. of sales gr. (macro) 0.010 0.010 0.007 0.005
(0.007) (0.011) (0.005) (0.008)

lagged log firm size -0.007 -0.009 -0.009 0.006 0.005 0.005
(0.009)  (0.009) (0.009) (0.005)  (0.005) (0.005)

Firm FE Yes Yes Yes Yes Yes Yes
N 66123 66123 66123 65278 65278 65278
R? 0.276 0.277 0.277 0.223 0.223 0.223

*0.10 ** 0.05 *** 0.01. Standard errors are clustered at the semi-year level, and all regressions include firm
fixed effects. Macro variables are for the current semi-year and standardized (to facilitate interpretation of the
coefficients). An update in sales expectation uses the strict definition defined in the paper. In the first three
columns, we focus on whether the firm updates its sales expectations from the first quarter to the second quarter
(for the semi-year from Apr. to Sep.) and from the third quarter to the fourth quarter (for the semi-year from
Oct. to Mar.). In the last three columns, we focus on whether the firm updates its sales expectations from the
first quarter to the third quarter (for the semi-year from Apr. to Sep.) and from the third quarter to the first
quarter (for the semi-year from Oct. to Mar.

Table C.9: Updating sales forecast and economic fluctuations (broad definition): Industry

(1) (2) 3) (4) (5) (6)

Dep.Var:

Indicator (sales forecast made
last quarter # sales forecast
made this quarter)

Indicator for sales forecast two
quarters ago # sales forecast
made this quarter

ave. sale gr. (ind) -0.009*** -0.008***  -0.006 -0.005
(0.003) (0.003) (0.004) (0.003)
s.t. of sales gr. (ind) 0.017***  0.016*** 0.017***  0.016***
(0.004) (0.004) (0.006) (0.006)
lagged log firm size -0.008 -0.008 -0.008 -0.004 -0.004 -0.004
(0.011) (0.011) (0.011) (0.016) (0.016) (0.016)
Semi-year FE Yes Yes Yes Yes Yes Yes
Firm FE Yes Yes Yes Yes Yes Yes
N 65051 65051 65051 34947 34947 34947
R? 0.240 0.240 0.241 0.291 0.291 0.291

*0.10 ** 0.05 *** 0.01. Standard errors are clustered at the industry-semi-year level, and all regressions include
firm fixed effects. Industry-level variables are for the current semi-year and standardized (to facilitate interpreta-
tion of the coefficients). An update in sales expectation uses the broad definition defined in the paper. In the first
three columns, we focus on whether the firm updates its sales expectations from the first quarter to the second
quarter (for the semi-year from Apr. to Sep.) and from the third quarter to the fourth quarter (for the semi-year
from Oct. to Mar.). In the last three columns, we focus on whether the firm updates its sales expectations from
the first quarter to the third quarter (for the semi-year from Apr. to Sep.) and from the third quarter to the first
quarter (for the semi-year from Oct. to Mar.
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Table C.10: Output price change and economic fluctuations: Industry

(1) (2) ®3)
Dep.Var: Indicator (output price(t) #
output price(t-1))

input price(t) # input price(t-1)  0.324***  0.324***  (.324***
(0.008)  (0.008)  (0.008)

ave. sale gr. (ind) -0.003 -0.003
(0.002) (0.002)

s.t. of sales gr. (ind) 0.005 0.005
(0.003) (0.003)
lagged log firm size -0.008* -0.008* -0.008*
(0.005) (0.005) (0.005)

Semi-year FE Yes Yes Yes

Firm FE Yes Yes Yes
N 151815 151815 151815
R? 0.412 0.412 0.412

*0.10 ** 0.05 *** 0.01. Standard errors are clustered at the industry-semi-year level, and all regressions in-
clude firm fixed effects. Industry-level variables are for the current semi-year and standardized (to facilitate

interpretation of the coefficients).
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