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Abstract
We show that the increasing dispersion of price changes during the Great Recession is largely driven by diverging price adjustment between goods of different
quality. Prices of low-quality goods drop dramatically, while those of high-quality
goods remain stable. We document that households who during the recession
purchase a larger fraction of low-quality goods become more price-sensitive, suggesting that sellers of low-quality goods face increasingly elastic demand, and
therefore lower their markups. We embed this countercyclical demand elasticity into a quantitative multi-sector menu-cost model. We illustrate the monetary
transmission mechanism, and show that monetary policy is still very effective
during recessions.
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1. Introduction
How effective is monetary policy in stimulating the economy during recessions?
The increasing availability of micro data and rapid developments in quantitative
models have allowed economists to infer the real effects of monetary policy from
the distribution of price changes. In research on the cyclicality of this distribution, one key observation is that it becomes more dispersed in a recession; i.e.
the dispersion of price changes is countercyclical (Vavra (2014)). To evaluate the
effectiveness of monetary policy over business cycles, this paper revisits the following questions. First, why does the distribution of price changes become more
dispersed during recessions? Second, based on answers to the first question, what
are the implications for monetary policy?
By answering these questions, I make two contributions. First, using Nielsen
Retail Scanner data, I show that the increase in dispersion of price changes during
the Great Recession is largely driven by the diverging price adjustment between
goods of different quality. Prices of low-quality goods drop dramatically, while
those of high-quality goods remain stable. The contribution of increasing volatility
of individual prices is negligible. To investigate what drives the sharp reduction
in prices of low-quality goods, I document, by linking Nielsen Consumer Panel
with Retail Scanner data, that households who purchase a larger fraction of lowquality goods during the recession become more price-sensitive, suggesting sellers
of low-quality goods face increasing demand elasticity and in response lower their
markups.
Second, I show that first moment shocks to aggregate productivity and demand
elasticity are sufficient to generate countercyclical dispersion of price changes,
and re-establish the effectiveness of monetary policy during recessions. In doing
so, I incorporate countercyclical elasticity of demand for low-quality goods into
a quantitative multi-sector menu cost model. I discover new channels through
which money non-neutrality varies with demand elasticity. The model is then
calibrated to micro data. Quantitatively, a 7 percent increase in demand elasticity
(equivalent to a 2 percentage point drop in firms’ optimal markup) in the sector
producing low-quality goods is sufficient to account for the rising dispersion of
price changes. Contrary to findings in the existing literature, the real effects of
monetary policy are acyclical: the cumulative real output response to a monetary
policy shock is only 1% smaller in recessions.
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Empirical Results The countercyclical price change dispersion is well documented in the literature(Vavra (2014)). Existing explanations attribute this phenomenon to either exogenous time-varying volatility (Vavra (2014)) or endogenously generated time-varying volatility (Bachmann and Moscarini (2012), Baley
and Blanco (2019)). A key prediction of these theories is that the volatility of price
changes of individual products increases during a recession.
However, in principle, countercyclical dispersion of price changes could be
due to heterogeneous price adjustment. For example, prices set by some retailers remain stable during recessions, while other retailers decide to reduce prices.
It is also possible that, in the same product category, goods with different characteristics adjust prices in different directions, even down to price adjustments
by a single retailer: "... As the recession wears on ... Starbucks stores in several cities
started charging up to 30 cents more for some specialty beverages, though the company is
charging less for some basic drinks ...".1 Previous studies are not able to explore these
possibilities because the BLS micro data they use has limited number of stores
and products.2 In contrast, Nilsen Retail Scanner data’s near-universal coverage
of products sold in a large number of stores, along with detailed information on
product characteristics, allows me to directly test these hypotheses.
Using this detailed micro-level data, my paper offers four sets of empirical findings. First, I identify the sources of increasing price change dispersion during the
Great Recession. Around 80% of the overall rise in price change dispersion occurs
across goods (UPCs) within stores and product categories. The remaining 20% is
due to increasing dispersion between stores and product categories. Conversely,
individual price changes do not become more volatile during the recession.
Second, I rank goods by unit price, which I interpret as their quality if they belong to the same product category and are simultaneously sold in the same store.
The dispersion of price changes between goods of different quality accounts for
roughly 60% of the rise in the within-store-product-category dispersion. Specifically, goods of different quality adjust prices in different directions: prices of
low-quality goods drop dramatically during the recession, while those of highquality goods remain stable.
Third, the diverging price adjustment across quality groups is most likely
driven by increasing demand elasticity of households who mostly purchase low1 August

20, 2009, The New York Times: "Starbucks, in a Recession Risk, Raises some Prices".
BLS micro data, there is only one or a few products recorded within a product category
and store. Moreover, the products in the same category across stores are mostly different.
2 In
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quality goods during the recession. I find that these households during the recession spend less, use more coupons, purchase more goods on sale and buy more
store-branded goods, compared with households who mostly buy high-quality
goods. This increasing demand elasticity drives down the markup of retailers
selling low-quality goods. For example, the article about Starbucks goes on "The
move comes from retaining price-sensitive customers who can buy cheaper coffee at other
stores."
Finally, I present new cross-sectional facts on the price adjustment of high- and
low-quality goods. In addition to the sharp reduction of prices during recessions,
low-quality goods on average display more flexible prices: their prices adjust
more frequently, with price changes featuring larger absolute size, larger standard
deviation, and smaller kurtosis.
Quantitative Results Motivated by these empirical findings, I develop a multisector menu cost model with shocks to aggregate productivity and nominal spending. The key element in this model is the countercyclical demand elasticity in the
sector producing low-quality goods.3
The model matches well with the microeconomic evidence on price changes
and the time-series property of price change dispersion. A 7 percent increase in
demand elasticity, equivalent to a 2 percentage point (pp.) drop in markup, is
sufficient to explain the rising dispersion of price changes during the recession.
Increasingly elastic demand for low-quality goods leads to lower optimal markup,
and the prices of low-quality goods are adjusted downward. In contrast, sellers
of high-quality goods keep prices relatively stable due to the stable demand
elasticity they face. In the calibrated model, this divergence in price changes leads
to countercyclical price change dispersion.
The time-varying demand elasticity in the quantitative model is represented
by time-varying elasticity of substitution in the Dixit-Stiglitz aggregator under monopolistic competition. I intentionally build on this workhorse model and do not
take a stand on a particular source of demand elasticity variation for two main reasons:4 1) We want our model to minimally deviate from the workhorse menu cost
3 Economists

have long been interested in the notion of countercyclical demand elasticity. For
example, in his masterpiece The Trade Cycle, Harrod (1936) wrote: "If the generalization ... is accepted,
it might properly be named the Law of Diminishing Elasticity of Demand, which means that, as output as a
whole increases and individuals become more affluent, their sensitiveness to price differences declines".
4 The literature has proposed a number of potential sources of demand elasticity variation over
the business cycle, which are discussed in detail in Related Literature, below.
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model, which is widely used to rationalize the empirical facts of cross-sectional
distribution of price changes. 2) Since our focus is on retailers’ pricing decisions, it
is a parsimonious specification to model time-varying demand elasticity. It allows
us to include a number of aggregate shocks and solve the model numerically. Our
model therefore can be viewed as a reduced-form representation of price setters
facing cyclical demand elasticity.
Using the calibrated economy as a laboratory, I then quantify the real effects
of monetary policy over the business cycle. Specifically, I study the aggregate
price and output response to an unexpected increase of the log nominal output
of size 0.0014, equivalent to a one-month doubling of the nominal output growth
rate. During recessions, 23.1% of this nominal stimulus leads to price increase on
impact, compared to 22.3% during normal times. The remaining nominal stimulus
goes into real output growth. Contrary to results in existing literature: the real
effects of monetary policy are acyclical: the cumulative real output response to a
monetary policy shock is only 1% smaller in recessions. Monetary policy is still
effective at stimulating the economy during recessions.
Mechanism How does money non-neutrality vary with demand elasticity? In
the presence of fixed price adjustment costs, monetary non-neutrality is largely
determined by the width of the inaction band (Ss band). In our model, there
exists a U-shaped relationship between demand elasticity and the average inaction
bandwidth. This relationship is driven by how firms with different productivity
vary their inaction region as demand elasticity changes.5
To understand the mechanism, consider a static model of price adjustment
with fixed adjustment costs. The width of a firm’s inaction region is determined
by the profit loss of deviating from its optimal price Π − Π∗ :6 the greater this loss,
the narrower the inaction region. We can decompose Π − Π∗ to the multiplication
of two terms: 1) the profit loss as a fraction of profits under the optimal price (Π −
Π∗ )/Π∗ , and 2) the profit under the optimal price Π∗ . First, we show that, for all
firms, the first term (Π − Π∗ )/Π∗ is increasing with demand elasticity, which leads
to a narrower inaction band and more frequent price adjustment by both high- and
low-productivity firms. We call this the competition effect. Second, the profits under
the optimal price Π∗ may increase or decrease with demand elasticity, depending
5 In

a given sector, there will be persistent productivity difference across firms in my model,
because we assume persistent idiosyncratic productivity shocks.
6 Π denotes the profits under the current price; Π∗ is the profit under the optimal price.
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on firms’ productivity. As competition intensifies, more productive firms gain
greater market shares and earn higher profits. The cost of not adjusting prices
therefore grows for more productive firms while it declines for less productive
firms. Consequently, the inaction band of high-productivity firms narrows, but the
inaction band of low-productivity firms widens. We call this the quantity effect. We
find that, as demand elasticity increases from a low level, the competition effect
dominates: monetary policy becomes less effective due to higher frequency of
price changes (intensive margin). When demand elasticity becomes greater, the
quantity effect for low-productivity firms eventually takes over, which widens
the average inaction band in the economy. With fat-tailed price gap distribution
and wider inaction bands, monetary policy becomes less effective through the
extensive margin.
In my calibrated model, three factors contribute to the acyclicality of the real
effects of monetary policy. First, the variation of the demand elasticity over the
business cycle is relatively small. Second, the calibrated demand elasticity lies
in the region where the quantity effect just starts to work, so that the degree of
monetary non-neutrality is insensitive to variations in demand elasticity. Finally,
countercyclical demand elasticity only exists in the sector of low-quality goods,
which also limits its impact on the whole economy.
Related Literature This paper contributes to four strands of literature. First, it is
related to recent literature on time-varying micro dispersion and macro volatility
as well as their macroeconomic implications (Bloom (2009)). Vavra (2014) first
documents countercyclical dispersion of price changes. Similar results are shown
in other studies (Bachmann et al. (2019)). But there is still a theoretical debate on
the explanations. Vavra (2014) attributes such a phenomenon to countercyclical
shocks to idiosyncratic volatility. Other studies (e.g. Bachmann and Moscarini
(2012), Baley and Blanco (2019)) resort to learning, which endogenously generates
countercyclical idiosyncratic volatility. This paper empirically tests these explanations, and shows new evidence supporting heterogeneous price adjustment
instead of idiosyncratic volatility. Guided by the empirical evidence, I propose a
new explanation based on countercyclical demand elasticity. My finding is consistent with results in Berger and Vavra (2019), who show evidence suggesting firms’

5

endogenous response as the main driver of time-varying price change dispersion.7
Recent work investigates countercyclical demand elasticity (or natural
markups) empirically or theoretically.8 On the empirical side, Stroebel and Vavra
(2019) find that households become more price elastic when their housing wealth
drops. Munro (2021) finds that households search more for lower-priced goods
during recessions. I show that households who mostly purchase low-quality
goods during the recession become more price elastic, which leads to variations
in markups and therefore in inflation of high- and low-quality goods. On the
theoretical side, Kaplan and Menzio (2016) show that the feedback loop between
households’ income, search intensity, and firms’ markups potentially leads to recessions. This paper incorporates countercyclical demand elasticity into a menu
cost model and show that it affects the efficacy of monetary policy.
This paper builds heavily on recent work using quantitative menu cost models
to assess the real effects of monetary policy (e.g. Golosov and Lucas (2007), Nakamura and Steinsson (2010), Midrigan (2011), Vavra (2014), Karadi and Reiff (2019)).
My paper contributes to this literature by showing how cyclicality of demand
elasticity and markups affects monetary non-neutrality in this class of models.9
Finally, this paper complements studies documenting microeconomic evidence
of price adjustment.10 Among these papers, there have been extensive studies
on the heterogeneity of price adjustment across industries or product categories
(Nakamura and Steinsson (2008)). To the best of my knowledge, this is the first
paper to document systematic heterogeneity in price changes of goods within a
narrowly defined product category.
Outline The paper proceeds as follows. Section 2 describes the data and the
construction of key variables. Section 3 presents the main empirical results. Section
4 presents the full quantitative model, the calibration, and its ability to match
the empirical facts. Section 5 evaluates the effectiveness of monetary policy over
business cycles. Section 6 illustrates how time-varying demand elasticity affects
monetary non-neutrality. Section 7 concludes.
7A

rcent paper by Klepacz (2021) argues that oil shock also plays an important role in driving
countercyclical price change dispersion.
8 In earlier literature, Bils (1989) proposes a mechanism where cyclical natural markups are
driven by the cyclical average income of purchasers.
9 Clarida et al. (1999) offer an early example of time-varying elasticity of substitution in New
Keynesian models, but with time-dependent price adjustments.
10 Klenow and Malin (2010) and Nakamura and Steinsson (2013) offer excellent summaries.
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2. Data and Variables
For the empirical analysis, I use several datasets. I start with description of the
Nielsen Retail Scanner dataset, which I use to analyze the price adjustment behavior. I next define price changes and quality, the central concepts in my analysis.
Finally I describe the Nielsen Consumer Panel and PromoData.

2.1 Nielsen Retail Scanner Dataset
My primary data source is the Nielsen Retail Scanner Data (NRS) provided by the
Kilts Center at the University of Chicago. This dataset is collected from roughly
40,000 participating stores in approximately 90 retail chains, across 371 Metropolitan Statistical Areas (MSAs) and 2,500 counties, since 2006. The dataset contains
weekly pricing and quantity information for every UPC code that had any sales
volume during a week in a particular store. Categories in the dataset include
food, non-food grocery items, health and beauty aids, and general merchandise.
Compared with other scanner datasets, the main advantage of NRS is its coverage
and size as well as the detailed information on product characteristics.11
Product data are hierarchically organized into 10 Departments12 , 125 Product
Groups, 1075 Product Modules, and about 3.8 million UPC Codes. For example,
a UPC code for milk is in Product Module “Dairy-Milk-Refrigerated”, Product
Group “Milk” and Department “Dairy”. In the remainder of this paper, I use UPC
and product interchangeably, and likewise product module and product category.
Product modules are narrowly defined: for example, “orange juice” and “apple
juice” are two different product modules. The fact that UPCs within a product
module are highly homogeneous, combined with detailed information for each
UPC (e.g. its size, unit etc.), allows me to construct meaningful measures of a
product’s quality.
The NRS’s detailed, almost universal, coverage of prices and quantities at the
store-category level also allows me to overcome the limitations of the CPI micro
dataset. Within a product category, the sampling design of the CPI micro data
11 In

comparison to IRI Symphony dataset, a similar dataset widely used in academia, the NRS
covers 14 times more products in a given year. IRI also covers fewer stores and markets. More
importantly, the IRI dataset lacks quality information.
12 The ten departments are: Health and Beauty aids, Dry Grocery, Frozen Foods, Deli, Packaged
Meat, Fresh Produce, Non-Food Grocery, Alcohol, and General Mechandise.
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covers only a few items in a particular store; a product is rarely sampled across
different stores. As a result, it is almost impossible to identify the sources of
time-varying dispersion of price changes, our central question of interest. Lack
of information on products’ characteristics and the broad definition of product
category also makes the CPI micro data unsuitable for meaningful quality comparison.

2.2 Baseline Sample
Due to the size of the dataset, and in the interest of manageability, I restrict the
analysis to a subset of the data. As in Kaplan et al. (2019), I focus on one market:
the Minneapolis-St Paul Designated Market Area (DMA) from 2006 to 2015. A
DMA is a geographic area defined by Nielsen that is roughly the same size as a
MSA. I only keep balanced product modules from 2006 to 2015, leaving 282 stores
in 16 retail chains and 907 product modules in the baseline sample, with roughly
380,000 UPCs.13 To minimize the influence of outliers, I drop price observations
that are 5 times larger than the median price for the same UPC in the market. I
also drop UPCs with prices lower than 1 cent.

2.3 Measuring Product Quality
In my analysis, quality is defined at UPC level within a product module in a
particular store. I first compute the unit price for all UPCs, for example, the price
per gallon of refrigerated milk. I consider relative unit price across UPCs within a
product module in the same store as a good measure of quality. Suppose customers
walks into a store, with all kinds of highly homogeneous UPCs within a narrowly
defined product category displayed on the same shelf: if they choose a more
expensive one in terms of unit price, we interpret the product as having higher
quality.14
Specifically, I calculate the standardized unit price of UPC i in category c sold
13 I

drop Alcohol and General Merchandise departments, because they contain products that
are frequently purchased in store formats that are not tracked in the NRS data.
14 Similar definitions are widely used in the macroeconomics and trade literature. For example,
see Argente and Lee (2021) and Faber and Fally (2021). In the Industrial Organization literature,
within a product category, product A has higher quality than product B if conditional on the
same price, quantity sold of product A is higher than that of product B (e.g. Khandelwal (2010)).
Compared to this definition, my definition of quality is more straightforward.
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at store s:
Qi,s,c =

UPi,s,c − UPs,c
,
UP
σs,c

(1)

where UPi,s,c is the average unit price of UPC i over its sample period, UPs,c is
UP is the standard
the average unit price of UPCs in category c and store s, and σs,c
deviation of unit prices across goods in category c and store s.
One concern is that defining quality using relative unit prices may introduce
spurious correlations related to price dynamics. For example, low-quality goods
may display higher inflation just because their prices are temporarily low and will
be adjusted upwards. To address such concerns, I conduct the following analysis.
First, in defining quality I use the average unit price of a product over its sample
period, Second, I compute the correlation between the rank of a UPC’s unit price
in a year and rank of its unit price 4 years later in the same store and product
module. Specifically, I obtain a rank correlation of 0.96 between unit prices in
2006, 2007, 2008, 2009, 2010 and 2010, 2011, 2012, 2013, 2014. A similar correlation
of relative unit prices is 0.94. It indicates that unit prices of UPCs within the
same store and product category preserve their ranks most of the time, which
suggests that our definition of quality does reflect product quality as perceived
by consumers. Finally, I compute and use the quality index defined in (1) using
only prices from 2006-09, 2010-12 and 2013-15 separately. My empirical results are
qualitatively unchanged.

2.4 Measuring Price Changes
It is well known that the method of computing prices used by NRS generates measurement errors in price changes. To minimize the influence of this measurement
bias, I mainly focus on regular price changes. I apply a sales filter to posted prices,
very similar to Midrigan (2011), to get regular prices. More importantly, compared
with temporary price changes, regular price changes are viewed to be more relevant for assessing the impact of macroeconomic shocks.15 Online Appendix A.2
and A.3 provide more details on how to construct the sales filter and how using
regular prices addresses the problem of measurement errors.
Table 1 presents the summary statistics of the regular price changes in the
baseline sample. The first column lists moments of price changes in the whole
15 See

the discussion in Kehoe and Midrigan (2015).
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sample. These moments are comparable to papers using store scanner data (Midrigan (2011), Cavallo (2018)). I then split all UPCs into four equally sized bins based
on their quality. The summary statistics of each quality bin are shown in column
2 through column 5.
Table 1: Summary Statistics of Regular Price Changes
All
Statistics
Frequency
Frequency of increase
Frequency of decrease
Absolute size
Size of increase
Size of decrease
IQR
Standard deviation
Skewness
Kurtosis

0.124
0.068
0.055
0.129
0.126
0.136
0.194
0.204
-0.121
3.32

By Quality Level
Low

Medium-low

Medium-high

High

0.154
0.084
0.070
0.141
0.123
0.149
0.207
0.225
-0.105
2.81

0.133
0.073
0.06
0.134
0.06
0.141
0.199
0.208
-0.114
3.03

0.116
0.064
0.052
0.126
0.12
0.132
0.182
0.195
-0.121
3.42

0.091
0.052
0.039
0.119
0.111
0.124
0.169
0.183
0.191
3.91

Note: All statistics are computed using regular price changes and weighted by UPC-store revenue
share.

Price adjustment of goods in different quality bins displays distinct patterns. As
shown in Table 1, price changes of low-quality goods adjust more frequently, with
larger size, larger standard deviation, and smaller kurtosis. These facts suggest that
low-quality goods have greater price flexibility.16 In Section 4, I build a quantitative
multi-sector menu cost model and calibrate it using moments in Table 1. Lowquality goods indeed display higher short-run nominal cost pass-through. To the
best of my knowledge, this paper is the first one to document systematic pricing
patterns of goods with different quality.

2.5 The Nielsen Consumer Panel and PromoData
I use the Nielsen Consumer Panel (NCP) to collect household-level shopping information. This dataset is a panel survey of around 50,000 households in the United
16 For

example, Alvarez et al. (2016) show that, in a large class of models, monetary nonneutrality is positively related to kurtosis and negatively related to frequency of price changes.
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States since 2004. Projection weights are assigned to make the sample representative of the U.S. population. The data include detailed information on households’
income and demographics. More importantly, households also report detailed
information on their shopping trips. Specifically, they report the shopping date,
stores visited, the quantity and prices of UPCs purchased, whether the UPCs were
on sale and the amount of coupon used in each transaction. The store identifier
in NCP is the same as in NRS, which I use to link the two datasets. This features
allow me to measure the quality of UPCs purchased by households, detailed in
Section 3.4.
PromoData contains information on wholesale costs at the UPC level. It collects
daily wholesale prices from wholesalers in 93 markets from 2006 to 2012 for over
34,000 UPCs.17 Merged with NRS, this dataset allows me to control for wholesale
costs when studying the behavior of retail prices.

3. Empirical Analysis
Our empirical analysis focuses on identifying the causes of countercyclical dispersion of price changes. I begin by showing that the dispersion of price changes
increased sharply during the Great Recession.

3.1 Countercyclical Dispersion of Price Changes
To measure the time-varying dispersion of price changes, I focus on the interquartile range (IQR) and the standard deviation (Std) of price changes.18 Because
of the detailed coverage of NRS, there are multiple ways to aggregate these moments. Following Vavra (2014), in the baseline, I first calculate the cross-sectional
IQR and Std of price changes within product categories in each month. I then aggregate these moments across product categories using sales weight at the market
level. In online Appendix D.2, I show that my findings are robust to alternative
ways of aggregation, for example, at the sample level, the store level, and the
store-product-category level.
Figure 1 plots the interquartile range (IQR) of price changes, the unemploy17 There

is one confidential wholesaler in each market. The wholesalers in different markets
may be different.
18 In line with the literature, I focus on the distribution of non-zero regular price changes.
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Figure 1: Countercyclical dispersion of Price Changes
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Note: This figure plots the inter-quartile range (IQR) of price changes, the unemployment
rate, and the inflation rate. The local unemployment rate of Minneapolis-St. Paul MSA is
downloaded from the Bureau of Labor Statistics. I move the unemployment rate downward
for ease of comparison. The inflation rate is computed directly from the baseline sample,
following the procedure as closely as that used by BLS. All variables are seasonally adjusted.

ment rate, and the inflation rate in the Minneapolis-St Paul market from 2007 to
2015. The dispersion of price changes is countercyclical: it not only rises during
the recession; it also is positively correlated with the unemployment rate and negatively correlated with the inflation rate. Table F.1 in the online Appendix shows
the correlation. Figure D.1 in online Appendix shows that dispersion of price
changes is also negatively correlated with local GDP.

3.2 Sources of Countercyclical Price Change Dispersion
This section answers the central question of what drives countercyclical price
change dispersion. I begin by testing three hypotheses that could possibly explain
the increasing dispersion of price changes during the Great Recession. I next
decompose the overall variance of price changes into different components over
time. I show that countercyclical price change dispersion is largely driven by
differential price adjustment of goods with different quality.
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3.2.1 Three hypotheses
What are the sources of the increasing dispersion of price changes during the
Great Recession? In principle, there are three possibilities, illustrated hypothetically in Figure 2. Suppose there are only two stores (A and B) and two UPCs
(1 and 2) in an economy. Time is on the x-axis and price levels are on the y-axis.
Solid and dashed lines are the price trajectories of UPC 1 and UPC 2 respectively.
The shaded area represents a recession. As shown in the top row, increasing price
change dispersion during the recession could be due to increasing volatility of
price changes of individual goods. It could also be the diverging price adjustment of goods between store A and B, as shown in the middle row. The bottom
row depicts the third possibility: UPCs within stores change prices in different
directions. Existing theories in the literature are unanimously consistent with the
first hypothesis: volatility of individual price changes increases in bad times (e.g.,
Vavra (2014); Bachmann and Moscarini (2012); Baley and Blanco (2019)).
Figure 2: Three Hypotheses

Note: This figure shows hypothetically the three possibilities that can explain the
increase in dispersion of price changes during recessions. Shaded areas represent a
period of recession. Each line represents a price level sequence of a UPC in a store.
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3.2.2 Testing the three hypotheses
The granularity of the data allows me to test the predictions of these hypotheses.
I first construct variables used for the test and then run the regressions.
Constructing Variables Let t denote a week. I define IQRq (dpi,s,c,t ) and
σq (dpi,s,c,t ) as the inter-quartile range (IQR) and standard deviation (Std) of a
sequence of price changes dpi,s,c,t for UPC i at store s in category c and in quarter q. The prediction of the first hypothesis is that IQRq (dpi,s,c,t ) or σq (dpi,s,c,t )
should increase during recessions. Similarly, I construct a measure of price change
dispersion between stores. I compute the standard deviation σS (dpi,s,c,t ) and interquartile range IQRS (dpi,s,c,t ) of UPC i across all stores in week t, where S represents the set of stores in the market. To measure the dispersion of price changes
within stores, I calculate the standard deviation σs,c (dpi,s,c,t ) and inter-quartile
range IQRs,c (dpi,s,c,t ) over all the UPCs in store s and category c in week t. In sum,
I construct the following variables:
(i) σq (dpi,s,c,t ), IQRq (dpi,s,c,t ): price-change volatility of UPC i at store s in cate-

gory c and in quarter q,
(ii) σS (dpi,s,c,t ), IQRS (dpi,s,c,t ): price-change dispersion of UPC i across all stores

in week t, reflecting dispersion of price changes between stores.
(iii) σs,c (dpi,s,c,t ), IQRs,c (dpi,s,c,t ): price-change dispersion within store s and cat-

egory c in week t, reflecting dispersion of price changes within stores.
Panel Regressions The dependent variables of the regressions are defined above.
The independent variables are the unemployment rate and the inflation rate. Various fixed effects are added to control for unobserved heterogeneities.
The regression results are listed in Table 2. Column 3 and column 6 show
results with σq (dpi,s,c,t ) and IQRq (dpi,s,c,t ) as dependent variables: the volatility
of price changes of individual UPCs is acyclical. The regression coefficients are
statistically and economically insignificant. This result is inconsistent with theories
based on endogenous or exogenous idiosyncratic uncertainty, which predict that
individual volatility of price changes is countercyclical.
Conversely, price change dispersion within a product category in a store has
significant positive correlation with the unemployment rate and negative correlation with the inflation rate. As show in column 3 and column 6, a 2 percentage
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Table 2: Volatility and Countercyclical Dispersion (panel regressions)
IQR
individual
volatility
Unemployment
Inflation

Std

between
within
store
store-category

individual between
within
volatility
store
store-category

0.019

0.200

0.400

-0.024

0.151

0.253

(0.188)

(0.064)

(0.080)

(0.183)

(0.047)

(0.058)

-0.145

-0.115

-0.209

-0.146

-0.11

-0.206

(0.123)

(0.020)

(0.034)

(0.121)

(0.016)

(0.025)

X
X

X

X
X

X

Fixed effects
Store
UPC
Store-category

X

X

Note: For the three hypotheses, standard errors are clustered by store, UPC and
store-category.

point increase in unemployment rate is associated with a 0.8 percentage point increase in the inter-quartile range and 0.5 percentage point increase in the standard
deviation of price changes within a store-category cell. This effect is quantitatively
large because the average inter-quartile range and standard deviation of price
changes within a store-category cell are 12% and 9% respectively. A 2 percentage
point drop in inflation rate is associated with a 0.42 percentage point increase in
inter-quartile range and a 0.42 percentage point increase in standard deviation of
price changes between stores. The coefficients for price change dispersion between
stores are also economically and statistically significant but with a much smaller
magnitude, listed in column 2 and column 5. Table F.1 in online Appendix lists
results for time-series regressions, which show similar patterns.

3.2.3 Variance Decomposition
To further gain insights, I decompose the overall variance of regular price changes
into within and between store-category components, guided by the evidence above.
In particular, let dpi,s,c,t be the log price change of UPC i at store s and category c
in week t. It can be split into two components
dpi,s,c,t = dps,c,t + [dpi,s,c,t − dps,c,t ],

15

where dps,c,t is the average of log price changes dpi,s,c,t . Correspondingly, the
overall variance of price changes in week t can be decomposed into the betweenstore-category component and the within-store-category component:
vart (dpi,s,c,t ) =

vart (dps,c,t )
|
{z
}

+ ∑ ωs,c × vart (dpi,s,c,t |s, c)

(2)

s,c

Between-store-category

|

{z

Within-store-category

}

Panel (a) in Figure 3 plots the three terms in equation (2) separately for each
month from 2007 to 2015. Shaded areas represent months in the Great Recession.
Of the 1 log point increase in the overall variance of price change dispersion
between 2008 and 2010, approximately 0.8 log point was due to the within storecategory component and 0.2 log point to the between store-category component.
By this metric, 80% of the increasing price change dispersion during the recession
is accounted for by increasing dispersion within product categories in stores. Online Appendix D.3 shows that this result is robust to alternative decompositions.19
In short, increasing price change dispersion during the recession is mostly
explained by within-store-category dispersion. In other words, our evidence supports the hypothesis that, during the recession, UPCs within stores change prices
in different directions.
Is such differential price adjustment across UPCs within store and product
category correlated with any measurable characteristics of these UPCs? It turns
out quality plays a significant role. Diverging price adjustment between UPCs of
different quality accounts for a large fraction of the increase in dispersion within
store and product category. I split UPCs within a product category in a store
into five quality groups, from high quality to low quality. Similarly, I decompose
the overall variance within each store-category cell into the within and between
quality group components:
vart (dpi,s,c,t |s, c) =

Q

vart (dps,c,t |s, c)
|
{z
}

Between-quality-group

+ ∑ ωs,c,Q × vart (dpi,s,c,t |s, c, Q)

(3)

Q

|

{z

Within-quality-group

}

Q

where vart (dps,c,t |s, c) is the variance of price changes between quality groups in
store s and product category c at period t, and vart (dpi,s,c,t |s, c, Q) is the variance
19 For

example, whether I decompose the overall variance first to the store level, and then to the
product category level, or vice versa, does not change the result.

16

Total
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Figure 3: Variance Decomposition
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(a) Variance between and within storecategory

.01

Low Quality

Medium−Low

Medium

Medium−High

High Quality

Between Quality

.008
.006
.004
.002
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(b) Variance between and within quality

Note: Panel(a) shows the decomposition of total variance of price changes into within storeproduct-category and between store-product-category components, based on equation (2).
Panel(b) shows the decomposition of store-product-category variance into the betweenquality components and within-quality components. The variance is aggregated using annual
store-product-module weights.

of price changes within quality group Q in store s and product category c at
period t. I then aggregate the decomposition across store-category cells using the
annual revenue weights.
Panel (b) in Figure 3 plots this decomposition. The variance between quality
groups increases dramatically during the recession and contributes roughly 60%
percent of the increase in the overall variance within store and product category.
The remaining 40% comes from dispersion within quality groups, with the largest
contribution from the lowest quality group.20

3.2.4 Price Adjustment along the Quality Dimension
The variance decomposition suggests that to explain the dynamics of price change
dispersion we need to understand the pricing behavior of high- and low-quality
20 Since

low-quality goods drop prices more during the recession, the distribution of price
changes becomes more symmetric, compared with the distribution with positive trend inflation
during normal times. Hence, the price change dispersion of low-quality goods increases during
the recession.
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goods. We now show that inflation rates of goods of lower quality have greater
responsiveness to changes in local unemployment rate.
Specifically, we begin by splitting UPCs into equally binned quintiles according
to their quality, similar to the decomposition above. We then estimate the following
equation separately using only observations in each quintile.
∆pi,s,c,t = α0 + β 0 ut + λ f ,s,c + ei,s,c,t ,

(4)

where ∆pi,s,c,t = pi,s,c,t − pi,s,c,t−1 is the monthly inflation rate of UPC i in store
s and category c in month t, ut is the local monthly unemployment rate, λ f ,s,c
represents the firm-store-category fixed effect.21 The coefficient β 0 measures the
correlation between inflation and unemployment rate. This correlation almost
quadruples from the lowest quintile to the highest one, as shown in Figure 4. For
high-quality goods, a one percentage point increase in the unemployment rate
leads to a 0.44 percentage point decrease in the annualized monthly inflation rate,
while for low-quality goods, it is a 1.51 percentage point inflation drop.
We next move to a regression that directly interacts the unemployment rate
with the standardized quality index. We show that the quality-cyclicality relationship continues to hold. Specifically, we estimate the following regression equation:
∆pi,s,c,t = α1 + β 1 ut × Qi,s,c + γ1 Qi,s,c + γ2 ut + ei,s,c,t ,

(5)

where Qi,s,c is the standardized quality index for UPC i in store s and category c.
The coefficient of interest is β 1 , which captures the differential inflation response
to the unemployment rate across goods of different quality.
The results are presented in Table 3.22 Consistent with Figure 4, we find significant interaction effects: lower quality is associated with higher inflation-cyclicality
relationship. Column (1) shows that a one percentage point increase in the local
unemployment rate leads to 0.464 percentage points lower annualized monthly
inflation for goods with a one-standard-deviation decrease in quality. This effect is
sizable relative to the average inflation reduction of 0.61 percentage points. Specif21 We

link the Nielsen Retail Scanner data with data from GS1, the company which assigns UPC
code to firms’ products. This allows us to obtain the firm id for every UPC.
22 Table F.2 in the online Appendix shows that estimating this quality-cyclicality relationship
using quality-group dummies produces very similar results. In the baseline result, we run the
regression using UPCs’ sales weight. In online Appendix Table F.3, we show that our results are
also robust to using quantity weight.
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Figure 4: Cyclicality of Inflation and Quality of Goods

Note: We split products into 5 equally binned quintiles by quality. This figure shows separate
estimates of regression (4) in each quintile. The dependent variables are annualized monthly inflation. All regressions include firm-store-category fixed effects and standard errors are clustered
at the store-category level. The dotted lines show the 95% confidence intervals.

ically, goods at the 5th percentile of quality decrease their prices by -1.8%, while
those at the 95th percentile of quality increase their prices by 0.07%, consistent
with the Starbucks story mentioned earlier: higher unemployment rate even leads
prices of high-quality goods to increase.
One concern with our analysis is the unobserved store-category heterogeneity.
To control for this, we add to the regression store-category fixed effect. We see
little change in the estimates, as shown in Column (2).
Controlling for Cost Factors One potential explanation for the differential cyclicality of price changes across quality bins is the variation in wholesale costs. For
example, firms producing goods of different quality might face different cyclicality
of marginal costs and thus set divergent prices. We show that such cost factors
may not be able to explain our results in two ways. First, in column (3), we include firm-store-category fixed effect in specification (5) to additionally control
for unobserved firm heterogeneity. By adding this fixed effect, we are essentially
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Table 3: Monthly Inflation, Unemployment Rate and Quality of Goods

Monthly Inflation
(1)

(2)

(3)

(4)

(5)

Quality (Std)×
Unemp Rate

0.464
0.455
0.480
(0.064) (0.041) (0.042)

1.69
(0.697 )

2.83
(0.578)

Unemp Rate

-0.610 -0.758
(0.058) (0.034)

-2.75
(0.751)

-1.78
(0.391)

-0.811
(0.035)

Quality (Std)×
Wholesale Inflation

-0.0006 -0.0006
(0.0001) (0.0001)

Wholesale Inflation

-0.0046

0.0046

(0.0002) (0.0003)
Fixed effects
Store-Category
Firm-Store-Category

X
X

X

Note: The dependent variable is the monthly inflation annualized. The quality index is
standardized. All underlying series are seasonally adjusted. Standard errors are clustered at
store-category level. All specifications include a constant that is not reported. The number
of observations for colum (1) - (3) are 62,824,885. The number of observations for column (4)
and (5) are 1,184,243.

comparing price changes of UPCs produced by the same firm and sold in the same
store and category. The point estimate is almost identical to the one estimated
without firm fixed effect in column (2), indicating that our results are not driven
by cost shocks to firms. Second, we include wholesale inflation at the UPC level as
additional covariates to directly control for the process of wholesale costs. In particular, we merge the PromoData with the Nielsen Retail Scanner data. Column (4)
and Column (5) present results with and without firm-store-category fixed effects
respectively. Due to a smaller sample size, the estimates are not as accurate, but
still economically and statistically significant, with somewhat greater magnitude.
Further, because the UPCs within the narrowly defined product categories are
extremely homogeneous, the intermediate inputs used to produce these goods are
also similar, and their prices are likely driven by the same cost shocks.
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In sum, the key implication is that the differential price adjustment between
goods of different quality is likely driven by demand factors. Before proceeding
to explore these factors, let us summarize our empirical findings so far.

3.3 Taking Stock
The previous empirical analysis helps us understand the nature of countercyclical
price change dispersion. During the recession, the average price changes across
retailers are similar. Within a retailer, the variation in the price changes is also
small across product categories. It is instead the price adjustment of goods of
different quality, within the same product category and store, that drives the
increasing price change dispersion. Prices of low-quality goods adjust downward,
while prices of high-quality goods are stable, and this is not driven by variations
in wholesale costs. The remainder of this section provides empirical evidence
suggesting that countercyclical price change dispersion is a demand phenomenon.

3.4 Evidence on Demand Factors
This section provides direct evidence that households who mainly purchase lowquality goods during the Great Recession spend less, spend more of their expenditure on goods that are on sale, buy more private label ("generic") goods and use
more coupons, compared with households who still mostly purchase high-quality
goods even during the recession. These facts suggest that consumers who mostly
purchase low-quality goods during the recession become more price-sensitive,
which implies that sellers of low-quality goods face increasingly elastic demand.
These sellers’ optimal response is to lower markups.
In accordance with previous results, I focus my analysis on the Minneapolis-St.
Paul area from 2006 to 2015. There are on average 1,250 households every year
and 350 stores. I first construct the average quality index at the market level for
UPC i in category c in quarter t as follows:
Qi,c,t =

∑ ωi,s,c,t Qi,s,c ,
s

where Qi,s,c is the standardized quality index of UPC i sold in store s and category
c, as defined in section 2.3, and ωi,s,c,t is the revenue weight of good i sold at store
s. I construct quality index Qh,t to measure the average quality of goods household
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h consumes in quarter t. 23
Qh,t =

h
Qi,c,t ,
∑ ∑ ωi,c,t

c∈C i ∈c

h
where ωi,c,t
is household h’s spending share on UPC i in category c in quarter t,
and C denotes the set of all categories. Finally I obtain the average quality index
over the Great Recession for household h:

QhRecession =

∑

ωh,t Qh,t ,

t∈ TRecession

where ωh,t are expenditure weights and TRecession is the set of quarters from the
fourth quarter of 2007 to the second quarter of 2009. In doing so, we basically
construct the customer base of retailers selling high- or low-quality goods. Households with low QhRecession spend more on low-quality goods during the recession.24
I estimate how households’ shopping behavior changes with local unemployment rate ut , conditional on the quality of goods they purchase in the recession.
In particular, I run regressions of the following form:
Yh,t = β 0 + β 1 QhRecession + β 2 ut + β 3 QhRecession × ut + γ1 Xh,t + γ2 Xh,t × ut + λh + eh,t .
(6)
The term Xh,t are household characteristics. We also include λh as the household
fixed effect, which controls household-specific factors affecting their shopping
behavior, such as individual preferences of purchasing generic goods or using
coupons. The estimates therefore measure how the same household changes its
shopping behavior as local unemployment varies. The coefficient of interest is β 3 ,
which captures the differential effect between households who mostly purchase
high-quality goods and those who mostly purchase low-quality goods during the
recession.
Following Stroebel and Vavra (2019), to measure the price sensitivity of households, the dependent variables in regression (6) include: the log of total spending,
23 Argente

and Lee (2021) constructs a similar index, but they use prices to measure the "expensiveness" of a UPC, but not quality measured by unit prices like in this paper.
24 We do not take a particular stand on why those households purchase low-quality goods
during the recession, but we do find that households with low QhRecession on average have lower
income, as shown in online Appendix A.4. The income of these households tend to be more cyclical
(Patterson (2019)).
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the expenditure share on goods that are on sale, the expenditure share on "generic"
goods and the spending share of coupon usage. Column (1), (3), (5) and (7) of Table
4 show that these measures of price sensitivity all increase with local unemployment rate for households with lower QhRecession but do not change significantly for
households with high QhRecession . Overall, the estimate of β 3 is consistent with the
story that retailers of low-quality goods face increasing demand elasticity during
the recession, while the demand elasticity faced by retailers selling high-quality
goods remains stable.
Table 4: Households’ Recession Quality Index and Shopping Behavior
Dependent Variable
Log(Spending)
(1)
Unemployment Rate
QhRecession ×
Unemployment Rate

Share Coupon

(4)

(5)

(6)

(7)

(8)

-0.013
0.073
(0.005) (0.056)

0.017
(0.001)

0.011
(0.015)

0.0065
(0.0007)

0.010
(0.003)

0.003
(0.0004)

0.007
(0.005)

0.028
0.038
(0.009) (0.009)

-0.008
(0.002)

-0.011
(0.002)

-0.004
(0.001)

-0.003
(0.001)

-0.001
(0.0007)

-0.002
(0.0008)

Household Income ×
Unemployment Rate
Household controls
Household controls×
unemployment rate
Household FE
Observations

Share Generic

(3)

Household Income

X
43,339

(2)

Share "Deal"

0.111
(0.028)

-0.0003
(0.008)

0.005
(0.002)

0.002
(0.002)

-0.010
(0.005)
X

0.0003
(0.001)
X

-0.0001
0.0001
X

-0.0005
(0.0004)
X

X
X
43,339

X
X
43,339

X
X
43,339

X
X
43,339

X
43,339

X
43,339

X
43,339

Note: Standard errors are clustered by households. The regression is weighted by households’
weights provided by Nielsen Consumer Panel. Household controls are age, race, and marital
status of household head.

One may wonder whether other characteristics of households may explain the
differential shopping behavior across households. To address such concerns, I add
the interaction term between unemployment rate ut and controls at household
level Xh,t including household income, number of children, race, age, and marital
status of household heads. The magnitude of our estimates remains little changed,
if not larger. Finally, we conduct several robustness checks. Our results are robust
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to alternative choices of quality index, as show in online Appendix Table F.4. Our
results are also robust to alternative specifications using recession and quality
dummies, as reported in online Appendix Table F.5.
Based on the empirical evidence, I conjecture that the countercyclical dispersion of price changes is caused by countercyclical demand elasticity. During the
recession, consumers who purchase low-quality goods become more price elastic,
which intensifies the competition among retailers selling low-quality goods. The
optimal response for these retailers is to cut prices by lowering their markups. At
the same time, the demand elasticity is relatively stable for consumers who, even
during the recession, continue buying high-quality goods.25 As a result, the prices
of high-quality goods stay roughly constant.

4. Quantitative Analysis
Motivated by the empirical evidence, I integrate the countercyclical demand elasticity in the sector of low-quality goods into a canonical multi-sector menu cost
model. I then calibrate the model to the microeconomic evidence on price changes,
and show that sector-specific shocks to demand elasticity is necessary to successfully match the empirical results.
In modeling countercyclical demand elasticity, we assume the elasticity of
substitution within the sector of low-quality goods is exogenously negatively
correlated with aggregate output. Since we are interested in the effects of monetary
policy, which are determined by firms’ pricing decisions, we do not take a stand
on a particular mechanism generating this negative correlation. We therefore view
our model as a parsimonious way to generate time-varying demand elasticity.

4.1 Model
Time is discrete and infinite. There is a unit measure of identical households and
a continuum of monopolistically competitive firms, distributed in I discrete sectors.26 Households consume goods, supply labor, trade nominal bonds, and own
25 In

recent work, Jaimovich et al. (2019) and Argente and Lee (2021) find that consumers
downgrade their consumption to low-quality goods due to reduced income. Our results indicate
that those consumers are likely to become more price elastic too.
26 We choose to assume a representative household because we are interested in aggregate
allocations but not distributional effects.
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all firms in the economy. Goods are differentiated across and within sectors. Each
differentiated good (variety) is produced by one firm with linear technology using
labor. Following Vavra (2014), I assume that firms face leptokurtic idiosyncratic
productivity shocks and random menu costs, to match the distribution of price
changes in the data. Aggregate shocks in the economy consist of shocks to aggregate nominal spending, shocks to aggregate productivity, and sector-specific
shocks to demand elasticity. I first state households’ maximization problem. I next
describe firms’ price-setting problem in detail. Finally I define the equilibrium.

Households
Given the wage rate Wt , prices of state-contingent nominal bonds Qt+1 , the initial
holding of nominal bonds B0 and prices for all goods pi,j,t , where i is the index for
sectors and j is the index for variety, households choose consumption bundle ci,j,t ,
i ∈ {1, 2, ..., I } , j ∈ [0, 1], labor supply Nt and holdings of nominal bonds Bt+1 to
maximize their sum of discounted expected utility:27
max E0

∞

∑ βt [ln Ct − κNt ]

t =0

subject to the flow budget constraints:
I Z

∑

pi,j,t ci,j,t dj + Qt+1 Bt+1 ≤ Bt + Wt Nt + Πt ,

i =1

and the no-Ponzi-game condition lim (Πsk=t Qk ) Bs > 0, where β is the discount
s→∞
factor, κ is the disutility of labor, and Πt are the profits from monopolistically
competitive firms. Aggregate consumption Ct is the Dixit-Stiglitz aggregator over
final goods Ci,t in each sector, defined as:
I

1
η

η −1
η

η

Ct = ( ∑ ωi Ci,t ) η −1 ,

(7)

i =1

Ci,t = ωi

θi,t −1
θi,t

Z
j∈[0,1]

27 Since

ci,j,t dj

! θ θi,t−1
i,t

,

(8)

households are identical, I drop the subscript for households’ identity. Also for notational simplicity, I do not explicitly write aggregate state variables into households’ decision
problem. Readers should be aware that households are making state-contingent decisions.
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where η is the elasticity of substitution over goods across sectors and θi,t is the
elasticity of substitution over goods within sector i at period t. We depart from
standard practice by allowing θi,t to be time-varying, capturing the idea that
demand elasticity may change over business cycles.
Note that the process of θi,t is assumed to be exogenous, because for one thing,
we want our model to minimally deviate from standard ones in the literature.
More importantly, the monetary transmission in this paper mainly works through
firms’ pricing decisions. As long as firms face countercyclical demand elasticity,
regardless of its micro-foundation, the mechanism discussed in Section 6 applies.
There are certainly multiple ways to micro-found the time-varying demand elasticity. We leave them open for future research.
Solutions to the household’s decision problem consist of demand for differentiated goods, an intertemporal Euler equation determining the price of bonds and
an intratemporal equation for labor supply:



pi,j,t −θi,t Pi,t −η
ci,j,t =
Ct ,
Pi,t
Pt
Wt
Pt Ct
,
= κCt ,
Q t +1 = β
Pt+1 Ct+1
Pt


(9)
(10)

where the price index of goods in sector i and the aggregate price index are:
Pi,t =

Z

1− θ
pi,j,t i,t dj

I

Pt =

1− η

∑ ωi Pi,t



!

1
1−θi,t

,

(11)

1
1− η

.

(12)

i =1

Lastly, I define the real stochastic discount factor as qt,t+1 =

Pt+1 Qt+1
.
Pt

Firms
In sector i, there are a continuum of firms indexed by j, specializing in producing
a differentiated good by hiring li,j,t units of labor. The production function of firm
j in sector i is:
yi,j,t = at zi,j,t li,j,t ,
where at is aggregate productivity and zi,j,t is the idiosyncratic productivity of
firm j in sector i. To match the fat-tailed price change distribution, I assume that
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the idiosyncratic productivity shock to firm j evolves according to the following
process:

logzi,j,t =


ρz log z
i

log z

i,j,t−1

z , with probability ξ
+ σiz ei,j,t
i

i,j,t−1 ,

with probability 1 − ξ i ,

(13)

z ∼ N (0, 1) is independent across firms. The log of the aggregate producwhere ei,j,t
tivity shock follows an AR(1) process with persistence ρ a and standard deviation
σa :
log at = ρ a log at−1 + σa eta , eta ∼ N (0, 1)
(14)

In every period, with probability φi firms will have the chance to adjust their
prices freely. If not freely adjusting prices, firms pay fixed costs τ i,j in units of
labor to adjust their nominal prices. The process of menu costs τi,j,t is summarized
by

0,
with probability φi
τi,j,t =
(15)

τ i,j . with probability 1 − φi
Firms choose their pricing strategy to maximize total real discounted profits:
∞

max

{ pi,j,t }∞
t =0

E0

∑ q0,t πi,j,t ,

t =0

where πi,j,t is the real profit at period t and q0,t = q0,1 q1,2 ...qt−1,t .
Lastly, the log of nominal aggregate spending St = Pt Ct follows a random walk
with drift:
log St = µ + log St−1 + σS etS ; etS ∼ N (0, 1)
(16)

Firms’ price-setting problem
I consider the price-setting problem for firm j in sector i. The problem is written
recursively, and to simplify notation, I drop the time subscript t and subscripts i
and j. Let Θ denote {θ1 , θ2 , ..., θ I }. State variables for the the decision problem are
{ p−1 , z, τ; Γ}, where Γ = {λ, S, a, Θ} are aggregate state variables and { p−1 , z, τ }
are individual state variables, where p−1 is the price in the previous period. We
use λ( p−1 , z, τ ) to denote the distribution over idiosyncratic states in the whole
economy, and λi ( p−1 , z, τ ) to denote the corresponding distribution in sector i.28
28 It

is straightforward to show that λ( p−1 , z, τ ) = ∑iI=1 ωi λi ( p−1 , z, τ ).
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The price-setting problem of firms in sector i is characterized by the following
functional equation subject to constraints:


Vi ( p−1 , z, τ; Γ) = max πi + EqVi ( p, z0 , τ 0 ; Γ0 )

(17)

p

with

πi =

p
W
−
P azP



p
Pi

 − θi 

Pi
P

−η

S
W
− 1 p −1 6 = p τ ,
P
P

and subject to
Pi =

Z

[ψi ( p−1 , z, τ; Γ)]
I

P=

ωi

1− η

∑ Pi

!

1− θ i


dλi ( p−1 , z, τ )

1
1− θ i

,

1
1− η

,

i =1

0

Γ = G(Γ),
where G(·) is the law of motions of aggregate state variables, which include equation (14), equation (16), the law of motions of θi,t (which will be specified shortly),
and the law of motion of λ:
h

λ (B , z , τ ) = φi I{τ 0 =0} + (1 − φi )I{τ 0 6=0}
0

0

0

iZ
B

Pr(z0 |z)dλ( p−1 , z, τ ),

(18)

where B = {( p−1 , z, τ ) : ψi ( p−1 , z, τ; Γ) ∈ B}, Borel sets B ∈ R+ , and
ψi ( p−1 , z, τ; Γ) is the policy function of firms in sector i. Firms are also subject
to equations (9), (10), and the equations for law of motions (13) and (15).

Equilibrium
Given the law of motions (13), (14), (15), (16) of the exogenous shocks zi,j,t , at , τi,j,t ,
St and the law of motion for θi,t , a recursive equilibrium of the economy consists
of (i) households’ demand for differentiated goods {ci,j,t : i = 1, ..., I, j ∈ [0, 1]},
(ii) aggregate price functions Wt , Qt , { Pi,t }iI=1 and Pt , (iii) aggregate output Ct and
sectoral outputs {Ci,t }iI=1 , (iv) firms’ value functions {Vi }iI=1 and policy functions
Ψ = {ψ1 , ψ2 , ..., ψ I }, and (v) the distribution on firms’ individual states λ(·, ·, ·),
such that:
(i) Demand {ci,j,t } is given by condition (9) of households’ decision problem.
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(ii) Nominal wage and prices of nominal bonds satisfy conditions (10).
(iii) Sectoral prices Pi,t and aggregate price Pt are determined by equations (11)

and (12).
(iv) Aggregate output Ct and sectoral outputs Ci,t are consistent with equations

(7) and (8).
(v) Conditional on the policy functions of firms in other sectors, the value func-

tion Vi and policy function ψi of firms in sector i solves its price-setting
problem (17).
(vi) The law of motion of λ(·, ·, ·) is given by (18).
(vii) The aggregate nominal spending satisfies St = Pt Ct .

Computing the Equilibrium
Solving the equilibrium defined above is equivalent to finding the policy functions
Ψ, which is an infinite dimensional fixed point problem. To make the problem
tractable, I compute the equilibrium by approximating the original problem using
the solution method proposed by Krusell and Smith (1998). To reduce the dimension of the state space, I assume the process of θi is negatively correlated with
aggregate productivity a:

log θi,t


log θ ,
i
=
log θ + ∆ ,
i
θi

if log at ≥ 0,
if log at < 0,

where ∆θi > 0 measures the magnitude of the increase of demand elasticity when
aggregate productivity drops. This setup captures the idea that during normal
times, demand elasticity is stable. However, during recessions, when aggregate
productivity is low, demand elasticity increases. Online Appendix C provides
more details on computation of the approximated problem.

4.2 Calibration
Externally calibrated parameters I begin by calibrating some parameters based
on conventional values in the literature. The model is calibrated at a monthly
frequency with β = 0.961/12 . I set κ so that labor supply is 1/3 in the flexible
price steady state. I set µ = 0.0014 to match the mean growth of nominal GDP
minus real GDP, and σS = 0.0024 to match the standard deviation of nominal
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GDP growth during the period 2006-2015. I calibrate aggregate productivity with
persistence ρ a = 0.916 and standard deviation σa = 0.0051 to match the average
labor productivity from 2006 to 2015.29 I fix the persistence of idiosyncratic shock
ρz = 0.7, commonly used in the literature. (e.g. Nakamura and Steinsson (2010)).
There are two types of goods and thus the number of sectors is I = 2: a
sector producing low-quality goods and a sector producing high-quality goods,
denoted by L and H respectively. I set the weight on low-quality goods sector
ω equal to the revenue weight of low-quality goods in the data, which is 0.508.
I assume that the demand elasticity of high-quality goods is constant over time,
so that θ H,t = θ H , implying a constant markup. This assumption is motivated
by the fact that prices of high-quality goods are stable during both normal times
and the recession. The demand elasticity across these two sectors η is set to 1.5.
I set θ L = θ H = θ during normal times. I target the average markup during
normal times to be 1.22, implying θ equal to 5.5. This value is between the values
used in Midrigan (2011) and Golosov and Lucas (2007), and is consistent with the
average markup commonly used in macroeconomic models with monopolistic
competition.30 Table 5 lists these fixed parameters.
Table 5: Externally Calibrated Parameters
Parameter

Description

Value

β
κ
ω
η
θ
µ
σS
ρa
σa
ρz

Discount factor
0.961/12
Labor coefficient
2.25
Low-quality sector weight
0.508
Cross-quality demand elasticity
1.5
Within-quality demand elasticity
5.5
Mean growth rate of St
0.0014
Standard deviation growth rate of St
0.0025
Aggregate productivity persistence
0.916
Aggregate productivity standard deviation 0.0051
Idiosyncratic productivity persistence
0.7

29 I

use quarterly data on Real Output Per Job in Nonfarm Business sector (BLS series
PRS85006163) from 2006 to 2015. HP filter its log and fit the series to an AR(1) process with
mean zero. Next I simulate an AR(1) process at monthly frequency and average the simulated
data to match the fitted AR(1) parameters of quarterly data. The persistence of the quarterly data
is 0.81, and the standard deviation is 0.007.
30 For example, De Loecker et al. (2020) estimate markups in retail trade to be around 1.2.
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Internally calibrated parameters The rest of the parameters are calibrated to
match the micro moments documented in the earlier sections. The first set of
parameters govern the cross sectional moments of price changes. For sector i, there
are four such parameters: menu cost τ, the standard deviation of idiosyncratic
productivity shocks σz , the probability of zero menu cost φ and the probability
of idiosyncratic productivity shocks ξ. I calibrate these four parameters to match:
the average frequency, absolute size, kurtosis of price changes, and the fraction of
small price changes31 . Table 6 presents the internally calibrated parameters, which
are broadly comparable to those in recent literature. The unconditional volatility
of idiosyncratic shocks is 0.064 for low-quality goods and 0.056 for high-quality
goods.32 The calibration implies that the total costs of price adjustment in the
economy is roughly 0.8% percent of steady-state monthly revenues, slightly above
the estimates of 0.7% by Levy et al. (1997) using supermarket data.
In my calibration, the cross-sectional difference of price changes between highand low-quality goods is mostly due to heterogeneous probability of idiosyncratic
shocks ξ. This is because ξ is the only parameter which simultaneously leads to
higher frequency, larger absolute size of price changes and smaller kurtosis of
price changes. Although larger standard deviation of idiosyncratic productivity
shock σz could generate higher frequency and larger absolute size of price changes,
it nevertheless leads to larger kurtosis.33
Table 6: Internally Calibrated Parameters
Value
Parameter
τ
σz
φ
ξ
∆θ L

Description
Menu cost
Idiosyncratic productivity standard deviation
Probability of zero menu cost
Probability of idiosyncratic
productivity shock
Demand elasticity reduction in recessions

Low quality High quality
0.07
0.16
0.09
0.16

0.08
0.11
0.09
0.17

0

0.4

price changes are those smaller than 21 mean(|dp|)
(2011) and Mongey (2018) also use store scanner data. In their one-sector models,
the average volatility of idiosyncratic shocks are 0.053 and 0.04 respectively. The calibration in
Midrigan (2011) is weekly. Adjusted to monthly value, the probability of idiosyncratic shocks is
0.11 and the standard deviation of idiosyncratic shocks conditional on adjustment is 0.16.
33 Please refer to Section E for more discussion on the implications.
31 Small

32 Midrigan
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The other internally calibrated parameter is ∆θ L , the increase of demand elasticity during recessions in the sector of low-quality goods. I set it to match the time
series correlation between dispersion of price changes and the aggregate output,
which is equal to −0.24 and statistically significant. I calculate this time series
correlation using HP-filtered real GDP from 2006 to 2015 and the interquartile
range of price changes aggregated at the product category level. The calibrated
value of ∆θ L is 0.04, which is equivalent to a 7 percent increase in demand elasticity
and a 2 percentage point drop in the optimal markup.

4.3 Results
Table 7 shows results of the model fit.34 I consider and compare three models.
The first one is the baseline model. The second model assumes that demand
elasticity is time-varying but is the same across sectors, i.e. it is not sector-specific.
Demand elasticity in the third model is constant over time. In terms of calibration,
the externally calibrated parameters are the same across the three models. I recalibrate the fitted parameters for each model.
As shown in the table, the baseline and the second model both match perfectly
with the correlation between dispersion and aggregate output Corr( IQR∆p , Y ).
This is because time-varying demand elasticity is able to shift the distribution
of price changes over time. All three models perform well in replicating the targeted and non-targeted moments of the distribution of price changes, because
second-generation menu cost models are able to generate realistic price change
distribution.
The baseline model also speaks well to the non-targeted time series moments.
First, the variance between and within quality groups are both negatively correlated with aggregate output, in line with the data. Second, the dispersion within
the low-quality sector increases more during recessions. Lastly, the inflation of
low-quality goods is more cyclical than that of high-quality goods. The good
match between the baseline model and non-targeted moments validates our story:
during recessions, price setters selling low-quality goods face increasingly elastic
demand, and thus reduce their desired markup. As a result, they cut prices more.
In contrast, the second model without sector-specific demand elasticity fails
to match some key moments. The correlation between the inflation difference
34 I

only list results for the aggregate economy. Online Appendix Table F.6 shows sectoral results.
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Table 7: Model Fit (Aggregate)
Moment

Data

Moments targeted
Frequency
Absolute size
Kurtosis
Fraction small
Corr(IQR∆p ,Y)

0.12
0.13
3.3
0.39
-0.42

0.12
0.13
3.2
0.38
-0.42

0.11
0.15
3.1
0.34
-0.42

0.12
0.14
3.1
0.37
0.02

0.57
0.13
0.14
0.20
0.20

0.59
0.13
0.15
0.22
0.18

0.66
0.12
0.15
0.25
0.19

0.64
0.12
0.16
0.23
0.18

0.02
0.04
0.10
0.19
0.32

0.01
0.03
0.11
0.22
0.30

0.02
0.05
0.13
0.23
0.30

0.01
0.03
0.12
0.22
0.30

-0.11∗∗∗
-0.35∗∗∗
0.17∗∗∗
-0.05∗∗∗
-0.26∗∗∗

-0.09∗∗∗
-0.21∗∗∗
0.03∗
-0.07∗∗∗
0.06∗∗∗

-0.06∗∗∗
0.02
-0.003
0.02
0.01

Pricing Moments not targeted
Fraction of price increase
Size of increase
Size of decrease
IQR of price changes
Std. dev. of price changes
Absolute size distribution
10th percentile size
25th percentile size
50th percentile size
75th percentile size
90th percentile size

Time Series Moments not targeted
L
,Y)
-0.39∗∗∗
Corr(Var∆p
H
L
− Var∆p
,Y)
-0.33∗∗∗
Corr(Var∆p
Corr(π L − π H ,Y)
0.44∗∗
Corr(Varwithin ,Y)
-0.28∗∗∗
Corr(Varbetween ,Y)
-0.32∗∗∗

Baseline Same elasticity Constant elasticity
(two sectors)
(two sectors)

Note: Significance: * p < 0.10, p < 0.05, p < 0.01

π L − π H and aggregate output is small. Importantly, the model predicts the wrong
sign of the cyclicality of the variance between quality groups. This is because without sector-specific demand elasticity, the optimal prices in both sectors are driven
by the same stochastic processes. The model with constant elasticity fails to match
almost all the targeted and non-targeted time series moments. The inability of the
second and third model to match the empirical evidence also implies that heterogeneous price stickiness alone could not explain the diverging price adjustment
between quality groups. It is therefore necessary for the demand elasticity to be
both time-varying and sector-specific to match our empirical findings.
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5. Monetary Policy Analysis
Using the calibrated model as a laboratory, this section investigates the implications of countercyclical demand elasticity for the effectiveness of monetary policy
over the business cycle.
I study the economy’s aggregate price and output response to an unexpected
increase of the log nominal output of size 0.0014, equivalent to a one-month doubling of the nominal output growth rate. I am interested in the real effects of
monetary policy during normal times and recessions.
In a non-linear model with aggregate shocks, it is not immediately clear what
impulse response function (IRF) one should use. To calculate the state-dependent
IRF, I first implement an algorithm similar to the non-stochastic simulation in
Young (2010), and obtain the joint ergodic distribution of the individual states
and aggregate states. Next, starting from the ergodic distribution, either during
normal times or recessions, I add the unexpected monetary shock to the economy
at period 1, and simulate 10000 firms (5000 in each sector) using their decision
rules. I aggregate across firms’ prices to get the aggregate price and output from
period 1 to period 12. The IRF is then calculated by averaging the difference
between price and output response with the shock and those without the shock.35
Table 8: Impulse Response

Normal time
Recession

Price IRF on
impact (%)

Output IRF on
on impact (%)

Total output
IRF (%)

22.3
23.1

77.7
76.9

325.2
321.9

Note: The shock is a .0014 one-month increase in nominal output growth rate.

Figure 5 plots the conditional real output impulse response to the one-time
shock during normal times and recessions. It is apparent that the output impulse
response during recessions is extremely close to that during normal times, but
slightly lower. As shown in table 8, 22.3% percent of .0014 nominal output growth
leads to price increase on impact during normal times, while this number during
recessions is 23.1%. The remaining nominal output goes into real output increase.
35 Online

Appendix C.3 provides more details on how to compute the IRF.
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I also calculate the total output IRF over the next 12 months after the shock. Total
log output is increased 321.9% more than the nominal shock during recessions,
only 1.07% lower than 325.2% during normal times. In an economic downturn,
monetary policy is still as effective as that in normal times.
Figure 5: Real Output Response to a Nominal Shock

Note: The shock is a .0014 one-month increase in nominal output growth rate.

6. Inspecting the Mechanism
Compared to existing models in the literature, the novel feature in my model is
the time-varying demand elasticity. Below, I illustrate how this assumption affects
the degree of money non-neutrality. I show that, in the presence of fixed price adjustment costs, changing demand elasticity affects firms’ price adjustment mainly
by affecting the width of the inaction region, which itself can be decomposed into
two effects: the competition effect and the quantity effect.
I first present a stylized menu cost model to illustrate the main mechanism.
I then show how, in my calibrated model, the degree of money non-neutrality
varies with demand elasticity.
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6.1 A Simplified Model
Time is discrete and infinite t = 0, 1, 2, .... There are a continuum of monopolistic
competitive firms indexed by i ∈ [0, 1]. Each firm produces a differentiated good
with linear technology Yi,t = Zi,t Ni,t , where Ni,t is the labor it uses. Idiosyncratic
shock Zi,t is independently and identically distributed across firms and periods.
The probability density function of zi,t = log( Zi,t ) is g(z) with support on R
and mean zero. For tractability, I assume g(z) is symmetric and single peaked.
The aggregate nominal spending St = Pt Ct is constant and equal to S over time,
R θ −1
θ
where Ct = ( Ci,tθ di ) θ −1 is the Dixit-Stiglitz aggregator. There is a representative
household whose utility function is log Ct + Nt . The labor market is competitive
with wage rate Wt .
Following Ball and Mankiw (1995), I assume that at every even period, firms
set their price Pi,t freely. At every odd period, Firms either keep their prices unchanged or adjust prices after paying a menu cost, which is a fixed fraction of
steady state aggregate output f S. These assumptions simplify the analysis by
transforming the dynamic decision problem into a series of static problems.
In the remaining analysis, we first characterize how the width of the inaction
band covaries with the demand elasticity, which is the key factor determining
money non-neutrality in models with menu costs. We then introduce a transitory
monetary shock to the model and analyze its effect.
Width of the Inaction Band
We focus on the odd periods and drop the time subscript t for simplicity. Let Pi∗
be firm i’s optimal price if flexibly adjusted, and let xi = pi,−1 − pi∗ denote the
price gap, where lower case letters denote the logarithm of a variable. We take
second-order approximation to firm i’s profit function around its optimal price
p∗ :
 
θ − 1 Zi θ −1
∗
Πi − Πi = −
S( pi − pi∗ )2 ,
(19)
2
Z
R
 1
where Z =
g(z) Z θ −2 dz 1−θ . At every odd period, firm i only considers
the single-period profit since it can freely adjust its prices next period. Its policy
function conditional on its realized productivity Zi is of a Ss type: it keeps its
price unchanged if | xi | < h( Zi , θ ), otherwise it sets the price to p∗ . We have the
following observation regarding the width of the inaction band h( Zi , θ ).
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Observation 1. If firm i’s productivity is Zi , the width of the inaction band h( Zi , θ ) is
given by:
s
  1− θ
2f
Zi
h( Zi , θ ) = 2
,
(20)
θ−1 Z
The proof is given in online Appendix B.1. I next show how the width of the
inaction band h( Zi , θ ) varies with the demand elasticity θ conditional on Zi .
Observation 2. ∀θ > 1, there exists Z ∗ (θ ) > 0 such that:
(i)

∂h( Zi ,θ )
∂θ |θ =θ

< 0 if Zi > Z ∗ (θ ),

(ii)

∂h( Zi ,θ )
∂θ |θ =θ

> 0 if Zi < Z ∗ (θ ).

See online Appendix B.2 for the proof. Observation 2 states that as demand
elasticity θ increases, the inaction region of firms with relative low productivity becomes wider, whereas the inaction region of firms with relative high productivity
becomes narrower.
To understand how h( Zi , θ ) covaries with θ, we must first understand how,
conditional on the price gap pi − pi∗ , the profit loss deviating from the optimal
price Πi − Πi∗ covaries with θ. Note that equation (19) can be rewritten as:
Πi − Πi∗

1
( θ − 1) θ
( pi − pi∗ )2 ×
=−
2 {z
|
} |θ
∗
Πi − Πi
Πi∗




Zi θ −1
S
Z
{z
}
Πi∗

The first term is the profit loss as a fraction of the profits under the optimal
price. Given pi − pi∗ , the absolute value of this term is always increasing with θ,
which implies firms are more likely to adjust prices when the market becomes
more competitive. We refer to this term as the competition effect. The second term
represents the profits under the optimal price. Whether it increases or decreases
with demand elasticity θ depends on whether firm i’s productivity Zi is larger or
smaller than the average productivity Z. This is because as competition intensifies,
firms with high productivity will gain greater market shares and higher profits.36
We refer to this term as the productivity effect.
36 The

literature focusing on firm heterogeneity has the similar prediction (e.g. Melitz and
Ottaviano (2008)).
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Correspondingly, we can decompose how the width of the non-adjustment
region h(θ, Zi ) varies with demand elasticity θ into these two effects:
log h(θ, Zi ) = log 2 f +

1
log(
)
θ − 1}
| {z

+ (1 − θ )(log Zi − log Z ),
{z
}
|

competition effect

quantity effect

For high-productivity firms, both effects make the inaction band narrower when
θ increases; for low-productivity firms, the two effects go in opposite directions.
When Zi is sufficiently low or θ is high enough, the productivity effect dominates.
Therefore the inaction band for low-productivity firms can instead be wider when
the market is more competitive.
Figure 6 illustrates the policy functions with two different demand elasticities
θ2 > θ1 . The solid and dashed lines are the Ss bounds with θ1 and θ2 respectively.
For a given demand elasticity, the width of the inaction band decreases with
productivity because it is more costly for more productive firms to deviate from
their optimal prices. When demand elasticity increases from θ1 to θ2 , the band
becomes narrower for high-productivity firms while wider for low-productivity
firms. Observation 2 is the key to understanding the aggregate impact of an
unexpected transitory monetary shock, which I introduce next.
Figure 6: Policy functions
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A Transitory Monetary Shock
Let us now consider the determinants of money non-neutrality in this simplified
model. Figure 7 illustrates the price response on impact of firms with productivity
Z to a marginal monetary shock. Suppose the probability distribution of the firms’
price gap in the absence of a monetary shock is l ( x | Z ), which is shown in panel (a).
At the beginning of period t (t is odd), the economy is at its stationary equilibrium.
At the end of period t, an unexpected marginal monetary shock ∆S occurs.
Figure 7: A one-time monetary shock

(a) Price gap distribution before shock

(b) Price gap distribution after shock

Following Caballero and Engel (2007), it is instructive to decompose the aggregate price response to two components, the intensive margin and the extensive
margin:
∆Pt
=
∆St

f req
|{z}

intensive

+

Z

[l (−h( Z, θ )| Z ) + l (h( Z, θ )| Z )] h( Z, θ )
|
{z
extensive

g(log( Z ))
dZ,
Z
}

where f req represents the average frequency of price changes in the economy. The
intensive margin reflects the price impact of those firms that would have changed
prices even without the aggregate shock. In response to a small monetary shock,
they adjust the size of their price changes to absorb the effect of the aggregate
shock on their optimal prices. The shaded area at the tail represents this set of firms.
Consequently, the intensive margin is equal to the frequency of price changes. The
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extensive margin measures the variation in the composition of adjusters. There
are two sets of firms which are on the margin of price adjustment. Firms with
negative price gaps on the margin now increase their prices to the optimal price.
They increase prices by half of the width of the inaction band h( Z, θ ). Firms with
positive price gaps on the margin choose not to reduce their prices any more. The
density of firms on the margin are l (−h( Z, θ )| Z ) and l (h( Z, θ )| Z ) respectively. In
panel (b), the shaded areas around the margin of the inaction band represent those
firms contributing to the extensive margin.
The inflation response to a transitory monetary shock thus depends on the
width of the inaction band h( Z, θ ), the density function of the price gaps l (·)
and the distribution of productivity g(z). I next show, in my calibrated model,
how these factors determine the way money non-neutrality varies with demand
elasticity θ.

6.2 The Calibrated Model
Let us consider an experiment in a quantitative model. The only difference between this model and the full model in Section 4 is that the demand elasticity
is constant, and the only aggregate shock in the model is the shock to aggregate
nominal spending. I then vary the elasticity of substitution θ. Under each value of
θ, I compute the equilibrium, and evaluate the effects of monetary policy under
different equilibria. Panel (a) in Figure 8 depicts how the variance of log output log(Y ) vary with the elasticity of substitution θ. In the economy with higher
elasticity of substitution, money is closer to neutral.
Why is monetary policy less effective in economies with higher elasticity of
substitution? Panel (c) and panel (d) plot how the intensive and extensive margin,
in percentage of the aggregate price response, varies with θ.37 When θ is small,
the negative relationship between money non-neutrality and θ is mostly driven
by the intensive margin. When θ becomes larger, the extensive margin dominates.
This pattern is determined by the behavior of the inaction bandwidth, which
initially decreases slowly with θ, but increases rapidly when θ becomes higher, as
shown in panel (b). As demand elasticity θ increases from a low level, at first the
competition effect dominates: the average inaction band becomes narrower and
37 In

Figure F.1 in the online Appendix, we plot the levels of the intensive margin and extensive
margin. The intensive margin initially increases with θ and then becomes flat. The extensive
margin is initially flat but then increases rapidly with θ.

40

Figure 8: Monetary Non-neutrality with θ
(a)

(b)

(c)

(d)

Note: Panel (a) plots how the variance of aggregate log output varies with elasticity of substitution
θ. The y-axis of panel (b) is the average inaction bandwidth. The y-axes of panel (c) and (d)
represent the fraction of intensive margin and extensive margin after a monetary shock.

the frequency of price changes increases. When demand elasticity is large enough,
the quantity effect dominates: as Observation 2 shows, more firms have wider
inaction bands. Therefore, the average inaction bandwidth in the economy grows.
Due to leptokurtic idiosyncratic shocks, the distribution of price gaps is dispersed
and the tail is flat (Midrigan (2011)). As the inaction bound moves away from zero,
the density of firms at the Ss bounds declines at a very slow rate. As a result, the
increasing width of inaction bands grows faster than the decline of the density at
the margin of the inaction bands. As demand elasticity increases, the extensive
margin increases rapidly. This explains why in panel (a) money non-neutrality
decreases sharply with θ.
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7. Conclusions
This paper identifies the causes of the countercyclical dispersion of price changes.
Divergence in price changes between goods of different quality accounts for most
of the increase in price change dispersion during the Great Recession. Evidence
on households’ shopping behavior suggests that the increased dispersion is due to
the increase in elasticity of demand for low-quality goods. Based on the empirical
evidence, to evaluate the real effects of monetary policy, I build a multi-sector
model incorporating countercyclical demand elasticity in the sector producing
low-quality goods. In this quantitative model, monetary policy is as effective
during recessions as during normal times.
My results suggest that heterogeneity in the demand side might be important
to explain the rise in the cross-sectional dispersion of economic variables during
recessions. This is a direction worth exploring in future research.
Two other directions require future work. First, although to the best of my
knowledge, the dataset used in this paper uniquely answer the research question,
it only covers prices in the retail sector, and mostly of non-durable consumption
goods. How my conclusion extends to other sectors requires further empirical
evidence. Second, the level of demand elasticity is not observable and, in general,
hard to estimate. My results are robust to different absolute levels of demand
elasticity during normal times, but in future work I aim to find more empirical
support for this key parameter.
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A Data
A.1 Construction of Variables
This section details how I construct the variables I use in the paper, including the dispersion of price
changes, the volatility of individual price changes, unit price, price indices, and inflation.
Dispersion of price changes
The interquartile range (IQR) of non-zero regular price changes within product module c in week t
is:
IQRc,t = Q3 (dpi,c,t ) − Q1 (dpi,c,t ), i ∈ Ic,t ,
where dpi,c,t is the log regular price change of UPC i in product module c at week t, Q3 (·) and
Q1 (·) are the third and first quartile of price changes in week t respectively. Ic,t is the set of UPCs
within product module c in week t. Similarly, the standard deviation (Std) of non-zero regular price
changes within product module c in week t is:
s
σc,t =

∑i (dpi,c,t − dpc,t )2
,
Nc,t − 1

where dpc,t is the average price change of dpi,c,t within product module c in week t weighted by
sales. 38
Finally, we aggregate IQRc,t and σc,t across product modules to IQRt and σt using revenue
weights of product modules ωc,t :
IQRt = ∑c ωc,t IQRc,t ,
σt

= ∑c ωc,t σc,t ,

The dispersion at other dis-aggregated levels are defined similarly.
Volatility of individual price changes
The interquartile range (IQR) of the volatility of individual price changes of UPC i in store s in
quarter q is:
IQRq (dpi,s,t ) = Q3 (dpi,s,t ) − Q1 (dpi,s,t ), i ∈ Is,q , t ∈ q,
where Q3 (.) an Q1 (.) are the third and first quartile function, and Is,q is the set of UPCs in store s in
quarter q. Similarly, the standard deviation (Std) is defined as
s
q

σ (dpi,s,t ) =

∑t (dpi,s,t − dpi,s,q )2
Ni,s,q − 1

38 I

,

also check alternative weighting schemes like equal weights and quantity weights, the results are very
similar.
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where dpi,s,q is the average price change in quarter q over weekly price changes dpi,s,t for UPC i at
store s.
The unit price
Because UPCs within a product module are very homogeneous in the dataset, it is reasonable
to construct a quality index for each UPC within a product module in a store. To construct the
quality variable for UPC i, I first calculate the unit price for i in store s at week t: UPi,s,t =
pi,s,t /prmulti /multii /sizei , where prmultu is the price multiplier, which is used to indicate deals
such as 3 for $1, multii shows how many of those goods appear in a given pack and sizei is the
numeric size of the good.
Price indices and inflation
In order to construct various price indices and inflation in this paper, I follow the BLS construction
of the CPI as closely as possible. In the first step, I construct the price of UPC i in product category c
sold in store s at month t by dividing its total dollar value of sales (TS) by the total quantity of units
sold (TQ):
TSi,s,t
Pi,s,t =
TQi,s,t
In the second step, I calculate the category-specific price index:
Pc,t
= Πi
Pc,t−1



Pi,c,t
Pi,c,t−1

ωi,c,y(t−1)

TS

i,c,y(t)
where ωi,c,y(t) = ∑ TS
is the annual revenue weight of UPC i. Finally, I aggregate all categoryi ∈c
i,c,y(t)
specific price indices by their revenue weights:

Pt
= Πc
Pt−1



Pc,t+1
Pc,t

ωc,y(t)

where ωc,y(t) is the annual revenue weight of category c. Using the price index, we get the monthly
inflation rate πmonthly = log Pt − log Pt−1 and annual inflation rate π annual = log Pt − log Pt−12

A.2 Sales filter
The sales filter is a variation of the algorithm in Midrigan (2011). The purpose is to filter out temporary price changes and get regular price changes. A price is a regular price if the store charges
it frequently in a window adjacent to that observation. Temporary price changes include temporary
price increases and decreases.
The algorithm is characterized by 2 parameters. I choose l = 5 (the size of the window: number
of weeks before/after current period used to compute modal price), c = 1/3 (cutoff used to determine
whether a price is temporary). Apply the algorithm for price trajectory of each UPC in each store.
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The algorithm is shown as follows. Each step is implemented in sequence. Let pt be the price in
period t, and T be length of price series. Figure A.1 illustrates how to generate regular prices from
posted prices using the sales filter.
(i) For each time period t ∈ {1, ..., T }: Set

ptM =




mode( pt−k , ..., pt+k ) ifk < t < T − k,
mode( p1 , ..., pt+k ) if0 < t < k,





mode( p T −k , ..., PT ) ifT − k ≤ t ≤ T

(ii) Generate f t as the fraction of weeks in which ptM = pt within the window.
(iii) Define regular price for period t recursively:

• set p1R = p1M ,
• set ptR = ptM if f t > c,
• else set ptR = ptR−1

Figure A.1: Regular Prices and Posted Prices
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A.3 Regular price changes and measurement errors
To obtain robust results on price changes, I need to address the issue of time aggregation in Nielsen.
Stores in the NRS data report to Nielsen weekly prices based on a Sunday to Saturday cycle, calculated as a ratio of revenue over quantity. This procedure introduces measurement error into price
changes, because the actual pricing cycle in a store might be different from the Sunday-Saturday
cycle. For example, suppose the price of an item was changed on Wednesday in a store. Two units of
this product are sold in the same week, one on Monday with price p1 and one on Friday with price
p2. The reported price to Nielsen is ( p1 + p2)/2 (which is also what we get in the data set). Even
though there is only one price change, we will obtain two consecutive smaller price changes, which
will increase the frequency and decrease the size of price changes.
I apply a sales filter described above to posted prices to get regular prices. This procedure will
eliminate temporary price changes, including consecutive small price changes. Two consecutive
small price changes due to time aggregation is replaced by one regular price change. The size and
frequency of regular price changes are thus not affected.

A.4 Households’ Recession Quality Index and Income
In this section I show that households’ recession quality index defined in section 3.4 is positively
correlated with households’ income, which shows that high-income households are more likely to
purchase high-quality goods during recessions. The left panel in Figure A.2 plots the binscatter
between households’ recession quality index and log total expenditure. The right panel plots the
binscatter between households’ recession quality index and log total expenditure per capita. A 1
standard deviation increase in households’ recession quality index is associated with 12.4% higher
households’ income and 14% higher households’ income per capital.
We use total expenditure to measure households’ income because the nominal household incomes in the Nielsen Consumer Panel are measured imprecisely: incomes are reported in discrete
income ranges with a two-year lag. When computing households’ income per capita, we first regress
log total expenditure on dummies for each household size and a full set of household controls. We
next obtain household total expenditure per capita by subtracting the point estimates of the household
size dummy. Our results are robust even if we use the income definition in the Nielsen Consumer
Panel to measure households’ income.
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Recession Quality Index

Recession Quality Index

Figure A.2: Households’ Recession Quality Index and Income
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B Proofs
B.1 Proof of Observation 1
The profit function of firm is equal to
Πi =



W
Pi −
Zi



Pi
P

−θ
C

The first order condition for profit maximization is


W − θ −1 θ
−θ
P C=0
(1 − θ ) Pi + θ Pi
Zi
Therefore the optimal price Pi∗ = θ −θ 1 W
. The second order derivative of the profit function is
h
i Zi
− θ −2
θ (θ − 1) Pi−θ −1 − θ (θ + 1) W
Pθ C. We next take the second order approximation for firm
Zi Pi
i’s profits around the optimal price pi∗ :
Πi − Πi∗


θ W ∗ − θ +1 ∗ θ ∗
P C ( pi − pi∗ )2 + o (2)
θ − 1 Zi
 
(θ − 1) Pi∗ 1−θ
∗ 2
S( pi,t − pi,t
) + o (2),
=−
2
P

θ−1
=−
2



(B.1)

where variables with a star are those under the equilibrium where all firms set their optimal prices,
∗ ∗
∗
and the second equality uses the fact that Pi∗ = θ −θ 1 W
Zi and P C = S. The aggregate price index P
is given by:
∗

P =

Z

Pi∗ 1−θ di



1
1− θ
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Z

θ
=W
θ−1
∗

Denoting Z =

R

g(z) Z θ −2 dZ

 1−1 θ

Πi − Πi∗

, we have

Pi∗
P

θ−1
=−
2

g(z) Z
Z
Zi .

=



Zi
Z

θ −2



1
1− θ

dz

Substituting to equation (B.1) gives:

 θ −1

∗ 2
S( pi,t − pi,t
)

(B.2)

In odd periods, firm i will adjust its price if and only if

|Πi − Πi∗ | ≥ f S
Firm i’s policy therefore follows the Ss rule. It adjusts its price if and only if
s
pi ≥

pi∗

+
s

pi ≤

pi∗

−

2f
θ−1



Zi
Z

 1− θ

2f
θ−1



Zi
Z

 1− θ

B.2 Proof of Observation 2
Taking log with equation (20) we have:
log h(θ, Zi ) = log 2 f + log

1
+ (1 − θ )(log Zi − log Z )
θ−1

Taking partial derivative with respect to θ we have:
∂h(θ, Zi )
1
d log Z
=−
− (log Zi − log Z ) + (θ − 1)
∂θ
( θ − 1)
dθ
Take first-order derivative of log( Z ) =

1
1− θ

log

R


g(z) Z θ −2 dZ with respect to θ:

d log Z
1
1
=−
log Z −
dθ
θ−1
θ−1
Denote Z̃ (θ ) =

R

g(z) Z θ −2 log ZdZ
R
.
g(z) Z θ −2 dZ

R

g(z) Z θ −2 log ZdZ
R
g(z) Z θ −2 dZ

Substituting this expression to equation (B.3) we get

1
∂h(θ, Zi )
=−
− log Zi − Z̃ (θ )
∂θ
( θ − 1)
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(B.3)

∀θ > 1, let us denote Z ∗ (θ ) = exp(− θ −1 1 − Z̃ (θ )), so that we have:
and

∂h(θ,Zi )
∂θ

∂h(θ,Zi )
∂θ

< 0 if Zi > Z ∗ (θ ),

> 0 if Zi < Z ∗ (θ ). This proves Observation 2.

C Numerical Methods
C.1 The approximated problem
As discussed in Section 4.1, the model is computed by approximating the original problem using the
Krusell-Smith solution method. In this section, I transform the original firms’ price-setting problem
to an approximated problem with finite state variables. To reduce the number of state variables, I
make use of the functional form of the profit function and the random walk property of the aggregate
nominal spending S to normalize the state variables.
Because the relevant aggregate variables in firms’ flow payoff are Pi and P, a natural choice is to
approximate λ with the set of sectoral prices { Pi,−1 }iI=1 . The state variables for firms’ problem are
p
now { i,j,S−1 , zi,j , τi,j ; { PSi }iI=1 , a}. I conjecture the following forecasting rule for the law of motion of
sectoral prices:
log

I
I
Pk,−1
Pk,−1
Pi
i
i
log
log a × log
= ν1i + ∑ ν2,k
+ ν3i log a + ∑ ν4,k
+ ν5i (log a)2
S
S
S
k =1
k =1

(C.1)

This forecasting rule turns out to be highly accurate. I also try other functional forms and add more
moments, the accuracy is very similar and the results do not change qualitatively. It is interesting
to note that, the second-order terms are important for forecasting accuracy, which indicates that
nonlinearity matters for the forecasting problem.
After this approximation, the dynamic programming problem for firm j in sector i is:
pi,j,−1
Pi,−1 I
, zi,j , τi,j ; {
} , a) = max
V(
pi,j
S
S i =1
S

(
ωi

pi,j /S
κS
−
P/S
azi,j P
EqV (

!

pi,j /S
Pi /S

 − θi 

Pi /S
P/S
)

−η
C−τ

pi,j 0 0 Pi I
, z , τ ; { } , a0 ) ,
S0 i,j i,j S0 i=1

subject to equations (7), (8), (10), (12), (11), (13), (14), (16) and (C.1). Notice that I substitute several
equations into firms’ flow payoff to make the state variables explicit.

C.2 Numerical algorithm
My computation consists of two steps: the first step is, given the perceived law of motion, to solve
individual firms’ price-setting problem. The second step is to compute the aggregate law of motion
conditional on individual firms’ policy function. I get the solution by itering on these two steps until
OA-7

κS
+
P

the difference between actual aggregate law of motion and perceived law of motion is small enough.
I use value function iteration to solve firms’ price-setting problem for their policy function. I
also use MacQueen-Porteus Error Bounds to improve speed. Knotek and Terry (2008) compare gridbased methods such as value function iteration with collocation methods in state-dependent pricing
models. They find grid-based methods to be more robust. Because the policy function has more
curvature in the dimensions of idiosyncratic state variables, I use more discretized points along the
dimension of z and p−1 . In my benchmark model, I use 320 and 300 grids for individual price states
of low-quality and high-quality sectors respectively. I use the method in Tauchen (1986) to discretize
the AR(1) process. The grid points for idiosyncratic shocks are 28 and 26. I use 2 grid points for
random menu costs. For aggregate state variables, I use 5 grid points for aggregate productivity, 9
grid points for each sectoral price. Although aggregate spending S is not a state variable, but in order
to calculate the expected value of the value function, I discretize it to 7 points using the Gaussian
Quadrature method. I set the convergence criteria of value function to be 10−4 and less than 1 percent
for the forecasting rule.
Whenever a model is solved, the algorithm checks the grid range to make sure it is either not
too large so that many grid points are wasted, or too small so that the bounds of the grid points are
reached. Den Haan (2010) reports that algorithms that use the largest range for individual capital also
have lower accuracy. The lower and upper bounds of the grid are chosen in order not to miss or waste
grid points. Otherwise, the algorithm dynamically adjust the grids so that the former criterion is met.
This step is crucial to get accurate solution of the model as well as accurate simulated moments of
price adjustment.
Non-stochastic simulation As Algan et al. (2008) shows, there are potential two drawbacks
of stochastic simulation. First there is sampling noise. Second, the realizations of the random draw
cluster around the mean, leading to large approximation error at the tail. I use the non-stochastic
simulation in Young (2010) to simulate the economy for 12,200 periods (equivalent to 100 times the
length in the data) and discard the first 200 periods. In my model, the non-stochastic simulation turns
out to be much faster and more accurate than the original algorithm in Krusell and Smith (1998)39 .
In particular, the algorithm is as follows:
(i) Fix the vector of coefficients b in equation (C.1). Guess an initial distribution of the individual
p

state variables { S−1 , z, τ } on a larger set of grids. Generate a fixed time series for the aggregate
shocks of length T.
(ii) Use value function iteration to solve for firms’ price-setting problem and get firms’ policy

function.
(iii) Use the policy function obtained in step (ii) and the transition matrix for exogenous shocks
39 Maliar

et al. (2010) shows that in the original Krusell-Smith model, there is no significant difference
between the stochastic simulation and non-stochastic simulation. I find that this conclusion does not hold in
my model with fixed adjustment costs.
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to simulate the economy for T periods by computing the evolution of the distribution of the
individual state variables on grids.
(iv) In each period, use the cross-sectional distribution on individual state variables to calculate

the sectoral prices PL and PH .
(v) Regress the time series for sectoral prices separately using equation (C.1) and get the corre-

sponding coefficients b̂.
ˆ

(vi) Update the coefficients for next iteration: b̂ = db̂ + (1 − d)b, where d is the update coefficient.

I set d = 0.75.
Iterate on steps from (ii) to (vi) until the averaged squared difference between is less than 1%.

C.3 Algorithm to compute IRF
To compute the average Impulse Response Function. I first get the joint ergodic distribution for the
aggregate and individual state variables. Starting from the ergodic distribution, I add the monetary
shock either during recessions or during normal times. Specifically, I implement the following algorithm:
(i) First simulate the economy for 5,000 periods to get the ergodic distribution over all individual

and aggregate state variables.
(ii) Starting from the ergodic distribution, in period 1, add a shock to S of size 0.0015. I define

recessions when the economy is at the lowest two states of the aggregate productivity a, and
the highest three states of a as the normal times.
(iii) Use the policy functions and transition matrix for exogenous shocks to simulate the economy

forward for 12 periods by computing the evolution of the distribution of the individual state
variables.
(iv) Calculate the aggregate output and price using the cross-sectional distribution obtained in step

(iii) from period 1 to 12.
(v) Apply the same procedure from step (iii) to step (iv) without the unexpected monetary shock
(vi) Compute the conditional IRF by computing the difference of consumption and inflation be-

tween the case with shock and without shock in each period.
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D Some Empirical Robustness
D.1 Correlation with GDP
In our baseline, we say dispersion of price changes is countercyclical by showing that it is negative
correlated with the local unemployment rate. We choose to use the local unemployment rate mainly
because it is monthly collected but the local GDP data is annual. We check the robustness of our
findings using GDP. In Figure D.1, we plot the dispersion of price changes and annual log(GDP),
which are clearly negatively correlated. The correlation is -0.23.
Figure D.1: Countercyclical dispersion of Price Changes
12.35
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12.3

.2
12.25
.19
12.2

.18

.17
2006

log(GDP)

IQR of regular price changes

.22
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2010

2012

IQR of price changes

2014

12.15
2016

log GDP

Note: This figure plots the annual inter-quartile range (IQR) of price changes and the log(GDP)
of Minneapolis-St. Paul MSA. The GDP data is downloaded from U.S. Bureau of Economic
Analysis.

D.2 Methods of Aggregation
To compute the aggregate dispersion of price changes, there are multiple ways to aggregate. In
the baseline result in section 3.1, I aggregate the dispersion at the category level. The aggregate
dispersion in month m within category c is defined as:
IQRCm,c = iqr ({dpi,s,c,t : i ∈ I , s ∈ S, t ∈ m}),
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where iqr (·) is the function to obtain the interquartile range of a set of numbers, I is the set of all
UPCs, S is the set of all stores, week t is in month m, so that {dpi,s,c,t : i ∈ I , s ∈ S, t ∈ m}
represents all the weekly price changes of all UPCs in all stores during month m. The aggregate
dispersion in month m is:
IQRCm = ∑ ωy(m),c IQRCm,c ,
c∈C

where C is the set of all categories, ωy(m),c is the annual sales weight of product category c. We
checked the robustness of our results using alternative methods of aggregation, specifically, at the
sample level, store level, store-category level and product level.
Sample level The aggregate dispersion in month m is:
Sample

IQRm

= iqr ({dpi,s,c,t : i ∈ I , s ∈ S, c ∈ C , t ∈ m})

Store level The aggregate dispersion in month m within store s is defined as:
IQRSm,s = iqr ({dpi,s,c,t : i ∈ I , c ∈ C , t ∈ m}),
and the aggregate dispersion in month m is:
IQRSm =

∑ ωy(m),s IQRSm,s ,

s∈S

Store-category level The aggregate dispersion in month m within store s and category c is defined as:
IQRS,C
m,s,c = iqr ({ dpi,s,c,t : i ∈ I , t ∈ m }),
and the aggregate dispersion in month m is:
S,C
IQRm
=

∑

ωy(m),s,c IQRS,C
m,s,c ,

c∈C ,s∈S

Product level The aggregate dispersion in month m within product i is defined as:
I
IQRm,i
= iqr ({dpi,s,c,t : c ∈ C , s ∈ S, t ∈ m}),

and the aggregate dispersion in month m is:
I
IQRm
=

I
,
∑ ωy(m),i IQRm,i

i ∈I

The results are shown in Figure D.2. For the standard deviation of price changes, we conduct a
similar procedure and the results are plotted in Figure D.3.
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Figure D.2: IQR at various levels of dis-aggregation
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Note: In each month, I compute the inter-quartile range of price changes at various levels of disaggregation: the sample level, the store level, the store-category-level and the product (UPC) level.
This figure shows the corresponding inter-quartile range (IQR). The weights are based on annual
revenues. At all levels, the dispersion of price changes is countercyclical.
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Figure D.3: Std at various levels of dis-aggregation
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Std of regular price changes

2011

.04

.02

.07

0
.065
−.02

Inflation / Unemployment rate

2007

.06
−.04
2007

2008

2009

2010

Std of price changes

2011

2012

2013

Unemployment rate

2014

2015

−.04
2007

Inflation rate

2008

2009

2010

Std of price changes

2011

2012

2013

Unemployment rate

2014

2015

Inflation rate

Note: In each month, I compute the standard deviation of price changes at various levels of disaggregation: the sample level, the store level, the store-category-level and the product (UPC) level.
This figure shows the corresponding standard deviation (Std). The weights are based on annual
revenues. At all levels, the dispersion of price changes is countercyclical.
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D.3 Order of Decomposition
In Section 3.2.3 I show that most of the increase in the dispersion of price changes during the Great
Recession occurs within store-category cells, by directly decomposing the total variance to the within
store-category and between store-category component. Here I show that this result does not depend
on how I decompose the total variance, as shown in Figure D.4 and Figure D.5.
Figure D.4: Variance decomposition to categories
(a) Decomposing overall variance to within and between categories
Variance of regular price changes

.05

Total

Within category

Between categories

.04

.03

.02

.01

0
2007

2008

2009

2010

2011

2012

2013

2014

2015

Time

Variance of regular price changes

(b) Decomposing variance within categories to within and between stores
Total

.04

Within store

Between stores

.03

.02

.01
2007

2008

2009

2010

2011

2012

2013

2014

2015

Time

Note: In panel (a), I first decompose the overall variance to within and between category components.
I then in panel (b) decompose the within-category component in panel (a) to within and between
store components. To do so, I first decompose the variance in every product category to the within
and between store components. I then aggregate the components across product categories using
annual revenue weights.
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Figure D.5: Variance decomposition to stores

(a) Decomposing overall variance to within and between stores
Variance of regular price changes

.05

Total

Within store

Between stores

.04

.03

.02

.01

0
2007

2008

2009

2010

2011

2012

2013

2014

2015

Time

(b) Decomposing variance within stores to within and between categories
Variance of regular price changes

.05

Total

Within category

Between categories

.04

.03

.02

.01
2007

2008

2009

2010

2011

2012

2013

2014

2015

Time

Note: In panel (a), I first decompose the overall variance to within and between store components.
I then in panel (b) decompose the within-store component in panel (a) to within and between
category components. To do so, I first decompose the variance in every store to the within and
between category components. I then aggregate these components across stores using annual
revenue weights.
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E Monetary Non-neutrality with Multiple Sectors (Quality)
Compared with other multi-sector menu cost models in the literature (e.g. Nakamura and Steinsson
(2010)), in my model, the price adjustment across sectors displays systematic patterns: the prices of
low-quality goods are adjusted more frequently, with larger size and smaller kurtosis. What drives
these systematic differences and how do effects of monetary policy change compared with a onesector menu cost model?
From the internal calibration in Section 4, I find that among all the parameters, only the probability of idiosyncratic shocks could explain the difference. Higher probability leads to higher frequency
of price changes. This is because given the standard deviation of idiosyncratic shocks, higher probability of shocks leads to larger unconditional volatility of shocks. For the same reason, it also leads
to larger size of price changes. Facing less frequent idiosyncratic shocks also increases the kurtosis
of price changes because there are more price changes concentrated around zero.
What role, if any, does heterogeneous probability of productivity shocks play in determining the
effects of monetary policy? Due to the setup of my baseline model, the strategic complementarity
across sectors is negligible. Whether a multi-sector model amplifies or dampens the effects of monetary policy, compared with a one sector model, is determined by whether the overall effect is a
convex, linear or concave combination of each sector. To gain insights into this question, I first calibrate a one-sector model with only aggregate nominal spending shock to match the microeconomic
moments of price adjustment. Using the calibrated parameters, I then vary the value of ξ from 0
to 0.3 in this one-sector model, and compute the variance of real aggregate output Var(Ct ). Figure
E.1 shows that monetary non-neutrality measured by Var(Ct ) is weakly convex with respect to ξ.
Therefore, the degree of monetary non-neutrality in my multi-sector model is slightly higher than a
one-sector model.
Figure E.1: Monetary Non-neutrality with different ξ
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F Additional Tables and Figures

Table F.1: Countercyclical Dispersion and Volatility (time series)
Dispersion
Disaggregation

Sample

Store

Inflation

Store-module

UPC

Store-UPC

IQR of regular price changes

Panel A
Monthly
Unemployment

Module

Volatility

0.640

0.819

0.761

0.604

0.327

(0.128)

(0.150)

(0.106)

(0.067)

(0.044)

-0.487

-0.513

-0.55

-0.290

-0.175

(0.059)

(0.079)

(0.042)

(0.043)

(0.026)

Quarterly
Unemployment

0.025
(0.018)

Inflation

-0.008
(0.01)

Panel B
Monthly
Unemployment
Inflation

Standard deviation of regular price changes
0.228

0.367

0.258

0.352

0.219

(0.062)

(0.075)

(0.061)

(0.040)

(0.026)

-0.260

-0.250

-0.257

-0.137

-0.106

(0.021)

(0.038)

(0.022)

(0.028)

(0.016)

Quarterly
Unemployment

0.023
(0.017)

Inflation

-0.009
(0.10)
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Table F.2: Monthly Inflation, Unemployment Rate and Quality of Goods (Quality Dummy)
Monthly Inflation
(1)

(2)

(3)

(4)

(5)

Low Quality×
Unemp Rate

-0.065
(0.031)

-0.062
(0.012)

-0.060
(0.012)

-0.068
(0.012)

-0.108
(0.020)

Low Quality

0.0022
(0.0004)

0.0024
(0.0002)

0.0021
(0.0002)

0.0024
(0.0002)

0.0025
(0.0003)

Unemp Rate

-0.044
(0.021)

-0.041
(0.008)

Fixed effects
Store-Category
Store-Time
Category-Time
Store-Category-Time

X
X
X
X

Note: The dependent variable is the monthly inflation annualized. All underlying series are seasonally
adjusted. Standard errors are clustered at store-category level. All specifications include a constant
that is not reported. ∆pq,s,c,t = α1 + βut × Dq,s,c + γ1 Dq,s,c + γ2 ut + λs,c,t + eq,s,c,t , where ∆pq,s,c,t =
ln Pq,s,c,t − ln Pq,s,c,t−1 is the monthly inflation rate of quality group q in store s and category c in month
t, ut is the local unemployment rate, Dq,s,c is a dummy variable indicating low-quality group in store
s and category c, and λs,c,t is the store-category-time fixed effect.
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Table F.3: Monthly Inflation, Unemployment Rate and Quality of Goods (Quantity Weight)

Monthly Inflation
(1)

(2)

(3)

(4)

(5)

(6)

(7)

Quality (Std)×
Unemp Rate

0.426
0.418
(0.077) (0.043)

0.178
0.426
0.155
(0.032) (0.044) (0.041)

1.75
(0.207 )

4.27
(0.758 )

Unemp Rate

-0.619 -0.813
(0.057) (0.033)

-0.879
(0.034)

-3.06
(0.902)

0.067
(0.509)

Quality (Std)×
Wholesale Inflation

-0.006
-0.0005
(0.0001) (0.0001)

Wholesale Inflation

-0.004

0.004

(0.0003) (0.0003)
Fixed effects
Store-Category
Store-Category-Time
Firm-Store-Category
Firm-Store-Category-Time

X
X
X

X
X

Note: The dependent variable is the monthly inflation annualized. All underlying series are seasonally
adjusted. Standard errors are clustered at store-category level. All specifications include a constant
that is not reported. All the specifications are the same as those in section 3.2.4. The only difference is
that we weight the regressions using UPCs’ quantity.
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Table F.4: Households’ Recession Quality Index and Shopping Behavior (Quality Index)
Dependent Variable
Log(Spending)

Unemployment Rate
QhRecession ×
Unemployment Rate

Share Generic

Share Coupon

(1)

(2)

(3)

(4)

(5)

(6)

(7)

(8)

-0.015
(0.005)

0.074
(0.055)

0.016
(0.001)

0.012
(0.015)

0.007
(0.001)

0.011
(0.003)

0.003
(0.0004)

0.007
(0.005)

0.032
(0.009)

0.045
(0.009)

-0.005
(0.002)

-0.009
(0.002)

-0.005
(0.001)

-0.005
(0.001)

-0.0006
(0.001)

-0.001
(0.001)

Household Income
Household Income ×
Unemployment Rate
Household controls
Household controls×
unemployment rate
Household FE
R2
Observations

Share "Deal"

X
0.625
43,339

0.113
(0.027)

0.0002
(0.008)

-0.010
(0.005)
X

X
X
0.629
43,339

X
0.818
43,339

0.005
(0.002)

0.002
(0.002)

0.0002
(0.001)
X

X

-0.0005
(0.0005)
X

X
X
0.820
43,339

X
X
0.687
43,339

X
X
0.647
43,339

X
0.675
43,339

X
0.639
43,339

Note: All specifications are the same as those in section. The only difference is that the quality
index is not standardized unit prices but the percentile of unit prices. Standard errors are
clustered by households. The regression is weighted by households’ weights provided by
Nielsen Consumer Panel. Household controls are age, race and marital status of household
head.
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Table F.5: Households’ Recession Quality Index and Shopping Behavior (Dummy)
Dependent Variable
Log(Spending)
(1)

(2)

Share "Deal"
(3)

(4)

Share Generic
(5)

(6)

Share Coupon
(7)

(8)

1Recession

0.053
(0.019)

0.031 -0.002
0.026
0.001
0.009
0.001
(0.256) (0.003) (0.050) (0.001) (0.016) (0.002)

-0.021
(0.026)

1 Low−Quality × 1Recession

-0.038
(0.025)

-0.028 0.009
0.013
0.002
0.003
0.006
(0.027) (0.005) (0.005) (0.001) (0.001) (0.002)

0.004
(0.002)

0.079
(0.018)

0.010
(0.004)

0.003
(0.001)

0.006
(0.002)

-0.001
(0.021)
X

-0.005
(0.004)
X

-0.001
(0.001)
X

0.001
(0.002)
X

X
X
0.511
34,885

X
X
0.816
34,885

X
X
0.680
34,885

X
X
0.618
34,885

Household Income
Household Income ×
1Recession
Household controls
Household controls×
unemployment rate
Household FE
R2
Observations

X
0.502
34,885

X
0.813
34,885

X
0.676
34,885

X
0.595
34,885

Note: Standard errors are clustered by households. The regression is weighted by households’ weights
provided by Nielsen Consumer Panel. Household controls are age, race and marital status of household
head.
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Table F.6: Model Fit – Pricing Moments (Sectors)

Moment

Data

Baseline

Low-quality High-quality Low-quality
Moments targeted
Frequency
Absolute size
Kurtosis
Fraction small
Pricing Moments not targeted
Fraction of price increase
Size of increase
Size of decrease
IQR of price changes
Std. dev. of price changes
Absolute size distribution
10th percentile size
25th percentile size
50th percentile size
75th percentile size
90th percentile size

High-quality

0.14
0.15
3.5
0.39

0.10
0.13
2.9
0.39

0.14
0.14
3.3
0.38

0.10
0.13
3.0
0.38

0.55
0.15
0.16
0.20
0.22

0.58
0.12
0.14
0.18
0.19

0.59
0.13
0.16
0.24
0.19

0.59
0.12
0.14
0.21
0.17

0.018
0.047
0.105
0.207
0.347

0.018
0.044
0.09
0.179
0.293

0.007
0.024
0.122
0.223
0.311

0.010
0.029
0.106
0.209
0.279
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Figure F.1: Intensive and Extensive Margin

Note: This figure plots the magnitude of the intensive margin and extensive margin corresponding to Figure 8 in Section 6.2. The frequency of price changes (intensive margin)
initially increases and becomes flat as θ increases. The extensive margin is initially flat but
increases rapidly when θ is greater.
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