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Abstract

Inflation is an important economic indicator that is typicallymeasured and reported
at the national level. However, there is systematic geographical variation in inflation
across metropolitan statistical areas (MSAs) within the United States, which can
affect spatial inequality. This paper studies how spatial variation in inflation rates
affects income inequality and examines the role of retailer dynamics in driving
these differences. Using Nielsen Retail Scanner dataset and the Business Dynamic
Statistics, we document several stylized facts about the spatial heterogeneity in
inflation and retailer dynamics. We find that the poorest MSAs experienced higher
inflation rates than the richest MSAs on average from 2006 to 2020, accumulated
to 10 p.p. higher inflation over this decade; poorer MSAs have fewer retailers and
fewer varieties of goods with a larger (smaller) fraction of large (small) retailers;
and poorer MSAs have higher retailer market concentration relative to richer MSAs.
To explore the causal link between inflation and market concentration, we use a
triple difference estimator, with a particular focus on the egg market during the
2015 bird flu episode. Our analysis suggests that retailers’ market concentration
and power can be a contributing factor to spatial divergence in price inflation. This
channel can act as a potential catalyst for amplifying inequality among regions with
varying income levels and create important policy implications.
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1 Introduction

Inflation is an important economic indicator that can have significant implications for

economic growth and stability. However, the literature on inflation as well as poli-

cymakers often assume uniform inflation within a nation and overlook the potential

heterogeneity in inflation rates across different regions and disaggregated food cate-

gories. Our research seeks to address this gap by first documenting the heterogeneity

in inflation rates across metropolitan statistical areas (MSAs) for each Personal Con-

sumption Expenditure (PCE) food item and then investigating the relationship between

inflation and market concentration to understand a mechanism through which retailer

dynamics affect price inflation and consequently real income levels differently.

Our analysis is based on Nielsen Retail Scanner data and the Business Dynamic Statis-

tics, which is the public version of the Census firm-level data. The two datasets allow us

to look at how geographic variation in retailer market structure contributes to inflation

rates across different regions in food product markets. Leveraging this database, we

construct price indexes, the Herfindahl-Hirschman index (HHI) of retailers’ sales, and

other statistics associated with market power for each pair of MSA income decile and

PCE food category.

Our findings show that food inflation rates vary across regions with different income

levels. In particular, on average, the poorer MSAs exhibit higher inflation rates than

richer MSAs over the period from 2006 to 2020. The cumulative difference over this

period amounts to 10 p.p. higher inflation rate. Furthermore, we show that within

poorer areas, the fraction of large retailers (with 500 or more employees) is higher

while the fraction of small retailers (with 19 or less employees) is lower. The oppo-

site pattern is observed within richer areas. Related to it, we find that higher market

concentration of retailers’ sales is observed in poorer areas. The market concentration

is also associated with higher inflation rate within a MSA-PCE disaggregated food cat-

egory, and this effect is more pronounced in poorer MSAs. In other words, the MSAs

in the bottom decile in terms of income per capita are the MSAs with the largest price
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change over the decade, which have also experienced the highest degree of market

concentration.

These patterns are robust at both disaggregated and aggregate food items, as well

as to imposing a common goods rule to control for differences in consumption baskets

across MSAs and also robust to different food categories. These findings suggest that

higher market concentration in poorer areas is associated with higher inflation rates,

even after controlling for the variety of consumption baskets.

Although not required for heterogeneous inflation rates across regions, we find het-

erogeneous pricing for the same goods across regions within food items. Even though

poorer regions are experiencing relatively higher inflation rates than richer areas, we

find that poorer regions have a relatively lower level of prices than richer MSAs. Our

results are partially in contrast with the uniform pricing literature. Despite these lower

prices, higher inflation in poorer regions should still be a concern and a source to am-

plify real income inequality. Specifically, this convergence in prices is not followed by a

convergence in incomes. Furthermore, these poorer regions are more likely to be more

sensitive to inflation within food than richer regions given that a higher share of their

expenditures are allocated to food expenditures.

These findings have important implications for policymakers in multiple dimensions.

First, understanding the underlying reason for heterogeneity in inflation rates can in-

form monetary policy and consumer protection. Official government price indexes are

aggregated to the national level, which can misrepresent inflation in the poorest re-

gions of the country. These price indexes are aggregated using expenditure weights

and the rich areas account for a disproportionate share of expenditures. Thus, rely-

ing on aggregate indexes may underrepresent the poorest regions and overrepresent

the richest areas. By focusing exclusively on aggregate measures, the central bank

could make monetary policy decisions that are not reflective of most country (popula-

tion weighted). Related to this, this highlights the need for policymakers to consider

market concentration at the regional level instead of only considering market concen-

tration at the national level, in particular, when antitrust cases are brought relating to
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food products.

In addition, this analysis also provides an important guidance on reducing income

inequality and promoting mobility across different income groups. As spatial inequal-

ity gets more pronounced, it will reduce economic mobility by reducing mobility from

low to high income areas. This can further amplify the original geographic differences,

such as the market power of retailers or (good producers) in poorer areas, behind the

dispersed trends of inflation rates and increase real income inequality. Our study adds

a new dimension, geospatial heterogenity, that policymakers should consider when de-

signing policies that could mitigate the adverse effects of inflation on vulnerable popu-

lations.

2 Literature Review

Previous work has shown that higher income households face lower inflation rates than

poorer households (Jaravel (2018); Kaplan and Schulhofer-Wohl (2017)). On the other

hand, poor households and rich households are commingled by living in the same geo-

graphic region. Handbury (2021) documents that the welfare difference between rich

and poor households could depend on the set of goods available in each region, which

gets themost exacerbated inwealthy cities that have the largest amenities. Our research

can contribute to this line of studies by shedding light on how much of the variation in

inflation rates can be attributed to basket composition and to regional variation. Our

contribution to this literature will be identifying a new source of heterogeneity in infla-

tion: regional. We find another mechanism other than a demand based one, typically

love of variety, that can account for these differences: market concentration.

Our work is also related to another strand of research on the sorting of individuals

and firms across geographic regions. Behrens et al. (2014) find that there is sorting

occurring in the United States where talented and high-skilled individuals choose to live

in large cities. Leonardi and Moretti (2022) also emphasize sorting between retailers

and cities, which can increase the degree of competition. These agglomeration effects
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and higher levels of competition could be one of the driving forces for the heterogeneity

in inflation rates that we observe across different regions. We are currently focusing

our analysis at the MSA level, which is close to the same geographic unit as the sorting

literature.1 We empirically show results that are consistent with sorting to the richest

MSAs, where high-skilled workers move, leads to higher competition as shown by lower

market concentration in these areas.

In addition, our paper contributes to previous studies exploring potential sources of

market concentration at a local market level. Nevo (2001) shows that collusion is not

necessary for firms to charge high-price cost margins in the cereal market which is char-

acterized by high concentration. Feenstra et al. (2022) find that the profit share of firms

has been increasing over time. Neiman and Vavra (2019) exploit the fact that aggre-

gate product concentration is falling over time, but individual product concentration is

increasing over time. They analyze this as a result of fewer products purchased by each

household, but with increasing variations in consumption baskets across households.

These trends could amplify the difference in inflation rates across high income and low

income areas. We aim to analyze market concentration at the segmented local markets

to see its correlation with the inflation dispersion across different regions. Our findings

are consistent with this literature and we are able to contribute by looking at multiple

markets across 21 disaggregated PCE categories across the entire U.S.

Lastly, our study is in line with a broad set studies the association between income

inequality and mobility. Kearney and Levine (2014) identify a causal relationship be-

tween inequality and social mobility by showing places with higher levels of income

inequality have lower high school completion rates. Chetty et al. (2014) adopt cross

commuting zone analysis and documents that places with higher rates of social mobility

tend to be characterized by lower levels of income inequality. Our findings add to the

literature another source amplifying the relationship between economic inequality and

social mobility by shedding light on a new mechanism through spatial heterogeneity
1We have also done the aggregation across states and found similar patterns with slightly less differ-

ences across deciles.
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in market structure and inflation rates.

3 Data and Measures

We use two main sources of data to analyze heterogenous inflation rates across re-

gions: Nielsen Retail Scanner (RMS) dataset and Business Dynamic Statistics (BDS).

The RMS dataset lets us measure inflation rates across regions by using sales informa-

tion sales across retailers for food products. The BDS dataset will allow us to see if

market concentration is a driving force in the patterns that we observe.

3.1 Nielsen Retail Scanner

Our analysis is based on the RMS dataset provided by the Kilts Center at Chicago Booth.

The data consists of weekly pricing, volume, and store merchandising conditions gener-

ated by more than 100 retail chains across all U.S. markets, which includes over 40,000

individual stores. Total sales in the Nielsen RMS are worth over $200 billion per year

and represent 50% of total sales in grocery stores, 55% in drug stores, 32% in mass

merchandisers, and 2% in convenience stores.

A key advantage of this data is that it contains detailed information at the finest

product level, 12-digit universal product codes (UPCs) that uniquely identify specific

goods. The data consists of over 2.6 million UPCs. Furthermore, Nielsen classifies UPC-

level goods by 10 departments, 110 product groups, and over 1,000 product modules.

We further use a concordance provided by the BLS that maps Nielsen product modules

to entry level items (ELIs). These ELIs then map to PCE disaggregated categories.

Currently, our analysis focuses on the food sector, identified as the aggregation of 21

PCE food categories, over the period 2006Q1-2020Q4. See the 21 categories in Table

1 and the concordance between the PCE categories (based on the ELIs) and Nielsen

product modules in Table 3.

To construct our main dataset from Nielsen, we start with the weekly-store-UPC level
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raw data and link it to the MSA-level BEA personal income data by store location in-

formation in Nielsen. We further define income deciles by the cross-time average of

the MSA-level income per capita.2 And then, we aggregate the data to the monthly

frequency using the National Retail Federation (NRF) calendar and aggregate it up to

the quarterly level. Next, using the concordance between the product modules and the

PCE food categories, we identify the food sector in Nielsen. Lastly, to measure manu-

facturer market power and degree of competition, we merge the quarterly data with

manufacturer identifiers by UPC codes.3 We follow the similar steps as Hottman et al.

(2016).

Our main analysis is at the MSA income decile, food category, and quarter level. We

generate price indexes, the Herfindahl-Hirschman Index, and other statistics associated

with market power and structure for each pairing of MSA income decile-food category-

quarter.

3.2 Business Dynamic Statistics

The Business Dynamic Statistics (BDS, henceforth) is a public version of the adminis-

trative Census firm-level data, the Longitudinal Business Dynamics (LBD, henceforth).

The data provides the annual measures of business dynamics in the U.S., such as job

creation and destruction, establishment births and deaths, and firm entry and exit.

This is provided for the economy overall as well as aggregated by establishment or firm

characteristics such as firm size and age. Furthermore, the data provides sectoral and

geographic level information which allows us to track the business dynamics at the sec-

tor, state, county, and MSA levels.4 In the BDS, we use retailers’ information (based on

NAICS 44-45) and construct a set of business dynamics measures at the MSA level.
2See the examples of the income deciles in Table 4.
3The manufacturer identifiers are provided by GS1, the company in charge of allocating barcodes.
4See more details in https://www.census.gov/programs-surveys/bds.html.
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3.3 Main Measures

3.3.1 Price Indexes

To measure and compare the cost of living across the income deciles, we construct

price indexes from the UPC-level data in Nielsen. As a starting point, we have used

traditional price indexes, where our main focus is on the log geometric Lapeyres price

index as follows:

lnΨG
t =

∑
k∈Ct−1,t

wkt ln
pkt
pkt−1

, (3.1)

wherewkt is a weight assigned to product k in quarter t, and we take lagged expenditure

shares as weights (wkt = skt−1) for the Laspeyres index. The set Ct−1,t is the set of all

“continuing” goods that are sold both in period t and in period t− 1.

Although our default measure is based on the Laspeyres index, we also use the

Paasche index, where we replace the weights with current expenditure shares (wkt =

skt). We also do a robustness test using alternative demand-based indexes based on the

CES preference assumption due to potential substitution bias associated with the tradi-

tional indexes.5 One is the Sato-Vartia index, where we replace the above weight with

wkt =

(sk,t−sk,t−1)

(ln sk,t−ln sk,t−1)∑
k∈Ct−1,t

(sk,t−sk,t−1)

(ln sk,t−ln sk,t−1)

, which considers the demand effect for common goods ap-

pearing between (t−1) and t. Another index is the Feenstra-adjusted Sato-Vartia index,

which further considers the effect of product entry and exit. It is constructed by the

following formula,

lnΨFeenstra−SV
t = lnΨSV

t +
1

σ − 1
ln

λt,t−1

λt−1,t

,

where λt,t−1 =

∑
k∈Ct−1,t

pk,tqk,t∑
k∈Ωt

pk,tqk,t
, λt−1,t =

∑
k∈Ct−1,t

pk,t−1qk,t−1∑
k∈Ωt−1

pk,t−1qk,t−1
.

Laslty, we also construct the price indexes by restricting our sample to UPCs sold

in all ten income deciles in a given quarter. This is because consumption baskets vary
5The traditional indexes do not take into account demand effects that may be generated from con-

sumers’ substitution across differentiated goods.

8



across different income groups, as indicated in Jaravel (2018), and potentially across

regions with different income level. In order to see if the spatial dispersion of price level

and growth comes from the differene in consumption basekets, we additionally use the

price index constructed with the set of common goods only.

3.3.2 Retailer Dynamics

Using the BDS, we define large and small retailers by their employment size. In particu-

lar, large retailers are those with 500 or more employees, and small retailers are those

with 19 or less employees. Following this, we construct the share and employment

share of large and small firms within each MSA and compare across different regions

(MSAs).

Furthermore, in Nielsen, we use store and retailer codes and geographic informa-

tion to identify stores, retailers, and their ownership structure (i.e. which retailer owns

which stores across different regions and time). In particular, we calculate the num-

ber of retailers located in each MSA. Also, we construct the number of stores owned

by retailers to proxy retailer size. Lastly, we use the sales share of retailers and con-

struct the Herfindahl-Hirschman index (HHI) to indicate the degree of retailers’ market

concentration in each region.

4 Spatial Heterogeneity in Inflation and Retailer Dyan-

mics

4.1 Price and Inflation Patterns

Figure 1 presents the geometric Laspeyres index constructed from the Nielsen Scanner

along with the official PCE price index across the 1st (poorest), 5th, and 10th (richest)

income deciles. We focus on aggregated food, where the left panel shows the price

index including all UPCs, and the right panel only includes common goods: the UPCs
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that are present across all deciles. We set the base quarter to 2006Q2.

The general trend captured by the subfigures is that the poorest decile (“Decile 1")

exhibits higher price growth than the richer deciles (“Decile 5" and “Decile 10"). This

pattern still holds even after we restrict to the set of common goods when constructing

the price indexes. This implies that the dispersion of price growth across deciles is

not necessarily driven by different consumption baskets nor by different preferences

amongst consumers across different regions. These findings are generally preserved

for the 21 PCE food categories as well as other aggregated food series. See Figure 2

for Eggs and 3 for Soda and Juices, each of which is one of the PCE food categories.

Furthermore, the patterns stay robust even after using the demand-based price indexes,

which is presented in Figure 4

Lastly, the official PCE series is closest to the series for the highest income decile than

it is to any other decile. This implies that the official PCE series does a poorer job of

capturing the pricing pattern in poor areas, and thus cannot properly track the pricing

dispersion across different income deciles over time. Specifically, the official PCE price

index series is understating inflation for individuals living in the poorest areas. This has

macroeconomic implications. For example, if we assumed uniform wage growth across

the United States, then official real wage growth over this period is is higher than actual

real wage growth in the poorest areas.

4.2 Retailer Dynamics

Figure 5 shows that more retailers are located in richer areas. Furthermore, we find

there is a clear pattern between firm size and the income deciles. Figure 6 presents the

share of large retailers, and Figure 7 displays the share of small retailers, within each of

the income deciles. These figures indicate that there is more fraction of large retailers

within poorer income areas, while less share of large retailers is observed within richer

areas. The reverse pattern is observed for the fraction of small retailers. The retailer

size in the figures is measured by employment size. Note that these patterns are robust
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across the whole sample period.

The cross-sectional pattern is also shown by the following regression:

LargeF irmmt = β0 + β1Incomemt + δm + δt + εmt,

whereLargeF irmmt is the (employment) share of large firms inMSAm, year t, Incomemt

is income per capita in MSAm, and δm, δt are MSA, year fixed effects, respectively. The

result is displayed in Table 5, where larger firms are more prevalent and have a higher

share of employment within lower income deciles.

In addition, we find another consistent result in Nielsen, where we define retailer

size by the number of stores it owns. Figure 8 exhibits the distribution of retailers’ store

numbers across income deciles. This shows that the poorer deciles have the smallest

mass of small retailers (with less number of stores) relative to the richer deciles.

We also find that poorer decile experiences a higher degree of retailer market con-

centration from the following regression:

HHIidt = β0 + β1Deciledt + δi + δt + εidt,

whereHHIidt is the Herfindahl–Hirschman index of retailer sales for PCE food category

i, MSAs in income decile d in quarter t, Deciledt is an indicator for income decile, and

δi, δt are the fixed effects for PCE food category and time, respectively. Table 6 shows

the result, where the HHI is higher in lower income deciles.

Related to it, we construct the HHI with a version for all goods and another version

for common goods only for each decile. We also estimate consumers’ elasticity of substi-

tution between products, following Feenstra (1994), to understand how consumption

behavior is correlated with the retailer market dynamics and the pricing dispersion ob-

served across different regions. Table 7 presents the cross-time average of the HHI and

the elasticity of substitution for a subset of the 21 food items and aggregated food.6

6We are currently making more progress to estimate the elasticity of substitution based on the nested
CES structure as in Hottman (2017). This helps estimate the elasticity of substitution for each of the
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The table broadly suggests that market concentration varies across different markets,

but within each market, the market is more skewed in the poorest areas towards larger

firms. In addition, higher income areas tend to have higher elasticity of substitution in

most markets, where the higher estimates imply consumers are more willing to substi-

tute different goods into their baskets.

Lastly, we also tabulate the total number of UPCs sold, common goods sales as a

fraction of total sales, and quantity of common goods as a fraction of total UPCs. We

perform this analysis for each food category across income deciles. Consistent with

our intuition, we find that poorer areas have fewer UPCs and have higher quantity and

expenditure shares of total consumption allocated to the set of common goods.

5 Potential Mechanism through Retailers’ Market Con-

centration

To investigate a potential mechanism behind relatively higher inflation in poorer MSAs

than richer MSAs, we perform additional analysis using HHI as our measure of market

concentration. First we look at the relationship between inflation rates and HHI. Then

to determine a causal relationship between the two, we exploit a quasi-experiment

using triple difference estimator.

5.1 Standard OLS Estimator

First, to see how the inflation rate at the MSA level is associated with the degree of

market concentration, we run the following simple OLS regression:

Pmt = β0 + β1HHImt + δm + δt + εmt, (5.2)

following different tiers: i) across UPCs within each pair of product group-retailer-MSA, ii) across product
groups within each pair of retailer-MSA, and iii) across retailers in each MSA. Furthermore, we would
like to back out the MSA-level markups based on this structure to tease out where the effect of market
concentration comes from the retailers’ markups.
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where Pmt is the (geometric) Laspeyres inflation rate of eggs in MSA m, quarter t,

HHImt is the HHI of retailer sales in MSA m, quarter t. δm and δt are the MSA and

quarter fixed effects, respectively.

To measure whether there is an association between market concentration and infla-

tion, we use the standard OLS estimator described in (5.2). The result is presented in

Table 8. In column 1, we exclude any fixed effects and a positive relationship between

HHI and inflation. This effect is significant at the 1 percent level. The positive signif-

icant association persists once we include MSA and quarter fixed effects in columns 2

and 3.7 However, we cannot speak to any causal relationships here as this may contain

an endogeneity bias. For example, potentially consumers in MSAs with higher HHI

values prefer to consume goods that are experiencing relatively higher inflation.

We show the stylized fact that the poorer MSAs experienced higher inflation in food

and beverages than the richest MSAs. However, we are not able to conclusively show

what is driving this difference in inflation rates. One potential explanation is a supply

side story where poorer MSAs have fewer stores available for consumers and this weak-

ened competition allows retailers to increase prices. An alternative explanation could

be a demand story where even after we restrict to same set of goods across MSAs, the

consumers in rich MSAs are different than the consumers in poor MSAs. One potential

difference in consumers would be if consumers living in MSAs in the top decile were

more sensitive to price changes such that this increased sensitivity to price would lead

firms to increase prices at slower rates.

In order to isolate whether the effect that we find is coming from the supply side

or demand side, we use the 2014-2105 bird flu as a quasi-experiment with a triple

difference estimator in the next section.
7In this specification and all specifications with MSA level data, we cluster our standard errors at the

MSA level.
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5.2 Triple Difference Estimator

We use the 2014-2015 highly pathogenic avian influenza effect, the as an exogenous

supply shock to the egg market. The 2015 bird flu episode affected the price and

quantities of eggs sold, as found in the eggs price Figure 2 around 2014Q4-2015Q1.

Based on the USDA report, 36 million layers (birds that lay eggs) were lost due to the

bird flu by June 2015.8

Importantly, the USDA and GAO reports state that the impact of the bird flu shock

exhibits geospatial variations, where the central and western parts of the U.S. were

predominantly affected. We have the official confirmed premises of infection detailing

when, where, and how many layers were culled from the USDA.9 These MSAs where

layers were culled would be disproportionately affected by the bird flu. Specifically,

these MSAs might have higher inflation in eggs early in the bird flu during the infla-

tionary period.

Leveraging this information, we can construct a diff-in-diff identification strategy by

grouping treated and controlled MSAs and compare the effect of the bird flu on them.

Furthermore, we can use a triple diff-in-diff estimator by further interacting the MSA-

level market concentration with the standard diff-in-diff term to see how the effect

varies by the degree of retailer market concentration.

First, to measure whether there these MSAs where farmers culled their layers were

disproportionately affected by the bird flu, we use a two-year window around the treat-

ment in 2014q4 and run the following traditional TWFE regression over the sample

2012q4 to 2016q4:

Pmt = β0 + β1(Treatedm × Postt) + δm + δt + εst, (5.3)

where Pmt is the (geometric) Laspeyres inflation rate for eggs in MSA m and quarter
8The USDA also compensated producers that had to cull their layers. Payment was based on "fair

market" values as determined by USDA appraisers.
9https://crsreports.congress.gov/product/pdf/R/R44114
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t. Treatedm corresponds to a binary variable that indicates whether farmers in MSA

m had to cull their layers during the 2014-2015 bird flu according to the USDA. Postt

corresponds to a binary variable that takes the value one after 2014q4. As before, δm
and δt are the MSA fixed effects and quarter fixed effects, respectively. The coefficient

on β1 should be positive at least during the inflationary period of the bird flu given that

theses MSAs experienced a relatively larger cost shock.

The result is shown in Table 9. In column 1, we estimate an effect of zero, which

may suggest that these MSAs were not disproportionately affected by the 2014-2015

bird flu. However, this null effect is masking heterogeneity in effects during this period.

If we separate the sample into inflationary and deflationary periods, we see opposing

effects in the MSAs where layers were culled. In column 2, we restrict our sample to

inflation period as measure when the national eggs inflation rate was above zero and

estimate a 0.04 coefficient on the interaction of Bird Flu and Post. This corresponds to a

4 percentage point higher inflation rate in MSAs affected by the bird flu after 2014q4.

This point estimate is significant at the 1 percent level. In column 3, we restrict to

the deflationary period and see that MSAs that culled their layers experienced a 4 ppt.

lower inflation rate after 2014q4. This point estimate is significant at the 1 percent

level. In column 4, we pool all quarters and take the absolute value of the dependent

variable, inflation rate. We find that MSAs that culled their layers experienced larger

changes in the inflation rate after 2014q4.

These heterogeneous inflation effects during the bird flu are reflected in Figure 9. In

the left panel, the standard event study difference-in-differences coefficients are plot-

ted. The dashed vertical line corresponds to 2014q4, which is the start of the post

period. There is no systematic difference in inflation rates between MSAs that culled

their layers (the treated MSAs) and MSAs that did not cull their layers (the controlled

MSAs) prior to 2014q4.10 However, after 2014q4, we see some quarters in which the

treatedMSAs experienced relatively higher inflation and others where they experienced

less inflation.
10This satisfies the parallel trends assumption.
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This heterogeneity can be explained by heterogeneous effects depending on whether

there is an inflationary or deflationary period of eggs as suggested by the right panel

of the figure, where we replace the dependent variable with the absolute value of the

inflation rate. We find that the impacted MSAs were consistently more affected after

2014q4. There continues to be no significant difference between these two groups of

MSAs prior to 2014q4.

Next, we use a triple difference estimator to measure how the impact varies across

the treated MSAs (where farmers culled their layers) with different degree of market

concentration (HHI). The following regression shows the identification:

Pmt = β0 + β1HHImt + β2(Treatedm × Postt)

+ β3(Treatedm ×HHImt) + β4(Postt ×HHImt)

+ β5(Treatedm × Postt ×HHImt) + δm + δt + εmt,

(5.4)

where the subscript m corresponds to MSA m and t is quarter t. Treateds is a binary

variable indicating whether MSA s is near to where layers were culled during the 2014-

2015 bird flu episode according to the USDA report. Postt is a binary variable that takes

the value 1 if quarter t is after 2014q4. HHImt is HHI of retailer concentration of sales

in MSA m for quarter t. Pmt is the geometric Laspeyres inflation rate in MSA m in

quarter t. The fixed effect terms, δm andδt, are the same as before, and εst is the error

term.

The result is described in Table 9. In the column 1, we restrict our sample to the

inflationary period and find that the MSAs with higher market concentration increased

prices at faster rates in the eggs market after the bird flu episode. This point estimate

is significant at the 1 percent level. One concern one may have is that potentially, these

MSAs with higher market concentration will lower prices by higher amounts during the

deflationary period. In column 2, we restrict our sample to the deflationary period and

find that theMSAs with higher concentration are not lowering their prices at faster rates

during the deflationary period. We find some suggestive evidence that these MSAs are
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slower to decrease prices in deflationary period as evidenced by our positive coeffieint

on the triple interaction term in column 2. This coefficient is significant at the 10

percent level. In column 3, we pool all quarters in the two year window together and

we continue to find that MSAs with higher market concentration exhibit higher inflation

than the MSAs with lower market concentration.

Our results show a potential mechanism explaining the heterogeneous inflation rates

between poor and rich MSAs in the eggs market through the market concentration of

retailers. In particular, the triple difference-in-differences results are suggestive that

these differences may occur through markups rather than marginal cost with high cost

pass-through.11 Testing this hypothesis and disentangling where the effect comes from

still remain as our to-do list.12

6 Concluding Remarks

We document that poorer MSAs in the US were experiencing higher inflation rates than

the richest MSAs in the US for both aggregated food and disaggregated food categories

between 2006 and 2020. This finding is also robust to different types of price indexes

and to the set of common goods consumed across all MSA deciles. Furthermore, we

document that official price indexes PCE systematically understate the inflation that

poorer areas experience by having price indexes closer to the richest decile.

To investigate how this pattern is linked to different retailer dynamics across poor

and rich MSAs, we find that the composition and market concentration of retailers vary

across different regions. In particular, we find a positive association between the retailer

sales concentration and inflation rates. To develop a more causal link between market

concentration and inflation, we exploit the 2014-2015 bird flu episode and employ a
11If differences in marginal costs are the main driving factor behind the heterogeneous inflation rates,

we would expect to see higher deflation in the deflationary period in MSAs with higher market concen-
tration.
12We are currently in the process of estimating the MSA-level markups and marginal costs based on

the nested CES structure following Hottman (2017).
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triple difference estimator. We find that the MSAs affected by the bird flu with higher

HHI values experience higher inflation rates than the MSAs affected by the bird flu

with lower HHI values. This suggests that retailer market concentration plays a role in

pronouncing the impact of the cost shock by charging higher prices.

This work is still preliminary, and there are several remaining future work. We would

like to investigate further whether this is linked to retailers’ market power by estimating

markups in the data. Furthermore, we would like to build a structural model to quantify

the channel and derive more testable and policy implications. Lastly, we will continue

to analyze the unrepresentativeness of official price indexes.
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A Figures

Figure 1: Price Index for Aggregated Food

Note: The figure represents the price relatives for the aggregated food market with four series where

each series is normalized to 100 at the start of the sample. The sample period starts in 2006Q2 and ends

in 2020Q4. The data for the three solid lines comes from Nielsen Retail Scanner dataset represented by

geometric Laspeyres price indexes, while the dashed line comes from the BEA (official measure). Each

solid line corresponds to a decile of the income per capita ranking of MSAs with decile 1 containing the

states with the lowest income per capita and decile 10 containing the states with the highest income

per capita. The left panel is the set of goods that individuals face at retailers in quarter t and t-1. The

right panel corresponds to the set of goods that are present across all 10 deciles in quarter t and t-1. We

map the Nielsen UPCs to the PCE definition of food purchased for off-premises consumption by using a

product module concordance provided by the BLS.
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Figure 2: Laspeyres Price Index for Eggs

Note: The figure represents the price relatives for the aggregated egg market with five series where each
series is normalized to 100 at the start of the sample. The sample period starts in 2006Q2 and ends in
2020Q4. The data comes from Nielsen Retail Scanner dataset represented by geometric Laspeyres price
indexes. Each solid line corresponds to a decile of the income per capita ranking of MSAs with decile
1 containing the MSAs with the lowest income per capita and decile 10 containing the states with the
highest income per capita. The red dashed line corresponds to the PCE price index. The left panel is the
set of goods that individuals face at retailers in quarter t and t-1. The right panel corresponds to the set
of goods that are present across all 10 deciles in quarter t and t-1. We map the Nielsen UPCs to the PCE
definition of eggs by using a product module concordance provided by the BLS.
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Figure 3: Laspeyres Price Index for Soda and Juices

Note: The figure represents the price relatives for soda and juices market with five series where each
series is normalized to 100 at the start of the sample. The sample period starts in 2006Q2 and ends in
2020Q4. The data comes from Nielsen Retail Scanner dataset represented by geometric Laspeyres price
indexes. Each solid line corresponds to a decile of the income per capita ranking of MSAs with decile
1 containing the MSAs with the lowest income per capita and decile 10 containing the states with the
highest income per capita. The red dashed line corresponds to the PCE price index. The left panel is the
set of goods that individuals face at retailers in quarter t and t-1. The right panel corresponds to the set
of goods that are present across all 10 deciles in quarter t and t-1. We map the Nielsen UPCs to the PCE
definition of eggs by using a product module concordance provided by the BLS.
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Figure 4: Demand-based Price Indexes for Eggs

Sato Vartia Feenstra-adjusted Sato Vartia
Note: The figure represents the price relatives for the aggregated egg market with five series where
each series is normalized to 100 at the start of the sample. The sample period starts in 2006Q2 and
ends in 2016Q4. The data comes from Nielsen Retail Scanner dataset represented by Sato-Vartia and
Feenstra-adjusted Sato-Vartia price indexes. Each solid line corresponds to a decile of the income per
capita ranking of MSAs with decile 1 containing the MSAs with the lowest income per capita and decile
10 containing the states with the highest income per capita. The red dashed line corresponds to the
PCE price index. We map the Nielsen UPCs to the PCE definition of eggs by using a product module
concordance provided by the BLS.
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Figure 5: Number of Retailers
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Figure 6: Share of Large Retailers
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Figure 7: Share of Small Retailers
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Figure 8: Distribution of Retailer Size (in number of nationwide stores) across Different
Income Deciles
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Figure 9: Event Study Difference-in-Differences (Bird Flu)

(a) Treated × Quarter (b) Treated × Quarter (Absolute Value)
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B Tables

Table 1: 21 PCE Food Categories

1 Bakery 12 Milk
2 Beef and Veal 13 Other Foods
3 Beer 14 Other Meats
4 Cereal 15 Pork
5 Coffee 16 Poultry
6 Dairy 17 Processed Fruits and Vegetables
7 Eggs 18 Soda
8 Fats and Oil 19 Spirits
9 Fish 20 Sugar and Sweets
10 Fruits 21 Vegetables
11 Wine
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Table 2: Concordance between PCE Foods and Nielsen (Part 1)

PCE Food Items Nielsen Product Modules Nielsen Product Groups
Bakery 1368, 1257, 1343, 1350, 1358, 1364, 1506, 2001, 2504

1408, 1351, 4000, 4001, 4002, 4003,
4004, 4005, 4006, 4007, 4008, 4009,
4011, 4012, 1362, 1365, 2659, 2632,
1612, 1639, 1600, 1601, 1604, 1605,
1606, 1607, 1609, 1610, 1611, 1674,

1675, 6039, 6040
Beef and Veal 2687, 2688, 2691

Beer 5055 5001
Cereal 1317, 1319, 1321, 1241, 1261, 1265, 1005, 1009, 1013,

1679, 6075, 1727, 8967 1004, 1001
(1443, 1351, 1390)

Coffee 1048, 1483, 1482, 1046, 1050, 1442, 1006, 1020, 2004
1411, 1636, 1637, 1711, 1712, 1713,

1726, 1730
(1466, 448, 1461)

Dairy 1052, 3650, 3627, 1631, 1632, 6076, 2502, 2503, 1012,
1700, 1710, 1633, 1716, 1634, 1738 2005, 2510, 2003
(447, 462, 2664, 3557, 1442)

Eggs 1342, 1673 2505
Fats and Oil 1421, 3568, 1685, 1657, 1737, 1613 2501, 1015, 1016

(1170)
Fish 2626, 2607, 2643, 2645, 2679, 2682, 512

2683, 2686, 3579, 1715, 6071, 6065
(6071)

Fruits 4085, 4180, 4230, 4355, 4470, 4225,
1620, 1621, 6049, 6050, 8962

Milk 3626,3592,3625 2506
Other Meats 3567, 3576, 3582, 3572, 1626, 1627,

1629, 1630, 1689, 1697, 1628
Pork 3577, 3578, 3581, 3584, 3585, 1687,

1624
Poultry 2681, 8949
Spirits (7806, 5048) 5002
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Table 3: Concordance between PCE Foods and Nielsen (Part 2)

PCE Food Items Nielsen Product Modules Nielsen Product Groups
Other Foods 1004, 1428, 1182, 1051, 1251, 1255, 501, 510, 513,

1320, 1337, 1339, 1340, 1370, 1091, 1007, 1011, 1014,
1106, 1108, 1109, 1153, 1378, 1396, 1017, 1507, 2008
1418, 1429, 1435, 1436, 1437, 1438,
1440, 1448, 1449, 1469, 1470, 1471,
1443, 1430, 1434, 1446, 1447, 1450,
1453, 1454, 1439, 2631, 2690, 3557,
3566, 3570, 3602, 3562, 3563, 3564,
3571, 3573, 3580, 3598, 3601, 3616,
3569, 3597, 1531, 8415, 3593, 1724,
7792, 1683, 6087, 1731, 1658, 1714,
1672, 1614, 1615, 1608, 1661, 1662,
1663, 1664, 1665, 1666, 1667, 1696,
1708, 1640, 1641, 1643, 1645, 6081,
6082, 1653, 1654, 1690, 6083, 1703,
1646, 1652, 1655, 6077, 1706, 6080,
8955, 8959, 8968, 8971, 8991

(1063, 1160, 1224, 1242, 1253, 1368,)
(1005, 1128, 1134, 1342, 1142, 1143,)

(1156, 2626)
Processed Fruits and Vegetables 1083, 1084, 1142, 1156, 1143, 1315, 504, 1010, 2010,

1316, 2664, 1253, 1160, 1063, 3565, 514
1622, 1669, 1671, 1680

(1428, 1425, 2618, 1091, 1108, 1106)
(1109)

Soda 1466, 1461, 1487, 6079, 1729, 1638, 2006, 1503, 507
6086

(7743, 452, 1051)
Sugar and Sweets 1389, 1372, 1545, 1420, 1410, 1412, 503, 505, 1018,

1415, 1417, 1005, 1390, 1431, 1432, 1019
1433, 1617, 1618, 1709, 1728, 1656,
1684, 1677, 1702, 1705, 1718, 1686,

8995
(1489, 1004, 8620)

Vegetables 4050, 4055, 4060, 4140, 4020, 4023,
4350, 4400, 4415, 4460, 4015, 4475,
4275, 4280, 3544, 1668, 1670, 6064,

6070, 8969
Wine 6088 5003

(5055)
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Table 4: Examples of MSA Deciles

Decile 1 El Paso (TX), Albany (GA), Yuma (AZ), Terre Haute (IN), etc.
Decile 5 Knoxville (TN), Panama City (FL), Binghamton (NY), Wilmington (NC), etc.
Decile 10 New York (NY), Washington (DC), Boston (MA), San Francisco (CA), etc.
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Table 5: The Share of Large Firms

Large firm share Large firm emp. share
Income -0.040*** -0.040***

[0.006] [0.009]
Year FE Yes Yes
MSA FE Yes Yes
Observations 7,620 7,620

*** p<0.01, ** p<0.05, * p<0.1

Table 6: HHI across Different Income Deciles

HHI
Decile -0.004***

[0.000]
Year FE Yes
Item FE Yes
Observations 10,920
*** p<0.01, ** p<0.05, * p<0.1
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Table 7: HHI and the Elasticity of Substitution

Item Decile HHI Elasticity of substitution
Cereal 1-3 0.1337 4.3106
Cereal 4-7 0.1343 4.3289
Cereal 8-10 0.1361 5.4731
Eggs 1-3 0.3324 3.5803
Eggs 4-7 0.3104 7.6531
Eggs 8-10 0.2892 8.1946
Fats and Oil 1-3 0.0639 4.0299
Fats and Oil 4-7 0.0610 4.1235
Fats and Oil 8-10 0.0580 4.6153
(Alcoholic Beverages)
Beer 1-3 0.2798 6.2084
Beer 4-7 0.2311 6.5024
Beer 8-10 0.1740 8.1054
Spirits 1-3 0.0515 5.3730
Spirits 4-7 0.0492 6.2725
Spirits 8-10 0.0474 7.0815

Note: Each subpanel represents one of the 21 PCE-items with statistics on HHI when calculated using
all goods. We show the average of three subgroups based on deciles of the income per capital ranking
of MSAs: the average of deciles 1-3 (three lowest income per capita deciles), the average of deciles 4-
7 (median income per capita deciles), and the average of deciles 8-10 (three richest income per capita
deciles). The HHI measures levels of market concentration with a range of 0 to 1 where values closer to 1
represent higher levels of market concentration. All of the statistics are produced using the Nielsen Retail
Scanner dataset, averaged over 2006Q1-2016Q4. The elasticity of substitution is constructed following
the method in Feenstra (1994). The elasticity of substitution measures how easy it is for individuals in
those deciles to substitute across goods in the corresponding local market where higher values correspond
to higher ease of substitution. Note that the last two items are alcoholic beverages, which belong to the
broadest aggregate foods category named “Food and Beverages".
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Table 8: Association between HHI and Inflation Rate

(1) (2) (3)
Inflation Inflation Inflation

HHI 0.012*** 0.047*** 0.022***
(0.002) (0.008) (0.005)

MSA Fixed Effects No Yes Yes
Quarter Fixed Effects No No Yes
Observations 9,484 9,484 9,484

*** p<0.01, ** p<0.05, * p<0.1

Table 9: TWFE Estimator (Bird Flu Episode)

Inflation Inflation Inflation Abs. Inflation
Bird Flu × Post -0.003 0.039*** -0.035*** 0.053***

(0.004) (0.008) (0.007) (0.006)
Sample All Inflation Deflation All
Quarter FE Yes Yes Yes Yes
MSA FE Yes Yes Yes Yes
Quarters 17 10 7 17
MSAs 187 187 187 187
Observations 3,160 1,859 1,301 3,160

*** p<0.01, ** p<0.05, * p<0.1
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Table 10: Triple Difference Estimator (Market Concentration)

Inflation Inflation Inflation
Bird Flu × Post × HHI 0.078*** 0.065* 0.052***

(0.021) (0.038) (0.018)
Bird Flu × Post -0.002 -0.078*** -0.034**

(0.012) (0.026) (0.014)
HHI × Post -0.003 -0.006 -0.006

(0.008) (0.012) (0.005)
Bird Flu × HHI -0.180 1.246* 0.389

(0.137) (0.656) (0.297)
HHI 0.073*** 0.022 0.050***

(0.019) (0.037) (0.018)
Sample Inflation Deflation All
Quarter FE Yes Yes Yes
MSA FE Yes Yes Yes
Quarters 10 7 17
MSAs 187 187 187
Observations 1,859 1,301 3,160

*** p<0.01, ** p<0.05, * p<0.1
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