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Abstract

Do centralized pricing decisions by retail chains with a presence in multiple
markets contribute to the propagation of local economic shocks? Using store-
level scanner data linked to county-level house prices during the Great Recession,
I show that prices in a county respond to house price-induced demand shocks
in distant counties served by the same chains. This pattern is consistent with a
model of uniform pricing. Counterfactual analysis reveals that uniform pricing,
combined with the geographic dispersion of retail chains, reduced cross-county
dispersion of inflation by 50%, amplifying the effects of the Great Recession in

areas more severely affected.
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1 Introduction

The propagation of local shocks through the economy has been a central topic in
economics. Research has primarily focused on trade linkages between firms and sec-
tors, as well as on flows of factors of production. However, more than 75% of US
output is generated by multi-establishment firms that operate in many regions.! What
is the role of the centralized decisions of multi-establishment firms with a presence
in many regions in shaping the propagation of local shocks? Do these firms connect
regions economically beyond the traditional networks?

If the various establishments of these firms operate independently, these firms will
play no additional role in propagating shocks. However, some characteristics of these
firms can create inter-dependencies between their establishments. My focus lies on
centralized pricing decisions. If firms do not perfectly discriminate prices across their
establishments, then shocks in one region could affect prices in other locations where
the same firms operate. I study this phenomenon for an important sector of the US
economy, the retail trade sector: i.e., grocery, supermarkets, drugstore, and mass mer-
chandise stores. Given the importance of this sector in households expenditure, the
decisions made by retail chains directly impact the prices paid by millions of con-
sumers.” If different retail chains are spread across different regions and if they do not
perfectly discriminate prices across regions, then their networks of stores may affect
how prices in different regions are connected. Yet, existing research has paid rela-
tively little attention to the spatial networks of retail chains and how they shape the
propagation of local shocks to consumer prices in distant markets.

In this paper, I study whether and how local demand shocks propagate to food-at-
home consumer prices in distant regions through retail chain networks. Can food-at-
home consumer prices in Houston decline because there is a negative shock in Miami
and Miami happens to be an important market for Houston’s dominant retail chains?

Exploiting regional variation in local consumer demand from the collapse in house

IMulti-state firms represent 70% of total employment in the US (Giroud and Mueller (2019)).
2An average family spends 12% of their household expenditure on food and beverages bought in
grocery stores (Based on 2017 data from U.S. Bureau of Labor Statistics (BLS))
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prices during the Great Recession (2007-2011), I find that the county-level food-at-
home consumer price index depends not only on local demand conditions, but also on
shocks in distant regions that are served by the same retail chains.

My main analysis is based on store-level scanner data from the NielsenlQ-Kilts re-
tail panel. The data includes sales and prices in more than 35,000 participating grocery,
drug, and mass merchandise stores that operate in more than 2,000 counties. I com-
bine this with data on county-level changes in house prices during the Great Recession
(2007-2011) from the Federal Housing Finance Agency (FHFA).

In order to identify the role of retail chains in propagating shocks across counties
in the U.S., I use NielsenlQ data to construct a spatial network of the retail chains’
stores. Since retail chains are unevenly distributed in space, their spatial network
creates linkages between counties. I construct a new measure of connectedness that
characterizes how retail chains connect counties economically. The bilateral exposure
of county c to county k is a weighted average of the share of each retail chain’s national
sales that take place in county k, where the weights are given by the market share of
each retail chain in county c. Intuitively, a county ¢ will be more exposed to county
k if county k is an important market for the dominant retail chains in county c. I use
these bilateral weights to compute county c¢’s exposure to house price changes as the
network-weighted percentage change in house prices.

My main empirical finding is that county-level food-at-home prices are sensitive
to house price-induced local demand shocks in distant counties that are linked by
the retail chains” networks. To deal with endogeneity of house price changes, I fol-
low the identification strategy in Mian and Sufi (2011) and use the local housing sup-
ply elasticity to instrument for local house price changes. More importantly, I use
the network-weighted housing supply elasticity (in other counties) to instrument for
network-weighted house price changes. Across various empirical specifications, I find
that a ten percent drop in house prices in distant counties linked by the network of re-
tail chains leads, on average, to a 1.4 percent decline in county-level food-at-home

consumer prices.
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My identification strategy faces some challenges. Since retail chains are not placed
randomly across space, it is hard to distinguish the propagation of shocks through
the network of retail chains from common regional shocks (correlated with housing
supply elasticity) in the regions where the same retail chains operate. Notably, to min-
imize transportation costs, retail chains might locate their stores in nearby counties,
where wages and prices co-move due to, for example, integrated labor markets or
trade relationships. In a series of empirical exercises, I show evidence that common
regional shocks are not driving my results.

First, I document that my results hold after conditioning on trade relationships due
to geographic proximity. In fact, once the retail chains’ channel is taken into account,
geographic proximity play no role in propagating shocks. Second, I do not observe
co-movement in other variables, such as wages, between counties linked by the retail
chains” networks. Third, I show that shocks in similar counties do not explain my
results. Finally, and more importantly, I turn to more granular data at the retailer-
by-county level in a complementary empirical strategy. This allows me to include
county-by-time fixed effects, which absorb any common variation within a county that
is due to a regional shock, regardless of whether the shock is specific to that county
or correlated with shocks in other counties. Using variation in price changes across
stores within a county, I find an elasticity of store-level prices with respect to house
price movements in other counties of 0.15-0.19.

County-level negative demand shocks can pressure retail chains’ local prices down-
ward through two channels: adjustments in the desired markup in that county or
changes in the county’s marginal costs. While the propagation of any of these com-
ponents is interesting, evidence suggests that the marginal cost channel cannot be a
significant factor, pointing to a markup related explanation.

In the final part of the paper, I propose a model of retail chains’ pricing decisions to
quantitatively interpret my findings and evaluate the role of retail chains in connecting
economically counties in the U.S. Retailers compete under monopolistic competition

and charge markups that can vary as a function of local demand conditions. In par-
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ticular, I allow demand elasticity to vary with changes in local house prices. In the
model, retail chains” headquarters can either set a uniform price or discriminate prices
across their locations. If a retail chain sets uniform prices, its optimal price depends
on a weighted average of the demand conditions in the different markets where it op-
erates. Hence, when faced with a negative demand shock in a given region, the retail
chain decreases its prices in all regions where it operates.

The model also highlights that the effect of local shocks on local price indices is
heterogeneous: under uniform pricing, the pass-through of local shocks to local prices
becomes a function of how important the local consumer market is in the national
sales of the retailers that enter the local consumption basket.

I use the model to quantify the effects of the Great Recession under different pric-
ing strategies. I consider flexible pricing strategies versus uniform pricing strategies.
Compared to uniform pricing, under flexible pricing the counterfactual cross-county
dispersion of inflation would have been 50% larger. This reveals novel consequences
of the centralized decision-making of multi-establishment firms: they can exacerbate
the negative impacts of a crisis in the local market. This is because such centralized
decisions can dampen the downward adjustment of local prices, while reducing prices

in unaffected regions.

This paper contributes to different strands of the literature. First, it contributes to
the international and intra-national trade literature that studies how shocks propagate
across regions. In the international context, a number of papers study how multina-
tionals characteristics of parent companies and their affiliates generate co-movements
between countries (e.g: Boehm et al. (2019), Cravino and Levchenko (2017), Hjort et al.
(2020)). Unlike previous studies, my paper focuses on the role of firms’ centralized
pricing strategies and their effect on price co-movements across regions of the U.S.
The advantage is that I can observe establishment level prices, usually unobserved in
the international context.

Less has been done to understand the role of firms” networks within a country,

with two exceptions: Hyun and Kim (2019) and Giroud and Mueller (2019). Hyun
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and Kim (2019) study U.S. manufacturers that are located in a given region who sell
(export) multiple products to multiple regions (multi-destination firms). They find that
a negative demand shock in a region can induce producers to substitute the produc-
tion of high-quality products for low-quality products, creating co-movement in sales
across markets. In contrast, I study firms in the non-tradable sector that have estab-
lishments in multiple regions and sell locally (multi-establishment firms). My findings
are compatible with multi-market producers changing their product mix, but I focus
on a different mechanism. Holding constant the set of products (and quality) sold by
the retailer, local demand shocks affect prices of continuing products in distant mar-
kets that are connected by the retail chains” network of stores. My mechanism also has
opposite implications for consumers: the local effects of a crisis make local consumers
worse off, while benefiting consumers in unaffected regions.

More closely related, Giroud and Mueller (2019) find that financially constrained
firms spread local demand shocks, affecting employment in distant regions where the
parent firm operates. The channel I study is different: regardless of financial con-
straints, retail chains’ pricing strategies create inter-dependencies between their estab-
lishments. While results in Giroud and Mueller (2019) have implications for firms’
workers, my results have implications for firms’ consumers. Note also that in Giroud
and Mueller (2019) local employment is less sensitive to the local shock, attenuating
the impacts of the local crisis. In contrast, my paper is the first one to propose a mecha-
nism through which multi-establishment firms’ centralized decisions can intensify the
local effect of the crisis, benefiting regions that were less affected.

Second, this paper relates to the literature that studies the collapse in house prices
during the Great Recession (Mian et al. (2013), Giroud and Mueller (2019), Kaplan et al.
(2020), and Stroebel and Vavra (2019)). Stroebel and Vavra (2019) finds a high elasticity
of local prices with respect to house price-induced local demand shocks during the
Great Recession. I complement their results by showing that house price-induced local
demand shocks affected not only local prices but also prices in distant regions linked

by the retail chains” networks.
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Third, this paper helps reconcile the puzzling findings in DellaVigna and Gentzkow
(2019) and in Stroebel and Vavra (2019). While DellaVigna and Gentzkow (2019) show
that retail chains charge similar prices in all their stores, Stroebel and Vavra (2019) find
large effects of local demand shocks on retail prices. First, I show that once I control for
shocks from regions linked by retail chains, the elasticity of local retail prices with re-
spect to local house prices decreases by 35%. Second, the predictions from my model
indicate that uniform pricing could actually be consistent with local price responses
to demand shocks, as long as the regions experiencing the shocks are an important

market for their own retail chains.

More generally, my paper contributes to papers that explore the cyclicality of markups.

Studying predictable and recurring seasonal patterns Butters et al. (Forthcoming) and
Chevalier et al. (2003) find counter-cyclical markups. In contrast, research examining
markups across the business cycle, such as Stroebel and Vavra (2019) and Nekarda and
Ramey (2020), finds procyclical markups. My paper shows that even in a context of
uniform pricing local markups are procyclical across the business cycle. However, my
results highlight that this procyclicality is lower when retail chains have centralized
pricing decisions. The degree of the procyclicality in response to local shocks is higher
when shocks occur in counties that are important for their dominant retail chains.

Fourth, my findings relate to literature that examines how retail prices respond
to policy. In a recent paper, Handbury and Moshary (2021) study the effects of the
National School Lunch Program (NSLP) on prices. Consistent with my results, they
find that retail chains highly exposed to the NSLP reduced prices on all their outlets.
While their study focuses on the policy implications of the NSLP, this paper studies the
geography of retail chains to quantify a new mechanism through which local economic
shocks propagate, connecting food-at-home inflation rates in different regions.

My paper is also related to Butters et al. (2022), which examines how retail chains
respond to local cost policies, such as excise taxes on cigarettes, liquor, and soda. They
find that local state-level excise taxes are passed on one to one to prices locally. My

study complements Butters’ findings in two ways. In contrast to their findings, I show

920z AInC GT U0 J8sSN ITHO 3 VO ITOLYD avd ISH3A INN V O 14 1INOd Aq 4pd "v/2 "e 1S9 1/09.9€52 /722 " " 1584 /Z9TT "0T /10p /4pd -8 |9 134 /}S84/Npa "} W " 3081 1p //:d 313y Wo 1} papeo juwoq



Review of Economics and Statistics Just Accepted MS.
https: //doi.org/10.1162/rest.a.274

© 2025 by the President and Fellows of Harvard College and the
Massachusetts Institute of Technology

that retail chains do propagate local demand shocks to distant markets. This indicates
that the national responses of the retail chains to shocks depend on whether the local
shock affects the marginal costs or demand of the retail chains. Second, my research
analyzes a more extensive range of products representing households’ retail consump-
tion baskets and highlights the geographic links created by retail chains so I can draw
conclusions at the aggregate regional level.

Finally, this paper contributes to the literature that uses micro-data to study pricing
dynamics (e.g., Nakamura (2008), Coibion et al. (2015), among others). More specifi-
cally, recent literature that has documented the existence of imperfect price discrimi-
nation in different sectors. Nakamura (2008) shows that retail chains’ effects explain
a substantial share of price variation in the US. DellaVigna and Gentzkow (2019),
Daruich and Kozlowski (2023), Adams and Williams (2019), Cavallo (2017) show evi-
dence of firms charging near uniform pricing. I assess the role of retail chains decisions
in shaping the propagation of local demand shocks across regions of a country.

The remainder of the paper proceeds as follows. Section 2 describes the data. Sec-
tion 3 documents stylized facts regarding the geographic distribution of retail chains.
Section 4 presents the empirical analysis. Section 5 presents the model. Section 6

presents the quantitative analysis and counterfactual analysis. Section 7 concludes.

2 Data
I combine data on county-level changes in house prices during the Great Reces-
sion (2007-2011) with store-level NielsenIQ Retail Scanner data.’ Appendix Table A.I

reports summary statistics.

2.1 Retailer Scanner Data:

I use the AC NielsenIQ Retail Scanner Database that has information on weekly
price and quantity sold generated by point-of-sale systems for more than 100 partici-
pating retail chains across US markets between 2006 and 2016. The data includes more

than 35,000 grocery, drug and mass merchandiser stores located in 2100 counties.

3Timing convention follows Stroebel and Vavra (2019) to facilitate comparisons. Results are robust
to the alternative timing 2007-2009; following, for example, Mian et al. (2013).
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Following DellaVigna and Gentzkow (2019), I define a retail chain to be a unique
combination of two identifiers in the NielsenIlQ data: parent code and retailer code.
"Parent code" indicates the company that owns a chain and "retailer code" indicates
the chain itself. I require retail chains to exist every year between 2007 to 2011. This
reduces the number to 84 retail chains. I focus on frequently sold products available
in at least 80% of the markets.

I aggregate data to construct half-year prices, reducing high-frequency noise. The
half-year price of an item is calculated by dividing total sales value by total units sold
during the period. As the paper focuses on (a) prices of existing products and (b)
variation in price indices over time, I include items with positive sales in both 2007
and 2011.

County-level Price Index: In the main analysis, I assume that consumer behav-
ior features multi-stage budgeting in two stages. In the last stage, consumers choose
within NielsenIQ product modules. I construct product-module price indices by ag-
gregating continuing varieties, defined as store-barcode combination, as in Sato Vartia
(1976). Next, I construct the county-level Laspeyres price indices by weighting these
product-module price indices by initial-year revenue shares of the product module.
Retail chain price indices by county are constructed similarly. Details in Appendix B.

The NielsenlIQ county-level inflation rate that I constructed closely aligns with the
food-at-home inflation reported by the BLS. Appendix Figure A.Ill illustrates that both
series exhibit similar national CPI trends and demonstrate a strong correlation be-
tween BLS and NielsenlQ regional inflation rates.

In the body of the paper I concentrate on a single benchmark price index, but in
Appendix D, I show that the main results hold for price indices constructed under
alternative assumptions, including adjusting the price index for entry and exit of bar-

codes and stores (Appendix D.4).

2.2 Wholesale cost data
To explore whether the price changes are triggered by changes in demand or costs,

I incorporate data from National Promotion Reports” PRICETRAK database (Promo-
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Data). The data provides wholesale costs of products sold by retailers. It has informa-
tion from major confidential wholesalers and contains data for 32,000 individual UPCs

from 2006 to 2012, covering 30 markets in 2007 and 13 markets in 2011.

2.3 House price data and housing supply elasticity

I obtain House price data at the county-level from the Federal Housing Finance
Agency (FHFA). The agency constructs a House Price Index (HPI), a broad measure of
the movement of single-family house prices. The HPl is a weighted, repeat-sales index,
meaning that it measures average price changes in repeat sales on the same properties.
4 For the main analysis, I focus on long differences between the first half of 2007 and
the first half of 2011.> Throughout the period, house prices dropped 18% (see Figure
A.D). It is well known that the changes in house prices were highly heterogeneous in
space: some counties like Miami suffered large reductions on house prices (more than
50%), while others such as Houston were almost unaffected.

The other major data set related to house prices used in the paper is obtained from
the 2005 Wharton Regulation Survey. Gyourko et al. (2008) use the survey to produce
indexes that provides information on local land use control environments, including
the general characteristics of the regulatory process, statutory limits on development,
density restrictions, open space requirements, infrastructure cost sharing and approval
delay. Lower values in the Wharton Land Regulation Index (WLRI, henceforth) indi-
cate the adoption of less restrictive policies toward real estate development. In con-
trast, high values of the WLRI are associated with municipalities that have zoning
regulations or project approval practices. I process the original municipal-based data
to create average regulation indexes at the county level. The WLRI is only available for
924 counties, out of the 2100 counties in NielsenlQ Data. However, these 924 counties
represent more than 70% of total sales in the NielsenIQ Data and cover more than 70%

of the U.S. population.

“These data are highly correlated with data from Zillow (96%)

>This timing convention follows Stroebel and Vavra (2019) to facilitate comparisons with their re-
sults. Additionally, the house-price collapse started at the end of 2006/beginning of 2007 and from the
second half of 2011, house prices stopped declining (See Figure A.I in the appendix). All results are
robust to the alternative timing 2007-2009; following, for example, Mian et al. (2013)
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3 Facts on the geographic distribution of retail chains

Retail chains are multi-establishment firms operating across many regions with
uneven spatial distribution. More than 60% of retail chains operate in two states or
more.

In addition, retail chains exhibit substantial variation in their geographic layout.
To quantity this, I construct a Geographic Dispersion Index (GDI) for each retail chain,
defined as GDI, = 1 -}, Sfc, where S,, = % denotes the share of chain r’s
total national sales that occur in county c. A higher value of GDI, reflects a more ge-
ographically dispersed chain, while lower values indicate sales concentrated in fewer
locations. The distribution of this index is plotted in Figure I to reflect this heterogene-
ity. Fewer than 20% of the retail chains in the sample have a GDI below 0.5.

Finally, retail chain’s networks have different geographic layouts. Some retail chains
are spread over several regions in the US and are active in many states. Others cover
an extensive area but are spread across counties in those areas. Finally, other retail
chains are concentrated in a specific geographic area.®

The documented heterogeneity in the spatial distribution of retail chains can also
create varying connections between counties, depending on whether they share the

same retail chains. The next section characterizes these linkages and study the role of

retail chains in propagating local shocks.

4 Empirical analysis

I begin the analysis by constructing bilateral weights that characterize how con-
nected each pair of counties is. Given these weights, I construct the exposure of each
county to house price shocks in other counties and study the sensitivity of county-level
prices to house price-induced shocks in other counties. I then discuss the identification

assumptions and address potential threats to the validity of those assumptions.

®To safeguard the confidentiality of individual retail chains, NielsenIQ does not permit the disclosure
of results for any specific retail parent company. To illustrate the different geographic layouts without
referencing any chain included in the data, the reader is referred to publicly available examples at the
following link: https://flowingdata.com/2013/06/26/grocery-store-geography/

10
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4.1 Bilateral linkages and exposure variables
I use NielsenIQ Scanner data to characterize the bilateral linkages between each
pair of counties and the exposure of stores and counties to shocks in other counties.

Define the retail chain’s network weights S,. as the share of retail chain r’s national

SalesY

2007
sales that takes place in county c in 2007: S, = T sales?

These weights measure the
importance of the market ¢ for the retail chain .
Then, the exposure of retail chain r in county c to house price shocks in other coun-
ties k is a weighted average of house price changes across US counties:
StoreA log HP (others),. = ES ’Alog(HP,)" 11, (4.1)
k¢
where Alog(HP;)” 1! is the log change in house prices between 2007 and 2011

in k. The network of retail chains creates links between each pair of counties. These

links will also depend on which retail chains are important in the county. Define [/ =

07
Salesy,
Y., Sales¥/

I define a county’s exposure to house price changes in other counties as the weighted

as the share of county c’s total retail sales from retail chain r in 2007.

average exposure of retail chains that operate in that county. Formally,

CountyAlog HP(others). = Y_ Y I17S)/ Alog(HP) " . (4.2)
k#c 1
Weights 0% )21075 summarize the bilateral exposure of county c to county k.

Equation 4.2 is the main variable in my analysis. The exposure of a county to shocks in
other counties is the network-weighted average HP changes in other counties, where
the weights are given by the bilateral exposure of county c to each county k.

The weights w are at the center of my analysis. Intuitively, a county c will be more
exposed to shocks in county k if county k is an important market (S,¢) for the dominant
chains that operate in c (I;c). As an illustrative example, in Figure II I show how coun-
ties in the sample are exposed to shocks in Los Angeles County (LA, from now on).
The map plots w, 4 for every county c in the sample. I segment the sample in deciles
and assign colors ranging from light yellow to red, with red counties c being those

that are more exposed to shocks in Los Angeles (high w.;4). We can observe three
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patterns. First, counties located near LA tend to be more connected to LA. Second, we
also observe strong linkages with counties that are far away. For example, Santa Bar-
bara is less exposed to shocks in LA than some counties located in Michigan.” Third,

even counties next to each other have heterogeneous exposure to LA.

4.2 Main analysis: OLS and Instrumental Variables

I empirically estimate how house price-induced local demand shocks propagate
through the network of retail chains. I start by examining the sensitivity of county-
level food-at-home prices to changes in house prices in other counties. Formally, I
estimate the following equation in long differences from 2007 to 2011:

Alog(P)” ! = Bo+ B1Alog(HP) M + B> Y w¥ Alog(HP)” M + X, + e, (4.3)
kc

where Alog(P.)?” ! denotes the log change in county-level retail price index for
continuing varieties in county c. Alog(HP.)?”~!! denotes the local change in house
prices in county c. This variable controls for the direct effect of house price changes
on retail prices and its coefficient is also useful to compare with papers studying the
local effects of house prices changes on prices (e.g. Stroebel and Vavra (2019)). My
main variable of interest is the county-level exposure to shocks in other counties. X,
is a vector of time-varying controls at the county-level. It includes changes in local
wages, changes in employment, changes in number of retail establishments. The vec-
tor also includes county’s own weight (w,.) as a county-level control to account for the
incomplete weights in the leave-out exposure variable.® S.E. are clustered at the state
level.”

I start by reporting the OLS results In Columns (1) to (3) of table I. The first row
reports the direct effect of the shock. The second row reports the elasticity of county-
level prices with respect to house price changes in other counties that are linked by
the network of retail chains. In Column (1), I report the direct effect of house price

changes on county-level prices. Similar to previous papers, I find that there is a pos-

7In section 4.3, I discuss in detail the role of proximity in explaining my results.

8Results are robust to other combinations of controls at the county-level. See A.VII of Appendix D.3.

In a sensitivity analysis, in Table A.XXIII of Appendix D.3, I compute standard errors allowing for
arbitrary cross-regional correlation in the regression residuals as suggested by Adao et al. (2019).
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itive relationship between house price changes and local retail prices. In Column (2),
I add the main variable, the network-weighted house price changes in other counties.
I find that a 10 percent drop in network-weighted house prices in other counties is
associated with a 0.85 percent reduction in county-level prices. This result remains al-
most unchanged in Column (3), after including county-level controls such as changes
in employment, wages and number of establishments.'?

Although the OLS estimates constitute suggestive evidence of the spillovers, both
the local change in house prices and, more importantly, the exposure to house price
changes in other counties can suffer from endogeneity. For instance, contemporaneous
negative productivity shocks could lead to an increase in retail prices and, at the same
time, a decrease in house prices. This would lead to a downward bias in our estimate
for the direct effect. Even when the shift-share variable is arguably less problematic,
it could also present problems. The location of retail chains’ stores is not random. For
example, to reduce transportation costs, retail chains” might be clustered geographi-
cally. If this were the case, regional productivity shocks correlated with house prices
could generate co-movement in prices between counties connected by retailers.

My first strategy to deal with these issues is to instrument the two main variables.
Regarding local house prices changes, I follow an extensive literature that exploits
across county variation in housing supply elasticity (e.g. Mian and Sufi (2011), Adelino
et al. (2015), Stroebel and Vavra (2019), among others). In particular, in my baseline
specification, I use the county-level Wharton Land Regulation Index (WLRI) from Gy-
ourko et al. (2008) to instrument for local house price changes. The idea is that in
response to a national level negative housing demand shock, areas with lower hous-

ing supply elasticity (e.g.: high WLRI) will experience a larger drop in house prices.!!

19 Appendix Figure A.VIII visually illustrates the variability behind the OLS relationship in Column
3)-

Note that the variability of the instrument implicitly comes from the interaction of housing initial
supply elasticity (WLRI) with the national demand shock that took place between 2007 and 2011. This
is what allows a time-invariant instrument to predict time-varying house prices. Specifically, the instru-
ment is equivalent to: WLRI2%® x AHPYSAY-I1 1 a complementary analysis, I repeat the estimations
using the Saiz (2010) Housing supply elasticity (Saiz HSE), based on the geography of the county. The
coefficient across different IV strategies is remarkably similar and I cannot reject the hypothesis that

they are equal (See Table A.IX of Appendix D.3).
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More importantly, I combine the WLRI with the location of the retail chains to
construct an instrument for retail chains’ exposure to house price shocks. I instrument
network-weighted changes in house prices with network-weighted changes in WLRI.

WLRI. — Alog(HP). ; Y wZVWLRIL — Y w3 Alog(HP)y

k#c k#c
Intuitively, a county will be more exposed to house prices drops in other coun-

ties if the county’s dominant chains have higher sales in counties with tighter land
regulations. While house price changes in counties linked by the retail chains might
correlate with regional productivity changes that generate co-movement in prices, the
WLRI isolates variability in house prices that is not correlated with those productivity
changes.

My main identifying assumption is that in the absence of linkages between coun-
ties through the retail chains” network, changes in county-level retail prices would
be uncorrelated with WLRI in regions that are linked by the network of retail chains.
Note that this assumption is milder than the assumption in studies that use housing
supply elasticity to instrument house price changes (e.g: Stroebel and Vavra (2019)).
Those studies rely on the assumption that local housing supply elasticity only affects
the local outcomes through its impact on house prices. That is a sufficient condition
(though not necessary) for exogeneity of the network-weighted housing supply elas-
ticity. The intuition is straight-forward. If housing supply elasticity (combined with
the national demand shock) does not directly affects local consumer prices, then it is
even less likely that it will affect local consumer prices in distant markets.

Note also that in my shift-share design, identification relies on exogeneous variabil-
ity in the shocks (e.g.: the combination between the county’s WLRI and the national
demand shock). As shown by Borusyak et al. (2018), if the shocks are as good as ran-
dom, then we can identify the effect of interest even when, as in most applications, the

exposure shares are not random.!?

12In a recent paper, Goldsmith-Pinkham et al. (2020) provides conditions under which the shift-share
instrument is exogeneous when the shares are exogeneous. However, in most of the interesting eco-
nomic settings (including mine), the shares are not necessarily random. Borusyak et al. (2018) shows
that as long as the shocks are as good as random, then identification is granted, even when the ex-
posure shares are endogeneous. In section 4.3 I perform a series of robustness exercises and discuss
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There are important remaining challenges to the identification assumptions. For
example, if the WLRI is not as good as random and, at the same time, retail chains
locate their stores in nearby locations, then unobserved regional shocks that correlate
with housing supply elasticity could generate co-movement in prices, even in the ab-
sence of retail chains’ networks. In this section, I present the main empirical results of
the paper and I address this and other concerns in Section 4.3.

I begin by providing a visual impression of the first stage and the reduced-form
coefficient of the indirect effect. In Panel (a) of Figure III, I plot the relationship be-
tween the network-weighted WLRI and the network-weighted change in house prices
(first-stage). As expected, the network-weighted WLRI negatively correlates with the
network-weighted house price change. Counties linked to counties with tighter land
regulations are counties linked to counties that experienced higher drops in house
prices. In Panel (b) of Figure III, I plot the relationship between network-weighted
WLRI and local retail prices (reduced-form). The pattern is clear: counties more ex-
posed to a higher network-weighted WLRI in other counties experienced a higher
drop in local consumer food-at-home price index.

After inspecting the data visually, I report the main findings of the paper in Table I.
Columns (4) to (6) present the IV estimates. In Column (4), I report the local elasticity
of county-level retail prices with respect to house prices. The elasticity is 0.115.1% In
Column (5), I add the network-weighted change in house prices in other counties.
First, note that once I control for the spillovers from other counties, the direct effect
declines 40%. This indicates that past studies might have overestimated local elasticity
by not considering these spillovers. More importantly, the second row of Column (5)
reveals the elasticity of local retail prices in response to shocks from other counties.
Conditional on the local changes in house prices, a 10 percent drop in house prices in
other counties linked by the network of retail chains leads, on average, to a decrease

of 1.30 percent in county-level consumer prices. Reassuringly, the coefficient remains

extensively the plausibility of my identification assumptions. In section, D.3.3 I exploit high-frequency
data and variability from an alternative instrument, obtaining similar results.

13This is slightly below the estimates found by Stroebel and Vavra (2019), who, using a different
database and a different level of geographic aggregation, report a range of 0.124 to 0.157.
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stable after including county-level controls in Column (6).

At first glance, the larger spillover coefficient compared to the direct effect may
seem surprising. However, the theoretical model in Section 5 will provide an explana-
tion for this: in a context of uniform pricing, these coefficients are not directly compa-
rable. To make them comparable, the local house price change must be adjusted by the
county’s importance to the dominant retail chains operating in that county, w,.. After
this adjustment, the two coefficients become similar (see Table A . XXXI).

In Appendix D.3, I explore the sensitivity of my results to alternative specifications.
First, I show that the main coefficient remains remarkably stable after adding different
combinations of county-level controls (Table A.VII). Second, I repeat the analysis, but
now instrumenting the endogeneous variables with the Saiz (2010) geography-based
housing supply elasticity (Table A.IX). Third, I show that results are not sensitive to:
a) constructing price indices under different assumptions (Table A.XI), b) replicating
the analysis for the period 2007-2009 (Table A.XII), c) including different combinations
of regional fixed effects (Table A.XIII), d) considering three digits zip code as the rel-
evant market, e) excluding counties for which NielsenIQ sales are less representative
(A.XVII), and f) excluding California (Table A.XVIII). Fourth, results remain signifi-
cant in Table A XXIII where follow Adao et al. (2019) to adjust standard errors. Finally,
in section Appendix D.3.3 I extend the data to yearly frequency and employ a different
empirical strategy based on an IV strategy proposed by Graham and Makridis (2023).

In the next section, I address the main challenges to my identification assumptions.

4.3 Validity of identification assumptions

The key identification assumption is that, in the absence of the retail chains’ net-
work of stores, changes in county-level prices are uncorrelated with housing supply
elasticity in the regions that are linked by the retail chains networks. In regard to this
assumption, the biggest challenge is to separate the propagation of shocks through
retail chains’ networks from common shocks in the regions in which the retail chains
operate. For example, to minimize transportation costs, retail chains might locate their

stores in neighboring counties where wages and prices co-move because of other rea-
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sons, such as integrated labor markets or trade links. In this section, I address these
concerns.

First, I document that my results hold after controlling for trade relationships due

to proximity in space. Second, I show that the network of retail chains does not affect
other economic outcomes in distant locations, which suggests the absence of other
factors creating co-movements. Third, I show that shocks in similar counties are not
behind my results. Fourth, I filter out any remaining concerns about common regional
shocks by turning to more granular data at the retail chain-by-county level, which
allows me to include county x time fixed effects.
4.3.1. Retail chains’ network of stores or proximity channel?: Thus far, I have ab-
stracted from the role of geographic proximity. However, it is important to disentangle
whether my results are explained by the network of retail chains or by trade relation-
ships due to proximity in space that correlates with the network of retail chains.

I begin by showing that even shocks in out-of-state counties are propagated through
the network of retail chains. I construct the network-weighted change in house prices,
excluding changes in house prices in counties that are in the same state. I then esti-
mate the leave-state-out version of my main specification (Equation 4.3), while also
instrumenting with leave-state-out WLRI. Results are reported in Table II. I find that
local prices are sensitive to shocks in distant counties (out-of-state).

Next, I directly compare the retail chain network channel with the trade network
channel. This has two purposes. First, assess whether my findings could be driven by
other networks correlated with retail chain networks. Second, explore the role of prox-
imity in shaping shock propagation, offering a comparison between my new channel
of propagation of shocks and the more traditional propagation of shocks through trade
relationships due to proximity.

Specifically, I construct proximity-weighted house price changes in other counties,

. . d_?Population
where the weights are given by (5‘5:” = Lo PP k2007

= . d.. is the distance in miles
Yk dc_kePopulationk,zow ck

between county c and k and I assume 6 = 1. 14 Then, I add this variable as a control.

4Distances are obtained from National Bureau of Economic Research (compiled by Jean Roth (2014)).
In Appendix D.3.13, I construct the weights based on trade flows between states.
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Table III reports results. Columns (1) to (3) present OLS estimates. Columns (4) to
(6) report IV estimates. Focus on Column (1), where only proximity-weighted shocks
are included to study the role of trade channel propagation. This is how we have
traditionally approached the analysis of shock propagation. A 10 percent drop in
house prices in nearby regions results in a 1.19 percent decrease in retail prices. In
Column (2), controlling for local house price changes still shows that proximity mat-
ters. However, in Column (3), adding shocks in counties connected by retail chains
makes the geographic proximity effect insignificant, while the effect through retail
chains” networks becomes positive. In the preferred IV specification in Column (6),
controlling for proximity-weighted and local house price changes, the elasticity of lo-
cal retail prices with respect to distant house prices is 0.16 (see A.IV for the first stage).
These results are striking. They indicate that county-level retail prices depend more
on demand shocks to the retail chains that happen to be serving the county than on
trade relationships due to proximity in space.
4.3.2. Other networks: similarity between counties: Even when not located nearby,
counties similar in characteristics are more likely to be exposed to common shocks. For
example, New York and San Francisco are not nearby, but their prices might co-move
because counties with similar income levels are affected by the same shocks. Similarly,
recent papers have documented that links between counties by their social networks
might also be relevant (Bailey et al. (2018a)).

To explore these alternative explanations, I first construct a variable that captures a
county’s exposure to house price changes in similar counties and add it as a control. I

define similarity-weighted exposure to shocks in other counties as } ., (55,1'(”6AL0 gHPy.

1/[Xc0— X0
Yk 1/1Xc0— X0l

Xco = Xko, where C is 1% of the 1st percentile of the variable’s distance. Intuitively,

The weights are defined as & = if Xeo # Xgo, and &5 = 1/C if
weights place a higher weight to shocks in those counties that are similar in a set of
characteristics X at 2007. Column (1), I report my preferred specification as a bench-
mark. Column (2) to (6) control for exposure to shocks in counties with similar in-

come levels, similar employment rates, population, education, and household debt,
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respectively. Throughout specifications, the estimate for the retail chain networks is
significant and remarkably stable, ranging from 0.130-0.171.

Second, I compare spillovers through the retail chains’ networks with spillovers
through social links. The social connectedness index developed by Bailey et al. (2018b)
place a higher weight on counties that share more Facebook relationships. Results are
reported in column (7). Reassuringly, the main coefficient remains stable.'®
4.3.3. The effect of retail chains” network of stores on other economic outcomes:
If results were explained by common shocks to regions in which the retail chains op-
erate, then we would expect co-movement not only in retail prices but also in other
economic outcomes. For example, if results were explained by trade relationships
between counties where retail chains operate, we would expect house price move-
ments also to affect wages in distant counties. In contrast, it is less clear why the retail
chains” network would affect wages in distant counties. Retailers represent a large
share of household expenditure, affecting food-at-home prices directly, but they only
represent a small share of aggregate employment. I estimate Equation 4.3 for other de-
pendent variables such as: county-level employment, number of retail establishments,
and average annual wages. Results reported in Table V indicate that local shocks have
no significant effect these outcomes in distant counties.

Note that this result has another interesting implication. In response to local shocks,
retail chains’ centralized pricing decisions affect prices in distant regions, but not av-
erage wages. Hence, their decisions have consequences for consumers’ real income.

As an illustrative example, Appendix Figure A.IX examines similar counties in
Pennsylvania where house prices remained relatively stable. While prices in more
connected counties showed greater responsiveness, retail chain networks did not ex-
hibit a correlation with wage changes.

4.3.4. Retail by county level analysis: In order to address remaining concerns about
separating the effect of the network of retail chains from common regional shocks, I

turn to more granular data at the county-by-chain level. This allows me to include

15 Appendix Table A.XXII also considers similarity in voting patterns and age as proxy of preferences.
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county-level fixed effects to absorb any common variation within a county due to a
regional shock, regardless of whether the shock is region-specific or correlated with
shocks in other regions. Formally, I estimate the following equation:

Alog(Pre)” M = By Y SAYAlog(HP)™ M + e + X2 + Spc + €4, (4.4)
k#c

where the weights S, are the share of the retail chain r’s national sales that take
place in county k. I aggregate stores of a retail chain in a given county to the re-
tail chain by county level. Therefore, Alog(P,.)"”~!! denotes the percentage change
in price index for retail chain r in county ¢ from 2007 to 2011. Analogously to the
county-level analysis, I instrument the local changes in house prices and the store-
level network-weighted changes in house prices with WLRI and store-level network-
weighted WLRI. To account for incomplete weights, retail chain controls include the
retail chain weight in the county, S,.. Standard errors are clustered at both the retail

chain and the state level.

Table VIreports results for the OLS (Columns 1 to 3) and the IV estimations (Columns

4 to 6). Panel B reports the Kleibergen-Paap F-statistic for the first stage, while first-
stage coefficients are reported in Table A.V of the Appendix. Focus first on the OLS es-
timates. In Column (2), I include county fixed effects. Hence, I compare price changes
of stores operating in the same county that are exposed to the same regional shocks,
but that are exposed differently to shocks in other locations because they belong to dif-
ferent retail chains. The elasticity of retail chains’ prices with respect to house prices
in other regions is similar to the corresponding elasticity without county fixed effects.
In Column (3), I add controls at the national retail chain level to account for differen-
tial trends for different retailers. Reassuringly, the elasticity of store-level prices with
respect to house prices in other locations remains stable. When analyzing the IV es-
timates, we observe a similar pattern. In Column (6), my preferred specification, I
include county fixed effects and retail chain controls. The elasticity of prices with re-
spect to house price changes in other counties is 0.198. In Appendix D.3.9 I present a

binscatter to illustrate the variability underlying this coefficient, along with additional
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robustness checks conducted at the county-level for the retail chain.

In Appendix D.3, I present additional tests. Two are noteworthy. First, I focus on
counties where house prices changed by less than 5% during the period, minimizing
the likelihood of common shocks similar to those affecting harder-hit counties (Table
D.3.8). Second, I explore whether shocks affecting retail chains catering to different

income groups could explain the results. The main conclusions hold (Table D.3.9).

4.4 Effects on consumption patterns

I have shown that retail chains can influence the transmission of local shocks to
prices in distant markets. This, in turn, might affect household consumption patterns
and retail chain quantities sold. In Table VII, I analyze the sensitivity of retail and
county-level sales with respect to shocks in distant counties. Columns (1) to (3) re-
port results from my main specification at the retail-by-county level, while including
county fixed effects. Columns (4) to (6) present the results at the county level. I also
include a decomposition of sales into changes in quantities and prices in each case.
Results in Column (1) suggest that retail chains more exposed to house price declines
in distant counties experienced a moderate sales increase, though significant only at
the 15% level. In Column (2) we analyze the effect on quantities sold. We observe an
elasticity of quantities sold with respect to shocks in distant counties of -0.54, which
is consistent with the fact that retail chains more exposed to crisis elsewhere reduce
prices relatively more, thereby increasing quantities sold. We observe a similar pat-
tern at the county-level.

The observed substitution between retailers could affect the estimation of the im-
pact of shocks on price indices, depending on the assumptions of the index regard-
ing substitution. To assess this, I examine three indices that differ in their treatment
of product substitution: (1) CES price indices for continuing varieties (benchmark),
which partially account for substitution using initial and final period weights; (2) the
Paasche index, fully accounting for substitution with only final period weights; and
(3) the Laspeyres index, which does not account for substitution, relying solely on ini-

tial weights. The results are reported in the Appendix Table A.XI. The elasticity of
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county-level price index with respect to shocks in other counties across the different

price indices is similar, ranging from 0.12 (Paasche) to 0.16 (Laspeyres).

4.5 Costs or markups

I'have shown that house price-induced local demand shocks affect consumer prices
in distant markets via retail chains. Price responses of retail chains to local demand
shocks could be reflecting changes in markups or marginal costs (e.g: lower demand
in a county leads to lower local wages). While either of the channels would be interest-
ing, I discuss which is more consistent with the data. I find suggestive evidence that
the empirical patterns are more consistent with a mechanism in which house price-
induced local demand shocks pressured local markups downward.

First, it is important to understand the cost structure of retail chains. Retail chains’
costs can be divided into two categories: wholesale costs of goods sold and opera-
tional expenses (e.g: labor costs, rent). Most of the costs are wholesale. To see this, I
collected information from Form 10K official reports for the major US supermarkets
and pharmacies.'® Appendix Table A.XXVI reports the cost structure of the thirteen
major companies in the sector. For a typical retail chain, 76% of costs are wholesale.
The remaining 24% are operational expenses. Within operational expenses, labor costs
are the most important category.

Next, I consider the role of local wholesale or labor costs.

Wholesale costs of goods: Since wholesale costs represent the majority of retail
chains” marginal costs, a cost channel hypothesis requires that house price-induced
demand shocks in a location affect retailers” wholesale costs in that location. However,
retailers” products are tradable goods usually not produced locally. Hence, their price
is less likely to be sensitive to local demand shocks. 7 Furthermore, The Robinson-
Patman Anti—Price Discrimination Act explicitly limits how much wholesalers can
charge different prices for the same product. To directly test the extent to which

wholesale costs vary geographically, I use PromoData for 2007, which provides av-

16Data from https://last10k.com/sec-filings/swy, accessed on January, 2023.
17 According to commodity flows survey data in 2007, only 14 percent of food and beverage shipments
by gross value added are shipped from less than 50 miles.
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erage monthly wholesale prices for approximately 32,000 UPCs across 30 metro areas.
I find that geographic variation in wholesale costs is remarkably small. In a typical
month, 83% of the products were sold at a price within 2% of the modal price. Aggre-
gating wholesale prices at the metro area level produces a similar pattern (see Figure
AXIin the Appendix). To further test this, I examine the degree of geographic vari-
ability in the changes in the wholesale costs of goods across 12 metropolitan areas for
which we observe data from PromoData for the years 2007 and 2011. Again, there
is minimal geographic variation in wholesale cost changes, and this variation is not
correlated with local house price movements (see Appendix Figure A.XII).

The fact that wholesale costs do not vary across markets is not new. It has been pre-
viously documented in the literature by Nakamura (2008), Stroebel and Vavra (2019),
among others. Given the little geographic variation in wholesale costs, it is less likely
that house price movements would affect the local wholesale costs of goods sold by a
retail chain.

Labor costs: Wholesale costs are the primary component of our retail marginal
costs and cannot drive empirical patterns. Next, I consider if the labor costs compo-
nent could be the trigger of retail chains’ price responses. Since labor costs are a small
fraction of the overall marginal cost of retail chains in the data, explaining retail price
movements in the period through this channel would require huge responses of local
labor costs to local demand. To test the role of wages, in Appendix Table A XXVII I
augment my main specification with controls for local change in wages and weighted
average changes in wages. I find that the cost channel is not a key driver, as the addi-
tional variables do not affect my main estimate.

Based on the analysis above, retail chains’ price responses to house price-induced
local demand shocks cannot be solely attributed to local wholesale or labor costs. Re-
sults in this section suggests a mechanism in which local demand shocks have in-
creased county-level demand elasticity, leading to reduced markups for retail chains.
Combined with centralized pricing decisions, this results in downward price pressure

in distant counties.
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I have shown empirically that retail chains play a key role in shaping the propaga-

tion of local shocks. I now turn to a model of retail chains’ pricing decisions.

5 A model of retail chains’ pricing decisions
I develop a model of retailers” pricing decisions to quantitatively interpret the find-

ings and assess the role of retail chains in propagating shocks across regions.

51 Demand
Consider a country that has a finite number of markets, ¢ = 1,..,C. The market
definition I use is county, so retail chains only compete for consumers within a county.
Define (). as the set of active retail chains in county c, (), as the set of counties in
which retail chain 7 is active, p,. as the price of retail r in county ¢, and P as the price
index in county c. Assuming direct separability, the demand for retail chain r in county

¢ when prices are p = {prc},cq, is given by g, = D(pyc/P:). L assume D(x) € C?(x)

— aLIrc Pre
aPrc qrc”

is twice differentiable with D’(x) < 0 and partial price elasticity given by o,
I allow variable markups by letting ¢, vary with demand conditions in county c.

I now turn to the price setting of retail chains. I consider two extreme pricing
strategies: uniform pricing and flexible pricing. First, I briefly discuss the standard
case of flexible pricing. Then, I solve the model for uniform pricing: a case in which

firms are constrained to set the same price in all their markets.

5.2 Retail chains pricing decisions

I assume that retail chains engage in monopolistic competition. Since the empiri-
cal section suggests that extensive margin is not a first order margin of adjustment, I
assume there is no store entry and exit (for a discussion on the extensive margin, see
Appendix D.4). Guided by the empirical patterns, I emphasize the markup channel.
Therefore, I assume that marginal costs are national and that local marginal costs are
18

not affected by local shocks c¢;c = c;.

Flexible pricing: If firms perfectly discriminate prices across markets, each store

18Results presents in section 4.5 suggests that wholesale costs have minimal geographic variation. In
addition, variations in labor costs do not play a significant role. See section . In Appendix E.3, I formally
discuss the relevance and implications of this assumption and also discuss a model with local costs.
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.. . . . . . . . lex
maximize as an independent business unit. Price of retailer r in county c is p{c =

Oc
Oc—1

cr V c € ). Note that optimal price is independent of demand shocks in markets

k # c. I aggregate prices at the county-level with a Geometric weighted average price
er

Oc
o.—1

index, where the weights are given by [;.: PCF lex — 171 Cr
r

Uniform Pricing: If firms set uniform prices, a retail chain solves:

max Z TTre = Z (ﬁr - Cr)‘]rc

pr ceQ), ceQ),

Solving the maximization problem, the optimal price of retail chain r is,

Y 0kSpk

u o = k
Prc = Pr = CT—ZSrk(‘Tk — 1) Ve € Q). 6.1)
k

As in the empirical section, S, is map to the share of retail chain’s sales that take place
in c. Equation 5.1 anticipates the mechanism through which uniform pricing operates.
The price of a retail chain in a county is a weighted average of demand conditions in
each of its active markets, where the weights are proportional to its sales.

5.2.1. Implications of Uniform and Flexible Pricing;:

(I) Propagation of shocks: Under uniform pricing, within a given county, retail
chains with higher exposure to demand shocks in other counties will exhibit
a stronger price response. The intensity of this response is proportional to the
retailer’s sales in the affected markets. In contrast, with flexible pricing, local
prices remain unaffected by shocks originating in other regions.

(I) Direct effect of local shocks within a retail chain: Under uniform prices, com-
paring within a retail chain, a local shock is not expected to affect its local prices
relative to its prices in other locations, as the adjustment happens in all locations.
In contrast, under flexible pricing, a local shock will affect the retail chain local
prices compared to its prices in other locations.

(III) Direct effect of local shocks across retail chain: In both pricing scenarios, local

retailer’s prices react to local shocks when comparing across different retailers.
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Evidence at the retail-by-county level supports each implication. My main empirical
analysis at the retail-by-county level tests Implication (I). Column (6) of Table VI shows
a positive elasticity of retail chain local prices to shocks in other counties, even after
including county fixed effects. This rejects flexible pricing models. I test Implication
(IT) in Appendix Figure A.XIIL. The Figure shows that once retail chain fixed effects
are added to Equation 4.4 to compare price changes of the same retail chain across its
locations, the direct effect coefficient becomes zero. This rejects flexible pricing model
where this elasticity would be expected to be positive. Finally, my main empirical
analysis at retail-by-county level also supports Implication (III), as evidenced by the
positive elasticity of local prices to local house price changes shown in Columns (4)
and (5) of Table VI where I do not include retailer fixed effects.!”

5.2.2. Aggregation: To explore the theoretical implications at the county-level, I ag-
gregate optimal prices in a given period by taking a geometric weighted average:*’
Py = I;I (Prc)l”, where, as in the empirical section, the weights /,. represent the share

of retail chain r in county ¢ annual revenues. Replacing optimal uniform prices:

%U'ksyk Ire
PU=TI| et s
© = <zsrk(ok—1)”>
k

Consider the partial equilibrium elasticity of county-level prices with respect to changes
in the demand elasticities, while holding the shares constant. Differentiating around
the initial equilibrium and holding s, and ;. constant at the initial equilibrium, I ob-
tain an equation that characterizes the first-order effects of shocks under uniform pric-

ing strategies (See proof in appendix E.2).

dlog PY = — [ZIQZGSZ] dlogo. — Y Y 1776% dlog oy + Y I dloge,,  (5.2)
r k#c 1 r

PImplication (IIT) is not informative about the pricing strategy, as it holds true in both cases.
20This is a Laspeyers geometric price aggregator, which is consistent with a Cobb-Douglas utility
function with shifters I, and is the aggregator that the BLS use.
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G07 ;07

where 99k7 = .
[zsrk ol ] [zsrk (o 1)}

0% is increasing in S% and determines the importance of county k for retail chain
r. Define the theoretical exposure of county ¢ to county k as k% = 21079 which
resembles empirical weights w 21075

Equation 5.2 summarizes the three sources of variation for the county-level price
index under uniform prices. First, local demand shocks will affect the local consumer
price index, as long as the county is important for its dominant chains (high «.). Sec-
ond, demand shocks in other locations will also affect the local price index. The extent
to which demand shocks in a county k affect county c price index depend on how im-
portant is market k (9 7) for dominant chains (1) in county ¢ (I). Finally, changes in
the national costs of retail chains that operate in the county (c,) also affect the county-

level price.

6 Quantitative analysis
In this section, I use Equation 5.2 to take the model to the data to test for uniform

pricing, interpret the results and conduct counterfactual analysis.

6.1 Taking the model to the data
First, I introduce assumptions about the relationship between house price changes
and the parameters in the model in order to rationalize the main findings.

To emphasize the demand channel, I let the demand elasticity to vary with house

dlog o,
dlog HP,

prices. Let B = — . As my focus is in the average effect, B does not vary by

county. Allowing BH to vary by county would allow to explore heterogeneous effects
depending on county’s characteristics. I discuss this in Appendix E.5.2. 2!

Combining " and Equation 5.2 and scaling terms by the average elasticity, & — 1:

H
dInP, = &057 e (3% = 1)dIn HP: + ~077 1#20 weop (07 dlank+D°7d1nc,, (6.1)
cel)y

2lEor example, one might be interested to include interaction variables to capture whether counties
with specific characteristics are more sensitive to house price shocks.
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Equation 6.1 resembles my main empirical Equation 4.3 with two important differ-
ences that I account for. The main difference is related to the direct effect of a house
price change (first term RHS in blue). The model highlights that the effect of local
shocks on local retail is a function of how important the local consumer market is for
retailers operating in that county (k). Intuitively, if a shock occurs in a county with
national retailers, local prices remain largely unaffected. Conversely, shocks in coun-
ties dominated by local retailers lead to greater price reactions.??

This has three important implications. First, it implies that uniform pricing strate-
gies can be consistent with large local price elasticity; as long as the shocks occur in
regions that are important for their own retail chains (high x.:). Given that coun-
ties with higher x.. were more affected by the house price slump, this helps reconcile
the evidence of uniform pricing in DellaVigna and Gentzkow (2019) with evidence of
large local elasticity of county-level prices with respect to local shocks in Stroebel and
Vavra (2019). Second, it implies that researchers interested in recovering the elastic-
ity of prices with respect to local economic shocks should weigh the local shocks by
the importance of the own county for its dominant retail chains. Third, it helps to
rationalize why the direct effect coefficient was lower than the spillover coefficient in
the empirical analysis. To compare these two coefficients it is necessary to weight the
county-level house price variable by the importance of the local market for local retail-
ers. After this adjustment, Table A.XXXI shows that the two coefficients are similar.

The second difference is related to the weights (second term RHS). The theoretical
weights 6% are increasing in the empirical weights S%, but they would only be equal
if there is no initial differences in cross-county demand elasticity. I use estimates of o,

by quartile of population from Hottman (2014) to construct 6% .

6.2 Recovering pH
I estimate Equation 6.1 to recover B!, reporting results for various specifications
in Appendix Table A.XXXI. Preferred specification in Column (6) shows 3, = 0.16,

which, scaled by & — 1 = 3.1, implies an average demand elasticity response of By =

22y . varies greatly across US counties. The mean is 0.03 and ranges from 0.0001 in the 5th percentile

to 0.12 in the 95th percentile, with a standard deviation of 0.06.
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0.48. In addition, I cannot reject that direct and indirect effect coefficients are equal,
which is indicative that the uniform pricing model can explain county-level price co-
movements. Although this conclusion needs to be interpreted with caution as it de-

pends on assuming constant B (see appendix E.5.2).

6.3 Counterfactuals

We now have the theoretical structure, the estimates of key parameters, and the
data to carry out a quantitative assessment of the influence of retail chains on the
spread of demand shocks to prices during the Great Recession. In particular, I hold
constant changes in retail chains’ costs (dlogc, = 0), initial shares, and use Equation
6.1 to evaluate how demand shocks during the Great Recession would have affected
cross-county inflation in different scenarios of retail chains pricing strategies, while
maintaining constant the geographic distribution of retail chains.

I map the shares S and [Y/ to retail chains in the data and analyze two polar
opposite pricing strategies: uniform pricing (benchmark) and flexible pricing. I use
these counterfactuals to quantitatively answer two questions: What would have been
the cross-county dispersion of inflation rates during the Great Recession if retailers’
pricing strategies were different? Which consumers would have benefited?

Table VIII reports the average change in retail prices during the Great Recession by
quintiles of house price changes. The first quintile represents counties more directly
exposed to the house price slump. Column (1) reports the change in prices for the
uniform pricing case, while Column (2) reports it for the flexible pricing case.

The average inflation rate under the two alternative pricing strategies is similar.
However, there are important differences in the dispersion induced by the demand
shocks during the Great Recession. Comparing the coefficient of variation (CV), we
observe that the dispersion in cross-county inflation under uniform pricing is 40%
lower. Compared to flexible prices, the reduction in consumer prices under uniform
pricing is 1.25 percent points lower for the quintile most affected by the house price
slump, while it was 2.23 percent points higher for the quintile least affected. This in-

dicates that uniform pricing reduced risk-sharing between regions. First, it attenuated
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the downward response of local prices to the local shock. Intensifying the effect of the
crisis in the local market. Second, regardless of the local shock, counties connected to
affected counties experienced a decline in their consumer prices.

As a general result, Retail chains’ centralized pricing decisions intensify the ad-
verse consequence of a local crisis and benefit counties less affected. If Miami is hit
hard by the recession, retail chains do not reduce prices as much there and, instead,
they reduce prices in counties that were less affected by the crisis. This also implies
that even in a context of uniform pricing, local markups are procyclical, but less pro-
cyclical than if retail chains perfectly discriminate prices.

This result highlights a key difference between the implications of my mechanism
and those in prior studies. For instance, Hyun and Kim (2019) suggests that produc-
ers reduce varieties in all their market destinations in response to local crises, which
adversely affects unaffected regions by limiting variety access. In contrast, my mech-
anism implies that unaffected regions benefit through lower prices and increased con-
sumption. That is, my mechanism implies lower risk-sharing between regions. I dis-
cuss in detail this and other qualitative and quantitative differences with other propa-
gation mechanisms in in Appendix D.6.

In terms of distributive consequences, in the specific context of the shocks that
occurred during the Great Recession, uniform pricing and the mechanism described
above benefited low-income counties. These counties were less directly exposed to the
house price slump, yet they experienced a lower inflation rate due to their connection
with counties that were affected by the shocks. However, this conclusion is specific
to the locations in which this particular shock took place. In Appendix F2 I analyze
this in detail and quantify the distributive consequences of uniform pricing during the

Great Recession.

7 Conclusion
Large firms with a presence in many regions are a key feature of the economy. I
study if the centralized pricing decisions of multi-establishments firms can lead to the

propagation of shocks, beyond the traditional channels. I study this in the context
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of the retail sector because it directly affects consumer prices and because there is
unusually rich micro-data to observe detailed information about retail chains’ prices
in their different stores across the geography of the U.S.

My main empirical finding is that county-level consumer prices are sensitive to
shocks in distant counties linked by the retail chain networks. In addition, I show that
the economic linkages created by the retail chains go beyond the traditional linkages
that arise from, for example, trade and proximity in space. The key mechanism behind
the effects is the centralized pricing decisions of retail chains.

The way in which retail chains connect counties in the US economically has im-
portant consequences for the spread of local demand shocks. First, uniform pricing
dampens the pro-cyclical behavior of local prices. Second, it increases the synchro-
nization of consumer prices across counties. During a negative demand shock, uni-
form pricing worsens the outcomes for consumers in the most affected counties while
benefiting those less exposed.

My findings have important policy implications. Centralized retail pricing limits
regional risk-sharing, intensifying local crisis. This suggests that targeted policies may
be needed to address local recessions. Uneven distribution of retail chains also influ-
ences how local demand shocks affect prices across regions. Therefore, when weighing
the costs and benefits of a policy, policymakers should consider not only the impact
on local prices but also the indirect impact on prices in distant regions. This paper

provides the necessary bilateral weights to inform these policies.
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Tables and Figures
7.1 Figures

Figure I: Geographic Dispersion Index

15

10

Frequency

0 2 4 6 8 1
Chain's geographic dispersion Index

Note: Histogram with 20 bins showing the distribution of retail chains by their Geographic Dispersion Index (GDI), defined as
GDI, = 1— Y, S2. The x-axis reports the value of GDI,, while the bars represent the number of retail chains falling within each
bin. Source: NielsenIQ Retailer Scanner Data.
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Figure II: w, 1 4: Exposure of counties c to shocks in Los Angeles

From 0 to 1
0.0000 to 0.0000
0.0000 to 0.0000
0.0000 to 0.0000
0.0000 to 0.0009

[ 0.0009 to 0.0034

[ 0.0034 to 0.0058

9 0.0058 to 0.0090

B 0.0090 to 0.0143

B 0.0143100.0358

@ 0.0358 t0 0.2985
0

Note: The sample is segmented in deciles. The gray color scale represents the degree to which counties are exposed to shocks
in L.A., based on w4 (See Equation 4.2). Darker colors indicate higher w, 4. Includes all counties covered by the NielsenIQ
scanner data. Source: NielsenIQ Retailer Scanner Data.
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Figure III: Propagation of local shocks: first stage and reduced-form

Panel a: First Stage Panel b: Reduced Form
Zk;éc wckWLRIk — Zk;&c kaA IOg(HP)k Zk#c kaWLRIk — A IOg(PC)

Slope: -0.190 ***

Slope: -0.032 ***

.08

County's $ \Delta $ Log Price Index
|

Chain-linked $ \Delta $ Log HP (other counties)
N
h

-1 -5 0 5 1 -1 -5 0 5 1
Chain-linked WRLURI (other counties) Chain-linked WRLURI (other counties)

Note: The binscatter plots the first stage and reduced-form relationship. Panel A plots the first stage: the relationship between
the network-weighted WLRI (x-axis) and the network weighted house price changes (y-axis). Panel B reports the reduced-
form coefficient: the relationship between network-weighted WLRI (x-axis) and county-level change in consumer prices (y-axis).
Counties are sorted into percentile bins based on their value on network-weighted change in house prices (Panel A) and county-
level changes in consumer prices (Panel B), respectively. The sample includes 924 counties, so each percentile bin therefore
represents 9 counties. To filter out any confounding effects, I control in both cases for the local change in house prices (so the dot
indicates the average value of the (residual) outcome variable.
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7.2 Tables

Table I: Propagation of local shocks through retail chains’ network

Dep Variable: County’s A Log Price Index

OLS IV: WLRI instrument
® 2 ®) ©) ©®) (6)
Panel A: Second Stage
County A Log HP 0.053***  0.030** 0.025*% 0.115***  0.070** 0.064*
(0.014) (0.012) (0.014) (0.025) (0.029) (0.034)
Chain-linked A Log HP (other counties) 0.085***  0.091*** 0.130%**  0.139***
(0.026) (0.026) (0.031) (0.033)
Panel B: First Stage
F-stat 21.952 21.838 13.665
County controls no no yes no no yes
Observations 924 924 924 924 924 924
R-squared 0.147 0.251 0.265 0.060 0.082 0.110

A unit of observation is a county. The dependent variable is the percentage change in the county price index be-

tween 2007 and 2011 (A log(P.)). County’s Alog HP is the percentage change in house prices between 2007 and
2011. Chain-linked A Log HP (other counties) denotes the network-weighted percentage change in house prices
in other counties (¥« weAlog(HPy)), as defined in Equation 4.2. Columns (1) to (3) report results for OLS
estimations. Columns (4) to (6) report results, after instrumenting the two main endogeneous variables. I in-
strument local percentage change in house prices with local WLRI. I instrument network-weighted percentage
change in house prices (L. werAlog(HPy)) with network-weighted WLRI (¥ wxWLRIy). County-level
controls in columns (3) and (6) include changes in log wages, changes in log number of retail establishments,
changes in log employment, and the county’s own weight w... Panel A reports the second stage coefficients.
Panel B reports the Kleibergen-Paap (2006) rk F-statistic for the first stage. Standard errors clustered at the
state level are in parentheses. ****** denotes statistical significance at the 1, 5, and 10 percent levels. Source:
Prices, quantities, and sales are obtained from NielsenIQ Retail Scanner Data. Housing price data is obtained
from the Federal Housing Finance agency (FHFA). Wharton Land Regulation Index from Gyourko et al. (2008).
County-level macroeconomic variables are obtained from the Bureau of Labor Statistics.
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Table II: Propagation of house price-induced local shocks to out-of-state counties

Dep Variable: County’s A Log Price Index

OLS IV: WLRI instrument
@ @ @) (©) ©®) (©)

Panel A: Second Stage
County’s A Log HP 0.053***  0.054***  0.052***  0.115***  0.123***  0.125***

(0.014) (0.013) (0.015) (0.025) (0.023) (0.026)
Chain-linked A Log HP (other counties) 0.078***  0.084*** 0.125%**  (0.131***
(exc state) (0.024) (0.024) (0.031) (0.030)
Panel B: First Stage
F-statistic 21.952 15.403 11.116
County controls no no yes no no yes
Observations 924 924 924 924 924 924
R-squared 0.147 0.245 0.260 0.060 0.031 0.029

A unit of observation is a county. The dependent variable is the percentage change in the county price index

between 2007 and 2011 (Alog(P.)). County’s A Log HP is the percentage change in house prices between
2007 and 2011. Chain-linked A Log HP (out-of-state counties) is the network-weighted percentage change in
house prices in other counties, excluding the state in which the county is located. County-level controls in
columns (3) and (6) include changes in log wages, changes in log number of retail establishments, changes
in log employment, and county’s own weight wc.. Columns (4) to (6) report results, after instrumenting the
two main endogeneous variables. I instrument local percentage change in house prices with local WLRI. I
instrument network-weighted percentage change in house prices with network-weighted WLRI in out-of-state
counties (Ltstare Wk WLRIy). Panel A reports the second stage coefficients. Panel B reports the Kleibergen-
Paap (2006) rk F-statistic for the first stage. Standard errors clustered at the state level are in parenthesis. ***,***
denotes statistical significance at the 1, 5, and 10 percent levels. Source: NielsenIQ Retail Scanner Data, Federal
Housing Finance Agency (FHFA) and Wharton Land Regulation Index from Gyourko et al. (2008).
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Table III: Channels of propagation of shocks: retail chains versus geographic proximity

Dep Variable: County’s A Log Price Index

OLS IV: WLRI instruments
1) (2 3) 4 ©) 6)

Panel A: Second Stage

Prox-weighted A Log HP (other counties) ~ 0.119**  0.087*** 0.017 0.198**  -0.068 -0.125
(0.009)  (0.015)  (0.016)  (0.046)  (0.095)  (0.082)

County’s A Log HP 0.020***  0.020*** 0.143***  0.155***
(0.007) (0.007) (0.052) (0.048)

Chain-linked A Log HP (other counties) 0.087*** 0.165***

(0.009) (0.028)

Panel B: First Stage

F-statistic 12.506 23.725 15.996

Observations 924 924 924 924 924 924

R-squared 0.175 0.179 0.264 0.103 0.104 0.102

A unit of observation is a county. The dependent variable is the percentage change in the county price index
between 2007 and 2011 (Alog(P:)). County’s A Log HP is the percentage change in house prices between 2007
and 2011. Chain-linked A Log HP (other counties) is the network-weighted percentage change in house prices
in other counties (L. we A log(HP)) as defined in Equation 4.2. Trade-linked A Log HP (other counties) refers
to the weighted average percentage change in house prices in other counties, where the weights are given by
proximity between counties: ) .. 5520XA log(HP;)?”~11. Panel B reports the Kleibergen-Paap (2006) rk F-statistic
for the first stage. Standard errors clustered at the state level are in parentheses. ****** denotes statistical sig-
nificance at the 1, 5, and 10 percent levels, respectively. Source: NielsenlQ Retail Scanner Data, FHFA, Wharton
Land Regulation index from Gyourko et al. (2008).
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Table IV: Controlling for similarity-weighted shocks

Dep Variable: County’s A Log Price Index

IV: WLRI instrument
1) ) ®3) 4 (©)] 6) @) (8

Panel A: Second Stage

County A Log HP 0.064*  0.062*  0.061*  0.064*  0.064*  0.099%*  0.030*  0.020
0.034)  (0.033)  (0.034)  (0.034)  (0.034)  (0.049)  (0.017)  (0.018)

Chain-linked A Log HP (others) 0.139***  0.140***  0.138***  0.138"**  0.138***  0.130***  0.171***  0.174**
(0.033) (0.033)  (0.033)  (0.033)  (0.033)  (0.036) (0.032)  (0.031)
Income-weighted A Log HP (others) 0.029*** 0.022**
(0.011) (0.031)
Employment-weighted A Log HP (others) 0.019 0.024
(0.014) (0.015)
Population-weighted A Log HP (others) 0.004 0.003
(0.016) (0.015)
Education-weighted A Log HP (others) 0.012 0.012
(0.009) (0.009)
HH debt-weighted A Log HP (others) -0.062* 0.002
(0.033) (0.013)
SocialConnectedness-weighted A Log HP 0.066***  0.063***
(0.023)  (0.023)
Panel B: First Stage
First Stage F-stat 13.665 13.809 13.787 13.659 13.530 11.002 19.212 11.153
County controls yes yes yes yes yes yes yes yes
Observations 924 924 924 924 924 924 924 924
R-squared 0.110 0.122 0.126 0.114 0.116 0.129 0.132 0.211

A unit of observation is a county. The dependent variable is the change in county price index between 2007 and 2011: Alog(HP)%~11.
Chain-linked A Log HP (other counties) refers to the weighted average percentage change in house prices in counties linked by retail
chains. Columns (2) to (6) control for similarity-weighted changes in house prices. Column (7) controls for social connectedness-
weighted changes in house prices. Column (8) includes all controls together. Standard errors clustered at the state level are in paren-

thesis. ***** * denotes statistical significance at the 1, 5, and 10 percent levels, respectively. Source: NielsenlQ Scanner Data, FHFA.
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Table V: Propagation of house price-induced local shocks to other economic outcomes

county-level A LogPriceIndex ALogL ALog#o0of ALogWages
establish
@ @ ®) )
Panel A: Second Stage
County’s A Log HP 0.070** 0.159* 0.123* 0.303*
(0.029) (0.082) (0.073) (0.161)
Chain-linked A Log HP (others) 0.130%** -0.051 0.048 -0.156
(0.031) (0.111) (0.041) (0.143)
Panel B: First Stage
F-statistics 21.838 21.838 21.838 21.838
Observations 924 924 924 924
R-squared 0.082 0.078 0.117 0.090

A unit of observation is a county. Each column has a different dependent variable: Column (1)
shows Alog(P;). Column (2) shows the percentage change in employment rate (Alog(L)), Col-
umn (3) shows the percentage change in the county’s # of establishments. Column (4) shows the
percentage change in wages. County’s A Log HP is the percentage change in house prices between
2007 and 2011. Chain-linked A Log HP (other counties) is the network-weighted percentage change
in house prices in other counties. All columns report IV estimates. Panel A report the second stage
coefficients. Panel B reports the Kleibergen-Paap (2006) rk F-statistic for the first stage. Standard
errors clustered at the state level are in parenthesis. ***** * denotes statistical significance at the 1, 5,
and 10 percent levels, respectively. Source: Prices, quantities and sales are obtained from NielsenlQ
Retail Scanner Data. Housing price data is obtained from from the Federal Housing Finance agency
(FHFA). Wharton Land Regulation Index from Gyourko et al. (2008). County-level macroeconomic
variables are obtained from the BLS.
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Table VI: Propagation of local shocks: within county analysis

Dep Variable: Chain’s A Log Price in county ¢

OLS IV: WLRI instrument
(€)) @ @) (©) (©) ()
Panel A: Second Stage
County’s A Log HP 0.031%** 0.070***
(0.004) (0.021)

Store A log HP (others),. ~ 0.079**  0.087**  0.075*  0.151%* 0.193**  0.198**
0.037)  (0.036)  (0.030) (0.050)  (0.041)  (0.036)

Panel B: First Stage

F-statistic 18.430 31.864 37.446
County controls yes - - yes - -
Retail chain controls no no yes no no yes
County FE no yes yes no yes yes
Observations 3,666 3,606 3,666 3,606 3,666 3,666
R-squared 0.162 0.571 0.582 0.108 0.100 0.085
# retailers 84 84 84 84 84 84

# counties 924 924 924 924 924 924

A unit of observation is a retail chain by county. The dependent variable is the percent-
age change in the retail chain by county price index between 2007 and 2011. County’s
A Log HP is the county-level percentage change in house prices between 2007 and 2011.
Store Alog HP(others),. is the store-level network-weighted percentage change in house
prices in other counties. County-level controls include log wage changes , employment and
# of establishment. Retail chain-level controls include log national sales at 2007. Columns (4)
to (6), use WLRI instruments. Panel B reports the Kleibergen-Paap (2006) rk F-statistic for the
first stage. Standard errors clustered at both the retail-chain level and state-level in paren-
thesis. ****** denotes statistical significance at the 1, 5, and 10 percent levels, respectively.
Source: Prices, quantities and sales are obtained from NielsenIQ Retail Scanner Data. Hous-
ing price data is obtained from from the Federal Housing Finance agency (FHFA). Wharton
Land Regulation Index from Gyourko et al. (2008). County-level macroeconomic variables are
obtained from the BLS.
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Table VII: Effects on retail chain sales

Dep Variable: A Log

Store Level

County-level

A Log A Log A Log A Log A Log A Log
Sales Quantities  Price index Sales Quantities  Price index
Panel A: Second Stage
A Log HP 0.480** 0.402* 0.078**
(0.211) (0.210) (0.034)
Chain-linked A Log HP (others)  -0.346 -0.544** 0.198*** -0.638**  -0.777*** 0.139%**
(0.244) (0.236) (0.036) (0.246) (0.252) (0.033)
Observations 3,666 3,666 3,666 924 924 924
County controls - - - yes yes yes
County FE yes yes yes no no no
First Stage F-stat 37.446 37.446 37.446 14.944 14.944 14.944

Column (1) to (3) observations are at retail-by-county. Column (4) to (6) at county-level. The dependent variables
are ALogSales, ALogQuantities and ALogPrice. County’s ALogH P is the percentage change in house prices between
2007 and 2011. Chain — linked ALogHP is the exposure variable at the retail chain by county level in column (1) to (3)
and at store level in columns (4) to (6). Panel A report the second stage coefficients. Panel B reports the Kleibergen-
Paap (2006)rk F-statistic for the first stage. Standard errors clustered at the state level are in parenthesis. ******
denotes statistical significance at the 1, 5, and 10 percent levels, respectively. Source: NielsenlQ Retail Scanner

Data, Federal Housing Finance agency (FHFA), Gyourko et al. (2008).
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Table VIII: Inflation Rates

Quintile of Uniform Flexible AlLosses
A House Price | AP" AP/ Apupp/

Most affected -4.19% -5.44% 1.25%
2 -2.67% -2.07% -0.60%
3 -2.61% -1.55% -1.06%
4 -2.56% -1.13% -1.43%
Least Affected -2.59% -0.36% -2.23%
Mean -3.42% -3.22% -0.20%

SD 1.52% 2.75%

CvV 44.44% 85.47%

The quintiles are defined in terms of the house price changes. The
largest drop in house prices corresponds to the first quintile. Ob-
servations are weighted by population in 2007.
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