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Abstract

I study whether and how retail chains and their geographic distribution of stores contribute
to the propagation of shocks across regions in the United States. Linking detailed store scanner
micro-data to a county-level house price dataset for the period of the Great Recession, I investi-
gate the spread of house-price induced local shocks through the networks of retail chains. My
main empirical finding is that county-level prices are sensitive to shocks in distant counties that
happen to be served by the same retail chains. A 10% drop in house prices in other counties
that are served by the same retailers leads, on average, to a 1.4% decline in the local consumer
retail price index. My results hold after conditioning on trade relationships due to geographic
proximity. In fact, I document that once the retail chains’ channel of propagation is taken into
account, trade relationships due to geographic proximity play no role in propagating shocks
to retail prices. I rationalize the reduced-form estimates in a model in which retail chains vary
prices uniformly across their stores as a function of changes in market demand that they face
at the (aggregate) chain level. I find that the calibrated model with uniform pricing can fully
account for the reduced-form effects. Counterfactual analysis shows that uniform pricing and
the geographic distribution of retail chains reduced cross-county dispersion of inflation by 40%
during the Great Recession, benefiting consumers from low-income counties that were less ex-
posed to drops in local house prices.
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1 Introduction

The propagation of local shocks through the economy has been a central topic in macroeconomics.
The most common way economists have been thinking of how shocks propagate is through trade
linkages, both in inputs and outputs, as well as through flows of factors of production, such as
labor or capital. How does our understanding change once we take into account the role of multi-

establishment firms with presence in many regions?

If the various establishments of these firms operate as independent business units, these firms will
play no additional role in propagating shocks across regions. However, some characteristics of
these firms can create inter-dependencies between their establishments. For example, if firms have
a common pricing strategy across their establishments, then shocks in one region will affect prices

in all their locations.!

There are reasons to think that this phenomenon occurs for an important
sector of the US economy: retail trade -i.e. grocery, drugstore and mass merchandise stores.? Given
that the distribution of retail chains across regions in the U.S is far from uniform, their networks of
stores might affect how shocks are propagated across the economy. Yet, surprisingly, the existing
literature has so far paid relatively little attention to how the spatial networks of retail chains stores

shape the propagation of shocks across regions.

In this paper, I fill this gap. I study whether and how local demand shocks propagate to consumer
prices in distant regions through retail chain networks. Exploiting regional variation in local con-
sumer demand from the collapse in house prices during the Great Recession, I find that the local
consumer price index depends not only on local demand conditions, but also on shocks in distant

regions that happen to be served by the same retail chains.

My main analysis is based on store-level scanner data from the Nielsen-Kilts retail panel. The data
includes sales and prices in more than 35,000 participating grocery, drug and mass merchandise
stores in more than 2,000 counties. In addition, it provides the location of each store and a unique
identifier for the retail chain that is the ultimate owner of the store. I combine 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 the Nielsen data to construct a spatial network of the retail chains’ stores. Given that retail
chains are unevenly distributed in space, their spatial network naturally creates linkages between
counties. At the center of my analysis is a new measure of connectedness that characterizes the ex-
posure between each pair of counties. 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 ¢.® Intuitively, a county ¢ will

be more exposed to county k if county k is an important market for retail chains that are dominant

I Another example is technology transfer from the parent company to their affiliates, which can generate co-
movement in the sales growth of multinationals across countries (Cravino and Levchenko (2017)).
2DellaVigna and Gentzkow (2019) show that most US food, drugstore, and mass merchandise chains charge nearly-
uniform prices across stores, despite wide variation in consumer demographics and competition. Nakamura (2008)
shows that retail chains’ fixed effects explain a substantial share of price variation.
3Formally, exposure of county c to county k is given by: wg = YlycSyk. Sy denotes the share of retail chain 7’s
r

national sales that take place in market k. I, denotes the share of a county’s sales that correspond to retail chain r (See
Equation 4.4). Note that, unlike bilateral distance, this measure of connectedness is intrinsically asymmetric.



in county c.* I then use these bilateral measures in order to compute a county’s exposure to house
price changes in other counties. The exposure of county c to house price changes elsewhere is the
network-weighted percentage change in house prices, where the weights are given by the bilateral

exposure of county c to each county k.

My main empirical finding is that county-level prices are sensitive to house price-induced local
shocks in distant counties that are linked by retail chain networks. In order to deal with endogene-
ity of house price changes, I follow the identification strategy in Mian and Sufi (2011) and use the
local housing supply elasticity to instrument for local house price changes. More importantly, I use
the network-weighted housing supply elasticity to instrument for network-weighted house price
changes in other counties.® Across a variety of empirical specifications, I find a positive elasticity
of local prices to house price movements in other counties, linked by the retail chains” networks.
Specifically, a ten percent drop in house prices in distant counties linked by the network of retail
chains leads, on average, to a 1.4 percent decline in county-level consumer prices.

My identification strategy faces several challenges. Since retail chains are not placed randomly
across space, the most important challenge is that it is hard to distinguish propagation of shocks
through the network of retail chains from common shocks in the regions in which the retail chains
operate. Notably, to minimize 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 that common shocks to regions linked by
the network of retail chains do not explain 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 of propagation is taken into account, trade rela-
tionships due to geographic proximity play no role in propagating shocks to retail prices. Further-
more, I exclude counties within the same state and show that the shocks also spread to distant re-
gions located outside the state. Second, I do not observe co-movement in wages between counties
that are linked by the retail chains” networks. Finally, and more importantly, in a complementary
empirical strategy, I turn to more granular data at the store-by-county level. 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 given county, I
find an elasticity of store-level prices with respect to house price movements in other counties
of 0.12-0.20. That is, a ten percent larger reduction in weighted average house prices in counties
where the same retail chain operates leads, on average, to a 1.2-2.0 percent reduction in the local

prices of that chain’s establishments relative to prices of stores belonging to other chains.”

After showing how the geographic distribution of retail chains shapes the propagation of local

demand shocks to consumer prices, I explore whether it also affects other economic outcomes.

“This paper is the first to characterize the bilateral linkages between counties in the retail chains dimension. I make
the matrix that contains the bilateral linkages accessible to members of the broader research community.
5County Alog HP(others), = Y. wAlog HP,, where HP denotes house price index (See equation 4.3).
k#c

bSeveral papers have used this instrument for changes in local house prices (Mian and Sufi (2011), Adelino et al.
(2015), Stroebel and Vavra (2019), among others).

"This result also relates to recent work by Handbury and Moshary (2020) on the effects of the national school lunch
program on retail prices. See discussion of related literature below.



I find no similar effects on local wages or employment, which implies that those are unaffected
by house price shocks in other counties that are linked by retail chains networks. This, in turn,
suggests that retail chains and their geographic distribution of stores affects not only consumers’

prices in distant regions, but also consumers’ purchasing power.

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 particular, I allow demand elasticity (and markups) to
vary with changes in local house prices. In the model, retail chains” headquarters can either set a
uniform price or price-discriminate 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 the chain operates. Hence, when faced with a negative demand shock in a given region, the
retail chain decreases its prices not only in that region, but also in other regions in which the retail
chain operates. The extent to which the retailer contributes to the propagation of demand shocks

depends on the geographic distribution of its sales.

The model presented here provides a novel, yet intuitive test for uniform pricing responses to
shocks. If retail chains charge uniform prices, then in response to a local demand shock, the ef-
fect from shocks elsewhere should be equal to the local effect, once both are weighted properly.®
According to the results of this test, I cannot reject the hypothesis of uniform pricing strategies.
The model also highlights that the effect of local shocks on local retail price indices is heteroge-
neous: 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 find that this degree of local pass-through varies greatly across U.S.

counties.

The theoretical framework naturally lends itself to quantifying the aggregate and distributive con-
sequences of uniform pricing during the Great Recession. I conduct two counterfactual exercises
that explore 1) different pricing strategies, and 2) different spatial networks of retail chains due to
mergers or acquisitions. In the first counterfactual, I consider flexible pricing strategies. Compared
to uniform pricing, under flexible pricing the counterfactual cross-county dispersion of inflation is
40% larger. This implies that uniform pricing smoothed-out the effect of the shocks across regions
during the Great Recession. Then, I explore the distributive consequences of uniform pricing and
I find that consumers in low-income counties benefited. Intuitively, these counties were not as af-
fected by the house price slump directly, but still experienced a drop in their local consumer prices
because their retail chains were affected by the shocks in other counties.

In the second counterfactual, I assume uniform pricing and explore changes in the spatial networks
of retail chains due to mergers and acquisitions. I simulate a scenario in which there is a merger
between the largest retail chain in each of the four census regions of the United States. This merger
would have reduced the cross-county dispersion of inflation rates during the Great Recession by
12%. This result emphasizes a new aspect of mergers: they can intensify the linkages between

regions and lead to more synchronized changes in consumer prices.

8The proper theoretical weight for the local shock is related to the importance of the local consumer market for the
dominant retail chains operating in the county.



This paper contributes to several strands of the literature. First, it contributes to the international
and intra-national trade literature that studies how shocks propagate across regions. Most of this
literature emphasizes input-output linkages between firms and sectors as the main driver of the
propagation of shocks (e.g. Acemoglu et al. (2012), Carvalho et al. (2016), and Caliendo et al. (2017),
Stumpner (2019)). There has been less study of how shocks propagate within firms’ internal net-
works of establishments. In the international context, a number of papers explore whether char-
acteristics of parent companies and affiliates of multinationals generate co-movements between
regions, including channels such as internal capital markets (Desai et al. (2009)), intermediate in-
put linkages (Boehm et al. (2019)), and transmission of technology across establishments (Cravino
and Levchenko (2017), Alviarez et al. (2020), and Bilir and Morales (2020)). My paper focuses on
the propagation of shocks across firms’ establishments in a given country and sheds light on a
new channel: inter-dependencies in pricing strategies between the establishments of a firm. An
advantage of studying propagation of shocks within the U.S. is that Nielsen scanner data allows
me to observe establishment-level prices. As a consequence, unlike previous papers, I am able to
directly study how shocks propagate to consumer prices.

Less has been done to understand the role of firms’ internal networks in propagating shocks in
the domestic context, with two notable exceptions: Hyun and Kim (2019) and Giroud and Mueller
(2019). Hyun 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 production 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 establishments in multiple regions and sell locally in each one
(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

markets that are connected by the retail chains’ network of stores. '

In a study more closely related to my paper, Giroud and Mueller (2019) analyze the role of firms’
cashflow constraints in propagating local demand shocks. They find that financially constrained
tirms spread local demand shocks, affecting employment in distant regions where the parent firm
operates. The channel I study is different: regardless of retail chains” financial constraints, their
pricing strategies create inter-dependencies between their establishments. Note also that while the
results of Giroud and Mueller (2019) have implications for the firms” workers, the results in my

paper have implications for their consumers.

Second, this paper relates to the literature that studies the collapse in house prices during the
Great Recession (Mian and Sufi (2011), Mian et al. (2013), Giroud and Mueller (2019), and Stroebel
and Vavra (2019)). In particular, this paper is closely related to Stroebel and Vavra (2019), which
analyzes how markups and prices respond to local demand shocks during the Great Recession.
They find a large positive effect of local house price movements on local retail prices. However, if
retail chains set prices nationally, markups not only depend on local demand, but also on demand

9The international trade literature also makes a sharp distinction between firms exporting to many markets (multi-
destination exporters) and firms that have establishments in many markets (multi-nationals). In my context, retail chains
occupy the second category.
10Results in Hyun and Kim (2019) are entirely driven by extensive margin adjustments. In contrast, my results are
entirely driven by changes in prices of continuing products.
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shocks in other regions. I complement their results by showing that house price-induced local
demand shocks not only affect local prices, but also prices in distant regions that are linked by
the retail chains” networks. This finding advances our understanding of the mechanisms through

which the Great Recession propagated across the U.S economy.

Third, this paper helps reconcile the conflicting 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. I show that once I control for shocks from regions linked by the same retail chains,
the elasticity of local retail prices with respect to house price changes decreases by 35%. In addition,
the predictions from my theoretical model indicate that uniform pricing can be consistent with
large local responses to demand shocks, as long as the regions experiencing the shocks are an
important market for their retail chains. On this ground, this paper highlights that to understand
how local markups respond to changes in local economic conditions, one should consider the

decisions of national retail chains and their spatial network of stores.

Fourth, my paper relates to a literature that studies supply-side effects of demand side policies.
In a related paper, Handbury and Moshary (2020) study the effects of the National School Lunch
Program (NSLP) on retail prices. Consistent with zone pricing, 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 multi-establishment firms to quan-
tify a new mechanism through which local economic shocks propagate across regions of the U.S. I
derive measures of bilateral market exposure directly from a theory of firm pricing decisions, and
find quantitatively that the reduced-form empirical findings can be accounted for by uniform pric-
ing. This also allows me to quantify the distributive consequences of alternative pricing strategies.

Finally, this paper also contributes to the literature in industrial organization and macroeconomics
that studies firms’ pricing dynamics, and, in particular, a recent literature that has documented
the existence of uniform pricing in different sectors. Nakamura (2008) shows that retail chains’
effects explain a substantial share of price variation in the U.S. In the same context, DellaVigna and
Gentzkow (2019) show that a given retail chain charges similar prices across different locations.
Daruich and Kozlowski (2020) document uniform pricing in supermarket chains in Argentina and
analyze its implications for inferring aggregate elasticities from local estimates. Cavallo (2017)
finds that retailers charge similar prices online and offline. Adams and Williams (2019) find simi-
lar patterns in the retail home improvement industry. I take the insights of these papers to empiri-
cally assess the role the geographic distribution of retail chains in shaping the propagation of local
demand shocks across regions in the United States.

The remainder of the paper proceeds as follows. Section 2 describes the data. Section 3 documents
stylized patterns 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

explores counterfactual scenarios. Section 7 concludes.



2 Data

I combine county-level data on changes in house prices during the Great Recession (2007-2011)
with Nielsen Retail Scanner data.

2.1 Retailer Scanner Data:

I use the Retail Scanner Database collected by AC Nielsen and made available through the Kilts
Center at The University of Chicago Booth School of Business. The retail scanner data consist of
information on weekly price and quantity sold generated by point-of-sale systems for more than
100 participating retail chains across all its markets between 2006 and 2016. When a retail chain
agrees to share their data, all of their stores enter the database. As a result, the database includes
more than 35,000 participating grocery, drug and mass merchandiser stores located in more than
2000 counties. These stores cover more than half the total sales volume of US grocery and drug

stores and more than 30 percent of all US mass merchandiser sales volume.

I define a retail chain to be a unique combination of two identifiers in the Nielsen data: code of
parent and code of retailer. "Parent code" indicates the company that owns a chain and "retailer
code" indicates the chain itself (e.g: Albertson’s LLC which owns Safeway). I introduce sample
restrictions at the chain level. First, I require that the chains are present in the sample in every year
from 2007 to 2011. Second, I require that chains are present in two or more counties. This leaves
me with 91 retail chains. Finally, I require chains to be present in the counties for which there is
information for all the variables in the analysis, leaving us with 84 retail chains. I also impose
restriction on the sample of products. In particular, I focus on products that are frequently sold
and available across markets. For each retail chain, I focus on products that are available in 80% or

more of its markets in a given half-year.!!

While the raw data are sampled weekly, I aggregate to construct half-year prices, since this reduces
high-frequency noise. I construct the half-year price of an item by dividing its total value of sales
by the total quantity of units sold in the half-year. As the main focus of the paper is on a) prices
of existing products that are similar within chain across stores, and b) variation of price indices
across time, we include an item only if it has positive sales in 2007 and 2011. We track the price
of identical items (UPC-store combinations) across time, so that changes in quality or issues with
comparing nonidentical products are less relevant for our results. I next describe the construction
of the county-level price indices from these individual price observations.

County-level Price Index

The construction of the county-level price index necessarily entails various measurement choices.
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 various alternative assump-
tions, including, for example, adjusting the price index for entry and exit of barcodes and stores
(Appendix D.2).

I assume that consumer behavior features multi-stage budgeting in two stages. In the first stage,

17 also consider different sets of products for additional robustness. Results are robust to not-restricting the sample
of products, restrict it to 50% or more markets and only considering products in the top 40 main product modules.



consumers in a county decide which of 1000 product modules to buy from based on the product
module price index. In the second stage, conditional on the product module, consumers decide
which variety to purchase; where a variety is defined as a store-barcode combination (eg. 12 oz.
Coke in 7-eleven). Specifically, I first construct a product-module level price index as in Sato (1976)
and Vartia (1976):

Wymct
Pmct - Huelmc (Pumct) ’
Pumect—1
where pc: is the price of variety u, in product module m, sold in county c at year ¢, and

o (Sumct - Sumct—l)/(ln(sumct) - Zn(sumct—l)) . _ Pumct‘]umct
Wycmt = 7 Sumct = s
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where g denotes quantity. I is the set of varieties u in product module m in county c that are
consumed in t and t — 1 (continuing varieties). The weights w are ideal log-change weights and

they are county specific to allow for spatial variation in the relative weight of an item.'?

I then construct the overall county-specific price index by weighting the product module price

indices by the revenue share of a particular product module in the initial year (a;¢;—1) ,'°
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In Figure A2 of the Appendix, I plot the histogram of county-level inflation rate between 2007 and
2011. The population-weighted average inflation is 11.09%, which contrasts well with the inflation
in the food at home official CPI from BLS. Figure A2 also shows substantial cross-county dispersion
in inflation rates.

2.2 House price data

House price data is obtained from from the Federal Housing Finance agency (FHFA). The agency
construct a House Price Index (HPI), which is a broad measure of the movement of single-family
house prices. The HPI is a weighted, repeat-sales index, meaning that it measures average price

12Note that they are always bounded between the shares of spending in period t and period t-1.
13This price index is consistent with the following utility function:
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where 0y, is the elasticity of substitution between varieties within product module, and ;. is the fraction of expen-
ditures spent on product module m in county c.



changes in repeat sales on the same properties.'* The HPI serves as a timely, accurate indicator of
house price trends at various geographic levels, including county, zip code, state and Metropolitan
Statiscal Areas (MSAs) levels.'® For the main analysis, I focus on long differences between the first
semester of 2007 and the first semester of 2011.1

The other major data set related to house prices used in the paper is obtained from the 2005 Whar-
ton Regulation Survey. Gyourko et al. (2008a) use the survey to produce a number of indexes that
provides information on various aspects of local land use control environments, including the gen-
eral characteristics of the regulatory process, statutory limits on development, density restrictions,
open space requirements, infrastructure cost sharing and approval delay. It is supplemented by
information on local ballot initiatives and state involvement in land use controls. Lower values
in the Wharton Land Regulation Index (WLRI, henceforth) indicates the adoption of less restric-
tive policies toward real estate development. In contrast, high values of the WLRI are associated
with municipalities that have zoning regulations or project approval practices that constrain new
residential real estate development. I process the original municipal-based data to create average
regulation indexes at the county level. A limitation of the WLRI is that it is only available for
910 counties, out of the 2300 counties for which I have retail price information from Nielsen Data.
These 910 counties represent more than 70% of total sales in the Nielsen Data and cover more than
70% of the U.S. population (See Table Al in the appendix).

2.3 County-level macroeconomic variables

I complement the main datasets with county-level data from different sources. I use county-level
data on wages, employment and number of establishments from the BLS. Data on education levels,
age, and population density come from the American Community Survey (ACS).

3 Facts on the geographic distribution of retail chains

I motivate my analysis by documenting two stylized facts about the geographic distribution of
retail chains in the United States.

Fact 1. There is substantial geographic dispersion in retail chains’ sales

Define the Geographic Dispersion Index (GDI) for each retail chain r:

GDI,=1-)_SZ,
c

where S, = ZS %lgfg’;m represents the share of retail chain r’s national sales that take place in county

4This information is obtained by reviewing repeat mortgage transactions on single-family properties whose mort-
gages have been purchased or securitized by Fannie Mae or Freddie Mac since January 1975.

I5These data is highly correlated with data from Zillow. The correlation in house prices changes from 2007 to 2011
between these two alternative datasets is 96%.

16This timing convention follows Stroebel and Vavra (2019) to facilitate comparisons with their results. 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 Al in the appendix). All results are robust to the alternative timing 2007-2009; following,
for example, Mian et al. (2013) and Giroud and Mueller (2019).



c. Low values of the GDI indicate that sales are concentrated in a few locations. Figure 1 plots the
distribution of the GDI. We observe substantial geographic dispersion. For example, fewer than
10% of the retail chains in the sample have a GDI below 0.5.

Figure 1: Geographic Dispersion of retail chains

15
|

10

Frequency

T T
.6 .8 1

il B

Chain's geographic dispersion
Fact 2. There is substantial heterogeneity in the spatial network of retail chains

Retail chains are distributed differently across the U.S. In Figure 2, I show the spatial network of
six anonymous chains in my data.!” The maps use a red-to-yellow color scale to display the sales
of the retail chain in each county, where red counties are those in which the retail chain has the
highest sales volume, and yellow are those in which the retail chain has the lowest sales volume.
Figure A3 shows that retail chains” networks have very different geographic layouts. For example,
there are big and small retail chains, such as Chain 1 and Chain 2, which are spread across several
regions in the U.S. and are active in more than 15 states. There are also other chains, such as Chain
3 and Chain 5, that cover an extensive area but are spread across counties and states in those areas.
Finally, there are other retail chains that are concentrated in a specific geographic area, such as
Chain 4 and Chain 6.

Notice that even though proximity seems to play a role in determining the location of retail chain
stores, the spatial networks of retail chains go beyond neighboring counties. That is, firms are
not only located in groups of nearby counties. Furthermore, they are widely spread throughout

different states. For example, some chains have only one or two stores per state.

7Nielsen does not disclose the names of the chains in the data. So, in order to provide a broader view of the ge-
ographic distribution of retail chains, in Figure A3 of Appendix C, I present a graph from AggData to illustrate the
geographic distribution of some popular retail chains.



Figure 2: Examples of Retail Chains in the Data
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Source: Nielsen Retail Scanner Data

Note: Each panel plots the distribution of sales of a retail chain in the data. The maps use a yellow-to-red color scale to display the
sales of the retail chain in each county, where red represent counties where the chain has the highest amount of sales, and yellow

counties where the chain has the lowest amount of sales.

The main takeaway from these empirical patterns is that retail chains are multi-regional firms
that are unevenly distributed in space. This heterogeneity in the spatial networks of retail chains
will creates differences in how each pair of counties is connected to each other. For instance, two
counties will be very exposed to each other if they are served by the exact same retail chains. In the
next section, I characterize these linkages and study their role in propagating local shocks across
the geography.
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4 Empirical analysis

I begin the analysis by constructing bilateral weights that characterize how connected each pair
of counties is, given the geographic distribution of retail chains’ stores. Given these weights, I
construct the average exposure of each county to house price shocks in other counties and study
the sensitivity of county-level retail prices to house price-induced shocks in other counties. I then
discuss the identification assumptions and address potential threats to the validity of those as-

sumptions.

4.1 Bilateral linkages and exposure variables

I use Nielsen 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 7’s national sales that takes
place in county c in 2007:

Sales,c ~_ Sales of retail chain r in county c

Sre = Y. Sales,.  National sales of retail chainr

These weights measure how important market c is for retail chain r. Intuitively, a store located in
county ¢ belonging to a retail chain » will be more exposed to shocks in county k if county k is an
important market for the retail chain 7. Given these weights, I define the exposure of retail chain r
in county c to house price shocks in other counties k as a weighted average of house price changes
across counties in the U.S:

StoreA log HP(others);. = ) _SuA log(HP,)" 11, (4.1)
k#c
where Alog(H Pk)07*11 is the percentage change in house prices between 2007 and 2011 in county
k.

The network of retail chains create linkages between each pair of counties. These linkages will
depend on which retail chains are important in each county. Define I,. as the share of total retail
sales in county c that correspond to retail chain r in 2007,

Sales,c ~ Sales of retail chain r in county ¢

1 =
e Y, Sales,. Total sales in county ¢

l;c measures how important the retail r is in county c. With this, I can define a county’s exposure
to house price changes in other counties as the weighted average exposure of retail chains that
operate in the county:

County Alog HP(others). = Y I,:StoreAlog HP (others .. (4.2)
r
Exchanging the order of summation across r and k, I can re-write the county-level exposure (Equa-
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tion 4.2) as,

CountyAlog HP(others), = EZZ,ACS,,(A log(HPk)07_11, 4.3)
k#c r
Wek
where
Wek = ercsrk- (4.4)
r

defines the bilateral exposure of county c to county k. Equation 4.3 presents the main variable in
my analysis. The exposure of a county to shocks in other counties is the network-weighted average
change in house prices in other counties, where the weights are given by the bilateral exposure of

county ¢ to each county k (w).

The weights w are at the center of my analysis. Intuitively, a county ¢ will be more exposed to
shocks in county k if market k is an important market (S,;) for the dominant chains that operate in ¢
(Iyc). The matrix that contains w, V ¢, k characterizes all the bilateral linkages between each pair of
counties in the retail chains’ dimension.'® Note that, unlike bilateral distance, the bilateral linkages
created by the network of retail chains are intrinsically asymmetric. As an illustrative example, in
Figure 3 I show how counties in the sample are exposed to shocks in Los Angeles County (L.A.,
from now on). The map plots w, 4 for every county c in the sample. I 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,14). We can observe three patterns. First, not surprisingly, counties located near
L.A. tend to be connected to L.A. Second, we also observe strong linkages with counties that are
far away. For example, Santa Barbara (located 100 miles away from L.A.) is less exposed to shocks
in L.A than some counties located in the states of Michigan or Maine.'” Third, there is substantial

heterogeneity in the exposure to shocks in L.A, even for counties that are next to each other.

18 A complementary contribution of this paper is constructing the matrix that summarizes these linkages and mak-
ing it publicly available for other researchers. The matrix can be useful to i) study other topics related to propaga-
tion through retail chains’ networks, and ii) control for retail chain networks if the aim of the study is analyzing the
effect of local shocks on retail prices. Researchers interested in using the matrix can contact the author at eglem-
bergman@berkeley.edu.

9Tn section 4.3, T discuss in detail the role of proximity in explaining my results.
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Figure 3: w.4: Exposure of counties ¢ to shocks in Los Angeles
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Note: The yellow-to-red color scale represents the degree to which counties are exposed to shocks in L.A., based on w, 1 4 (See Equation
4.4). Red indicates higher w1 4. Source: Nielsen Retail Scanner Data.

4.2 Main analysis: OLS and Instrumental Variables

After constructing the exposure variables, I empirically show to what extent house price-induced
local demand shocks propagate to distant regions through the network of retail chains.

I start by examining the sensitivity of county-level prices to changes in house prices in other coun-
ties that are linked through the network of retail chains.

I estimate the following equation in differences from 2007 to 2011:

Alog(P)” 1 = By + B1Alog(HP)” ™M + B2 ¥ w kAlog(HP)Y M + Xc + Ae, (4.5)
k#c

Alog(P.)" ! denotes the percentage change in county-level retail price index for continuing va-
rieties in county ¢.?’ Alog(HP:)” ! denotes the local change in house prices in county c. This
variable allows me to control for the direct effect of house price changes on retail prices.?! My
main variable of interest is the county-level exposure to shocks in other counties that are linked by
the networks of retail chains: ;.. w A log(H P,)”~11, as defined in Equation 4.3. X, is a vector of
time-varying controls at the county-level. It includes changes in local wages, changes in employ-

20The price index considers only varieties that existed both in 2007 and 2011. Varieties are defined as a combination
of store-barcodes. I describe in detail the construction of the price index in Appendix B. In Appendix D.2, I explore the
effects on the extensive margin (e.g. retail chains closing stores or discontinuing products). I do not find any effect of
the network of retail chains on the extensive margin.

21The coefficient B is also useful to compare with previous papers’ estimates of the effect house price-induced local
shocks on local prices (e.g. Stroebel and Vavra (2019)).
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ment, and changes in number of retail establishments.?? Standard errors are clustered at the state
level.Z

Figure 4 provides a visual impression of the OLS relationship between changes in the county-
level retail price index and changes in house prices in other counties, linked through the spatial
networks of the retail chains. The pattern is clear. Controlling for the local change in house prices,
the elasticity of county-level prices with respect to changes in house prices in other counties is
around 9%. In Columns (1) to (3) of table 1, I report the OLS estimates in table format. The
first row reports the elasticity of county-level retail prices with respect to local house prices. 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 positive relationship between house price changes and local retail prices. In Column (2), I
add network-weighted house price changes in other counties. Conditional on the local changes
in house prices, a drop of 10% in network-weighted house prices in other counties is associated
with a 0.88% reduction in county-level prices. This result remains almost unchanged in Column
(3), after including county-level controls such as changes in employment, wages and number of
establishments.

Figure 4: Relationship between network-weighted changes in house prices and county-level
change in prices

14

Slope: 0.086 ***

12

County's Log A Price Index

T T T T T
-4 -3 -2 -1 0

Network-weighted A Log HP in other counties

Note: The binscatter plots the OLS relationship between the network weighted house price changes in other counties
(Xkote Wer A log(HPy)) and county-level retail prices (Alog(P:)). Counties are sorted into percentile bins based on their value on
Alog(P;). The sample includes 910 counties, so each percentile bin therefore represents 9 counties. To filter out any confounding
effects, I control for the local change in house prices (Alog(HP,)). Hence, the dot indicates the average value of (residual) Alog(P.).

Although the OLS estimates constitute suggestive evidence of the propagation of shocks across

the network of retail chains, both the local change in house prices and the exposure to house price

22Results are robust to other combinations of controls at the county-level. See A3 of Appendix D.1.
23 As a robustness check, in Table A11 of Appendix D.1, 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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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 imply a downward bias in our estimate for the direct effect. More
importantly, it is hard to argue that the location of retail chains’ stores is random. For instance,
to reduce transportation costs, retail chains’ might be clustered geographically. If this were the
case, regional productivity shocks that affect regional house prices could generate co-movement

in prices between counties that are connected by the retail chains.

My first strategy to deal with potential endogeneity issues is to use instruments for 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). The idea is that in response to a national level negative
housing demand shock, areas with lower housing supply elasticity (e.g. tighter land regulations,
WLRI) will experience a larger drop in house prices. In particular, in my baseline specification, I
use the county-level Wharton Land Regulation Index (WLRI) from Gyourko et al. (2008b) and its

interaction with the spatial network of retail chains: %*

WLRI, — Alog(HP),

More importantly, I combine the WLRI with data on the location and sales of the retail chain stores
to construct an instrument for retail chains” exposure to house price shocks in other counties. I
instrument network-weighted changes in house prices with network-weighted change in WLRL

Y waWLRI — ) wqAlog(HP);
ksc k#c

Intuitively, a county will be more exposed to house prices drops in other counties if the dominant
chains in the county have stores concentrated in counties with tighter land regulations. While
house price changes in counties linked by the retail chains might correlate with regional produc-
tivity changes that generate co-movement in prices, the WLRI isolates variability in house prices
that is not correlated with those productivity changes.”> Hence, my main identifying assumption
is that in the absence of linkages between counties through the retail chains’ network of stores,
changes in county-level retail prices would be uncorrelated with WLRI in regions that are linked
by the network of retail chains.?® It is important to note that in my shift-share design, identification

24Gyourko et al. (2008b) conduct a nationwide survey to construct a measure of local regulatory environments per-
taining to land use or housing. The idea is that in areas with a tighter regulatory environment, is harder to expand
(contract) the housing supply in response to demand shocks. In a complementary analysis, I repeat the estimations
using the Saiz (2010) Housing supply elasticity (Saiz HSE). The Saiz HSE uses geographic information of the metropoli-
tan area to measure how easy is constructing new houses (e.g: areas with a flat topology are assigned with a higher
elasticity). The coefficient across different IV strategies is remarkably similar and I cannot reject the hypothesis that they
are equal (See Table A4 of Appendix D.1).

ZNote that these assumptions are milder than those in studies that use local housing supply elasticity to instrument
house price changes. Those studies rely on the assumption that housing supply elasticity only affects the outcomes
through its impact on house prices. That assumption is a sufficient condition (though not necessary) for exogeneity of
the network-weighted WLRIL

26Note that this assumption is milder than the OLS assumptions; namely that in the absence of linkages between
counties through the retail chains’ network of stores, changes in county-level retail prices are uncorrelated with changes
in house prices in regions that are linked by the network of retail chains.
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relies on exogeneous variability in the shocks (WLRI, in this case). As shown by Borusyak et al.
(2018), if the shocks are as good as random, then it is possible to identify the causal effect of interest

even when, as in most applications, the exposure shares are not random.?”

There are important remaining challenges to my identification assumptions. In particular, even
when this instrument has been widely used in the literature as an exogeneous shock to house
prices, it might not be as good as random. If it is not and, for example, retail chains locate their
stores in neighboring counties, then unobserved regional shocks that correlate with housing sup-
ply elasticity could generate co-movement in prices, even in the absence of retail chains’ networks.
In this section, I present the main empirical results of the paper and I address this and other con-

cerns 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 5, I plot the relationship between the network-weighted
WLRI and the network-weighted change in house prices (first-stage). As expected, the network-
weighted WLRI is negatively correlated with the network-weighted change in house prices. That
is, counties exposed to counties with tighter land regulations are counties exposed to counties that
experienced higher drops in house prices. In Panel b of Figure 5, I plot the relationship between
network-weighted WLRI and local retail prices (reduced-form). The pattern is clear: counties more
exposed to a higher network-weighted WLRI in other counties experienced a higher drop in local

retail prices.

Figure 5: Propagation of house price-induced local shocks: first stage and reduced-form
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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. My sample includes 910 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.

27In 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 economic settings (including the one
studies here), 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 exposure shares are endogeneous. In section 4.3 I perform a
series of robustness exercises and discuss extensively the plausibility of my identification assumptions.
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After inspecting the data visually, I report the main findings of the paper in Table 1. 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 0.125. This estimate is in line with findings by Stroebel
and Vavra (2019) that range between 0.15 and 0.25. In Column (5), I add the network-weighted
change in house prices in other counties. First, note that once I control for the propagation from
other counties, the direct effect declines 40%. This suggests that previous papers that did not
account for the network of retail chains overestimated the elasticity of retail prices with respect
to house prices. More importantly, in the second row, I report the elasticity of local retail prices
with respect to shocks in other counties that are linked by the retail chain networks. Conditional
on the local changes in house prices, a 10% drop in house prices in other counties linked by the
network of retail chains leads, on average, to a decrease of 1.35% in county-level consumer price
index. Reassuringly, the coefficient remains stable and almost unchanged after including county
level controls in Column (6). To provide a benchmark of the quantitative relevance of these results,
a county exposed to an average drop in house prices in other counties of 26% (25th percentile) has
a predicted inflation of around 9.5%. In contrast, a county exposed to a 14% (75th percentile) drop
in house prices in other counties has a predicted inflation of 11.5%.%8

Table 1: Propagation of house price-induced local shocks through the network of retailer chains

Dep Variable: County’s A Log Price Index

OLS IV: WLRI instrument
@ @ G 4 ©) (©)
Panel A: Second Stage
County’s A Log HP 0.056***  0.031** 0.029*  0.125**  0.074*  0.076**
(0.014) (0.013) (0.015) (0.027) (0.034) (0.037)
Chain-linked A Log HP (other counties) 0.088***  0.086%** 0.129***  (.135%**
(0.026) (0.026) (0.039) (0.040)
Panel B: First Stage
F-stat 21.358 18.642 14.756
County controls no no yes no no yes
Observations 910 910 910 910 910 910
R-squared 0.154 0.257 0.264 0.084 0.071 0.060

A unit of observation is a county. The dependent variable is the percentage change in the county price index be-
tween 2007 and 2011 (Alog(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 (L. wekd log(HPy)), as defined in Equation 4.3. 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 (Y. weAlog(HPy)) with network-weighted WLRI (Y., wet WLRIy). County-level
controls in columns (3) and (6) include changes in log wages, changes in log number of retail establishments
and changes in log employment. 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, respectively. Source: Prices, quantities and
sales are obtained from Nielsen Retail Scanner Data. Housing price data is obtained from the Federal Housing
Finance agency (FHFA). Wharton Land Regulation Index from Gyourko et al. (2008a). County-level macroeco-
nomic variables are obtained from the Bureau of Labor Statistics.

2These predictions are calculated including the constant and assigning the median change in local house prices in
both cases.
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In Appendix D.1, I explore the sensitivity of my results to alternative specifications. First, I show
that the main coefficient remains stable after adding different county-level controls (Table A3).
Second, I repeat the main analysis, but now instrumenting the endogeneous variables with the Saiz
(2010) geography-based housing supply elasticity (Table A4). The main coefficients remains almost
unchanged under the alternative instruments. Third, I show that my results are not sensitive to:
a) constructing price indices under different assumptions (Table A6), b) replicating the analysis for
the period 2007-2009 (Table A7), c) including different combinations of regional fixed effects (Table
AB8), d) considering three digits zip code as the relevant market, and e) excluding California (Table
A10). Fourth, in Table A11, I follow Adao et al. (2019) methodology to conduct valid inference for
shift-share designs under arbitrary cross-regional correlation in the regression residuals. Although
the standard errors increase slightly, the coefficients remain statistically significant at the usual
levels.?’

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

each of these challenges.

4.3 Validity of identification assumptions

The key identification assumption is that, in the absence of the retail chains’ network 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 regards to this assumption, the biggest challenge is
to separate 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 reasons, such as integrated labor markets or trade linkages. In this section, I address these

concerns.

First, I document that my results hold after controlling for trade relationships due to proximity
between counties. In fact, once the retail chain’s channel of propagation of shocks is taken into
account, the effect of proximity disappears. 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 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 by time fixed effects. These fixed effects absorb any common variation within a county
that is due to a regional shock, regardless of whether the shock is region-specific or correlated with

shocks in other regions.

4.3.1 Retail chains’ network of stores or proximity channel?

Thus far, I have abstracted from the role of geographic proximity in the propagation of shocks.
However, it is important to disentangle whether my results are explained specifically by the net-
work of retail chains or by trade relationships due to proximity that correlate with the network of
retail chains.

2Even though in the main analysis, I cluster standard errors at the state-level, there could be errors correlated across
regions independent of geographic location.
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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 estimate the leave-state-out version of

my main specification (Equation 4.5):

Alog(P)” 1 = BiAlog(HP)” M + B, Y werAlog(HP)Y M + e, (4.6)
k#£State,

where State. denotes the state in which county c is located. Similar to my main analysis, I construct

a leave-state-out instrument: ). w  WLRI}.
k#State,

Results are reported in Table 2. Across a variety of specifications, I find that local prices are sensi-
tive to shocks in distant counties (out-of-state) that are linked by the network of retail chains. In
addition, I cannot reject the hypothesis that the coefficient for out-of-state shocks is equal to the
coefficient of my main specification. This is suggestive evidence that shocks emanating from out

of state are as important as shocks from nearby regions.

Table 2: Propagation of house price-induced local shocks to out-of-state counties

Dep Variable: County’s A Log Price Index

OLS IV: WLRI instrument
@ @ ®) 4 ©) ©)

Panel A: Second Stage
County’s A Log HP 0.056***  0.057***  0.056***  0.125***  0.126***  0.121***

(0.014) (0.013) (0.016) (0.027) (0.024) (0.028)
Chain-linked A Log HP (other counties) 0.078***  0.078*** 0.121***  0.129***
(excl state) (0.023) (0.023) (0.032) (0.032)
Panel B: First Stage
F-statistic 21.358 11.032 9.712
County controls no no yes no no yes
Observations 910 910 910 910 910 910

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 (Y. gtate WekAlog(HPy)) as defined in
Equation 4.6. Columns (1) to (3) report results for OLS estimations. County-level controls in columns (3) and (6)
include changes in log wages, changes in log number of retail establishments and changes in log employment.
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 (YC£state WekAlog(HPy)) in out-of-state counties with network-weighted WLRI in out-of-state counties
(Xks£state Wk WLRI). 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 statis-
tical significance at the 1, 5, and 10 percent levels, respectively. Source: Prices, quantities and sales are obtained
from Nielsen Retail Scanner Data. Housing price data is obtained from from the Federal Housing Finance agency
(FHFA). Wharton Land Regulation Index from Gyourko et al. (2008a). County-level macroeconomic variables
are obtained from the Bureau of Labor Statistics.

After showing that the shocks propagate to distant regions through the network of retail chains, I
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now directly study the question of to what extent propagation of local shocks is explained by the
retail chains that serve the county and to what extent it is explained by trade relationships due to
proximity. Comparing these two channels has two purposes. First, it allows me to check that my
results are not explained by other networks that happen to be correlated with the network of retail
chains. This is specially important, given that the correlation between county-level linkages by
the network of retail chains and county-level linkages due to proximity is 17%. Second, exploring
the role of proximity in shaping the propagation of shocks is interesting in its own right, since it
allows me to compare my new channel of propagation of shocks with the more traditional channel
of propagation of shocks through trade relationships between nearby regions.

Define,
prox-weightedA log( HP)?ers = Y ohA log(HP)Y 11,
k#c
where
5PT’OX o d;kgpopulationk,zoo7
ck

B Yk dc’kGPopulutionklzooy

where d is the distance in miles between county c and k. T assume 6§ = 1 as it is standard in
the trade literature. Intuitively, the closer county ¢ and county k are to each other and the bigger
county k is, the more a shock in county k will affect county c. 3!

Then, I add this variable to my main Equation 4.5 and estimate the following equation:

Alog(P.)" ! = B1Alog(HP.)" M + B Y wexAlog(HP)Y 1 + B3 Y 67" Alog(HP)Y ! + ¢,
k#c k#c
4.7)

In addition to the instruments discussed in previous sections, I instrument Prox-weighted A log(HP)%!rs

with prox-weighted WLRI. Formally,

Prox-weighted WLRI. = ) _ 6/ "WLRI,
k#c

Table 3 reports results for different versions of equation 4.7. Columns (1) to (3) present OLS esti-
mates. Columns (4) to (6) report IV estimates. In all cases, the instruments have predictive power.
The first row reports the coefficient associated with the proximity-weighted shocks. The second

30The matrix of distances between each pair of counties is obtained from the County Distance Database, provided by
the National Bureau of Economic Research and compiled by Jean Roth (2014)
3INote that a first order approximation to market access of a county in standard trade models (e.g. Donaldson and

Hornbeck (2016)) is given by:
MA, = Y 7" Populationy.
k

Hence, the weights serve as a proxy for the relative importance of county k in county ¢’s market access. Alternatively,
in Appendix D.1.10, I construct the weights based on trade flows between county c and county k at the state-level.
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row reports the coefficient associated with the local effect of the shock. The third row reports the
coefficient associated with the retail chains networks. In Column (1), I show the role of propa-
gation through trade relationships due to geographic proximity. A 10% drop in house prices in
nearby regions is associated with a 1.25% lower retail price index in the county. More importantly,
in Column (3), I add the retail chains” channel of propagation of shocks. The results are striking.
Once I take into account the propagation of shocks through the network of retail chains, the coef-
ficient related to geographic proximity is no longer significant. In contrast, propagation of shocks
through retail chains’ network of stores remains positive and significant. Columns (4) to (6) repeat
the analysis, but instrumenting each of the variables. I arrive at the same conclusions. Specifically,
I conclude that, controlling for proximity-weighted changes in house prices and local changes in
house prices, the elasticity of local retail prices with respect to shocks in distant counties -linked
by the same retail chains- is 0.16.

These results indicate that county-level retail prices depend more on shocks to the retail chains
that happen to serve the county than on shocks to neighboring counties.

Table 3: Channels of propagation of shocks: retail chains versus geographic proximity

Dep Variable: County’s A Log Price Index

OLS IV: WLRI instruments
@ @ (©) @ ©) (©)
Panel A: Second Stage
Prox-weighted A Log HP (other counties)  0.125***  0.085*** 0.020 0.212%** 0.072 -0.139
(0.009) (0.015) (0.016) (0.050) (0.097) (0.092)
County’s A Log HP 0.024***  0.025*** 0.153***  0.099*
(0.007) (0.007) (0.053) (0.054)
Chain-linked A Log HP (other counties) 0.083*** 0.166***
(0.009) (0.035)
Panel B: First Stage
F-statistic 12.122 26.215 12.726
County controls yes yes yes yes yes yes
Observations 910 910 910 910 910 910
R-squared 0.172 0.182 0.250 0.088 0.123 0.074

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 (L2 werA log(HPy)) as defined in Equation 4.3. 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: Y., 55’, ;OXA log(HP;)”~11. Columns (1) to (3) report results for OLS estimations.
Columns (4) to (6) report results, after instrumenting the three main endogeneous variables. I instrument local
percentage change in house prices with local WLRI. I instrument Chain-Linked A Log HP (other counties) with
Chain-Linked WLRI in other counties (Y ... Wt WLRIy). I instrument Trade-Linked A Log HP (other counties)
with Trade-Linked WLRI in other counties (¥ 5:,:0XWLRI;<). 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 Nielsen Retail Scanner Data. Housing price data is obtained from
the Federal Housing Finance agency (FHFA). Wharton Land Regulation Index from Gyourko et al. (2008a).
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4.3.2 The effect of retail chains’ network of stores on other economic outcomes

If my results were explained by common shocks to regions in which the retail chains operate, 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 in which retail chains
operate, we would expect house price movements to affect wages in distant counties that are linked
through these networks. In contrast, it is less clear why the network of retail chains would affect
wages in distant counties. I test this by estimating the following version of Equation 4.5:

Alog(Yo)” M = B1Alog(HP)” M + B2 ¥ wekAlog(HP)Y M + Xc + Ae, (4.8)
k#c

where Y, are the three alternative outcomes: county-level employment, number of retail establish-
ments and wages, respectively. Results are reported in Table 4. Column (2) reports the effect on
employment. Although house price-induced local shocks affect local economic outcomes, these
shocks do not affect labor market outcomes in distant counties. This is consistent with the network
of retail chains being the driver of propagation of shocks.

Note that this results has another interesting implication. As retail chains affect the propagation
of shocks to prices in distant regions, but not to wages, the chains’ spatial networks of stores have

consequences for real income.

Table 4: Propagation of house price-induced local shocks to other economic outcomes

County’s A Log Price Index ~ County’s ALogL County’s ALog#of County’s A Log Wages

Establishments
@ 0 @) (4)

Panel A: Second Stage
County’s A Log HP 0.074** 0.155 0.126* 0.309%

(0.034) (0.103) (0.076) (0.162)
Chain-linked A Log HP (others) 0.129%** -0.029 0.070 -0.114

(0.039) (0.111) (0.058) (0.170)
Panel B: First Stage
F-statistics 18.642 18.642 18.642 18.642
Observations 910 910 910 910
R-squared 0.071 0.077 0.109 0.094

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 the county’s employment rate between 2007 and 2011 (Alog(L)). Column (3) shows the percentage change in the
county’s number of retail 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 (Y. werAlog(HP)), as defined in Equation 4.3. All columns report IV estimates. I instrument local percentage
change in house prices with local WLRI. I instrument network-weighted percentage change in house prices (¥ werAlog(HPy)) with
network-weighted WLRI (¥4 2. wxWLRIy). 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 Nielsen Retail Scanner Data. Housing price
data is obtained from from the Federal Housing Finance agency (FHFA). Wharton Land Regulation Index from Gyourko et al. (2008a).
County-level macroeconomic variables are obtained from the BLS.
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4.3.3 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 county-level fixed effects to absorb any common variation within a county
that is due to a regional shock, regardless of whether the shock is region-specific or correlated with
shocks in other regions. Note that, for example, spillovers from one county to another because of
trade relationships due to proximity are county specific and will be accounted for by these fixed
effects.

Formally, I estimate the following equation:

Alog(Pre)” M = B2 Y Sp A log(HP) " M + e + X7 + ¢y, (4.9)
k+#c

where, as defined in equation 4.1, the weights S, are the share of the retail chain r’s national sales
that take place in county k. The dependent variable is the percentage change in the price index
for continuing varieties of retail chain 7 in county c.? I aggregate stores of a retail chain in a given
county to the retail chain by county level. Therefore, A log(Py.)?” ! denotes the percentage change
in price index for retail chain 7 in county ¢ from 2007 to 2011.% Analogously to the county-level
analysis, I also 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, respectively. I cluster

standard errors at both the retail chain and the state level.

Table 5 report results for the OLS (Columns 1 to 3) and the IV estimations (Columns 4 to 6). Focus
first in the OLS estimates. In Column (1) I report results without including county fixed effects. In
Column (2), I include county fixed effects. Hence, I compare 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 different retail chains. We can observe that elasticity of retail
chain 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 retail chain level to account
for differential trends for different retail chains. Reassuringly, the elasticity of store-level prices
with respect to house prices in other locations remains stable. We observe a similar pattern when
analyzing the IV estimates. In my preferred specification (Column 6), I include county fixed effects,
as well as the initial amount of national sales of the retail chain as a control. I conclude that the
elasticity of store-level prices with respect to house price changes in other counties where the same
retail chain operates is 0.18. Note that this result is also consistent with Handbury and Moshary
(2020)’s finding that retail chains highly exposed to a national school lunch program reduced prices

across all outlets.

32In appendix B, I explain in detail the assumptions to construct the price index.
33Results are similar if I take each store of the retail chain in a county separately. I present the retail chain-by-county
level estimates to avoid repeating similar observations and be conservative with the standard errors.
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Table 5: Propagation of local shocks: within county analysis

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

OLS IV: WLRI instrument
@ @ ®G @ ©G ©
Panel A: Second Stage
County’s A Log HP 0.029*** 0.070***
(0.009) (0.023)

Store Alog HP(others),. ~ 0.082%*  0.080%*  0.094**  0.136** 0.185**  (.183**
0.026)  (0.027)  (0.032)  (0.046)  (0.043)  (0.037)

Panel B: First Stage

F-statistic 11.184 19.351 19.932
County controls yes - - yes - -
Retail chain controls no no yes no no yes
County FE no yes yes no yes yes
Observations 3,747 3,747 3,747 3,747 3,747 3,747
R-squared 0.165 0.601 0.612 0.047 0.495 0.497
# retailers 84 84 84 84 84 84

# counties 910 910 910 910 910 910

A unit of observation is a retail chain by county. The dependent variable is the percentage
change in the retail chain by county price index between 2007 and 2011 (Alog(Py.)). 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 (L. SiAlog(HP)), as defined in Equation 4.1. County-level controls in-
clude log change in wages, employment and number of retail establishment. Retail chain-
level controls include log national sales at 2007. In Columns (4) to (6), I instrument the local
percentage change in house prices with the local WLRI and I instrument store-level network-
weighted percentage change in house prices in other counties (L4, S log(HPy)) with store-
level network-weighted WLRI in other counties (¥ ;. S;xWLRIy). 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 both the retail-chain level and state-level in parenthesis. ******
denotes statistical significance at the 1, 5, and 10 percent levels, respectively. Source: Prices,
quantities and sales are obtained from Nielsen Retail Scanner Data. Housing price data is
obtained from from the Federal Housing Finance agency (FHFA). Wharton Land Regulation
Index from Gyourko et al. (2008a). County-level macroeconomic variables are obtained from
the Bureau of Labor Statistics.

In appendix D.1, I explore the sensitivity of my results to alternative specifications, and test for al-
ternative stories. In appendix D.1.3 I control for similarity-weighted house price changes in other
counties, based on income, population, household debt, and education. The main coefficient re-
mains stable (between 0.129 and 0.137). In Appendix D.1.8, I explore whether my results could be
explained by common regional shocks that affect differently retail chains that cater to different in-
come groups. I show that my main conclusions remain unchanged after comparing price changes

of stores in a given county that cater to individuals of similar income group.

Until here, I have shown that retail chains play a key role in shaping the propagation of shocks
through space. The network of retail chains connect counties economically, beyond the linkages
that arise from, for example, proximity in space. I now turn to a model of retail chains’ pricing de-
cisions to rationalize this findings and investigate the quantitative implications of this new channel

of propagation of shocks.
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5 A model of retail chains’ pricing decisions

I build and estimate a simple model of retail chains” pricing decisions to quantitatively interpret
my findings, test for uniform pricing strategies and evaluate the role of retail chains in distributing
economic shocks across the economy. In this section, I introduce the main ingredients of the model
and in the next section I make further assumptions to take the model to the data and conduct

quantitative analysis.
5.1 Demand

Consider a country that has a finite number of markets, c = 1, .., C. The market definition I use for

my benchmark case is the county, so retail chains only compete for consumers within a county.>*

Define (), as the set of active retail chains in county c, 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 = {pyc},.q_is given by:

Grc = D(prc/Pc)/

where D(x) € C?(x) is twice differentiable with D’(x) < 0 and partial price elasticity given by

— 9qrc Pre
aprc rc

o . I allow for variable markups by letting . vary with demand conditions in county c.

I now turn to the price setting of retail chains. I consider two possible pricing strategies: uniform
pricing and flexible pricing. First, I briefly discuss the standard case of flexible pricing in order
to contrast the conclusions under uniform 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. In what follows, it is useful to
define (), as the set of counties in which chain r is active and (), as the subset of retail chains
active in county c. Since in the empirical analysis I do not observe adjustments on the extensive
margin, I assume that there is no entry and exit of stores (for a discussion on the extensive margin,
see Appendix D.2). I assume that retail chains’ costs are national and do not depend on local
conditions: ¢,; = ¢,. This is consistent with the fact that more than 80% of retail chains” marginal
costs are related to wholesale costs of tradable goods, which are generally not produced locally
(Stroebel and Vavra (2019)). In addition, it allows me to focus on the demand channel of the
shocks; which has been emphasized by previous papers that study the collapse in house prices

during the Great Recession.®

34My results will be robust to using a more aggregate measure of market (the MSA) or the truncated zip code (3-digit
zip code) as the relevant market definitions instead of the county.

35Using PromoData from Nielsen, Stroebel and Vavra (2019) show that most of marginal cost of retail chains are
wholesale costs that do not vary significantly across markets. In addition, they show that these costs do not react to
local house price changes.

In appendix E.2, I solve the model allowing for local costs.
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5.2.1 Flexible pricing

In the flexible pricing case, firms discriminate prices across markets, so each store operates as an

independent business unit. In particular, the maximization problem is given by,
max Z TTye = Z (Prc - Cr)ﬂrc-
Pre ceq, ceQ),

This implies,

0,
pfclgx — < Cr v Cc € Qr.
Oc—-1

Note that under flexible pricing, the price in county c is independent from demand shocks in other
markets k # c. For simplicity, I aggregate prices at the county-level with a Laspeyers Geometric
weighted average price index, where the weights are given by /.. Then, the county-level price

index for flexible prices is given by:

lrc
(o
Pl =TI o
TCtng UC - 1

There are two main takeaways from flexible pricing: a) demand shocks in county k, do not affect

price index of county ¢; and b) the spatial network of the dominant chains in the county (S, =
{Ss forc=1,..,¢c,..,C}) does not affect the price index of the county.

5.2.2 Uniform Pricing

Now consider the case of uniform pricing. For simplicity, I take uniform pricing as a constraint that
retail chains have. This could be rationalized in a menu-cost model in which retail chains need to
pay a fixed cost of adjustment to set different prices across regions. In this case, retail chains set a

uniform price across their markets. In particular, the retail chain solves:

max Z TCre = Z (f_’r - Cr)ﬂrc

pr ce(), ceq),

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

Y OkSw
U 5o ke,
prc p" r Zsrk(ak_l)
keQ),

Ve e (), (5.1)

where, as in the empirical section, I define S;. as the share of sales of retail chain r that take place

in county c.
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Prqrc _ Sales of chain r in county c

Spe = _ '
" Y. Prgre National sales of chain r
keQ),

Note that under uniform pricing;:

1. pl depends on demand conditions in every market k # c.

2. A retail chain weights more demand conditions in markets where S, is larger.

Equation 5.1 anticipates the main 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 the markets
where the retail chain operates, where the weights are increasing in the share of the retail chain’s
sales that take place in the market. Hence, retail chains’ prices react more in response to shocks in

its larger markets.>

After characterizing the retail chain’s optimal prices under uniform pricing, I explore the theoret-
ical implications at the county-level. To do so, I aggregate optimal prices in order to construct a
county-level price index. For simplicity, I construct a Geometric Laspeyers Price Index:

1
P rc
u rct
P ct — 1 4
reteQ)e PrcO

where, as in the empirical section, the weights /,. represent the share of retail chain r in county ¢

annual revenues. Replacing the optimal uniform prices, I obtain the theoretical county level price

index under uniform pricing;:

k% O Srk Iye
Pi= 1 [ —c
ct reteQ)e ( Z Srk(o'k — 1) r)
ke,

By total differentiating the county-level price index under uniform pricing, I can explore theoreti-

cally the sources of variation of this price index:

dlog PCL[ = — [ Z erGYC] dlogo. — Z Z l;c0rd log oy + Z l;cdlogc, (5.2)
reQ). k#ceQ,reQ). reQe
where
0, — S0k
k= .
[ ) SrkUk] [ v Srk((fk—l)]
keQ), keQ),

36Note that if I define the markup in market c as y. = 17(711' I can re-write equation 5.1 as a weighted average of

markups in the different markets; where the weights are given by S, (0 — 1):

Yikea, HiSr (o — 1)

Ve € Q).
" Ykeq, S(ox —1) '

p?c:pfzc
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The weights 6, determine the importance of county k for retail chain 7. Note that 6, is increasing
in S, but it is not necessarily equal. The weights 0,; would be proportional to S, only if the
initial demand elasticity is equal for every county. In particular, if & = o, for all markets c, then
O = ﬁs,k. Where 0 denotes the average demand elasticity across counties. In the next section,
we explore the implications that cross-county heterogeneity in initial demand elasticity has for my

empirical analysis.

Define the theoretical exposure of county c to county k as,

Kek = Z lrcerk (5.3)
reQ)e

Equation 5.2 summarizes the three sources of variation for the county-level price index. First, local
demand shocks will affect the local consumer price index, as long as the county is important for
its dominant chains (high x..). Second, 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 important is market k (6,1) for dominant chains (/) in county ¢ (/,¢). Finally, changes in the
national costs of retail chains that operate in the county (c,) will also affect the county-level price
index.

In the next section, I use Equation 5.2 to take the model to the data in order to 1) quantitatively
test for uniform pricing, 2) rationalize the reduced-form estimates and 3) conduct counterfactual

analysis.

6 Quantitative analysis

In the empirical section, I evaluated the propagation of shocks throughout the different counties,
by analyzing the effect of a house prices shock in counties k # ¢ on the retail price index in county
c. In this section, I conduct a model-based analysis to interpret the results through the lens of the

model, quantitatively test for uniform pricing, and conduct counterfactual analysis.

6.1 Taking the model to the data

In this section, I introduce assumptions about the relationship between house price changes and

the parameters in the model in order to rationalize the main findings in the empirical section.

In order to emphasize the demand channel of the Great Recession, I assume that the elasticity of

demand varies with house prices. Let,

dlog o,
H &Yc

- _ 1

B dlog HP. (6.1)
In principle, B could have any sign. However, I expect g1 > 0, reflecting that when a county
is exposed to a house price-induced negative demand shock, it becomes relatively poorer and
the price elasticity increases (as, for example, in Simonovska (2015)). Note that I relax the CES
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assumptions by letting the demand elasticity vary with house prices, but I assume that it varies in

the same proportion in every county (8 is constant across counties).

I assume that national costs of the retail chain are uncorrelated with local house price shocks to
retail chains. Several pieces of evidence suggest that this may be a reasonable assumption. For
example, Stroebel and Vavra (2019) use data on wholesale costs and show that geographic variation
in the costs is minimal. In addition, they show that marginal costs are not affected by local house
price shocks. They present further evidence suggesting that neither variation in labor costs nor

variation in retail rents play a significant role.’”

Plugg ing Equation 6.1 in Equation 5.2 to make explicit that the demand elasticity is a function of

house prices,

H H
dlog P = Lxccd log HP, + — Z Kcdlog HP, + Z ly,cdlogc,, (6.2)
c-1 0—1, /<n, reQ.

Equation 6.2 resembles my main empirical Equation 4.5 (which I re-write below), with two impor-
tant differences that I account for.

dlog P, = Bidlog HP, + B2 Z werdlog HP, + €. (6.3)
k#ceQ,

The first difference is related to the direct effect of a house price shock (see blue terms). The model
highlights the fact that the effect of local shocks on local retail prices is heterogeneous. It is a
function of how important the local consumer market is in the national sales of the retailers who
enter the local consumption basket (i).>® This has two important implications. First, it implies
that uniform pricing strategies can be consistent with large local elasticity of prices with respect to
demand shocks; as long as the shocks are in regions with high x... Given that counties with higher
k.. were more affected by the house price slump, this helps reconcile uniform pricing strategies
(DellaVigna and Gentzkow (2019)) with large local elasticity of retail prices with respect to house
prices (Stroebel and Vavra (2019)).* Second, it implies that researchers interested in the structural
parameter B (or the elasticity of o to other economic shocks) should weight the local shocks by
the importance of the own county for the dominant retail chains operating in the county.

The second difference is related to the construction of the weights (see terms in red). Although the
theoretical weights 0, are increasing in the empirical weights S,, they are not exactly equal. That
is, kcx # wer. In particular, the weights 0, adjust S, by initial heterogeneity in demand elasticity
across counties. In order to check the sensitivity of my results, I adjust for heterogeneity in initial
elasticity of demand and construct the empirical counter-part of the weights 6,,. To do so, I use
county-level estimates of 0. by quartile of population from a paper by Hottman (2014): 3.9 for the

%In Appendix E.2, I formally discuss the relevance and implications of this assumption.

3By 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.

A remaining concern about Stroebel and Vavra (2019) estimates is that shocks in other counties are correlated with
shocks in the own county. Hence, the direct effect (the elasticity of local retail prices with respect to local house prices)
in their paper also captures part of the propagation from counties connected by the network of retail chains.
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1st and 2nd quartiles, 4.5 for the 3rd quartile and 4.8 for the 4th quartile of population (average:
4.1). Results from running my main specification after adjusting w., for heterogeneity in initial
demand elasticity are reported in Table A15 of the appendix. Across a variety of specifications, the

coefficient lies within one standard error of the coefficient in my main specification.

I now proceed to construct the empirical counterpart of Equation 6.2 in order to test for uniform

pricing and recover the structural parameter S

6.2 A test for uniform pricing

The theoretical Equation 6.2 provides i) a quantitative test for uniform pricing; and, at the same

time, ii) a methodology to recover the structural parameter B. If retail chains prices respond uni-

formly across markets, then the direct effect -weighted by the own county exposure (x..)- should be
— Bu

equal to the indirect effect from counties connected by the network of retail chains: 1 = > = 775.

I use county-level demand elasticities from Hottman (2014) and adjust the local change in house
prices with x.. in order to construct the empirical counterpart of theoretical equation 6.2. I then
run my main empirical specification, but using the empirical counterpart of Equation 6.2. Results
are reported in Table 6. First, note that I cannot reject the hypothesis that the coefficient for the
direct effect and for effect from propagation are statistically equal (I report the t-test in the last row
of Panel A). That is, I cannot reject the hypothesis that the uniform pricing model accounts for the
observed co-movements in county-level prices. Second, by scaling the estimate in column (6) by
the average demand elasticity (#-1=3.1), I obtain an estimate for B: By = 0.48. T use this estimate
for counterfactual analysis in the next section.

Table 6: A test for uniform pricing: g1 = 2?

Dep Variable: County’s A Log Price Index

OLS IV: WLRI instrument
) O] @) 4) ©) (6)
Panel A: Second Stage
County’s A Log HP (adjusted) 0.314***  0.108* 0.106*  0.609*** 0.168 0.179
(0.095) (0.059) (0.058) (0.116) (0.112) (0.114)
Chain-linked Log A HP (other counties) 0.109***  0.108*** 0.155***  (.155***
(0.027) (0.028) (0.047) (0.049)
Observations 910 910 910 910 910 910
R-squared 0.035 0.235 0.249 0.006 0.118 0.132
County controls no no yes no no yes
p-value By = B2 - 0.989 0.979 - 0.830 0.922
Panel B: First Stage
First Stage F-stat 13.340 11.348 11.127

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

between 2007 and 2011 (A log(P;)). The table reports results of estimating the empirical counterpart of Equation
6.2. County’s ALogHP is adjusted by x... Columns (1) to (3) report results for OLS estimations. Columns (4) to
(6) report results, after instrumenting the two main endogeneous variables. I instrument (L. 02 log(HPy))
with network-weighted WLRI in other counties (Y. 0.k 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, respectively.
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6.3 Counterfactuals

We now have the theoretical structure, the estimates of the key parameter g7 = 0.48, demand
elasticities estimated in previous papers and the data to carry out a quantitative assessment of the
influence of retail chains on the spread of demand shocks during the Great Recession.

In particular, I hold constant changes in retail chains’ costs (d log ¢, = 0) and use Equation 6.2 from
the calibrated model to evaluate how the demand shocks during the Great Recession would have

affected cross-county price changes under different scenarios.

I propose two set of counterfactuals to evaluate the implications of uniform pricing and the geo-
graphic distribution of retail chains for the cross-county dispersion of inflation and for the distri-
bution of the effect of the shocks. First, I compare different pricing strategies. Second, I change the
spatial networks of retail chains by mergers and de-mergers of the largest retail chains.

6.3.1 Counterfactual 1: Pricing strategy

In this counterfactual, I map the shares S,; and /. 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
the cross-county dispersion of inflation rates during the Great Recession if pricing strategies were
different? Which consumers would have benefited from the different pricing strategies?

The effect on cross-county dispersion of inflation rates

I study the quantitative implications of uniform pricing for the cross-county dispersion of inflation
rates. Table ?? reports the average change in retail prices during the Great Recession by quintiles
of changes in local house prices under the two alternative pricing strategies. The first quintile
represents counties more directly exposed to the house price slump.*’ The first column reports the
change in consumer retail prices for the uniform pricing case, while the second column reports the

change in consumer retail prices for the flexible pricing case.

Note that the average inflation rate of the U.S. under the two alternative pricing strategies is sim-
ilar. However, there are important differences in the dispersion of the inflation rate 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 than un-
der flexible pricing. The lower cross-county dispersion of inflation indicates that uniform pricing
smoothed-out the local effect of shocks that took place during the Great Recession. First, it atten-
uated the effect of the local shocks on local prices. Intensifying the effect of the crisis in the local
market. Second, regardless of the local crisis, counties connected to affected counties experienced
a decline in their consumer prices. So in the context of a negative demand shock, retail chains’
centralized pricing decisions can actually intensify the adverse consequence of the local crisis. If
Miami is hit hard by the recession, retail chains do not reduce prices as much there and, instead,
they reduce prices in counties like Houston that were less affected by the crisis.*! Specifically,

“0In Figure A4 of Appendix F.1 I plot the distribution of changes in prices for each of the alternative scenarios.
#1This may not be the case for workers in the retail sector. While consumers of retail chains exposed to negative shocks
in other counties benefit from lower prices, their workers might lose their jobs (See Giroud and Mueller (2019)).
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compared to flexible pricing, the reduction in consumer prices under uniform pricing was 1.25
percent points lower for the top county quintile most affected by the house price slump, while
it was 2.23 percent points higher for the county quintile least affected by the house price slump.
Examples of counties that would have been better off with flexible pricing include Riverside (CA),
Clark County (Nevada), Maricopa (Arizona) and Miami-Dade (Florida). In contrast, St. Louis (Mi-
nessota), Aroostook (Maine), Graham (Arizona), Houston (Texas), Philadelphia (Pennsylvania) are
examples of counties that benefited from uniform pricing during the Great Recession (See Figure
A6 of Appendix F.1).

Table 7: Inflation Rates

Quintile of | Uniform Flexible ALosses

AHouse Price | AP*  AP/"™  Apv-aAP/™

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%

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

The effect of uniform pricing on real income inequality

In the cross-section, uniform pricing tends to exacerbate inequality, as long as the demand elasticity
is higher for poorer consumers.*?> However, it is less clear how uniform pricing affects real income
inequality in response to a shock. It will depend on the magnitude, sign and location of the shocks,
as well on the geographic distribution of retail chains. In this section, I explore whether uniform
pricing strategies during the Great Recession benefited consumers from low-income or from high-

income counties.

Define the losses in purchasing power from uniform pricing relative to flexible prices as,

ACLosses — A]Og(Pcu) _ AlOg(PCﬂex),

where higher values imply that county-level inflation under uniform pricing is higher than under
flexible pricing. In Figure 6, I plot the binscatter of the relationship between A% and the log

county-level median household income. The pattern is clear. Compared to a scenario in which

41n calibrated example, DellaVigna and Gentzkow (2019) shows that uniform pricing increases the prices faced by
consumers in the poorest decile of zip-codes.
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prices are flexible, low-income counties benefited most from uniform pricing. Intuitively, low-
income counties were less exposed to local drops in house prices, but still benefited from drops in
local consumer prices because their retail chains also operate in counties that were more exposed

to the house price slump.

It is worth mentioning that the re-distributive consequences of uniform pricing discussed above
are specific to the local shocks that took place during the Great Recession. For instance, one can
imagine that, in the years prior to the crisis, when house prices were increasing, uniform pricing
actually benefited high-income counties. More generally, uniform pricing leads to a more synchro-
nized inflation rate across counties. Hence, understanding how counties are connected through
the retail chain networks can help a policy maker to design better-informed policies to alleviate
the local effects of shocks, and also the indirect effects.

Figure 6: Uniform pricing benefited low-income counties during the Great Recession

Slope: 0.018 ***

T
10.5 1" 1.5 12

County-level Median Household Income

Note: Binscatter of the relationship between the logarithm of county-level median household income (x-axis) and Al®¢ =
(Alog(P4) — A log(Pg I”) (y-axis). The elasticity is 0.018 and is statistically significant at 1% level.

6.3.2 Counterfactual 2: Mergers or acquisitions

Mergers have been one of the most important public policy concerns in the design of antitrust laws.
A salient feature of the retail sector is that oftentimes firms expand their network of stores by merg-
ing with (or acquiring) firms that operate in different regions. For example, in 1998, Kroger merged
with the then fifth-largest grocery company Fred Meyer, along with its subsidiaries, Ralphs, QFC,
and Smith’s. This type of merger changes the spatial networks of retail chains, affecting the link-

ages between counties and, thus, the propagation of shocks.

In this counterfactual, I study what would have been the cross-county dispersion of inflation rates
during the Great Recession if the ownership structure of the major retail chains had been different.
Note that in the extreme scenario in which there is only one retail chain, then the cross-county dis-
persion of inflation after a shock would be zero. Alternatively, if all retail chains split up into local
stores, the cross-county dispersion of inflation will tend to the dispersion under flexible pricing. I

explore two other scenarios:
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(a) De-merger: the largest retail chain splits up into four different retail chains, each corresponding

to one of the four Census regions: West, Midwest, Northeast, South.

(b) Merger: merger between the largest retail chain in each of the four Census regions of the U.S.
(West, Midwest, Northeast, South).

Results are presented in Table 8. First, notice that the average inflation rate is very similar in the
three scenarios. However, the cross-county dispersion of inflation would have been considerably
different under the alternative scenarios. As expected, when the largest firm split up into regions,
the cross-county dispersion of inflation increases 5%. The reason for this is that the largest chain
now only propagates shocks within regions, but not across them. In contrast, when the four largest
chains in each region merge, the cross-county dispersion of inflation rates declines 12%. Intuitively,
this merger expands the retail chains’ spatial networks, which increases the connections between
counties. This, in turn, indicates that, under uniform pricing, mergers between retail chains in
different regions would have smoothed out the impact of local shocks during the Great Recession

across regions even further.

Table 8: Changes in the distribution of firms: Mergers and Partitions

Alog(P.) | Empirical | De-merger | Merger

Mean -3.42 % -3.42% -3.45%
SD 1.52% 1.59% 1.36%
Ccv 0.44 0.46 0.39

Note: Counties are weighted by population.

As mergers smooth out the effects of local shocks across regions, they might also have re-distributive
consequences in the event of a shock. For example, during the Great Recession, I find that low-
income counties would have been made better off had there been a merger between the largest
retail chains in each region. Specifically, in the scenario of a merger, the poorest quintile would
have experienced a 0.18 p.p lower inflation (6%) than under the benchmark case. In contrast, the
richest quintile, would have experienced a 0.13 p.p. higher inflation rate (4%). The reason for
this pattern is that high-income counties were more affected by shocks during that period than
were low-income counties. Therefore, as mergers between retail chains in different regions inten-
sify the linkages between those regions, the effect of the shock in high-income counties spreads to
low-income counties which benefit from reduction in their retail prices.

Again, it is worth mentioning that conclusions related to the redistributive effects are specific to
this period, and to the shocks I am analyzing. The more general conclusion that we obtain from this
findings is that, under uniform pricing, mergers between retail chains that are located in different
regions intensify the linkages between these regions, increasing the contribution of retail chains to

the observed co-movement in county-level consumer prices.

34



7 Conclusion

I study the role of retail chains’ spatial networks of stores in shaping the propagation of shocks
across regions in the United States. My empirical results show that the county-level consumer
price index is sensitive to shocks in distant counties in which the same retail chains operate. My
results hold after controlling for trade relationships due to proximity. In fact, I show that once
the network of retail chains is taken into account, the most traditional channel of propagation of
shocks to nearby counties plays no additional role.

I find that the key mechanism behind the propagation of shocks is the inter-dependencies in pricing
strategies between stores of a given retail chain. As retail chains set prices uniformly, they take into
account demand conditions in all their markets to determine optimal prices. Hence, in response to

a negative demand shock in one market, they react by changing prices in many markets.

The pricing strategies of retail chains have important consequences for the re-distribution of shocks
in the economy. Uniform pricing strategies smooth-out the effect of local shocks on prices. This
has two direct implications. First, uniform pricing attenuates the pro-cyclical behavior of local
prices. Second, uniform pricing increases the synchronization of consumer prices across counties.
In the context of a negative demand shock, uniform pricing deteriorates the situation of consumers
in counties more directly affected by the shock. On this ground, I show that during the Great
Recession, uniform pricing reduced the cross-county dispersion of inflation by 40% (compared to
flexible pricing). Since low-income counties were relatively less directly exposed to the house price
slump, they benefited from uniform pricing.

These findings have important implications for the design of policies. My paper emphasizes that
retail chains’ networks create linkages between regions. These linkages determine the patterns of
propagation of shocks to consumer prices. Therefore, when weighting the costs and benefits of a
policy, policy makers should consider not only the impact on local prices, but also the indirect im-
pact on prices in distant regions. More broadly, when prices are rising in a region (for example, due
to gentrification), the design of optimal policies should also take into account what is happening
in the regions that are connected by the network of retail chains.
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8 Appendix

A Data

A.1 House prices Data

Figure A1 depicts the evolution of the national house price index. We can observe the collapse in
house prices started in the beginning of 2007. House prices continued declining until the second

semester of 2011. Throughout that period, house prices dropped 18%.

Figure Al: Evolution of House Price Index
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A.2 Differences between counties in sample and out of sample

For my main analysis, I only consider counties for which I have information on change in house
prices (2208), Nielsen Scanner Data (2300), and Wharton Land Regulation Index (910). Hence,
in my baseline specification, I consider only 910 counties for which I have information about the
WLRI. In Table A1, I show that these 910 counties represent 70% of the population and 70% of the
sales in the Nielsen Data. These counties where hit slightly more by the crisis and had a smaller

initial unemployment rate.
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Table Al: Counties with and without data on Wharton Land Regulation Index

Data on WLRI  Counties Population Sales ALog(HP)?07=2011 " Unemployment rate
avaiable # Total (millions) Total (millions) % (mean) (mean)

No 1298 86.64 13798.59 -10.50 5.07

Yes 910 200.21 33638.94 -13.41 4.83

Total 2208 286.86 47437.53 -11.71 -4.97

B Price Indices: Main analysis.

As the main focus of the paper is on a) prices of existing products that are similar within chain
across stores, and b) variation of price indices across time, we include an item only if it has positive
sales in 2007 and 2011. We track the price of identical items (UPC-store combinations) across time,
so that changes in quality or issues with comparing nonidentical products are less relevant for our

results.

We construct two price indices, at two different levels of aggregation: A) A price index for each
County (P.), and a retail chain by county price Index (Py). I describe them in detail in next sec-

tions.

B.1 County level Price index

We construct county-level price index in two steps. We first construct a product-module level price
index. Ignoring the introduction of new varieties, the exact price index of the CES utility function
for product module m in county c is as in Sato (1976) and Vartia (1976):**

P Wumct
umct
7

Pmct = Huelmc <P 1
umct—

where

(Sumct - Sumctfl)/(l”(sumct) - l”(sumctfl)) P PumctQumct
Zvelmc (Svmct - Svmctfl)/(ln(svmct) - ln(svmctfl)) oo Zvelmc Pvmcthmct,

Wyemt =

and I, is the set of varieties in product module m in county c that are consumed in both years
(continuers). The weights w are ideal log-change weights and they are county specific to allow for

#3This price index is consistent with the following utility function:

o om (yc)

Um(}/(r);l ME o (ye)—1
— om (Y
uc(]/c) = II Z Jume’

meR. UER

Consumer behavior features multi-stage budgeting in two stages. In the first stage, consumers in a county decide
which of 1000 product modules to buy from based on the product module price index. In the second stage, condi-
tional on the product module, consumers decide which variety to purchase; where variety is defined as a store-barcode
combination (eg. 12 oz. Coke in 7-eleven).
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spatial variation the relative weight of an item. 4

I then construct an overall county-specific price index by weighting these category price indices by
the revenue share of a particular product module in the initial year,

P Wimet—1
Pct:Hm <P mctl> ’
mct—

where

Zuem Salesymer—1
Zu Salesuctfl

Wimet—1 =

In figure A2, I report the histogram of county-level inflation rate between 2007 and 2011. There is
substantial heterogeneity in inflation rates by county in the US. The population-weighted average
inflation rate of the counties in our sample is 11.09%, which contrast well with the variation in
the food at home official CPI from BLS. Table A2 reports inflation rate for the 10 counties with
highest inflation rate and for the 10 counties with the lowest inflation rate (excluding outliers in
the top/bottom 1 percent).

Figure A2: Histogram: County’s percentage change in retail prices between 2007 and 2011
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#“Note that they are always bounded between the shares of spending in period t and period t-1.
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Table A2: Counties with lowest and highest inflation rate

County County’s A Log Price Index 07-11
Lowest Inflation Rate

Contra Costa County, California 0.067
Bonner County, Idaho 0.067
Letcher County, Kentucky 0.068
Prowers County, Colorado 0.068
Buchanan County, Virginia 0.068
Leelanau County, Michigan 0.068
San Francisco County, California 0.068
Marin County, California 0.069
Sonoma County, California 0.069
Pike County, Alabama 0.069
Highest Inflation Rate

Richmond County, North Carolina 0.180
Ben Hill County, Georgia 0.180
Jasper County, lowa 0.180
Grundy County, lowa 0.181
McCormick County, South Carolina 0.181
Lawrence County, Arkansas 0.182
Atkinson County, Georgia 0.182
Terrell County, Georgia 0.184
Chautauqua County, New York 0.185
Dickinson County, Iowa 0.185
U.S population-weighted average 0.111

Retail chain by county Price Index

Similarly, we construct a price index at the retail chain by county level.

First, we first construct a product-module level price index within retail chain in a county.

P Wumrct

umrct

Pmrct - Huelmrc P ’
umrct—1

where

_ (Sumrct - Sumrct—l)/(ln(sumrct) - ln(sumrct—l)) . _ PumrctQumrct
Wumrct = 7 Sumrct =
Zve[,m (Svmrct - Svmrct—l)/(ln(svmrct) - Zn(svmrct—l))

7
Zvelmrc Pomret varct

and I, is the set of varieties in product module m, sold by retailer chain r that are consumed in
both years (continuers). The weights w are ideal log-change weights and they are retailer chain

specific to allow for variation in the importance of items in different retailer chains.

We then construct a retail chain by county price index by weighting these category price indices
by the revenue share in t — 1 of a particular product module in the retail chain in the county.

Pmrct Winret—1
P ret — Hm <P > ’
mrct—1
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where

ZuEm Salesymret—1
Zu Salesurctfl

Wmrct—1 =

C Geographic Distribution of Retail Chains

Nielsen does not disclose the names of the chains in the data. In order to to provide a broad view
of the geographic distribution of retail chains, in Figure A3 I use AggData from 2006 to illustrate

the geographic distribution of some popular retail chains .*>

Figure A3: Geographic Distribution of retail chains
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Source: AggData for 2006

D Empirical Analysis

D.1 Robustness Checks
D.1.1 Alternative county-level controls

I begin by exploring whether the main IV estimates are stable across specifications with different
county-level controls. Results are reported in Table A3. Reassuringly, the coefficient associated
with chain-linked percentage change in house prices in other counties remains stable across dif-
ferent specifications. This suggests that, once I control for county’s house price growth, the instru-

ment is not correlated with other county-level variables in the error term.

455ome of these chains are in my data, while some of them are not. This is an illustrative example.
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Table A3: Validity of identification assumption: Adding controls to IV estimations

Dep Variable: County’s A Log Price Index

IV: WLRI instrument
1) (2) (3 “4) ©)] (6)

Panel A: Second Stage

County’s A Log HP 0.074*  0.075**  0.078*  0.076**  0.070 0.057
0.034)  (0.036)  (0.038)  (0.037)  (0.045)  (0.046)

Chain-linked A Log HP (other counties) ~ 0.129***  0.128**  0.132**  (.135** (0.138**  (.147***
0.039)  (0.041)  (0.041)  (0.040)  (0.042)  (0.045)

County’s A Log Wages -0.002 0.005 0.031**  0.032** 0.024*
(0.016) (0.013) (0.014) (0.014) (0.013)

County’s A Log # Establishments -0.036 -0.020 -0.020 -0.018
(0.025) (0.026) (0.025) (0.022)
County’s A Log Employment -0.028*  -0.028*  -0.029**
(0.014) (0.014) (0.013)

County’s Log Retail Sales in 2007 -0.000 -0.000
(0.001) (0.001)

County’s Log Market Access 2007 -0.006
(0.004)

Panel B: First Stage

F-stat 22.100 20.746 14.286 14.479 13.172 13.223
Observations 910 910 910 910 910 910
R-squared 0.059 0.062 0.048 0.060 0.077 0.096

A unit of observation is a county. I define a chain to be a unique combination of two identifiers in the Nielsen
data: parent code and retailer code. The dependent variable is the percentage change in the county price index
between 2007 and 2011. Chain-linked A Log HP (other counties) is the percentage change in house prices
between 2007 and 2011, where the weights are the county share of the chain national sales. Columns (1) to
(6) report results, after instrumenting county exposure to house price shocks through the network of retailer
chains with county exposure to WLRI through the network of retailer chains. Panel A report the second stage
coefficients. Robust 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 Nielsen Scanner Data. Housing price data is obtained from from the Federal Housing Finance agency
(FHFA). Wharton Land Regulation Index from Gyourko et al. (2008a), Housing supply elasticity is obtained
from Saiz (2010).

D.1.2 Test of Overidentifying assumptions: Saiz Housing Supply elasticity instrument

As a further check, I explore whether the main results change if I use another common instru-
ment in the literature. In particular, I instrument county’s percentage change in house price with
housing supply elasticity (HSE, hereafter) constructed by Saiz (2010). Saiz (2010) uses geographic
information of the metropolitan area to measure how easy is constructing new houses (e.g: areas
with a flat topology are assigned with a higher elasticity). Naturally, I also use the Saiz HSE and
the weights w, to construct an instrument for network-weighted percentage change in house price
in other counties.*® Results are reported in Table A4. The first two columns present OLS coeffi-
cients. Column (3) and (4) reports results using the WRLI instrument, as in my main specification.
Columns (5) and (6) instrument the endogeneous variables with the Saiz HSE. The main coeffi-

46Gaiz HSE is at the MSA level so I have less variability. In addition, it is available for a lower number of counties. For
this reason, the WLRI instrument is my baseline specification.
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cient increases modestly. Columns (7) and (8) present results including the 4 instruments. Again,
throughout specifications, the coefficient remains stable between 0.129 and 0.146. In addition, I
cannot reject the hypothesis that the coefficients obtained by using the different instruments are
different.

Table A4: Validity of identification assumption: Saiz (2010) housing supply elasticity instrument

Dep Variable: County’s A Log Price Index

IV: WLRI instrument ~ IV: HSE (Saiz) instrument  IV: All instruments

@ @ G 4 ©) (©)

Panel A: Second Stage

County’s A Log HP 0.074%  0.076* 0.042* 0.040 0.054*  0.055%
0.034)  (0.037)  (0.023) (0.026) 0.027)  (0.031)

Chain-linked A Log HP (other counties) ~ 0.129%*  0.135%%  (,139** 0.145%+ 0.140%*  0.146**
0.039)  (0.040)  (0.037) (0.039) 0.035)  (0.036)

Panel B: First Stage

First Stage F-stat 18.642 14.756 13.868 10.525 11.558 8.787
Observations 910 910 903 903 903 903
R-squared 0.082 0.074 0.183 0.185 0.143 0.140
County controls no yes no yes no yes

A unit of observation is a county. I define a chain to be a unique combination of two identifiers in the Nielsen data:
parent code and retailer code. The dependent variable is the change in county price index between 2007 and 2011:
Alog(HP)Y~11. The average of the dependent variable is 11.8%. Chain-linked A Log HP (other counties) refers to
the weighted average percentage change in house prices in other counties, linked through retail chains distribution
of stores: Y. w,xAlog(HP,)” 1. Chain-linked A Log HP (other counties) is the percentage change in house prices
between 2007 and 2011, where the weights are the county share of the chain national sales. Columns (2) to (8) report
results, after instrumenting county exposure to house price shocks through the network of retailer chains. In column (3)
to (4), I instrument with exposure to WLRI, as in the baseline specification. In columns (5) and (6), I instrument with
exposure to Saiz Housing supply elasticity. Columns (7) and (8) use the 4 instruments. Panel A report the second stage
coefficients. Robust 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 Nielsen Scanner
Data. Housing price data is obtained from from the Federal Housing Finance agency (FHFA). Wharton Land Regulation
Index from Gyourko et al. (2008a), Housing supply elasticity is obtained from Saiz (2010).

D.1.3 Robustness Checks: Controlling for similarity-weighted house price changes in other
counties

In Table A5, I provide another test for the possibility of common regional shocks at the county-
level. Following the strategy in Giroud and Mueller (2019), I control for similarity-weighted house
price changes in other counties. The weights place more weight on those counties that have a
smaller absolute difference with respect to the county, based on different county-level covariates.
The idea is that counties which are more similar in population, income, household debt and edu-

cation are more likely to be exposed to the same county-level shocks and co-move in retail prices.
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Table A5: Controlling for similarity-weighted shocks

Dep Variable: County’s A Log Price Index

IV: WLRI instrument
(1) (2) (3 “) ©)]

Panel A: Second Stage

County’s A Log HP 0.079** 0.063* 0.062* 0.063* 0.064*
(0.035) (0.032) (0.034) (0.032) (0.033)
Chain-linked A Log HP (other counties) 0.135***  0.136***  0.134***  0.136***  0.129***
(0.033) (0.032) (0.032) (0.032) (0.036)
Population-weighted A Log HP (other counties) 0.029
(0.036)
Income-weighted A Log HP (other counties) -0.034
(0.051)
Education-weighted A Log HP (other counties) -0.032
(0.042)
HH debt-weighted A Log HP (other counties) 0.010
(0.020)

Panel B: First Stage

F-statistic 13.814 13.582 13.230 13.755 13.254
Observations 910 910 910 910 910
R-squared 0.060 0.093 0.097 0.092 0.089
County controls yes yes yes yes yes

A unit of observation is a county. I define a chain to be a unique combination of two identifiers in the
Nielsen data: parent code and retailer code. The dependent variable is the change in county price index
between 2007 and 2011: Alog(HP)Y 1. The average of the dependent variable is 11.8%. Chain-linked A
Log HP (other counties) refers to the weighted average percentage change in house prices in other counties,
linked through retail chains distribution of stores: Y. w,,Alog(H P,)%~11. Chain-linked A Log HP (other
counties) is the percentage change in house prices between 2007 and 2011, where the weights are the county
share of the chain national sales. Columns (2) to (5) control for similarity-weighted changes in house prices.
Robust standard errors clustered at the state level are in parenthesis. ***,*** denotes statistical significance
atthe 1, 5, and 10 percent levels, respectively. Source: Prices, quantities and sales are obtained from Nielsen
Scanner Data. Housing price data is obtained from from the Federal Housing Finance agency (FHFA).
Wharton Land Regulation Index from Gyourko et al. (2008a), Housing supply elasticity is obtained from
Saiz (2010).

D.1.4 Robustness Checks: Different assumptions to construct the Price Index

In my baseline specification, I choose the CES exact price index for continuing varieties to construct
the price index. In this section, I show that my main results remain qualitatively unchanged under
different assumptions to construct the price indices. In particular, I repeat my main analysis with
Laspeyers, a Paasche and a Fisher price index. Results are reported in Table A6. We can observe

that main results hold under these alternative county-level price indices.
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Table A6: Robustness Check: Other Price Indices

Dep Variable: County’s A Log Price Index

Exact CES  Laspeyeres Pasche Fischer
® () ®3) 4)
Panel A: Second Stage
County’s A Log HP 0.068* 0.069 0.082** 0.075*
(0.040) (0.043) (0.040) (0.041)
Chain-linked A Log HP (other counties) 0.135*** 0.140*** 0.098** 0.120***
(0.040) (0.040) (0.041) (0.040)
Observations 922 922 922 922
R-squared 0.060 0.043 0.072 0.071
County controls yes yes yes yes
Panel B: First Stage
F-stat 14.756 14.756 14.756 14.756

A unit of observation is a county. I define a chain to be a unique combination of two identifiers in the
Nielsen data: parent code and retailer code. The dependent variable is the change in county price in-
dex between 2007 and 2011: Alog(HP)¥ 1. The average of the dependent variable is 11.8%. Chain-
linked A Log HP (other counties) refers to the weighted average percentage change in house prices in
other counties, linked through retailer chains distribution of stores: } .. w,xAlog(H P,)~11. Chain-
linked A Log HP (other counties) is the percentage change in house prices between 2007 and 2011,
where the weights are the county share of the chain national sales. Columns (2) to (8) report results,
after instrumenting county exposure to house price shocks through the network of retailer chains.
In column (3) to (4), I instrument with exposure to WLRI, as in the baseline specification. In columns
(5) and (6), I instrument with exposure to Saiz Housing supply elasticity. Columns (7) and (8) use
the 4 instruments. Panel A report the second stage coefficients. Robust standard errors clustered
at the state level in parenthesis. ****** denotes statistical significance at the 1, 5, and 10 percent
levels, respectively. Source: Prices, quantities and sales are obtained from Nielsen Scanner Data.
Housing price data is obtained from from the Federal Housing Finance agency (FHFA). Wharton
Land Regulation Index from Gyourko et al. (2008a), Housing supply elasticity is obtained from Saiz
(2010).

D.1.5 Robustness Checks: Alternative period of analysis: 2007-2009
In my baseline specification, I choose the period between 2007 and 2011. In this section, I show that

my main results remain qualitatively unchanged when I choose other period of analysis. Table A7
replicates main table 1 for the period 2007 to 2009.
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Table A7: Propagation of house price-induced local demand shocks across counties through the
network of retailer chains: 2007-2009

Dep Variable: County’s A Log Price Index (2007-2009)

OLS IV: WLRI instrument
@™ @ (©) ) ) (©)
Panel A: Second Stage
County’s A Log HP 0.044 0.023 0.012 0.121**  0.073* 0.069
0.027)  (0.026)  (0.027) (0.043) (0.044) (0.046)
Chain-linked A Log HP (other counties) 0.074**  0.081*** 0.110***  0.117%**
(0.030)  (0.030) (0.037) (0.037)
Panel B: First Stage
F-stat 20.757 14.378 13.437
Observations 910 910 910 910 910 910
County controls no no yes no no yes

A unit of observation is a county. I define a chain to be a unique combination of two identifiers in the
Nielsen data: parent code and retailer code. The dependent variable is the percentage change in the county
price index between 2007 and 2009. Chain-linked A Log HP (other counties) is the percentage change in
house prices between 2007 and 2009, where the weights are defined as w, in the main text. Columns (1)
to (3) report results for OLS estimations. Columns (4) to (6) report results, after instrumenting the two main
endogeneous variables. I instrument local percentage change in house prices with WLRI. I instrument county
exposure to house price shocks through the network of retailer chains with county exposure to WLRI through
the network of retailer chains. Panel A report the second stage coefficients. Robust 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 Nielsen Scanner Data. Housing price data
is obtained from from the Federal Housing Finance agency (FHFA). Wharton Land Regulation Index from
Gyourko et al. (2008a), Housing supply elasticity is obtained from Saiz (2010).

D.1.6 Robustness Checks: Alternative market definitions: three digit Zip Code level

In my baseline specification, I choose the county as the relevant market. In this section, I check the
robustness of my results to a different market definition. In particular, I define markets as a three

digit zip code.

D.1.7 Robustness Checks: Region fixed effects

I explore the sensitivity of results to different combinations of region fixed effects. Throughout
specifications, the main coefficient remains positive and significant. Note that once I include state
tixed effects, the instrument becomes weak as reflected in the first stage F-statistic; so the coeffi-

cients in column (4) should be interpreted with caution.
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Table A8: Robustness Check: Region fixed effects

County’s A Log Price Index
) @ ®3) 4)
County’s A Log HP 0.065* 0.073*  0.091***  0.203***
(0.036) (0.038) (0.045) (0.078)
Chain-linked A Log HP (other counties) ~ 0.112***  0.124***  0.115**  0.083***
(0.037) (0.034) (0.037) (0.031)

County controls yes yes yes yes
4-Regions FE no yes - -
9-Divisions FE no no yes -
State FE no no no yes
First Stage F-stat 20.746 19.026 13.718 4.782
Observations 922 922 922 922
R-squared 0.062 0.059 0.020 0.043

A unit of observation is a county. I define a chain to be a unique combination of two
identifiers in the Nielsen data: parent code and retailer code. The dependent variable
is the change in county price index between 2007 and 2011: Alog(HP)Y 1. The aver-
age of the dependent variable is 11.8%. Chain-linked A Log HP (other counties) refers
to the weighted average percentage change in house prices in other counties, linked
through retailer chains distribution of stores: } .. wexAlog(HP,)”~11. Chain-linked A
Log HP (other counties) is the percentage change in house prices between 2007 and 2011,
where the weights are the county share of the chain national sales. Columns (2) to (8)
report results, after instrumenting county exposure to house price shocks through the
network of retailer chains. In column (3) to (4), I instrument with exposure to WLRI,
as in the baseline specification. In columns (5) and (6), I instrument with exposure to
Saiz Housing supply elasticity. Columns (7) and (8) use the 4 instruments. Panel A re-
port the second stage coefficients. Robust standard errors clustered at the state level in
parenthesis. ****** denotes statistical significance at the 1, 5, and 10 percent levels, re-
spectively. Source: Prices, quantities and sales are obtained from Nielsen Scanner Data.
Housing price data is obtained from from the Federal Housing Finance agency (FHFA).
Wharton Land Regulation Index from Gyourko et al. (2008a), Housing supply elasticity
is obtained from Saiz (2010).

D.1.8 Clientele Effects

It is possible that common regional shocks bear different effects on different type of stores, even
within a county. For example, a store of a retail chain that caters to richer consumers might be
affected differently compared to a store of a retail chain that caters to poorer consumers. To account
for this, I construct a variable at the retail chain level that captures whether the retail chain is mostly
present in rich counties or in poor counties, based on county-level median household income.

I define the indicator variable, Clientele, that takes value one if the retail chain is above the me-
dian, and 0 otherwise. And then run the main specification at the county-by-store level, but now
including County by Clientele fixed effects. Thus, I compare stores within a county, catering to
similar demographic groups.

Results are presented in Table A9. The main conclusions remain unchanged.
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Table A9: Robustness Check: Clientele effects at the retail chain by county-level

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

OLS IV: WLRI instrument
(1) (2) (3 4

Panel A: Second Stage

Store Alog HP (others),. ~ 0.094***  0.079***  0.183** 0.191***

(0.032) (0.033) (0.037) (0.061)
Panel B: First Stage
F-statistic 19.932 16.221
Retail chain controls yes yes yes yes
County FE yes - yes -
County-Clientele FE no yes no yes
Observations 3,747 3,747 3,747 3,747
R-squared 0.612 0.738 0.497 0.568
# retailers 84 84 84 84
# counties 910 910 910 910

Clustered standard errors at the state-level in parenthesis. *, **, and *** de-
note significance at the 10%, 5%, and 1% level, respectively.

D.1.9 Robustness check: Excluding California

I check the robustness of my results to excluding the largest state in the sample, California.

Table A10: Robustness Check: excluding CA

Dep Variable: County’s A Log Price Index

OLS IV: WLRI instrument
@ @ G 4 ©®) (6)
Panel A: Second Stage
County’s A Log HP 0.047**  0.029** 0.019 0.126***  0.072* 0.078
(0.014)  (0.013)  (0.014) (0.034) (0.041) (0.050)
Chain-linked A Log HP (other counties) 0.077**  0.079*** 0.165***  (0.174***
(0.030)  (0.029) (0.038) (0.037)
Panel B: First Stage
F-stat 20.527 16.695 11.933
Observations 881 881 881 881 881 881
County controls no no yes no no yes

This table repeats Table 1, but excluding Caliornia (the largest state) from the analysis. Clustered standard
errors at the state-level in parenthesis. *, **, and *** denote significance at the 10%, 5%, and 1% level, respec-
tively.
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D.1.10 Robustness check: Trade Flows

Alternatively, I construct a variable that accounts for the trade flows between county ¢ and county
k:

trade-weightedA log(HP)2"* = ¥~ 44 Alog(HP)Y 1,
k#c

where

trade _ _tradeflowg
ck Y i tradeflow,

where trade is the trade flow (exports and imports) between the state where county c is located
and the state in which county k is located.*’ Intuitively, the more county ¢ and county k trade with

each other and the bigger county k is, the more a shock in county k will affect county c.

I add this term to my main Equation 4.5, estimate it and obtain the following results for the coeffi-

cients of interest:

D.1.11 Inference with correlated errors in shift-share design

In a recent paper, Adao et al. (2019) shows that in shift-share designs, regression residuals can be
correlated across regions with similar shares, independent of their geographic location. This im-
plies that even though I cluster at the state-level in my main analysis, there could still be remaining
issues with the standard errors.

In this section, I follow Adao et al. (2019) methodology to take this into account. In particular, their
methodology provides inference methods that are valid under arbitrary cross-regional correlation
in the regression residuals. I present results in table A11.

47This data was obtained from Bureau of Transportation Statistics, Office of Secretary And Federal Highway Admin-
istration U.S. Department of Transportation combining data from the 2012 Commodity Flow Survey(CFS) and other
trade data from the Census Bureau.
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Table A11: Adao et al. (2019) Robust Standard Errors

Dep Variable: County’s A Log Price Index

OLS IV: WLRI instrument
(2) (3 [©) (6)

Panel A: Second Stage

Chain-linked A Log HP (other counties) ~ 0.088***  0.089***  0.129*** 0.135%**
(0.036) (0.037) (0.054) (0.059)

Panel B: First Stage

F-stat 16.642 12.756
Observations 910 910 910 910
County controls no yes no yes
Demeaned by ALogHP. yes yes yes yes

This table repeats Columns (1), (2), (3) and (4) of Table 1 using shift-share robust standard

errors proposed by Adao et al. (2019) to conduct valid inference under arbitrary cross-
regional correlation in the residuals. *, **, and *** denote significance at the 10%, 5%, and
1% level, respectively.

D.2 Extensive Margin Adjustments

In the main analysis, we have focused on the propagation of shocks to prices of continuing vari-
eties. However, retail chains might also adjust their extensive margin in response to shocks. For

instance, they might close stores or discontinue products.

In this section of the appendix, I explore this possibility. In my previous analysis, I showed that
county level prices are sensitive to shocks in distant regions linked by the retail chains” network.
This can imply changes in average markups of the county, leading to entry or exit of stores. For
example, a county exposed to negative shocks in other county will experience a drop in its retail
prices. This, in turn, will make competition tougher in the county. Therefore, we may observe more
exit of stores due to tougher competition in counties that were linked to counties more affected by

the house price drops.

In order to study the effect on the extensive margin at the county level, I begin by running my
main specification with counties” percentage changes in number of stores, barcodes and varieties
as dependent variable. I present results in Table A12. Although significant only at 10%, there is
some suggestive evidence of exit of stores and barcodes in counties served by retail chains more
exposed to drops in house prices in other counties.
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Table A12: Retailer chain’s extensive margin responses

) @ ®G) 4 ©®) ©)

VARIABLES AStores  AStores  AProducts  AProducts  AVarieties  AVarieties
County’s A Log HP 0.024 -0.095 0.271 0.135 0.093 -0.122
(0.151) (0.187) (0.175) (0.230) (0.246) (0.296)
Chain-linked A Log HP (other counties) 0.316* 0.361 0.570*
(0.179) (0.297) (0.317)
Observations 910 910 910 910 910 910
R-squared 0.001 0.030 0.006 0.003 0.004 0.026
County controls yes yes yes yes yes yes
First Stage F-stat 13.358 13.862 13.358 13.862 13.358 13.862

A unit of observation is a county. I define a chain to be a unique combination of two identifiers in the Nielsen data:
parent code and retailer code. The dependent variable is the change in county price index between 2007 and 2011:
Alog(HP)Y—11. The average of the dependent variable is 11.8%. Chain-linked A Log HP (other counties) refers to
the weighted average percentage change in house prices in other counties, linked through retailer chains distribution
of stores: Y. w,xAlog(HP,)”~11. Chain-linked A Log HP (other counties) is the percentage change in house prices
between 2007 and 2011, where the weights are the county share of the chain national sales. Columns (2) to (8) report
results, after instrumenting county exposure to house price shocks through the network of retailer chains. In column (3)
to (4), I instrument with exposure to WLRI, as in the baseline specification. In columns (5) and (6), I instrument with
exposure to Saiz Housing supply elasticity. Columns (7) and (8) use the 4 instruments. Panel A report the second stage
coefficients. Robust standard errors are in parenthesis. ****** denotes statistical significance at the 1, 5, and 10 percent
levels, respectively. Source: Prices, quantities and sales are obtained from Nielsen Scanner Data. Housing price data is
obtained from from the Federal Housing Finance agency (FHFA). Wharton Land Regulation Index from Gyourko et al.
(2008a), Housing supply elasticity is obtained from Saiz (2010).

Previous table shows how the Great Recession and the geographic distribution of retailer chain’s
stores affected the varieties available for consumers. Given that consumers have a taste for variety,
an increase in the range of available varieties should lead to a decrease in the price index. Translat-
ing the increase in product variety into welfare gains requires structural assumptions. Following
Feenstra (1994) and Broda and Weinstein (2006) I assume a CES utility function to infer the infra-
marginal consumer surplus created or destroyed by changes in product variety from the observed
spending shares on new and exiting products. I also decompose entry and exit of barcode-stores
into two terms:*® In particular, I decompose the Feenstra Ratio into two margins of adjustments:

1. Store-level Feenstra Ratio: captures consumer surplus by changes in stores available. 2. Barcode-
level Feenstra Ratio: captures consumer surplus created by entry or exit of barcodes in existing

stores.

I then construct an exact CES price index that considers entry and exit of new varieties:

Whsmct Jomet B
I < o — > I < Asmet ) os—1 < Amet >‘7’"1
bsel s€],
" Pbsmtfl " )\smctfl /\mctfl

The first multiplicative term in brackets is the the CES price index for continuing products between
tand t — 1, as described in the body of the paper. We refer to the second term as the barcode-level
Feesntra Ratio. The higher the expenditure share of new varieties within a product module and

store, the lower Agy, implying a lower adjusted inflation rate. Intuitively, conditional on the

#To do so, T assume that consumers first choose the store in which they will shop and then choose the barcodes.
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number of stores, the adjusted inflation rate is going to be lower if consumers spend more in new
varieties. The third term is the store-level Feenstra Ratio. The higher the expenditure in new
stores, the lower A, implying a lower adjusted inflation rate. The price index also depends on
the module-specific elasticity of substitution ¢;, between stores and module-store specific elasticity
of substitution o; between barcodes in a product-module-store. As these elasticities grow, the
additional terms converge to one and the bias in the price index goes to zero. The intuition is that
when existing varieties are close substitutes to new or disappearing varieties, price changes in the

set of existing products perfectly reflect price changes for exiting and new varieties.

Now, I estimate my main specification with each of the terms above as dependent variable. Table
A13 report the results. Columnn (1) report results for the price index for continuing varities, as in
the main analysis of the paper. Column (2), reports the effect of retailer chains networks on changes
in product variety within existing stores. Column (3) report results for the effect on changes in
available stores. Finally, column (4) provides the exact price index combining the three terms. We
do not observe any effect of the network of retail chains on entry and exit of stores and barcodes.
However, in column (4), we observe that the main conclusions of the paper remain when we adjust

the price index to account for entry and exit of varieties.

Table A13: County level Price Index adjusted for entry and exit of varieties

A Log Price Index  Feenstra Ratio  Feenstra Ratio A Log Price Index
(continuers) (barcodes) (stores) (adjusted)
@® ) ®G) 4)

Panel A: Second Stage
County’s A Log HP 0.069* -0.034 0.035 0.071

(0.040) (0.025) (0.034) (0.067)
Chain-linked A Log HP (other counties) 0.119*** 0.034 -0.008 0.147**

(0.039) (0.034) (0.033) (0.071)
Observations 922 922 922 922
County controls yes yes yes yes
First Stage F-stat 14.479 14.479 14.479 14.479

A unit of observation is a county. I define a chain to be a unique combination of two identifiers in the Nielsen data:
parent code and retailer code. The dependent variable is the change in county price index between 2007 and 2011:
Alog(HP)Y~11. The average of the dependent variable is 11.8%. Chain-linked A Log HP (other counties) refers to the
weighted average percentage change in house prices in other counties, linked through retailer chains distribution of stores:
Yire wexAlog(H P;)%711, Chain-linked A Log HP (other counties) is the percentage change in house prices between 2007
and 2011, where the weights are the county share of the chain national sales. Columns (2) to (8) report results, after instru-
menting county exposure to house price shocks through the network of retailer chains. In column (3) to (4), I instrument
with exposure to WLRI, as in the baseline specification. In columns (5) and (6), I instrument with exposure to Saiz Housing
supply elasticity. Columns (7) and (8) use the 4 instruments. Panel A report the second stage coefficients. Robust standard
errors are in parenthesis. ****** denotes statistical significance at the 1, 5, and 10 percent levels, respectively. Source:
Prices, quantities and sales are obtained from Nielsen Scanner Data. Housing price data is obtained from from the Federal
Housing Finance agency (FHFA). Wharton Land Regulation Index from Gyourko et al. (2008a), Housing supply elasticity
is obtained from Saiz (2010).
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E Model

E.1 National costs and error term

In this section, I discuss the the implication for identification in the model, when costs are at the

retail level.
dlogP.; = pH [Zemsnl dlogHP. + B Y Y L, 0dlogHPc + Y LedlogC,  (E.1)
reQe k#ceQ,reQ)e reQ).

As the cost of retail chain is not observed, it lies in the error term. Hence, the exogeneity assump-

tion to identify B! is given by,

E[ Y edlogC|( Y X hebpdlogHP;) | =0 (E2)

reQ) k#ceQ,reQ).

This simply reflects that, conditional on own house price changes, the evolution of the marginal
cost in county ¢ cannot be correlated with the weighted average of the change in house prices in
other counties k. For exposition, define AC, = . A,;AA. as a weighted average of unit costs (A,)
across counties in the U.S; where A, are the share of costs of retail r that comes from county ¢
(e.g.: wholesale products that buys in c). The threat is common shocks to costs to regions in which
the retail chain operates that also correlate with house price changes. Then there are a couple of
intuitive Sufficient conditions to satisfy Condition E.2.

1. If Cov(A Ay, Alog(HP);) = 0, then Condition E.2 is satisfied. However, house price shocks could
be correlated with productivity shocks in the county.

2. If Cov(As, 0yc) = 0, then Condition E.2 is satisfied. Stroebel and Vavra (2019) present a range
of evidence suggesting that the location where retail sell their products (0,) differ from the
locations where the retail buy their products from wholesales. In line with this, Hyun and
Kim (2019), show that most of sales of manufacturing firms come from markets that are not
where they have their plants.

In case sufficient conditions (1) and (2) do not hold, I rely on the housing supply elasticity instru-
ment. The assumption then becomes:

E[ Y LedlogC, ( y 5 lrcerkWLRIkﬂ -0 (E.3)

reQ); k#ceQreQ),

Note that now a sufficient condition for E.3 to hold is that: Cov(A Ay, WLRI;) = 0. This assumption
mimics the identification assumption of papers that analyzed the local effect of the house price
slump (e.g: Mian and Sufi (2011), Stroebel and Vavra (2019)). Hence, given that this condition is
sufficient (but not necessary), my empirical design relies on milder assumptions.
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E.2 Alternative assumptions for costs: local costs
In the main analysis, I solved the model for the case in which the retail chain has national costs
cre = cr. Here, I explore the case in which retail chain has local costs in each market (c;.).

Solving the optimization problem, we get the optimal price in the situation where the retail chains’

costs are local:

_ Zk .ukcrk(o-k - 1)Srk
P =, = E.4
Pr = Y Sl — 1) E4)

Ok
(Tk—l

form pricing is a weighted average of the conditions (costs and markups) in the different markets

where yy = is the markup in market k. From equation E.4 it is clear that the price under uni-

that a retail chain serve.

Following the steps in the main section to aggregate the price index and total differentiate the

aggregate price index to observe the sources of variation, we get:

~ < S,10%C
dlogPY = — [ ) lrcerclpm] dlogoe— Y Y Lbypudlogoe+ Y ) lrc%dlogcrk (E.5)
reQ)e k#ceQ,reQ, keQ,reQ), k UkorkCrk

where I define 6 as in the main analysis

b, — S0k /
! )3 SrkUkCrk] ! Y Sl(ox — 1)]
keQ), keQ),

and,

Cre — C
Pre = Crc Zsrk <Uk = o 1>
k

CYC

Compared with the case of national costs in the main analysis, now the weights also adjust for
initial differences in costs across markets (i,). In addition, local shocks can affect the cost term of

the equation.

In the next section, I explore how propagation of cost shocks would look like.

E.3 Propagation of local cost shocks

In order to be consistent with previous papers that emphasize the demand channel of the house
price shock, in the main analysis I assumed that the the house price shock affected the elasticity of
demand. However, to study propagation of shocks through the network of retail chains, one could

be agnostic about whether the shock is demand-driven or cost-driven.

55



In this section, I discuss theoretically the propagation of local shocks through the network of re-
tail chains. Assume that ¢y is constant and the shocks are to the local costs of the firm. That is

H—Costs __ 0logcre ; .
B = alogHP," Then, Equation E.6 becomes:

dlogPl — pH-Costs Y 1 SrTeCre ooy H-Cost L E.6
sk reZQ " Yk Ok ek 08¢re P k#CZE;ereZQC " Yk OkS ek gerk (E6)

The last term corresponds to the propagation of local shocks through the network of retail chains.
Note that the importance of a market is also increasing on S,;. This makes more meaningful the
weights w, in the reduced form that can be used to proxy weights for both cost shocks and demand
shocks.

E.4 Quantitative analysis

Table Al4: o by quartile of population (From Hottman, 2014)

City Size Dist: 1st Quartile 2nd Quartile 3rd Quartile 4th Quartile
e 3.9 3.9 4.5 4.8

Table A15: Propagation of local shocks through the network of retails chains
(weights adjusted by o)

Dep Variable: County’s A Log Price Index

OLS IV: WLRI instrument
@ @ (€] ) () Q)

Panel A: Second Stage
County’s A Log HP 0.056***  0.050***  0.050***  0.125***  0.093**  0.096**

(0.014) (0.013) (0.015) (0.027)  (0.034)  (0.037)
Chain-linked A Log HP (other counties) 0.049***  0.048*** 0.116**  0.126**
(Tadjusted) (0.017)  (0.017) (0.050)  (0.054)
Panel B: First Stage
F-stat 21.358 11.660  10.810
Observations 910 910 910 910 910 910
County controls no no yes no no yes

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 (¥ 0.Alog(HPy)) as defined in Equation 6.2. Columns (1) to (3) report results
for OLS estimations. County-level controls in columns (3) and (6) include changes in log wages, changes in
log number of retail establishments and changes in log employment. Columns (4) to (6) report results, after
instrumenting the two main endogeneous variables. I instrument local percentage change in house prices
with local WLRL. T instrument network-weighted percentage change in house prices (L. 0xAlog(HPy)) in
other counties with network-weighted WLRI in other counties (¥, wxWLRI).Panel A report the second
stage coefficients. Panel B reports the Kleibergen-Paap (2006) rk F-statistic for the first stage. Robust standard
errors clustered at the state level are in parenthesis. ***,*** denotes statistical significance at the 1, 5, and 10
percent levels, respectively.
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F Counterfactuals

FE1 Cross-county dispersion in inflation rate: Alternative scenarios

Figure F.1 plots the distribution of house price changes under three alternative scenarios. Uniform
pricing and empirical distribution of sales (benchmark), Uniform pricing and even distribution
of sales, and flexible pricing. We can observe that the dispersion is much smaller under uniform

pricing.
Figure A4: Cross-county dispersion in inflation rate: Alternative scenarios
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E2 Distributive effects of uniform pricing

Figure A6: Regional Redistribution of shocks: Alog(PY) — A log(Pér lex)
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Note: Heat map for the difference between inflation rate under uniform pricing and inflation rate under flexible pricing for each
county (Alog(PH) — A log(P{ lex)). The numbers are in %. The map is divided into deciles of Alog(PY) — A log(Pgr lex). Red indicates
high values for this difference. That is, counties that were negatively affected by uniform pricing since their prices decrease less than

under a counterfactual of flexible pricing.

E3 A positive shock of 20% to Los Angeles’ house prices

In this section, I will be simulating a positive house price shock of 20% in Los Angeles, California.
I evaluate how the pricing strategies and the geographic distribution of the stores has implications
on the effect of the shock. I choose Los Angeles because it is the county whose shocks have on
average the biggest effect on other counties, and at the same time is in the top 20% richest counties
in the United States.

Table A16 shows the results for the different pricing strategies. For this shock, I calculate the wel-
fare implications measured as price changes under different price settings: uniform pricing and
flexible prices. In particular, I decompose the aggregate effect on U.S. inflation in two different
ways. First, In Panel A, I decompose the aggregate inflation into geographic categories: changes in
local prices, changes in prices of counties in the same state and changes in prices out of state. Sec-
ond, in Panel B, I decompose the aggregate inflation into income quintiles. Each county’s inflation
is weighted by the population of the county, so number represent the contribution of counties in

that group to aggregate inflation.

Lets focus first in Panel A of Table A16. While the weighted average inflation rate is similar under
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uniform and flexible prices, the existence of uniform prices creates redistribution from the county
affected by the shock to counties connected by the network of retail chains. In particular, under
uniform pricing Los Angeles export half of the inflation rate to other counties. An increase of
20% in Los Angeles” house prices implies an increase of 0.14% average inflation rate in the U.S
under uniform pricing. 0.07% of that inflation rate is explained by price changes in L.A, 0.05% is
explained by propagation to counties outside California and 0.02% is explained by propagation to

other counties within California.

When collapsed to five per capita expenditure quintiles on panel B of Table A16, I find that the
richer the counties are, the bigger average effect relative to poorer counties. Two effects might
play a role here. On the one had, richer counties are more connected than poor counties, so they
are more likely affected by a shock somewhere else. On the other hand, retailers in richer coun-
ties depend less on other counties to set up their prices given that the sales on their own county
are highly relevant. The former effect might be dominating. Moreover, the fact that the effect in
weighted by population, and riches counties tend to have higher population density, contributes

to getting a higher average effect for richest quintiles.

Table A16: 20% shock in Los Angeles under alterna-
tive pricing rules

Panel A: Effect by Geographic Location
Welfare \ Price Choice ‘ Uniform Flexible

A in Prices(average) ‘ 0.1440% 0.1368%
A in Local Prices 0.0732% 0.1368%
A Prices in-state 0.0215% 0.0000%

A Prices out-of-state 0.0494%  0.0000%

Panel B: Effect by Income Quintile
Welfare \ Price Choice ‘ Uniform Flexible

A in Prices(average) 0.1440% 0.1368%

A in Local Prices 0.0732%  0.1368%

A in Poorest Quintile 0.0023%  0.0000%

A in Second Poorest Quintile | 0.0035%  0.0000%
A in Middle Quintile 0.0090%  0.0000%

A in Second Richest Quintile | 0.0246% 0.0000%
A in Richest Quintile 0.0315%  0.0000%

Note: Effects in each county are weighted by population. As Los Angeles
is on the richest quintile, we subtract the local average effect from the
effect on the richest quintile.

In Table A17, I report results for alternative distributions of the stores of the retail chains. The
tirst column is the effect on national inflation rate under the current distribution of retail chains.
Column (2) analyzes an increase in retail chains’ geographic dispersion of sales. The effect of
the shock becomes smaller at the national level. Intuitively, relative to the current distribution,
retail chains become smaller in big counties; while relatively larger in small counties. As S, are
equal, retail chains in L.A. export the inflation rate in equal proportions to every county. Hence,the
population weighted average inflation rate for the U.S. declines considerably. In the third column,

we increase competition within a county by letting all retail chains in the county have equal shares.
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The national effect of the shock is slightly smaller. This evidences that the key for the propagation

of shocks is the importance of each county for the retail chain. The forth column contains both

equal distribution in counties and equal importance of counties for a chain. This situation is closely

to full integration and implies that the effect of a shock in L.A would impact 60% less the average

inflation rate in the U.S. Finally, the last column the case of a monopoly in each of the counties. For

each county, I pick the retail chain with the highest sales in the county and assign /,, = 1 to it and

zero to other retail chains in the county. The effect average national effect increases. A potential

explanation for this is that when the biggest retailers in the country behave as monopolists in their

counties, the propagation of the shocks increases the most. The prices are controlled by a few

chains that are most likely present in Los Angeles and a lot of other counties around the United

States.

Table A17: 20% shock in Los Angeles under alternative distributions

L Competition: Even Distribution | Monopoly
Welfare \ Distribution | Current S, = 1/#c ‘ Ly = 1/#r ‘ Both Ly=1
A in Prices(average) 0.144% 0.027% 0.122% 0.063% 0.154%
A in Local Prices 0.073% 0.019% 0.085% 0.049% 0.119%
A Prices in-state 0.021% 0.004% 0.021% 0.011% 0.014%
A Prices out-of-state 0.049% 0.004% 0.015% 0.004% 0.209%
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