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Introduction

We study spatial competition between modern retail platforms.

Active (and contested) area of anti-trust enforcement.

Our challenges

Observe only store revenues.
Don’t see prices or assortments.
Many outlets, several formats. Overlapping geographies.

Given this data, what can be said about spatial retail competition?
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Agenda: Why should you care?

Retail is big (globally)

Modern retail systems are platform oligopolies

Market power/foreclosure are potential concerns

Modern retail systems key source of productivity/welfare gains

Increasing evidence that gains are regressive, urban-centric
Atkin et al (2018), Lagakos (2016), Handbury (2013)

Not yet clear how these firms compete (price, assortment, format)

Interplay between demand and cost sides
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Research Agenda: This Paper

We propose a simple framework for linking store revenues to
consumer (census tract-level) demographics

Spatial logit model of expenditure allocation/store choice by
heterogeneous consumers
In lieu of prices, include chain fixed effects that vary with income

Apply to merger screening problem

Light data and modeling requirements
Delivers rich (and sensible) substitution patterns that reflect the
heterogeneity and spatial location of consumers
Yields highly localized measures of concentration (tract or store level
HHIs) for merger analysis
Provides store and firm level diversion ratios as input to UPP/partial
simulation
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Model: Consumer’s Choice Problem

Extend Holmes’ (2011) revenue model to include multiple firms.

Spatial logit model, aggregated to store-level data.

Consumers allocate grocery expenditures across competing outlets
within D miles of home, or choose outside good.

Consumers are heterogenous, differentiated by location and income.
Stores have characteristics xs , including possible chain affiliation.

We assume a representative household at every census tract, indexing
consumers by their home tract t.

Consumers are endowed with a location (t) and characteristics zt
(e.g. income, car) that affect their utility for groceries.

Consumers’ food budgets (including spending on outside good) are a
fixed proportion α of income.

But wealthy consumers may spend more outside grocery channel.
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Utility Framework: Nested Logit

Individuals allocate budgets via DC-RUM over nearby stores, endowed
with locations and characteristics.

Each consumer makes continuum of purchasing decisions.

For each unit of expenditure i , consumer t’s utility for spending at
store s is

usti = ust + εsti = τ0dst + τ1dstzt + γ0xs + γ1xs ⊗ zt + εsti .

Note that ust is a function of distance dst , store characteristics xs ,
and tract-level consumer demographics zt .

Store characteristics include size, checkouts, and FTEs.
Also include fixed effects for all large chains (+ interact with
income).

Each purchase decision is subject to an iid shock εsit , distributed GEV
with nesting structure on formats (described below).
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Role of Outside Good

We assume choice set includes all stores within D = 10 miles of home
tract, plus outside option, Ct = {s : dts ≤ D} ∪ 0.

Spending on the outside good is moderated by demographics zt and
tract characteristics wt that control for alternative consumption
options in the tract’s proximity,

u0ti = λ0wt + λ1wt ⊗ zt + ε0ti .

wt includes population density and household size.

Note that consumer’s income impacts spending via two pathways:
1 their overall budget (α · inct), and
2 their choice of store (including outside good).
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Nesting Structure: Alternative Store Formats

We are particularly interested in evaluating competition from new
formats (e.g. clubs, supercenters and organics)

To allow for stronger substitution within format, we group firms into
K nests, with εsti correlated across stores in same nest.

By integrating over εsti , we obtain the share of the budget that
consumers in tract t spend at store s as a function of the model’s
parameters, θ = (τ, γ, λ, β, µ), and observed covariates.

Given nesting structure, share of spending at store s (as a fraction of
all spending in tract t) can be decomposed as follows

pst(θ) ≡ Pr(ιti = s) = Pr(ιti ∈ Ct,k(s))Pr(ιti = s |ιti ∈ Ct,k(s)).

where Pr(ιti ∈ Ct,k(s)) is the probability of choosing any store in nest
Ct,k(s) and Pr(ιti = s |ιti ∈ Ct,k(s)) is the probability of choosing a
particular store, given that you are choosing it from nest Ct,k(s).
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Nesting Structure: Alternative Store Formats
Given GEV structure, the share of expenditure on stores in Ct,k(s)

(e.g. any club store close to tract t) is

Pr(ιti ∈ Ct,k(s)) =

(
∑

q∈Ct,k(s)

euqt /µk(s)

)µk(s)

K

∑
v=0

(
∑

q∈Ct,v
euqt /µv

)µv
.

The probability of choosing a particular store s from nest Ct,k(s) (e.g.
a Sam’s Club near t) is then

Pr
(

ιti = s |ιti ∈ Ct,k(s)

)
=

eust /µk(s)

∑
q∈Ct,k(s)

euqt /µk(s)
.

Finally, the unconditional share is given by

pst (θ) =

eust /µk(s)

(
∑

q∈Ct,k(s)

euqt /µk(s)

)µk(s)−1

K

∑
v=0

(
∑

q∈Ct,v
euqt /µv

)µv
.
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Moving from Choices to Revenues

We observe store-level revenues, so we must aggregate up to them.

Predicted revenue at store s coming from tract t is given by

R̂st(θ, α) = αinct · nt · pst(θ),

where inct is PC income and nt is total population residing in tract t.

We assume store s collects revenue from all tracts for which it’s in
choice set (i.e. all tracts within 10 miles of its location).

Therefore, predicted total revenue for store s is

R̂s(θ, α) = ∑
t∈Ls

Rst(θ, α),

where Ls = {t : s ∈ Ct} = {t : dst ≤ D} is the set of tracts for
which store s is included in some consumer’s choice set.
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Estimation

We estimate parameters by matching model-generated revenue
predictions to the store-level revenues observed in the data.

Assuming these observed revenues Rs are perturbed by a
multiplicative shock,

Rs = eηs R̂s(θ0, α0),

where (θ0, α0) are true parameters of the DGP and ηs is the shock.

Assuming ηs is mean zero and independent of exogenous variables,
parameters can be estimated via NLLS,

(θ̂, α̂) = argmin
θ,α

∑
s

(
log(R̂s(θ, α))− log(Rs)

)2
.

identification
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Data: Sources and Content

Grocery data come from Trade Dimension’s 2006 TDLinx dataset.

Observe all grocery stores, supermarkets, supercenters and club stores
earning at least 2 million in revenues.

Focus on stores (and consumers) located in 317 MSAs (dropping NYC).

Data include revenues, store features (size, FTEs, and checkouts),
and full ownership structure.

Note: we do not observe FTEs or checkouts for clubs.

Demographic information comes from the 2010 US Census.

GeoLocation, per capita income, vehicle ownership and household size.
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Data Summary: Store Characteristics

additional tables
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Data Summary: Census Tracts
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Model: Parameter Estimates
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Parameter Estimates: Nesting Parameters, Budget and Fit

FEs and slopes are reported in Appendix of paper.

EGK (Rochester, PSU) Measuring Retail Competition October, 2018 16 / 39



Parameter Estimates: Outside Good
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Parameter Estimates: Store Characteristics
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Demographic Effects

So what do the estimates imply about consumer tastes?

Using the model, we can compute the revenue elasticity of each store
with respect to distance or income.

To construct a measure of chain-level response, we aggregate up,
weighting by revenue shares.

The distance elasticity for revenue at store s from tract t is

ηst =
∂Rst

∂dst

dst
Rst

= dst (τ0 + τ1zt )

(
1

µk(s)
+

(
1− 1

µk(s)

)
pst|k − pst

)
,

where pst = pst(θ) and pst|k = Pr
(

ιti = s |ιti ∈ Ct,k(s)

)
are the

relevant unconditional and conditional choice probabilities.
The corresponding income elasticity is

νst = 1 + ∑
q∈Ct \0

(τ1dqt + γ1xq )

(
1[s = q]

1

µk(s)
+ 1[q ∈ Ct,k(s) ]

(
1− 1

µk(s)

)
pqt|k − pqt

)
− λ1wtp0t .
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Distance and Income Elasticities
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Competitive Effects

Since we don’t observe prices, we can’t calculate price elasticities.
But we can construct semi-elasticities for a ∆ improvement in the
(vertical) quality offered by a given chain.

The semi-elasticity for chain f wrt g is the percent decrease in revenue
at f due to a ∆ improvement in the chain FE for stores in g .

Formally, the semi-elasticity is given by

σf ,g =
1

R f ∑
s∈Ff

∑
t∈Ls

Rst ∑
q∈Fg∩Ct

(
1[s = q]

1

µk(s)
+ 1[q ∈ Ct,k(s) ]

(
1− 1

µk(s)

)
pqt|k(s) − pqt

)
, (1)

where R f is total revenue for chain f and Ff and Fg are the stores in
chains f and g respectively.

Recall that Ls is the set of tracts featuring store s in their choice set
and Ct is the choice set of consumers in tract t.
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Competitive Effects: Own and Cross Semi-Elasticities
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Diversion Ratios

To unpack Table 7, we compute diversion ratios (Shapiro, 1996).

Usually, the diversion ratio from j to k is

Djk = −∂qk
∂pj

/
∂qj
∂pj

which measures the fraction of lost sales, in response to a price
increase at j , that are captured by k.

Here, instead of price, we use “quality” (i.e. the FEs).

In Table 7, ratio of column 4 to column 2 gives share of increased
sales for column 1 firm that are drawn from its largest rival.

Diversion to the outside good is the ratio of column 7 to 2.
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Diversion Ratios
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Key Insights from Diversion Ratios

Firms that are relatively isolated from competition:

Wal-Mart, Clubs, Safeway, Whole Foods.

Firms that face the most competition:

Target, Winn-Dixie, Southern Chains.

Firms that draw most from outside good:

Costco, Northeast chains.

Firms that draw least from outside good:

Aldi, Save A Lot, Southern chains.

Clubs belong in the choice set:

Clubs draw 20% from other clubs, 50% from other formats.
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Merger Screening

Merger analysis is one of the largest and most difficult areas of
antitrust enforcement (Hosken and Tenn, 2016).

Defining markets is especially controversial, since it can effectively
determine the outcome ex ante.

Whole Foods/Wild Oats as PNOS, Office Depot/Staples as OSS

To show how our model can be used to quickly “pre-screen”
horizontal mergers, we consider two examples:

1 The 2007 Whole Foods/Wild Oats merger, which the FTC contested.
2 The 2016 Ahold/Delhaize merger, which was recently approved.

Our model can reveal the true overlap between stores or firms,
without taking a strong ex ante stance on market definition.

Can also identify which consumers are most impacted and what stores
should be divested (usual remedy) and to whom.
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Merger Screening

In particular, for each census tract, the model recovers the total
revenue flowing from that tract to each store in its vicinity.

We then construct tract-level HHIs to measure market concentration,

HHIt = ∑
f ∈Ct\0

(
100 · pft

1− p0t

)2

.

where pft = ∑s∈Ff ∩Ct
pst is chain f ’s total share from tract t.

According to the 2010 Merger Guidelines, a market is considered
1 highly concentrated if the HHI is over 2,500,
2 moderately concentrated if the HHI is between 1,500 and 2,500, and
3 un-concentrated (competitive) if the HHI is under 1,500.

Focusing first on the industry as a whole, we compute these HHI’s for
every tract in all 317 MSAs.
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Market Structure (Pre-Merger, 2006)

Overall industry is quite concentrated (locally).
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Merger Screening

We then look at how this structure would change under each merger.

To do so, we examine how HHI changes at each tract in which both
firms appear in choice set.

Mergers that raise HHI by > 100 points “often warrant scrutiny,” while
Mergers that raise the HHI by > 200 points (and result in highly
concentrated markets) “likely enhance market power.”

We use these criteria to identify merger “hot spots,” where mergers
either warrant scrutiny or enhance market power.

Caveat emptor: We are not solving for new equilibrium prices (or new
entries, or exits, or re-positionings, ...).

We also compute “store-level” HHIs that aggregate tracts in a store’s
catchment area, weighting each tract-level HHI by the tract’s
contribution to total store revenue.

We then compare to a screen based on diversion ratios.
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Impact of Whole Foods/Wild Oats Merger
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Impact of Ahold/Delhaize Merger
Giant + Stop & Shop and Food Lion + Hannaford
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Store Level Analysis
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Comparison
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Impact of Including Club Stores on Analysis of A/D Merger
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Conclusions

We provide a simple framework for analyzing competition between
multi-product retailers.

The estimates from this model reveal how firms position themselves
with respect to the income and travel costs of their customers.

We use the model to evaluate two mergers, highlighting the
importance of both careful market definition and including all relevant
competitors.

Future work will address how firms respond (re-optimize) to changes
in market structure.
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Identification
Overall approach

Exploit geographic variation in revenues, locations & demographics.
Assume (εits , ηs) independent of store location & size, as well as
consumers’ locations & incomes.

Consumers take store locations as given
Perceptions of store pricing, quality & assortment formed at chain (not
store) level.

Control for endogeneity of overall policies using chain fixed effects.

Reasonable if prices and assortments mostly set at chain level.
Evidence from IRI and Nielsen data suggests they are.
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Identification
Key parameters

α identified by varying total number of stores across ‘identical’
markets and seeing change in total revenue across all stores.

Given α, utility parameters identified by varying characteristics of
stores and consumers, then observing resulting changes in share of
total expenditure (within catchment area Ls) captured by each store.

Varying distance between a tract and store changes share of
expenditures at that store relative to others in the tract’s choice set.
Change will be reflected in store’s revenue relative to others in same
choice set, all of which are observed.

Nesting parameters identified through variation in number and
location of stores within versus across nests.

back to estimation
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Data Summary: Chain Characteristics
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Data Summary: Large Chains

back to main table
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