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Executive Summary

This study examines how grocery stores benefit from being located near non-grocery
retailers. When consumers combine errands into one shopping trip, nearby businesses can
influence which grocery store they choose and how far they are willing to travel. The study
quantifies these benefits to inform retail location decisions.

Using shopping data from 4,749 U.S. households, the analysis compares grocery-only trips
with trips involving non-grocery shopping. It accounts for household and store differences and
uses seasonal variation in non-grocery shopping to help distinguish spillover benefits from the
underlying attractiveness of a location.

Visiting a nearby non-grocery retailer increases the probability of choosing a grocery store
by approximately 13%, on average. These benefits are concentrated within one mile and vary by
neighboring retailer type. Toy stores, big-box retailers, and home improvement stores generate
significant spillovers. Toy stores provide the largest benefit per shopping occasion, while big-box
retailers generate the greatest overall benefit because consumers visit them more frequently. The
estimated benefits translate into an expansion in effective customer reach of approximately 2.5
miles for big-box and home improvement stores and 3.9 miles for toy stores.

For retailers and shopping-center developers, the findings highlight the importance of
evaluating the mix of neighboring businesses when selecting locations. Beyond population,
demographics, and competition, managers should consider whether nearby retailers attract
complementary shopping trips, how frequently they are visited, and their proximity to the proposed
store. The study provides a framework for estimating these benefits and weighing them against

additional location costs.



ABSTRACT

Retail agglomeration effects are difficult to measure due to possible reverse causality and the need
to decompose agglomeration into traffic and spillover effects. In this paper we develop a new
method to measure retail agglomeration in the grocery product context by exploiting consumer
visits to non-grocery store formats. The seasonal variation in these non-grocery store visits
contrasts sharply with the perennial and predictable nature of grocery visits. This variation enables
us to establish a causal link between non-grocery visits and grocery visits and to measure the
spillover effects of non-grocery visits on grocery store choice probability. We measure
agglomeration effects of 13%. Our method also enables the measurement of increase in catchment
area for a grocery store due to proximal location with other store formats. We find that increase in
catchment area ranges from about 2.5 miles for big box and home improvement stores to 3.9 miles

for toy stores, and discuss managerial implications for retailers of this method.

Keywords: Retail agglomeration; retail competition; spillover; traffic; hierarchical Bayes;

causality; endogeneity



INTRODUCTION

Location is an important driver of retailer performance (Hotelling 1929, Huff 1964).
Academic researchers and practitioners (e.g., Salvaneschi 1996) have alluded to proximity to dense
markets with high purchasing power, availability of ample parking, and ease of access as important
characteristics of attractive retail locations. In addition, researchers have suggested that positive
spillover benefits might accrue from being located close to many other retailers. Such a retail
agglomeration effect can arise due to savings in transportation costs for suppliers and consumers
as well as labor market pooling, which enables collocated retailers to find workers (Ellison et al.
2010). Of these, the spillover benefit that accrues to co-located retailers due to consumer-side
externalities is an important issue in the Marketing literature. Such consumer-side externalities
can arise via two mechanisms. The first mechanism is the traffic-generating effect of retail
agglomeration. This can arise because of the expectation that higher competition within the same
retail format (e.g. groceries) will lead to lower prices and/or higher quality. It can also be due to
lower search costs, as the presence of more retailers of the same format can also help address
concerns about stock outs and long wait times; in addition multi-purpose shopping could result in
greater traffic to areas with denser retail locations.! The second mechanism can be either positive
or negative based on whether the proximal retail locations offer substitute products. If co-located
retailers offer substitute products, they have to compete for customers visiting that location.
Therefore, the net benefit of collocation would depend on whether the traffic generating effect
exceeds the adverse consequence of increased competition. On the other hand, co-location of

retailers selling non-substitute products are likely to realize the positive traffic generating effect.



In this paper, we propose an approach to measure agglomeration effect derived by grocery
stores that are located close to non-grocery retailers selling non-substitute products. A common
challenge in characterizing this agglomeration effect is that attractive markets (in terms of shopper
characteristics) also attract multiple retailers. Researchers have attempted to circumvent this
challenge by using survey data Arentze et al. (2005) or case studies involving entry of a retailer
selling complementary products and services (e.g., Sen et al. (2012)). In contrast to these
approaches, we exploit the seasonal variation in visits in non-grocery stores as compared to grocery
stores to measure agglomeration effects across multiple grocery chains and non-grocery formats.
This analysis using household-level shopping transactions enables us to measure the increase in
catchment area for a grocery store as a result of being located close to a non-grocery store, a metric
of key interest to retailers that is not available from the above methods.

We use the AC Nielsen Homescan panel dataset of household shopping behavior across
multiple types of retailers in our empirical analysis. We infer the agglomeration effect based on
the extent to which household shopping behavior differs across single- vs. multi-purpose shopping
occasions. Based on model-free evidence, we document that (a) households tend to switch grocery
stores on multi-purpose shopping trips, (b) they are willing to travel to grocery stores that are
located farther away on such multi-purpose shopping trips, suggesting a positive externality arising
from trip chaining, and (c) the average expenditures and the day of the week when the two types
of grocery shopping trips occurred are very similar for single- and multi-purpose shopping
occasions.

Based on this model-free evidence, we characterize the conditional agglomeration effect?
as the additional benefit that a household derives from shopping at a grocery store located close to

anon-grocery store conditional on there being a need to shop at the non-grocery store. We account



for differences in the attractiveness of stores due to unobserved factors using store fixed effects
and household fixed effects. A household’s distance from alternative grocery stores helps explain
her preference to shop at a grocery store over and above the store fixed effects. This characterizes
the travel cost incurred by a customer in visiting a given store. The quantification of the travel cost
helps us express the spillover effect in terms of the expansion a grocery store’s captive market.
There are two econometric challenges in inferring the conditional spillover effect as the
additional benefit that a household derives from shopping at a grocery store located close to a non-
grocery store conditional on there being a need to shop at the non-grocery store. The first challenge
is that correlated unobservables might have driven non-grocery demand and the need to shop at a
co-located grocery store. The second challenge is establishing the direction of causality, i.e.,
changes in non-grocery demand led to changes in grocery store patronage. We account for these
by exploiting the pronounced seasonal variation in the demand for non-grocery purchases at
different types of retailers. We consider five different classes of non-grocery purchases that exhibit
different seasonal patterns to aid in our identification of the agglomeration effect. In addition, we
use several other variables that are likely to act as shifters of non-grocery purchases, but are

unlikely to directly influence the choice of grocery stores as instruments.

We use the control function approach proposed by Petrin and Train (2010) to address the
endogeneity of the decision to visit a non-grocery store. However, given that the endogenous
variable, i.e., the decision to visit a non-grocery store is discrete in our context, we use the
modification of the control function approach developed by Terza et al. (2008) and Wooldridge
(2014) to resolve the endogeneity of our discrete explanatory variable. Also, to fully explore the

richness of our individual level data, we utilize the Hierarchical Bayesian method incorporating



the Metropolis-Hastings algorithm to calibrate the multinomial logit model (Allenby and Rossi

1999).

We find that grocery stores derive a statistically as well as economically significant positive
spillover effect due to being located close to a non-grocery store. The spillover results in a 13%
increase in purchase probability for the grocery stores, and also results in an increase in catchment
area. This increase in catchment area is substantial, ranging from about 2.5 miles for big box and
home improvement stores to 3.9 miles for toy stores. However, we find that the spillover effect
exists only when the grocery store is located within one mile of a non-grocery store; there is no
statistically significant effect beyond one mile. Among the different types of non-grocery stores,
we find statistically significant effects for toy, big box, and home improvement stores. Of these
grocery stores located next to toy stores experienced the highest spillover benefit conditional on
there being a need to shop at a toy store. However, when we consider the frequency of visits to
different types of non-grocery stores, we find that the resulting unconditional spillover effect is

larger for big box stores.

Our analysis shows how to estimate retail agglomeration and spillover rate from scanner
panel data on household store visits. Traditional retail location decisions include simple heuristics
such as maximizing population enclosed within concentric rings of the location (Salvaneschi, 1996)
and locating closest to the major competitor in the category, as well as more sophisticated strategies
such as utilizing demographics around the location, etc. The cross-category spillovers obtained
through measuring potential agglomeration effects can help retailers make location (entry/exit)
decisions as well as potentially decisions on assortment choice. In summary, our paper makes a

substantive contribution by quantifying the economic benefits from locating next to various types



of retail stores so that managers can make optimal store location decisions. Methodologically, we
propose an approach to causally infer agglomeration effect from observed retail shopping data by
exploiting seasonal fluctuations in demand for non-grocery stores as instrumental variables.

The rest of the paper is organized as follows. Next we review key studies relevant to the
measurement of retail agglomeration effects, provide details on the data and provide some
preliminary evidence for agglomeration effects in the data. We then develop our model, discuss
the identification of parameters and provide details on the estimation procedure. Finally we

describe estimation results and conclusions from our study.

RELATED LITERATURE

A key challenge in empirically isolating the agglomeration effect is that shopping districts
with multiple retailers are likely be located in areas that are intrinsically more attractive for
businesses. Typically, intrinsic attractiveness is unobserved by the researcher. Consequently, it is
often hard to tell if the higher consumer traffic results from an agglomeration effect or if it is due
to the business potential in that area. In the past, researchers have tried to disentangle these
alternative forces using store sales data. One approach to measuring the magnitude of
agglomeration effect is based on location choices made by retailers (Datta and Sudhir 2011,
Vitorino 2012). As a result, the inference of agglomeration effect is based on the assumption that
firms have knowledge of the magnitude of agglomeration effect and make optimal decisions given
this information. They typically account for unobserved location characteristics by invoking the
notion that in equilibrium, the number of retailers in an area would inform us about its

attractiveness.



Two streams of research eschew the supply side equilibrium assumptions of this approach
to measuring the agglomeration effect. The first approach uses revealed preference of consumer
location utility using consumer choice data to measure retail agglomeration effects.’> Based on
conjoint data, Dellaert et al. (1998) introduce a new modeling frame work that incorporates
consumers’ multi-purpose and multi-stop shopping behavior. Their model significantly improves
the fitness of the data than the conventional logit model. Fox and McLaughlin (2007) extend the
previous literature by quantifying the retail agglomeration effect. They show that consumers’
amount of money spent in a store is positively correlated with the number of other stores (i.e. in
different format) surrounding it. The study, however, does not take into account the possibility of
correlated unobservables and reverse causality that could bias the estimates. To overcome such
issues, Sen et al. (2012) use a difference-in-difference approach to measure the agglomeration
effect of the gas station on grocery purchases of those visiting the gas station and those that do not.
After controlling for category purchases they find that the gas station results in an increase of about
8% in grocery purchases. The major parallel between our study and Sen et al. (2012) is that both
studies focus on measuring the agglomeration effect using trip chaining panel data of consumers
where the focal store format is grocery stores. But there are several important differences. First,
Sen et al. (2012) measure agglomeration due to store entry in the form of a complementary gas
station format by an existing (grocery) chain. This will arguably lead to market expansion effects
for the specific grocery store chain, whereby consumers switch from their existing gas station to
the new gas station. This switch in gas station patronage should lead to increase in grocery
purchases due to spillover effects, and measuring this effect was the focus of Sen et al (2012). By
contrast our approach to measuring agglomeration effect does not rely on store entries which tend

to be strategic and somewhat lower frequency events in a mature market. Second, our application
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enables us to draw on agglomeration across different types of non-grocery outlets such as
electronics and toys, including categories commonly used as anchor stores in malls and therefore
a source of traffic from destination shopping or trip chaining. Third, Sen et al. (2012) measure the
agglomeration as the change in expenditure rather than store choice. By studying changes store
choice due to trip chaining, we measure the potential increase in catchment area due to
agglomeration, which can be an important metric for retail managers to track.

The second approach to measuring agglomeration effect relies on stated (as opposed to
revealed) preference to shop at co-located retail locations during multipurpose shopping occasions.
Leszczyc et al. (2004) and Arentze et al.(2005) conducted empirical studies on how the
agglomeration of stores increases consumer preference for that location or store. Their approach
is based on estimation of a nested logit model using survey data in which they asked what grocery
store (e.g., grocery store near a mall vs. grocery standing alone) respondents chose for
multipurpose shopping versus single-purpose shopping. While these studies provide insightful
approaches to exploring the existence of agglomeration effect, the data based on phone survey
could face limitations such as the use of the last purchase occasion only and the use of limited
number of categories (groceries, clothing and shoes and others) to characterize multi-purpose
shopping. We view our measurement of agglomeration effect as addressing several of these
limitations in that we use panel data of actual transactions and an explicit causal framework to
measure the agglomeration effect; thus our study complements and builds on the insights of

Leszczyc et al. (2004) and Arentze et al. (2005).
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DATA

We use the ACNielsen Homescan data to understand the role of retail agglomeration in a
household’s choice of grocery shopping destination. The data includes visits and purchase histories
of 4,749 households living in 34 states in grocery and non-grocery stores between January 1998
and December 2002. In addition to visit and purchase information, the data also include
information on the ZIP code where each household lives as well as the ZIP code of the grocery
stores that they visit. We use this information to calculate the distance traveled for each grocery
shopping trip. Specifically, we use the geocode (i.e., longitude and latitude) for each ZIP code and
use the geocode to calculate the Euclidean distance between two ZIP codes. However, our data do
not have the exact location information for non-grocery stores visited by each household.
Nevertheless, we know the name of the store that was visited (i.e., brand name such as Best Buy).
We imputed the location information for the non-grocery stores by identifying the nearest store
with that brand using a data from Trade Dimensions TDLINX 2002 data base.

We present the descriptive statistics of variables of interest regarding grocery shopping by
households in Table 1. On average, households visited 0.25 stores per day, which translates to
about one to two stores during a week. In a typical store visit, households spent $39.16 and
traveled an average of 3.5 miles for each store visit. We further analyze these variables in next

section to see if there is any model-free evidence supporting retail agglomeration effects.

“Insert Table 1 about here”
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Model-free evidence of agglomeration effect

Agglomeration effect from co-location of retail outlets can arise because of two reasons:
(a) mere presence of multiple retailers can render a location attractive (or plausibly unattractive)
for shopping and (b) in instances when there is a need to shop at multiple retailers, trip-chaining
can render collocated retailers attractive for shopping. Of these, (a) is difficult to empirically isolate
because locations that are patronized by consumers with desirable characteristics (e.g., purchasing
power) tend to attract multiple retailers. Therefore, we restrict our analysis to empirically isolating
(b). Subsequently, we discuss the role of (a) in the retail location choice decision.

In our empirical analysis, we investigate if grocery stores located closer to non-grocery
stores derive such a positive spillover. If they do, in instances where households experience a need
to shop at a certain non-grocery store, they should prefer to patronize a grocery stores located close
to it. In some instances, this might lead to switching away for a household’s favorite store in favor
of a store that is located closer to the non-grocery store that is visited. In addition, Thomadsen
(2005) and Huff (1964) have documented that travel cost is an important consideration when
customers decide on a retail location. Consequently, all else equal, households would prefer a more
proximate retail location. If multipurpose shopping results in positive spillover benefits, a grocery
store located close to non-grocery stores should be able to draw customers from a wider geographic
area. As a corollary, customers should be willing to travel to a grocery store that is farther out on
multipurpose shopping occasions than they do on solitary grocery shopping trips.

In order to investigate whether households switch grocery stores during multipurpose
shopping occasions, we considered the average distance traveled for a grocery store in both cases.
We find that an average household traveled 3.19 miles to visit a grocery store when it was a single

purpose shopping occasion and 3.62 miles for multipurpose shopping. This suggests that
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households are willing to travel to a different grocery store on multipurpose shopping occasions
and also patronize a grocery store that is farther away on such trips.

However, a potential concern with this analysis is that households that indulge in
multipurpose shopping might be inherently different in terms of distance traveled to grocery stores.
If this is true, longer distance traveled for grocery shopping on multipurpose shopping occasions
might be a household characteristic rather than a result of multipurpose shopping per se. We
control for this possibility by regressing the distance traveled to a grocery store on a dummy
variable that indicated whether the trip was considered multipurpose shopping and household fixed
effects. The household fixed effects account for cross-sectional differences across individuals in
terms of the average distance traveled for a typical grocery-shopping trip. This enables us to
identify within-household changes in distance traveled to visit a grocery store on single versus
multipurpose shopping occasions. The results from this analysis suggest that multipurpose
shopping trips had a positive and significant effect on the distance traveled to a grocery store.
Specifically, households have tendency to visit a grocery store located 0.407 miles (13%) farther
when they were engaged in multipurpose shopping than single-purpose shopping.

We further investigate if the nature of single-purpose and multi-purpose grocery shopping
visits differ on other meaningful dimensions such as the average expenditure and the day of the
week when the trip was made. We find that there is no statistically significant difference in the
average expenditure on the two types of grocery shopping trips: $33.61 on single-purpose trips vs.
$36.31 on multi-purpose visits. Similarly, 34% of single-purpose and 41% of multi-purpose
grocery visits occurred during weekends. Once again, this difference is not statistically significant.
On the other hand, we find that the grocery store visited during multi-purpose shopping trips are

located closer to the other non-grocery stores (average distance of 5.32 miles) than those
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patronized during single-purpose shopping trips(average distance of 6.62 miles). This difference
is statistically significant at the 0.01 level.

Together, there are three key highlights from these data patterns. First, households are
willing to switch patronage of grocery stores on multi-purpose shopping trips. The grocery stores
patronized during multi-purpose shopping trips are located close to non-grocery stores where
households shop. Second, households are willing to travel to grocery stores that are located farther
away on such multi-purpose shopping trips, suggesting a positive externality arising from trip
chaining. Third, the average expenditures and the day of the week when the two types of grocery
shopping trips occurred are very similar for single- and multi-purpose shopping occasions.
Together, these highlights suggest that although households tend to switch grocery stores on multi-
purpose shopping trips, single- and multi-purpose grocery shopping trips do not differ in any
meaningful way (e.g., fill-in vs. regular trips (Bell and Lattin 1998)). Stated differently, these
patterns suggest that the only difference between the two types of trips is the choice of grocery
store conditional on there being a need for such a visit. Below, we develop our empirical model

that is consistent with these data patterns.

EMPIRICAL SPECIFICATION

Model and estimation

Given that the model-free evidence suggests that while households switch grocery stores
on multi-purpose shopping occasions, but do not alter the nature of grocery shopping, we consider
the choice of grocery store conditional on there being a need to make such a trip. For the sake of
estimation, we restricted that a household only considers grocery stores within a reasonable

distance from his/her home which we set as fifty miles. We also excluded those grocery stores that
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were visited less than one time per year. This resulted in the average size of the consideration set
to be four grocery stores per household. We specify the utility that household i derives from

visiting grocery store j at time ¢ (day) as follows:

k
Ug? =a0i+a1iDij+za2ki Iijt+5f1'+77ijt- (1)
k

The utility specification in Equation 1 includes two important drivers of a household’s decision to
visit a particular grocery store: the grocery store’s proximity to the consumer (D;;) and the
household’s need to shop at one or more non-grocery stores that happen to be in the vicinity of
grocery store j (Iikjt). The term D;; is the Euclidean distance between the household i and grocery

store j. a1; captures the effect of distance between grocery store j and household 7 on utility (and
hence choice probability for store j). If households perceive a travel cost, they would prefer more

proximate grocery stores. Consequently, we would expect a;; to be negative. The term Il-kjt is a

binary variable that indicates whether household i visited the non-grocery store of type &, k=1, 2,
..., K, located close to grocery store j at time 7. a5 is the main parameter of interest and represents
the additional benefit that grocery store j derives as a result of household i visiting the non-grocery
store of type £ in its vicinity. The coefficients a;; and a,;; are estimated at an individual level
using Hierarchical Bayesian method (Allenby and Rossi 1998) which allows us to explore
heterogeneity of the travel cost and agglomeration effect across households. In our application, we
consider K = 5 types of non-grocery stores: (i) toy stores such as Toys R Us, (ii) electronic stores
such as Best Buy, (ii1) big box retailers such as Walmart and Target, (iv) home improvement stores

such as Home Depot and Lowes, and (v) office supply stores such as Staples and Office Depot.
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Given that our focus is on measuring spillover effects between grocery stores and retailers that are

not substitutes for grocery shopping, we excluded supercenter versions of big box retailers.*

The term sf; is the store fixed effect for store j, which captures the time invariant factors
that drive the attractiveness of the store. The term «; is the household fixed effect for household
i. Recall that we constructed household’s consideration set by stores that meet two criteria; whether
the distance from the household’s home is less than fifty miles and whether the household visited
the store more than once a year. We included household fixed effects a; that capture average
intrinsic utility (time invariant) that the person has toward other grocery stores compared to the
baseline store.> These store fixed effects s f; capture the average popularity the store has across
households after accounting for the differential impact from different baseline stores through

household fixed effects a;.

The term 7;; is the error term. We decompose the error term into two components such
that n;;; = &;j¢ + €;j¢. As we discuss subsequently, the first component, ¢;;, represents time
variant factors unobserved by the researcher that could impact household i’s grocery and non-
grocery store visit decisions. As a result, the §;;; component of 7;;; could be correlated with Il-kjt,

which in turn would lead to biased parameter estimates.

In order to resolve this endogeneity issue, we follow the approach proposed by Terza et al.
(2008) and Wooldridge (2014), which is a modification of the control function approach proposed
by Petrin and Train (2009) to accommodate discrete endogenous variables. The basic procedure is
similar to the control function approach, wherein the residual from the first stage model is used as

an extra explanatory variable in the main model. The first stage model is set up as follows.
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Uikjt = BiklZikjt + Tgcjt (2)

Ui’j-t is a utility that a household i has toward a non-grocery store of type k located within one mile
distance to the grocery store j. Note that when Ul-kjt > 0, Iikjt in Equation (1) is 1 and is 0 otherwise.

Z;: 1s a vector of explanatory variables that includes the instruments that affect the household’s

k
ij
demand for the non-grocery store independent from his/her demand for the grocery store ;.

k

Assuming 7;j, follows standard normal distribution, Equation (2) is a probit regression. We then

obtain the residual estimates as follows.
= (15) — o (BF'ZE,), (3)

Note that we include single-purpose visits to these non-grocery stores as well as those that are

combined with grocery store visits in the first stage model. [;ch is the vector of parameter estimates

—_—

for the first stage probit regression. @ is standard normal cdf. As shown below, we plug in Tl’jt, k=

1, 2, ..., 5, as extra explanatory variables to capture the correlation between fl-jt and Iikjt.
Assuming &;;; follows i.i.d. type I extreme value distribution, the estimation boils down to

calibrating the conditional logit model as follows.

G k K
USR = ag; + ayDyj + § Aopi lije +5f; + E Q3T + Eje 4)
X X

The observed choice y;; of household i is
Yie =Jj if Uit > UGy forallj’  (5)

The probability that household i chooses grocery store j is
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/o
exp(a; Xijt)
jr eXP(al{iXijlt)

P(yi =j|Xi1t;Xi2t;”'Xi]t) _2 (6)

where Xije = (1, Dy, i 1 (U > 0), Sf5, T o Tit)

For both probit and multinomial logit regression we used maximum likelihood estimation.
We used two stage estimation where we corrected the standard errors using the method proposed
by Terza (2012a). To fully explore the richness of our individual level data, we used Hierarchical
Bayesian method (Allenby and Rossi 1998) which allows us to estimate parameters at an
individual level. We applied Gibbs sampling method for estimating probit model and incorporated
the Metropolis-Hastings algorithm to calibrate the multinomial logit model. We present the

detailed procedure and prior information for Hierarchical Bayesian approach in the Appendix A.

Identification

There are three main challenges in empirically identifying the agglomeration effect, a,;;
based on observational data. The first challenge is that the preference for a grocery store might be
driven by the unobserved intrinsic attractiveness of the location. Consequently, locations that
households find attractive might also draw a wide variety of retailers. Thus grocery stores located
in close proximity to many non-grocery stores might be preferred because of unobserved location
characteristics. Since such attractiveness is not observed by researchers, it is often challenging to
determine if higher consumer traffic for both stores results from the spillover effect or from
business potential of the area (Orhun 2013). We utilize the disaggregated and panel nature of our
data to control for location-specific unobservable factors. The panel structure of the data allows us

to apply store fixed effects, sf;, to capture the time invariant unobserved drivers of the utility of
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shopping at grocery store j'. Consequently, @,;;, will pick up how visits to a given store change

based on visits made to a nearby non-grocery store of type £, i.e., Il-kjt.

The second challenge is that we need to have sufficient variation in the extent to which
grocery stores are located in close proximity to non-grocery stores in order to identify the
agglomeration effect. More importantly, we also need variation in the extent to which households
indulge in multi-purpose grocery shopping trips involving different combinations of non-grocery
store types. In essence, if all the grocery store visits are either single-purpose trips or involve only
a multi-purpose shopping trips with only a few types of non-grocery stores located nearby, we
cannot identify the agglomeration effect. Therefore, we explore whether the grocery stores in our
data have sufficient variation in terms of being located close to different types of non-grocery
stores. Furthermore, since we propose to identify different spillover effects by store format, we
need variation in the configuration of grocery stores by format.

In Tables C1 and C2 in the appendix, we present the proportion of grocery stores and store
visits with different combinations of non-grocery stores within one mile. These results suggest that
roughly 32% of grocery stores are in locations that do not have any non-grocery store in their
vicinity, while the remainder are collocated with non-grocery stores. Similarly, 29% of visits are
to stores that do not have a non-grocery store in their neighborhood. These patterns suggest that
we have sufficient variation to identify the spillover effect of visiting a non-grocery store in the
neighborhood of a grocery store. Let us now consider how we can identify the spillover effect by
the format of non-grocery retailer. The results in Tables C1 and C2 in the appendix suggest that
we have a sizable number of stores and visits that differ in terms of the combinations of non-

grocery stores in their neighborhood. This variation, in addition to our assumption regarding the
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additive nature of the spillover effect from different non-grocery store will help in identify the

spillover effect by format.

The third issue in identifying the agglomeration effect is that visits to non-grocery stores
are endogenous decisions made by the household. In particular, time varying factors not observed
by researchers could drive a consumer to visit both stores during the same time. For example,
special occasions such as a child’s birthday might induce visits to a toy store and a specialty
grocery store in its vicinity. In this case, the household patronized the specialty grocery store not
because it was located near a toy store, but rather, a common unobservable, child’s birthday drove
both visits. In addition, recall that we investigate the spillover effect that accrues to grocery stores
due to being located close to a non-grocery store. We attempt to infer this effect by considering
how visits to a nearby non-grocery store shift a household’s utility from visiting a grocery store.
One can argue that even if such multipurpose shopping trips involving visits to nearby grocery and
non-grocery stores exists, the direction of the spillover effect is not clear. For instance, an
exogenous need to visit a specialty grocery store that the household does not regularly patronize
might have induced the buyer to utilize the opportunity and make non-grocery purchases from
stores nearby. Under such a scenario, grocery store choice led to non-grocery purchases rather

than the other way around.

In order to address these issues associated with correlated unobservables and to establish
the direction of causality (i.e., non-grocery visits driving grocery store choice), we use exogenous
factors (i.e., instruments) that can serve as valid exclusion restrictions. Specifically, these

instruments should shift visits to non-grocery stores (i.e.,Il-kjt) but should be independent of

grocery demand. In our application, we identify four classes of instruments. The first class of
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instruments relies on the idea that the different types of non-grocery stores exhibit their own unique
patterns of seasonality. In Figure 1, we present the average number of visits by the month of the
year for grocery stores as well as the five types of non-grocery stores.” These figures suggest that
there is limited seasonality in grocery store visits. The highest deviation from the average number
of visits was in March which was within 5% of those in other months. By contrast non-grocery
stores exhibit a large degree of seasonality with different types of non-grocery stores experiencing
their peak traffic during different times of the year. For example, toy, electronic, and big box stores
experience significant increase in store visits during the holiday gift shopping season (November
and December). In fact, households were 20% more likely to visit these stores during November
and 85% more during December than in other periods. On the other hand, home improvement
stores see an increase in visits during spring (May), while office product stores see 21% higher
traffic during back-to-school periods (August, September, December, and January). Thus, we
argue that while seasonality is a driver of non-grocery visits, it does not have an effect on demand
for grocery products and can thus be a valid instrument. Furthermore, since alternative forms of
non-grocery stores exhibit different patterns of seasonality, we are likely to have sufficient
variation to allow the instruments to have high explanatory power. We name this variable as

Seasonal_Demand;;.

“Insert Figure 1 about here”

The second instrument is based on the idea that there are cross-sectional differences across

households in terms of their intrinsic propensity to visit non-grocery stores of each type. We
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operationalize this via the estimated household-specific intercept for each non-grocery store
category. Once again, the rationale for this instrument is that higher demand for a particular non-

grocery is unlikely to impact the need to visit grocery stores.

The third instrument that we utilize is the household-specific seasonality in demand for
each type of non-grocery store over and above the common seasonality across households in the
first instrument. To be specific, we use the average number of visits a household made to a non-
grocery category during a specific week in the previous years. The instrument captures a
household’s idiosyncratic demand for a type of non-grocery store during periods over and above
what is picked up by the average (across households) seasonal fluctuation in non-grocery demand.
The rationale behind the exclusion restriction is that the preference for a particular grocery store,
however, does not necessarily change during that period. Note that the dependent variable in the
first stage and the instrument include both solitary trips to non-grocery stores as well as those
combined with grocery store visits. The inclusion of solitary trips helps in capturing seasonal
demand for non-grocery purchases within a household even when there is no need for a

concomitant grocery purchase. We name this variable as Non_Seasonal_Demand;.

The last instrument is the number of times a household visited a non-grocery store during
the previous three weeks. The variable captures the household’s state dependence toward non-
grocery demand, although it is unlikely to be directly related to the choice of grocery store. For
instance, a consumer who had a new born baby will start visiting a baby product store frequently.

We name this variable as Pre_Three_Wks;.
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In summary, store fixed effects and the instrumental variables enable us to pin down the
causal effect of demand for non-grocery stores on the choice of a grocery store. Incorporating the

instruments we can specify the first stage probit regressions model as follows.

Ul-’j-t =B + ,BfiDikj + pX.Seasonal_Demand;, + p%;Non_Seasonal_Demand,, +

Bi;Pre_Three Wks; + tf5, (7

where k € {Toy, Electronic, Big Box, Home improvement, Office product}. Di"j is the distance

between household i and the non-grocery store of type k& located near grocery store ;.

A common concern with using instrumental variables is that they may not be strongly
correlated with the endogenous variable, which in our context, is the visits to non-grocery stores.
Such weak instruments can lead to biased parameter estimates (Rossi 2014). In order to verify that
we do not have a weak instruments problem, we estimate the first stage model with a household’s
visits to non-grocery store as the dependent variable and the exogenous variables and the
instruments as independent variables. In essence, a comparison of the predictive power of
instruments over and above that of the exogenous variables is an indicator of the strength of the

Instruments.

We present the results from the first stage analysis in Table 2. Given that our endogenous
variable is discrete, we estimate binary probit models to characterize visits to non-grocery stores
of each type. The results show that coefficients for all variables including excluded variables (i.e.,
instrumental variables) were statistically significant with expected signs. Coefficients for
Seasonal_Demand;; was positively significant meaning that consumer had significantly higher

demand for non-grocery products during their popular seasons. The coefficients for
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Non_Seasonal_Demand;; was also positive and significant implying that consumer-period
specific demand exists when they have higher demand non-grocery products than other periods
(e.g., consumer’s birthday). Finally, positive coefficients for Pre_Three_Wks;; indicates that

positive state dependence exists for consumers’ demand for non-grocery products.

“Insert Table 2 about here”

In order to assess the explanatory power of the instrumental variables separate from the
other exogenous variables, we report Mcfadden’s Pseudo R-squared for each non-grocery category
with excluded variables versus without them. Specifically, in the second row of Table 3 below
(“with excluded variables model”) we add the four instruments to the model in the first row
(“without excluded variables model’’) which has only homogeneous intercept and distance variable.
The result in Table 3 shows that our instruments significantly improve the explanatory power of

the model.

“Insert Table 3 about here”

Results

In this section, we discuss the estimation results which is based on a sample of 1415

households living in the states of New York, Indiana, and Illinois.® Recall that we characterize the
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spillover effect as the increase in utility that accrues to a grocery store by virtue of a household
shopping at a non-grocery store in its vicinity. Also recall that the variation in seasonality across
store types as well as the diversity in retail configuration with different store types enable us to
infer separate spillover effects for each type of non-grocery store. Nevertheless, we begin by
discussing the results from a model with a common agglomeration coefficient for all non-grocery
categories, i.e., &y = 3, k = 1,2, ...,5. Subsequently, we discuss the results with heterogeneous

spillover effects generated by visits to different types of retailers.

In order to characterize the spillover effect, we need to define what constitutes a proximate
non-grocery store. In Table 4, we present the results of the population estimate with proximity
defined as a distance of less than one mile. The results reveal that the coefficient for D;; is negative
and statistically significant, suggesting that households incur a travel cost when they make trips to
grocery stores. The estimate implies that, all else equal, an average household is 5.01% less likely
to visit a grocery store that is located one mile farther away compared to another equivalent grocery

k

store. The main parameter of interest, the coefficient of I}, , is positive and statistically significant.

This suggests that households derive a positive benefit from visiting a grocery store that is located
within one mile of a non-grocery store in instances when there is a need to visit the said non-

grocery store.

In order to put this spillover effect in perspective, we characterize the benefits that might
accrue from this externality. The first benefit that accrues from the spillover effect is that a visit to
a non-grocery store would increase the likelihood that the household switches to a grocery store
that is located within one mile. Note that since we have included store fixed effects, this benefit is

over and above any other cross-sectional benefit that might accrue due to unobserved location
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attractiveness. The second, albeit related benefit, is tied to the travel cost, which imposes a
disutility for grocery stores located farther away from a household. The positive spillover effect
would dampen this negative effect and increase the catchment area of a grocery store when there
is need for non-grocery shopping. Consequently, a grocery store located close to a non-grocery
store has the potential to draw customers from a larger area when they visit a non-grocery store in

its vicinity.

“Insert Table 4 about here”

“Insert Table 5 about here”

In Table 5, we present the agglomeration effects in terms of the increase in choice
probability that a grocery store would realize when a household visits a non-grocery store located
within one mile. In addition to the change in choice probability for an average store, we also
present this effect as a function of the popularity of the grocery store, as measured by the estimated
store fixed effect. The first column (No Non-Grocery Visit) represents the baseline choice
probability when there is no visit to a proximate non-grocery store. Similarly, the second column
(Non-Grocery Visit<lmile) represents the choice probability when there is a visit to a non-grocery
store in its vicinity. The last column shows the corresponding percentage increase in choice
probability. These results suggest that spillover effect increases the choice probability by

approximately 2-3% points, which corresponds to 12-15% change in choice probabilities.
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We can also infer how this agglomeration effect increases the catchment area conditional
on a household visiting a proximal non-grocery store. From Table 4, the coefficient of

D;; indicates that one mile increase in distance decreases consumer’s utility by 0.275. Given that

the coefficient of Il-kjt is 0.165, we can infer that the catchment area increases by 0.6 miles
(0.165/0.275=0.6) as a result of agglomeration. Specifically, a consumer is willing to travel 0.6

miles farther to visit a grocery store that is near a non-grocery store in demand than other grocery

stores.

It is conceivable that the travel cost that households incur is likely to be a function of traffic
in the neighborhood. Therefore, households who live in more urbanized areas with higher
population density could be more willing to visit stores that are co-located each other. In order to
understand if the magnitude of agglomeration effect is bigger for households residing in more
urbanized areas than those in less urbanized areas, we considered the differences in the individual
level coefficients of Il-kjt across the two types of areas. We defined more urbanized areas as cities
with population density higher than 7,000 people per square mile (median in our sample) and rest
of the cities as less urbanized area. Individual coefficients of Il-kjt were regressed on a dummy
variable that took on a value of 1 for more urbanized area and O for other areas. The result from
the analysis suggest that households living in more urbanized areas did not necessarily show higher

magnitude of agglomeration effect as the coefficient of the dummy variable was statistically

insignificant (estimate = -0.009, standard error = 0.026).
Sensitivity to alternative definitions of proximity

Recall that the above analysis is based on a pre-determined definition of proximity. In what

follows, we relax this definition with two objectives: (a) to check the sensitivity of the results to
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alternative definitions of proximity and (b) to determine the boundary conditions when the
spillover effect might cease to exist. To this end, we estimated Equation 1 using three alternative
definitions of proximity between the grocery and non-grocery stores (while defining the dummy

k

variable [;;;): within 1 mile, within 2 miles, and within 3 miles. We present the results from this

analysis in Table 6. These results suggest that the estimated agglomeration effect decreases as the
definition of proximity between the grocery and non-grocery stores increases. Furthermore, the
agglomeration effect becomes statistically insignificant when the definition of proximity is based
on a distance of 2 miles or more. Therefore, we conjecture that the positive spillover effect realized

by a grocery store by virtue of being located close to a non-grocery is bound to be local.

“Insert Table 6 about here”

In order to determine the boundary conditions for the spillover effect, we estimated a more
general version of Equation 1 with multiple indicators for visits to non-grocery stores located in

three distance bands (i.e. 0-1 mile and 1-2 miles) as follows:

Uijr = al; + a2; + a3;Dist;; + a4;1(0 < VisitDistjk <1
+a5;1(1 < Visitmstjk <2)+¢gj. (9)

Note that we restrict the spillover effect to be zero when a grocery store is located more
than two miles away from a non-grocery store that is visited. We present the results from this
model in Table 13. These results indicate that the agglomeration effect is positive and significant
only when the non-grocery store is located within one mile of a grocery store. This reinforces our

earlier conjecture that the agglomeration effect is predominantly a local phenomenon. Therefore,
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we restrict subsequent discussions to estimates from models where we define proximity as being

located within one mile of another store.

“Insert Table 7 about here”

Heterogeneous agglomeration effect by retailer type

We present the results from the model that allows for the spillover effect to vary across
these five types of retailers in Table 8. These results suggest that visits to all five types of non-
grocery stores had a positive impact on the grocery stores in the vicinity, although the effect is
statistically significant only toy, big box, and home improvement stores. Based on these estimates,
we report the spillover effect in terms of the increase in choice probability in Table 9. These results
suggest that largest positive spillover effect was realized when the household visited a toy store,
which translates to a 38.46% increase in choice probability a nearby grocery store. In terms of
catchment area, an average household is willing to travel up to 2.03 miles farther for a grocery
store that is located near a toy store if they have a need to shop at that toy store. Spillover effect
from home improvement store and big-box store were 26.11% and 25.19% while their effects in
terms of catchment areas are 1.39 miles and 1.31 miles respectively. Note that these increases in
catchment radius are larger than the 0.6 miles that we inferred based on common spillover effects

across the different types of retailers.

“Insert Table 8 about here”
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“Insert Table 9 about here”

Discussion

The results from our analysis imply that grocery stores derive a statistically significant,
albeit localized spillover effect from being located close to non-grocery stores. At a first glance,
this result seems to suggest that grocery retailers probably stand to gain by being located close to
toy, big box, and home improvement stores. In this section, we discuss some important

considerations while relating these results to the retail location choice decision.

The first consideration is that the spillover effect discussed thus far represents the
additional benefit that a grocery store derives conditional on a household visiting a particular non-
grocery in its vicinity. In order to arrive at a managerially meaningful metric, we need to quantify
the overall unconditional benefit by accounting for the extent to which the households visit each
type of non-grocery store. To this end, we consider the average number of visits to each type of
non-grocery stores by the households in our data. The second column (Spillover Rate) is the
increase in probability in terms of percentage point calculated from Table 9 (e.g., Toy Spillover
Rate 9.25%=33.30%-24.05%). By multiplying the conditional spillover rate and the traffic per
store, we obtain the number of households that a grocery store gained from locating next to the
non-grocery store. We then obtain the unconditional agglomeration effect in percentage terms by
dividing this number by average number of households in our sample that visited an average
grocery store during the sample period (presented in the third column of Table 10). The results in

Table 10 reveal that although toy stores provided the highest conditional increase in choice
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probability for a grocery store, they do not yield the highest unconditional benefit. On the other
hand, big-box and home improvement stores, by virtue of their higher store traffic generate the

greater overall agglomeration effects.

“Insert Table 10 about here”

The second consideration, as discussed earlier, is that our empirical strategy for
identification is based on the extent to which the choice probability of a grocery store changes
when a household visits a non-grocery store in its vicinity. Given our desire to obtain clean causal
effects, we included store fixed effects to account for unobserved intrinsic attractiveness of
individual grocery stores. It is conceivable that some of this intrinsic attractiveness of grocery
stores is related to the presence of other retailers in its vicinity, even if a household does not visit
any of these non-grocery stores. In the absence of trip chaining, collocation of grocery and non-
grocery stores can have a positive or negative effect on the intrinsic attractiveness of the former.
The case for the positive effect can be made based on the attractive ambience created by the
presence of multiple retailers. On the other hand, increased traffic might render such a location
less attractive. If collocation creates positive (negative) externalities for grocery retailers even in
the absence of trip chaining, our estimate of the spillover effect should be viewed as the lower

bound (upper bound) of the overall agglomeration effect.

In order to understand if the intrinsic attractiveness of stores differs across collocated
versus stand-alone grocery stores, we considered the differences in the estimated store fixed effects

across the two types of grocery stores by regressing the store fixed effects on a dummy variable
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that took on a value of 1 for stand-alone grocery stores and 0 for stores collocated with non-grocery
stores. The results from this analysis suggest that the coefficient of the stand-alone dummy was
statistically insignificant (estimate = 0.018, standard error = 0.047). Therefore, the spillover effect
that we estimated based on instances when households indulged in multi-purpose shopping is a
reasonable proxy for the total agglomeration effect. However, a potential caveat is that the store
fixed effects probably comprise of three components: (a) attractiveness of a grocery store as a
result of being located close to non-grocery stores even in the absence of multi-purpose shopping,
(b) intrinsic propensity for grocery shopping among residents in the neighborhood, and (c)
unobserved store characteristics such as cleanliness. Of these, agglomeration effect is related to
(a). Therefore, differences in these fixed effects, or lack thereof, are likely to be imperfect

indicators of the cross-sectional component of the agglomeration effect.

The third consideration is the cost of collocation. Our analysis provides a starting point in
terms of quantifying the benefits of collocation. However, the final location choice decision needs
to be made based on whether the benefits from colocation are commensurate with any additional
costs. Given that we do not have information on the cost of colocation, we cannot comment on the
merits of collocating grocery stores with non-grocery stores. Nevertheless, our approach can help
managers who have information regarding the cost of colocation make calibrated location

decisions.

CONCLUSION

Agglomeration effect is an important consideration when managers make retail location

choice decisions. Typically, measuring agglomeration effect can be tricky because colocation of
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retail outlets can also be driven by unobserved demand characteristics in the market. This renders
it difficult to infer the effect of colocation on demand. We present an approach to quantify
agglomeration effect between retailers that offer broadly non-substituting products — grocery stores
and non-grocery retailers. We exploit the extent to which households patronize different grocery

stores on single- vs. multi-purpose shopping trips to infer the agglomeration effect.

Our empirical analysis helps in quantifying the agglomeration effect both in terms of the
extent to which collocated grocery retailers can generate more traffic on multi-purpose shopping
occasions and increase the radius of the captive market. However, this benefit from colocation
would also depend on the type of non-grocery retailers. Specifically, our analysis suggests that
there is benefit to collocating with some types of retailers such as big box retailers, toy stores, and
home improvement stores. Furthermore, any benefit that grocery stores derive from collocating

next to these non-grocery stores appears to be fairly local.

While these results provide some valuable insights regarding the retail location choice
decision, there are some important limitations and caveats. First, as discussed above, we capture
the agglomeration effect that arises from trip-chaining. Nevertheless, grocery stores can derive
positive (or negative) benefits from being located close to non-grocery retailers even on single-
purpose shopping occasions. While exploratory analyses suggest that the role of such cross-
sectional agglomeration effect can be limited, pinning this effect is a worthwhile avenue for
future research. Second, with the growing popularity of online retailing and big box retailers
such as Walmart and Target stocking grocery products, the nature of agglomeration effect might

have changed over time. It will be interesting to augment current analyses with those based on



more recent data to understand if the nature of agglomeration effect has indeed changed over

time.
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FOOTNOTES
! The retailing literature has also referred to multi-purpose shopping by consumers as ‘destination
shopping’ and ‘trip chaining’.

2 We use agglomeration effect and spillover effect interchangeably.

3 Our study is more relevant to the demand based causal inference methods of Sen et al. (2011).
There is another stream of research that employs structural supply-side models to infer
agglomeration that is less relevant to the approach in our study.

* We present a detailed list of retail brands included in for each category of stores in the appendix.

3 In the appendix, we present detailed estimation results that show parameter estimates are

consistent regardless of which baseline stores are chosen by including household fixed effects.
6 We discuss the specific instrumental variables that we use in our estimation

" Note that the figures of toy, electronics, and big box stores are combined for the sake of space as

they show very similar patterns of seasonality.

8 Since we wanted to have sufficient observations per grocery store to measure the store fixed
effect, we sampled areas with sufficient numbers of households. Therefore, we excluded ZIP codes
that had less than ten households in the panel. In addition, we excluded samples of households that
had only one grocery store in their consideration set because we applied conditional logit

regression which requires at least two grocery stores per consideration set.



TABLES

Tablel: Descriptive Statistics for Household Grocery Shopping Behavior

Variable Mean Std. Deviation
No. visits per day 0.25 0.19
Total expenditure (dollars) per visit 39.16 25.77
Distance from home 3.50 6.07

Table 2: Endogenous Equation Parameter Estimates ( Probit Model)

38

Toy Electronic | Big Box Home Office

intercept 3161 3.005 | 2953 | 3.033 | -3.008
0.010) | (0.009) | (0.025) | (0.013) | (0.013)

consonal Demand 1.049 1.231 0492 | 0729 | 1271
- it 0.028) | (0.037) | (0.013) | (0.010) | (0.024)

Nom Seasonal Demand. | 1137 1322 0528 | 0759 | 1453
- - it | 0035 | (0.015 | (0.008) | (0.015) | (0.043)
0.339 0.254 0057 | 0.179 | 0353

Pre Three Wksy 0.012) | (0.024) | (0.012) | 0011) | (0.020)
Dk 0145 | 0170 | -0.058 | -0.151 | -0.178

i 0.007) | (0.006) | (0.009) | (0.006) | (0.009)

*standard error in parenthesis



Table 3: Validity Check on Excluded Variables
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Mefadden’s Psuedo R- Toy Electronic | Big Box Home Office
squared
Without excluded variables <0.00 0.05 <0.00 0.01 <0.00
With excluded variables 0.41 0.38 0.40 0.44 0.37
Table 4: Parameter Estimates on the Main Equation
Mean S.E. 2.50% 50% 97.50%
Qi -0.053 0.075 -0.194 -0.052 0.095
Dy -0.275 0.033 -0.340 -0.276 -0.211
Iikjt 0.165 0.055 0.056 0.167 0.268
T/zk]\t 0.140 0.043 0.056 0.140 0.222
f, v v v v v




Table 5: Agglomeration Effect Depending on Popularity of Stores

No Non- Non-Grocery % Increase in
Grocery Visit | Visit <Imile Market Share
(a) (b) (b-a)/b
Top 10% of
33.21% 37.39% 12.58%
Store Fixed Effect Stores
Top 25% of
29.47% 33.29% 12.96%
Store Fixed Effect Stores
Average Across All Stores 24.05% 27.18% 13.01%
Bottom 25%
15.72% 17.98% 14.37%
of Store Fixed Effect Stores
Bottom 10%
13.04% 14.99% 14.95%

of Store Fixed Effect Stores

Table 6: Model Estimation Varying the Definition of Agglomeration

Maximum distance between non-grocery
store and grocery store for proximity

1 mile 2 mile 3 mile

D.. -0.275 -0.288 -0.296

Y (0.033) (0.032) (0.031)

Z [k 0.165 0.135 0.075

it (0.055) (0.076) (0.063)

K




Table 7: Model Estimation with Multiple Distance Band

Parameter Estimates
-0.298
D (0.031)
0.234
1(0 < Visit_Distj, < 1) (0.057)
-0.047
I(1 < Visit_Distj, <2) (0.058)

Table 8: Parameter Estimates for Different Non-Grocery Product Categories

Mean S.E. 2.50% 50% 97.50%
Dy -0.289 0.031 -0.351 -0.290 -0.230
I 0.587 0.103 0.401 0.600 0.761
[Etectronic 0.069 0.071 -0.086 0.074 0.201
159 5o 0.379 0.066 0.235 0.381 0.502
[Hiome 0.404 0.074 0.249 0.403 0.549
117 0.066 0.136 | -0.171 0.060 0.311
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Table 9: Agglomeration Effect Depending on Product Category

No Non- Non- Percentage
Groce Grocery Increase in
Visitry Visit Choice
<Imile Probability
Toy 24.05% 33.30% 38.46%*
Big Box 24.05% 30.11% 25.19%
Home Improvement 24.05% 30.33% 26.11%

Agglomeration
Spillover Effect in
Store type Rate percentage
Toy 9.25% 1.39%
Big-box 6.06% 8.36%
Home 6.28% 2.58%
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Table 10. Agglomeration Effect Calculated Incorporating Traffic per Non-grocery Store
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Figure 1: Seasonal Demand across Different Store Types
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Appendix A
The Hierarchical Model and the Markov Chain Monte Carlo Algorithm

In this section, we provide detailed procedure of Hierarchical Bayesian Estimation. The first stage
estimation is probit regression in which we used Gibbs sampling approach. The second stage
estimation is multinomial logit regression where we applied Gaussian Random Walk Metropolis
method.

Probit model estimation
First stage prior for ,Bl-k

o BE~N(B,Vp)
Second stage prior

« Vp~IW(,V)
o BF|Vp~N(A VzA™)

wherev=m+ 3,V =v x0.1[,,,A = 0,A = 0.01, and m is the dimension of the Bik

We use Gibbs sampler as follows.

o Ul B Ze Iije

ijt ijtr
!
Draw Ui’j-t from trun(am’bi}_t)(—Z{‘jt ,Bl-k, 1) with a;;; = 0 if Il-kjt =1, a;;; = —o otherwise, and
bijr =0 iflikjt = 0, b;jy = — otherwise.

* ﬂlklULIj'Zlev,Bleﬂ

Uk A Ik

ij1 ij1 ij1
vk ZE) 1k

k k 1 k
Uije Zijt Iij¢

Draw B by using standard normal theory

— 12 _ -1 _— 12 _ -1 ! AT
BNUG, Zi5 ~N(BE, (25 Zi; + Vg ™) ) BE = (255 25+ V™) (25 Ui + Vg 'B")

b ﬁ—klﬁk,VB,A,A
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Draw ,67 from

N(B¥', Vs(1'1 + A)™1) where

B* = (11 + A)~1'B* + 4A)

and

w5

\‘kl
n

o VslB*,v,V,AA

Draw Vg from IW (v + n,V + Sg) where
Sp = Ep'Ep

and
Eg = (B* —1B%)' + (B¥' — B)'A(B*' - 0)

Multinomial logit model estimation

First stage prior for @; and sfj

e o,~N(a,V,)
o sfi~N(sf,Vsp)

Second stage prior «;

o V,~IW(w, W)
e alV,~N(,V,B™)

where w =p +3,W =@ X 0.11,,6 = 0,B = 0.01, and p is the dimension of the q;

Note that there is no second stage prior for the store fixed effects sf; because sf; are estimated
only at the store level. Thus, they do not have a hierarchical structure.

The basic procedure is as follows.

e Draw q; and sf; using Gaussian Random-Walk Metropolis method
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Random-Walk Metropolis with increments having covariances s2V,, and SSZst f relatively where

s2=0.7 and sszf = 0.008 are scaling constants. We chose scaling constants close to 2.93//d

where d is the dimension of the parameters under interest following the guideline of Roberts and
Rosenthal (2001).

e a|aV,B,0
Draw @ from
N(&',V,(1'1 + B)™1) where
dad={1"1+B)*1'a+B0

and
a,’
a= a,zl
a,’

e V,|a,m,W,B,0
Draw V,, from IW (w + n,W + S,) where
Se = E'E,

and
E,=(a—1a&)' + (@' — 0)'B(a’'— 09)



Appendix B

List of the Retail Brands under each Store Category

Table B shows the specific names of the retail brands we considered for our study.

Table B: List of the Retail Brands under each Store Category
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Store Type

Retail brands

Toy Store

Toys R Us, Babies R Us, Kaybee Toy, Kids R Us, Zany
Brainy

Electronic Store

Best Buy, Circuit City, Computer City, Frys Electronics,
PC Connection, PC Zone, Radio Shack, Comp USA

Big-box Store

Kmart Big, Target, Walmart

Home Improvement Store

Home Depot, Lowes, Menards, Builders Square

Office Product Store

Staples, Office Depot, Office Max




Appendix C

This section provide with tables related to the combination of non-grocery stores near grocery
stores.

Table C1: Number of grocery stores having each combination of non-grocery stores
within a one-mile distance

Non-grocery Store Combination Number of Grocery Store Percentage

Toy 13 1.3%

Electronic 197 20%
Big Box 35 3.6%
Home 29 2.9%
Office 22 2.2%
Toy+Electronic 15 1.5%
Toy+Big Box 8 0.8%
Toy+Home 3 0.3%
Toy+Office 2 0.2%
Electronic+Big Box 22 2.2%
Electronic+tHome 58 5.9%

Electronic+Office 10 1%

Big Box+Home 9 1%

Big Box+Office 11 1%
Officet+tHome 7 0.7%
Toy+Electronic+Big Box 26 2.6%
Toy+ElectronictHome 42 4.3%
Toy+Electronic+Office 3 0.3%
Electronic+Big BoxtHome 14 1.4%
Electronict+Big Box+Office 7 0.7%
Big Box+Home+Office 2 0.2%
Toy+Big Box+Home 2 0.2%
Toy+Big Box+Office 3 0.3%
Toy+Home+Office 2 0.2%
ElectronictHome+Office 8 0.8%
Toy+Electronic+Big Box+Home 54 5.5%
Toy+Electronic+Big Box+Office 5 0.5%
Toy+Big Box+OfficetHome 3 0.3%
Electronic+Big Box+Office+tHome 6 0.6%
Toy+ElectronictHome+Office 11 1.1%
Toy+Electronic+Big Box +Office 2.4%

+Home 24




NONE

314

32%

TOTAL

967

100%

Store Combination

Table C2: Percentage of single vs. multi purpose shopping incidences per Non-grocery

Percentage of Percentage
Single Purpose of Multi-
Shopping Purpose

Non-grocery Store Combination Shopping
Toy 0.29% 0.21%
Electronic 12.66% 8.27%
Big Box 3.24% 1.55%
Home 1.77% 1.19%
Office 2.04% 1.09%
Toy+Electronic 0.72% 0.42%
Toy+Big Box 0.57% 0.27%
Toy+Home 0.10% 0.14%
Toy+Office 0.38% 0.21%
Electronic+Big Box 2.36% 1.35%
ElectronictHome 2.94% 2.07%
Electronic+Office 0.83% 0.54%
Big Box+Home 0.56% 0.33%
Big Box+Office 0.86% 0.42%
OfficetHome 0.89% 0.38%
Toy+Electronict+Big Box 1.41% 1.00%
Toy+ElectronictHome 2.16% 1.54%
Toy+Electronic+Office 0.22% 0.14%
Electronic+Big Box+Home 1.21% 0.59%
Electronic+Big Box+Office 0.64% 0.53%
Big Box+Home+Office 0.21% 0.09%
Toy+Big Box+Home 0.13% 0.06%
Toy+Big Box+Office 0.24% 0.13%
Toy+Home+Office 0.05% 0.03%
ElectronictHome+Office 0.31% 0.20%
Toy+Electronic+Big Box+Home 3.99% 2.59%
Toy+Electronic+Big Box+Office 0.29% 0.15%
Toy+Big Box+OfficetHome 0.33% 0.19%
Electronic+Big Box+OfficetHome 0.66% 0.29%
Toy+ElectronictHome+Office 0.15% 0.16%
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Toy+Electronic+Big Box +Office

+Home 1.60% 1.11%
NONE 18.54% 10.40%
Total 62% 38%

50



51

Appendix D

Comparison of estimation results with household fixed effects vs. without household fixed

effects

In this section we show the estimation results to show how including household fixed effects to
the model help us getting more consistent parameter estimates compared to the model without the
effects.

In order to test the benefit, we estimated two types of model (i.e., with household fixed
effect vs. without household fixed effect) on three data set ups differs in terms of baseline stores.
Specifically, for datal we chose baseline store to be the least popular store by the household within
his/her consideration set, for data3 we chose baseline store that is the most popular by the
household, and for data2 we chose a random baseline store within his/her consideration set.

Table D1 shows the parameter estimates under the model without household fixed effects
while Table D2 shows the result under the model with household fixed effect. As can be seen from
the result, parameter estimates are only consistent under the model with household fixed effect.

Table D1: Parameter estimates under the model without household fixed effects

Datal Data2 Data3
D;; -0.249 -0.272 -0.132
(0.033) (0.031) (0.029)
Iikjt -0.306 0.192 0.796
(0.050) (0.057) (0.053)
T/llj\t 0.573 0.126 -0.493
(0.029) (0.026) (0.026)
f; v J J

Table D2: Parameter estimates under the model with household fixed effect

Datal Data2 Data3
Qo 0.838 -0.053 -1.211
(0.081) (0.075) (0.062)
D;; -0.258 -0.275 -0.157
(0.032) (0.033) (0.031)
If: 0.196 0.165 0.212
(0.067) (0.055) (0.051)
7k, 0.128 0.140 0.092
(0.045) (0.043) (0.036)
sf; v v N
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