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Abstract

We provide the first large-scale causal estimates of demand-side agglomeration spillovers in the
non-tradable service sector, leveraging data on 851 grocery store openings across the United
States between 2019 and 2022. We combine a convolutional neural network with propensity
score matching to identify credible counterfactual opening sites and compare business outcomes
between actual and counterfactual locations. Grocery store openings increase foot traffic to
nearby businesses within 0.1 miles by 23.4 percent within 6-12 months, with spillovers decaying
sharply beyond this radius. The effects are strongest for wholesale and retail establishments
and hospitality services, and are substantially attenuated after COVID-19—from 42.7 to 14.6
percent—consistent with a trip-chaining mechanism. Grocery anchors also reshape the local
business landscape: within 0.1 miles, establishment growth rates rise by 7.0 percentage points
and employment growth rates by 8.8 percentage points, averaged over the first three post-entry
years. Decomposing establishment growth rates, the effect is accounted for by higher entry and

fewer exits.
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1 Introduction

Grocery stores are among the most powerful anchors in American retail. In the United States,
most shopping centers are anchored by at least one nationally recognized retailer that serves as the
primary draw of customer traffic, and grocery-anchored centers have emerged as especially resilient
assets—even as the broader retail sector has experienced widespread store closures since 2010 (Fung,
2020). The commercial real estate industry widely presumes that a new grocery anchor lifts demand
for neighboring tenants, and the size of these spillovers matters for store location and tenant mix
decisions. However, rigorous causal evidence on the magnitude of these spillovers remains scarce.
How large are the demand externalities that grocery stores generate for nearby businesses? Do
these externalities translate into real changes in local business formation and employment? This
paper provides the first large-scale causal estimates of agglomeration spillovers from grocery store
openings in the non-tradable service sector, leveraging a novel identification strategy that combines
deep learning with propensity score matching.

Using a comprehensive sample of 851 grocery store openings across the United States between
2019 and 2022, we estimate the causal effects of grocery store entry on two classes of outcomes: (i)
demand spillovers to nearby incumbent businesses, measured by foot traffic, and (ii) the dynamics
of surrounding businesses, measured by net growth in establishment counts and employment. To
isolate causal effects, we develop a two-stage identification strategy. In the first stage, a generative
adversarial network (GAN)-based convolutional neural network (CNN) screens continuous geo-
graphic space to identify a pool of candidate counterfactual locations that resemble actual opening
sites in their demographic and business-environment characteristics. In the second stage, we esti-
mate propensity scores using a parsimonious set of economically interpretable covariates and match
each real opening to its nearest-score counterfactual from the CNN-derived candidate pool. This
approach combines the pattern-recognition strength of deep learning for spatial screening with the
transparency of traditional propensity score methods, addressing a key challenge in spatial causal
inference: finding credible counterfactual locations in continuous space where the set of potential
controls is vast and high-dimensional.

We first validate the identification strategy by confirming substantial overlap in propensity
score distributions between real openings and matched counterfactual sites, balanced covariates
across the two groups, and a sharp 404 percent increase in foot traffic at the grocery store locations
themselves within 6-12 months of opening—Ilending credence to both the accuracy of recorded
opening dates and the relevance of the treatment.

Turning to demand spillovers, we find that grocery store openings generate economically large
and highly localized positive externalities on nearby businesses. Average foot traffic to businesses
within 0.1 miles of a new grocery store increases by 23.4 percent in the 6-12 months following the
opening, relative to businesses surrounding matched counterfactual sites. These spillovers decay
sharply with distance: beyond 0.1 miles, the estimated effects are statistically indistinguishable
from zero. The demand spillovers exhibit substantial heterogeneity across business categories.

Wholesale and retail stores (excluding grocery stores) experience an average increase of 30 percent



in foot traffic, and the strongest synergies are observed between grocery stores and wholesale and
retail establishments as well as hospitality services for accommodations, eating, and drinking—
categories that share the most customer overlap with grocery shoppers. By contrast, medical,
welfare, and healthcare services exhibit a statistically significant but economically modest response
of approximately 10 percent—20 percentage points smaller than the wholesale and retail effect—
consistent with weaker demand complementarity with grocery trips. Notably, we find no evidence
of negative competitive effects on nearby incumbent grocery stores on average.

The spillovers also vary meaningfully by the type of entering grocery store. Openings of national
and regional chains (e.g., Whole Foods Market, Trader Joe’s) generate the strongest effects, with a
31 percent increase in foot traffic to surrounding businesses, while big-box retailers and discounters
generate more modest spillovers of 16 and 17 percent, respectively. This pattern is consistent with
national chains attracting higher-frequency, multi-purpose shopping trips that spill over to adjacent
businesses. Strikingly, we find that demand spillovers are substantially attenuated after the onset
of the COVID-19 pandemic: pre-COVID openings increase nearby foot traffic by 42.7 percent,
compared with only 14.6 percent for post-COVID openings. A back-of-the-envelope calculation
suggests that roughly 90 percent of this decline is attributable to lower foot traffic at the grocery
stores themselves. This finding is consistent with the trip-chaining mechanism (Miyauchi et al.,
2025): as remote work reduced commuting and allowed consumers to decouple routine grocery runs
from discretionary shopping stops (Qian and Su, 2024), the incidental foot traffic that spills over
to neighboring businesses diminished proportionally.

Beyond demand spillovers to incumbents, we document that grocery store openings reshape
the surrounding business landscape. Averaging over the first three post-entry years, establishment
growth rises by 7.0 percentage points and employment growth rises by 8.8 percentage points within
0-0.1 miles of an opening site, relative to matched counterfactual sites. These effects attenuate
quickly: in the 0.1-0.2 mile ring, the corresponding increases are 2.0 and 3.0 percentage points,
and beyond 0.2 miles the estimates are indistinguishable from zero. The growth rate effects are
largest in the first post-entry year—12.4 percentage points for establishments and 15.8 percentage
points for employment—and return to near zero in subsequent years. Because these coefficients
measure growth rate differentials between treated and control sites, a return to zero does not
imply that business activity declines; rather, it indicates that the treated group’s growth rate
converges back to the control group’s rate, so that the cumulative gains in establishment counts and
employment continue to build over the three-year post-entry window. Decomposing establishment
growth rates, the 7.0 percentage point average effect is accounted for by both higher entry (4.2
percentage points) and fewer exits (2.9 percentage points)—the only margins that operate when the
outcome is a binary active-status indicator. Industry-level estimates indicate that the localized gains
are concentrated in complementary sectors with strong linkages to grocery-driven demand—retail-
adjacent activities, restaurants, and selected local services—underscoring that grocery anchors
catalyze localized business formation in the immediate vicinity of the new store. These business

dynamics results reveal a second channel through which grocery anchors affect the local economy:



beyond raising foot traffic at incumbent businesses, the demand spillovers enhance the commercial
viability of nearby locations, attracting new entrants and sustaining marginal incumbents that
might otherwise exit.

Our paper contributes to several strands of literature. First, we contribute to a large body of
research on the economics of agglomeration. A central finding in this literature is that the spatial
concentration of economic activity raises the productivity of firms in manufacturing and tradable
services, through channels such as reduced transportation costs, knowledge spillovers, labor market
pooling, and improved firm-worker matching.! Recent work by Baum-Snow et al. (2024) documents
that these productivity spillovers operate at remarkably fine spatial scales—within 75 meters—
in the high-skilled services sector, driven primarily by knowledge transfer between nearby firms.
Within the non-tradable service sector, the agglomeration literature has largely focused on how
shopping center owners internalize anchor-tenant externalities through differential rental contracts
(Pashigian and Gould, 1998; Gould et al., 2005; Konishi and Sandfort, 2003; Wheaton, 2000).2 A
separate literature documents the negative externalities of firm closures and bankruptcies in this
sector (Shoag and Veuger, 2018; Bernstein et al., 2019; Benmelech et al., 2019; Knight, 2022; Billings
et al., 2024), and a body of work examines the mixed effects of big-box retail entry on local labor
markets.? Despite this extensive literature, causal estimates of positive demand-side agglomeration

4 We contribute by providing the first large-

spillovers in the non-tradable sector remain rare.
scale causal estimates of demand spillovers from business openings in this sector, quantifying both
their magnitude and spatial reach at a fine geographic resolution. Our results show that grocery
anchors generate foot traffic externalities that decay sharply beyond 0.1 miles—a level of spatial
precision that is invisible in the county-level analyses typical of the big-box literature. Moreover,
our decomposition of business dynamics into extensive and intensive margins reveals that grocery
anchors not only attract more new entrants but also reduce exits of incumbent businesses, a pattern
distinct from the negative spillovers documented in the closure literature.

Second, we contribute to the literature on the demand mechanisms underlying agglomeration
in the non-tradable sector. Within retail settings, shared customer traffic is widely considered the
primary driver of spatial spillovers, as clustering reduces consumer search costs and enables trip
chaining—the practice of combining multiple shopping stops into a single outing (Wolinsky, 1983;
Pashigian and Gould, 1998; Gould et al., 2005). Recent theoretical and empirical advances have
formalized trip chaining as a key microfoundation for consumption externalities across locations

(Miyauchi et al., 2025; Oh and Seo, 2023; Relihan, 2022; Su, 2022).° We provide direct empirical

'For recent surveys, see Duranton and Puga (2004), Glaeser and Gottlieb (2009), Moretti (2011), and Rosenthal
and Strange (2003). Foundational contributions include Krugman (1991). See also Greenstone et al. (2010), Ellison
and Glaeser (1997), Ellison et al. (2010), Glaeser et al. (1992), Henderson et al. (1995), and Henderson (2003).

2See also Benjamin et al. (1992), Gatzlaff et al. (1994), Liu and Liu (2013), and Agrawal and Cockburn (2003).

3See, for example, Basker (2005), Neumark et al. (2008), Jia (2008), Merriman et al. (2012), Ellickson and Grieco
(2013), Bertrand and Kramarz (2002), and Sadun (2015).

“Other related papers include Zhou and Clapp (2015), Liu et al. (2018), Clapp et al. (2019), Rosenthal and Strange
(2020), Liu et al. (2020), Kuiper et al. (2021), Liu et al. (2026), and Hu et al. (2025).

®Related work by Leung and Li (2022) shows that store format shapes consumer shopping behavior and welfare,
and Qian and Tan (2022) and Rosenthal and Urrego (2023) document additional externalities of spatial concentration



evidence that trip chaining operates as a first-order agglomeration mechanism (formalized in the
conceptual framework of Appendix D, which derives two empirical predictions linking variety gains
and trip-bundling savings to the spatial and cross-category patterns we document). By exploiting
the COVID-19 pandemic as a natural experiment that disrupted multi-purpose shopping behavior,
we show that the sharp attenuation of spillovers post-COVID—from a 42.7 to a 14.6 percent increase
in nearby foot traffic—is quantitatively consistent with reduced trip bundling. This finding offers
a clean test of the trip-chaining channel that is difficult to obtain in cross-sectional settings.
Third, our paper contributes to the growing literature on machine learning and artificial in-
telligence in economics and real estate. A rapidly expanding body of work demonstrates that
machine learning tools can enhance both prediction and causal inference in economic settings
(Mullainathan and Spiess, 2017; Athey and Imbens, 2019).% In real estate and urban economics,
ML methods are increasingly applied to property valuation, market analysis, and the modeling of

" Our paper bridges the ML prediction

commercial real estate transactions (Koijen et al., 2025).
literature and the causal inference tradition: we demonstrate that convolutional neural networks,
originally developed for image recognition, can serve as a powerful spatial screening tool within a
causal inference pipeline. The CNN identifies candidate counterfactual locations from continuous
geographic space—a task where the high dimensionality of spatial features makes traditional meth-
ods impractical—and the subsequent propensity score stage ensures that the final matched pairs
are balanced on economically interpretable covariates. This two-stage approach may generalize to
other spatial treatment-effect settings where credible counterfactuals must be selected from a vast
set of potential control locations.

Fourth, we contribute to the literature on causal inference in spatial settings. Traditional
spatial treatment designs compare outcomes in an inner ring to those in an outer ring around each
treatment site (Currie et al., 2015; Ellickson and Grieco, 2013), but distance to a treatment location
often correlates with both observed and unobserved confounders, which undermines identification.
Recent work has developed non-parametric (Diamond and McQuade, 2019) and semi-parametric
(Butts, 2023) approaches to spatial spillover estimation. We extend Pollmann (2020)’s GAN-based
CNN approach into a scalable identification strategy that selects counterfactual locations closely
matched to actual openings. Relative to Pollmann (2020), our contributions are fourfold: we expand
the CNN’s input set to include richer multi-scale features encompassing demographic, economic,
and business-environment variables; we improve predictive accuracy through a heatmap-labeling
loss component® that conveys distance-weighted feedback during training; we extend the geographic
scope from a single metropolitan region to grocery store openings across the entire United States;
and we leverage the sharp timing of store openings as quasi-experimental shocks in an event-study

framework, enabling pre-trend validation and precise treatment-effect estimation.

after business entries.

5See also Kleinberg et al. (2018) on how ML predictions improve decision-making, and Fuster et al. (2022) on ML
in credit markets.

"See, for example, Shen and Ross (2021), Lorenz et al. (2023), and Wan and Lindenthal (2023) for applications of
ML methods in real estate.

8We refer to our method of encoding spatial correctness via heatmaps in the loss function as heatmap labeling.



The remainder of the paper is organized as follows. Section 2 discusses the data used for the
analysis. Section 3 outlines the empirical design. Section 4 reports the main results. Section 5

concludes.

2 Data

2.1 Sample of Grocery Store Openings

We construct our dataset of grocery store openings using two complementary data sources. Our
primary source consists of store opening information collected directly from the official websites of
major grocery chains. We begin with a list of leading U.S. grocery chains compiled by Gourmet
Pro, a consulting firm specializing in the grocery retail industry. Gourmet Pro ranks chains based
on annual revenue, number of stores, geographic coverage, customer base, brand strength, and
operational scale. For each chain on this list, we manually collect information on store opening
locations, addresses, and opening dates from the firm’s official website. We are able to obtain the
address and opening month for all newly opened stores between 2019 and 2022 for 11 chains. These
chains collectively generate more than $980 billion in annual revenue and operate over 15,000 stores
nationwide.”

To broaden coverage beyond the largest national chains, we supplement this dataset with store
opening information from Chain Store Guide (CSG), a professional retail data vendor. CSG pro-
vides store names and addresses for additional openings, particularly among smaller and regional
chains. Because opening dates reported in CSG are often imprecise, we manually verify the open-
ing month using local news sources and press releases and retain only stores for which the opening
month can be confirmed.

We geocode store addresses and match them to commercial points of interest (POIs) from
SafeGraph to measure foot traffic, defined as the monthly number of visits to each store. We
further restrict the sample to stores for which surrounding businesses can be identified within the
predefined radius used in the analysis. After applying these restrictions, the final sample consists
of 851 grocery store openings.

Figure 1 displays the geographic distribution of store openings in the sample. We classify
grocery stores into three categories: (1) big-box retailers, accounting for 14.6 percent of openings;
(2) discounters, accounting for 46.2 percent of openings; and (3) national and regional grocery
chains, accounting for 39.2 percent of openings. Appendix Table Al lists the individual grocery

chains, their classification into these three store types, and the number of openings for each chain.

9For the full list of chains, see https://www.gourmetpro.co/blog/largest-grocery-chains-usa . We exclude
pharmacy chains and dollar/variety stores (e.g., CVS, Walgreens, and Dollar General). The chains for which detailed
opening information is available from official websites include Walmart, Costco, Safeway, Food Lion (Ahold Delhaize
USA), Publix, ALDI, Target, and Whole Foods.


https://www.gourmetpro.co/blog/largest-grocery-chains-usa

2.2 Construction of Outcome Variables
2.2.1 Foot Traffic to Business Establishments

We obtain the monthly number of visits to commercial POIs from SafeGraph, accessed via the
Dewey Platform. SafeGraph covers the vast majority of POIs in the U.S. and compiles foot traffic
data from multiple sources, including mobile devices, WiFi connections, and sensors. In addition,
SafeGraph provides POI characteristics such as their names, addresses, and industry classifications.
We classify commercial POIs into six categories: 1) Grocery and Competitors; 2) Wholesale and
Retail; 3) Accommodation, Eating, and Drinking; 4) Medical, Welfare, and Healthcare; 5) Finance,
Real Estate, Communication, and Professional Services; 6) Other Services, following Miyauchi et
al. (2025).10

2.2.2 Counts of Business Establishments and Employment

We obtain counts of business establishments and their annual employment from Data Axle (formerly
Infogroup). The database covers 226 million verified U.S. businesses dating back to 1997, providing
the establishment-level names, street addresses, longitudes, and latitudes, and employee counts.
The annual snapshots of businesses also allow us to track the entries and exits of businesses over
the years. We use the number and employee counts of businesses that are located within 0.5 miles of
the grocery store openings and their matched counterfactual sites from 2014 to 2024 in our analysis

of business dynamics.

3 Empirical Approach

After a grocery store opening, changes in foot traffic to nearby businesses may reflect three con-
ceptually distinct channels: (1) Localized spillovers from entry—the grocery store as an anchor not
only brings new foot traffic to itself, but also draws customer traffic to nearby businesses through
increased salience, reduced search costs, and trip chaining. (2) Treatment-induced broad general-
equilibrium (GE) effects—the entry may generate neighborhood-wide changes, such as increased
residential demand or business investment, that extend beyond the immediate vicinity of the open-
ing. (3) Area-wide trends independent of the entry—the entire area surrounding the opening could
be trending up in business densities and customer demand due to local economic conditions unre-
lated to the grocery store. In the third channel, the increase in foot traffic to nearby businesses
would have occurred in the absence of the grocery store entry, as the entire area is on an upward
growth trajectory. A key challenge for identification is to separate the first two channels—which

are causal effects of the opening—from the third channel, which is a confounder.

1Wholesale and retail stores are identified by 2-digit NAICS codes 42, 44, 45; accommodations, eating, and drinking
places are identified by 2-digit NAICS code 72; finance, real estate, communication, and professional services are
identified by 2-digit NAICS codes 52, 53, 54, 55, 56; medical, welfare and healthcare stores are identified by 2-digit
NAICS code 62; and other services include 2-digit NAICS codes 51, 61, 71, 81, 92. We summarize the definitions of
business categories in Appendix Table A2.



To identify the treatment effects of grocery store openings on foot traffic to surrounding busi-
nesses, a simple strategy would be to compare foot traffic to businesses close to the opening with
that to businesses further away via a spatial difference-in-difference design. However, the key con-
founding issue is that businesses close to the opening could be unobservably different from those
further away, and their distance to the opening is correlated with their likelihood of attracting a
grocery store nearby. For example, businesses that are closer to the opening could be in locations
where the pre-existing densities of businesses are already high, and the options for grocery shopping
are limited, so they are more likely to attract a grocery store opening nearby.

To overcome this identification challenge, ideally, we would like to compare the outcomes of
businesses around a grocery store opening with those of businesses around an alternative location
that was equally desirable for the opening but did not receive one. However, the desirability
of a location for a grocery store depends on a high-dimensional set of covariates—neighborhood
demographics, business composition, traffic access, and competitive proximity—that are difficult
to summarize with standard tabulated matching covariates.

Our solution combines two complementary tools. First, we train a convolutional neural network
(CNN) to read the spatial layout of demographics and businesses around a site—much as a retailer’s
site-selection team would evaluate a map—and use it to identify a pool of candidate counterfactual
sites in the vicinity of each actual opening. Second, we refine this pool via propensity-score matching
on interpretable economic covariates, ensuring transparent covariate balance. We then compare
outcomes of businesses at equal distances from real and matched counterfactual sites in an event-

study framework. We outline each step of this approach in detail below.

3.1 Predict Counterfactual Locations for Grocery Store Openings

The core of our predictive model is a GAN-based CNN following Pollmann (2020). We extend his
approach in three directions motivated by our empirical setting: (i) grocery-store location decisions
depend on a wider set of neighborhood characteristics than the restaurant setting in Pollmann
(2020), so we enrich the input features to include demographics, purchasing power, traffic access,
and detailed business composition;'! (ii) because our counterfactual sites must be precisely localized
to define concentric rings for the event study, we introduce heatmap labeling to improve the CNN’s
spatial precision; and (iii) we demonstrate that the approach generalizes across a broad set of U.S.
metro areas and geographies, rather than a single city.

Our model construction proceeds in three main stages. First, we select relevant variables and
transform the raw data into a spatial dataset with economically meaningful features suitable for
CNN training. Second, we identify a pool of potential counterfactual sites by augmenting the
CNN with a generative adversarial network (GAN), which allows the model to efficiently evaluate
and select candidate locations similar to actual grocery store openings in demographic and business

characteristics. Third, we address the rare-treatment problem caused by the large candidate pool by

"The features Pollmann (2020) uses are the location of surrounding grocery stores, restaurants, and a combination
of all other kinds of business.



applying a two-stage propensity score matching procedure. This approach also reduces dependence
on hyperparameter tuning and improves economic interpretability. Collectively, these three stages
provide a robust control group, enabling credible causal inference regarding the impact of grocery

store openings.

3.1.1 Input Structure and Sample Preparation for CNN

To capture grocery-store location decisions, we assemble 22 variables spanning four dimensions in
the literature (Krishna, 2021; Waters, 2021): neighborhood demographics, site accessibility and
traffic, customer purchasing power, surrounding business composition and density, and competitive
proximity. For variables requiring mean statistics—such as population and per-capita income—we
draw on the most recent American Community Survey (ACS) five-year estimates for Census Block
Groups, using data from the years preceding each opening. To calculate the incumbent business
density before the openings, we employ SafeGraph’s Points of Interest (POI) dataset, which provides
detailed records of business establishments. The CNN model uses both the locations and counts of
business POlIs as inputs. Specifically, their latitude and longitude determine their positions in the
input tensors, while their counts define the corresponding values in the tensors. We aggregate these
data in semi-annual intervals and, for each half-year period, count only those POIs that commenced
operations at least one month before the actual opening. We present the variables used as input
features to the CNN model in Table 1.

To construct the input tensors for the CNN model, we discretize the continuous geographic
area around each opening into a 10 x 10 grid of 0.05-mile cells, a resolution chosen to balance
predictive accuracy against computational efficiency: larger cells decrease spatial precision, while
smaller cells impose high computational costs with marginal accuracy gains. Within each cell, we
summarize continuous variables (e.g., income, population share) by their mean and count-based
variables (e.g., business density) by their totals. This procedure yields a 23 x 10 x 10 tensor that
encodes the spatial distribution of our covariates and serves directly as input for our CNN.

Because our sample of 851 grocery-store openings is small by deep-learning standards, we apply
standard data-augmentation techniques—random translations, rotations, and reflections—to ex-
pand the effective training set.'? Since all variables are computed spatially relative to the opening,
these distance-preserving transformations leave the variable values unchanged, so each augmented
input retains all authentic spatial information.

After preprocessing, we split the data into an 80 percent training subset and a 20 percent
validation subset. Once the CNN demonstrates stable out-of-sample performance, we retrain it on
the full dataset to obtain our final network. We then deploy the trained network to evaluate a
large set of randomly sampled candidate sites around each actual store opening, using the CNN to
assess the suitability of each location. This step is intended to screen continuous geographic space

and identify plausible counterfactual candidates with similar high-dimensional local characteristics.

12Deep-learning models typically require tens of thousands of labeled examples for robust generalization (e.g.,
Krizhevsky and Hinton, 2009; Deng et al., 2009). Our augmentation techniques are visualized in Appendix Figure Bla.



From this pool, we retain the top-ranked candidate sites (as determined by the CNN-generated

scores) as the basis for subsequent propensity-score matching.

3.1.2 GAN-Based CNN Architecture

The CNN’s task is to learn what a grocery-desirable location looks like from its spatial environment—
and then identify other locations that look equally desirable but lack a grocery store. To train the
network for this task, we construct three types of grid inputs (see Appendix Fig. B1b): (Type I)
grids where we take a real grocery opening and erase it from the map, so the surrounding environ-
ment still “looks like” a grocery location but the store itself is missing; (Type II) grids where the
real opening is left intact; and (Type III) random locations with no plausible openings. The CNN
must learn to distinguish these three cases. For Type I grids—our constructed counterfactuals—the
network is further trained to pinpoint the exact cell where the erased opening was located.

We enhance this architecture in two ways. First, we embed adversarial (GAN) training prin-
ciples (Goodfellow et al., 2020) to sharpen the network’s discrimination between Type I (grocery
“missing”) and Type II (grocery present) grids. The adversarial training forces the CNN to be-
come increasingly discriminating between locations where a grocery store is missing versus locations
where one is already present or implausible, improving its ability to detect subtle spatial signatures
of grocery-desirable sites. Second, we introduce heatmap labeling for the localization stage: rather
than binary correct/incorrect feedback for each predicted cell, the loss function assigns a continu-
ous penalty based on distance from the true opening location, providing graduated spatial feedback
that improves localization precision (see Appendix Figure B2).

After final training, the GAN-based CNN classifies tensors into Type I, II, and III with accu-
racies of 99.7%, 99.4%, and 98.8%, respectively—meaning it misclassifies fewer than 12 in every
1,000 samples. When we focus on Type I tensors, the network pinpoints the exact missing-opening
cell 99.2% of the time, and if we allow a one-cell spatial tolerance (i.e., any of the eight neighboring

cells), accuracy rises to 99.7%.

3.1.3 Propensity-Score Estimation and Matching

Using the trained CNN model, we generate a pool of candidate counterfactual sites around each
actual opening. We then refine this pool via propensity-score matching on our predetermined
economic covariates.

While the CNN excels at spatial pattern recognition, it does not guarantee balance on specific
economic covariates. We therefore apply propensity-score matching to the CNN-screened candidate
pool, ensuring transparent covariate balance on interpretable economic indicators.

The matching covariates include demographic features—population, age and racial composition,
educational attainment, household income, and unemployment—computed as population-weighted
spatial averages of Census Block Group (CBG) attributes over a five-mile local demographic aggre-

gation window around each site.!> For the business-density covariates, we compute five industry-

13Specifically, each CBG’s contribution is weighted by the product of its population and the share of its area that



specific densities within a 0.5-mile radius of each site by counting SafeGraph POIs that commenced
operations at least one month before the opening. We divide each category’s count by the area of
the circle to obtain densities for “Wholesale and Retail,” “Finance, Real Estate, Communication,
and Professional,” “Accommodations, Fating, and Drinking,” “Medical, Welfare, and Healthcare,”
and “Grocery and General Merchandise Retailers.” We treat the first four categories as measures
of complementary business presence and the fifth as a measure of local competition, thereby cap-
turing both supportive and competitive commercial environments in our matching covariates. The
detailed NAICS code definitions for these five industry categories are provided in Appendix Table
A2.

The CNN model’s ability to generate millions of candidate counterfactual locations creates a
severe imbalance between the few treated sites (the actual openings) and the vast pool of potential
controls, risking a rare-treatment violation of the overlap assumption. To mitigate this issue, we
implement a two-stage propensity-score matching strategy that follows a coarse-to-fine procedure.
In the first stage, we exclude controls whose estimated propensity scores fall outside the common-
support region of the treated units and pair each treated site with its ten nearest counterfactuals
(1-to-10 matching) based on these initial scores. In the second stage, we re-estimate propensity
scores on the pruned sample and conduct nearest-neighbor matching with up to three control sites
per treated site. Specifically, each real opening is matched to its up-to-three nearest counterfactual
sites in propensity score, within a caliper equal to 0.2 times the standard deviation of the logit
propensity score, as recommended by Austin (2011); if fewer than three counterfactuals fall within
the caliper, the treated site is matched to one or two controls. This procedure follows the propen-
sity score matching framework of Rosenbaum and Rubin (1985). We also impose a geographic
distance constraint, requiring matched counterfactual sites to be located at least 0.2 miles and no
more than 15 miles from the corresponding real opening. The minimum distance ensures that the
counterfactual site does not overlap spatially with the treatment site’s immediate vicinity, while the
maximum distance ensures that matched pairs share similar unobserved local market conditions.
In practice, most matched pairs for urban openings are separated by fewer than 5 miles; larger
separations arise primarily in suburban and rural areas where grocery catchment areas are wider.

We validate the matching quality—including propensity-score overlap, covariate balance, and

the realization rates of counterfactual sites as actual future openings—in Section 4.

3.2 Main Specification for Treatment Effects of Grocery Store Openings on
Surrounding Businesses

Figure B3 presents two illustrative real-counterfactual (CF) pairs—one pre-COVID and one post-
COVID—to show how CF sites compare to their matched real openings. In the first pair, a
Trader Joe’s opened in September 2018 at One Loudoun in Ashburn, VA; the matched CF site lies
approximately 5 miles east at Sugarland Crossing. In the second, a small-format Target opened in
October 2020 at Shepherd Square in Houston, TX; the matched CF site is approximately 12 miles

falls within the five-mile radius. The formal weighting equations are provided in Appendix C.
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southwest in Stafford. In both cases, the matched CF sites exhibit comparable business density,
road connectivity, and retail composition within a 0.5-mile radius. Notably, both CF sites were
subsequently developed into grocery-anchored retail locations—the Ashburn CF site became a Lidl
in 2021, and the Houston CF site became a Costco Business Center in 2021—providing independent
face validity for the CNN’s ability to identify locations that are genuinely attractive to grocery
retailers.'?

Taking the Trader Joe’s opening as an example to illustrate our identification strategy, Trader
Joe’s could have chosen the counterfactual site, which has a similar desirability to open its business.
For idiosyncratic reasons of the owner of a particular grocery store that are not systematically
correlated with the factors we account for in our CNN-pscore matching algorithm, the real site is
chosen over the counterfactual site. In other words, these idiosyncratic factors that matter for the
choice of a particular grocery contribute to the quasi-random variation we leverage for identification.
However, such idiosyncrasies could not be correlated with any remaining systematic unobservables
that matter for grocery stores’ location choices across our sample, that are not already accounted for
in our predictive model. In the absence of the grocery store entry, businesses surrounding both the
real and counterfactual sites would evolve on similar trajectories. After the grocery store opens, it
becomes an anchor for shopping malls to draw customer traffic not only to itself but also to nearby
stores. Relative to businesses around the counterfactual site, we expect foot traffic to businesses
around the real opening to increase due to economies of agglomeration, rather than reasons related
to local economic conditions alone. Based on this intuition, our identification strategy is to compare
the outcomes of businesses that are at identical distances from the real and counterfactual opening
sites, respectively.

To formalize what our design identifies, it is useful to decompose the outcome for business j in

ring n around candidate site s associated with opening event ¢ in period ¢:

local treat 0
Yisnt =  TESG: + GE™(s) +  GEj(s)  + Shockisi + €isne- (1)
——
localized spillovers broad GE area-wide shocks
from entry caused by entry independent of entry

Here GEgt(s) captures neighborhood-wide demand shocks or trends that are independent of the
grocery entry—for example, a local boom or redevelopment that would occur even absent the
opening. These are the confounders discussed above. GEfﬁeat (s) denotes treatment-induced general-
equilibrium spillovers that may be spatially broad—for example, the opening may raise the profile
of the wider neighborhood, attracting new residents or businesses to the area beyond the immediate

vicinity of the store.

14 A potential concern is that CF sites subsequently realized as actual openings could contaminate our control group
if the later entry generates spillovers to surrounding businesses. We retain all CF sites in our main analysis because
this concern is quantitatively limited in our setting. Our baseline treatment radius is 0.1 miles, and fewer than 3% of
all realized openings occur within 0.2 miles of a previously matched CF site over the full sample period (2019-2022).
In addition, most CF realizations occur more than one year after the corresponding real opening, placing them well
outside our primary post-treatment window of 12 months. These spatial and temporal separations make it unlikely
that later CF realizations materially affect our estimates.
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Our real-versus-counterfactual comparison yields

Yistat = Yiaor g = (TESE, — TESE: ) + (GEF™(s) = GEZ™(s{1)) + (GE(s)) — GEL(s7)),  (2)

CF
,87 0yt 2

where we suppress site-specific shocks for brevity. Two conditions determine what this difference
identifies.

First, the confounding area-wide trends GEgt must be common across the matched sites:
GEgt(s;k) ~ GEgt(siCF ). Our CNN-propensity-score matching procedure is designed to ensure
this condition holds, so that the third term in equation (2) vanishes. This is the core identification
requirement.

Second, the treatment-induced broad GE component G‘JEit’rtea‘t does not need to be zero for iden-
tification, but its spatial reach determines the interpretation of our estimand. If GE}:;eat is common
across the relevant local market—affecting businesses around both the real and counterfactual sites
equally—then it also differences out, and our estimates capture only the localized spillovers T ¢!,
If instead the treatment-induced GE effects are spatially uneven, some portion remains in the es-
timand: our estimates then reflect localized spillovers plus any differential broad GE between the
real and counterfactual locations. In either case, our design does not capture the total general-
equilibrium impact of the opening, because the common component of GE;‘;eat is absorbed by the
differencing. The estimates should therefore be read as a lower bound on the full causal effect
of entry, obtained without imposing structural assumptions on the magnitude or spatial distribu-
tion of the broad GE channel. In the event-study specification below, the coefficient 3, captures

the average of T Elocal

across openings at distance band n and event time 7, plus any systematic
differential in GE"®* between real and counterfactual sites.

To execute our identification strategy, for each grocery store opening, we define a case by pairing
it with its matched counterfactual (CF) opening sites. We divide the businesses surrounding the
real and CF opening sites into successive concentric rings, respectively. We then compare the
outcomes of businesses located in the rings that are equally distant from the real and CF sites. The
implicit assumption is that not only are real and CF sites directly comparable in their surrounding
characteristics conducive to grocery store openings, but the businesses that are equidistant from
the opening sites are also comparable, which we validate later, hence those near the CF sites would
serve as a valid control group. This assumption is reasonable given that the effects of the openings
of grocery stores are highly localized, as we will show later. We hence only examine businesses that
are mostly within 0.1 miles from the real and CF sites, which ensures the surrounding environment
would not differ very much.

To estimate the effects of grocery store openings on the outcomes of neighboring businesses, we

use the following event study design as the baseline specification of our analysis:

Yijnt = Z BrnTreat;; X Driint + aij + Ginkt + €ijnt, n=1,--- N (3)

TE[—s1,82]

Here, Y;j,¢ is the outcome of the business of interest j in distance band n associated with the
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case of grocery ¢’s opening in time period ¢. For example, it could be the log of the monthly
number of visits. The dummy variable Treat;; takes the value of one if business j associated with
the opening case ¢ is next to the real opening and takes the value of zero if it is next to the CF
site matched. The variable D, ;j,+ denotes a dummy equal to one if the outcome Yjj,; is observed
in 7 time periods relative to the opening of the grocery store i, where 7 goes from s; periods
before the opening to so periods after the opening. In our baseline specification, we set s = 4
and sy = 12, tracking outcomes from 4 months before the opening to 12 months after. «;; denotes
the opening case by business fixed effect that controls for time-invariant characteristics for each
business j associated with opening case ©. ¢;,x+ denotes the opening case by ring n by business
category by time-period fixed effect. It allows for a flexible time trend for each business category
in each local area that contains a pair of real and CF sites. Adding this term ensures that we only
compare businesses belonging to the same category near the real and CF sites within the same
local area defined by an (opening case, ring) to remove potential composition biases of businesses
across geographic locations.'® Empirically, we can run a separate regression comparing rings that
are equidistant from the real and CF sites for successive rings n = 1,--- , N. Our coefficient of
interest, which quantifies the average effects of an opening on nearby businesses 7 time periods
relative to the opening, is denoted by /3 ,. We normalize the coefficient of one month before the
opening, 5_1 5, to zero. Standard errors are clustered at the real or CF site level.

Appendix D formalizes the demand-side mechanism underlying these regressions. In the model,
a grocery opening affects visits to a nearby POI (k,j) through two channels: a variety channel
that lowers the category-level price index Pyrocery by adding a new consumption option, and a trip-
bundling channel that lowers the effective travel cost ¢x; for nearby businesses across all categories.
Empirical Prediction I maps to the spatial decay pattern we test in Section 4: closer POls experience
larger visit increases because trip bundling reduces their effective access cost by more. Empirical
Prediction II maps to the cross-category heterogeneity in Section 4.3.1: categories more commonly
bundled with grocery trips, or with higher within-category substitution elasticities, exhibit larger

treatment effects.

4 Empirical Results

We organize the results in three parts. First, we validate the matching procedure and the recorded
opening dates (Sections 4.1-4.2). Second, we estimate demand spillovers to incumbent businesses
as measured by foot traffic (Section 4.3), documenting heterogeneity by business category, grocery
store type, and the pre- versus post-COVID divide. Third, we examine whether these demand
spillovers translate into real business formation and employment growth (Section 4.4), decomposing

the effects into entry, exit, and incumbent adjustment margins.

5Note the standalone term for Treat;; alone is collinear with the fixed effect c;;, hence omitted in the regression.
The term for D ;jn: alone is collinear with the local time trend ¢;nx: and therefore omitted as well.
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4.1 Validation of Predictive Model and Propensity Scores for Treatment

We begin by validating the estimated propensity score model used to identify counterfactual (CF)
sites for grocery store openings. Figure 2 shows the distribution of estimated propensity scores
for real openings and their matched CF sites. Panels (a) and (b) indicate substantial overlap be-
tween the two groups in both the pre-COVID (2018-2019) and post-COVID (2020-2022) cohorts,
suggesting that the model performs consistently across periods with different market conditions.
Panel (c), which pools all openings, displays a similarly high degree of overlap, confirming that
treated and control sites receive comparable predicted probabilities of opening. Complementing
this evidence, Table 2 reports the balance checks for demographic characteristics within five miles
and counts of incumbent business establishments by category within 0.5 miles. Mean differences
between treated and control sites are small relative to the underlying dispersion of the covariates,
and no variables display systematic imbalances. While a few business-count measures exhibit mod-
est differences, none approach conventional thresholds for statistical significance. The standardized
mean differences (SMDs) provide further support: all 22 covariates have |[SMD| < 0.10—the con-
ventional threshold for adequate balance in propensity-score matching (Austin, 2009)—and the vast
majority fall below 0.05. Taken together, the substantial overlap in propensity score distributions
and the well-balanced covariate profiles suggest that the matched CF sites constitute a credible
comparison group for the real openings.

Figure B4 offers additional validation. Figure B4a reports the realization rate of matched
CF sites by half-year batch—the percentage subsequently realized as actual store openings at
selected distance thresholds. A substantial proportion of matched CF's, particularly in earlier
cohorts, are eventually realized as actual store openings, indicating that our matching procedure
successfully identifies locations with a high likelihood of future entry. Figure B4b provides the
complementary coverage perspective, showing for each opening cohort the percentage of real store
openings located within the given distance of a prior matched CF site. Collectively, these panels

confirm the predictive validity and spatial representativeness of our matched CF pool.'6

4.2 Validation of Openings using Foot Traffic Measure

Next, we validate the timing of grocery store openings in our sample and examine whether all the
openings indeed happened. We check whether there is a sharp increase in foot traffic visiting the
location of the opening before and after the month of each grocery store opening. We use an event

study of the following specification.

12
Yi=ai+v+ Y trDrit+ i (4)

T=—4

Here, the outcome variable Yj; is the monthly number of visits at the SafeGraph POI matched to

16 A1l realization and coverage statistics are based on a restricted sample of real openings for the top 15 non-dollar
store grocery brands in the U.S., truncated at the end of 2022. Expanding the sample to include additional brands
or more recent data would likely result in higher rates.
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a grocery store opening ¢. «; denotes the store-opening fixed effects, controlling for time-invariant
characteristics specific to each grocery store location, and 4 denotes the fixed effects of the calendar
year by month. The variable D, ;; denotes the set of relative event time dummies, equal to one if
Y;: is observed in calendar month ¢ is 7 months relative to its opening. Our coefficient of interest,
which quantifies the effects of the grocery store on foot traffic at the opening location, is denoted
by fir.

Figure 3 plots estimated effects, along with 95% confidence intervals. We observe that in the
four months before the grocery store openings, there are no significant pre-trends in foot traffic at
the opening location. Between 6 and 12 months after the opening, average foot traffic increases
by approximately 691 visits relative to the pre-opening period. This represents a 404% increase
relative to the pre-period median monthly visits of 137. The sharp rise in visits following openings,
coupled with the absence of pre-trends, confirms that our identified openings correspond to the

actual opening events and that the recorded opening dates are accurate.'”

4.3 Treatment Effects on Foot Traffic to Surrounding Businesses

We now estimate the causal effect of grocery store openings on foot traffic to surrounding businesses
using the event-study specification in Equation (3), with the log of monthly visits as the outcome.
For the area surrounding each real opening and its matched CF sites, we use a distance band of
0.025 miles to define concentric rings in which surrounding businesses are located. Our regression
sample consists of a balanced panel of all incumbent business establishments (SafeGraph POls)
within 0.1 miles'® of each real opening site and from each matched CF site, observed from 4
months before the openings to 12 months after the openings. Figure 4 plots the average of the
estimated coefficients, 3;,, for each concentric ring in the first 12 months after the openings. The
figure thus summarizes average treatment effects in percent terms on foot traffic visits to nearby
businesses after the grocery store openings. These spillover effects are highly localized as they decay
to be statistically indistinguishable from zero for businesses located further than 0.1 miles from the
actual and CF sites. Within 0.1 miles, the businesses surrounding the real openings experience a
significant increase in foot traffic, relative to those surrounding the CF sites. Due to the localized
nature of spillovers, we subsequently focus our analysis on comparing outcomes of businesses within
0.1 miles.

We adapt equation (3) to define a single ring made of all businesses within 0.1 miles of either

the real opening or its matched CF sites. Figure 5 plots the estimated coefficients 3, for the effects

"The opening locations typically exhibit a few months of vacancy between tenancies, so foot traffic from the
previous tenant does not confound the post-opening treatment effects on surrounding businesses.

18The geographic range of 0.1 miles we use to define our treatment groups is supported by the precision that
SafeGraph can identify a visit to a POI. Details of SafeGraph algorithms that cluster GPS points to a single place
can be found in their white paper: https://www.safegraph.com/guides/visit-attribution-white-paper.

19The spatial decay pattern documented in Figure 4 is consistent with the empirical predictions of the conceptual
framework described in Section D. In the model, foot traffic to a nearby business is a function of the effective travel
time required to visit that business. Following a grocery store opening, effective travel time falls more for businesses
located closer to the new store due to trip bundling, leading to larger increases in foot traffic for nearby establishments.
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on log monthly foot traffic for 7 € {—4, 12} months relative to openings. We confirm that there are
no differential trends in foot traffic to nearby businesses in the treatment and control groups before
the opening of the grocery stores. We find that the openings of grocery stores have economically
and statistically significant positive effects on surrounding businesses. Average foot traffic in the
treatment group increases by 23.4 percent 6-12 months after opening.?’

One concern for identifying the causal spillovers on foot traffic could be that some developers
and shopping center owners consider these spillover effects when endogenously determining property
tenant mix at the same time as introducing the grocer anchor (Jardim, 2016). In particular, Publix
has been increasing its ownership of shopping centers where it operates to control the neighboring

21 In this case, nearby foot traffic growth may not be due to the causal effect of the

tenant mix.
grocer anchors alone but rather because the co-tenants are endogenously determined. We perform
a robustness check where we exclude the 85 openings of Publix from our sample. Figure B6 shows

that the main results in Figure 5 remain robust.

4.3.1 Heterogeneous Effects on Foot Traffic by Category of Surrounding Businesses

We next examine how demand spillovers vary across business categories. We divide the surrounding
businesses into six categories according to their NAICS codes: (1) Accommodation, Eating and
Drinking (2) Finance, Real Estate, Communication, and Professional (3) Medical, Welfare, and
Healthcare (4) Wholesale and Retail (excluding Grocery Stores) (5) Grocery Stores (6) Other
Services.??

To perform the heterogeneity analysis, we estimate the regression specification in equation (3)
using the log of the monthly number of visits as an outcome and run the regression separately for
each business category. Figure 6 summarizes the total effects of openings on foot traffic to nearby
businesses of various categories. Nearby wholesale and retail stores (excluding grocery stores)
experience an average increase of 30 percent in foot traffic during the 6-12 months following a
grocery store opening. The strongest synergies are observed between grocery stores and wholesale
and retail establishments, as well as hospitality services for accommodations, eating, and drinking.
This is expected since these types of businesses most likely share a lot of common demand from
the same group of customers who visit the shopping center where the grocery anchor is located.
Clustering around a grocery store anchor thus helps attract a large pool of customers. By contrast,
demand spillovers are smaller for other categories of businesses. For instance, medical, welfare,
and healthcare services exhibit only a 10 percent increase in visits, corresponding to statistically
significant treatment effects that are 20 percentage points lower than those for wholesale and retail

stores. These businesses may not share the same customer base as grocery stores, as individuals

20We also estimate equation (3) that traces the effects on log monthly foot traffic for event times 7 up to 24 months
after a grocery store opening. Figure B5 plots the estimated coefficients. The results indicate that treatment effects
stabilize after 6-12 months and remain relatively constant through months 12—24.

21Publix owns nearly a third of its 1,167 stores, according to the company’s 2017 annual report.

22\We categorize businesses based on their NAICS codes. Table A2 provides detailed information on the construction
of each business category.
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typically visit their designated healthcare providers infrequently, limiting the scope for incidental
foot traffic from grocery shoppers. As a result, synergies between grocery stores and healthcare
services appear substantially weaker.

Interestingly, we find that grocery store openings in our sample, on average, do not appear to
divert customers from nearby incumbent grocery stores. The estimated effect on foot traffic to
other existing grocery stores within 0.1 miles is close to zero.??

The heterogeneity across categories can be interpreted through the conceptual framework in
Appendix D. In the model, heterogeneous treatment effects across business categories arise from
two sources: (1) categories that are more commonly bundled with grocery trips experience larger
reductions in effective travel time ¢3;, and (2) categories with a higher within-category elasticity of
substitution o translate a given travel-time reduction into a larger visit response. Because both
channels operate at the category level, comparing the magnitudes of estimated coeflicients across
the category-specific regressions above is informative about the relative strength of trip bundling
and substitution elasticities, even though we cannot separately identify the two without trip-level
data.

4.3.2 Heterogeneous Effects on Foot Traffic by Type of Grocery Store Openings

We next examine the heterogeneous spillovers on surrounding businesses generated by the openings
of different types of grocery stores. In Figure 7, we divide the grocery store openings into 3 types:
national/regional grocery store chains (e.g., Whole Foods and Stop & Shop), big-box retailers (e.g.,
Walmart and Costco), and discounters (e.g., ALDI).?* We find that national /regional grocery chains
generate the strongest positive spillovers on surrounding businesses. On average, 6-12 months after
the opening of a national/regional grocery store, foot traffic to surrounding businesses within 0.1
miles increases by 31 percent. Meanwhile, opening a big-box retailer or discounter increases foot
traffic to nearby businesses by 16 percent and 17 percent, respectively.

To understand the sources of this heterogeneity, we examine three dimensions along which store
types differ: neighborhood income, the composition of surrounding businesses, and timing of entry.
Neither neighborhood income nor business composition systematically varies across store types in
ways that would explain the observed spillover differentials. Specifically, although discounters are
more likely to open in lower-income Census Block Groups (Table 3), estimated treatment effects
show no systematic income gradient (Figure 8).2° The composition of surrounding businesses is
also similar across store types (Table 4). However, the timing of entry does differ: big-box retailers
and discounters account for a disproportionately larger share of post-COVID openings (Table 5),

with 508 of 851 openings occurring in 2020 or later versus 343 before COVID. We examine the

23The difference in the effects between nearby incumbent grocery stores and wholesale and retail stores (excluding
grocery stores) is economically large and statistically significant at about 30 percentage points.

24 Appendix Table Al provides the detailed list of grocery store chains and the corresponding classification of store
types.

25Specifically, we rank the Census Block Groups that receive a grocery store opening by their median household
income and assign each opening to one of four income quartiles. The ranking is therefore relative to the distribution
of household income among opening locations, rather than to the national distribution of all Census Block Groups.
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implications of this timing difference in the next subsection.

4.3.3 Heterogeneous Effects on Foot Traffic by Pre- and Post-COVID Openings

We further examine heterogeneity in treatment effects by splitting the sample into pre-COVID and
post-COVID grocery store openings. Figure 9 reports estimates of equation (3) separately for the
two subsamples. We find that pre-COVID openings generate substantially larger spillover effects:
foot traffic at surrounding businesses increases by 42.7 percent 6—12 months after the openings. In
contrast, for post-COVID openings, the estimated effects are considerably smaller, with foot traffic
increasing by only 14.6 percent.

We consider two potential explanations for this attenuation in treatment effects. The first
is a level channel: post-COVID grocery store openings may attract fewer in-person visits, which
would directly limit the scope for spillovers to nearby businesses. A growing literature documents
persistent changes in retail formats, consumer behavior, and location choices of grocery chains
following the pandemic that are consistent with such a reduction in physical store traffic.?6

To assess the importance of this channel, we estimate equation (4) separately for the pre-
and post-COVID subsamples. Figure 10 reports the corresponding estimates with 95% confidence
intervals. We find that the increase in foot traffic to the grocery store opening locations themselves
is substantially larger prior to COVID: the estimated effect during 6-12 months after opening
is 1,090 visits in the pre-COVID sample, compared with 412 visits in the post-COVID sample,
implying an effect that is approximately 165% larger before the pandemic. A simple back-of-the-
envelope calculation suggests that this reduction in grocery store traffic alone could account for
approximately 90% of the observed decline in spillover effects, assuming spillovers scale linearly
with total foot traffic: the pre-COVID treatment effect on surrounding businesses is 2.92 times the
post-COVID effect, while (1 + 1.65)/2.92 = 90.6%.

A second, complementary possibility is that grocery trips are less often bundled with visits
to nearby businesses post-COVID, so the same grocery traffic generates less incidental demand
for adjacent retailers and restaurants. While we cannot test this mechanism directly—we do not
observe consumer-level visit sequences—it is consistent with evidence that remote work relaxes
time constraints, enabling consumers to decouple routine grocery runs from discretionary stops
and travel farther for high-quality amenities (Qian and Su, 2024). In the conceptual framework of
Appendix D, less trip bundling means a grocery opening delivers a smaller reduction in the effective
cost of visiting nearby businesses, mechanically weakening spillovers even conditional on grocery
traffic.

26There are several potential explanations for the lower level of foot traffic, including changes in retail business
models, shifts in the composition of store openings, and persistent changes in consumer behavior; see, for example,
Monte et al. (2023) and Goolsbee and Syverson (2021), and the references cited therein.
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4.4 Treatment Effects on Surrounding Business Dynamics

The foot-traffic results in Section 4.3 document demand spillovers to incumbent businesses. A
natural next question is whether these demand spillovers translate into real reallocation—mnew
establishments entering, marginal incumbents surviving, and local employment expanding. We
examine both the extensive margin—entry and exit of establishments—and the intensive margin—
expansion and contraction of continuing establishments in terms of employment.

For business ¢ in period ¢, let F;; denote an outcome of interest, such as an indicator for active
status, equal to one if the business is operational in period ¢ and zero otherwise (before entry and
after exit), or employment, which measures firm size. Following Ellickson and Grieco (2013), we

define the growth rate as
Ei — Eit1

Xie 5)

git =

% is the average level of the outcome in periods ¢ and t — 1. The growth rate g;;

where X;; =
therefore measures the change in the outcome from period ¢ — 1 to ¢. Under this definition, g;; = 2
for entry (i.e., E;y—1 = 0 and E;; > 0) and g;; = —2 for exit (i.e., Ey—1 > 0 and Ey = 0). We can
then aggregate the growth rates at the individual business level to the group level according to the

following formulas:

> ier, Xit max{git, 0}1[gi < 2]

JCth ==

D ier, Xit ’
JCOE); = 2 ZiERk Xit]—[git = 2]
e ’ (6)
JDCk _ ZiERk Xit maX{_g’ita O}l[glt > —2]
= Y

Dier, Xit

JDE, = 2 ZieRk Xitl[git = —2]
ZiERk Xit

To illustrate, JCCy; measures positive growth among continuing firms. It aggregates positive
changes for firms with g;; > 0 that are not entrants (g;; < 2), weighting each firm by its average
size X;; and normalizing by the total size of group k. The remaining components are defined anal-
ogously: JCEy; captures growth due to entry, JDCy; captures negative growth from contraction
at continuing firms, and JDE}), captures negative growth due to exit.

The overall growth rate of outcome FE;; in group k is then

Crr — > ier, Xitgit _ > ier, (Bit — Eit—1)
> ier,, Xit > ier,, Xit (7)
=JCCx + JCEy — JDCyy — JDFEyy.

Thus, group-level growth decomposes into positive contributions from expansion of continuing

firms and entry, and negative contributions from contraction and exit. When FE; denotes the
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active-status indicator, G corresponds to the growth rate in the number of businesses in group k.
In this case, JCEy; and JDFEy; can be interpreted as the shares of openings and closures relative
to the stock of existing businesses.

In our setting, groups are defined by concentric distance rings around each opening site. Specif-
ically, for each grocery opening ¢ at site j, we partition the surrounding area into rings of width 0.1
miles, indexed by n € {1,..., N}. Our regression sample consists of a panel of all businesses located
within 0.5 miles of each real opening site and its matched counterfactual (CF) site, observed from
three years before to three years after the opening.

To estimate the effects of grocery store openings on nearby business dynamics, we implement

the following event-study specification:

Yijnt =Y Bra(Treaty; x Drije) + Qinj + Gint + €ijne, ~ ¥n € {L,...,N}. (8)
TE[—s1,82)

The outcome Yjj,; denotes the outcome of interest for ring n around site j associated with
opening i in period t (e.g., the growth in the number of businesses within the ring). The indicator
Treat;; equals one if site j is a real opening site and zero if it is a matched CF site. The event-
time indicator D;;;; equals one if period ¢ is 7 periods relative to the opening of grocery i. The
fixed effect oy,; controls for time-invariant characteristics specific to opening 4, ring n, and site j,
while ¢;,; denotes opening-by-ring-by-calendar-year fixed effects. The coefficients of interest, 3; .,
trace out the dynamic effects of an opening on nearby businesses in ring n at event time 7. We
normalize S_1, = 0, so all estimates are relative to the period immediately preceding the opening.
Standard errors are clustered at the opening-site level. This specification mirrors Equation (3) but
uses annual frequency and wider distance rings (0.1 miles) to accommodate the lower frequency at
which business formation and exit are observed in the Data Axle data.

Following the specification in Equation (8), Figure 11 presents the spatial pattern of treatment
effects implied by the event-study estimates. Specifically, we average the post-opening coefficients
over the first three years after entry and plot the resulting effects by distance ring. Panel (a)
reports effects on the growth rate of the number of establishments, and Panel (b) reports effects
on employment growth. The impacts are highly localized. Within 0.1 miles (ring 1), grocery
entry increases establishment growth by 7.0 percentage points and employment growth by 8.8
percentage points relative to matched counterfactual sites. The effects attenuate sharply with
distance. In the 0.1-0.2 mile ring (ring 2), the corresponding increases are 2.0 percentage points
for establishments and 3.0 percentage points for employment. Beyond 0.2 miles, the estimates are
small and statistically indistinguishable from zero. These results indicate that grocery anchors
generate spatially concentrated spillovers that are largely confined to the immediate vicinity of
the store, with little evidence of positive effects beyond 0.2 miles. The sharp spatial attenuation is
consistent with a trip-chaining mechanism: consumers who visit the grocery store combine that trip
with stops at nearby establishments, lowering the effective time cost of accessing those businesses

(Pashigian and Gould, 1998; Miyauchi et al., 2025). Because trip-chaining is practical only within
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walking distance, these demand-side spillovers decay rapidly beyond the 0.1-0.2 mile radius.

Figure 12 instead fixes distance at 0-0.1 miles, where effects are largest, and traces the full
event-time path of the coefficients ., from Equation 8. Panel (a) shows that the establishment
growth rate increases sharply after the opening, peaking one year later at 12.4 percentage points
relative to control sites. Panel (¢) documents a similar pattern for the employment growth rate,
which peaks at 15.8 percentage points in the first post-opening year. In both outcomes, pre-trends
are close to zero, and the growth rate differential returns to near zero by the second and third
post-entry years. Because these coefficients capture the annual growth rate differential between
treated and control sites, a return to zero indicates that the treated group’s growth rate converges
back to the control group’s rate—not that the level of business activity declines. The cumulative
gains in establishment counts and employment therefore continue to build over the full three-year
post-entry window.

Together, the spatial and temporal profiles indicate highly localized effects on nearby business
growth rates—concentrated within 0.1 miles and largest in the first post-entry year—that translate
into persistent cumulative gains in establishment counts and employment. We next decompose the
overall growth rate effects to identify the margins of adjustment.

Figure 13 further decomposes the overall treatment effects within 0-0.1 miles into contributions
from business openings, closures, expansion of incumbents, and contraction of incumbents. The
reported estimates correspond to the 0-3 year post-opening period relative to 1-3 years before
entry. Panel (a) shows that the 7.0 percentage point increase in the establishment growth rate
is almost entirely driven by entry and reduced exit. New business openings account for a 4.2
percentage point increase, while fewer closures contribute an additional 2.9 percentage points. The
expansion and contraction components are mechanically zero in this panel, since the outcome is
an indicator for active status and continuing establishments cannot “expand” or “contract” along
this dimension. Panel (b) presents the analogous decomposition for employment growth, where all
four margins can in principle contribute. The overall 8.8 percentage point increase in employment
growth is primarily attributable to higher employment at entering firms (5.4 percentage points)
and fewer business closures (2.9 percentage points). The contribution from incumbent expansion
is modest (0.7 percentage points), and changes in contraction are economically negligible. Taken
together, the decomposition indicates that the localized growth effects documented earlier are
driven predominantly by establishment entry and reduced exit, rather than by intensive-margin
expansion among incumbent firms. The modest contribution of incumbent employment expansion
is not necessarily at odds with the substantial foot-traffic gains documented in Section 4.3: increased
customer visits may raise revenue for incumbents without inducing them to hire additional workers,
particularly if existing staff can absorb the higher volume. More broadly, the predominance of the
extensive margin suggests that the demand created by the grocery anchor is captured primarily by
new entrants who choose to locate nearby because of the demand opportunity, rather than through

employment scaling at incumbents whose size may be constrained by pre-entry conditions.
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4.4.1 Heterogeneous Effects on Business Dynamics by Business Category and Open-

ing Type

Next, we examine whether the localized growth effects documented above vary across business
categories and by the type of entering grocery store. Figure 14 displays the corresponding point
estimates and confidence intervals, enabling us to assess how the magnitude of these spillovers
depends on the sectoral composition of the neighborhood and the characteristics of the entrant.

For the analysis of heterogeneity by business category, we redefine group k in Equations (6)
and (7) by interacting distance rings with the granular industry classifications listed in Table A2.
We then estimate Equation (8) separately for each category within a 0-0.1 mile radius of the
opening site. To identify the margins of adjustment, we decompose total growth into the respective
contributions from firm entry and exit.

Panels (a) and (c) of Figure 14 present the estimated effects on establishment and employment
growth. The most pronounced impacts are concentrated within the grocery sector itself: the estab-
lishment growth rate rises by 19 percentage points, driven by an 11-percentage-point increase in the
entry rate and a 9-percentage-point reduction in the exit rate. The grocery employment growth
rate is even more substantial at 21 percentage points. While the remaining five categories also
exhibit positive responses, the magnitudes are more attenuated. Four of these sectors see growth
rates ranging between 4 and 7 percentage points in both dimensions, whereas accommodation and
food services show only marginal growth rate gains of 1 to 2 percentage points. Collectively, these
patterns suggest that new grocery anchors generate significant localized spillovers, which are most
salient among closely related retail segments. The comparatively muted response in accommoda-
tion and food services—despite the strong foot-traffic gains documented for this category in Section
4.3—likely reflects higher barriers to entry in the restaurant sector, including commercial kitchen
buildout costs, health permits, and longer gestation periods that may extend beyond our three-year
post-opening window.

Panels (b) and (d) of Figure 14 further explore heterogeneity by the type of the entering grocery
store. We find that national and regional chains, as well as big-box and warehouse formats, catalyze
the most significant localized effects on nearby business growth. Within the 0-0.1 mile radius, these
types are associated with an approximate 9-percentage-point increase in establishment growth rates,
while employment growth rates rise by 10 and 11 percentage points, respectively. In contrast, the
effects of discount formats are substantially more muted, yielding impact magnitudes roughly half
as large as those observed for their larger-format or chain counterparts.

Consistent with our decomposition results, these localized growth effects are driven primarily
by increased entry and reduced exit, rather than expansion among incumbent establishments. This
pattern aligns with theories of anchor tenants and retail agglomeration, whereby large-format or
national chain stores serve as demand hubs that attract shared customer traffic and reduce effective
search costs for nearby complementary businesses (Pashigian and Gould, 1998; Gould et al., 2005).
Moreover, prior work emphasizes that store format shapes the strength of such spillovers, with

larger-format retailers generating more pronounced consumer responses (Leung and Li, 2022). The
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substantially weaker effects of discounters are consistent with several complementary channels: dis-
count stores typically draw a more price-sensitive customer base less inclined toward discretionary
companion shopping, operate smaller formats that generate fewer complementary shopping needs,
and may carry weaker brand signals to prospective co-tenants about the local consumer profile.
Taken together, our findings suggest that larger-format and chain grocery anchors generate stronger

localized spillovers by concentrating foot traffic and fostering localized agglomeration economies.

4.4.2 Heterogeneous Effects on Business Dynamics by Industry

To further dissect the industry-level drivers of our baseline results, we estimate treatment effects
disaggregated by 4-digit NAICS codes. Figure 15 presents point estimates for business growth and
the corresponding contributions from entries and exits within 0-0.1 miles. For clarity, we focus
on industries with significantly positive growth (at the 95% confidence level) that rank in the top
two-thirds of the pre-existing industry share distribution. The industry-level heterogeneity reveals
two distinct channels through which grocery anchors affect local business dynamics.

The first channel operates through direct demand spillovers. Panel (a) shows that the strongest
extensive-margin responses in establishment counts occur in retail-adjacent and complementary
consumption sectors—grocery stores, direct selling establishments, and restaurants—with total
growth rates of approximately 7 percentage points, driven primarily by new entry. Panel (b) docu-
ments a parallel pattern for employment, with grocery stores and other information services showing
the largest gains (8-9 percentage points). These are precisely the sectors that also experienced the
strongest foot-traffic increases in Section 4.3, consistent with a trip-chaining mechanism.

The second channel is broader. Service industries such as depository credit intermediation
and automotive repair also experience net entry, even though they did not exhibit comparably
large measured demand spillovers. This pattern suggests that grocery anchor entry enhances local
commercial viability more generally—perhaps by signaling neighborhood vitality or improving the
local amenity environment—attracting businesses whose location decisions respond to the overall
quality of the commercial cluster rather than to direct foot-traffic gains.

Taken together, the results in Section 4.4 complement and extend our foot-traffic analysis. While
Section 4.3 demonstrated that grocery anchors generate localized demand spillovers to incumbent
businesses, the findings here show that these demand effects translate into real reallocation: new
establishments enter, marginal incumbents are sustained, and the local business ecosystem expands.
The effects on growth rates are concentrated within 0.1 miles and largest in the first post-entry
year, with cumulative gains in establishment counts and employment persisting through at least
the third year after opening.?”

Mapping the results back to the decomposition in Section 3, the sharp spatial attenuation of

both foot-traffic and business dynamics effects within 0.1 miles is consistent with the localized

27 Although we document COVID-related attenuation for foot-traffic spillovers in Section 4.3.3, the business dy-
namics analysis pools pre- and post-COVID openings because the Data Axle data are observed at annual frequency,
leaving insufficient post-entry observations for cohort-specific event studies among the post-COVID subsample. We
therefore interpret the business dynamics results as average effects across the full sample period.
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spillover channel (TE'*!) dominating the treatment-induced broad GE channel (GE'®) at these
distances. Under the conditions discussed in Section 3—namely, that area-wide shocks are absorbed
by the matching design and that broad GE effects operate at spatial scales exceeding the distance
between real and counterfactual sites—the estimated coefficients (3, capture localized spillovers

plus any differential in GE"®* between real and counterfactual neighborhoods.

5 Conclusion

This paper provides the first large-scale causal estimates of demand-side agglomeration spillovers
from business openings in the non-tradable service sector. Using 851 grocery store openings across
the United States (2019-2022) and a two-stage CNN-propensity-score identification strategy, we
find that grocery openings increase foot traffic to nearby businesses within 0.1 miles by 23.4 per-
cent, with spillovers decaying to zero beyond this radius. Effects are strongest for wholesale and
retail stores (30 percent) and hospitality services, with national and regional chains generating the
largest spillovers (31 percent). Demand spillovers attenuate sharply post-COVID—from 42.7 to
14.6 percent—consistent with remote work reducing multi-purpose shopping trips. Beyond incum-
bents, grocery anchors reshape the local business landscape: establishment growth rates rise by 7.0
percentage points and employment growth rates by 8.8 percentage points within 0.1 miles, driven
by higher entry and lower exit rates.

These findings carry implications for commercial real estate investors, urban planners, and pol-
icymakers. The highly localized nature of spillovers suggests that tenant-mix decisions and zoning
policies can materially affect local business formation and employment. The post-COVID atten-
uation further implies that remote work may durably reshape demand-side agglomeration forces
in retail settings. Methodologically, our CNN—propensity-score pipeline demonstrates that deep-
learning tools can be repurposed as spatial screening devices within a causal inference framework,
an approach that may generalize to other spatial treatment-effect settings.

An important direction for future research is to examine whether these spillovers capitalize into
commercial real estate outcomes such as rents and transaction prices. The commercial real estate
transaction data currently available cover only a fraction of retail leases within the 0.1-mile radius
around each site, leaving too few observations per site pair to detect capitalization effects with
adequate statistical power in our matched-site framework. As data coverage of smaller retail leases

expands, connecting demand-side agglomeration forces to asset pricing remains a promising avenue.
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Figure 1: Locations of Grocery Store Openings

Notes: This figure plots the distribution of grocery store openings by CBSA in our sample. There are a total of 851
grocery store openings across the U.S. in our sample.
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Figure 2: Distribution of Estimated Propensity Scores for Real Openings and Matched Counter-
factual Sites

Notes: Panels (a) and (b) present the distribution of estimated propensity scores for actual openings and matched
counterfactual locations, for the pre-COVID (2018-2019) and post-COVID (2020-2022) periods, respectively. Panel
(c) shows the corresponding distribution for all periods combined. Each panel plots the estimated propensity score
for the real openings and for their matched counterfactual sites.
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Figure 3: Validation of Opening Dates using Foot Traffic Measure

Notes: Sample consists of all grocery stores opening in our sample. This figure plots the estimated coefficients of
ur of equation (4), along with 95% confidence intervals. . captures the effects of the grocery store opening on the
foot traffic at the opening location. The outcome variable is the monthly number of visits. The standard errors are

clustered at the grocery store level.
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Figure 4: Treatment Effects on Foot Traffic to Surrounding Businesses as a Function of Distance

Notes: This figure plots the average treatment effects of grocery store openings on nearby businesses in each concentric
ring in the first 11 months from the openings relative to the last 4 months before the openings by estimating equation
(3). 95% confidence intervals are shown along with point estimates. The regression sample consists of a panel of all
businesses within 0.2 miles of each of the grocery store opening sites and their matched CF sites, observed from 4
months before the openings to 12 months after the openings. For the area surrounding each real opening site and CF
site, respectively, we use a distance band of 0.025 miles to define concentric rings in which surrounding businesses
are located a distance of up to 0.1 miles from each site. Standard errors are clustered at the real or CF site level.
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Figure 5: Treatment Effects on Foot Traffic to Surrounding Businesses Within 0.1 Miles

Notes: This figure plots the coefficients 32 and corresponding 95% confidence intervals for each treatment group
by estimating equation (3). Coefficients 8¢ summarize the average effects of an opening on nearby businesses in
treatment group g in period 7 after the opening. The regression sample consists of a panel of all incumbent business
establishments within 0.1 miles of the real grocery store openings and their matched counterfactual sites, observed
from 4 months before the openings to 12 months after the openings. The treatment group consists of all businesses
that are 0-0.1 miles from the real grocery store openings. The control group consists of all businesses that are 0-0.1
miles from the counterfactual sites for openings. Standard errors are clustered at the real or CF site level.
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Figure 6: Heterogeneous Treatment Effects on Foot Traffic: by Category of Surrounding Businesses

Notes: This figure plots the heterogeneous treatment effects on the log of monthly visit counts to nearby businesses
within 0-0.1 miles from the grocery store openings 6-12 months after opening relative to 1-4 months before opening.
We report the treatment effects on different business categories by row. We categorize businesses based on their NAICS
codes. Table A2 provides detailed information on the construction of each business category. We include “Grocery
Stores” as a separate category. Examples of categories “Finance, Real Estate, Communication, and Professional”
include real estate brokerages and banks. Examples of categories “Accommodations, Eating, and Drinking” include
restaurants and bars. Examples of categories “Medical, Welfare, and Healthcare” include dentists and primary care
providers. Examples of the category “Other services” include religious organizations and public administrations.
Standard errors are clustered at the real or CF site level.
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Figure 7: Heterogeneous Treatment Effects on Foot Traffic: by Grocery Store Type

Notes: This figure plots the heterogeneous treatment effects on the log of monthly visit counts to nearby businesses
within 0-0.1 miles from the grocery store openings 6-12 months after opening relative to 1-4 months before opening.
We report the treatment effects on different grocery store types by row. Big-box/club warehouses include Walmart,
Costco, and Target; discounters include ALDI and Save-A-Lot; national/regional grocery chains include Publix,
Whole Foods, and Kroger. See Appendix Table A1l for the full classification. Standard errors are clustered at the
real or CF site level.
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Figure 8: Heterogeneous Treatment Effects on Foot Traffic: by Median Household Income of the
Census Block Groups

Notes: We rank the Census Block Groups (CBGs) where the grocery store openings are located in terms of their
median household income and divide the openings into quartiles. This figure plots the heterogeneous treatment
effects on the log of monthly visit counts to nearby businesses within 0-0.1 miles from the grocery store openings
6-12 months after opening relative to 1-4 months before opening. We report the treatment effects by neighborhood
income quartile by row. Standard errors are clustered at the real or CF site level.
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Figure 9: Heterogeneous Treatment Effects by Pre/Post COVID Openings

Notes: This figure plots the coefficients 8¢ and corresponding 95% confidence intervals by estimating equation (3).
Panel (a) plots the estimated results for the pre-COVID sample, and panel (b) plots the estimated results for the post-
COVID sample. Pre-COVID openings are those occurring before 2020; post-COVID openings are those occurring in
2020 or later. The regression sample consists of a panel of all incumbent business establishments within 0.1 miles of
the real grocery store openings and their matched counterfactual sites, observed from 4 months before the openings
to 12 months after the openings. Standard errors are clustered at the real or CF site level.
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Figure 10: Foot Traffic before and after Opening: Pre-COVID and post-COVID Sample
Notes: This figure plots the estimated coefficients of p of equation (4), along with 95% confidence intervals for the
pre- and post-COVID sample separately. p, captures the effects of the grocery store opening on the foot traffic at

that location. The outcome variable is the monthly number of visits. The standard errors are clustered at the grocery

store level.
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(a) Growth of Numbers of Businesses (b) Growth of Employment
Figure 11: Treatment Effects on Surrounding Business Dynamics as a Function of Distance

Notes: This figure plots the average treatment effects of grocery store openings on nearby businesses in each concentric
ring 0-3 years after opening relative to 1-3 years before opening by estimating equation (8). 95% confidence intervals
are shown along with point estimates. The regression sample consists of a panel of all businesses within 0.5 miles
from each of the grocery store opening sites and their matched CF sites, observed from 3 years before the openings
to 3 years after the openings. For the area surrounding each real opening site and CF site, respectively, we use a
distance band of 0.1 miles to define concentric rings in which surrounding businesses are located for a distance up to
0.5 miles from each site. Panel (a) shows the treatment effects on the growth of the number of businesses. Panel (b)
shows the treatment effects on the growth of employment. Standard errors are clustered at the real or CF site level.
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Figure 12: Treatment Effects on Surrounding Business Dynamics Within 0.1 Miles

Notes: This figure plots the coefficients 3,1 and corresponding 95% confidence intervals by estimating equation (8).
Coeflicients (-1 summarize the average effects of an opening on nearby businesses within 0.1 miles in period 7 after
the opening. The regression sample consists of a panel of all businesses within 0.1 miles from the real grocery store
openings and their matched counterfactual locations, observed from 3 years prior to the openings to 3 years after the
openings. The treatment group consists of all businesses that are 0-0.1 miles from the real grocery store openings.
The control group consists of all businesses that are 0-0.1 miles from the counterfactual locations for openings.
Standard errors are clustered at the real or CF site level. Panel (a) & (c) plot the results of numbers of businesses
and employment, respectively. Panel (b) & (d) additionally implement an inverse propensity score weighting.
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(b) Growth of Employment
Figure 13: Decomposition of Treatment Effects on Surrounding Business Dynamics

Notes: This figure presents the estimated treatment effects on surrounding business growth, decomposed into the
respective contributions from openings, expansions, closures, and contractions. The analysis focuses on businesses
within a 0-0.1 mile radius of the opening site, with the post-treatment window spanning 0-3 years after opening
relative to a three-year pre-opening baseline. Panel (a) and (b) report the decomposition for the growth in the number
of establishments and total employment, respectively. Point estimates are displayed with 95% confidence intervals.
Standard errors are clustered at the actual or counterfactual (CF) opening site level.
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Figure 14: Heterogeneity Treatment Effects on Business Dynamics by Business Category and Gro-

cery Store Types

Notes: This figure reports heterogeneous treatment effects on surrounding business growth within 0-0.1 miles of
grocery store openings over the 0-3 year post-opening period relative to 1-3 years prior to entry. Effects are shown
separately by surrounding business category and by the type of grocery store opening, and are further decomposed
into contributions from business entry (openings) and exit (closures). Panels (a) and (b) present results for the growth
in the number of establishments, with business categories defined according to Table A2. Panels (c) and (d) present
the corresponding results for employment growth. For heterogeneity by business category, group k in equations (6)
and (7) is defined by interacting distance rings with business categories, and equation (8) is estimated separately for
each category within 0.1 miles of the site. Point estimates are shown with 95% confidence intervals. Standard errors
are clustered at the real or matched counterfactual site level.
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Figure 15: Heterogeneous Effects on Business Dynamics by 4-Digit NAICS Industry

Notes: This figure reports heterogeneous treatment effects at the 4-digit NAICS industry level on surrounding business
growth within 0-0.1 miles of grocery store openings during the year of entry and the first year thereafter, relative to
1-3 years prior to opening. Effects are decomposed into contributions from firm entry (openings) and exit (closures).
Point estimates are shown with 95% confidence intervals. Industries are ordered from top to bottom according to
the magnitude of the estimated total growth effect. The numbers in parentheses beneath each industry label report,
respectively, the industry’s pre-opening share among surrounding businesses and its average post-opening growth rate
at matched counterfactual sites. The figure displays industries with statistically significant positive effects at the 95%
level and with pre-opening shares ranking in the top two-thirds of the distribution. Panel (a) presents effects on the
growth in the number of establishments, and Panel (b) presents effects on employment growth. Standard errors are
clustered at the real or matched counterfactual site level.
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Variable Category Source
Population Neighborhood Demographics ACS
Share Under 16 Neighborhood Demographics ACS
Share 16-65 Neighborhood Demographics ACS
Share White Neighborhood Demographics ACS

Edu. College Plus Neighborhood Demographics ACS
Commute By Car Accessibility / Traffic ACS
Commute By Public Transit Accessibility/Traffic ACS
Commute Work From Home Accessibility /Traffic ACS
Commute Time 0-15 Accessibility / Traffic ACS
Commute Time 15-30 Accessibility /Traffic ACS
Commute Time 30-45 Accessibility /Traffic ACS
Commute Time 45-60 Accessibility /Traffic ACS
Commute Time 60-90 Accessibility / Traffic ACS
Median HH Income Customer Purchasing Power ACS
Median Home Value Customer Purchasing Power ACS
Unemployment Rate Customer Purchasing Power ACS
Competitors Competition Proximity SafeGraph
Wholesale/Retail Business Environment SafeGraph
Finance Business Environment SafeGraph
Accom/Eat/Drink Business Environment SafeGraph
Medical Services Business Environment SafeGraph
Other Services Business Environment SafeGraph

Table 1: List of CNN Input Variables

Notes: This table lists all the input variables of the CNN model. We selected these variables to capture the primary
factors that influence a grocery store’s location decision. ACS refers to the American Community Survey, five-year
average statistics. For each half-year opening cohort, we use the corresponding five-year ACS estimates before the
year of opening (e.g., the 2013-2017 ACS average for the openings in 2018, and the 2017-2021 ACS average for the
openings in 2022). SafeGraph business point-of-interest (POI) data are accessed via the Dewey Platform. Variable
abbreviations: Share Under 16 = share of population under age 16; Share 16—-65 = share of population age 16—65;
Edu. College Plus = share with above college degree; Commute By Car = share commuting by car; Commute
By Public Transit = share commuting by public transportation; Commute Work From Home = share working from
home; Commute Time XX = share with work commute time in each bracket (minutes); Median HH Income = median
household income; Median Home Value = median home value. The “Competitors” category identifies grocery-related
businesses; the remaining business environment categories are defined by broad NAICS sectors. Detailed NAICS code
definitions for all business categories are provided in Appendix Table A2. The CNN model uses both the locations
and counts of business POlIs as inputs. Specifically, their latitude and longitude determine their positions in the input
matrix, while their counts define the corresponding values in that matrix.
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Variable Treated Sites Control Sites Difference SMD T-statistics

Demographic features within § miles

Population 3984.10 (8430.87) 4012.33 (6552.35) -28.23 -0.00 -0.08
Share under 16 0.19 (0.06) 0.19 (0.06) -0.00 -0.02 -0.48
Share 16-64 0.65 (0.08) 0.65 (0.08) 000 001 -0.15
Share White 0.72 (0.21) 0.72 (0.22) 0.00 0.01 0.25
Edu. College Plus 0.14 (0.10) 0.14 (0.11) 0.00 0.02 0.48
Commute By Car 0.84 (0.17) 0.84 (0.16) 0.00 0.01 0.27
Commute By Public Transit 0.05 (0.11) 0.05 (0.10) -0.00 -0.00 -0.05
Commute Work From Home 0.06 (0.05) 0.06 (0.05) -0.00 -0.02 -0.41
Commute Time 0-15 0.27 (0.15) 0.28 (0.16) -0.01 -0.04 -0.83
Commute Time 15-30 0.36 (0.12) 0.36 (0.11) -0.00 -0.01 -0.14
Commute Time 30-45 0.21 (0.09) 0.20 (0.10) 0.00 0.02 0.43
Commute Time 45-60 0.08 (0.05) 0.07 (0.06) 0.01 0.08 1.60
Commute Time 60-90 0.06 (0.06) 0.06 (0.05) 0.00 0.01 0.28
Median HH Income 70656.86 (29553.95) 69405.53 (32668.10) 1251.33 0.04 0.83
Median Home Value 275386.37 (198433.67) 279000.73 (230400.23)  -3614.36  -0.02 -0.35
Unemployment Rate 0.05 (0.04) 0.06 (0.04) -0.00 -0.02 -0.42
Business counts within 0.5 miles

Competitors 3.12 (5.96) 3.25 (6.17) -0.14 -0.02 -0.46
Wholesale/Retail 23.63 (51.12) 21.97 (85.70) 1.66 0.02 0.49
Finance 39.84 (122.55) 36.50 (158.86) 3.34 0.02 0.49
Accom/Eat/Drink 32.92 (80.50) 25.74 (91.48) 7.18 0.08 1.72
Medical Services 35.13 (70.78) 29.66 (93.69) 5.47 0.07 1.36
Other Services 36.57 (93.00) 34.16 (120.70) 2.41 0.02 0.46

Table 2: Summary Statistics and Balance Checks

Notes: This table reports means and standard deviations (in parentheses) for treated sites (actual grocery-store
openings) and matched CF sites as the control group. The treated sample consists of 851 opening sites, and the
control group includes 2,089 unique CF sites. Each treated site is matched to up to three CF sites. To construct
weighted balance statistics, CF sites are assigned inverse-match weights: when a treated site is matched to three
CF sites, each CF receives a weight of 1/3; when matched to two CF sites, each CF receives a weight of 1/2, and
analogously for other cases. Demographic variables are measured at the Census Block Group level using the latest
ACS five-year estimates before the openings and are weighted by population overlap within a five-mile radius of each
site, following the construction in equations (9) and (10). We measure business densities as the counts of SafeGraph
POIs (opened at least one month before the focal opening) within a 0.5-mile radius, classified by NAICS sectors. The
business category definitions match those used in Table 1, and we record them in Appendix Table A2. Standardized
mean differences (SMDs) are computed as weighted standardized differences in means between treated and control
groups, using the same inverse-match weights applied in the balance statistics. All t-statistics are from two-sided
t-tests.
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Grocery Type Bottom 25%  25%-50% 50%-75% Top 25%  Total

Big-box Retailers 21 (16.9%) 31 (25.0%) 31 (25.0%) 41 (33.1%) 124
Discounters 112 (28.5%) 109 (27.7%) 90 (22.9%) 82 (20.9%) 393
National/Regional Grocery Chains 63 (18.9%) 71 (21.3%) 100 (30.0%) 99 (29.7%) 334

Table 3: Distribution of Grocery Store Types by Median Household Income at the Census Block
Group Level

Notes: This table shows the distribution of types of grocery store openings in each quartile from low-income to
high-income. The neighborhood-level income is measured at the Census Block Group level.

Business Category Big-box Retailer Discounters National/Regional Grocery Chains
Grocery 2.09% 3.18% 2.69%

Wholesale and Retail (excluding Grocery) 18.49% 20.90% 19.93%

FIRE 15.31% 16.63% 16.70%
Accommodations, Eating, & Drinking 17.26% 17.59% 17.65%

Medical, Welfare, and Healthcare 20.29% 15.84% 17.16%

Other Services 26.56% 25.87% 25.86%

Total 100.00% 100.00% 100.00%

Table 4: Composition of Surrounding Businesses by Grocery Store Type

Notes: This table reports the distribution of surrounding POIs by business category for each type of grocery store
opening. Business categories include Grocery; Wholesale and Retail (excluding Grocery); Finance, Real Estate, Com-
munication, and related services (FIRE); Accommodations, Eating, and Drinking; Medical, Welfare, and Healthcare;
and Other Services.

Period Big-box Retailer Discounters National/Regional Grocery Chains
Pre-COVID 47 (37.9%) 139 (35.4%) 157 (47.0%)
Post-COVID 77 (62.1%) 254 (64.6%) 177 (53.0%)

Total 124 393 334

Table 5: Timing of Grocery Store Openings Relative to the COVID Pandemic, by Store Type

Notes:  This table reports the timing of the opening year relative to the COVID by grocery store opening. We
classify grocery store openings by timing and define all stores opening in 2020 or later as post-COVID openings.
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A Additional Tables

Grocery Store Chain Openings
Big-Box Retailers
Target 69
Costco 30
Walmart Supercenter 12
Other big-box retailers (with < 10 openings) 13

Subtotal

124 (14.6%)

Discounters
ALDI 323
Grocery Outlet 39
Save-A-Lot 28
Other discounters (with < 10 openings) 3

Subtotal
National/Regional Grocery Store Chains

393 (46.2%)

Publix Super Markets 85
Whole Foods Market 36
Sprouts Farmers Market 17
Harris Teeter 12
Safeway 12
Kroger 11
Others (with < 10 openings) 161
Subtotal 334 (39.2%)
Total 851 (100.0%)

Table A1l: Grocery Store Classification and Openings by Type

Notes: This table lists the grocery store chains in our sample and the number of store openings for each chain during
2019-2022. Chains are classified into three types: big-box retailers, discounters, and national/regional grocery store
chains. Chains with fewer than 10 openings are grouped into residual categories within each type. Subtotal rows
report the number and percentage share of openings for each store type.
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Business Category NAICS Code Definition

Wholesale and Retail 42, 44, 45 (two-digit)

Finance, Real Estate, Communication, and Professional 52, 53, 54, 55, 56 (two-digit)
Accommodations, Eating, and Drinking 72 (two-digit)

Medical, Welfare, and Healthcare 62 (two-digit)

Other Services 51, 61, 71, 81, 92 (two-digit)

Grocery 445110, 445120, 452210, 452319 (six-digit)

Table A2: NAICS Code Definitions for Five Business Categories and Competitors

Notes: We follow Miyauchi et al. (2025) in defining business categories of consumption amenities. For all business
categories except Grocery, NAICS classifications are defined at the two-digit level, corresponding to broad industry
sectors under the North American Industry Classification System (NAICS). For the Grocery category, we identify
grocery-related businesses using six-digit NAICS codes: 445110 (Supermarkets and Other Grocery Stores), 445120
(Convenience Stores), 452210 (Department Stores, including firms such as Macy’s and Kohl’s), and 452319 (All Other
General Merchandise Stores, including firms such as Walmart and Target).
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B Additional Figures
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Figure B1: CNN Training Components: Data Augmentation and Input Types

Notes: This combined figure presents two core components of our CNN training setup—data augmentation and
input sample types. Panel (a) demonstrates the three data augmentation methods—translation, rotation, and mir-
roring—used to enhance the diversity and robustness of the training samples. Translation shifts the spatial grid
representation either vertically or horizontally, simulating alternative spatial placements. Rotation captures rota-
tional invariance by reorienting the input matrices, reflecting the idea that once relative positions are fixed, absolute
orientation should not affect locational context. Mirroring applies a left—right reflection, increasing the model’s ex-
posure to spatially symmetric scenarios. Collectively, these augmentations improve the model’s generalization across
diverse real-world settings. Panel (b) presents the three types of input samples for the CNN model. Type 1 includes
at least one real opening, which we remove to construct an idealized counterfactual location. Type 2 includes a real
opening. Type 3 is randomly selected on the map and may not contain any real openings. “Op” denotes a real
opening. The 3x3 grid is shown for illustration; the CNN model uses 10x10 grids in practice.
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Traditional Label Heatmap Label

Figure B2: Labeling Schemes for CNN Training: Traditional (One-Hot) vs. Heatmap

Notes: This figure contrasts the traditional one-hot labeling scheme with our heatmap-based labeling approach for
the CNN model. In the traditional scheme, the label marks only the correct position and ultimately reduces the
matrix to a single value. In the heatmap scheme, label values are assigned across the entire matrix to guide the
CNN’s learning, with the overall loss function optimized via heatmap regression. We assign a value of 1 to the exact
location of a real openinzg arzld decreasing values to surrounding locations, with the decay determined by a Gaussian
—A(z*+y*)

function f(z,y) =e Here A denotes the amplitude, set to A = 1 in our model.
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Figure B3 continued on next page
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(red dot) vs. matched CF at Stafford (blue square); separation ~12.36 mi.
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(d) Pair 2 — zoomed views. Left: Target (opened 25 Oct 2020) within Shepherd Square, Montrose
(red dot). Right: Stafford CF parcel (blue square, 0.05 mi side), later realized as a Costco Business
Center (20 October 2021).

Figure B3: Two Real-Counterfactual Pairs: Relative Locations and Local Contexts

This figure presents two examples of real-counterfactual (CF) pairs—one from the pre-COVID batches and

one from the post-COVID batches—illustrating how CF sites compare to the real openings they are matched with in
our CNN model. Panels (a)—(b) show the Ashburn, VA pair: a Trader Joe’s opened on 6 Sep 2018 at One Loudoun,
while the matched CF site, located approximately 5 mi east at Sugarland Crossing, was later developed into a Lidl on
12 May 2021. Panels (c)—(d) show the Houston, TX pair: a small-format Target opened on 25 Oct 2020 at Shepherd
Square in Montrose, while the matched CF site, about 12.36 mi southwest in Stafford, became a Costco Business
Center on 12 Oct 2021. Overall maps (a) and (c) highlight inter-pair distances.
depict the local surrounding contexts within a 0.5 mi radius, corresponding to the CNN’s primary feature-extraction
range. In all maps, real openings appear as red dots and matched CF parcels as blue squares (0.05 mi per side),

which matches the spatial resolution we use in the CNN.
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CF Realization Rate Over Time at Selected Distance Thresholds
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(a) CF Realization Rate Over Time at Selected Distance Thresholds.
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(b) Coverage of Real Openings by Prior CFs Across Distance Thresholds.

Figure B4: Validation of Matched Counterfactual Sites: Realization and Coverage Rates.

Notes: This figure assesses the validity of the matched counterfactual (CF) sites in capturing real store openings.
Panel (a) evaluates the predictive validity of the matched CF sites by reporting, for the candidate CF sites matched
to each half-year batch of real openings, the percentage subsequently realized as actual openings within selected
distance thresholds (0.2 mi, 0.5 mi, 1 mi, and 2 mi). Panel (b) presents the converse perspective, documenting,
for each half-year batch of real openings, the percentage that had a corresponding prior CF site within the same
thresholds. Together, these measures assess both the quality of the matching approach and the representativeness of
the CF pool in covering realized openings. All statistics are calculated within a restricted sample of real openings
for the top 15 non-dollar store grocery brands in the U.S. and are truncated at the end of 2022. The inclusion of
additional brands or more recent data may yield higher rates.
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Figure B5: Treatment Effects on Foot Traffic to Surrounding Businesses Within 0.1 Miles

Notes: This figure plots the coefficients 32 and corresponding 95% confidence intervals for each treatment group
by estimating equation (3). Coefficients 8¢ summarize the average effects of an opening on nearby businesses in
treatment group g in period 7 after the opening. The regression sample consists of a panel of all incumbent business
establishments within 0.1 miles of the real grocery store openings and their matched counterfactual sites, observed
from 4 months before the openings to 24 months after the openings. The treatment group consists of all businesses
that are 0-0.1 miles from the real grocery store openings. The control group consists of all businesses that are 0-0.1
miles from the counterfactual sites for openings. Standard errors are clustered at the real or CF site level.
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Figure B6: Robustness: Excluding Publix Openings

Notes: This figure shows the robustness of the main results after removing the grocery store openings of Publix. This
figure corresponds to Figure 5 and plots the coefficients 8, and corresponding 95% confidence intervals for each
treatment group by estimating equation (3). Coefficients (-, summarize the average effects of an opening on nearby
businesses in the n-th ring in period 7 after the opening. The regression sample consists of a panel of all incumbent
business establishments within 0.1 miles of the real grocery store openings and their matched counterfactual sites,
observed from 4 months before the openings to 12 months after the openings. The treatment group consists of all
businesses that are 0—0.1 miles from the real grocery store openings. The control group consists of all businesses that
are 0-0.1 miles from the counterfactual locations for openings. Standard errors are clustered at the real or CF site
level.

o7



C CBG Demographic Weighting

In the propensity-score matching stage, demographic features are computed as spatially weighted
averages of Census Block Group (CBG) attributes. For each site s (either a real opening or a

counterfactual) and each CBG ¢ intersecting the five-mile radius of s, B(s,5), we define the weight

Area(cN B(s,5))

Area(c) ©)

We,s = Pop. x

where Pop. denotes the population of CBG ¢. Then, for each demographic attribute f, the site-level
covariate Dy ¢ is given by

d
Dy = Eree s, (10)
¢ We,s

where d,. ; is the value of attribute f in CBG c. This construction ensures that each CBG contributes

to the site-level measure in proportion to its overlapping population.
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D Conceptual framework

This section proposes a conceptual framework to guide our empirical exercises.

D.1 Model setup

There are K composite of service goods, and a numeraire good representing all non-service con-
sumption. Each composite good is sold by a unique category of business. Following Miyauchi
et al. (2025), we categorize surrounding service businesses into 6 types: (1) wholesale and retail
(excluding grocery); (2) grocery stores; (3) accommodations, eating, and drinking; (4) finance, real
estate, communication, and professional services; (5) medical, welfare, and healthcare services; (6)
Other services.

Each individual chooses the number of visits to each composite good, denoted as X, and a

numeraire consumption good zg, and maximizes the following Cobb-Douglas utility function,

K
max xgo Xg’“
{zo, zks} i}
where 0y for k = {0,1,---, K} is the taste parameter for each type of composite good. We assume

that the preference is homothetic so that E}I::o 0r = 1. Each composite good X}, is assumed to be

a CES aggregator over an individual’s visits to each place of interest (POI) j, denoted as xy;.

where Ji is the number of type-k POls, and oy, is the elasticity of substitution within business type
k. We assume that o5 > 1 for all k. This assumption implies that within the same category, each
POI acts as a gross substitute for the others.

Each individual chooses the number of visits to type-k POI j, x;. Henceforth, we use the
tuple (k,j) to denote type-k business j. The monetary cost of service offered by (£, j) is hyj, which
can be interpreted as the spending at (k,j) from a single visit. We assume that the spending per
visit hy; is constant before and after a grocery store entry.?® In addition to this monetary cost of
service, consumers incur a monetary cost corresponding to travel time, denoted as ytj;, similar to
Su (2022). Here, v is the opportunity cost of the individual’s time, and ;; is the average time
associated with visiting (k, j), which we define more formally later. Therefore, the total price of

purchasing service at POI j in category k is,

Prj = hij + tkj

28This assumption precludes the scenario where a POI upgrades its service quality to justify a higher price or
charges a higher price markup over time.
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We normalize the price of the numeraire good to be 1. Each individual is then subject to the

following budget constraint
K Ji

2o+ > > wkj(heg + vls) <1,

k=1 j
where [ is the individual’s realizable income, if they were to have no visits to surrounding businesses
and consume only the numeraire good xy.

Given the preference, the Dixit-Stiglitz price index for visits to type-k business is,

T 1/(1—o%)
Po= | D (g + ) (11)
J
The price index Py, reflects the unit cost of consuming the composite good X, aggregating service
costs and travel costs across all POIs in category k (Dixit and Stiglitz, 1977). When oy > 1, access
to more POIs lowers Py, reflecting love-of-variety effects (Krugman, 1979). The magnitude of this
variety effect is decreasing in o: when POIs within a category are close substitutes, adding variety
only weakly reduces the price index, but consumers are more responsive to price differences across
individual POls.
Consumer optimization indicates that the optimal number of visits to POI (k,j) can be ex-

pressed as,

N\ %% I8 - -0 -
g = () xS = (hay )T x PO x 10y (12)
Py Py

From this equation, it is clear that individuals visit POIs with lower total prices more often.

The elasticity of the number of visits to the price is governed by the elasticity of substitution oy.

D.2 Travel time

Recall that in the previous section, we denote the average travel time associated with visiting POI
(k,j) as tg;. In this subsection, we formally define #;;, link it with individual trip bundling choice,
and outline one assumption we make about the trip bundling.

Formally, let fkj denote the round-trip travel time from home to POI (k,j) and back, and let
tkm—k'n denote the single-trip travel time between POI (k,m) and POI (k’,n). When an individual
makes a single-stop trip to POI (k, j), the associated travel time is simply fkj. When an individual
makes an N-stop trip bundle, denoted as trip i, following the route Home — (k1,j1) — (ko, j2) —
(kn,jn) — Home, the total travel time for trip 7 is,

1. N-1 1.

ti = §tk1j1 + Z gkm:jm‘”ﬁn-ﬁ—l7.7'm-‘r1 =+ itkNjN

m=1

For a bundled trip i on which POI (k, j) is one of the N stops, i.e. (k,7) € {(k1,j1),--., (kn,JN)},
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we define the travel time allocated to (k, j) as,

1 N
tikj = thj — N( Z o jm. ti>,
m=1

where Zﬁzl thm.jm — ti > 0 is the total time saved by bundling and 1/N allocates these savings
equally across the IV stops. For a single-stop trip to (k,j), we have t; 5; = fkj. Let My; denote the
total number of trips on which POI (k, j) is a stop. Taking the average across all My; trips, the

average travel time associated with (k, j) is,

Feasibility condition. A trip bundle is feasible only if its total travel time does not exceed the

sum of the standalone round trips to each stop:

This condition holds whenever POIs are spatially clustered so that successive legs of the chain are
shorter than separate round trips from home—a consequence of the triangle inequality in geographic
space.

Under the feasibility condition, the time savings from bundling are non-negative, so t; ;; < fkj

for every bundled trip. Since single-stop trips contribute ¢; 5; = fkj, averaging across all trips yields,

Mkj
i = —— Ytk <ty
kj Mkj mz_:l m,kj > Ukj

Moreover, the more frequently a POI is included in bundled trips, or the larger the time savings

per bundled trip, the lower #;; is relative to ;.

D.3 Model Predictions

A grocery store opening at location ¢ adds a new POI to category k = grocery, reducing the price
index Pgrocery through the variety channel. Crucially, it also creates new trip-bundling opportunities
for nearby POlIs in all categories: consumers visiting the new grocery store can combine that trip
with stops at adjacent businesses, reducing the effective travel time ¢; for nearby POIs (k, j). Both
channels lower the effective cost of consuming local services.

From equation (12), we see that the log number of visits a POI (k, j) receives is,

In(zy;) = —op In(pr;) + (ox — 1) In(Py) + In(16y)
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and consequently, comparing the log number of visits before and after the grocery store opening,
we have,

Aln(a:kj) = —O’kAln(pkj) + (o — 1)Aln(Fy)

which indicates that changes in the number of visits to a POI are driven by two variables: (1) the

change in its total price, and (2) the change in the overall price index for business category k.

Empirical Prediction I: In regressions where we control for opening case by business category by
calendar year fixed effects, a POI closer to the new grocery store will experience a larger increase in
the number of visits following the grocery store’s opening, compared to a POI in the same business

category that is further away from the grocery store entry.

By conditioning on the opening case by business category and calendar year fixed effects, we
directly control for both (o — 1)Aln P, and In(I6;). Consequently, cross-sectional variation in
Aln(xy;) within a category is driven solely by variation in Aln(py;). Under our assumption that
the service price hy; is constant, the remaining variation in py; comes exclusively from changes
in the effective travel time tz;. Trip bundling implies that POIs closer to the new grocery store
experience a larger reduction in ¢x;, because they are more likely to be included in a multi-stop
chain anchored by the grocery visit. Consequently, these nearby POIs experience a larger increase
in the number of visits.

Empirical Prediction II: Comparing the average treatment effects across business categories
(i.e., across separate category-specific regressions as in Section 4.3.1), categories whose services
are more commonly bundled with grocery trips, or that have a larger within-category elasticity of

substitution oy, will exhibit larger average increases in foot traffic.

The change in log visits for POI (k, j) after absorbing category-specific price-index movements
is proportional to oz Aln(pg;). Thus, the average treatment effect within category k depends on
both (1) the typical reduction in effective travel time tj; for POIs in that category (which is larger
for categories more likely to be bundled with grocery trips) and (2) the elasticity of substitution
o (which amplifies the visit response to a given price change). Since oy is constant within a
category, this prediction is testable by comparing the magnitudes of the estimated coefficients

across category-specific regressions.
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