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Abstract

Despite an absence of causal evidence showing that limiteesa to healthy foods is to blame for unhealth-
ful consumption, policies aimed at improving poor diets mpioving access are ubiquitous. In this paper, we
use novel data describing both the healthfulness of holdbod purchases and the retail landscapes facing
consumers to measure the role that access plays in exgairiig some people in the United States eat more
nutritious foods than others. We first confirm that househelith lower income and education purchase less
healthful foods. We then measure the spatial variation énatverage nutritional quality of available food prod-
ucts across local markets, revealing that healthy foodieasdikely to be available in low-income neighborhoods.
Though significant, spatial differences in access are gmlallive to the spatial differences in store sales and ex-
plain only a fraction of the variation that we observe in thieritional content of household purchases. Systematic
socioeconomic disparities in household purchases paftistaccess is equated: even in the same store, wealthier
and more educated households purchase more healthful fGodsistent with this result, we further find that the
nutritional quality of household purchases responds \igetig to changes in their retail environment, especially
among households with low levels of income and educatiogeffer, our results indicate that even if spatial dis-
parities in access are entirely resolved, over two-thifdb® existing socioeconomic disparities in consumption
would remain.
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1 Introduction

While it is well known that there are large nutritional disitias across different socioeconomic groups in the
United States, concrete evidence on why these dispariissteas been elusive. Poor diets could be attributed to
any of three factors: limited access to healthy foods, highiees of healthy foods, or preferences for unhealthy
foods. Under the assumption that differential access @ayisnportant role in explaining nutritional disparities,
the Agricultural Act of 2014 appropriated $125 million indieral funds to be spent annually to promote access
to healthy foods in underserved communities (Aussenbdﬂ@z()aﬂ Many state and local governments have
also introduced programs to improve access by providingdpgrants, and tax credits to stimulate supermarket
development and encourage existing retailers to offethiealfoods in food deserts (CDC (201%.

Despite the growing popularity of such programs, littlei@Wwn about their potential for narrowing nutritional
disparities. This paper seeks to fill this gap. In doing someke three key contributions to our understanding
of socioeconomic disparities in nutrition and spatial disfles in access. First, we construct a dataset describing
the nutritional quality of the food products purchased bysaholds across the entire U.S. to provide the most
thorough depiction of socioeconomic disparities in nigtnal consumption to daHeCombining data on the spatial
distribution of stores, availability of nutritious prodscand relative prices of healthy-to-unhealthy foods, et
provide an equally comprehensive depiction of spatial alisies in access. Finally, in our main contribution,
we use the detailed nature of our data to show that spatiphdiies in access play a limited role in generating
socioeconomic disparities in nutritional consumptionr @sults indicate that improving access to healthy foods
alone will do little to close the gap in the nutritional quglof grocery purchases across households with different
levels of income and education. Even if spatial disparitiesccess were entirely resolved, over 70% of the existing
socioeconomic disparities in nutritional consumption ldaemain.

While there has long been agreement among researchersothaggatial disparities in access and socioeco-
nomic disparities in nutritional consumption exist, théuat effects of access to healthy foods on food purchases
have been heavily contested (Bitler and Haider (:Z(ﬁﬂ)\)’hile some studies find no relationship between store
density and consumption (see, for example, Pearson e085)2and Kyureghian et al. (2013)), studies that do find
a positive relationship infer the role of food environmefintsn a cross-sectional correlation between local store
density and food purchases in a single city or in a few neighbads (Rose and Richards (2004); Morland ét al.
(2002); Bodor et &l.[ (2008); Sharkey et al. (2010)). Deteing the direction of causality in this relationship is
crucial in assessing the potential impact of access-impggolicies on the food purchases of local households.

The challenge we face in identifying the causal role of agégshat socioeconomic disparities in nutritional

1In an address to the Mayor's Summit on Food Deserts in 2014t Eady Michelle Obama “challenged attendees...to loakafays to
attract grocery stores and other businesses selling fresluge to their communities,” stating that “studies hawashthat people who live in
communities with greater access to supermarkets...ea fresh fruits and vegetablesl” (Curiis, 2011) She furtloéed that access “can have
a real impact on the health of our families...it's not thabgle don’t know or don'’t want to do the right thing; they justMe to have access to
the foods that they know will make their families healtfiier.

2The USDA formally defines a food desert as a census tract thatsspecific criteria for both income and access. In thispap use the
term “food desert” to refer to areas where nutritious foolasd to obtain.

3Between 2004 and 2010, the Pennsylvania Fresh Food Fimaiitiative provided $73.2 million in loans and $12.1 nali in grants to
stimulate supermarket development in food deserts in tie.sin 2013, North Carolina House Bill 957 began grantingctadits to retailers
who offer healthful foods in food deserts. In 2014, Marylathouse Bill 451 provided $1 million in assistance to food desthrough loans
and grants, and the New Jersey Food Access Initiative dtanteivate-public partnership to attract supermarketsttetserved areas.

“We use “purchases” and “consumption” interchangeablyfeBifices in food waste, charitable giving, etc. that leagsbbold purchases
to systematically differ from household consumption arngooel the scope of this paper.

5There is also no consensus on the impact of a householdisartironment on obesity and other health problelns. Arateend Matsa
(2011) find no effect of fast food entry on obesity, while Geiet al. (2010) find impacts for school children and pregnantmen.
Courtemanche and Carden (2011) find that Walmart entry &sese local obesity rates, though non-causal results [froem €tal. [(2010)
and \Volpe et &l.1(2013a) suggest that the impact of storg eatres with neighborhood characteristics and the typeasesentering.



consumption and access could be driven entirely by difiegeimn demand. To highlight this challenge we present
a simple model that nests two mechanisms, one driven by w@mal one driven by demand, each of which can
independently explain the socioeconomic disparities itlpases that we observe. On the supply side, we suppose
that high-socioeconomic status (SES) households are rikelg to live in locations where the cost of accessing
healthy food is lower. As long as demand is not perfectlyastit, these differences in access will cause high-SES
households to purchase healthier bundles than low-SESholdgs, even if preferences are homothetic and tastes
do not vary systematically across socioeconomic groupsh®demand side, we suppose that preferences are non-
homothetic and tastes vary systematically with SES. Evaodéss is identical across households, these differences
in demand will cause high-SES households to purchase hexdtiiindles than low-SES houesholds. Since either
mechanism is sufficient to generate the observed corral&tween consumption and access, this correlation
alone is not sufficient to uncover the role that access plagenerating nutritional disparities separately from the
role of demand-side factov@.

Our model motivates two complementary analyses that allto o beyond existing work and examine the
direction of causality in the relationship between nutriil availability and nutritional consumption. Our first
empirical strategy is cross-sectional and compares tipadiges that exist across the entire U.S. to disparitias th
exist across households living in the same location or singgp the same store. As we expect disparities in con-
sumption that are due to differential access to exist ontyéen households living in different neighborhoods, the
disparities that we observe within a given retail environtmovide an estimate of the disparities in consumption
that would persist if spatial disparities in access werly fglsolved. If tastes only vary with income and education,
this estimate will be exact. If tastes also vary with unobakle household characteristics, and households sort into
residential and retail locations according to these tasites the observed within-location disparities will iresde
be a downward-biased estimate of the disparities that wpeitdist if retail access were equalized nationwide.
In this case, the difference between these within-localieparities and the disparities that we observe in the full
cross section of households will instead provide an uppendon the proportion of existing nutritional disparities
that can be removed by equating access across the entire U.S.

Our cross-sectional results indicate that eradicatingaisparities in retail access would resolve less than a
third of the observed disparities in nutritional consuroptiwhen we control for access by looking at households
living in the same census tract, nutritional disparitiesusen households that are above versus below the national
medians for both income and education are reduced by 32% phgsible, though, that households living in the
same neighborhood still have differential access, eitbeabse they live in different locations within the neighbor
hood or because of differences in mobility. To eliminatdeténces in access entirely, we look at purchases made
within a given store. The results from the within-store gei mirror those from the within-location analysis: the
socioeconomic gap in the healthfulness of food purchagesliscced by less than a quarter when we only compare
purchases in the same store. In both the within-locationvéittdn-store analyses, the majority of the disparities
that we observe between households across the entire UsSstpghen we control for access. Even if spatial
disparities in access are entirely resolved, at least 68%teoéxisting nutritional disparities would remain.

Policies aimed at improving access can broadly be dividedtimo categories: those that incentivize the entry

6In the appendix, we present a parametric version of this inib@é is more explicit about these mechanisms and shows laoiv ean
independently explain the observed socioeconomic diggsinboth access and consumption. In particular, stores in high-Sfighhorhoods
may offer more nutritious food products because of diffeesnin wholesale and retail costs (e.g., healthy foods cost and rents are higher
in high-SES neighborhoods). These differences in accags @o turn lead to differences in consumption, even if h§f&S and low-SES
households have identical demand conditional on accessth©nther hand, high-SES households may have higher dencariteélthy
foods than low-SES households. While differences in comsiam would follow directly, differences in supply coulkéwise arise due to
within-group preference externalities.



of new stores, and those that encourage existing retatdlesffdr more healthful products. Our second empirical
strategy leverages observed changes in retail envirorsogat our sample period to directly measure how house-
holds in our data responded to changes in access and to cethgaeffectiveness of store entry versus product
expansion policies. While comparing the purchases of thgedaousehold over time removes any correlation
between changes in access and time-invariant componehntais€hold demand, changes in access will likely be
correlated with unobserved changes in household tasteis. endogeneity of changes in access to these unob-
served taste shocks implies that the observed responseiséholds “treated” with changes in access provide an
upper bound for the expected response of households moeeadign

Previous studies measuring the effects of changes in tatalscapes on food purchases are local in scope,
looking at either the entry of a single supermarket or arrustetion to increase the availability of nutritious food
products in a single urban food desert, and find modest sefigftigley et al. [((2003); Cummins etlal. (2005);
Weatherspoon et al. (2013); Song €t al. (2009); Cummins ¢2@lL4)). We demonstrate that these results hold
more generally by showing that the elasticity of the healtigss of household food purchases with respect to the
density and nutritional quality of retailers in the houslefsovicinity is positive, but close to zero. Providing the
typical low-SES household with access to the retail envirent of the average high-SES neighborhood would
only close the gap in nutritional consumption across theeas by 1-3%. Looking at changes in access driven
by store entry alone, we again find very limited response$efhitealthfulness of household purchases despite
evidence that households are aware of new stores: an euvegtamalysis shows that households change the mix
of stores in which they shop when a new store is introducedhlete is no lasting impact on the nutritional quality
of household purchases. These results again indicate dfiates aimed at improving access to healthful foods
will do little to resolve disparities in nutritional consymtion.

Despite a large policy literature on the topic, the relatlip between access and nutritional consumption
has been largely ignored by economists. Methodologically, paper is closest to the literature that uses the
entry of fast food restaurants and large retailers, sucham#t, to identify a causal relationship between retail
environments and obesity (Currie et al. (2010); AndersahMatsa [(2011); Courtemanche and Carden (2011)).
Our paper departs from these previous studies in two impbdianensions. First, we are concerned not just with
the relationship between access and nutritional consemgtut rather the interaction between access, nutritional
consumption, and socioeconomic stﬂuiThis is important for evaluating the effectiveness of cotneolicies,
as recent efforts to improve access do so with the intentdifai@g disparities in consumption across different
socioeconomic groups. Second, we look directly at the m@shg food purchases, by which we expect changes
in retail environments to impact obesity, rather than agatself. While access may have a causal impact on
obesity, it need not work through the hypothesized mecharésd the mechanism is of greater concern from a
policy perspective.

If disparities in retail access do not generate the consiemplisparities that we observe, then something
else is to blame. There are a range of explanations for diggsain purchases, including differences in tastes or
social norms, price sensitivities, and budget constraifrts the purposes of this paper, we remain agnostic as to
the reasons why we observe systematic differences in tHthhéaess of purchases made by households either
living in the same location or shopping in the same store.utnré work, we aim to determine which factors

“Currie et al.[(2010) examine differences by race and edwtafThey find that the impact of fast food entry on weight gaimyjieatest
among African American mothers and mothers with a high scedocation or less. In our time-series analysis, we find weslthier and
more educated households respond slightly more to imprer&syin access to healthful foods. This difference is coasisvith the finding
of(Chen et al.[(2010) and Volpe et al. (2013a) that the impBstave entry depends on both neighborhood characteristidghe type of store
entering.



are most important for explaining the large disparities gesist when we look at households in the same retail
environment.

The paper proceeds as follows. In Secfibn 2, we describeatesets that we use. In Sectidn 3, we document
(i) how the nutritional quality of purchases varies acrossdeholds with different levels of income and education
and (ii) how access to nutritious foods varies across mankéh different observable characteristics. In Section
[, we present a simple theoretical framework to demonskmaitethe detailed nature of our data can be used in
two complementary analyses to bound the role that accegs iplgenerating consumption disparities. Sedfioh 5.1
implements our cross-sectional approach by looking at mdratonsumption disparities persist when we control
for residential or retail location. Sectibn b.2 takes apralative, time-series approach and examines whether we
observe the healthfulness of household purchases resgpiedchanges in local access. In Seclibn 6, we provide
a discussion of our results and conclude.

2 Data

We combine six datasets that together describe the nuiitipuality of grocery purchases that households make,
the food stores located in the neighborhoods where thesgeholds reside, the nutritional quality of the products
offered in these stores, and the demographics of these bmighods. Below we introduce each dataset and
highlight the features most relevant for our analysis. Ttierested reader may refer to Apperidix A for additional
details.

The first dataset is the Homescan data collected by the N&tidonsumer Panel (NCP) and provided by
Nielsen. The Homescan data contains transaction-levehpse information for a representative panel of 114,286
households across the U.S. between 2006 and 2011. Househdlge panel use a scanner provided by the
NCP to record all of their purchases at a wide variety of stevhere food is sold. After scanning the Universal
Product Code (UPC) of each item purchased, the househaddd®the date, store nhame, quantity purchased,
and price. Items that do have a UPC are included as “randoighiig@urchases. This data has three features
that are useful for our analysis. First, we observe housktteographic data reported on an annual basis. We
use this information to measure two dimensions of socioecoa status that are posited to impact a household’s
consumption decisions: income and education. Second, wered the census tract in which each household
resides. We use this information to measure the degree whwslicioeconomic disparities in consumption persist
when we control for each household’s retail environmemntahly, we observe household purchases over a period
of between six months and six years. This time series vaniailows us to measure the responses of households
to observed changes in their retail environments.

While the Homescan data describes the stores in which sémehiop and the products that they purchase at
these stores, it only provides a limited picture of the tetavironments in which households are making their
purchase decisions. We use two additional datasets, batttaimed by Nielsen, to obtain a more comprehensive
picture of the retail environments that households facesebothe full set of stores available to households, we use
the Nielsen TDLinx data, a geo-coded census of food storémil).S. We use this data to calculate concentration
indexes that summarize the number of stores to which holdshave access. To see the full set of food products
available at a subset of these stores, we use the Nielsetr&dadata provided by the Kilts-Nielsen Data Center
at the University of Chicago Booth School of Business. ThanBack data contains weekly sales and quantities
by UPC collected by point-of-sale systems in over 30,00€igpating retailers across the U.S. We use this data



to calculate indexes that summarize both the nutritionaliuand the relative prices of products offered by each
store in the dataset.

The Nielsen datasets do not contain nutritional infornratar the products purchased by Homescan panelists
or offered in Scantrack stores. We obtain this informationf Gladson and IRI. The Gladson Nutrition Database
provides nutritional information for over 200,000 uniqu@Cks throughout the entire length of our sample. For
2008 onwards, we supplement the Gladson data with nutaitioformation from the IRI database of over 700,000
UPCs. Each database contains information on the quantityacfo-nutrients and vitamins per serving, serving
size in weight, and the number of servings per container. \&gmthe Gladson and IRI data with the Homescan
and Scantrack data to uncover the full nutritional profileproducts we observe being purchased by households
and sold in stores. In Sections3.1 3.2, we describe house¢his information to measure the healthfulness
of household grocery purchases and the healthfulness dtipteoffered in stores, respectively.

The final dataset that we use is the five-year pooled (200@)2@mherican Community Survey (ACS). The
ACS contains demographic information for each census tnatte U.S. We use this information to measure the
distribution of income and education in the neighborhoadshich Nielsen households reside and Nielsen stores
are located.

3 Socioeconomic Disparities in Nutritional Consumption ad Access

3.1 Disparities in Nutritional Consumption

We begin by documenting the extent of disparities in nainiéil consumption across households with different
levels of income and education. We focus on djuality rather than the quantity of food a household purchases
since the latter is affected by the extent to which a houskbkats at restaurants, and a propensity for eating
out is likely related to household characterichSNe measure the quality of household purchases using two
complementary indexes, both of which are calculated at atlmhofrequency for each household in our sample.
As results are consistent across indexes, we only presenth@me. Our preferred measure, the “nutrient score,”
measures the extent to which a household’s grocery purshiaséate from the nutrient composition recommended
in the USDA's Dietary Guidelines for Americans (DGA). Thedrested reader may refer to Appendix C to view
results using our alternative measure of household pueaipazelit
The nutrient score for the grocery purchases recorded bgetmldh in montht is defined as

8We are working with the USDA's National Household Food Agifion and Purchase Survey (FoodAPS) to measure socioguono
disparities in the nutritional quality of food consumed swWeom home. While knowing how nutritional consumption ainf® and away
from home are related is important for understanding theadvieature of nutritional disparities, this relationslignot critical for our focus
here. Current policies that aim to reduce nutritional disies by improving access do so primarily by targeting asc® food for at-home
consumption. The relationship between the nutritionalitjuaf food consumed at home and away from home will therefamly be important
when evaluating the effectiveness of these policies if Bbakls substitute between these means of consumption wtehaccess improves.
However, we do not observe any evidence of this substitutioa quantity of calories purchased by households in ouelpdwes not change
when access changes. This suggests that only the direct effietail access on purchases for at-home consumptiaisrtedbe considered.

%0ur second index, the “expenditure score,” measures tlemietd which a household’s grocery purchases deviate frenexpenditure
shares recommended by the Thrifty Food Plan. The plan wagrdesby USDA Center for Nutrition Policy and Promotion (OR)Fbased
on recommendations from the DGA. Our expenditure scorevialithe measure used by Volpe €t al. (2013a). Refer to AppERéhr results
using this measure.
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wherej indexes nutrientgyc;,: denotes the amount of nutrienper calorie in householt's grocery purchases
in montht, andpc“4 is the amount of nutrient in the DGA recommended diet per calorie consu .The
guidelines indicate whether to consider the recommenddtioa given nutrient as a lower bound or an upper
bound. We assign the nutrients for which the recommendéatian upper bound to the unhealthful category (total
fat, saturated fat, sodium, and cholesterol) and the migrfer which the recommendation is a lower bound to the
healthful category (fiber, iron, calcium, Vitamin A, and &finin C The nutrient score penalizes households for
purchasing less (more) than the recommended amount ohhddlinhealthful) nutrients per calorie. To account
for differences in the units in which nutrients are measuvegl normalize the deviations of household nutrient
purchases from the DGA's recommendations. We follow Volipe|g2013b) and summarize the normalized devi-
ations using an inverse squared loss function. Finallhe®tare no clear guidelines as to which nutrients are most
important for health, the index construction gives equatweto all nutrients. For example, an underconsumption
of fiber and an overconsumption of saturated fat are treatedame.

While useful for analysis, one drawback of indexes in genieréhat they can be difficult to interpret. To
demonstrate that our nutrient score accords with intujtioriTable[1 we show how this measure of nutritional
quality varies across three sample bundles. The first buoaisists of only healthy products, the second bundle
contains a mix of healthy and unhealthy products, and thd thindle consists of only unhealthy products. We
determine the food products included in each these bungleslbcting among the most widely purchased UPCs
in each of the USDA Center for Nutrition Policy and PromotsofCNPP) 13 healthful and 10 unhealthful food
categorie

Table[1 yields two takeaways. First, we see that the relatitgent scores accord with intuition: that is, the
healthy bundle has a higher nutrient score than the mixedlbwvhich in turn has a higher nutrient score than the
unhealthy bundle. Second, we see that the nutrient scorelatas well with more naive measures of nutrition,
including the percent of calories from fruits and vegetajtlee percent of calories soda, and total calories. While
we can go beyond these previous measures and distinguisbdrebundles with equal calories from fruits, veg-
etables, and soda but different nutrient compositions bdtthin and across product categories, it is reassuring to
note that our index is correlated with these recognizablesmess of healthfulness.

10These recommendations are summarized in the FDAs inginsct for how to make use of nutritional labels
(http://'www.fda.gov/Food/IngredientsPackagingLanhgiLabelingNutrition/ucm274593.him, last accessed oceDer 4, 2014).

Hwe exclude nutrient scores that are more than twice thendistaetween the 90th and 50th percentiles from our analyeirly 5% of
household-month scores), as they likely reflect measureaneor. Our results are qualitatively robust, howeverh®inclusion of outliers.

12some of these nutrients are identified as “nutrients of aoride the DGA while others are not. We use all of the availatdeommended
nutrients, regardless of whether they are nutrients of @mmas our goal is to assess the overall healthfulness wvidod! diets rather than
larger public health concerns. Our nutrient score higltéighe choices that consumers make relative to the infoomaind recommendations
available to them at the time of purchase. Itis likely thatiticluded nutrients, such as Vitamins A and C (both listethagients of concern”
in 2005 but dropped in 2010 in response to increased congamypare correlated with “nutrients of concern” for whickewlo not have
information, such as potassium.

13Refer to TablEAID for a list of the CNPP healthful and unthidal food categories.

14We replicate our analysis with these familiar measures tftian in place of our nutrient score in AppendiX C.
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Table 1: Healthfulness of Sample Bundles

Amount (OZ)
Healthy Mixed Unhealthy

Sample Bundle:

Healthy

Cereal- Ready to eat 12.25 6.125 0
Russet Potatoes 160 80 0
Broccolli Florets 12 6 0
Carrots 16 8 0
Kidney Beans 30 15 0
Iceberg Lettuce 16 8 0
Strawberries 16 8 0
Orange Juice - No Pulp 64 32 0
Low-fat Yogurt 36 18 0
Boneless Chicken Breast 48 24 0
Tuna - Chunk Light 20 10 0
Creamy Peanut Butter 18 9 0
Eggs - Grade A Large 24 12 0
Unhealthy

Potato Chips 0 55 11
Milk - 2% Fat 0 64 128
American Cheese 0 6 12
Bacon 0 8 16
Breakfast Scramble 0 12 24
Butter Grade AA 0 4 8
Coca Cola 0 72 144
Oreo Cookies 0 1.125 2.25
Mayo 0 1.875 3.75
Frozen Pizza 0 56.60 113.20
Nutrient Info

Nutrient Score 0.85 0.77 0.2
Total Calories 12,160 15,343 18,525
Total Calories Per OZ 25.75 32.84 40.08
Fat (grams per 100 cal.) 3.2 4.61 5.54
% Calories from Candy 0.00% 0.98% 1.62%
% Calories from Soda 0.00% 5.47% 9.07%
% Calories from Fruit& Veg 7.15% 2.84% 0.00%

Note: The above table shows how measures of nutritionalityuelry across three sample bundles. To determine the foodugts included in each of these
bundles, we select among the most widely purchased UPCsin@4sPP food category.

We are interested in the extent to which the nutritional iyaf household purchases varies systematically
with household characteristics. In Table 2, we regressdtmld-month nutrient scores on household income,
household education, and other demographics with yeathrfored effect@ We see that wealthier and more
educated households purchase more healthful foods. Ajthboth effects are statistically significant, the stan-
dardized coefficients reported in column (4) reveal thatatian explains more of the variation in the quality of
household purchases than income. Nutritional dispardtieess households with different levels of education but
the same level of income are over twice as large as dispaatimss income levels controlling for education.

One can see this graphically in Figlide 1, which depicts tleeamye nutrient scores for households with income

15Refer to Tabl€ADb for regression results by individual fmntts. That is, we run the same regressions as in Table 2nsietaid of the
household nutrient scores the dependent variable is thealiaed deviation of the household’s per calorie consuomptif a given nutrient
from the recommended consumption.



and education above and below the respective medians. Iticadih confirming that average scores vary more
across education groups than across income groups, thesbdrés also provide a way to interpret the relative
magnitudes of nutrient scores across different socioaoangroups. Comparing the high-income, high-education
average with the low-income, low-education average, wetlsaethe scores of households with above median
income and education are on average 23% of a standard demigher than the scores of households with below
median income and education.

Table 2: Household Characteristics and Nutritional QualftPurchases

Ln(Nutrient Score)

) &) @) 4
Ln(Income) 0.0989** 0.0487**  0.0307**
(0.0029) (0.0031) (0.0020)
Ln(Education) 0.646"* 0.557** 0.0731**

(0.014) (0.015) (0.0020)

Observations 3,356,636 3,356,636 3,356,636 3,356,636
R2 0.013 0.017 0.017 0.017
Standardized No No No Yes

Standard errors in parentheses

*p < 0.05, ** p <0.01, ** p < 0.001
Notes: Observations are at the household-month level.dStdrerrors are clustered by household. All regressiorisdecyear-month fixed effects and controls
for household demographics, including household size diesynaverage head of household age, a dummy for maritakstdtiousehold heads, dummies for
households with either a female or male household head alymmy for the presence of children, and dummies for whetteehousehold reports being white,
black, Asian, or Hispanic. Refer to Talle’AA.4 for the full regsion results.

Figure 1: Nutrient Scores Across Households
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Notes: The figure above presents average household-mofrteniscores across households with different socioemimprofiles. Households are considered
high income (HI) if their size-adjusted household inconiks fabove the median level across all households ($39,221 )aav income (LI) otherwise. Households
are considered high education (HE) if the average years wdaibn of their household head(s) falls above the mediamsaall households (13.98 years) and

low education (LE) otherwise. 33% of households are HI/HBplare HI/LE, 17% are LI/HE, and 33% are LI/LE. These resuiésfar January 2010; they are
representative of other months in the Homescan data.

3.2 Spatial Disparities in Access

We now turn to documenting disparities in access to heatibg$ across neighborhoods with differentincome and
education profiles. We characterize retail environmeritgiadexes that reflect the number of stores consumers
have access to, the healthfulness of the products availaliteese stores, and the prices of healthy, relative to
unhealthy, products offered by these stores.



3.2.1 Store Concentration

We begin by looking at simple concentration indexes tha¢cethe spatial distribution of retail food stores in and
around each census tract in the U.S. The concentration@sdie kernel densities based on store locations from
the TDLinx data. Letl,; denote the distance between ster@nd the centroid of census trd¢ctand letS; denote

the universe of stores in our sample in timeWe define the concentration index for census ttagttime ¢ as a
Gaussian kernel with a bandwidth of 20@1:

S 3%
Concentration Indexlt:Z e 2\ 20

=V 2T

Figure2 depicts how these store concentration indexeswidimtract demographics from the ACS. We see that

there is spatial correlation between income, educatiahtl@mconcentration indexes: wealthier and more educated
census tracts have a higher concentration of stores indieaiity. These differences are large, with households in
tracts with above versus below median income and educat@ing concentration indexes that are on average 73%
of a standard deviation higher. In contrast to what we sa thi¢ household scores in Sectionl 3.1, concentration
indexes vary more with neighborhood income than with neighbod education. These patterns suggest that
household education matters more for purchases wheregismehood income matters more for access.

Figure 2: Store Concentration Indexes Across Census Tracts
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Notes: The figure above presents average concentratioxes@eross census tracts with different socioeconomic ositipns. Tracts are considered high income
(H1) if their median household income falls above the mediael across all tracts ($47,299) and low income (LI) othsewTracts are considered high education

(HE) if their share of college-educated residents fallsvattbe median share across all tracts (22.5%) and low edunc@tE) otherwise. 46% of tracts are HI/HE,
10% are HI/LE, 10% are LI/HE, and 34% are LI/LE. These resatésfor 2010; they are representative of other years in theiDsample.

In Table[3, we regress tract-year concentration indexesamt-level characteristics. Figuré 2 is formalized
in column (1): median income within a tract is positively @sated with store concentration, whereas the share
of college-educated households has a significantly negydiivt comparatively negligible, association with store
concentration. Columns (2) through (6) display the refaiop between tract-level demographics and store-type-
specific concentration indexes. That is, the dependerdhviaris the concentration of a certain store type, such as
grocery stores, instead of the concentration of all foodestoWe see that the results in column (1) do not mask
significant differences across store types: high-inconghi®rhoods have significantly more storesabiftypes
than low-income neighborhoods.

160ur results are robust to the use of alternative bandwiditiskarnel specifications.



Table 3: Neighborhood Characteristics and Store Cond#orira
) ) ®) (4) (5) (6)

All Grocery  Convenience Drug Mass Merch. Club
Ln(Median Income) 0.343* 0.359** 0.339** 0.337** 0.208** 0.301**
(0.0071) (0.0070) (0.0071) (0.0071) (0.0075) (0.0073)
Ln(College-Educated Share) -0.0¥96 -0.00652 -0.0188" -0.0153 -0.0935** -0.0647**
(0.0071)  (0.0070) (0.0071) (0.0071) (0.0074) (0.0073)
Observations 44,530 44,530 44,530 44,530 44,528 44,507
R? 0.105 0.122 0.103 0.103 0.021 0.062

Standard errors in parentheses

*p <0.05, ** p<0.01, *** p < 0.001
Notes: Observations are at the tract-year level. All vdeslare standardized. These results are for 2010; they presentative of other years in the TDLinx
sample.

3.2.2 Store Inventory and Pricing

While kernel densities of the number of stores allow us tavéra disparities in the spatial distribution of retailers,
this measure ignores the fact that all stores are not equabitantly, stores may differ in the products and prices
they offer, even within store types. To account for spatigpdrities in these dimensions of nutritional availailit
across neighborhoods, we use the Scantrack data to congalthfhiness and price indexes for each of the stores
in the Scantrack panel that we are able to match to locatfoniration in the TDLinx dat

To summarize the nutritional content of the products offérea given store in a given month, we use a store-
level variant of the nutrient score defined for householdSéntiorB]@ The store-level nutrient score reflects
the per calorie nutrients that a representative householddiypurchase in store in month¢. The household
is nationally representative in that they purchaBeof the products available in a store such that their relative
UPC-level expenditure shares for that store reflect the)natiaverag

The nutrient score for storein montht¢ can be written as

2
DGA
. pcjst — pc;
Nutrient Scoregs = E Dij |pcj5t < pcDGA
pcPC J
JE€JHealth ful J
DGAN 2 !
3 PCjst — PCj DGA
+ pcDGA Ipcjse > pc;
JE€JUnhealth ful J

wherej again indexes nutrientslycaun fur @Nd Junheattnfu are defined as in Sectign 8.1, apd’“4 is the
DGA's recommendation for the per calorie consumption ofieatj. pc;,; is the per calorie amount of nutriest
that would be purchased by a representative householdrassio montht, calculated as

Vut
PCjst = E E v PCjuy
u€Us¢ UEUsy “ut

17Refer to AppendiX for details on this match.

18As with the nutritional quality of household purchases, weasure the nutritional quality of store-level product oifgs using various
indexes. We only present results for our preferred indee,haithough the interested reader may refer to Appelndix Br.xesults using
alternative measures of the nutritional quality of prodefégrings.

190ur store-level nutrient score does not use any informativactual store-level sales. We use national-sales weigthtsr than store-sales
weights in order to capture the relative importance of potsito a nationally representative consumer rather thasre-specific representative
consumer. Indexes based on store-sales weights will bediasvards the tastes of the households visiting that stude therefore, will
mechanically be correlated with the demographics of thee’stdocal community. By using national weights we are ableantrol for the
relative importance of UPCs to the typical consumer withintroducing this bias.
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wherepc;, is the per calorie amount of nutrientn UPCu, U, is the set of all UPCs with positive sales in stere
in montht, andv,,; is the total value of sales of UP&across all stores in the national Scantrack sample in month
£

Before proceeding to a formal analysis of access, in Table £xplore how availability differs for the three
sample bundles introduced in Sectfon]3.1. The top half ofeldshows the percentage of Scantrack stores in
which the entirety of each bundle can be purchased, wheredmttom half shows the percentage of census tracts
in which the entirety of each bundle can be found in at leaststare. TablEl4 yields two takeaways. First, we see
that the unhealthy bundle is available in more stores arabagnore census tracts than the healthy bundle. Second,
availability measured by stores is greater than availghitieasured by census tracts. This indicates census tract
availability is not being driven by a single store; rathelnan a bundle can be found within a given census tract, it
can likely be found within multiple stores in that tract.

2OWe exclude store nutrient scores that are more than twicdigence between the 90th and 50th percentiles from ouysiagapprox-
imately 5% of store-month scores), as they likely reflect sneament error. Our results are qualitatively robust, veweo the inclusion of
outliers.
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Table 4: Cost and Availability of Sample Bundles

Bundle
Healthy Mixed Unhealthy
Store-level
Availability
All Tracts 35.87% 35.81% 69.55%
HI/HE Tracts 38.16% 38.11% 73.39%
HI/LE Tracts 35.60% 35.54% 69.41%
LI/HE Tracts 32.54% 32.54% 65.81%
LI/LE Tracts 33.02% 32.93% 63.92%
Cost Per OZ (Std Dev.)
All Tracts 0.111(0.014) 0.117(0.011) 0.119(0.012)
HI/HE Tracts 0.115(0.014) 0.12(0.011) 0.121(0.012)
HI/LE Tracts 0.109(0.013) 0.115(0.01) 0.118(0.011)
LI/HE Tracts 0.11(0.012) 0.116(0.01) 0.119(0.01)
LI/LE Tracts 0.104 (0.012) 0.111(0.009) 0.116(0.01)
Cost Per 100 Calorie (Std Dev.)
All Tracts 0.432 (0.054) 0.355(0.033) 0.297 (0.029)

HI/HE Tracts
HI/LE Tracts

0.448 (0.052)
0.421 (0.051)

LI/HE Tracts 0.426 (0.048)
LI/LE Tracts 0.404 (0.046)
Tract-level
Availability
All Tracts 28.31%
HI/HE Tracts 33.23%
HI/LE Tracts 24.98%
LI/HE Tracts 28.24%
LI/LE Tracts 22.15%
Cost Per OZ (Std Dev.)
All Tracts 0.112(0.014)

HI/HE Tracts
HI/LE Tracts

0.116 (0.013)
0.108 (0.013)

LI/HE Tracts 0.11 (0.012)

LI/LE Tracts 0.104 (0.012)
Cost Per 100 Calorie (Std Dev.)

All Tracts 0.433(0.053)

HI/HE Tracts
HI/LE Tracts
LI/HE Tracts 0.427 (0.046)
LI/LE Tracts 0.404 (0.045)

0.449 (0.051)
0.421 (0.05)

0.364 (0.032)
0.35 (0.031)
0.352 (0.03)
0.339 (0.028)

28.27%
33.19%
24.94%
28.24%
22.09%

0.117 (0.01)
0.12 (0.01)
0.114 (0.01)
0.115 (0.009)
0.111 (0.009)

0.355 (0.032)
0.364 (0.031)
0.349 (0.03)

0.351 (0.028)
0.338 (0.027)

0.301 (0.03)
0.294 (0.027)
0.296 (0.026)
0.29 (0.025)

47.52%
54.55%
42.90%
49.00%
38.16%

0.12 (0.011)
0.122 (0.012)
0.118 (0.01)
0.119 (0.01)
0.117 (0.009)

0.299 (0.027)
0.304 (0.029)
0.295 (0.026)
0.297 (0.025)
0.291 (0.024)

Note: The first part of the table presents bundle availgtalitd cost at the store level; the second part reports bumdikahility and cost at the tract level. Bundle
availability is calculated as the share of stores (tratiaf offer all the products (or similar products) listed ie torresponding bundles of Table 1. Bundle cost is
the sum of products between purchase amount and averageopsanilar products across all products in the bundle. Bingiroducts are defined to be products
in the same product module and whose description containe &ay words as in the description of the exact products ibtimlle. For example, the similar
products for “Tuna—Chunk Light” are products in the modulESEAFOOD-TUNA-SHELF STABLE” and containing key words “TNA WTR CHK LT".

We are interested in the extent to which the nutritional iquaif store offerings varies systematically with
neighborhood characteristics. In Table 5, we regress tire-shonth nutrient scores on store-specific, market-
level variable@ Since the concentration indexes are at the tract level, fieedaeighborhood socioeconomic
characteristics by tract in Figuié 2 and Table 3. Here, wieatstreat space continuously and look at how the

21Refer to TableEAl7 arfd A.8 for regression results by healtafd unhealthful nutrients, respectively. That is, we tha same regres-
sions as in TablEl5, but instead of the store nutrient scarel¢éipendent variable is the normalized deviation of theonalily representative
household’s per calorie consumption from the recommenededadorie consumption of a particular nutrient.
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socioeconomic status of residents in the general vicinitg store covaries with the nutritional quality of the
products available in that store. We measure the averageesonomic profile surrounding a store using kernel
densities of median household income and college-educdiaes for census tracts in the store’s vicinity as
reported in the AC@

Looking first to column (1), we see that store nutrient scamary with neighborhood demographics. Stores
in wealthier and more educated neighborhoods tend to offange of products whose nutrient content, on the
whole, better accords with the DGA recommendations. To éxanvhether this variation in nutritional offerings
can be attributed to regional differences, in column (2) eret®l for DMA, a Nielsen market definition of similar
geographic scope as Metropolitan Statistical Areas. larool (3), we further control for store chain interacted
with DMA. While income is positively associated with the riaht scores of stores across DMAs, this association
disappears when we control for store chain. This suggeststth main effect of income on nutritional availability
comes through the particular retailers that locate in am,ar@her than systematic differences in the types of
products that a particular retailer offers. The assoaidtietween local education and the range of products offered
in stores, however, persists even after introducing cts i@ DMA and DMA-store chain interactions. This
implies that chains of stores offer a healthier mix of pradun more educated neighborhoods, even within the
same DMA.

Table 5: Neighborhood Characteristics and Nutritional ipuaf Product Offerings
Ln(Nutrient Score)

1 @ 3

Ln(Median Household Income Density)  0.}08  -0.10I*** 0.0106

(0.0058) (0.013) (0.0077)
Ln(College-Educated Share Density) 0.00676 0%104 0.00999

(0.0058) (0.0087) (0.0057)
Observations 1,239,022 1,239,022 1,239,022
R2 0.243 0.305 0.466
Fixed Effects None DMA DMAxChain

Standard errors in parentheses

*p < 0.05 % p <0.01, *** p < 0.001
Notes: Observations are at the store-month level. Staretands are clustered by store. All variables are standeddiAll regressions include year-month fixed
effects. DMA refers to designated market area, and DMAxEsihe interaction of DMA and store chain.

Figure3 depicts how store nutrient scores vary with traotalgraphics from the ACS. It is striking how much
less variation there is in the levels of the nutritional dyabf product offerings across neighborhoods than in
the levels of the nutritional quality of purchases acrosssetolds as observed in Sect@lWhile these
differences are more pronounced when compared to the sthddsiation of scores across all stores, this is a
mechanical artifact of the generally limited variationle thealthfulness of product offerings across all stores. Th
z-scores presented on the right-hand panel of Flgure 3 demades that differences in neighborhood demographics
explain more of the relatively small degree of overall vépiain nutrient scores across stores than differences in
household demographics explain of the larger degree ofaiveariation in nutrient scores across households
(with high-income, high-education neighborhood storegiritanutrient scores 0.42 standard deviations above

22 | etting L denote the set of census tragig,the socioeconomic characteristic in census ttant 2010, andd,; the distance between

stores and the centroid of census trdcthe relevant socioeconomic kernel density around stisegiven byzl{1 plwsl/Zil wg; Where
_1(ds)?

we = Lﬂe 2( 20 ) . We use a Gaussian kernel with a bandwidth of 20km, althoughresults are robust to the use of alternative
bandwidths and kernel specifications.

23The differences in expenditure scores are more pronounbes we look across store type instead of store location. ingolo Figure
[AZ we see that grocery stores have higher nutrient schegsdonvenience stores, for example. This difference ismmnounced for our
alternative measure of nutritional quality, which is basadhe distribution of expenditures across healthy and alttheproduct categories.
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low-income, low-education neighborhood stores, relativéhe 0.23 standard deviation gap between high-SES
and low-SES househol@.

Figure 3: Nutrient Scores Across Stores: Available Progluct
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Mean across all stores = 0.65

Standard deviation across all stores = 0.19
Notes: The figure above presents average store-level eitpendnd nutrient scores across census tracts with diffesecioeconomic compositions. Tracts are
considered high income (HI) if their median household inedalls above the median level across all tracts ($47,299)@m income (LI) otherwise. Tracts are
considered high education (HE) if their share of collegeeaded residents falls above the median share acrosscad (22.5%) and low education (LE) otherwise.
54% of tracts are HI/HE, 7% are HI/LE, 11% are LI/HE, and 28% llfLE. These results are for January 2010; they are reptatee of other months in the
Scantrack sample.

One way to assess the magnitude of the disparities in thehifiakess of available products is to compare
them to the disparities in the healthfulness of store s&esall that the availability indexes were computed using
national-sales weights so as not to reflect local demand. @&sure the healthfulness of store sales by computing
analogous indexes where we instead use actual store-sailgistsv In Figur€¥, we see that the differences in the
healthfulness of products sold across neighborhoods wifdreht demographics are much more pronounced than
the differences in the healthfulness of the products avalarhough differences in the healthfulness of products
offered across neighborhoods are limited, the differeirtéise healthfulness of products sold mirror the patterns
we observed using the household-level data in SeEfidn hé.gap between thenutrient scores reflecting what is
sold in stores in neighborhoods with above versus belownrecand education is more than four times as large as
the gap in thenutrient scores reflecting what is availabfdnes in these neighborhoods.

2%We see similar results at the neighborhood level. Usingetedensities of the nutrient scores of stores surroundimty eansus tract
centroid, we find only a small amount of variation in nutrisnbres across neighborhoods with different demographics.
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Figure 4: Nutrient Scores Across Census Stores: Availadnisus Sold
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Notes: The figure above presents average store-level nusgeres, computed using either store-sales or natiafes-sveights, across census tracts with different
socioeconomic compositions. Tracts are considered higbnie (HI) if their median household income falls above theliae level across all tracts ($47,299)
and low income (LI) otherwise. Tracts are considered higkcation (HE) if their share of college-educated resideaits fbove the median share across all tracts
(22.5%) and low education (LE) otherwise. 54% of tracts drelB, 7% are HI/LE, 11% are LI/HE, and 28% are LI/LE. The platthe left ("Available") replicates
the availability indexes presented in Figlife 3 above, wihiéeplot on the right ("Sold") reflects store-level scordswated using the observed sales in each store.
These results are for January 2010; they are representédidiber months in the Scantrack sample.

Given the disconnect between the nutritional quality ofdureis available and the nutritional quality of prod-
ucts actually sold across neighborhoods, it is unlikely thiierences in product availability drive the observed
differences in sales. At the very least, these results sidghet nutritional disparities in the products sold across
stores cannot be explained by any constraint imposed bgrdiftes in the availability of nutritious food products
alone. That said, there are other store policies, such em@rand amenities, that may also influence household
purchases. Even though a product is on the shelf in a low-Sfighiborhood, the product may be prohibitively
expensive or offered in an unkept section of the store suattiie item is not truly “accessible” to households in
that neighborhood.

The Scantrack data includes the prices offered to consyrakoaiing us to examine the role of differential
pricing directly. One commonly cited hypothesis for why lavcome consumers eat less healthy foods is that
unhealthy calories are less expensive than healthy cag:ismce low-income consumers face tighter budget
constraints and food is a necessity good, they will allooatee of their expenditure towards cheaper, less healthful
foods than high-income consumers. While relative priceg beaa key driver of nutritional disparities in general,
they are only relevant for this paper insofar as the priciragfices of the stores in low-SES neighborhoods lead
low-SES households to purchasen more unhealthy foods than they would if they had access to thepoéfered
by stores in high-SES neighborhoods. If store pricing isléarte for the relative unhealthfulness of sales in low-
SES neighborhoods, it must be the case that either (a) theses £harge higher prices for all food products,
limiting their customers’ consumption possibilities armtding them to allocate even more of their expenditure
towards cheaper products than they would otherwise, oh@®sg stores charge relatively more than stores in high-
SES neighborhoods for healthful versus unhealthful foadipcts. We explore these hypotheses by looking at the
spatial distribution of prices for all food products, as Mealthe distribution of the prices offered for healthy rigiat
to unhealthy foods. As documented in ApperldixID.2, we find tliferences in pricing alone cannot be driving
consumption disparities: stores in high-SES neighborbabdrge more than stores in low-SES neighborhoods for

25We see this to be the case in the Nielsen data. In the majdrityadluct groups, we observe that the national average pecealorie
of products in healthful CNPP food categories is, on averhmger than the national average price per calorie of prtzdin the unhealthful
CNPP food categories.
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all products on average, and healthful foods are actudhyively more expensive than unhealthful foods in these
neighborhoods. Therefore, if anything, pricing patteimsudd cause store sales in low-SES neighborhoods to be
more, as opposed to less, healthful than store sales inbmaigbods with wealthier and more educated residents.

The manner in which healthful products are presented, dictptheir shelf space and department cleanliness,
may also make these products relatively less attractiveeitaim stores (see, for example, Zenk etlal. (2011)).
We do not have the qualitative data required to assess wiibibee differences can help explain socioeconomic
differences in store sales. In Section]5.1, we use fixedtsfieccontrol forall differences in access across neigh-
borhoods and even across stores in order to obtain an uppedtm the role that these factors jointly play in
explaining socioeconomic differences in household pwseba

4 Theoretical Framework

We have demonstrated that there are large socioeconomardiss in the nutritional content of household grocery
purchases as well as significant, yet more limited, spaisgadities in access to healthy foods. The direction of
causality here is undetermined. It is plausible that theatisies in nutritional consumption are due entirely to
the fact that lower income and less educated householdsdtaess to different products than higher income and
more educated households (that is, any systematic variatithe content of grocery purchases would disappear
if all households lived in the same location). It is also giale that these spatial disparities are due to households
sorting into locations where they have access to the foodymts they prefer to purchase or, more likely, that
households sort into locations based on factors correlaittdtheir demand for grocery products (e.g. housing
prices, proximity to employment opportunities, schoots,)eand spatial disparities in product availability arise
because stores cater to local demand. In reality, therekalg feedback effects between household demand and
retail access.

In this section, we introduce a simple and quite generalrétaal framework in which socioeconomic status
and local supply both influence household food purchases fldamework demonstrates the challenge that the
previous literature has faced in identifying the causd between access and the nutritional quality of household
purchases. It also suggests two ways in which we can use thigedenature of our data to overcome this challenge.
In Section§ 5]1 arld 5.2, we apply each of these approachegiioieally bound the impact that improving access
can have on socioeconomic disparities in the healthfulbés®musehold purchases. The interested reader may
refer to AppendiXE for a more parametric approach to thisihe

Consider a model witi/ locations indexed by. Each locatiori has a population of equal siZé composed
of heterogeneous individuals whose socioeconomic st&SY, indexed by, can take one of two values, lou)
or high (H). We rank locations by their share of high-SES householdb,lvigher! locations having larger shares
of high-SES households. We assume that the share of highhi8&stholds in a neighborhood is exogenously
determined.

Consider a representative household of $Hging in location/. The household decides how much to consume
of each of a set of grocery varieties indexed by nutritionsldy ¢ = 1,...,Q and an outside good. The
household selects these products to maximize utility stligetheir budget constraint, which is determined by
the cost of accessing healthy food products in their loadtip;(¢), and the household’s incomg. The cost of
access reflects not only the retail price of food productsatao travel costs and storage. This cost will be infinite
if products of a certain quality level are entirely unavhitato consumers in a location. The household’s problem
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is therefore given by

Q

X Un(a(g).2) subjectto) _pi(@)z(q) +pi2)z <y
g=1,...,Q % pour

wherez(q) denotes the quantity of each product quadityurchased by the household.

The solution to the household’s problem yields a Marshallamand curve for products of each qualjty
xr(q,P;), where the consumption of products of qualitcan vary with consumer SE$, and the vector of
access costs in a locatidR;. The possibility that demand is also a function of consumenine y;,, is accounted
for by the fact that this demand function is indexediby

Denote the average quality of the food products consumedahbgédholds with socioeconomic stafuacross
all locations@y,. If A\, (I) denotes the population share of typdrouseholds in locatioly the sales-weighted
average quality of products purchased by typeeuseholds across all locations is

Qn = ZZ/\h )sn(q; Pi)q

11 llql

where the within-grocery expenditure share on productsiafity ¢ is given bys; (¢, P;) = %.

This expression highlights two distinct mechanisms that each generate the socioeconomic disparities in
nutritional consumption documented in Secfidn 3. The firsthanism is driven by supply. Suppose that demand
did not vary with SES, such that; (¢, P;) = s5.(q, Pi) = s(g, P;) in any given market. Under this assumption,
the sales-weighted average quality of purchases varibsSES only through differences in the spatial distribution

of households by SES:
M Q

Qn=—r —— ZZ/\h s(q,P1)q
=1 /\h

=1 g=1
If high-SES households tend to live in locations where thet obaccessing food products incentivizes all house-
holds to purchase healthier foods, regardless of theioseconomic status, there would be a positive correlation
between the spatial distribution of high-SES householdsaatess to healthful food products. Mathematically,
this would imply a positive correlation betweken(l) = 1 — Ar (1) andds(¢, P;)/dq across locations, presum-
ably becaus@f(q,P;)/dq, wheref(q,-) is an index function reflecting the relative cost of produaftsjuality
q. In practice, we expect that it might cost less to accessthefdods in high-SES neighborhoods because local
firms cater to local high-SES tastes for these products. Mewd demand does not vary with SES, such cost
differences could arise as the result of a combination oflegade unit costs and retailing costs. In Apperidix E,
for example, we demonstrate that differences in wholesaderatail costs (healthy foods cost more and rents are
higher in high-SES neighborhoods) provide firms in high-8Eighborhoods with a comparative advantage in the
distribution of nutritious products.

The second mechanism is driven by differences in demandglif 8ES households purchase relatively more
healthy products than low-SES households in all locatiegardless of access, then high-SES consumption shares,
su(q,P;), would be more correlated with quality than low-SES constiomshares (i.esy (¢, P;)/su (¢, P;) >
sp(q,Pr)/sp(¢,Py) if ¢ > ¢ foralll). This differential taste for quality could arise for a \&tyi of reasons. If
yH > YL, this could be the result of income effects. That is, houkkhwith lower incomes may spend more on
low quality products either because they cost less or becthese are complementarities between consumption
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of the outside good and the quality of grocery products (as in our parametric ehodAppendiXE). High-SES
households might also spend more on high quality produataus® they attain more utility from these products,
regardless of their expenditure on the outside good as thet i, for example, differences in educational attain-
ment. For the purpose of this paper we remain agnostic as yohigih-SES households spend more on healthy
foods within locations. We simply seek to measure the rat ttese demand-side factors, relative to supply-side
differences in access, play in generating the differencgmirchases that we see across households living in all
locations.

In the analysis below, we will attempt to disentangle thege forces by looking at the relative quality of
products purchased by (i) a cross-section of householdisdifferent incomes and education levels but living or
shopping in the same location (switching off the main suggitie source of heterogeneity) and (ii) the panel of
households facing varying retail environments but cortstemome and education (switching off the main demand-
side source of heterogeneity).

First, we look at the socioeconomic disparities in the pasgs of households that live or shop in the same
retail environment. Within a location, the average quaditproducts purchased across tylp&ouseholds reduces
to

q7 Pl

uM@

Comparing the average quality across high-SES and low-®ESeholds, we have that

Q

Qu = (su(q,P1) = s£(q,P1)) g
q=1

If high-SES households have relatively higher expendishieres on high-quality products, then we will have that
Qu(l) > Qr(l) on average across locations. To the extent that theseadiffes in demand yield preference
externalities or home market effects, such that higheriyuptoducts are easier to access in locations where
there is high demand for them, differences in aggregaté tmaand will play a role in generating the correlation
between\y (1) and s, (q, P;)/dq. Looking within locations we will ignore these effects, whky potentially
underestimating the role of demand-side factors and, m fuoviding an upper-bound for the role of access.

In order to get a more precise estimate of the role of acces#hen look at how the purchases of households
change over time in response to changes in supply. Considenarket above with locations recast as markets that
are separated by time instead of by space. Consider the eliatige quality of products purchased by a type-
household between timeandt + 1:

Q
Qn(t) = Qu(t+1) = (sn(q,Pr) = sn(¢, Pry1)) q

q=1

If the prices, or availability, of healthy food products degsed relative to unhealthy food products, we would see
the average healthfulness of the products consumed ircréasuming that a household'’s income and tastes are
constant over time—or at least over the time horizen thatomsider empirically—we can estimate the elasticity of
healthfulness in response to changes in access by regresginges in the healthfulness of household purchases
against variables that summarize local prices and prodwgladility. It is possible that tastes vary over time,
however, and we expect that changes in availability acraskets will be correlated with unobserved changes in
the prevalent tastes of local residents. While the tastasybne panelist household might not reflect the prevalent
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local tastes (a household's tastes may not change or magelvathe opposite direction), we expect that the tastes
of our sample households are, on average, correlated aagyoaith local tastes. As a result, we expect that our
estimate of the elasticity of household purchases withaetsp changes in their retail environment to be subject
to an upward omitted variable bias. We will therefore algeripret these elasticities as an upper bound for the
true elasticity that we expect to govern the response oftases to improved access that is driven by policy
as opposed to endogenous firm responses to changes in mardanfentals. As the correlation between time-
variant components of a given household’s demand and ttaif access is likely more limited than the correlation
between unobservable components of the household’s tstieshere they choose to live or shop, we expect our
time-series results to yield a tighter bound than our ceesgional approach.

5 Role of Access in Explaining Consumption Disparities

We now implement the empirical strategies suggested by adteirto identify the causal role of access in ex-
plaining consumption disparities. We begin by taking a sreactional approach and compare the disparities that
persist when comparing households living in the same retimdocation or shopping in the exact same store to
the disparities that exist across the entire U.S. Levetagbserved changes in households’ retail environments
over our panel, we then directly measure how the nutritionabumption of households in our sample responds to
a changing retail environment. This analysis further alms to explore the relative effectiveness of two common
policy types: incentivizing store entry, or incentiviziagisting stores to offer more healthful products.

5.1 Looking Within Locations and Stores

In the analysis that follows, we control for access to seethdrethe nutritional disparities remain. We begin
by controlling for location, where location is defined asheita county or a census tract. While informative,
one concern with the within-location analysis, is that lehds living in the same neighborhood may still have
differential access. Even within a census tract, distaoaetgil outlets varies depending on the location of the
household, and factors such as car ownership or proximiputwic transportation may yield differences in the
ability of households to travel to stores. Therefore, wehfeir present a within-store analysis that controls for
these factors. Specifically, we study how the nutritionaliy of purchases varies with the characteristics of
households shopping in the same store. To characterizeédparities that exist within stores, we first calculate
household-store-month nutrient scores that reflect thetiouial quality of the purchases that a given household
makes in a specific store in a given month.

In columns (1) of Tabl€l6, we replicate the regression aiafysm column (4) of Tablél2 for the sample of
households with non-missing county and census tract irdon. In columns (2) and (3), we add controls for
household location, using either county or census traatl fefgects. In order to reduce noise, we use expenditure
weights in all specifications. Comparing column (1) to cohen(2) and (3), we see that the association between
income and healthfulness is reduced by approximately arewitinen we control for county fixed effects and again
by another third when we control for census tract fixed effe€he relationship between education and the nutrient
score, however, is more persistent: the coefficient on doluceemains surprisingly stable regardless of the access
controls included. This within-location analysis indiesthat differential access explains between one thirdéo on
half of the nutritional disparities across different inadgroups but only 10% of the disparities across different
education groups.
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Table 6: Household Characteristics and Nutritional QualftPurchases: Controlling for Access
Ln(Nutrient Score)

Geographic Controls Store Controls

) &) ©) 4 (5) (6) )

Ln(Income) 0.0297**  0.0127**  0.00354  0.0253* 0.0245**  0.0165**  0.0111**
(0.0024)  (0.0024)  (0.0024)  (0.0026)  (0.0025)  (0.0025)  0GQ2)

Ln(Education) ~ 0.0807*  0.0796**  0.0714**  0.0476** 0.0472** 0.0459**  0.0447**
(0.0024)  (0.0023)  (0.0025)  (0.0026)  (0.0025)  (0.0024)  0GQ2)

Observations 3191196 3191196 3191196 4165852 4165852 88265 4165852
R? 0.019 0.036 0.161 0.014 0.060 0.069 0.109
FEs No County Tract No Channel Chain Store

Standard errors in parentheses

*p < 0.05,** p <0.01, *** p < 0.001
Notes: In the first three columns, observations are at thedtmid-month level. In the last three columns, observatame at the household-store-month level.
Standard errors are clustered by household. All variabkestandardized. All regressions include year-month fixstts and controls for household demograph-
ics, including household size dummies, average head ofehals age, a dummy for marital status of household headsrdesnfor households with either a
female or male household head only, a dummy for the presdratgldren, and dummies for whether the household repoiitsghehite, black, Asian, or Hispanic.
All regressions include expenditure weights.

In column (4) of Tabl€B, we regress household-store scgaast household demographics, time fixed effects,
and various levels of store contrgfsWe see that the healthfulness of household-store purchasé@screasing in
both income and education. When we control for access hyirigokithin stores of the same type (i.e., grocery,
drug, mass merchandise, or convenience) the associatteredre the nutrient score and income falls slightly,
but not by a statistically significant margin. In Section, 3x2 saw that the store-level nutrient scores vary even
across stores in the same chain. Therefore, to hold a holdéesleopping environment fixed, we need to control
for the exact store in which the household is shopping. Whennglude store fixed effects, the association
between household purchase quality and income is reducatidiyt 50%. This indicates that at least half of the
observed disparity between the store-specific shoppindlbampurchased by households with different levels of
income can be explained by tastes. We stress that the rergainmponent could be explained by either tastes
or access: households may shop at different stores eitlcaube they are more accessible or because they offer
products better suited to their tastes. Access plays asnmalk in explaining the relationship between nutritional
quality and household education: moving from columns (4Y)owe see that the associations between household
purchase quality and household education falls by arouftl 10

These results are visually depicted in Figures 5[dnd 6. Thplsts display the coefficients on income and
education when the same analysis as shown in Table 6 isaggdicising income and education dummies instead
of levels. The dots in Figufd £](6) are the coefficient esteaan income (education) dummies in the specification
without household location or store controls plotted agfathe relevant income (education) levels. The solid
line depicts the smoothed kernel of these estimates. Ineheslibplots of Figurekl5 arid 6, the dashed lines
reflect the smoothed kernels of the coefficient estimatesioonie or education dummies of the point estimates
from columns (2) and (3) of Tabld 6, where we subsequentlyradrk detailed controls for household location.
Analogously, in the right subplots of Figuiigs 5 and 6, thehdddines represent the smoothed kernels of the point
estimates from columns (5) through (7), where we subsetjuadtl more detailed controls for retail outlet. We
see that adding location or store controls dampens theiaisodetween income and nutritional quality, whereas
the relationship between education and nutritional quédimore persistent. In fact, the addition of census tract
or store fixed effects does little to reduce the associatetwéen education and the healthfulness of household

26To control for systematic differences across socioecon@roups in the types of shopping trips that households nmakecific stores,
we use expenditure share weights in all specifications.
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purchases.

Figure 5: Income Effects with Geographic and Store Controls
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Notes: The above plots depict how the association betwesnmia and the nutritional quality of household purchasesg&swhen we control for access using

either location or store controls. Observations in thedafiplot are at the household-month level, whereas obgmmgah the right subplot are at the household-

store-month level. The dots in each plot are the coefficistitrates on income dummies from an expenditure-weigh@g@ssion of log household nutrient scores

on income dummies, log education, other household dembigsmnd month-year fixed effects. The solid line depiatsstimoothed kernel of these estimates. The
dashed lines reflect the smoothed kernels of the coefficienitscome dummies from the same regression with the addfieither geographic or store controls.

Figure 6: Education Effects with Geographic and Store Qiaitr

Geographic Controls Store Controls

Coefficient Estimate
Coefficient Estimate

T T T
b 10 12 14 16 18
fo fz £4 fs fg Household Education

Household Education

Fitted
Fitted (Chain Controls]

. Coefficient Estimates
Fitted (Channel Controls)
Fitted (Store Controls)

. Coefficient Estimates
Fitted (County Controls)

Fitted
Fitted (Tract Controls)|

Notes: The above plots depict how the association betweecaéidn and the nutritional quality of household purchaseenges when we control for access
using either location or store controls. Observations & l&ft subplot are at the household-month level, whereasraasons in the right subplot are at the
household-store-month level. The dots in each plot are deéicient estimates on education dummies from an expemditeighted regression of log household
nutrient scores on education dummies, log income, othesétfmld demographics, and month-year fixed effects. The kodi depicts the smoothed kernel of these
estimates. The dashed lines reflect the smoothed kernéie abefficients on education dummies from the same regressib the addition of either geographic
or store controls.

In Sectior 8, we saw that the disparities across educatiompgrare larger than those across income groups.
The fact that education disparities are also more persiitan income disparities within location suggests that
much of the overall disparities between households renmact within locations, even though up to half of
the income disparities are resolved when controlling fareas. We test whether this is the case by residualiz-
ing household nutrient scores from either tract or storedfigects estimated in regressions that are similar to
those depicted in columns (3) and (7) of Tdble 6. Instead ofrotling for the continuous values of income and
education, however, we control for income and educatiombliding dummies for above-medianincome, above-
median education, and the interaction between the two.ré&igwepicts the average residuals for households in
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different income and education groups. Comparing thesduakized averages to the averages of the unadjusted
nutrient scores originally presented in Figlite 1, we settligagap between thenutrient scores of households that
are above versus below median income and education are ¥yo8 24% lower when we control for household
location or exact retail location, respectively.

Figure 7: Residualized Nutrient Scores Across Households

Geographic Controls Store Controls
2] ©
o
8
g 133 a 073
a 121 a5 Lo oes 085 067 "
% ol 111 113 u‘) 0.60 0.60 057
£ 1.02 1.03 5
© 098 3
3 5
£ 2%
% I
o [}
g” g
< R
>
<
o
HIHE HILE LIHE LILE HIHE HILE LIHE LILE HHE HILE LIHE LILE HIHE HILE LIHE LILE
Raw Resid Raw Resid
Mean across all households: 1.17 (Raw), 1.08 (Residualized) Mean across all households: .66 (Raw), .62 (Residualized)
Standard deviation across all households: 1.33 (Raw), 1.14 (Residualized Standard deviation across all households: .87 (Raw), .78 (Residualized)

Notes: The subfigure on the left (right) presents averageamaivresidualized household-level (household-stord)leugrient scores across households with
different socioeconomic profiles. Residualized scorehiéndubplot on the left (right) are obtained by subtractingsos tract (store) fixed effects estimated in
regressions of the log scores against demographic coninalsiding interacted income and education group fixedctdfemonth fixed effects, and census tract
(store) dummies. Households are considered high incomef(tikir size-adjusted household income falls above thdiarelevel across all households ($39,221)
and low income (LI) otherwise. Households are considerghl biducation (HE) if the average years of education of thmiskhold head(s) falls above the median
across all households (13.98 years) and low education (tH€ywise. 33% of households are HI/HE, 17% are HI/LE, 17%d 4ieE, and 33% are LI/LE. These
results are for January 2010; they are representative afttier months in the Homescan data.

5.2 Changing Retail Environments

As discussed in Sectidd 4, our model suggests an alternditive-series approach to examine the impact that
improving access would have on household consumption., kexexploit the panel nature of our data to study
how household purchases in our sample responded to chantfes availability of healthful foods in their area.
We further use this approach to compare the effectivengsgotommon policies: incentivizing existing stores to
offer more healthful products versus incentivizing stanae

Over the six years in our sample, we observe changes in thi eaironments of households. The retail
environment of a household can change for three reasonke household moves to a different census tract with
different access, 2) the stores in a household’s neighlooricbange the products they offer, and 3) stores enter
and/or exit a household’s neighborhood. We first considerthe healthfulness of household purchases responds
to changes in retail environments driven by any of thesestfaetors. Noting that household moves are endoge-
nous, we next look at households that reside in the same sém&i throughout the sample. Finally, since many
state and federal policies targeting food deserts focudame gntry, we use an event study analysis to examine
how households in our data respond to changes in accessthatwhen a store enters their neighborhood.

5.2.1 Time-Series Analysis

To capture changes in retail environments, we use timeivgukernel densities of store concentration and store
nutritional quality. The concentration indexes are as lfahere we use a kernel density of store indicators to
account for differences in the distance-weighted numbetaks. Similarly, we construct kernel densities of the
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store-level nutrient scores to measure differences iniftarite-weighted availability of healthful produ@s.

In Table[T, we examine how household purchases in our sarapfmnd to changes in these measures of
access. Column (1) is analogous to TdBle 6 in that it exploogsthe quality of monthly household purchases
varies with income and education. In contrast to the amayssented in Tablg 6, however, we control for local
retail environments in Tablg 7 using continuous measurdéseotoncentration and healthfulness of surrounding
stores rather than with household location fixed effectsenEafter controlling for these dimensions of access,
household purchase quality is increasing in income andatuc Household nutrient scores are significantly
related to store concentration but not to distance-wedytere nutrient scores. This indicates that conditional on
the concentration of stores, households in areas wheressstwck products that are closer to the DGA's nutrient
recommendations do not come significantly closer to meghtiadGA's recommendations themselves.

Table 7: Response of Nutritional Quality of Household Passgs to Changes in Retail Access

Ln(Nutrient Score)

) @ ®) @

Ln(Income) 0.0303**
(0.0033)
Ln(Education) 0.548"*
(0.016)
Ln(Store Concentration) 0.0370" 0.00219 0.00209 -0.0391
(0.0016) (0.0066) (0.0066) (0.018)
Ln(Avg. Store Score) 0.167* 0.0256 0.0335** 0.0313**
(0.014) (0.0085) (0.0086) (0.0091)
Ln(Store Conc.)*Ln(Inc) 0.0045T*  0.00490 **
(0.00098) (0.0010)
Ln(Store Conc.)*Ln(Edu) 0.0196 0.0159
(0.0063) (0.0067)
Ln(Avg. Store Score)*Ln(Inc) 0.0332* 0.0359 **
(0.0064) (0.0067)
Ln(Avg. Store Score)*Ln(Edu) 0.179* 0.161°**
(0.032) (0.034)
Observations 3110233 3110233 3110233 2807362
R? 0.020 0.273 0.273 0.275
Elasticity w.r.t Conc. 0.0370 0.00219 -0.00181 -0.0428
Elasticity w.r.t Score 0.167 0.0256 0.00149 -0.000245
Demographic Controls Yes No No No
Household Fixed Effects No Yes Yes Yes
Non-Movers Only No No No Yes

Standard errors in parentheses

*p <0.05, ** p<0.01, ** p < 0.001
Notes: Observations are at the household-month level.dStdrerrors are clustered by household. All regressiorisdecyear-month fixed effects. Log income
and education are both demeaned. Demographic controlglmtlousehold size dummies, average head of household@gmpay for marital status of household
heads, dummies for households with either a female or maledimld head only, a dummy for the presence of children, anthdes for whether the household
reports being white, black, Asian, or Hispanic.

While we control for household demographics in columns fJable[d, households may sort spatially by
unobservable characteristics that are correlated witlega®r healthy foods. If stores are sorted according to
these unobservable characteristics, the coefficientsara sbncentration and store nutrient scores in column (1)
will be biased upwards. On the other hand, if households withste for healthful foods sort into residential
neighborhoods with fewer stores or with stores that offss leutritious products, then the coefficients will be
biased downwards. To account for both observable and unase household characteristics, we add household
fixed effects in columns (2) through (4). When we control fog household, the coefficients are identified off of
the time-series variation in purchases and retalil envimnt@ In column (2), we do not observe the nutritional

27As before, we use a Gaussian kernel with a bandwidth of 20ketiirlg S; denote the universe of stores in timeF,;; the expenditure

score of store in census tract in time ¢, andd; the distance between stosend the centroid of census trdcthe expenditure score kernel
_1(da)?
density for census traétin time ¢ is given bny;l %e 2 ( 20 ) . Similarly, letting Ng;; denote the nutrient score of starén census

I

_1(ds1)?
tract! in time ¢, the nutrient score kernel density for census ttasttime ¢ is given bysz:»1 %e 2 ( 30 ) .

™

28since demographics are nearly constant across our samijie fier a given household, we no longer control for inconayaation, and
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quality of household purchases responding to changes icdheentration of retail outlets in the household’s
vicinity. However, household nutrient scores do respoightly to improvements in the nutrient composition of
products sold by stores in their neighborhood.

To explore whether the responsiveness of household pwesti@aghanges in the retail environment varies by
the socioeconomic status of the household, we interactdbesa kernel densities with income and education
in column (3). We see that the statistically insignifican¢rage response of household-level nutrient scores to
the concentration of stores in their vicinity masks a stiatifly significant difference in the responsiveness of
households by income: households with higher levels ofrime@nd education improve the nutritional quality
of their purchases when the concentration of stores in #rei increases. We observe a similar socioeconomic
disparity in the responsiveness of household nutrientescwithin respect to product offerings, suggesting that
high-SES households respond more than low-SES househbktstivey are offered a more nutritionally-balanced
mix of food groups in their neighborhood stores.

Even when we control for both observable and unobservahlsdtmld characteristics using household fixed
effects, one might still be concerned that households pasiyely sort into locations based on their tastes through-
out our sample. In column (4) of Tallé 7, we limit the samplédwuseholds who live in the same census tract
for all years that they are in the panel. The results are vengistent across samples, indicating that the variation
in household retail environments that is driving our residtdue either to store entry, store exit, or changes in
the product offerings of incumbent stores. Though thisataom is not exogenous to the overall market in which
these stores are located, these shifts in aggregate demeantee likely the result of households moving into or
out of the neighborhood than shifts in the individual demah@hcumbent households whose responses we are
measuring.

Despite being statistically different than zero, we not the improvements in nutritional consumption that
we observe in Tablel 7 are very small when compared to the lbge@doeconomic disparities in nutritional con-
sumption. To get a sense of what the magnitudes of the ceeftgin Tabl€l7 imply, we consider how a low-SES
household would respond to a change in their retail enviemraquivalent to moving from the average low-SES
neighborhood to the average high-SES neighborhood. Wesfoca household with income and education at the
25th percentile in each dimension, i.e. $32,500 in annuarme and 13 years of education. The elasticities of
expenditure and nutrient scores for such a household ichpli¢he coefficients from each regression specification
are presented in the bottom row of Ta@@ﬂvloving from the average low-SES neighborhood to the avenage
SES neighborhood translates to an increase of 0.95 in thetdog concentration index and an increase of 0.053 in
the log distance-weighted average of store nutrient sc@@embined with the estimated elasticities displayed in
column (3), these improvements in access imply that thedtold nutrients scores of a typical low-SES house-
hold would improve by 0.003 log units if they were to move frtime average low-SES to the average high-SES
neighborhood. Comparing these changes to the socioecomtispiarities in household scores shown in Fidure 1,
we see that only 1% of the gap in the nutrient scores would im®ved by closing the gap in access to healthy
foods.

other household demographics.
29Note that log income and education are demeaned in thesassigns, so the elasticities are calculate@d@s- 51 (ln 13 —1In Educ) +

B2 (In32500 — InTnc), whereo, 81, and B3z are the coefficients on the density, the density interactitl demeaned education, and the

density interacted with demeaned income, respectivBijuc is the sample mean education level (14.3 years); Jandis the sample mean
income ($50,852).

24



5.2.2 Event Study Analysis of Store Entry

Though some policies aimed at eradicating food desertsueage incumbent stores to change their product of-
ferings, most do so by encouraging store entry. It is theeaferthwhile to consider how households respond to
changes in their retail environments that are related teetlemtry events alone. We define a store as entering in a
given month if (i) the store is first observed in the Scantidata in that month and (ii) the store’s parent company
already appeared at least once in the dataset prior to thathmd/e require the parent company to already be in
the dataset to avoid confusing growth in the retailers idetlin the dataset with actual store entry. Analogously,
we define a store as exiting in a given month if (i) the storevisabserved in any month after that month and (ii)
the store’s parent company continues to be observed in taeaftar that month.

To measure household responses to extensive margin agjstin their retail environments, we use an event
study specification. Specifically, we regress the log of kbo&l nutrient scores on household fixed effects, month-
year fixed effects, and dummies for each of the six monthsrbefioe month of, and the six months after the entry
of a grocery store within 2km of a household’s census tragtroal. We plot the coefficients on the time-since-
entry dummies in the first column of Figurk 8. The top pangdldigs the average response across all households.
We do not see any statistically significant response in thetimmal quality of the average household’s purchases
to store entry. The second and third panels display the gnauh the response with respect to household education
and income, respectively. Here, we see that the responsguskhold nutrient scores to entry is increasing with
income in the first two months after entry. Together with th# impact of store entry on the average household’s
nutrient score, this implies that the nutrient scores ofdetwlds with above-average income improve temporarily
for the first two months after store entry, while the nutrisobres of households with below-average income
actually deteriorate over the same time period beforemetgrto their original levels within three months.

The third column of plots in Figurgl 8 show that the generak lat responsiveness of household scores to
store entry is not due to the fact that household shoppinguehitself fails to respond. Here, we run the same
event study specification using an indicator for whethertbiesehold visits a new store in a given month as the
dependent variable. We define a steras a “new” store for a given household in moritif we observe the
household making a purchase in ster@ periodt but not in period — 1. In the first panel of the third column,
the significantly positive coefficient in month zero indiesithat households change the mix of stores they shop at
when a new grocery store enters their neighborhood. Théicieets on the time-since-entry dummies interacted
with household education and income, displayed in the stemd third rows of the third column, indicate that
the likelihood to try a new store in the month of entry does varly with these socioeconomic characteristics.
Together, the results in Figuré 8 indicate that while hookihare changing where they shop when a new store
enters, they are not changing the healthfulness of the fih@yspurchase.
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Figure 8: Event Study Analysis of Store Entry

Store Entry

Nutrient Score Shopping Behavior
— 4 )
[Te} n
; T T - I - T - T T T 1 T ; ¢ 3 $ 3 3 CE S S T )
R EDERE DN A
& ]
4 4 ]
! T T T T T T T T T T T T T ! T T T T T T T T T T T T T
-6 -5 -4 -3 -2 -1 0 1 2 3 4 5 6 -6 -5 -4 -3 -2 -1 O 1 2 3 4 5 6
] .
2 Store Entry x Ln(Education)
o
% Nutrient Score Shopping Behavior
& — o - o
w w0 4
%o-I}T{{TTTTIIT0;535;§§§§§EE§
g ot Ty Do 2]
%] - - |
=] I |
% -6 -5 4 3 -2 -1 0 1 2 3 4 5 6 -6 -5 4 -3 -2 -1 0 1 2 3 4 5 6
Store Entry x Ln(Income)
Nutrient Score Shopping Behavior
o~ { { o~
- 4 -
o{IT{TTLLIITT{O§$ §§§§3§§1E§
] 1 [ IR e )
[ [
%6 5 4 3 2 -1 0 1 2 3 4 5 6 % 5 4 3 2 -1 0 1 2 3 4 5 6

Months Since Entry

Notes: The above plots display the results from an evenysindlysis of store entry. The first column depicts the cdefiicestimates on dummies for months
before, during, and after store entry from a regression@hiousehold-level nutrient scores on household fixed effeconth-year fixed effects, and dummies for
each of the six months before, the month of, and the six maafths the entry of a grocery store within 2km of a househadéssus tract centroid. The second
column depicts the results from a regression of an indidatowhether the household shopped in a new store in that nmmnthe same independent variables.

While our estimates indicate that the nutritional qualithhousehold purchases respond minimally to changes
in their retail environment, we expect the impact of polinguced changes to be even more limited. While
household fixed effects control for time-invariant compuseof demand, we have no way of addressing time-
variant components of demand with our data. To the extemtstioae entry is correlated with growing tastes for
healthful products, our estimates will reflect the impacboth improved access and healthier tastes. Therefore,
the minimal response that we observe in our data is likelyeten®n more limited in practi@.

6 Discussion and Conclusion

Despite the absence of evidence drawing a causal link batdigparities in retail access and disparities in nutri-
tional consumption, much of the discussion surroundinglfdeserts assumes that equalizing access will decrease
nutritional disparities across different socioeconomimugps. Such an assumption underlies policies which aim to
improve the quality of food purchases by increasing thelalaity of healthful products in areas with unhealthful
consumption. Contrary to this assumption, our analysigatds that the large socioeconomic disparities in nu-
tritional consumption that we document across househoklsat driven by the relatively limited differences in

300ne might suspect that improvements in access in undetsasighborhoods will be met with greater responses of haldgiurchases.
To see if this is the case, we replicate the analysis frome[@taind Figurl8 looking only at households residing in traxctse lowest quartile
for either the store concentration, expenditure scoreptiiemt score densities. The results, presented in TalleaAd Figuré A, are nearly
identical to those estimated on the full sample.
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access to healthy foods that we observe across neighbarigibddifferent socioeconomic compositions.

If differential access is entirely to blame for nutritiondikparities, then any systematic differences in the
nutritional quality of household purchases that we observen looking across the entire U.S. should disappear
when we compare households living in the same neighborhiosltlapping in the same store. On the contrary, we
observe households with higher levels of income and edutatiaking purchases that are significantly closer to
DGA recommendations for per calorie nutrient content thauseholds with lower levels of income and education,
even when we control for residential or retail location. 3@eross-sectional results indicate that most of the
existing socioeconomic disparities in nutritional congtimn cannot be reduced be improving access alone: even if
spatial disparities in access across the U.S. are ent&sbjved, over two-thirds of the disparities in the nutrit
purchases of households with different levels of incomeeheation would remain.

We stress that even though socioeconomic disparities dilmivhen we control for residential or retail location,
it is unlikely that resolving spatial disparities in accesli reduce disparities across the entire U.S. to the same
extent. There are two reasons for this. First, if househmiesorting into retail environments on unobservables that
are correlated with their taste for healthy foods, then twéceconomic disparities that we observe for households
living in the same location or shopping in the same store glismaller, on average, then the socioeconomic
disparities that would persist across the full cross-eactif households if access were equated. The second
reason is mechanical. Even if households are sorting bynecand education alone, and not by unobservables,
it is possible that the degree of this sorting is so high thigiaives little variation in income and education across
households in the same retail environment. Sampling ertoousehold purchases, which results in noisy measures
of the nutritional content of these purchases, could p@kntoutweigh the residual variation in income and
education after controlling for residential or purchasmtion, resulting in attenuation bi@Therefore, while our
estimates indicate that equating access across the en8rectlld not reduce existing socioeconomic disparities
by more than a third, it is likely the true impact would be egemaller.

Policies that target access in the hope of improving thethiedthess of local consumption do so both by en-
couraging existing retailers to offer more healthful produand by stimulating store entry. These policies will
only be effective insofar as the healthfulness of housepaldhases respond to changes in their retail environ-
ment. Contrary to this ideal, we find that the response of arghousehold’s purchases to changes in their local
access is very limited. Moving the typical low-SES housdholthe typical high-SES neighborhood would only
serve to reduce the gaps in nutritional consumption betwleese two groups by 1%. In fact, our time-series re-
gressions and event study results suggest that wealtldenare educated households respond more than low-SES
households when a new store enters or existing retailergyehthe products they offer in their neighborhood. This
differential behavioral response suggests that, if angthsocioeconomic disparities within a given neighborhood
will actually increase when access to nutritious food in the neighborhood improves

Despite the limited responsiveness of household purcliasdmnges in access that we observe in our data, it
is again likely that, on average, households across theeddtS. will respond even less to changes in their retail
environments. Improvements in access to healthy foods are tikely to occur in close proximity to sample
households with growing tastes for these products, so theges in the purchases of these households will reflect

310ne might also be concerned that the disparities that wenasticontrolling for household location and store choieei@entified from
only a small subset of the sample that lives in the same arghshps in the same stores. We investigate this possibilitg distributions of
income and education residualized from other demogragirdsmonth and year effects are extremely similar to theibligions of income
and education residualized from other demographics, mamthyear effects, and location or store effects. Therefweeare identifying the
“within-location” and “within-store” effects over a sinait support of income and education as used in the regressitraut location or store
controls.
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not only changes in access but also changes in tastes. Ti@atmn between the time-variant component of
demand and changes in access yield an upward-biased estfrthe effect of access-improving policies that are
implemented independent of changes in local demand conditiTherefore, while our estimates indicate that the
nutritional quality of household purchases respond mitlinta changes in their retail environment, it is likely that
the impact of policy-induced changes on nutritional congtiom would be even smaller.

The bound that we estimate using our time-series strate®y (& lower than that estimated in our cross-
sectional approach (32%) by a full order of magnitude. As weidentifying different, yet related, treatment
effects on different, selected populations, it is no sugptigat our results are not quantitatively identical. In fact
as we expect differences in demand within a household over tb be more limited than differences in demand
across households living in the same location, we would eXie upward bias due to the correlation between
unobserved tastes and retail environments to be greatke ioross-section than in the time-series. Furthermore,
to the extent that our intertemporal estimates are idedtbigvariation in access driven by supply-side factors,
such as changes in retail rents and zoning, and not tast&shoar time-series estimates will provide a less
upward-biased estimate of the true response of houselwjudities that equalize acce. It should therefore
be no surprise that our time-series result yield a more eestochate. Despite these differences, however, our two
empirical approaches reassuringly lead to the same qtixaditsonclusion: differences in access are not to blame
for differences in nutritional consumption.

Taken together, our results provide strong evidence thatieewhich aim to reduce nutritional disparities by
improving access to healthful foods will leave much of thepdirity unresolved. Differences in demand across
socioeconomic groups yield empirically relevant dispasiatbove and beyond those that could also be attributed
to the sorting of households by income, education, and we1ghble tastes across residential locations or stores.
Resolving disparities in access to healthful food produdiisiot resolve these disparities, at least not in the short
run. In the longer run, it is possible that improved accedse@lthful foods could impact demand indirectly by
providing households with increased exposure to more tifehltood products. Further analysis is required to

understand which factors are most important in explainihg demand varies across socioeconomic groups with
equal access.

32A second, more concerning, potential explanation for tiierdince is attenuation bias. While this bias would pushasass-sectional
estimate further above the true disparities that we exmepetsist if access were equalized, as discussed aboveuylid wield a downward
bias on our time-series estimate of the elasticity of hoalkepurchases with respect to access. The consistency t¢ihoexseries results with

previous work finding that the purchaseswny households respond very little to a single, governmenhspi@d food store entry (Elbel et al.
(2015)) alleviates this concern.
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Appendix

A Data Appendix

A.1 Household Consumption

To examine the grocery purchases made by households, whaipbelsen Homescan data. This dataset is col-
lected by the National Consumer Panel (NCP), a joint verttetereen Nielsen and IRI, and provided by Nielsen
through the USDA. As mentioned in Sect[dn 2, the Homescamaaitains transaction-level purchase information
for a representative panel of households across the enfxéihile the number of participating households varies
from year to year, we observe 114,286 unique householdsoawesample period (2006 and 2011). Households
participate in the NCP panel on average for two years and &ighths with the length of observed participation

ranging from six months to the full period of analysis.

Households in the panel use a scanner provided by the NCRdodrall of their purchases at a wide variety
of stores where food is sold. See Harding and Lovenheim (Pfot4 detailed description of how households are
recruited and encouraged to report purchases on a weelk$y Bdier scanning the Universal Product Code (UPC)
of each item purchased, the household records the date,r&tare, quantity purchased, and price. Items that do
have a UPC are included as “random-weight” purchases. FEsetiiems, households record the quantities and
prices for products in aggregated categories. In 2006 tivere 43 such categories, such as “candy,” “breads,”
“cakes,” “beef,” “chicken,” and “fish.” For 2007 through 201he categories were more broadly defined, such
as “baked goods,” “meat/poultry/fish,” “candy/nuts/se€truits,” and “vegetables.” While we cannot know the
precise nutritional content of random weight purchasesuse the average nutritional characteristics of these
categories to infer the nutritional content of these puselsa All of our results are robust to the exclusion of
random weight purchases.

In addition to household-level purchase activity, the Heoas data also includes yearly information on demo-
graphics and residential location for each household ip#mel. We use this demographic information to measure
two dimensions of socioeconomic status that are positethpact a household’s consumption decisions: income
and education. Households record their income in one of i&josies, listed in Table’Al1. We limit our analysis
to households that have at least one household head workar@6 hours a week and report annual earnings of
over $8,000. We assign households an income equal to theomtidgf their income category for each bounded
category and an income of $260,000 for the “$200,000 andeftzategory. Where noted, we adjust the resulting
household income for household size using the OECD equigalscale. According to this scale, the first adult in
the household receives a weight of 1, all other adults recemights of 0.5, and each child receives a weight of
0.3 (http://www.oecd.org/eco/growth/OECD-Note-EqueveceScales.pdf). For education, households record the
household head'’s education in one of six categories: gretusos some high school, high school graduate, some
college, college graduate, or post-college graduate. T$tgtaitions of household heads across these education
categories by sex are recorded in Taljled A.2[and A.3. Holdewhich either household head reports only
a grade school education are excluded from our analysis. sSalgraeach household head a number of years of
education assuming that some high school corresponds t@edi®,ysome college corresponds to 14 years, and
post college corresponds to 18 years. For households wihhtwsehold heads, we use their average years of
education.
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Table A.1: Distribution of Household Income by Year

Year
Income Category 2006 2007 2008 2009 2010 2011
Under 5,000 0.01 0.01 0.01 0.01 0.01 0.01
5,000-7,999 0.01 0.01 0.01 0.01 0.01 0.01
8,000-9,999 0.01 0.01 0.01 0.01 0.01 0.01
10,000-11,999 0.02 0.02 0.01 0.01 0.01 0.01
12,000-14,999 0.03 0.02 0.02 0.02 0.02 0.02
15,000-19,999 0.05 0.04 0.04 0.04 0.04 0.04
20,000-24,999 0.07 0.06 0.06 0.06 0.06 0.06
25,000-29,999 0.07 0.06 0.06 0.06 0.06 0.06
30,000-34,999 0.07 0.07 0.07 0.07 0.07 0.06
35,000-39,999 0.06 0.07 0.06 0.06 0.06 0.06
40,000-44,999 0.07 0.06 0.06 0.06 0.06 0.06
45,000-49,999 0.07 0.06 0.06 0.06 0.06 0.06
50,000-59,999 0.10 0.11 0.11 0.11 0.11 0.10
60,000-69,999 0.09 0.09 0.09 0.09 0.08 0.08
70,000-99,999 0.16 0.18 0.19 0.19 0.20 0.20
100,000-124,999 0.06 0.08 0.09 0.08 0.14 0.15
125,000-149,999 0.02 0.02 0.02 0.03 0.00 0.00
150,000-199,999 0.02 0.02 0.02 0.02 0.00 0.00
200,000 + 0.01 0.01 0.01 0.01 0.00 0.00
Total 37,786 63,350 61,440 60,506 60,658 62,092

Table A.2: Distribution of Male Household Head Educationviaar

Year Grade School Some High Graduated Some College Graduated Post College Total
School High School College

2006 0.013 0.050 0.253 0.292 0.265 0.127 27,439
2007 0.010 0.046 0.255 0.294 0.273 0.121 47,786
2008 0.010 0.045 0.254 0.291 0.277 0.123 46,199
2009 0.009 0.042 0.256 0.288 0.280 0.124 45,280
2010 0.009 0.041 0.253 0.286 0.286 0.126 45,465
2011 0.008 0.040 0.245 0.285 0.294 0.128 46,565

Table A.3: Distribution of Female Household Head Educatigryear

Year Grade School Some High Graduated Some College Graduated Post College Total
School High School College

2006 0.005 0.031 0.277 0.315 0.264 0.108 33,963
2007 0.005 0.026 0.268 0.320 0.278 0.103 57,317
2008 0.004 0.025 0.264 0.319 0.280 0.107 55,634
2009 0.004 0.023 0.263 0.314 0.287 0.109 54,699
2010 0.004 0.022 0.256 0.311 0.296 0.111 54,747
2011 0.004 0.021 0.247 0.309 0.303 0.116 56,135

One concern with using the Homescan data to examine sociogto disparties in consumption is that re-
porting diligence may vary with socioeconomic status. Eieigal. (2008) study the credibility of the self-recorded
data in the 2004 Homescan sample. They find that reportirgseim the Homescan data are the same order of
magnitude as those commonly found in earnings and emplolystatus data, although the reporting errors found
in the Homescan sample are more pronounced for higher inaohenore educated households. One potential ex-
planation for this differential reporting is that the intieas offered by Nielsen are too small to encourage wealthy
households to consistently report all of their purchasezogs all households, however, Einav etlal. (2008) find
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that purchase locations and quantities are reported mareately than prices. Our results rely primarily on pur-
chase locations and quantities, although reassuringlyesuilts are qualitatively consistent when we replicate our
analyses using measures based on prices (see Appentix besiitis based on recommended expenditure shares).
While representative of the U.S. as a whole, another coneé&mthe Homescan data is that it may not be
representative of different income groups. To explore thiscern, in Figure_All we compare the distribution of
household income in the Homescan sample to the incometaistmn for households in the American Community
Survey (ACS). It is clear from Figuie A.1 that the Homescamgia underrepresents households at either end of
the income distribution. Despite these discrepanciesptiieparametric plots in Figufé 5 demonstrate that our
results are consistent across the entire distribution oflbold income. That is, our results are neither being
driven by the center of the distribution, where we observeenfmuseholds, or the tails, where our sample of

households is more limited.

Figure A.1: Distribution of Household Income: HomescarsusrACS
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Note: The solid line depicts the fitted distribution of holuskel income from the 2010 Homescan sample; the dashed Ipietd¢he fitted distribution of household
income from the 2010 ACS. .

A.2 Retail Environments

While the Homescan data describes the stores in which génsliop and the products that they purchase at these
stores, it only provides a limited picture of the retail @oviments in which households are making their purchase
decisions. There are two problems with using the Homesctmtdacharacterize retail environments: First, if
no household in the Homescan sample shops at a given sterewd do not observe from the data that this
store exists. Second, even if we do observe households isigpippa given store, we only observe the products
that they actually purchase, not the full variety of produsffered. Because of these limitations, we use two
additional datasets, both maintained by Nielsen, to olataimore comprehensive picture of the retail environments
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that households face. First, in order to observe the fulb§stores available to households, we use the Nielsen
TDLinx data. The TDLinx data contains the names and geo-attatmtions of nearly 200,000 food stores across
the U.S. Stores are divided into five categories in the TDldata: grocery, convenience, drug, mass merchandise,
and wholesale club. In Secti@n B.2, we use these categorizdb examine how the distribution of stores by store
type systematically varies across neighborhoods witledfit socioeconomic compositions.

While the TDLinx data tells us about the number and typesmestthat households have access to, it provides
us with no direct information about product offerings withthese stores. To see the full set of food products
available at a subset of stores, we use the Nielsen Scamtadalprovided by the Kilts-Nielsen Data Center at the
University of Chicago Booth School of Business. Informatan availability and access to this data is available
at|http://research.ChicagoBooth.edu/nielsen. The $&aektdata contains weekly sales and quantities by UPC
collected by point-of-sale systems in over 30,000 parditify retailers across the U.S. Stores are divided into four
categories in the Scantrack data: grocery, conveniengg, dnd mass merchandise. In Sectlonk 3.2, we show how
we use this data to calculate indexes that summarize bothutinidonal quality and the relative prices of products
offered by each store in the dataset. In calculating thedexies, we assume that every product available in a store
is sold to at least one customer each month.

Despite this detailed information on prices and productriigs, the Scantrack data covers a more limited
range of retail outlets than the TDLinx data and only proside with the county, not the precise geo-coded
location, of each store. Where possible, we obtain the geled location of the stores in the Scantrack data by
matching them to the TDLinx data as follows: If there is onlyeabservation for a given combination of store
name and county in both datasets, then we assume that this $atne store (XX% of matched observations). If
there are multiple observations for a given store name-tyquair, we match the stores based on a comparison of
the households that we observe shopping at both the TDLidxtea Scantrack store on the same day (XX% of
matched observations). Using this methodology, we aretaldbtain the geo-coded location of XX% of stores in
the Scantrack sample.

One concern with the Scantrack data is that participatioetaflers may systematically vary across neighbor-
hoods. However, as shown in Figlire A.2, the average sharBlbifik stores appearing in the Scantrack sample is
not statistically different across tracts with differeetndographics.
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Figure A.2: Share of TDLinx Stores Appearing in the Scariktidample Across Tracts
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Share of TDLinx Stores in Scantrack Data
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Notes: The figure above presents the average share of TDtdressincluded in the Scantrack sample across tracts wiftreint socioeconomic compositions.
Stores are weighted by sales in constructing the sharestsTage considered high income (Hl) if their median housgfretome falls above the median level
across all tracts ($47,299) and low income (LI) otherwiseacts are considered high education (HE) if their share tége-educated residents falls above the

median across all tracts (22.5%) and low education (LE)ratise. 53% of tracts are HI/HE, 8% are HI/LE, 12% are LI/HEJ &Y% are LI/LE. These results are
for January 2010; they are representative of other monttieiscantrack sample and other years in the TDLinx sample.

A.3 Nutritional Information

The Nielsen datasets do not contain nutritional informrafar the products purchased by Homescan panelists
or sold by Scantrack stores. We obtain this information f®@ladson and IRI. The Gladson Nutrition Database
provides nutritional information for over 200,000 uniqu@Ck throughout the entire length of our sample. For
2008 onwards, we supplement the Gladson data with nutaitioformation from the IRI database of over 700,000
UPCs. Each database contains information on the quantityacfo-nutrients and vitamins per serving, serving
size in weight, and the number of servings per containerd$sla and IRI collect this information directly from
product labels. Note that product characteristics cangdaithout a change in the product's UPC. When Gladson
receives an updated version of a product that was alreadheiddtabase, it revises the entry and includes a time
stamp of when the change was made. We use a version of theadatdiat includes a snapshot of the market as of
July 30th each year. We assume that these product chastictedre relevant for that calendar year.

We merge the Gladson and IRI data with the Homescan and @clrdata to uncover the full nutritional
profiles of products we observe being purchased by housshaldi sold in stores. These merges are not perfect:
only 45% of the UPCs in the Homescan data and 57% of the UP@®@g iS¢antrack data are in either the Gladson
or the IRI nutrition database. We impute nutritional infation for products not in the Gladson or IRI data using
the average for UPCs in the same product module and prodogpgvith the same values for all other relevant
characteristics, including brand, flavor, form, formulyjes, and type. As described in Sectidns|3.1 3.2, we
use this information to measure the healthfulness of haldefocery purchases and the healthfulness of products
offered in stores, respectively.

A.4 Neighborhood Demographics

The final dataset that we use contains tract-level demogragformation from the five-year pooled ACS (2008-
2012). The Nielsen data identifies household locationgZd00 census tract definitions. We adjust demographics
from the ACS to reflect boundaries from 2000. We use this imfiiion to measure the distribution of income and
education in the neighborhoods in which Nielsen househelside and Nielsen stores are located.
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B Supplementary Tables and Figures

B.1 Socioeconomic Disparities in Nutritional Consumption

Table A.4: Household Characteristics and Nutritional Qualf Purchases: Full Regression Results
Ln(Nutrient Score)

) &) ®3) S

Ln(Income) 0.0989** 0.0487** 0.0307**
(0.0029) (0.0031) (0.0020)

Ln(Education) 0.646* 0.557** 0.0731**
(0.014) (0.015) (0.0020)

Ln(Avg. HH Head Age) ~ 0.00886  0.0299"  0.0389**  0.00910**
(0.0082)  (0.0082) (0.0082) (0.0019)

HH Heads Married 0.0973* 0.10T** 0.0922** 0.0441**
(0.0076) (0.0076) (0.0076) (0.0036)

Female HH Head Only  0.0720*  0.0307**  0.042F**  0.0176**
(0.0090)  (0.0090) (0.0090) (0.0038)

Male HH Head Only -0.0227 -0.0573** -0.0545** -0.0155**
(0.011) (0.011) (0.011) (0.0030)
Kids Present 0.1~ 0.0916** 0.0977** 0.0418**
(0.0057) (0.0056) (0.0056) (0.0024)
Race: White 0.0710°* 0.0762** 0.0737** 0.0264**
(0.0085) (0.0085) (0.0085) (0.0030)
Race: Black -0.108* -0.108** -0.112** -0.0314**
(0.010) (0.0100) (0.0100) (0.0028)
Race: Asian 0.0240 0.00243 -0.00637 -0.000978
(0.013) (0.013) (0.013) (0.0020)
Hispanic 0.0248* 0.0300** 0.0278** 0.00609**
(0.0082) (0.0082) (0.0082) (0.0018)
Observations 3,356,636 3,356,636 3,356,636 3,356,636
R2 0.013 0.017 0.017 0.017
Standardized No No No Yes

Standard errors in parentheses

*p < 0.05,** p < 0.01, *** p < 0.001
Notes: Observations are at the household-month leveldStdrerrors are clustered by household. All regressiorisdecyear-month fixed effects and household
size dummies.

Table A.5: Household Characteristics and Nutritional Qualf Purchases: Healthful Nutrients
Fiber Iron Calcium Vitamin A Vitamin C

Ln(Income) 0.023**  0.0024**  0.022**  0.022**  0.015**
(0.00053)  (0.00064)  (0.0014)  (0.00093)  (0.00045)

Ln(Education)  0.020°*  0.015**  0.038**  0.024**  0.014**
(0.00048)  (0.00060)  (0.0013)  (0.00083)  (0.00042)

Observations 3,505,427 3,505,427 3,505,427 3,505,427 053187
R? 0.025 0.007 0.021 0.008 0.014

Standard errors in parentheses

*p <0.05, ** p<0.0L, *** p < 0.001
Notes: The dependent variable in each regression is theatiaed deviation of a household’s per calorie consumptioa given nutrient in a given month from
the recommended consumption. Standard errors are clddtgreousehold. All variables are standardized. All regoessinclude year-month fixed effects and
controls for household demographics, including housesialeldummies, average head of household age, a dummy faehsaitus of household heads, dummies
for households with either a female or male household heg amummy for the presence of children, and dummies for tdrethe household reports being
white, black, Asian, or Hispanic.
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Table A.6: Household Characteristics and Nutritional Qualf Purchases: Unhealthful Nutrients

Total Fat Sat. Fat Sodium Cholesterol

Ln(Income) -0.020**  0.002F**  0.0017**  -0.0012**
(0.0021)  (0.00051)  (0.00044)  (0.00012)

Ln(Education) ~ -0.042*  -0.0067**  -0.01T**  -0.0012**
(0.0020)  (0.00050)  (0.00042)  (0.00012)

Observations 3,505,427 3,505,427 3,505,427 3,505,427
R2 0.018 0.008 0.013 0.009

Standard errors in parentheses
*p <0.05,** p <0.01, *** p < 0.001

Notes: The dependent variable in each regression is theatiaed deviation of a household’s per calorie consumptioa given nutrient in a given month from
the recommended consumption. Standard errors are clddtgreousehold. All variables are standardized. All regoessinclude year-month fixed effects and
controls for household demographics, including housesialeldummies, average head of household age, a dummy faehsaitus of household heads, dummies
for households with either a female or male household heq amummy for the presence of children, and dummies for tdrethe household reports being
white, black, Asian, or Hispanic.

B.2 Spatial Disparities in Access

Figure A.3: Store Concentration Indexes Across Censuddrac
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Notes: The figure above presents average concentratiores@eross census tracts with different socioeconomic ositipns. The concentration indexes are
weighted by store size (square feet). Tracts are considégadncome (HI) if their median household income falls abdve median level across all tracts ($47,299)
and low income (LI) otherwise. Tracts are considered higkcation (HE) if their share of college-educated resideaits bove the median share across all tracts
(22.5%) and low education (LE) otherwise. 46% of tracts aiéiH, 10% are HI/LE, 10% are LI/HE, and 34% are LI/LE. Thessules are for 2010; they are
representative of the other years in the TDLinx sample.

Table A.7: Neighborhood Characteristics and Nutritionab{@ly of Product Offerings: Healthful Nutrients

Fiber Iron Calcium VitaminA VitaminC

Ln(Median Household Income Dens)  0.0269 0.0313**  0.0911**  0.0965**  0.0718**
(0.0024) (0.0050) (0.0088) (0.0061) (0.0066)

Ln(College-educated Share Dens) 0.00762 0.00825 -0.0164 -0.0418*  0.000697
(0.0023) (0.0050) (0.0085) (0.0061) (0.0065)

R? 0.264 0.243 0.054 0.129 0.249

Observations 1237176 1237176 1237176 1237176 1237176

Standard errors in parentheses
*p <0.05, ** p <0.01, *** p < 0.001

Notes: The dependent variable is the normalized deviafitimeopredicted per calorie consumption from the recomme e calorie consumption of a particular
nutrient for a nationally representative household witrich store. Observations are at the store-month leveld&tderrors are clustered by store. All variables
are standardized. All regressions include year-month #fstts.
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Table A.8: Neighborhood Characteristics and Nutritionab{ty of Product Offerings: Unhealthful Nutrients
TotalFat SatFat Sodium Cholesterol

Ln(Median Household Income Dens)  -0.0315 -0.0120° -0.0200 0.0217**
(0.0095)  (0.0060)  (0.0086) (0.0049)

Ln(College-educated Share Dens) 0.0497 0.00199 0.0263* -0.0280**
(0.010) (0.0063)  (0.0091) (0.0048)

R? 0.087 0.223 0.071 0.069

Observations 1237176 1237176 1237176 1237176

Standard errors in parentheses
*p < 0.05,** p <0.01, *** p < 0.001

Notes: The dependent variable is the normalized deviafitimeopredicted per calorie consumption from the recomme e calorie consumption of a particular
nutrient for a nationally representative household wigtich store. Observations are at the store-month leveld&t@errors are clustered by store. All variables
are standardized. All regressions include year-month fefestts.

Figure A.4: Store Nutrient Scores Across Channels

Nutrient Score

Average Store Score

Grocery Convenience Mass Merch Drug

Notes: The figure above presents distributions of storetlputrient scores by channel. Stores in the Scantrack datdigded into four channels: grocery,
convenience, mass merchandise, and drug. These resulits demuary 2010; they are representative of the other rsantthe Scantrack sample.
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Table A.9: Response of Nutritional Quality of Householddhases to Changes in Retail Access - Households in

Underserved Neighborhoods

Ln(Expenditure Score)

Ln(Nutrient Score)

@ @ 3 4 (5) (6) 9 (8
Ln(Income) 0.0229** 0.0677**
(0.0019) (0.0042)
Ln(Education) 0.206™* 0.589"**
(0.0087) (0.019)
Ln(Store Concentration) 0.000781 0.00361 0.00364 -0.0024 0.0495 ** 0.0200 0.0199 0.0324
(0.00088) (0.0042) (0.0042) (0.0089) (0.0019) (0.0096) .0@06) (0.022)
Ln(Store Score Density) -0.0148 -0.0112 -0.00970 -0.0142 -0.0248 0.0528 0.0584 ** 0.0510°*
(0.0069) (0.012) (0.012) (0.012) (0.019) (0.015) (0.015) 0.016)
Ln(Conc.)*Ln(Inc.) 0.000297  -0.000728 0.00216 0.00202
(0.0014) (0.0014) (0.0015) (0.0016)
Ln(Conc.)*Ln(Educ.) 0.000617 0.00426 0.0244  0.0243
(0.0093) (0.0099) (0.0095) (0.010)
Ln(Score)*Ln(Inc.) 0.00707  0.00850 0.0164 0.0154
(0.0036) (0.0038) (0.0099) (0.010)
Ln(Score)*Ln(Educ.) -0.00403  -0.00824 0.122  0.134*
(0.024) (0.026) (0.048) (0.050)
Observations 1,538,172 1,538,172 1,538,172 1,390,927 381,32 1,538,172 1,538,172 1,390,927
R? 0.064 0.451 0.451 0.453 0.032 0.349 0.349 0.351
Demographic Controls Yes No No No Yes No No No
Household Fixed Effects No Yes Yes Yes No Yes Yes Yes
Non-Movers Only No No No Yes No No No Yes
Elasticity w.r.t Conc. 0.000781 0.00361 0.00348 -0.00249 .0495 0.0200 0.0172 0.0297
Elasticity w.r.t Score -0.0148 -0.0112 -0.0119 -0.0166 02a8 0.0528 0.0427 0.0348

Standard errors in parentheses

*p < 0.05, ** p < 0.01, *** p < 0.001
Notes: Observations are at the household-month level.dStdrerrors are clustered by household. All regressioriedecyear-month fixed effects. Log income
and education are both demeaned. Demographic controlglmtiousehold size dummies, average head of householdédwgmpnay for marital status of household
heads, dummies for households with either a female or maisdtwld head, a dummy for the presence of children, and desmiori whether the household reports
being white, black, Asian, or Hispanic.
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Figure A.5: Event Study Analysis of Store Entry - Househafddnderserved Neighborhoods
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Notes: The above plots display the results from an evenysindlysis of store entry. The first (second) column deplescoefficient estimates on dummies for
months before, during, and after store entry from a regoessi log household-level expenditure (nutrient) scorefiousehold fixed effects, month-year fixed
effects, and dummies for each of the six months before, thettmaf, and the six months after the entry of a grocery stoteiw2km of a household’s census
tract centroid. The third column depicts the results froregression of an indicator for whether the household shoppadew store in that month on the same
independent variables. A tract is defined as being undezdeéfit falls in the lowest quartile for either its concerttoa index, its expenditure score density, or its
nutrient score density.

C Alternative Measures of Household Purchase Quality

The USDA Center for Nutrition Policy and Promotion (CNPP}iges food plans for consumers based on rec-
ommendations from the DGA. Our second index, the “expenglisaore,” examines how a household’s grocery
purchases on each food group deviate from the expenditare siithe Thrifty Food Plan. The expenditure index
follows the measure used by Volpe et al. (2013a).

The expenditure score for the grocery purchases recordadimsehold: in montht is defined as

) 2
FExpenditure Scorep; = E (shcht — sthhFP) [shene < shthP
c€CHealthful
-1

+ Z (shehe — shZhFP)Z |shens > shhEE

c€ECUnhealth ful

wherec indexes TFP food categoriesy.,: denotes the percent of househald grocery expenditures in month
spent on products in categaryandshZ,I'F is the category expenditure share, also in percent units, that the TFP
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Table A.10: Healthful and Unhealthful Food Categories

Healthful Unhealthful

Whole grain products Non-whole grain breads, cereals, rice
Potato products pasta, pies, pastries, snacks, and flours
Dark green vegetables Whole milk products

Orange vegetables Cheese

Canned and dry beans, lentils, and peas Beef, pork, ved, land game

Other vegetables Bacon, sausage, and luncheon meats
Whole fruits Fats and condiments

Fruit juices Soft drinks, sodas, fruit drinks, and ades
Reduced fat, skim milk, and low-fat yogurt ~ Sugars, sweetd,@ndies

Chicken, turkey, and game birds Soups

Eggs and egg mixtures Frozen or refrigerated entrées

Fish and fish products
Nuts, nut butters, and seeds

Notes: We determine which TFP food categories are healthfdl unhealthful using the recommendations from the Quprkeod-at-Home Price Database
(QFAHPD) indicators for which of 52 food groups are healtrdnd unhealthful. The QFAHPD categories were created by AJ8Bing Nielsen data, see

Todd et al.I(2010)for more details. We aggregate the 52 QRAfdBd groups to the 24 TFP food categories using the corresge created by Volpe and Okrent
(2013). In doing so, we find that two TFP food categories, shead meat, contain both healthful and unhealthful foodmsoSince the vast majority of cheese
and meat purchases are of UPCs that fall into the unheal@#AHPD food groups, we assume that the aggregate TFP cheeseemt categories are unhealthful.
All of our results are robust to assuming that these foodgcates are instead healthful.

recommends for a household with the same gender-age pmﬁtnm;eholth Dietary Guidelines for Americans
issued recommendations on consumption of foods for vadeusographic groups, and on which food groups are
healthful and unhealthf@ Based on these recommendations CNPP designed a Thrifty Faodfor healthy
eating and calculated expected expenditure shares fareliff food groups. We matched the TFP food groups
with Nielsen products using the Quarterly Food-at-Homed>fbatabase (QFAHPD) developed by Todd et al.
(201()

The expenditure score penalizes households for having leehijan-recommended expenditure share for
healthful food categories:(€ Creaith i) and for having a lower-than-recommended expenditureestuairun-
healthful categories:(€ Cunheartnfui) 21 We follow|Volpe et al.|(2013a) and take the inverse of the segioss
function so that higher scores are indicative of healttés

The expenditure and nutrient scores consider the heatdalof consumer purchases from two complementary
perspectives, and each measure has its strengths and ksma@ Since consumers choose foods rather than
nutrients, the expenditure score is more closely relatedtgsumer demand. Furthermore, expenditures on specific
food groups, such as fruits and vegetables, are used by ntlaeystudies, and thus the expenditure score is more

33We use the recommended individual expenditure shares fnerfiiberal food plan” in_Carlson et al. (2007) to construetommended
household expenditure shares. The recommended categexpenditure share for each household membetenoted byshC N PP, is
determined by his/her age and gender profile. We assign tgetgheach household member following the OECD equivalecede sand

1+(n,gy1p —1)X0.5
I i — "adult I 0.3
calculate the food expenditure weightag;,.;; = T Oy e —— andwepiiq = T (T R T —T

The recommended categoryexpenditure share for househdlds a weighted average of the recommended categespenditure shares for
each household member, i.€hGNFP = 3= w;shCN PP, Our results are robust to using the recommended indiviexiaénditure shares
from the thrifty, low-cost, or moderate-cost food plandéasl of those from the liberal food plan.

34Refer to TablEZA.ID for the full list of healthful and unhéditl food categories that we use.

35We aggregate the 52 QFAHPD food groups to the 24 TFP food aagsgusing the correspondence created by Volpe and Ol@ems}.
In doing so, we find that two TFP food categories, cheese ard, mentain both healthful and unhealthful food groupsc8ite vast majority
of cheese and meat purchases are of UPCs that fall into thealihful QFAHPD food groups, we assume that the aggregafechEese and
meat categories are unhealthful. All of our results are sbhuassuming that these food categories are instead fukalth

36As there are no clear guidelines for which food categoriesnawst important for health, the index construction givasabgveight to all
categories. For example, an underconsumption of wholesfamd an overconsumption of frozen or refrigerated entieetreated the same.

3"We exclude expenditure scores that are more than twice stende between the 90th and 50th percentiles from our asgiysarly 5%
of household-month scores).

38The household expenditure and nutrient scores are pdgitiverelated (correlation coefficient of 0.19).
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comparable to previous resea@hl.:inally, the expenditure score takes into account othaients, such as zinc
and potassium, which are not displayed on the nutritior@dfpanel and are therefore not included in the nutrient
score. The nutrient score, on the other hand, distinguiségeen products in the same food category, e.g. frozen
fish fillets versus fish sticks, that will be missed by the exiiteme score. The nutrient score is also not sensitive
to systematic variations in the price of foods purchaseditigrént socioeconomic groups. If, for example, low-
income and high-income consumers purchase identical tjeardf cheese, but high-income consumers purchase
more expensive varieties, then for all else equal experedgcores will differ by income. The nutrient score, on
the other hand, will reflect that both groups have similat:

The tables and figures below replicate our main analysigusia expenditure score in place of the nutrient
score. The disparities across socioeconomic groups ayesiilar to those that we saw in the nutrient score and,
if anything, more persistent when controling for househotétion or store.

Table A.11: Household Characteristics and Nutritional Ii@uaf Purchases
Ln(Expenditure Score)

) @) ®3) 4)

Ln(Income) 0.0426** 0.0242**  0.0427**
(0.0013) (0.0014) (0.0024)
Ln(Education) 0.249**  0.205**  0.0749**

(0.0060)  (0.0065)  (0.0024)

Observations 3356636 3356636 3356636 3356636
R2 0.062 0.065 0.066 0.066
Std Coef No No No Yes

Standard errors in parentheses

*p < 0.05, ** p <0.01, *** p < 0.001
Notes: Observations are at the household-month level.d&tdrerrors are clustered by household. All regressiorisdecyear-month fixed effects and controls
for household demographics, including household size diesinaverage head of household age, a dummy for maritakstdtiousehold heads, dummies for
households with either a female or male household head aalymmy for the presence of children, and dummies for whekieehousehold reports being white,
black, Asian, or Hispanic.

39The correlation between our expenditure score and expeadihares on fruits and vegetables is 0.54.

40To address the sensitivity of expenditure scores to prisesecompute household food category expenditures usingvitrage price per
module instead of the actual price paid. Expenditure sdosesd on this alternative measure of expenditures are cabipdo expenditure
scores calculated using observed expenditures.
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Table A.12: Household Characteristics and Nutritional Iuaf Purchases: Healthful Food Categories

(1)Whole-grain  (2)Potatoes  (3)Dark-green-veg  (4)Oravee (5)Legumes  (6)Other-veg  (7)Whole-fruits
Ln(Income) -0.040** -0.039** 0.14** 0.0067* 0.051** 0.047** 0.022**
(0.0023) (0.0019) (0.0034) (0.0022) (0.0029) (0.0021) 0@@3)
Ln(Education) 0.060"* -0.072** 0.024** 0.029** 0.011** 0.028** 0.072**
(0.0023) (0.0018) (0.0035) (0.0018) (0.0029) (0.0021) 0@@3)
Observations 3616076 3616076 3616076 3616076 3616076 03616 3616076
R? 0.093 0.016 0.111 0.024 0.245 0.031 0.050
(8)Fruit-juice  (9)Skim-milk  (10)Chicken (11)Fish (12)u  (13)Eggs
Ln(Income) 0.015** 0.042** 0.012** -0.036**  0.028**  -0.040**
(0.0025) (0.0027) (0.0018) (0.0026) (0.0019) (0.0021)
Ln(Education) 0.061** 0.098** -0.010** -0.0045 0.046**  -0.0099**
(0.0024) (0.0026) (0.0017) (0.0026) (0.0019) (0.0019)
Observations 3616076 3616076 3616076 3616076 3616076 03616
R? 0.025 0.060 0.126 0.051 0.037 0.017

Standard errors in parentheses
*p <0.05, " p<0.01, *** p < 0.001

Notes: The dependent variable is the difference betweensehold’s expenditure share and the recommended expemslitare on a particular food category in a
given month. Standard errors are clustered by householgaAhbles are standardized. All regressions include-yeamth fixed effects and controls for household
demographics, including household size dummies, averege bf household age, a dummy for marital status of housetealds, dummies for households with
either a female or male household head only, a dummy for teeepice of children, and dummies for whether the househpttsebeing white, black, Asian, or

Hispanic.

Table A.13: Household Characteristics and Nutritional Iiuaf Purchases: Unhealthful Food Categories

(1)Non-whole-grain  (2)Whole-milk  (3)Cheese (4)Beef (838N
Ln(Income) 0.0023 -0.06T* 0.015**  -0.045**  -0.0074**
(0.0019) (0.0024) (0.0021)  (0.0021) (0.0019)
Ln(Education) -0.015* -0.035** 0.041** -0.067** -0.023**
(0.0018) (0.0023) (0.0021) (0.0021) (0.0018)
Observations 3616076 3616076 3616076 3616076 3616076
R? 0.017 0.015 0.020 0.025 0.005
(6)Fats (7)Soft-Drink ~ (8)Sugars  (9)Soups  (10)Frozen
Ln(Income) -0.020** -0.039** -0.026**  0.040** 0.019**
(0.0017) (0.0021) (0.0020) (0.0019) (0.0024)
Ln(Education) -0.0026 -0.061* -0.031** 0.0021 -0.015**
(0.0017) (0.0020) (0.0019)  (0.0019)  (0.0023)
Observations 3616076 3616076 3616076 3616076 3616076
R? 0.032 0.034 0.038 0.012 0.019

Standard errors in parentheses
*p < 0.05 ** p <0.01, *** p < 0.001

Notes: The dependent variable is the difference betweensehold’s expenditure share and the recommended expenslitare on a particular food category in a
given month. Standard errors are clustered by householgaAhbles are standardized. All regressions include-yeamth fixed effects and controls for household
demographics, including household size dummies, averege bf household age, a dummy for marital status of houseteazlds, dummies for households with
either a female or male household head only, a dummy for teeepice of children, and dummies for whether the househpttsebeing white, black, Asian, or

Hispanic.
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Figure A.6: Expenditure Scores Across Households
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Notes: The figure above presents average household-lgvehditure and nutrient scores across households witheliffsocioeconomic profiles. Households are
considered high income (HI) if their size-adjusted houseir@ome falls above the median level across all houseH{@88,221) and low income (LI) otherwise.
Households are considered high education (HE) if the aeeyagrs of education of their household head(s) falls allwvertedian across all households (13.98
years) and low education (LE) otherwise. 33% of househale$i/HE, 17% are HI/LE, 17% are LI/HE, and 33% are LI/LE. Taessults are for January 2010;
they are representative of the other months in the Homesatan d

Table A.14: Neighborhood Characteristics and Nutritid@ahlity of Product Offerings

Ln(Exp. Score, Natl. Wgts )
1 @ 3

Ln(Median Household Income Dens)  0.0367 0.142**  -0.033I**
(0.012) (0.021) (0.0026)

Ln(College-educated Share Dens) 0.0114 -0.0250 0:0294
(0.012) (0.016) (0.0018)
R? 0.011 0.125 0.977
FEs None DMA DMAXxCh
Obs 1239023 1239023 1239023

Standard errors in parentheses

*p < 0.05,** p <0.01, *** p < 0.001
Notes: Observations are at the store-month level. Staretands are clustered by store. All variables are standeddiAll regressions include year-month fixed
effects. DMA refers to designated market area, and DMAxQGhesnteraction of DMA and store chain.

Figure A.7: Store Expenditure Scores Across Channels
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Notes: The figure above presents distributions of storetlexpenditure scores by channel. Stores in the Scantraakada divided into four channels: grocery,
convenience, mass merchandise, and drug. These resulits damuary 2010; they are representative of the other rsantthe Scantrack sample.
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Figure A.8: Income and Education Effects with Geographint@us
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Notes: The above plots depict how the association betwesmia and the nutritional quality of household purchasesgéswhen we control for access using
location fixed effects. The dots in each plot are the coefftostimates on income dummies from an expenditure-weigtggression of log household-month
scores on income dummies, log education, other househembglaphics, and month-year fixed effects. The solid lineiddeghe smoothed kernel of these
estimates. The dashed lines reflect the smoothed kernele afoefficients on income dummies from the same regressitntiaé addition of either county or

census tract fixed effects.

Figure A.9: Income and Education Effects with Store Costrol
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Notes: The above plots depict how the association betweareéidn and the nutritional quality of household purchasemges when we control for access using
store fixed effects. The dots in each plot are the coefficigtithates on education dummies from an expenditure-shaighted regression of log household-store-
month scores on education dummies, log income, other holdsdbmographics, and month-year fixed effects. The sal@diepicts the smoothed kernel of these
estimates. The dashed lines reflect the smoothed kerndige abefficients on education dummies from the same regressib the addition of fixed effects for

either store channel, store parent, or store ID.
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Figure A.10: Residualized Expenditure Scores Across Hulgs
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Notes: The figure above presents average raw and residiial@esehold-level expenditure and nutrient scores acrassefnolds with different socioeconomic
profiles. Residualized scores are obtained by subtracéingus tract (left)/store (right) fixed effects estimateregressions of the log scores against demographic
controls, including interacted income and education griixgd effects, month fixed effects, and census tract/storandies. Households are considered high
income (HI) if their size-adjusted household income fatte®e the median level across all households ($39,221) amdnicome (LI) otherwise. Households
are considered high education (HE) if the average years wdaibn of their household head(s) falls above the mediamsaall households (13.98 years) and
low education (LE) otherwise. 33% of households are HI/HBplare HI/LE, 17% are LI/HE, and 33% are LI/LE. These resuisfar January 2010; they are
representative of the other months in the Homescan data.

Table A.15: Response of Nutritional Quality of Householddhases to Changes in Retail Access

Ln(Expenditure Score)

@ @ ®3) 4
Ln(Income) 0.0238**
(0.0015)
Ln(Education) 0.202**
(0.0068)
Ln(Store Concentration) 0.00153 -0.000951 -0.000989 0.00815
(0.00071) (0.0027) (0.0027) (0.0066)
Ln(Avg. Store Score) -0.00563 0.00753 0.00932 0.00267
(0.0057) (0.011) (0.011) (0.011)
Ln(Store Conc.)*Ln(Inc) -0.00121 -0.00173
(0.0011) (0.0012)
Ln(Store Conc.)*Ln(Edu) -0.00448 -0.00372
(0.0076) (0.0084)
Ln(Avg. Store Score)*Ln(Inc) 0.0107*  0.011T*
(0.0032) (0.0034)
Ln(Avg. Store Score)*Ln(Edu) -0.000489 -0.00357
(0.021) (0.023)
Observations 3110233 3110233 3110233 2807362
R? 0.067 0.436 0.436 0.439
Elasticity w.r.t Conc. 0.00153 -0.000951  -0.0000202 02809
Elasticity w.r.t Score -0.00563 0.00753 0.00456 -0.00198
Demographic Controls Yes No No No
Household Fixed Effects No Yes Yes Yes
Non-Movers Only No No No Yes

Standard errors in parentheses

*p < 0.05, ** p < 0.01, *** p < 0.001
Notes: Observations are at the household-month level.d&tdrerrors are clustered by household. All regressiorisdecyear-month fixed effects. Log income
and education are both demeaned. Demographic controlglmtiousehold size dummies, average head of householddwgmpnay for marital status of household
heads, dummies for households with either a female or maledimld head only, a dummy for the presence of children, anthdes for whether the household
reports being white, black, Asian, or Hispanic.
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Figure A.11: Event Study Analysis of Store Entry
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Notes: The above plots display the results from an evenysindlysis of store entry. The first column depicts the cdefiicestimates on dummies for months
before, during, and after store entry from a regression@hlousehold-level expenditure scores on household fixedtsffmonth-year fixed effects, and dummies
for each of the six months before, the month of, and the sixtheoafter the entry of a grocery store within 2km of a hous#haensus tract centroid. The second
column depicts the results from a regression of an indidatowhether the household shopped in a new store in that nmmthe same independent variables.
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Table A.16: Residualized Household Scores
Nutrient Score

HI/HE  LILE Diff  t-stat

Raw 0.727 0.597 0.131 13.0
Residualized (Chain FEs) 0.694 0579 0.115 121
Residualized (Parent FES) 0.684 0579 0.105 11.2
Residualized (Store FEs) 0.669  0.5740.095 10.5

HI/HE  LI/LE Diff  t-stat

Raw 1.327 1.020 0.307 199
Residualized (County FEs) 1.299 1.023 0.276 18.3
Residualized (Tract FEs) 1.186  0.9780.208 15.8

Expenditure Score

HI/HE  LILE Diff  t-stat

Raw 4.778 4.256 0.522 12.8
Residualized (Chain FEs) 4606 4.147 0.460 9.8
Residualized (Parent FEs) 4579 4144 0435 9.3
Residualized (Store FEs) 4.484  4.0860.398 8.8

HI/HE  LI/LE Diff  t-stat

Raw 7551 6.907 0.644 247
Residualized (County FEs) 7519 6.925 0595 23.1
Residualized (Tract FES) 7.390 6.9010.489 21.8

Expenditure Share on Soda

HI/HE LILE Diff t-stat

Raw 0.067 0.078 -0.012 -16.4
Residualized (County FEs) 0.067 0.077 -0.010 -14.6
Residualized (Tract FEs) 0.064 0.071 -0.007 -11.9

Expenditure Share on Fruit and Vegetables

HI/HE LILE Diff  t-stat

Raw 0.097 0.078 0.018 27.2
Residualized (County FEs) 0.095 0.079 0.016 24.3
Residualized (Tract FEs) 0.089 0.077 0.012 20.9

Total Calories (1000s)

HI/HE LI/LE Diff t-stat

Raw 109.118 124.625 -15.507 -21.4
Residualized (County FEs) 110.025 122.442 -12.417 -17.4
Residualized (Tract FES) 107.945 117.728 -9.783  -15.9
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D Alternative Measures of Available Product Quality

D.1 Store Inventory

The expenditure score for stagén montht can be written as

. 2
Expenditure Scores = Z (Shcst - ShZﬁFP) |shest < Sth;;FP

c€CHealthful

+ Z (Shcst — ShZEPF)2 [shest > shLFFP

ch
c€ECUnhealthful

wherec again indexes TFP food catego@smcst is the representative household’s predicted categerpen-
diture share in store in montht, calculated as

Vut
Shcst = §

v
u€Ucst ZHGU“ ut

Here,U,; is the set of TFP-categoryUPCs with positive sales in stosein montht, U, is the set of all UPCs
with positive sales in storein month¢, andv,,; is the total value of sales of UP&£across all stores in the national
Scantrack sample in month We look at the distance of this representative househchltsgory expenditure
shares from the TFP’s recommended category expendituressfa a “typical” household, consisting of a male
of age 19-50, a female of age 19-50, one child of age 6-8, aadtbifd of age 9-11. We denote the recommended
expenditure share in categaryor this modal household Wh%NPP’

Figure A.12: Expenditure Scores Across Stores: AvailabbelBcts
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Mean across all stores = 6.93
Standard deviation across all stores = 2.11

Notes: The figure above presents average store-level eitpendnd nutrient scores across census tracts with differecioeconomic compositions. Tracts are
considered high income (HI) if their median household inedails above the median level across all tracts ($47,299)@m income (LI) otherwise. Tracts are
considered high education (HE) if their share of collegeeaded residents falls above the median share acrosscdl (22.5%) and low education (LE) otherwise.
54% of tracts are HI/HE, 7% are HI/LE, 11% are LI/HE, and 28%®lafLE. These results are for January 2010; they are reptatee of the other months in the
Scantrack sample.

41Refer to Tabl€AID for the full list of healthful and unhéditl food categories that we use.

42\We exclude store expenditure scores that are more than thécdistance between the 90th and 50th percentiles fromralysis (less
than 0.5% of store-month scores).

43The store expenditure and nutrient scores are positivetgleded (correlation coefficient of 0.49).
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Figure A.13: Expenditure Scores Across Census Storeslaftaiversus Sold
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Mean across all stores = 6.93 Mean across all stores = 7.08
Standard deviation across all stores = 2.11 Standard deviation across all stores = 3.43

Notes: The figure above presents average store-level eitpendnd nutrient scores, computed using either stoesgal national-sales weights, across census
tracts with different socioeconomic compositions. Traes considered high income (HI) if their median househotiime falls above the median level across
all tracts ($47,299) and low income (LI) otherwise. Traats eonsidered high education (HE) if their share of collegacated residents falls above the median
share across all tracts (22.5%) and low education (LE) aiiser 54% of tracts are HI/HE, 7% are HI/LE, 11% are LI/HE, &8@6 are LI/LE. In each subfigure
(“Expenditure Score”, “Nutrient Score”), the plot on thé I¢Available") replicates the availability indexes pegged in Figur€ A Q2 above, while the plots on the
right ("Sold") reflect store-level scores calculated ugimg observed sales in each store. These results are forryaQid0; they are representative of the other
months in the Scantrack sample.

Table A.17: Neighborhood Characteristics and Nutritia@ahlity of Product Offerings: Healthful Categories

(1)Whole-grain  (2)Potatoes  (3)Dark-green-veg  (4)Oravee (5)Legumes  (6)Other-veg

(7)Whole-fruits

Ln(Median Household Income Dens) 0.0190 0.0513** 0.0567** 0.0443 ** 0.0242 0.0778** 0.0814**
(0.0054) (0.011) (0.010) (0.0078) (0.010) (0.011) (0.011)
Ln(College-educated Share Dens) -0.00717 -0.0277  -0.00140 -0.0181 -0.0335* -0.0226 -0.00797
(0.0055) (0.011) (0.010) (0.0078) (0.011) (0.011) (0.010)
R? 0.245 0.015 0.028 0.332 0.037 0.016 0.027
Observations 1237176 1237176 1237176 1237176 1237176 11837 1237176

(8)Fruit-juice  (9)Skim-milk  (10)Chicken (11)Fish (12)ku (13)Eggs

Ln(Median Household Income Dens) 0.0834 0.102** 0.0113 0.0634**  -0.0665**  0.0330°**
(0.0097) (0.010) (0.0046) (0.0061) (0.0093) (0.010)
Ln(College-educated Share Dens) 0.0276 0.0253* -0.00665 0.0158 0.0513** -0.0137
(0.010) (0.0098) (0.0048) (0.0062) (0.0093) (0.010)
R? 0.053 0.033 0.011 0.106 0.059 0.037
Observations 1237176 1237176 1237176 1237176 1237176 11837

Standard errors in parentheses

*p < 0.05,** p <0.01, *** p < 0.001
Notes: The dependent variable is the difference betweepridicted expenditure share and the recommended expendiiare on a particular food category
for a nationally representative household within eachest@bservations are at the store-month level. Standardseare clustered by store. All variables are
standardized. All regressions include year-month fixeelog$f.
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Table A.18: Neighborhood Characteristics and NutritidRahblity of Product Offerings: Unhealthful Categories
(1)Non-whole-grain ~ (2)Whole-milk  (3)Cheese (4)Beef (&8yBn

Ln(Median Household Income Dens) -0.0739 0.0679** 0.0488**  0.0352** -0.0166
(0.0062) (0.0089) (0.011) (0.011) (0.0098)
Ln(College-educated Share Dens) 0.0745 -0.00856 0.00644 -0.0143 0.00537
(0.0062) (0.0089) (0.011) (0.011) (0.010)
R? 0.201 0.078 0.010 0.025 0.056
Observations 1237176 1237176 1237176 1237176 1237176

(6)Fats (7)Soft-Drink (8)Sugars (9)Soups  (10)Frozen
Ln(Median Household Income Dens)  0.0248 -0.0549** -0.0399** 0.0148 0.0387+*

(0.010) (0.010) (0.010) (0.0096) (0.011)
Ln(College-educated Share Dens) 0.00362 -0.0420 0.00602 0.0225 0.0133
(0.011) (0.011) (0.010) (0.0100) (0.011)
R? 0.064 0.069 0.091 0.133 0.012
Observations 1237176 1237176 1237176 1237176 1237176

Standard errors in parentheses

*p < 0.05, ** p <0.01, *** p < 0.001
Notes: The dependent variable is the difference betweepréidicted expenditure share and the recommended expendiiare on a particular food category
for a nationally representative household within eachest@bservations are at the store-month level. Standardseare clustered by store. All variables are
standardized. All regressions include year-month fixeelog$f.

D.2 Store Pricing

We first study whether stores in low-SES neighborhoods ehlaigher prices across all food products. We define
the aggregate price index for storé montht as

Vut

Pst = H <pust> ZueUgy Vut

u€Ust Put

wherep,,; is the sales-weighted average price of U@ stores in montht, p,. is the sales-weighted average
price of UPCu across all stores in the Scantrack sample in mongmdUy; denotes the full set of UPCs sold in
stores in montht. This price index summarizes how the average price of each tH&t the store offers compares
to the national average price for the UPC.

Figure[A.14 shows how these aggregate price indexes vatytwaitt demographics from the ACS. Not sur-
prisingly, we see that prices are relatively higher in censacts with higher levels of income and education.
This suggests that low-income households facing tight btidgnstraints would be even more constrained in their
purchases if they shopped in high-SES neighborhoods tlegreite shopping in low-SES neighborhoods.
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Figure A.14: Aggregate Price Indexes Across Census Tracts
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are HI/LE, 11% are LI/HE, and 28% are LI/LE. These resultsfardanuary 2010; they are representative of the other rsantthe Scantrack sample.

Even if stores in low-SES neighborhoods offer lower priceaggregate, they may still incentivize their cus-
tomers to purchase more unhealthy foods than they woulekif lilked in a high-SES neighborhood by charging
relatively higher prices for healthy food products thandohealthy food products. To explore this hypothesis, we
use store-level price indexes for healthful and unhedlithducts to measure the spatial distribution of the cost of
healthy and unhealthy eating. For each store, the healiinfillealthful) price index summarizes how the average
price of each healthful (unhealthful) UPC that the storeisftompares to the national average price for that UPC.
The price index of healthful products offered in steri@ montht is defined as

Yut

Psilealthful _ H <pust > W
wey Healthful Dut
st
whereUffee!t"ful s the set of all UPCs sold in stokein montht that are classified in a healthful TFP food

category. Analogously, the price index of unhealthful pretd offered in store in montht is given by

Vut

by nhea ul Yu
Pgnhealthful _ H <pust> “EUsUt healthful Yut
Unhealth ful pUt
uelUg,
whereU " ***"! s the set of all UPCs sold in storein montht that are classified in an unhealthful CNPP

food category.

As our focus is on the accessibility of healthful versus wadthéul foods, we consider the ratio of a store’s
healthful-to-unhealthful price indexes, 5@% This ratio, which we refer to as the “relative price index”
and denote byZeletive compares a store’s average markup over national pricélsddrealthful products it offers
to its average markup over national prices for the unhaalgrbducts it offers. A store with a higher relative price
index charges relatively more than average for its hedlttgiisus its unhealthful products than a store with a lower
relative price index. If differences in relative pricingeao blame for the consumption disparities that we observe,
relative price indexes should be higher for stores in nedghbods with lower levels of income and education.

FigurelA. 1% shows how relative price indexes vary with tdainographics from the ACS. Perhaps strikingly,

we see very little variation in relative price indexes asrosighborhoods. If anything, relative price indexes are
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higher in census tracts with higher levels of income and atiois. Based on these price patterns alone, we would
expect the sales of stores in low-SES neighborhoods to be,rasropposed to less, healthful than the sales of
stores in neighborhoods with wealthier and more educatidemsts.

Figure A.15: Relative Price Indexes Across Census Tracts
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are HI/HE, 7% are HI/LE, 11% are LI/HE, and 28% are LI/LE. Téessults are for January 2010; they are representativeeafttrer months in the Scantrack
sample.

Figure A.16: Relative Price Indexes Across Census Trads€B on Storable Products)
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are HI/HE, 7% are HI/LE, 11% are LI/HE, and 28% are LI/LE. Thessults are for January 2010; they are representativeeddttrer months in the Scantrack
sample.

E Theoretical Framework with Functional Form Assumptions

E.1 Set-up

There areM locations indexed by. Each locatiorl has a equal population normalized to equal one composed
of heterogeneous individuals who differ in their income. #é¢sume that the income distribution of households
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in each neighborhood is exogenously determined. We alsorasthat each household is immobile and can shop
only at the retail stores in his or her location.

E.1.1 Demand

Household preferences are similar to those in Handbury320Households have a two-tier utility where the
upper-tier depends on utility from grocery shoppliAg and the consumption of an outside good

U=U(Ug(2),2)

Outside good expenditureis increasing in income, both by assumption and in the Nieldemescan data. In
what follows, we refer ta: as indexing a households’ income level.

Preferences for groceries are given by a nested-CES titititstion over a continuum of varieties indexedy
The nests are defined by the healthfulness of the pradukginoted by;(u) € Q. LetU, denote the set of products
of the same healthfulness. A household in locatierill select their grocery purchases(u), to maximize utility
over the products available in locationU;, subject to a budget constraint. The budget constraintfiaetk by
local grocery pricesp(u, 1), and the per-capita grocery expenditure; z, which we normalize to one. That is,

q u€l;

maxUg(z) = / al(q, z) / x(u)P* du subject to Z plu,Dz(u) <y—z=1
z(u) qeQ uel

wherep, € (0, 1) reflects the degree of perceived horizontal differentrabietween varieties of different nutri-
tional qualities ancp,, € (0, 1) reflects the degree of perceived horizontal differentimbetween varieties of
the same healthfulness. The elasticity of substitutiowben varieties of different healthfulnesses and between
varieties of the same healthfulness can be expressedasl/(1 — p,) ando,, = 1/(1 — p.,), respectively. We
assumer,,>o,> 1. We also assume that varieties are also differentiataitaty by their degree of healthfulness,
so the amount of utility a consumer with SE$ets from a unit of consumption of a given variety is scaledarp
down) by their taste for healthfulness, denotedyg(u))>0.

The grocery demand of a household with income leviel market! can be characterized by their expenditure
share on produat:

) ()

whereP (g, 1) denotes the price index for products of healthfulngsegailable in market (U, ; = U,NU;), defined

as o
P(q,1) = [/GU (p(u,l))l_”’“] u

andP(l, z) denotes the aggregate taste-adjusted price index thatimens with income levet face in market,

defined as -
rea=[[ (Ged) ]

w(u,l,2) = (
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A household total expenditure on all varieties of qualiig given by

(g1, 2) = <W)oa

Assume that there are two types of households, one with higlosconomic status (SES) and outside good
consumptiorzz and another with low SES and outside good consumptjonThe relative expenditure of high-
SES to low-SES households on products of the same healésfuin the same location can be expressed as

Ou(g, L, 2m) /e, b zr) _ (a(q,ZH))”“ (P(Z,ZH))”“ (al(q,ZH) al(q,zL))

dq (g, 21) P(l,z1) alg,zn)  alg,2r)

(A1)

High-SES households will spend relatively more than lonB®Buseholds on healthful products w :211)

o)

% for all ¢. We assume that this inequality holds in all cases wheresastry with SES.

Here we have assumed that preferences vary with socioed¢orstatus due to variation in the exogenous
taste-shifters. This can be thought of as a reduced-formofagpturing the variation in demand that arises en-
dogenously from complementarities between non-food prtsdand the quality of food products. For example,
the results here carry through in a model that instead usesdsted-logit demand system from Fajgelbaum et al.
(2011) and assumes that high- and low-SES households dferedt incomes. In that model, the differences in
consumption arise endogenously due to a complementartiyelea the quality of the differentiated food prod-
uct purchased and the quantity of a homogeneous outside §geadhoose to use the nested-CES model above
because it allows for us to “turn-off” the non-homotheticih demand, in order to demonstrate how the ob-
served differences in demand across high- and low-SES holasecan be generated by supply-side mechanisms
alone. The Fajgelbaum etlal. (2011) nested-logit model iar@ant of the vertical differentiation model from
Shaked and Suttoh (1982, 1983).

In the classic models of vertical differentiation, vargatin the demand for quality is isomorphic with variation
in households’ price sensitivities, which would generadarymore standard “income effect” (where households
with lower incomes purchase lower quality products becdheg cost less). Here, however, theparameters
that govern demand for quality are different to theparameters that govern households’ price elasticities. We
could, therefore, allow for households’ demand for quadibd price sensitivities to vary with their income or
socioeconomic status as in Handbury (2013). The resultssfellow through in an extension of this model where
the key substitution elasticity governing how prices infloe how households allocate expenditure across healthy
and unhealthy products,, varies with income. In this case, the derivative in equaf®.1]) above becomes:

Prlel b2 (TEEI {00 - onlem) o )|+ [outenn) (L) e (222

aq x(Qvlsz) a(Qa ZH) a(szL)

Price Sensitivity Tastes

where there is an extra term related to the difference in the gensitivities of high- and low-SES households.
When high-SES households are less price sensitive in switetross product quality groups, thatds,(z;,) >
oa(zm), and high quality products are relatively more expensiantlow quality productspP;(¢,l) > 0, then
this term will be positive, driving high-SES households tmsume relatively more healthful products than low-
SES households. The second term is similar to the deriviastigquation[(A.l), except that each quality elasticity
has az-specific price elasticity coefficient. This term will be jto&, driving high-SES households to consume
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; 1(9,2H) a1(g,21) oa(zH) . : . .
relatively more healthful products, wh r?;(q7ZH) ) ( o220 ) > e that is, when the relative quality
elasticity acros$f and L households is greater than the relative substitutionielgsfwhich governs the relative
degree of price sensitivity). We present the version of tiee@hwhere only taste parameters vary with income as

this version of the model is more tractable and providesarekantuition for the main results.

E.1.2 Supply

In order to distributer units of a food product of healthfulnegg4o a neighborhood with a; share of high-SES
residents, we assume that a firm must incur a fixed ¢pst per unit wholesale cost that can vary with product
healthfulnessw(q); and a per unit shelf-space cost that can vary with the sHelriggh-SES residents;(\;). To
reflect higher rents in higher-SES neighborhoods, we assbateshelf-space costs are increasing in the share of
high-SES individuals living in the location. We denote th&at marginal cost of retail by(q, ) = w(q) + s(A;).

We assume that there are no economies of scope, so eackrsttl only one variety in any one locatibriTaking

the behavior of competitors as given, the optimal price gbdiby a firm producing variety of healthfulnesg in
location! is the price that maximizes profits. That is, the firm solvesfailowing problem

max 7(u, 1) = (p(w,1) = e(g, D)) #(w, 1) = f

wherez(u, !) denotes the demand for varietyin locationl, with
x(u,l) = Nz(u, l, zg) + (1 — \)z(u, l, 21)

where we have normalized the population in each locatiom& Bor all varieties, of quality ¢ sold in locatiorY,
the optimal pricing strategy is a proportional mark-up avearginal cost:

c(q,1)
Puw

p(”? l) =

We can use this optimal price to rewrite the price index faaliy ¢ in location/ as

P(g.1) = (N(g.1)) " (%) (A2)

whereN (¢, 1) is the number of varieties of healthfulnesdistributed to location. The price index for a household
with income level: in location! is

o= (L) ] L () T

Therefore, the quantity of sales of any firm selling a varadtiiealthfulnesg in location! is given by

2g,l) = (N(g,0) T <%>_ a (N (alg, za) P(L,2m)7" + (1= Ni) (alg, z) P(1, 22)) 7" (A3)
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E.1.3 Equilibrium

We assume that there is free entry into retailing, so actiwesfearn zero profits. This implies that the scale of firm
sales in any given market is given by

(ow—1) (A.4)

E.2 Comparative Statics
E.2.1 Equilibrium Pattern of Product Availability and Cons umption Across Locations

Taken together, the zero profit condition (Equation {A.#)% aggregate demand condition (EquationA.3)), and
the healthfulness-location-specific price index (Equa{®.2)) implicitly define the number of varieties of health-
fulnessq in each locatiori as a function of the fixed and marginal costs of producing @aciety, the local share

of households in each socioeconomic class, and the modeheters:

N(g.) = T(e(q.1)™ i (olq.z) P 2m))"™ + (1 - N) (alg. 22)P(L, 2)) )7 7= (A5)
Cost Demand

l—ow

wherel’ = |:f(0w -1) (m)_ a] T S 0andk = Uzgw)oa=l) < 0. Given the distribution of so-

Tw

cioeconomic classes across locations and the retail témiyydhe pattern of product availability is determined by
two forces, each reflected by an individual term in the aboyession for product availability. The first, labeled
Cost, reflects the role that costs play in determining the healiti®fess distribution in different locations. The
second, labeledemand, reflects the role played by differences in tastes acrogseoanomic groups combined
with differences in the share of socioeconomic classesdh Egcation’s population.

We now demonstrate that each of these mechanisms couldduodlly explain the qualitative patterns that
we observe in product availability across neighborhoodsmurchases across households. We are interested in
showing that the number of healthful, relative to unhealthfarieties available in a location is increasing in the
share of high-SES households in the locatios,,(that ]Q]((q“;fl)) > fy((g;’ll,))
supermodular in quality and household SES, high-SES halgdewill spend at least as much on high-quality
food products as low-SES households in the same locaticgretdre, if the healthfulness of available products in

for A > X). If tastes are weakly

increasing in the share of high-SES households in a neidioloal; it follows that high-SES households will spend
more on healthful food products. Even if high-SES and lows®Buseholds share the same tastes, all households
will spend more on healthful foods in locations where morthete are available. Since high-SES households are,
by definition, disproportionately located in high-SES liaas, on average high-SES households will spend more
on healthful food products.

We start by turning both mechanisms off. That is, we assummdktes are identicalacross consumerse.,
a(q, z) = a(q) for all z andg, and thatvholesale costs are equalcross products of different healthfulnesses,
w(q) = w for all ¢. If wholesale costs are equal across products, then ththhdakss of the varieties available in
each location will be determined by the taste shifte):

N(g.l) = T ()" (ag)P()) 77 (A.6)
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Since tastes are assumed to be identical across consuheedistribution of healthfulness of available varieties
will be identical across locations. To see this, note that#tative number of varieties of two healthfulness levels,
g andq’, in locationl can be written as the ratio of the common taste shifter faetias of qualityg relative tog’.
That is,

galow—1)

N(g,l)  [alg)) 7w
Nl (a(q,)) (A7)

Since tastes are identical across households and théodi&in of healthful products available is identical across
locations, Marshallian demand must be also identical adnosiseholds, regardless of their SES or location.

If we assume thatastes are identical(and, for simplicity, do not vary with product quality).e. a(q, z) =
a(q) for all z andg, but allowwholesale costs to varyvith healthfulness, then the zero profit condition reduoes t

galow—1)

N(g,l) = T(c(g,1))" (aP(l)) ow7a (A.8)

Taking the derivative with respect to healthfulngsand location and imposing that retail costs are equal to the
sum of wholesale and shelf coste,, ¢(q,!) = w(q) + s(A;) , we see that as long as wholesale costs are increasing
in quality and shelf-space costs are increasing;inthe healthfulness- and location-specific variety coungs a
supermodular in qualityg) and the share of high-SES households:(

. / ’
V@) _ ppe (qpay e D) gt af(g), S (M) > 0.

(w(g) + s(A)*

This result implies that high-SES households are moreyitelive in locations with a greater variety of healthful
food products. The ratio of the price of healthful relatiseunhealthful food products will be identical across
locations, so households in locations with a greater waéthealthful food products available will purchase
relatively more of these products. As a result, we expectéohsgh-SES households spending more on healthful
food products, on average, even if they have the same pnefesas low-SES households. That is, socioeconomic
disparities in access to healthful and unhealthful fooddpots alone can generate socioeconomic disparities in
household purchases.

If we instead assume th#te cost functions are identicalacross locations,.e., ¢(q,!) = c(q) for all {, but
allow for tastes to varywith SES, the zero profit condition becomes:

N(g.) = T(e(@)™ [\ (ala, zi) P zm)™ + (1= N) (g, z0)P(L, 2)) ] 7% (A.9)

To characterize how the quality distribution is determibgdlemand, we start by considering the simplest case and
compare two locationg,and!’, which are populated entirely by high-SES and low-SES coress, respectively.
The ratio of the product counts across the two locationsyagamen quality level; is given by

ga(ow—1)
Na.b) - (olgzn) P(lzm) \ 7
N(q,l) (a(q,zL)P(l,zL)> (A.10)

since)\; = 1 and);; = 0. Taking the derivative of this function with respect to lbhliness we see that the ratio
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of varieties available for a given healthfulness level asrie two locations will be increasing in healthfulness as
long asale:2x) - «1le:21) Thjs js the same condition required for the relative exjtenelshare of high-SES to

o(q,2m) a(g,zL)

low-SES households to be increasing in quality:

N{a,0) N(q,1) (al(q, ZH) oq(q,zL)) (g, zu) _ oa(q,zL)
A - > ( for > A.11
9q N(¢.7) \alg.zn)  olg. 1) ol o) algm) O

for A = (%) > 0.

Now, consider two locations with intermediate, but nonagehares of high-SES households. When costs
are identical across locations, the zero profit conditioplies that the scale of firms producing varieties of the
same healthfulness is also identical across locationsntitvber of varieties available at each healthfulness level
will be determined solely by demand for products at thatthéalhess level. Since demand for healthful varieties
is increasing in SES, and all households earn the same inasenmust therefore have that locations with more

high-SES households can support a greater variety of Hebfittod products.

E.2.2 Upper Bound for the Role of Access in Generating CrosSectional Disparities

We have demonstrated that two separate forces can eachlimally explain the distribution of product availability
and consumption that we observe across locations. Thelatore between access and household purchases
demonstrated in the previous literature, however, is figant to determine the role that differences in access
play in driving differences in consumer behavior (or vicesa. In what follows, we show that by comparing
the differences in household purchases across locatidhss$e within locations, we can identify an upper bound
on the role that access plays in generating these diffesenidee critical result is that demand alone determines
differences in purchases across households with diffe@ibeconomic statuses in the same location. From here,
we can show that any sorting across locations based on uvabsetastes will imply that the observed differences
in purchases across the selected households who live oiirstiggpsame location are, on average, smaller than the
differences in purchases that would persist if access waalizgd for all households.

Both access and tastes could be at play in generating theesariomic disparities that we observe in purchases
across households living in different locations. To ses, thote that the expenditures of a household with income
level z on products of a given healthfulnegare determined both by their taste for that healthfule€gsz), and
by the price index of products of that healthfulness in thagation:

1—0,
sa1,2) = (ala. )" (L) (a12)

We saw above that high-SES households purchase more heédibd products either because there are more
of these products available in the locations where theydivd/or because they have a stronger taste for these
products. To see this mathematically, note that the averapenditure share of healthfulnesegarieties for high-
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SES relative to low-SES individuals living across two léeas,/ and!’, is given by

x(Qa ZH) ( Ala:(QalazH)+A1,I(Q7ZIVZH) ) <2_Al _Al,>
l’(q,ZL) (1 _)\l)if(q,l,ZL)"‘ (1 _)\[/)Zf(q,l/,ZL) )\l +Al’

13)

- P \' P(gl) \'7O
(a(q, zH)> . (i) e (P (2 — A= Ay
l1—0q , 1—0, , "
o)\ () 0o () ) N R

Tastes
Availability

The first term reflects taste differences alone. The secondrtdlects differences in access that, as we outlined
above, could be the result of either firms catering to locgte®mor to supply-side factors, such as the complemen-
tarities between healthfulness and local distributiontc@soposed above. These differences in local product
availability are reflected through the local price indexeith P(q, () decreasing in the number of healthfulngss
varieties that are available in locatibnThere are relatively more healthful varieties availahla location/ where
there are more high-SES individuals, so the local healtiefsdg price index will be lower, relative to the overall
price index a household faces in a locatiéi{, zx) or P(l, z1.)), in high-\; locations relative to locations with a
lower share of high-SES residents. This correlation insgtheat the numerator of the availability term is increasing
in quality (sincel — o, < 0), whereas the denominator is falling in quality.

This is easy to see in the case where tastes are identicakdwoaseholds:

l1—0o -0
P(q,)) “ P(g,l') ¢
x(¢,zm) _ Al(P()) +A1’(P<l/>) (2—&—&/) (A14)
fE(q, ZL) 11—\ P(q,)) oo 11— P(q,l") 1=ea Al + )\l’
(=) (7 + (1= ) (i

To the extent that healthful goods are relatively more abuanih locations with many high-SES individuai¥(g, [)
will also be lower in these locations for healthful goods1c®i, by definition, more high-SES individuals live in the
locations with more abundant healthful goods, they wildtém consume more healthful goods on average across
the two locations than low-SES individuals, who are moreliiko live in locations with fewer healthful goods
available.

If we instead look at the average expenditure share of Hahldss; varieties for high-SES relative to low-SES
households in in the same locatidnthis availability term no longer varies with product quali

(A.15)

fE(q, la ZL)

- () (7o)

Any systematic variation that we observe in the healthfsdn@onsumed by high-SES relative to low-SES house-
holds living in the same location must be attributed to taatene.

Note that this within-location variation in healthfulnessly provides a lower bound for the role of tastes
in generating differences in the healthfulness of purchaseoss socioeconomic groups, because tastes could
also explain part (or all) of the differences in the availiépiof products in locations where these households
reside. Further, in the context of the model, the withinakian variation in healthfulness also exactly identifies th
disparity that would persist were availability to be eqeeadi across all locations at the level observed in locdtion
This modelis highly stylized, so there are various addaleaasons why within-location socioeconomic disparities
in healthfulness may reflect more than differences in tast@se. Important factors that the model abstracts from
include the mobility of both products and households bebhweeations, unobserved heterogeneity in tastes across
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households within the same socioeconomic class, andeliftes in the mobility of households and the availability
of products within locations. These biases will tend to leatb further overestimate the role of product availability
in explaining the overall socioeconomic disparities inghases. Take, for example, unobserved heterogeneity in
tastes. Suppose that households sort into retail locatiassd on tastes. We can reflect this heterogeneity and
sorting by allowing the taste coefficients to vary with SES and location, such that the tastes for aymbdith
healthfulnesg for a household with SES in locationl is denoted;(q, z). Under this assumption, we now have
that the relative expenditures of high-SES to low-SES hioolsis in the same locatidrcan be written:

- (i) ()

Under the new assumption that households are spatiallgdsbst heterogeneous tastes, this relative expenditure
no longer exactly identifies the disparity that would pergisre availability equalized across all locations at the
level observed in locatioh In particular, sinceorr (o (q, zm), cu(q, zr)) > Corr (ay(q, zm), o (g, z1)) for

any two locationg and!’, thenxz(q, , zpr) /2(q,1, 21.) < 2(q,1,zm)/x(q,', z,) for any two locationg and!’. The
relative expenditures of high-SES and low-SES residerttssisame location therefore provides a lower bound on
the true amount of variation that will persist in the full ssssection of households if access were to be equalized
across all locations.

E.2.3 Upper Bound for the Role of Changing Access on Consumiph Disparities

If we recast locations as markets that are separated by tistead of by space, we can use the model presented
above to interpret the changes that we observe in houselwthgses over time as their retail environments
change. Our goal is to estimate the impact that policies fardne access in underserved areas will have on
household purchases without any changes in tastes overTinieis unlikely to be the case in the data, however.
The observed changes in access are likely to be correlatedimbbserved changes in tastes since households sort
into neighborhoods that offer consumption amenities thitiseir tastes and stores select their product offerings
to cater to local tastes. To see this, consider how the agerggenditure share of healthfulnesgarieties varies

for a household of the same SE®etween a markétand another markét. When deriving this expenditure share
for Equation[[A.I2) above, we assumed that tastes do nota@nss markets. This is reasonable when thinking
about how household expenditures vary across geographiketsdn a single time period, but less reasonable
when considering how expenditures vary for a given housetnetr time. Extending Equation (Al12) to allow for
tastes to vary over time, we can see that the relative expardiin market relative to market’ depend on the
change in tastes across the two markets as well as the chraagaliability:

‘T(%laz) N al(q,z) Ta P(q’l) P(l’,z) 1—0o,
2(q,l,2) (w(g,z)) (P(q,l’) P(l,z)) (A.17)

Tastes Availability

Given the fixed costs of differentiated good productiontestacater to the tastes in a market. Therefore, changes
in availability across markets will be correlated with usebved changes in the prevalent tastes of local residents.
While the tastes of any one panelist household might notatetiiee prevalent local tastes (a household’s tastes
may not change or may change in the opposite direction), weatxhat the tastes of our sample households
are, on average, correlated and covary with local tastes. rAsult, we expect that our estimate of the elasticity of
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household purchases with respect to changes in their eetdailonment to be subject to an upward omitted variable
bias. Therefore, we interpret these elasticities as anrupmend for the true elasticity that we expect to govern
the response of purchases to improved access that is dyveolioy as opposed to endogenous firm responses to
changes in market fundamentals.
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