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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 gmialive to the spatial differences in store sales and ex-
plain only a fraction of the variation that we observe in thiéritional 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 \ietig 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 in each of the next
five years to promote access to healthy foods in underseradncinities ((Aussenberg (2014)). Many state and
local governments have also introduced programs to impaiogess by providing loans, grants, and tax credits to
stimulate supermarket development and encourage exigtiaers to offer healthier foods in food deserts (CDC
(201:L))H

Despite the growing popularity of such programs, littlem@wn 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 disfies 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 nignial consumption to da&Combining 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 alisigs in access. Finally, in our main contribution,
we use the detailed nature of our data to show that spatiphdies 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 disparitiexcess were entirely resolved, over 70% of the existing
socioeconomic disparities in nutritional consumption daemain.

Before quantifying the role that access plays in generatingtional disparities, we must first measure the
disparities themselves. Previous studies have documeigpdrities in nutritional consumption by focusing on
purchases of a few products, such as fruits or vegetabldg, sgecific localities (see Bitler and Haider (2011)
for a detailed survey of this work).To obtain a more complete picture of the nutritional quatifyhousehold
purchases, we combine consumption data from Nielsen witfitional information from Gladson and IRI. The
dataset we construct describes the full nutritional prefilethe grocery purchases made by an unbalanced panel of
over 100,000 households across the U.S. in each month be®0&6é and 2011. We calculate two complementary
household-level indexes, an “expenditure score” and atienttscore,” that represent the healthfulness of the prod-
uct bundles purchased relative to USDA category-level djtere recommendations and FDA recommendations
for per calorie nutrient consumption, respecti\HaI&\n examination of these household-level nutritional ineex
reveals significant disparities in the healthfulness othases across households with different levels of income
and education. On average, households with above mediamaand education have scores that are 26-30% of

1Between 2004 and 2010, the Pennsylvania Fresh Food Fimpiitiative provided $73.2 million in loans and $12.1 nalii 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 dissthrough loans
and grants, and the New Jersey Food Access Initiative gtanteivate-public partnership to attract supermarketsittetserved areas.

2We use “purchases” and “consumption” interchangeablyfeBifices in food waste, charitable giving, etc. that leasskbold purchases
to systematically differ from household consumption argopel the scope of this paper.

SWhile there is a large literature in economics on the retafidp between socioeconomic status and various healthvibehae.g.
Cutler and Lleras-Muney (2010); Jones (1997)), grocergimases are one health behavior which has received sugyiditie attention.

4Our expenditure score is an extension of the measure usedlbg ¥t al.[(2013). Given the nutritional information we &dxom Gladson
and IRI, however, we can go further than looking at expemetion food group categories alone. Our nutrient score thireteasures the
healthfulness of the relative quantities of nutrients ia phoducts purchased.



a standard deviation higher than the scores of househotdeiow median income and education.

Next, we provide the most comprehensive picture to date of 4ccess to healthy food varies across the
U.S. and quantify the degree to which retail environmenssesyatically differ by neighborhood demograpiHcs.
Using an annual, geo-coded census of over 200,000 fooderstdédor 2006 through 2011, we first corroborate
previous work which finds that residents of wealthier andereducated neighborhoods have more food stores in
their vicinity (Beaulac et all (2009); Ver Ploeg et al. (2P0%0ing beyond previous studies, we then use weekly
store-level sales data from Nielsen to identify the proglastailable and the prices at which these products are
offered at over 30,000 retailers. We merge the store-leisdbiin data with nutritional information from Gladson
and IRI to calculate three novel measures of access. Thawinsineasures are analogous to the indexes used in
the household-level analysis and reflect the healthfuloB#®e products available at stores. We find statistically
significant correlations between observable market cheniatics and the store-level healthfulness indexes, with
stores in higher socioeconomic status (SES) neighborhaftei$ng more healthful products. These differences,
however, are small relative to the differences in the héalless of store sales, the scores for which vary between
four to six times more across neighborhoods than the avityedcores.

Even if similar products are available across neighborkpbealthful foods may be relatively less expensive,
and in turn more accessible, in wealthier and more educatighborhoods. Our final accessibility index looks
at prices and reflects the relative markup over nationakprior healthy versus unhealthy products at each store.
An examination of this measure reveals that differentiaipg is not to blame: healthful foods are, if anything,
relatively more expensive than unhealthful foods in wealthier and more adacneighborhoods. Together, these
results establish that retail environments differ morehm density of stores available to consumers than in either
the nutritional quality of available products or the relatprices of products offered in these sttﬁes.

The main goal of this paper is to quantify the role that theiapdisparities we document using the store-level
data play in generating the consumption disparities thabhgerve using the household-level data. While there
has long been agreement among researchers that both siisilities in access and socioeconomic disparities
in nutritional consumption exist, up to this point the atteffects of access to healthy foods on food purchases
have been heavily contested (Bitler and Haider (JZ(ﬁmae studies find no relationship between store density
and consumption (see, for example, Pearson/et al. (2003 auneghian et al. (2013)), while 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 al.l (2008); Sharkey et al. (2010)). Deteing the direction of causality in this relationship is
crucial in assessing the potential impact of policies thabarage the entry of new stores into food deserts on food
purchases of households in these areas.

We present a simple model to highlight the identificationlieinge that we face in identifying the causal role
of access. The model nests two mechanisms, one driven byndieamal one driven by supply, each which can
independently explain the socioeconomic disparities @eas and consumption that we observe. The demand-side
explanation relies on within-group preference exterigalitin a monopolistically competitive retail industryfis

5In what follows, we define a neighborhood as a census tract.

6Product presentation and freshness are other dimensiae$s that may systematically vary across neighborhatftiie we do not
have the qualitative data necessary to examine this diree#! will be able to control foall dimensions of access by comparing the purchases
made by households shopping in the same store.

"There 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 pregnanmen.
Courtemanche and Carden (2011) find that Walmart entry &sese local obesity rates, though non-causal results [froem €tal. [(2010)
and Volpe et &1.1(2013) suggest that the impact of store entrigs with neighborhood characteristics and the typeasestntering.



will cater to the prevalent tastes in the local market. ITRBES households have stronger tastes for healthy foods,
then it follows that more healthful food products will be dable in high-SES neighborhoods. The supply-side
explanation relies on two fairly general assumptions: (iplesale unit costs are increasing in product healthfglnes
but do not vary across location, and (ii) the marginal cosetdiling, specifically, the rental cost of shelf space,
is increasing in the share of high-SES residents in a neigjldool but does not vary across products. These
assumptions imply that firms in neighborhoods with a gresltere of high-SES residents have a comparative
advantage in the distribution of nutritious products. Agsult, they will offer more healthful food products than
stores in low-SES neighborhoods, even if high-SES and I&8-Bouseholds have identical tastes. Since either the
supply-side or the demand-side mechanism is sufficientrieigde the observed correlation between consumption
and access, this correlation alone is not sufficient to uacthe role that access plays in generating nutritional
disparities separately from the role of demand-side factor

Our model motivates two complementary analyses that all¥o 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 tipadigs that exist across the entire U.S. to disparitias th
exist across households living in the same location or simgpp the same store. We expect disparities in consump-
tion that are due to differential access to exist only betw@useholds living in different neighborhoods, so the
disparities that we observe within a given retail environtmrovide an estimate of the disparities in consumption
that would persist if spatial disparities in access werly fidsolved. The difference between these within-location
disparities and those that we observe in the full crosseseof households therefore provides an estimate of the
proportion of existing nutritional disparities that canreenoved by equating access across the entire U.S. If tastes
only vary with income and education, this estimate will bax If tastes also vary with unobservable household
characteristics, and households sort into residentiat@tadl locations according to these tastes, then the obderv
within-location disparities will instead be a downwaradéd estimate of the disparities that would persist if re-
tail access were equalized nationwide. In this case, tlierdiice between the within-location disparities and the
disparities that we observe in the full cross-section wiitead provide an upper bound on the maximum potential
impact of access-improving policEs.

Our cross-sectional results indicate that equalizinglrataess across the entire U.S. 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 disparitiesngen households that are above versus below the national
medians for both income and education are reduced by 23-B28fnossible, 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 gaes mirror those from the within-location analysis: the
socioeconomic gap in the healthfulness of food purchageslisced by less than a quarter when we only compare
purchases in the same store. In both the within-locationvétidn-store analyses, the majority of the disparities
that we observe between households across the entire UsSstpghen we control for access. Even if spatial

8Note that, even without unobserved heterogeneity in tasteswithin-location disparities only provide a lower bdu(rather than a
point estimate) for the role of demand in generatingdbserved disparities in consumption. By focusing on the purchaspatises between
households shopping in the same retail environment, we letety shut down any supply-side mechanisms driving coniam disparities. In
addition to this, however, we also shut down the “preferemxernalities” component of the demand-side mechanisat;ishthe endogenous
differences in access that are caused by spatial diffesenaemand. As such, within-location estimates will undéneate the role of demand.
The model therefore also serves to demonstrate that tlezetiffe between the disparities we observe across the Brfirand the disparities
that we observe within locations can be interpreted as aeruppund on the component of the existing disparities in lpases that can be
explained by differences in retail environments that atedniven by differences in demand.



disparities in access are entirely resolved, at least 68%teoéxisting nutritional disparities would remain.

Policies that improve access in underserved areas will lemlgffective in resolving socioeconomic disparities
in nutritional consumption insofar as they induce housaotlith low levels of income and education to buy
healthier foods. Our second empirical strategy leverapssmed changes in retail environments over our sample
period to directly measure how households in our data redgmbto changes in access in the past. While comparing
the purchases of the same household over time removes argfatimn between changes in access and time-
invariant components of household demand, changes insegkdikely be correlated with unobserved changes
in household tastes. This endogeneity of changes in acoebese unobserved taste shocks implies that the
observed response of households “treated” with changesciesa are an upper-bound for the expected response
of underserved households more generally.

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 armmugtation to increase the availability of nutritious food
products in a single urban food desert, and find modest efiglttigley et al. [((2003);_ Cummins etlal. (2005);
Weatherspoon et al. (2013); Song €t al. (2009); Cummins ¢28lL4)). 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 houdelsvicinity 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 thesaps by 1-3%. Looking at changes in access driven
by store entry alone, we again find very limited response$efitealthfulness 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 introducedhlese is no lasting impact on the nutritional quality
of household purchases. These results again indicate dhatgs 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 relalip between access and nutritional consumption has
been largely ignored by economists. Methodologically, paper is closest to a literature that uses the entry of
fast food restaurants and large retailers, such as Walteaidentify a causal relationship between retail envi-
ronments and obesity (Currie el al. (2010); Anderson ands#1E2011); Courtemanche and Carden (2011)). Our
paper departs from these previous studies in two importamemkions. First, we are concerned not just with
the relationship between access and nutritional consoemgtut rather the interaction between access, nutritional
consumption, and socioeconomic st§u§his is important for evaluating the effectiveness of caotneolicies,
as recent efforts to improve access do so with the intentchidgieg 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 mechanésd the mechanism is of greater concern from a
policy perspective.

If disparities in retail access do not generate the consiemgisparities that we observe, then something else
is to blame. In the context of our model, differences in dednaire generated by differences in tastes. There are,
however, a range of other explanations for disparities itlpases, including differences in price sensitivities and

9Currie et al.[(2010) examine differences by race and edutafrhey find that the impact of fast food entry on weight gaimieatest
among African American mothers and mothers with a high skcedocation or less. In our time-series analysis, we find Weslthier and
more educated households respond slightly more to impreresyin access to healthful foods. This difference is coaisisvith the finding
of|Chen et al.[(2010) and Volpe et al. (2013) that the impastafe entry depends on both neighborhood characterisiitshe type of store
entering.



budget constraints. For the purposes of this paper, we reagaiostic as to the reasons why we observe systematic
differences in the healthfulness of purchases made by holdseither living in the same location or shopping
in the same store. In future work, we aim to determine whidhois are most important for explaining the large
disparities that persist when we look at households in theeg®tail environment.

The paper proceeds as follows. In Secfibn 2, we describedtasels that we use. In Section 3.1, we present the
indexes that we construct to measure the nutritional quafihousehold consumption baskets, and we document
how these indexes vary across households with differeatd®f income and education. Section| 3.2 introduces our
measures of access to nutritious foods and documents tlispar access across markets with different observable
characteristics. In Sectidn 4.1, we provide the intuitiehipd a model that nests two mechanisms that can each
generate the observed disparities in both purchases ardsa@nd we demonstrate how the detailed nature of our
data can be used to bound the role that access plays in gagemansumption disparities. Sectionl4.2 implements
our cross-sectional approach by looking at whether coniomgisparities persist when we control for residential
or retail location. Sectioh 4.3 takes an alternative, tseges approach and examines whether we observe the
healthfulness of household purchases responding to chamggal access. In Sectibh 5, we provide a discussion
of our results and conclude.

2 Data

We combine six datasets that together describe the nuitipuality of grocery purchases that households make,
the food stores located in the neighborhoods where thesgeholds reside, the nutritional quality of the prod-
ucts offered in these stores, and the demographics of theigaborhoods. The first dataset is the Homescan
data collected by the National Consumer Panel (WCB)d provided by Nielsen. The Homescan data contains
transaction-level purchase information for a represemggianel of 114,286 households across the U.S. between
2006 and 2011. Households in the panel use a scanner prdwde@P to record all of their purchases at a wide
variety of stores where food is sdﬁlAfter scanning the Universal Product Code (UPC) of each penchased,
the household records the date, store name, quantity medhand price. Households participate in the NCP
panel on average for two years and eight months with the tesfgibserved participation ranging from six months
to the full period of analysis (2006 to 2011). In addition mukehold-level purchase activity, the Homescan data
also includes yearly information on demographics and estidl location for each household in the panel. We use
the demographic data to measure two dimensions of socioetiorstatus that are posited to impact a household’s
consumption decisions: income and educ

While the Homescan data describes the stores in which gémshiop and the products that they purchase at
these stores, it only provides a limited picture of the tegaivironments in which households are making their

10The National Consumer Panel is a joint venture between &tiedmid IRI.

11sed Harding and Lovenhéirn (2014) for a detailed descriptiomow households are recruited and encouraged to reparhasies on a
weekly basis.

12Households record whether their income falls into one of agories, listed in Table_A.1. We limit our analysis to hehmids
that have at least one household head working over 30 hoursek @and report annual earnings of over $8,000. We assignehous
holds an income equal to the midpoint of their income catedor each bounded category and an income of $260,000 for$860,000
and above” category. Where noted, we adjust the resultingséfmld income for household size using the OECD equivelesuale.
The first adult in the household receives a weight of 1, albotidults receive weights of 0.5, and each child receives ighivef 0.3
(http://www.oecd.org/eco/growth/OECD-Note-EquivaleBcales.pdf).

13Households record the household head’s education in orig o&tegories: grade school, some high school, high schealugte, some
college, college graduate, or post-college graduate. Htetditions of household heads across these educatiegaré&s by sex are recorded
in TableA2 anfTAIR. Households in which either househelaidhreports only a grade school education are excluded fuvraralysis. We
assign each household head a number of years of educatiomiagshat some high school corresponds to 10 years, sonegealorresponds
to 14 years, and post college corresponds to 18 years. Feeholds with two household heads, we use their average geedsication.


http://www.oecd.org/eco/growth/OECD-Note-EquivalenceScales.pdf

purchase decisions. There are two problems with using theddoan data to characterize retail environments:
First, if no household in the Homescan sample shops at a giega, then we do not observe from the data that
this store exists. Second, even if we do observe househuodgesig in a given store, we only observe the products
that they actually purchase, not the full variety of producffered. Because of these limitations, we use two
additional datasets, both maintained by Nielsen, to olataimore comprehensive picture of the retail environments
that households face. To see the full set of stores avaitatheuseholds, we use the Nielsen TDLinx data. The
TDLinx data contains the names and geo-coded locationsarfyn200,000 food stores across the @S’.o see

the full set of food products available at a subset of themest we use the Nielsen Scantrack data provided by the
Kilts-Nielsen Data Center at the University of Chicago Bo8thool of Busine@ The Scantrack data contains
weekly sales and quantities by UPC collected by point-td-sgstems in over 30,000 participating retailers across
the U.S@ We use this data to calculate indexes that summarize bothutiigional quality and the relative prices
of products offered by each store in the dat@@:

The Nielsen datasets do not contain nutritional infornratar 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€ala and IRI collect this information directly from
product Iabel@ We merge the Gladson and IRI data with the Homescan and &cérdata to uncover the full
nutritional profiles of products we observe being purchdgedouseholds and sold in sto@sln Section§ 3]1 and
[3.2, we describe how we use this information to measure takielness of household grocery purchases and the
healthfulness of products offered in stores, respectively

The final dataset that we use contains tract-level demografitom the 2010 U.S. Cens@.We use this
information to measure the distribution of income and etlanan the neighborhoods in which Nielsen households
reside and Nielsen stores are located.

4stores are divided into five categories in the TDLinx dataicgry, convenience, drug, mass merchandise, and wholsshle

15Information on availability and access to this data is a#é a hitp://research.ChicagoBooth.edu/niélsen.

18stores are divided into four categories in the Scantrack a@abcery, convenience, drug, and mass merchandise.

1"We assume that every product available in a store is soldlémst one customer each month.

18Despite this detailed information on prices and produatraifys, the Scantrack data covers a more limited range aif cettlets than the
TDLinx data and only provides us with the county, not the jm&geo-coded location, of each store. Where possible, veénaihe geo-coded
location of the stores in the Scantrack data by matching tteethe TDLinx data as follows: If there is only one observatior a given
combination of store name and county in both datasets, tieesmsaume that this is the same store. If there are multiplengdisons for a given
store name-county pair, we match the stores based on a dsmpaf the households that we observe shopping at both thénk2nd the
Scantrack store on the same day.

190ne concern with the Scantrack data is that participatioretailers may systematically vary across neighborhoodsshwn in Figure
[A1 the average share of TDLinx stores appearing in thetBansample is the same across tracts with different deapbigs.

20Product characteristics can change without a change inrtidupt’s UPC. When Gladson receives an updated version adupt that
was already in the database, it revises the entry and ircladiene stamp of when the change was made. We use a versian ddtiibase that
includes a snapshot of the market as of July 30th each yeaasgene that these product characteristics are relevatttafiocalendar year.

21These merges are not perfect. Only 45% of the UPCs in the Hmmegata and 57% of the UPCs in the Scantrack data are in diter
Gladson or the IRI nutrition database. We impute nutritianeormation for products not in the Gladson or IRI data gsthe average for
UPCs in the same product module and product group with the saines for all other relevant characteristics, includinand, flavor, form,
formula, style, and type.

22The Nielsen data identifies household locations using 2@8us tract definitions. We adjust demographics from thé® Zdnsus to
reflect boundaries from 2000.


http://research.ChicagoBooth.edu/nielsen

3 Stylized Facts

3.1 Socioeconomic 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 djuelity rather than the quantity of food a household purchases
since the latter is affected by the extent to which a familts @a restaurants, and a propensity for eating out is
likely related to household characteris@sWe measure the quality of household purchases using two leemp
mentary indexes, both of which are calculated at a montklguency for each household in our sample. The first
index, which we refer to as the “expenditure score,” meastlre extent to which a household’s grocery purchases
deviate from the USDA Center for Nutrition Policy and Promot(CNPP)’s dietary guidelines for recommended
expenditure shares by food category. This index followsntieasure used hy Volpe et al. (2013). Given the nu-
tritional information we have from Gladson and IRI, howewee can go further than looking at expenditures on
food categories alone. We therefore also calculate a ‘@nitsgcore” that directly measures the healthfulness of
the relative quantities of nutrients in the products puselta The nutrient score measures the extent to which a
household’s purchases deviate from the FDA's recommemakafor nutrients per calorie. Both indexes are based
on inverse squared loss functions that penalize housefaldwonthly purchases above (below) the recommended
amounts in unhealthful (healthful) food categories ori

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

FExpenditure Scorep; = g (shcht shCNPP) [shene < ShCNPP
c€ECHealthful
-1

2
+ Z (shent — sthNPP) |shene > shGNEP

ce CU'nhealth,ful

wherec indexes CNPP food categories,.: denotes the percent of househals grocery expenditures in month
t spent on products in categoryandshS NPT is the category expenditure share, also in percent units, that the
CNPP recommends for a household with the same gender-dfije pedmuseholdl We determine which CNPP
food categories are healthful and unhealthful using thermeuendations from the Quarterly Food-at-Home Price

23We are working with the USDA's National Household Food Agifion and Purchase Survey (FoodAPS) to measure socioggono
disparities in the nutritional quality of food consumed sweom home. While knowing how nutritional consumption amni® and away
from home are related is important for understanding theativeature of nutritional disparities, this relationshgnot critical for our focus
here. Current policies that aim to reduce nutritional dig{es by improving access primarily do so by targeting asce food for at-home
consumption. The relationship between the nutritionalityuaf 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 whehaccess improves.
However, we do not observe any evidence of this substitutioa quantity of calories purchased by households in ouelpdm not increase
when access changes. This suggests that only the direct effietail access on purchases for at-home consumptiatsrtede considered.

24Neither index rewards households for purchases below @lthe recommended amounts in unhealthful (healthful)gosies or nutrients.
Our results are robust to the use of indexes which incorpdret degree of compliance.

25We use the recommended individual expenditure shares fnerfiiberal food plan” in_Carlson et hl. (2007) to construetommended
household expenditure shares. The recommended categexpenditure share for each household membetenoted byshCNFP, 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 U 0.3
calculate the food expenditure weightsag;,.;+ = T Com— ) irm——rvR andw.pi1q = T oo I, Srs———rk T

The recommended categasyexpenditure share for househdids a weighted average of the recommended categespenditure shares for
each household member, i.€hGNFP = = 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.




Database (QFAHPD) indicators for which of 52 food groupstaalthful and unhealthf@ The expenditure
score penalizes households for having a higher-than-re@rded expenditure share for healthful food categories
(¢ € Creatnrw) and for having a lower-than-recommended expenditureesfuarunhealthful categories (¢
Cunheatthfut)2d We follow|Volpe et al. (2013) and take the inverse of the sgddoss function so that higher
scores are indicative of healthfulngss.

Analogously, the nutrient score for the grocery purchasesnded by householdin montht is defined as

2

C.: CFDA
Nutrient Scorep; = Z % Ipcine < pchA
JE€JHealthful pe;
2 —1
DPCjnt — pCFDA FDA
+ Z W |p(3jht > pcj
JE€JUnhealth ful J

wherej indexes nutrientsyc;,: denotes the amount of nutrienper calorie in household's grocery purchases
in montht, andchDA is the amount of nutrient that the FDA recommends an individual consume per calorie
as part of a 2,000 calorie d@ The FDA indicates whether to consider its recommendatiom fgiven nutrient
as a lower bound or an upper bound. We assign the nutrientsHtimh the FDA recommendation is an upper
bound to the unhealthful category (total fat, saturatedtfans fat, sodium, and cholesterol) and the nutrients for
which the FDA recommendation is a lower bound to the hedlttdtegory (fiber, iron, calcium, Vitamin A, and
Vitamin C) The nutrient score penalizes households for purchasisgthesre) than the recommended amount
of healthful (unhealthful) nutrients per calofe.To account for differences in the units in which nutrients ar
measured, we normalize the deviations of household naipigchases from the FDA's recommendati

The two scores consider the healthfulness of consumer aseshfrom two complementary perspectives, and
each measure has its strengths and its Weakr&sﬁmce consumers choose foods rather than nutrients, the
expenditure score is more closely related to consumer dénframthermore, expenditures on specific food groups,
such as fruits and vegetables, are used by many other stadigthus the expenditure score is more comparable to
previous resear@. Finally, the expenditure score takes into account othaients, such as zinc and potassium,

26We aggregate the 52 QFAHPD food groups to the 24 CNPP foodarés using the correspondence createld by Volpe and O@@h3).
In doing so, we find that two CNPP food categories, cheese aat, montain both healthful and unhealthful food groupsic&ithe vast
majority of cheese and meat purchases are of UPCs that falthe unhealthful QFAHPD food groups, we assume that thecgate CNPP
cheese and meat categories are unhealthful. All of ourteearé robust to assuming that these food categories aeathkealthful.

27Refer to TablEZAM} for the full list of healthful and unhedithfood categories that we use.

28As there are no clear guidelines for which food categoriesnamst important for health, the index construction givasatgveight to all
categories. For example, an underconsumption of wholesfamd an overconsumption of frozen or refrigerated entieetreated the same.

29We exclude expenditure scores that are more than twice stande between the 90th and 50th percentiles from our asghearly 5%
of household-month scores).

These recommendations come from the FDAs instructions ftow to make use of nutritional labels
(http://www.fda.gov/Food/IngredientsPackagingLabegliabelingNutrition/ucm274593.him, last accessed ocebder 4, 2014).

31Some of these nutrients are identified as “nutrients of aoride the USDA's Nutritional Guidelines for Americans wibthers are not.
We use all of the available recommended nutrients, regssdi whether they are nutrients of concern, as our goal issess the overall
healthfulness of individual diets rather than larger publéalth concerns. The nutrient index highlights the choit@t consumers make
relative to the information and recommendations availabléhem at the time of purchase. It is likely that the includedrients, such as
Vitamins A and C (both listed as “nutrients of concern” in 80fut dropped in 2010 in response to increased consumpéonorrelated with
“nutrients of concern” for which we do not have informatisuch as potassium.

32As with food categories, there are no clear guidelines fackvhutrients are most important for health. Therefore,itidex construction
gives equal weight to all nutrients. For example, an undeemption of fiber and an overconsumption of saturated étraated the same.

33As with the expenditure scores, we exclude nutrient scdrasare more than twice the distance between the 90th andpBetkntiles
from our analysis (nearly 5% of household-month scores).

34The household expenditure and nutrient scores are pdgitiverelated (correlation coefficient of 0.19).

35The correlation between our expenditure score and expeadihares on fruits and vegetables is 0.54.


http://www.fda.gov/Food/IngredientsPackagingLabeling/LabelingNutrition/ucm274593.htm

which are not displayed on the nutritional facts panel amdtherefore not included in the nutrient score. The
nutrient score, on the other hand, distinguishes betweedugts in the same food category, e.g. frozen fish
fillets versus fish sticks, that will be missed by the expandiscore. The nutrient score is also not sensitive to
systematic variations in the price of foods purchased bigmdint 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 experagcores will differ by income. The nutrient score, on
the other hand, will reflect that both groups have similat:

We are interested in the extent to which the nutritional ipaif household purchases varies systematically
with household characteristics. In Table 1, we regressétold expenditure and nutrient scores on household
income, household education, and other demographics wdi-month fixed effec’ We see that wealthier
and more educated households purchase more healthful foedsured using either the expenditure or the nutrient
score. Although both effects are statistically significahe standardized coefficients reported in columns (4)
and (8) reveal that education explains more of the variatiaime quality of household purchases than income.
Nutritional disparities across households with differkevels of education but the same level of income are 32-
43% larger than disparities across income levels comigflor education.

One can see this graphically in Figlie 1, which depicts tlegame expenditure and nutrient scores for house-
holds with income and education above and below the rem’édiangffln addition to confirming that average
scores vary more across education groups than across ingamps, these bar charts also provide a way to in-
terpret the magnitude of the variation in expenditure anulient scores by socioeconomic status. Comparing
the high-income, high-education average with the low-imeplow-education average, we see that the scores of
households with above median income and education are cagev26-30% of a standard deviation higher than
the scores of households with below median income and eduacat

Table 1: Household Characteristics and Nutritional QualftPurchases

Ln(Expenditure Score) Ln(Nutrient Score)
@ &) 3 4 (5) (6) () (8
Ln(Income) 0.0424+* 0.024F**  0.0426** 0.146** 0.0893**  0.0636**
(0.0013) (0.0014) (0.0024) (0.0028) (0.0030) (0.0021)

Ln(Education) 0.247+* 0.203**  0.0743** 0.798** 0.635**  0.093%**

(0.0060)  (0.0065) (0.0024) (0.013) (0.014) (0.0021)
Observations 3,440,297 3,440,297 3,440,297 3,440,297 40287 3,440,297 3,440,297 3,440,297
R? 0.061 0.064 0.066 0.066 0.022 0.026 0.029 0.029
Standardized No No No Yes 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.d8tdrerrors are clustered by household. All regressioriedecyear-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 alymmy for the presence of children, and dummies for whetteehousehold reports being white,
black, Asian, or Hispanic.

36To address the sensitivity of expenditure scores to prisesecompute household food category expenditures usinavierage price per
module instead of the actual price paid. Expenditure sdoseed on this alternative measure of expenditures are cabipdo expenditure
scores calculated using observed expenditures.

37All regressions include household size dummies, average bhousehold age, a dummy for marital status of housetezds) dummies
for households with either a female or male household helggladummy for the presence of children, and dummies for drehe household
reports being white, black, Asian, or Hispanic. See Tab@fAr the full regression results.

38Refer to TableEAl7 EAO for regression results by indigidiood categories and nutrients. That is, we run the santessigns as in
Tabld1, but instead of the household nutrition indexes #peddent variable is either the difference between thedhmld's expenditure share
and the recommended expenditure share on a particular fdgedary or the normalized deviation of the household’sgadorie consumption
from the recommended per-calorie consumption of a pasatiqulitrient.

39Refer to FigureE_Al2 arld Al.3 for average household expemdind nutrient scores by income terciles and by educatiuilets, respec-
tively.



Figure 1: Expenditure and Nutrient Scores Across Household
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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 abdwwertedian 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

3.2 Spatial Disparities in Access

We now turn to documenting disparities in access to heallog$ across neighborhoods with different income
and education profiles. We characterize retail environmasing indexes which reflect the number of stores
consumers have access to, the healthfulness of the proalaitable in these stores, and the prices of healthy,
relative to unhealthy, products offered by these stores.

3.2.1 Store Concentration

We start by looking at simple concentration indexes thaecethe 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 trdctand letS; denote

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

S (%)
Concentration Indexlt:Z e 2\20

PRy, 2

Figure[2 depicts how store concentration indexes vary wibttdemographics from the 2010 Cer@lsWe
see that there is spatial correlation between income, ¢idacand the concentration indexes: wealthier and more

educated census tracts have a higher concentration osdtotheir vicinity. These differences are large, with
households in tracts with above versus below median incardeducation facing concentration indexes that are
on average 73% of a standard deviation higher. In contragh&t we saw with the household scores in Sedtioh 3.1,
concentration indexes vary more with neighborhood incomas twith neighborhood education. These patterns
suggest that household education matters more for purshasereas neighborhood income matters more for
access.

400ur results are robust to the use of alternative bandwiditiskarnel specifications.
4IRefer to Figur€AM for average concentration indexes kojlésr of median income and by terciles of college-educakedes.
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Figure 2: Store Concentration Indexes Across Census Tracts
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High Inc. Low Inc.
Standard deviation across all tracts = 1.32

Notes: The figure above presents average concentratioxeis@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) othisewTracts 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 the other yearsif BLinx sample.

In Table[2, we regress tract-level concentration indexesast-level characteristics. Figulré 2 is formalized
in column (1): median income within a tract is positively @siated 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 refeiip 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.

Table 2: Neighborhood Characteristics and Store Cond#orira

) &) @) 4) ®) (6)
All Grocery  Convenience Drug Mass Merch. Club
Ln(Median Income) 0.343*  0.359** 0.339** 0.337** 0.208** 0.30T**
(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 vagislare standardized. These results are for 2010; they presentative of the other years in the TDLinx
sample.

3.2.2 Nutritional Availability

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 equabrtantly, stores may differ in the products they offer,
even within store types. To account for spatial disparitiesutritional availability across neighborhoods, we use
the Scantrack data to compute healthfulness indexes forafabe stores in the Scantrack panel that we are able
to match to location information in the TDLinx data.

11



To summarize the nutritional content of the products offerea given store in a given month, we use store-
level variants of the expenditure and nutrient scores defim&ectiori 3.11 for households. The indexes reflect the
category-level expenditure shares and per calorie nugribat a representative household would purchase in store
s in montht. The household is nationally representative in that theghmaseall of the products available in a store
such that their relative UPC-level expenditure sharestfar store reflect the national aver@e‘[he expenditure
score for store in montht can be written as

ch ch

2
Ezxpenditure Scoreg = Z (shcst — shc—NPP) [shest < sheNPP

c€ECHealthful
—1

2
+ Z (shcst — shg—lNPP) |shest > shg—lNPP

c€ECUnhealth ful

wherec again indexes CNPP food catego@Sshm is the representative household’s predicted categ@y-
penditure share in storein montht, calculated as

Vut
Shcst = §

(Y
WEUpst ZueUst ut

Here,U..: is the set of CNPP-categoeyUPCs with positive sales in stosdn 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 househchitsgory expenditure
shares from the CNPP’s recommended category expenditaressfor a “typical” household, consisting of a male
of age 19-50, a female of age 19-50, one child of age 6-8, aactbitd of age 9-11. We denote the recommended
expenditure share in categaryor this modal household bfyhg—lNPP

Similarly, the nutrient score for storein month¢ can be written as

2

FDA
. PCjst — PC;
Nutrient Scoregy = 7{5 |pejst < chDA
§ : pckD J
JE€EJTHealth ful J
5 1
pejst — pek P4 FDA
+ E ——pa— | Ipcist > pc;

C.
JE€JUnhealth ful pe;
where j ain indexes nutrients, and! ”# is the FDA's recommendation for the per calorie consumptbn

nutrientj [ pc; 4, is the per calorie amount of nutriefthat would be purchased by a representative household in

42Neither of the store-level indexes defined below use anyrimdétion on actual store-level sales. We use national-sedéghts rather than
store-sales weights in order to capture the relative inapeg of products to a nationally representative consuntieerthan a store-specific
representative consumer. Indexes based on store-salghtsveiill be biased towards the tastes of the household8ngsihat store and,
therefore, will mechanically be correlated with the denapiyics of the store’s local community. By using nationalgi#s we are able to
control for the relative importance of UPCs to the typicah®amer without introducing this local bias.

43Refer to Tabl€AM for the full list of healthful and unhedithfood categories that we use.

44We exclude store expenditure scores that are more than tcdistance between the 90th and 50th percentiles fromralysis (less
than 0.5% of store-month scores).

45Refer to TablEZAF for the full list of healthful and unhedithnutrients that we use.

12



stores in montht, calculated as

Vut
PCjst = ugj:st m PCju
wherepc;,, is the per calorie amount of nutriefin UPCu@

In Table[3, we regress these store nutritional availahitiexes on store-specific, market-level varia
Since the concentration indexes were at the tract level, efimet neighborhood socioeconomic characteristics
by tract in Figuré 2 and Tablg 2. Here, we treat space contisiy@nd look at how the socioeconomic status of
residents in the general vicinity of a store covaries with tlutritional quality of the products available in that
store. We measure the average socioeconomic profile in timityiof a store using kernel densities of median
household income and college-educated shares from the @@d€us for census tracts surrounding the @re.
Looking first to columns (1) and (4), we see that store nutréeores covary with neighborhood demographics
whereas store expenditure scores do not. Stores in weadthiemore educated neighborhoods tend to offer a
range of products whose nutrient content, on the wholeebatticords with the FDA recommendations. The range
of products offered by stores in high-SES versus storeswrS&S neighborhoods, however, do not significantly
differ in terms of their proximity to USDA recommendatiors food category expenditures. This suggests that
while stores stock a similarly balanced mix of products asrfmod categories, the healthfulness of the products
offeredwithin these food categories varies systematically across neighbds.

In the subsequent columns we control for DMA (a Nielsen miadedinition of similar geographic scope as
Metropolitan Statistical Areas) and store chain interdetéh DMA. While income is positively associated with
the nutrient scores of stores across DMAs, this associsgigreatly reduced when we control for store chain. This
suggests that the main effect of income on nutritional atdlity comes through the particular retailers that locate
in an area, rather than systematic differences in the typpsoducts that a particular retailer offers. In nearly all
specifications, the association between local educatidritenrange of products offered in stores is more limited.

46As with the expenditure scores, we exclude store nutriearescthat are more than twice the distance between the 99t%0h percentiles
from our analysis (approximately 5% of store-month scores)

4TThe store expenditure and nutrient scores are positivetgleted (correlation coefficient of 0.49).

48Refer to TableEAl7 EAO for regression results by foodgmies and nutrients. That is, we run the same regressionsTable[3, but
instead of the store availability indexes the dependenabir is either the difference between the nationally repnéative household’s expen-
diture share and the recommended expenditure share orieufzarfood category or the normalized deviation of the oraily representative
household’s per-calorie consumption from the recommeipaegtalorie consumption of a particular nutrient.

49 Letting L denote the set of census tragtg,the socioeconomic characteristic in census ttant2010, andd,; the distance between
stores and the centroid of census trdcthe relevant socioeconomic kernel density around stasegiven byZlL_1 lesl/ZlL_l wy; Where

_1(ds)?
we = %e 2( 2 ) . We use a Gaussian kernel with a bandwidth of 20km, althoughresults are robust to the use of alternative

bandwidthsﬂand kernel specifications.
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Table 3: Neighborhood Characteristics and Nutritional i@uaf Product Offerings
Ln(Expenditure Score) Ln(Nutrient Score)
) ) ) 4) (5) (6)

Median Household Income Density 0.0171 0181  -0.00523 0.087#*  0.184**  0.0239**
(0.0093) (0.024) (0.012) (0.0083) (0.019) (0.0060)

College-Educated Share Density 0.00603 0.00435 0:0539 0.0320** -0.046%*  0.0319**
(0.011) (0.018) (0.011) (0.0084) (0.014) (0.0052)
Observations 1,239,023 1,239,023 1,239,023 1,239,021 391021 1,239,021
R? 0.092 0.200 0.707 0.152 0.203 0.803
FEs None DMA DMAXCh None DMA DMAXCh

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 DMAxQGhasinteraction of DMA and store chain.

Figure[3 depicts how store expenditure and nutrient scagswith tract demographics from the 2010 Cen-
sugX] There appears to be almost no variation in the nutritionalityuof product offerings across neighborhoods,
especially when nutritional availability is measured gsthe expenditure scorg. While these differences are
more pronounced when compared to the standard deviatiamooésacross all stores, this is a mechanical artifact
of the limited variation in healthfulness scores acrosgestoRecognizing that our store-level healthfulness score
are just household-level healthfulness scores for a ratiorepresentative household, we can compare the dif-
ference in our representative household’s average scostsras in neighborhoods with different socioeconomic
compositions to the standard deviation of healthfulnessescacross all households. On average, the expenditure
and nutrient scores of our nationally representative hioaisien stores located in census tracts with above versus
below median income and education are only 4% and 5% of aatdmiviation higher, respectiv@/.

Figure 3: Expenditure and Nutrient Scores Across Storeaild@ve Products
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Standard deviation across all stores = 0.69 Standard deviation across all stores = 0.14

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 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%la/LE. These results are for January 2010; they are reptatee of the other months in the
Scantrack sample.

50Refer to Figure§ AJ5 arld A6 for average store expendituteranrient scores by terciles of median income and by terafecollege-
educated shares, respectively.

51The differences in expenditure scores are more pronounbeth we look across store type instead of store location. ibgalo Figure
[A7 we see that food stores have higher expenditure sdaaesconvenience stores, for example.

52\We see similar results at the neighborhood level. Usingetetensities of the expenditure and nutrient scores of steperounding
each census tract centroid, we find very little variationpemnditure scores and only a small amount of variation imienit scores across
neighborhoods with different demographics.
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An alternative way to assess the magnitude of the dispsiitithe healthfulness of products available in stores
is to compare them with the disparities in the healthfulnasstore sales. Recall that the availability indexes
were computed using national-sales weights so as not tatédleal demand. We measure the healthfulness of
store sales by computing analogous indexes where we ingseadctual store-sales weights. In Fidure 4, we see
that the differences in the healthfulness of products sofdss neighborhoods with different demographics are
much more pronounced than the differences in the healtbésliof the products available. Though differences
in the healthfulness of products offered across neighbmtsare limited, the differences in the healthfulness of
products sold mirror the patterns we observed using thedimld-level data in Sectidn 3.1. The gaps between
the expenditure and nutrient scores reflecting what is soktares in neighborhoods with above versus below
income and education are more than four times as large agafisagythe expenditure and nutrient scores for what
is available in stores in these neighborhoods.

Figure 4: Expenditure and Nutrient Scores Across Census$Stévailable versus Sold
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Standard deviation across all stores = 0.69 Standard deviation across all stores = 3.41 Standard deviation across all stores = 0.14 Standard deviation across all stores = 0.47

Notes: The figure above presents average store-level eitpendnd nutrient scores, computed using either stoessal 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 igAvailable") replicates the availability indexes pegged in FigurEl3 above, while the plots on the right
("Sold") reflect store-level scores calculated using theeoked sales in each store. These results are for JanualytB@y are representative of the other months
in the Scantrack sample.

Given the disconnect between the nutritional quality ofdureds 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. This is confirmed in Table 4, where veetlsat stores in wealthier and more educated neigh-
borhoods sell more healthful bundles of produeten controlling for the availability of products. In fact, addj
the availability control has almost no impact on the assimsisbetween store-sales-weighted expenditure scores
and neighborhood characteristics. This is not surprisimgrgthe small amount of variation we observed in the
national-sales-weighted expenditure scores in Figured3rable 3 above. In general, these results suggest that nu-
tritional disparities in the products sold across stor@soabe explained by any constraint imposed by differences
in the availability of nutritious food products alone.
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Table 4: Neighborhood Characteristics and Nutritional ipuaf Store Sales
Ln(Expenditure Score, Store Weights)  Ln(Nutrient Scoter&SWeights)

) ) ®) 4

Median Household Income Density 0.115 0.104** 0.108** 0.0317**
(0.011) (0.0080) (0.0096) (0.0044)
College-Educated Share Density -0.112 -0.116** -0.0198 -0.0478**
(0.011) (0.0081) (0.0100) (0.0046)
Ln(Relevant Score, National Weights) 0.643 0.876**
(0.020) (0.0032)
Observations 1,239,023 1,239,023 1,239,022 1,239,021
R? 0.024 0.359 0.044 0.650

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 standeddi?ll regressions include year-month fixed
effects. In columns (1) and (2), the relevant score is therdjture score; in columns (3) and (4), the relevant scateeisiutrient score.

3.2.3 Relative Prices

There are other dimensions of access, such as prices aedast@nities, that may also influence household pur-
chases. Even though a product is on the shelf in a low-SEShbeibood, the product may be prohibitively
expensive or offered in an unkept section of the store suathtiie item is not truly “accessible” to households in
that neighborhood.

The Scantrack data includes the prices offered to consyrakwaiing 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 caEVriSince 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 purchaseen more unhealthy foods than they would if they had access to theegric
offered by stores in high-SES neighborhoods. If store pgiés to blame for the relative unhealthfulness of sales
in stores in low-SES neighborhoods, it must be the case ttigrga) these stores charge higher prices for all
food products, limiting their customers’ consumption podities and forcing them to allocate even more of their
expenditure towards cheaper products than they wouldwiberor (b) these stores charge relatively more than
stores in high-SES neighborhoods for healthful versus alttfel food products. We explore these hypotheses by
looking at the spatial distribution of prices for all foodplucts, as well as the distribution of the prices offered for
healthy relative to unhealthy foods.

We first study whether stores in low-SES neighborhoods ehhigher prices across all food products. We
define the aggregate price index for steii@ montht as
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53We see this to be the case in the Nielsen data. In the majdrityonluct groups, we observe that the national average pacealorie
of products in CNPP healthful food categories is, on averaggher than the national average price per calorie of ptadin the CNPP
unhealthful food categories.
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