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SNAP Participation and Food Access — A Nationwidefatial Analysis
Abstract

As the public expenditure for the Supplemental Notr Assistance Program (SNAP) -
formerly the Food Stamp Program (FSP) - increasgzoving the effectiveness of the policy
becomes pivotal to limit further surges in publesding. Along with social stigma,
transaction costs, associated in part to the aibil@gsand proximity to food outlets, are the
main deterrent to program participation. This gtpresents an empirical assessment of the
relationship between food access and FSP partigipatnong eligible population. The
analysis uses county-level data for the contindnit8l, distinguished by different stores
formats (grocery stores, convenience stores amhdraditional, low-priced alternative, Wal-
Mart Supercenters) accounting for the endogenéitigedr location decision. To estimate the
parameter of the model we use a relatively nov@nasor: the spatial generalized two-stage
least square (GS2SLS) estimator with heteroskedastoregressive disturbances of order (1,
1) or SARAR(1,1), developed by Kelejian and Pru2@l0). Empirical results show that,
among eligible individuals, the presence of smafivenience stores, large grocery stores, and
Walmart supercenters entice participation in tregfstamp program. In sum, increasing the
number of stores for which commuting by car is stattly necessary (convenience stores) or
the proximity to stores with wider assortment afipriced items may act as catalysts to
ability to the policy ability to reach the underpieged.

JEL codes:Q18, L81, C21

Keywords: Food Stamps, Food Access, Spatial modelling.



SNAP participation and Food Access — Evidence frortihe Northeast
1. Introduction

The Supplemental Nutrition Assistance Program (SNA@®merly known as the
Food Stamp Program (FSP) is the largest welfargram in the United States in both terms
of number of recipients and expenditure: by Decar2B09 almost 39 million persons were
using the program, for which over $55.6 billion weapent in the same year (USDA, 2010).
The scope of the program is ever growing: parttogpahas increased by over 41 percent
since the onset of the current recession in Decei#7, and the latest proposed budget for
SNAP is of $72.5 billion (USDA, 2010). Figure vgs a representation of federal
expenditures, number of participants, poverty saite the share of population enrolled in the
program over time. Clearly, the number of proggarticipants varies along with poverty
rates (and as Ziliak, Gundersen, and Figlio, (20@8)e pointed out, unemployment rates),
which follow countercyclical variations with the $iness cycles, and so does the percentage
of the population benefiting from the program.

However, economic fluctuations are not the onlydesimpacting the performance of
the FSP over time. Changes in policy affect hgguibgram participation: the gap between
poverty rate and percentage of population partizigan the program has widened in the late
1990's perhaps as consequence of the Personal fi&sitity and Work Opportunity
Reconciliation Act (PRWORA) of 1996 which has chedghe base of eligible individuals,
barring new legal immigrants from federal fundesistant program for their first five years
in the U.S. and placed a time limit on the lendpt teligible individuals can benefit from the
policy (Ziliak, Gundersen, and Figlio; 2003). Lateendment to the policy revoked some of
the restrictions to elderly and young legal immidravhile changes that required the
implementation of Electronic Benefit Transfer (EBfandatory by 2002 in all states

facilitated redemption by reducing transaction sost



In spite of the several changes that the prograsrgbae through since the Food
Stamps Act of 1964, the main goal of the policyg help low-income individuals and families
to buy the appropriate amount of food they needyfmd health - has remained the same. In
order to achieve this goal, recipients must necig$emve access to food to satisfy their
alimentary needs. The plethora of studies asgp#isnefficacy of the FSP has focused
mostly on the endogenous determinants of househdktision of whether or not to join the
program and to understand the outcomes to suchkideciExisting research has addressed
the impact of FSP on food expenditures (Wilde, Taag Rogers; 2009), the recipients’
quality of diet (Wilde, McNamara and Ranney; 1998gir level of food security (Gundersen
and Oliveira, 2001; Jensen, 2002; Borjas, 2004d@vand Nord, 2005; Yert al.. 2008),
children’s welfare (Joilliffeet al.; 2005) and obesity (Chen, Yen and Eastwood, 2005;
Meyerhoffer and Plypchuck, 2008). Little reseaegists that focuses on understanding how
the elements of the built environment (such as fmorkss) may impact program
participation. As food stores’ availability is eg@nous to low-income individuals (they have
limited resources, and therefore limited mobilityg¢ characteristics of the built environment
surrounding them becomes a key factor for the sscokthe program.

As a first step to understand the interaction oftffaccess and the outcome of the
FSP/SNAP policy, one should determine whether oetigible individuals’ participation
choice is impacted by food access. As one of étercents to program participation is the
existence of transaction costs, which is in pantfion of the distance to food outlets (Moffit,
1983; Gundersen and Oliveira, 2001), one shouldstigate how the presence (and type) of
food stores impacts such transaction costs. Reldooel access is a key determinants of the
lack of availability of healthy foods for SNAP re@nts (Kaiser, 2008), as there is a positive
relationship between the quality of the food chsitteat FSP recipient households make and
the access to food outlets (Rose and Richards,)2004g et al. (2004) find also that low-

income areas, where the number of SNAP recipisrrger, tend to have less food access,
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characterized not only by fewer food stores buti alg stores offering lower quality. Feather
(2003) finds strong evidence of welfare gains fifowd stamps’ recipients having access to
larger selections of food products, which is eqgi@rato upgrading from small grocery stores
of the type found in many low-income neighborhotmkarger food stores and supermarkets.
However, consumers’ characteristics and markettstre contribute to the
determination of retailers’ location and store fatmempirical evidence shows that areas with
a prevalence of less-privileged individuals arerabterized by limited access to large (or
“high quality”) food stores (see for example Alwdihd Donley, 1997; Baélt al., 2008;
Cotterill and Franklin, 1995; Moore and Diez Ro8806; Morlandet al., 2002; Powelkt al.,
2007; Zenket al., 2005). In fact food retailers position themselsdogenously into a low
quality fringe of grocery stores serving consunvein® do not (or simply cannot, due to
income constraint) pay for quality, and a natufejapoly of high quality supermarkets
(Ellickson, 2006), offering higher prices and alteglevel of services (Bonanno and Lopez,
2009) Some of the recent structural changes in thd fetailing industry driven by the
expansion of non-traditional food retailers (Magtin2007), led by Walmart's Supercenters
format> may be beneficial for low-income households foeéhreasons: 1) since Wal-Mart
locates its stores preferentially in areas wherepadition is scant (Jia, 2008; Bonanno,
2010), its expansion could improve food accessoiwrincome households; 2) the company
has been found to increase consumers’ surplusfeyirgd lower prices and greater product
variety (Hausman and Leibtag, 2007) providing falidow-income individuals giving
access to fresh produce at lower prices (Volpelavdie 2008, Basker and Noel, 2009); and

3) the rate of conversion of Discount Stores inipe&Scenters (representing the main strategy

! The company has moved away from its Discount Stfmenat (carrying a limited number
of food products, mostly shelf-stable) to the Sapater format, which offers fresh produce,
meat, bakery, deli and fresh seafood departmeeat®rbing the larger food retailer n the U.S.
(Food Marketing Institute, 2007). As of July 31080 Wal-Mart operated (in the U.S. alone)
2,572 Supercenters and 915 Discount Stores (Wal-$tares Inc, 2008).



followed by the company to expand into food reta)iis positively related with higher
percentages of population being food stamp recipi@@onanno, 2010).

The thrust of this paper is to present an empidasakbssment of the relationship
between food access and FSP patrticipation decsiwng the eligible population, using a
panel data of county-level observations for all¢dbatinental United States, accounting for
different stores formats (grocery stores and coievdrstores, divided by establishment size,
and a non-traditional, low-priced alternative, \Wédwt Supercenters) and the endogeneity of
food retailers’ location decision.

Empirical results show that, among eligible indiwads, the presence of small
convenience stores, large grocery stores, and Whsupercenters can act as catalysts of the
participation in the food stamp program. The regaint out that among stores that offer
limited assortment and higher prices (convenienaees) location and accessibility plays an
important role, as small stores are preferredrigelaones, perhaps associated with gas
stations and being reachable by car. Furthernmoreasing the proximity to large stores with
wider assortment of low-priced items (in particlldalmart supercenters) may improve to
ability to the policy ability to reach the underpleged, as the benefits of enrolling the

program could be larger.

2. The Model

The methodological underpinning of the model drawtgnsively from the existing
literature explaining participation in the FSP.igile households decide whether or not to
join the program if the (indirect) utility gainetbfn program participation is larger then the
utility from non-participating (see for example Mittf 1983; Fraker and Moffitt, 1988;
Keane and Moffitt, 1998; Jensen, 2002; Ziliak, Gersén and Figlio, 2003). One common
key feature of these models is that the differdreteveen the utility of participating and that

of non-patrticipating (or the disutility of prograparticipation) is function of: 1) the negative
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feelings that participants associate with otheippedisapproval and the aversion to receiving
public assistance, atigma (Moffit, 1983); and 2)ransaction costs, which are impacted by
the distance to food outlets and time spent catigand filing the paperwork necessary to
enroll the program, or to recertify eligibility (@dersen and Oliveira, 2001). One standard
assumption of these models is that preferenceadatiéively separable in the utility from
consumption and participation disutility. Thisoalls food access to enter linearly the FSP
participation decision as it is hypothesized tlatf access will reduce the transaction cost
component of the disultility in joining the program.

Following Moffitt's (1983) model, the utility thahe maximization problem of
household located in aregaleads to the following inequality, representingtiggpation

decision:
U, (Y, +8,)-U, (Y)> 4 (1)

whereY;; is private income sourcg; is the level of benefit from the food stamps pamgrand

@ is the “cost”, or disutility of accessing foodsips. One can rewrite (1) as:
Uy (% +B;)-TC(S) - &> Uy (%) (1-2)
where the disutility terng can be decomposed in transaction cd€l$S;) and an

unobservable component of social stiggyassumed to be distributed normally with mean 0.

S are structural county-level characteristics armtovariables related with the policy
regimes which could impact transaction costs.
One can introduce consumers’ heterogeneity in théaiin the form of an

idiosyncratic random terrg, , assumed to be i.i.d extreme vafu€urthermore, one can

assume that, besides household incdnethe indirect utility that householdeceives by

% This is a necessary assumption for the sharei@msxto take the form as in equation (4).
That said, preferences need not to be the samssacomsumers that live in the same county.
One can specify a more complex form of consumeerbgeneity as in Berry (1994), for
which individual-specific variables need to be usethe estimation of the model.



participating in the prograrfUijP) and that of non—participatingJ(}“P) are the same across
eligible individuals in the same county:

Ui =Y, +B, —TC(S)) +¢, +¢ (2-a)

U™ =Y +g. (2-b)

Let the portion of utility common to all househoidscountyj joining the program be

0, =B, -TC, +¢; and letd,, =0 be the normalized utility of not joining the pragn. The

utility to the net of private income is:
Ui =Y, =B, -TC(S)+¢ +e =3, +§ (3-a)
UiJNP -Y; =0, *§ (3-b)
Following Berry’s (1994) discrete choice modelgpodduct differentiation one can

define the following “share functions” which repees an expression of the (aggregate)

likelihood for an eligible individual to either nparticipate (;TP) orto participatefp) in the

program.
To OPGe) oo e0G) @
exp@ye )+ expls ) ? expOy )+ expd; )
which, under the assumption above gives
In(s;) = In(sp) = B, —=TC(S)) +¢; (5)

Note that no functional form has been specifiedB@ndTC(S). For simplicity, the
benefit function is assumed to be a linear functiblocal economic characteristics and other
county-specific factord]. Transaction costs can also be function of sohtke same
demographic characteristics, as well as ease #sadood (or food accessh), state-level

specific differencesXate) in policy adoptior’. The econometric model to be estimated is:

% Several papers have investigated related isseesps example, Borjas (2004) illustration
of the different state-level food stamps offeritgson-eligible immigrant that followed the
adoption of PROWRA.



In(s) ~In(Sy) =L, + FA B+ State y + &, (6)
wherea, 5,and y are vectors of parameters to be estimated. Matestnce.; andFA; may

affect both transaction costs and benéfitere is no means to understand what the source of
their actual impact on the LHS is (benefits, tratisa costs or both). It follows that the
coefficients in (6) are not directly related wittetspecification of the utility in (1) and
therefore their magnitude is not directly interptdé. However, one can quantify the effect
of food access (or the other variable&)ron the likelihood of joining the program, by

calculating the following marginal effect:
-=ps(1-5,).° (7

It should be mentioned that the model illustrateave relies on the assumption that
the variables enterin®, andTC are not correlated with the error term, whichhis t
unobservable component of stigma. As Moffits ()98&ints out this is unlikely to hold for a
series of different reasons. In the first platignsa is likely to be impacted by households’
characteristics. Secondly, unemployment (or lgdasticipation) is likely to be correlated
with income or other variables; other works havaltdeith this issue by either estimating
jointly FSP and labor force participation decisigHsingstom, 1996) or using instead an
instrumental variable approach (Goetz, RupasingllaZzammerman, 2004). Third, the level
of FSP benefits are determined by labor partiogwatvhich is also correlated with
demographics, and therefore with stigma (BorjasHittdn, 1996; Borjas, 2002; Bollinger
and Hagstrom, 2008). Fourth, some characterigtiesh as age, education, labor market

conditions have both an impact on income and tbegedligibility, which do not enter the

* For example, as the presence of Walmart supersenés been found to significantly lower
food prices (Volpe and Lavoie 2008, Basker and N2@09), it is conceivable to hypothesize
that FSP participants patrons in these stores meaghiie to buy more food with the same
amount of subsidy which may increase the benefiting from joining the program.

® Equation (7) comes directly from the expressioelasticity for the multinomial logit or:

oin(s,) _ 0s, FA _ _
dIn(FA) oFA s ~PAAL=S).




model directly and could be embodied in the ereamt causing further problems of
endogeneity. For the purpose of this paper weairgy to neglect these potential problems
and focus on others which are directly related withissue in analysis.

Food retailers’ location and store format decisiaresfunction of supply (competition,
business-friendly environments, existence of infragures etc...) and demand factors
(population characteristics, market growth potémte...) the latter being likely to be
correlated with the error terms of the food stapgagicipation equation. Following some of
the previous literature on entry in the retailingustry (Cotterill and Haller, 1992; Jia, 2008;
Bonanno, 2010) first-stage equations based uparcesiform expected profit equation can
be used to capture the entry decision of foodleztai This analysis will construct
instruments for the number of food retailers initterket by isolating the supply-side
determinants of firms’ location decision. The dstaf the identification strategy are

discussed below.

3. Data and identification strategy

The data used in the analysis are county-level@rohservations encompassing all
the continental United States, obtained from plpbkwailable sources. Data on the number
of food stamps recipients and poverty rates coorm the Small Area Income and Poverty
Estimates (SAIPE) of the U.S. Bureau of Census lwhiitl be used to obtain the log odds of
program participationi €. the dependent variable in equation(6)). Sinagl#é population is
not recorded, the participation share will be citad by dividing the number of food stamps
recipients by the number of people living below plowerty line augmented by a factor of

1.85° The SAIPE poverty and food stamps data is abvigilfrom 1993 (1994 and 1996

® One of the eligibility criterions is that housetiislincome is not to exceed the 125% of the
poverty line. From data of the U.S. Bureau of@@nsus, Current Population Survey, Annual
Social and Economic Supplements, it emerges tleatatio of the population in poverty and

that of the population being on 125% of the povértg varies from 1.3 to 1.45 in the years
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being not available), the last year available atrttoment of the collection of the data being
2008. Cross sections for 1998 and 2006 will beluSehe 1998 cross section contains 2932
observations while the 2006 cross section con@B27 observations. The latter cross
section contains fewer observations because ofriptate demographic data on some
counties in Georgia, Louisiana and Nevada.

The selection of the years 1998 and 2006 is didtayeboth economic reasons and
data availability. As discussed in the introducts®ction, the gap between poverty rate and
the percentage of population recipient of food gsimad been widening in the period 1994-
2000 and shrinking in the subsequent period. Theaages are related to changes in both
economic conditions nationwide and with the adaptibdifferent federal policies;
accounting for both these effect, it could helmiifging the impact of food access on
participation. However, instead of using a pre-FBRA year, we use 1998 merely because
that is the first year for which the Census swittfrem the old SIC (Standard Industrial
Classification) classification system to the NAIQ®rth American Industrial Classification
System, NAICS). Using years previous to 1998 mrapte problems as of the consistency of
the aggregates used. 2006 is chosen as the spenad of analysis simply because that is
the last year for which Walmart Supercenters’ lmzatlata is available.

Data on traditional food retailers’ and conveniestm®es’ location is obtained from
the County Business Pattern of the U.S. CensusaBur&he number of traditional food
retailers is that of the NAICS 445110 (grocery es)rindustry, while the number of
convenience stores’ establishments is obtained sognestablishments belonging to the
NAICS 445120 (Convenience Food Stores) and NAICKL49 (Gasoline Stations with
Convenience Stores) industriebhe County Business Pattern database containgniatamn

on the number of establishments, number of emp&ya®ual payroll by industry. Number

included in the sample. However, in order to avihid risk of the recipient population
exceeding the eligible one, a factor of 1.85 wélused, as 185% is the criterion used by the
Current Population Survey for household to be igigfiified as low-income.
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of establishments by class of employment sizeesl tis create three categories of stores
which will capture differences in stores offeringgerms of prices and assortments: Small (1
to 4 employees); medium (5 to 49 employees), arglémore than 50 employees). Two
establishment-size categories are used insteamfvenience stores: small (1 to 4
employees) and others (more than 4 employees}ta @aWal-Mart stores’ location, opening
date and store types is obtained from T.J. Holrdatibase (Holmes, 2008) publicly available

for academic use on his websitgt://www.econ.umn.edu/~holmésvhich includes also

information on store formats, opening dates, arid dastore conversions. The data is
aggregated to obtain county-level observations &onanno (2010).

The instrumented number of grocery stores estabisits and convenience stores (see
more detailed below regarding the identificatioswasptions used) is then divided by county-
level population obtained from the Population Esties Program (PEP) of the U.S. Bureau of
Census, to obtain values of store density, whieenthmber of Wal-Mart supercenters is
instead divided by hundreds of thousands of people.

Population characteristics are used in the analgsisntrol for average levels of
heterogeneity across counties. The control vaegbbked are percentage of population being
female, Hispanic, Black, those in the age group3 tof 14 years old and over 65, all obtained
from the PEP. Unemployment rate and wages fordkilindividuals are used to control for
the economic characteristics of the counties. Unleyment rate data come from the Local
Area Unemployment Statistics Database of the Urfttiadies Bureau of Labor Statistics. We
calculated a proxy for low-skill wages by dividiagnual payroll by the number of employees
aggregated across three sectors characterizetbly\@mage-low-skill jobs, such as grocery
stores, convenience stores and gas-cum-conve nseones.

An indicator variable to capture between the déferes of metro and non-metro

counties is also used, to capture differences arddfegent types of counties, from the
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ERS/USDA Rural-Urban Continuum CofeTo account for unobservables and for the state-
level differences in implementation of the FSP pglistate-level fixed effects are also used.

As discussed in the previous section, food stdoesition is endogenous. An
instrumental variable procedure is used to cofi@csuch source of bias in the estimated
parameters. The identifying assumption is thatpanting for the supply-side drivers of food
retailers’ location decision, such as tax climatd the presence of infrastructures one will be
able to isolate such exogenous component in thesables that are not correlated with the
error terms in equation 6. Tax climate is meastethe Corporate Income Tax rates of the
U.S. Census Bureau’s Tax Foundation. Minimum crafgotax rates are used for
convenience stores and for small grocery storeselie maximum rates are used for
medium and large grocery stores and Walmart supenese Infrastructures are measured by
the state-level number of miles of federal highwiaythe year 1950 per square-mile of land
obtained from the Highway Statistics of the U.SpBxement of Transportation, Federal
Highway Administration, and combined with the UCRnsus Bureau Gazetteer of Counties
measure of squared miles of land in each stateoulity-level measure of land availability is
obtained dividing square miles of land being a ratpark by total land in a county. Total
population is also used to account for differemcearket size, under the assumption that the
likelihood of participation in the FSP is uncorteld with market size.

Additional instruments are used to account fordloation of Wal-Mart Supercenters
location endogeneity, exploiting the Hub-and-splaloation strategy of the company (Walton
and Huey, 1992) by interacting the distance fromtBe County, AK (where Wal-Mart
headquarters is located) with state-level indicatdrhis approach is similar to that used by

Neumark, Zhang and Ciccarella (2008), to instruntieathumber of the company’s store

" The ERS/USDA Rural-Urban Continuum Codes is a-piawe codification that distinguishes
metropolitan counties by the population of theitmm@rea, and nonmetropolitan counties by
degree of urbanization and adjacency to metro ar€as counties indicated as metro in this
analysis are those identified as metropolitan leyRiaral-Urban Continuum code (codes 1, 2
and 3), while those identified as non-metro areréimeaining ones (codes 4 to 9).
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openings over time, and resembles also that us&bbythemance and Carden (2010). The
same supply-side variables described above arauaésh Furthermore, as Wal-Mart selects
preferentially rural areas population density am@lretro/non-metro indicator discussed
above are used as additional instruments. A ret#ye variables used in the estimation is

presented in Table 1, while Table 2 reports sarsaltistics for the two cross-sections.

4. Estimation

The model described in section 2 assumes that egoragents (both local food stamp
agencies and eligible households) and economicittonsl are isolated from one another.
However, the assumption of spatial independenaesaa@ounties is unlikely to hold in the
context of county-level nationwide analysis (seetZet al. (2004) for an application of the
spatial econometric technigues to an analysisa@d &tamps participation that uses county-
level data). More favorable economic conditionaé@ighboring counties may have a
spillover effect on the efficacy of the policy; siamly, spatial competition is an extremely
important factor for food retailers’ location (Gaxtitl and Haller, 1992) and some chains (for
example Wal-Mart) locate their stores in geograghisters. Furthermore, some of the
unobservables such as local policies, or progranfecilitate the efficacy of food stamps
policy, may attract (or discourage) low income Vndisals to locate in a given area, which
may impact mobility (or spillovers) across aredidollows that both a spatial lag and a
spatial autocorrelation term could be, at leagrrinciple, included in the modél.

Consider the following representation of the fotah¥ps’ participation rate equation
(equation 6) which allows for both spatial lagshe dependent variable and spatial

correlation of the disturbances:

8 A Wald test can be used to establish whether fhiRAR (1,1) structure fits appropriately
the data. Goetz, Rupasingha and Zimmerman (2004) wudes a similar approach to
determine the changes in food stamps participasass U.S. counties, found that a SAR (1)
model could fit the data better than a SARAR (1,1).

13



Y =AWY +X[S+Mu+e, (8)
whereW andM aren x n matrixes of spatial weights whose diagonal elesmarg 0sY
represents the log-odds of participating in thegpam (or the LHS of equation 6) and the
matrix X = [ L, FA, Sate]. The parameteA captures the magnitude of the spillover effect
that economic conditions and food access in neighp@reas can have on food stamp
redemption rate, andrepresents the level of correlation among disturba in neighboring
counties. Consistently with the nomenclature useénselin (1988) the model in (8) is
defined as a linear spatial autoregressive modeél avitoregressive disturbance of order (1,1)
or SARAR(1,1).

The elements of the vector of innovatierare assumed to be i.i.d. from a mean zero
distribution whit non-constant variance (i.e. tleag heteroskedastic). Formally, let the

distribution of thg-th element ofe, (&;) be characterized as followg]¢;] =0;

Ele,e,] =07, andE[¢,€

] =0. The heteroskedasticity of the elements isfthe results of
the notion that, when cross-sectional spatial uhas differ in size and/or in other
characteristics (such as population of populatiemsity) are used, innovations of the
disturbances are very likely to be heteroskedg@ketejian and Prucha, 2007; 2010). In
presence of heteroskedastic disturbances, thaadhabtaximum Likelihood estimators
discussed in Anselin (1988) can perform poorlydieg to higher chance of incurring into
Type-1 errors (Arraizt al. 2010).

To circumvent these issues, we are adopt the sgateralized two-stage least square
estimator (GS2SLS) proposed by Kelejian and Pri2840) which allows for
heteroskedastic disturbances of unknown form inragressive linear models of order (1,1)
or SARAR(1,1). This estimator is based on - angbexis upon - other moment estimators

proposed by the same authors in previous work, evtier disturbances are homoskedastic

(Kelejian and Prucha, 1998; 1999) and heteroskied@&lejian and Prucha, 2007). This
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family of moment estimators relies on the assunnptiat the explanatory variablXsare
exogenous (Kelejian and Prucha, 1998; 1999; 20a728d0; Arraiz, 2010) and that one can
useX and its spatial lags to define a set of momentitmms. The rationale of this approach
comes from the fact that equation (1) can be réawrias

Y =(1-AW)[XB+1], 9)
whereu=(l - pM)™&. Under the assumption of disturbances being niean zero, being

the roots oV andM less than 1 in absolute value, one Ha&Y) =[l + AW + A°W? +.. X 3.
The matrix of instruments can therefore contairhallinearly independent columns of
H=XWX,. WX MXMWX ,MW X' ° whereq<2. In this application the two
weighting matrixes are assumed to be the sdiveM) andq is assumed to be 2, so that the
matrix of instruments i = (X, WX W %X ).° The reader should keep in mind that, in this
application, since the food access is endogenbeasnstrumented values obtained as
described in the previous section are used in patee actual ones.

As described in Arraizt al. (2010), the SARAR (1, 1) GS2SLS estimator usegoa t
stage procedure to recover all the parameterseafnitdel’® In the first stage one recovers a
first estimate of the autoregressive parameteising a procedure similar to a three-step
procedure described in Kelejian and Prucha (2007}he second stage, the results of the first
stage are used to obtain estimates of the aut@sgeeparameter for the lagged dependent
variable, following a procedure analogue to tha&tdus Kelejian and Prucha (1998). Each

stage is divided into separate steps. A summatlyeofinderlying mechanics of each stage

o Alternatively, in the case of homoskedastic disaumces, one could use instead the feasible
generalized spatial three-stage least squares EGgXKelejian and Prucha (2004) and
estimate the food stamp participation and the @eddorm) food access equations
simultaneously.

1% This approach differs from previous ones (Kelepaa Purcha, 1998; 1999), since the
moment conditions are defined to allow for the pree of heteroscekdastic disturbances.
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and each step, following Arraét al. (2010) adaptation of Kelejian and Prucha (2018) ar
reported in Appendix I.

The elements of the weighting matiiare obtained using the Dirichlet-Voronoi
tessellation (Anselin 1988), accounting for thdeténces in county size and population
density in different parts of the U.S., as it defircontiguity in a relative scale, based on
variables such as county size and population densippendix Il describes the Dirichlet-
Voronoi tessellation in more detail. The estimati® executed in “R” using thsphet”

routine developed by Gianfranco Piras at Cornellvensity, illustrated in Piras (2010).

5. Econometric Results

The econometric results are presented in Tablel3tanTable 3 contains the estimated
coefficients of the SARAR(1,1) GS2SLS estimatorlegapto the two cross sections of
county-level observations (1998 and 2006, respelglivincluding the marginal effects for all
the variables in the model. Table 4 presents estisnof three different specifications of the
difference equation. The first specification irdeg state-level fixed effects, to capture
changes in state-specific policies across statesgithe period in analysis; the second
specification does not include the state-leveldieéfects but it includes the log odds of food
stamps at the beginning of period (1998); the thpecification includes neither state-level
fixed effects nor the beginning of the period latgs of participation. For completeness the
reader can find a summary of the estimated coefitsi of equation (6) using the 1998 and
2006 cross-sections of continental U.S. countiégre/ the actual values of the food access
variables are used in place of the instrumented,aneéAppendix Ill. Results of the first-

stage IV equations are omitted for brevity andaaailable upon request by the authors.
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Cross sectional estimates

In the first place, looking at magnitude and siguifice of the spatial parameters, one
notices that the estimated spatial autocorrelata®fficientp is not significant in both
models, while the spatial lag coefficiemtis positive and significant in both model although
its magnitude is not large. Even though underdlmsumstances a spatial lag model would
probably perform equally well (see Goetal. 2004), since a Wald tests for joint significance
of A andp rejects the parameters being jointly non-signiftcave maintain the SARAR (1,1)
structure of the model.

Before illustrating the impact of food access Malga it should be noted that the
coefficients associated with most of the socio-eooic control variables show the expected
signs and their behavior is consistent across «estonal samples, although some
inconsistencies and divergences emerge. In thiegiiace, among the variables used to
capture county-level economic condition, unemplogtmate impacts the log odds of
program participation in a positive way as expectdule the log of low-skilled job earnings
shows no statistically significant impact on pragrgarticipation. In substance, this result
points out that the likelihood of participationhigther among eligible individuals in counties
economically depressed and where the likelihodithding other sources of income is lower
(i.e. unemployment is higher). It should be ndteat the coefficient associated with
unemployment rate using the 2006 cross-sectiomiaf id 2.5 times as large as the 1998
coefficient (0.1047 vs. 0.0390) suggesting thag@momic condition worsen the response to
lack of job opportunity becomes much more severe.

The likelihood of eligible individuals to particifin the program is impacted more
by the gender and the ethnic composition of theufaajon in 1998 than it is in 2006, while
the age composition has a smaller impact in 1988 th 2006. However, an overall trend of
the result is that the rate of redemption appeigiseh in areas where there is more population

being female, black or under 14 and over 65 of dgecribing a pattern similar to other
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county-level study (Goetef al. 2004). Lastly, the coefficient associated wité thetro
indicator is positive but only marginally signifitafor the 1998 cross-section indicating that,
among eligible population, the likelihood of joigithe program is only marginally higher in
metro areas than in non-metro areas.

Moving to the food access results, the coefficafrdmall grocery stores is negative in
both years although small and not statistically$igant in 1998, and 4.5 times larger and
significant in 2006. In 2006 the presence of smatecery stores seem to be a strong
deterrent to the program participation: the estdaioefficient of -0.1844 generates a
marginal effect of -0.043, suggesting that 1 smadtery store is associated with a decrease
in -4.3% in the likelihood of participating in tif&SP program. For both cross-sections, the
presence of medium-sized grocery stores seems haive an impact on the log-odds of
program participation. Differently, the presenééaoge-sized traditional grocery stores is
associated with positive and statistically sigmifit coefficients in both cross-sectional
estimates, those being 0.8430 in 1998 and 0.513806. The estimated marginal effects
show that one additional large grocery store p@&0Jteople increases the likelihood of
participation by 11.94 and 16.53 %.

While the negative coefficients of small grocemyres can be best explained in terms
of increased stigma, the lack of a statisticalggngicant effect of medium grocery stores, may
be due to the fact that such aggregate contaiasiety of stores that tend to offer more
variety, services but also higher prices (amondjticnal retailers service competition, which
may drive size increases, leads to attract higieme consumers and charge higher prices
(Bonanno and Lopez, 2009)). If on the one hargll#é individuals may have an incentive to
join the program so that they could afford shoppmthese stores with better assortment, on
the other hand the stigma component may be impogtaough to partially discourage

participation. Finally, the positive coefficiemrflarge grocery stores support Feather’s
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(2005) findings that recipients’ welfare increagdkey have access to stores with larger
varieties of products.

The behavior of convenience stores is somehow dgpmsthat of traditional grocery
stores. Access to small convenience stores apfiehesa catalyst of FSP participation, and,
although its effect is only marginally significant1998, the estimated coefficients are similar
in magnitude, being 0.1567 in 1998 and 0.1684 B620espectively. The marginal effect are
however one third larger in 2006 (increasing fra®B07 to 0.0392) which suggests that in
period of harsher economic conditions the presehsenaller/proximity stores may give
incentives to join the program. As small conveneertores represent one of the typical store
formats located in poor neighborhoods often smadl affering lower quality of services and
of products offered (King et al, 2004); such stay#sr at times the only access to food for
low income individuals who are often deprived @frtsportation, which may explain the
positive coefficient associated with the small cemence stores in both cross sections.

The effect of other convenience stores is negatingesignificant in both years and
show similar magnitude (-0.2751 in 1998 and -0.2687006). The resulting marginal effect
is approximately 20% larger in magnitude in 20@d539 and -0.0625). On the other hand,
as convenience stores become larger and attaclyes tstations they may not be as
accessible without means of transportation to lmveme consumers, which causes an
increase in transaction cost and makes this foenhgitless appealing to FSP participants.

Lastly, the coefficients associated with Walmagesgenters are positive and
significant in both cross sectional estimates, shgunagnitudes of 0.0324 and 0.0107
respectively for the year 1998 and 2006, resultingarginal effects of 0.0064 and 0.0025.
These results suggest that, everything else elqarailng one additional Walmart supercenter
per 100,000 individuals, increases the likelihobgarticipating to the FSP respectively by
0.64 % and 0.25 % in the two years considered.sd hesults indicate that having access to a

low-price alternative may act as a catalyst fordffectiveness of the policy, as consumers
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become able to buy more food with the same amdusitlesistence, which increases the

benefit coming from joining the FSP.

Difference Equations

One of the first results that emerge from the tlspecifications of the difference
equation is that both the spatial lag and the apatitoregressive coefficiend (andp) are
statistically significant. In particular in twoegifications of the model is very close to 1,
suggesting a considerable amount of spatial sjgitlovthe evolution of the variation of
participation over time.

The second striking result is that none of thealdes capturing changes in food
access have a statistically significant impacthenldg-odds of program participation, with
the exception of the small grocery stores, whosdfiotents hare statistically significant at
the 10% level in all the models (although relagveinall). As this result is consistent in
different specifications of the model, one canesthat, on average in the 8-year period 1998-
2006, changes in the built environment (food agogissnot contribute if not in a marginal

way, to changes in the overall effectiveness oR8P.

6. Concluding Remarks

As the public expenditure in the Food Stamps Pradi@SP) increases, policymakers
may be asked to improve the effectiveness of tbgrnam in lieu of increasing federal
outlays. As transactions costs is one of the d&i&s to joining the program and lack of food
access is one of the determinants of transactists cthis study presents an empirical
assessment of the effect of store availability,(ifeod access) on FSP participation decision
among the eligible population.

In order to assess such relationship we used twornéde cross-sectional samples of

county-level data spanning for the whole continedt&., applying a novel estimation
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technique, the spatial generalized two-stage Epsire (GS2SLS) estimator with
heteroskedastic autoregressive disturbances of (tdé) or SARAR(1,1), developed by
Kelejian and Prucha (2010), accounting also foreth@ogeneity of food stores’ location.

Three different stores formats (grocery stores@myenience stores, divided by
establishment size and a non-traditional, low-griakernative, Wal-Mart Supercenters) are
accounted for, discriminating also for the sizehaf different alternatives. Empirical results
show that, among eligible individuals, the presesfcemall convenience stores, large grocery
stores, and Walmart supercenters entice partioipati the food stamp program. In sum,
increasing the number of stores for which commulipngar is not strictly necessary
(convenience stores) or the proximity to storeswitder assortment of low-priced items may
act as catalysts to ability to the policy abilibyreach the underprivileged.

The results of this paper could be useful to helicpmakers decide whether to ease
tax pressure on grocery stores located in low-ireaneas (Beherens, 2010) to improve food
access in less affluent areas. Also, as Wal-Mawjsmnsion into food retailers has targeted
areas where FSP redemption rate is larger (Bon&tid) the FSP program may be acting as
an indirect subsidy to the company’s growth andifso

The results of this study are, however, prelimina®gveral issues of possible
endogeneity of explanatory variables different tf@od access need to be addressed. Further
analyses could expand the sample as to monitor yeanes of data and to implement different
estimation techniques, perhaps the panel dataaspatimator developed by Kapoor,

Kelejian, and Prucha (2007) exploiting fully thenpastructure of the data, or to include some
more detailed state- and time-varying indicatotoasapture the impact of policy changes on

policy effectiveness.
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Figure 1. FSP Participation rates, poverty and TothCost of the Food Stamps Program
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Table 1. Variable description and data sources

Variable Description Source

Dependent variable
Participation in  Ln(Participants)-Ln(Eligible non-  Small Area Income and Poverty
FSP (Log-odds) participants) Estimates

Food Access
Small Grocery NAICS 445110 establishment (1 —Qounty Business Pattern /
employees)/ 1000 people Population Estimates Program
Medium Grocery NAICS 445110 establishment (10 -€ounty Business Pattern /
49 employees)/ 1000 people Population Estimates Program
Large Grocer NAICS 445:10 establishment (mor County Business Patteri
than 50 employees)/ 1000 people Population Estimates Program

Small [NAICS 445120 (-4 employees) - County Business Patteri

Convenience NAICS 447110 (1-4 employees) ] / Population Estimates Program
1000 people

Other [NAICS 445120 (> 4 employees) + County Business Pattern /

Convenience NAICS 447110 (> 4 employees) ] / Population Estimates Program
1000 people

Walmart Walmart supercenters / 100,000 T. J. Holmes database /

Supercenters people Population Estimates Program

Control Variables

Unempl. Rate Unemployment Rate Local Area UnemplaynStatistics

Log Wage Per capita earnings of grocery stor€ounty Business Pattern

+ gas station + convenience stores
% Pop Fema Female population / total populati Population Estimates Progr.

% Pop Blac Black population / total pojlation ~ Population Estimates Progr.
% Pop Hisp Hispanic population / total Population Estimates Program
population

% Pop under 15  Population below 15 years of age Population Estimates Program
total population
% Pop over 65 Population above 65 years of age Population Estimates Program
total population
Met.dum Metropolitan area dummy U.S. Census Gaaettecounties
Pop densit Populaiton / Square miles of la Population Estimates Progra U.S.
Census Gazetteer of counties

I nstruments for Food Access Measures

Distance BC Distance from Benton County Haversine formula on Census &
(thousand miles) U.S. Census Gazetteer of counties
Maximum Maximum corporate te U.S. Bureau of Census. The T
corporate tax rate Foundation
Minimum Minimum corporate tax U.S. Bureau of Census. Tae T
corporate tax rate Foundation
Fas.t1950 Total Federal-Assisted Highways Highway Statistics of the U.S.
(1950) Department of Transportation,
Prop.park Proportion of parkland out of total ECS
Land
Market size Population Population Estimates Progra
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Table 2. Summary Statistics

Variable 1998 2006

Mean St.Dev  Min Max Mean St. Dev Min Max
Participation Rate (% Participants /Eligible) 26.78 9.56 1.70 65.11 36.77 12.27 1.65 79.58
Small Grocery Establishments 13.29 53.14 0.00 IO 14.32 60.77 0.00 1253.00
Medium Grocery Establishments 12.57 32.84 0.00 (@B4. 11.37 32.03 0.00 933.00
Large Grocery Establishments 6.03 17.70 0.00 508.006.02 20.41 0.00 649.00
Small Convenience Establishments 13.12 35.51 0.0017.09 16.54 45.75 0.00 1200.00
Other Convenienc Establishmen 23.51] 43.9: 0.0C 814.0( 24.3( 45.3¢ 0.0C 929.0(
Walmart Supercente 0.22 0.5¢ 0.0C 6.0C 0.8: 1.6¢ 0.0C 41.0C
UnemploymenRate 5.14 2.82 1.0C 29.9( 4.8¢ 1.64 1.6C 15.5(
Log Wage 2.47 0.22 1.42 3.4( 2.6% 0.2¢ 1.51 3.6¢
% Pop Female 50.68 1.84 33.37 56.92 50.36 1.90 133.056.06
% Pop Black 9.26 14.79 0.00 86.10 8.49 13.80 0.00 3.23
% Pop Hisp 4.56 8.46 0.00 50.24 7.25 12.73 0.14 437.
% Pop under 15 21.85 3.04 7.19 39.22 19.12 279 0 8.3 34.64
% Pop over 65 14.40 4.05 3.17 34.72 15.02 3.94 4.0434.54
Met.dum 0.36 0.48 0.00 1.00 0.36 0.48 0.00 1.00
Pop densit 273.5. 2128.7¢ 0.3C 87747.4. 268.7° 1801.3: 0.27 70179.3!
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Tab. 3 — Estimation of equation (6) via GS2SLS-SARA, 1): cross sections

1998 Cross-section 2006 Cross-section

Variables ) d. Marginal : d. Marginal

Esimate . ° st Effgec t Esimate . -ttt Eﬁ%d
Small Grocery -0.0420 0.1065 -0.3945 -0.0082 0418 0.0729 -2.5286 -0.0429
Medium Grocery -0.065¢ 0.084. -0.778( -0.012¢ 0.018: 0.060¢  0.299¢ 0.004:
Large Grocery 0.8430 0.1640 5.1395 0.1653 0.5135167M  3.0596 0.1194
Small Convenienc 0.156° 0.083:  1.878¢ 0.030° 0.168: 0.047(  3.580( 0.039:
Other Convenience -0.2751 0.0508 -5.4116 -0.0539 0.2687 0.0458 -5.8685 -0.0625
WM Supercentes 0.032: 0.008¢  3.643: 0.006¢ 0.0107 0.004: 2.545¢ 0.002¢
Unempl. Rate 0.0390 0.0045 8.7324 0.0077 0.10470088. 12.1503 0.0244
Log Wag:e -0.004¢  0.037° -0.121: -0.000¢ 0.044¢ 0.035¢  1.245¢ 0.014
Metro Dummy 0.0300 0.0173 1.7356 0.0059 0.0301 1@00 1.5815 0.0070
% Pop Fema 2.419( 0.540¢  4.472: 0.474: 1.206: 0.551: 2.188¢ 0.280¢
% Pop Black 0.9066 0.0543 16.6832 0.1778 0.3777 0.0686 5.5094 0.0878
% Pop His| 0.228t¢ 0.1237 1.847¢ 0.044¢ -0.1857 0.115¢ -1.607: -0.043:
% Pop under 15 1.8974 0.4210  4.5066 0.3720 5.78@85776 10.0081 1.3441
% Pop over € 0.494¢ 0.288:  1.715( 0.097( 1.873( 0.377(  4.967¢ 0.435¢
Pop. Density 0.0000 0.0000 1.3632 0.0000 0.0000000m.  -0.0959 0.0000
Constat -2.678¢ 0.306¢ -8.726" -0.525: -3.034( 0.261¢ -11.583: -0.705¢
lambd: 0.415: 0.037( 11.209° 0.081- 0.358¢ 0.043¢ 8.189° 0.083¢
rho 0.0153 0.0548 0.2795 0.0030 -0.0530 0.0619 8548 -0.0123
Wald test (joint sign. labda and rho)y*y= 148.99 p-val = 0.0000 x°1)=59.674 p-val=0.000(
R-Squared (OLS) 0.6076 0.618

State level fixed effects’ coefficients are omitfedbrevity.
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Table 4 — Estimation of equation (6) via GS2SLIR3R (1,1): Difference sample.

State-level fixed effects*

Initial log-odds particpation

Restricted specification

Variables Estimate gr(:br t-stat Estimate gﬁ'or t-stat Estimate gﬁ'or t-stat
Small Grocery -0.0002 0.0001 -1.8124 -0.0011 0.0006 -1.7732 -0.0012 0.0006 -1.7926
Medium Grocery 0.0004 0.0005 0.8091 0.0016 0.0012 1.3297 0.0017 0.0012 1.3571
Large Grocery 0.0000 0.0001 0.4808 0.0017 0.0015 1.1086 0.0016 0.0016 0.9925
Small Convenience 0.0001 0.0001 0.3812 -0.0009 0.0010 -0.8616 -0.0007 0.0011 -0.6506
Other Convenience -0.00020.0002 -0.8932 -0.0099 0.0091 -1.0838 -0.0089 0.0095 -0.9395
WM Supercenters 0.0000 0.0000 0.3383 0.0000 0.0000 1.1669 0.0000 0.0000 0.9200
Unempl. Rate 0.0118 0.0037 3.1841 0.0033 0.0027 1.2294 0.0066 0.0028 2.3925
Log Wage 0.0774 0.0322 2.4040 0.0273 0.0236  1.1585 0.0391 0.0234 1.6683
Metro Dummy 0.0290 0.0135 2.1513 -0.0009 0.0106 -0.0849 0.0041 0.0106 0.3838
% Pop Female -0.2685 0.4601 -0.5837 1.1138 0.3309 3.3660 0.6698 0.3460 1.9356
% Pop Black -0.3457 0.0499 -6.9337 -0.0531 0.0285 -1.8657 -0.0960 0.0285 -3.3743
% Pop Hisp -0.2928 0.0981 -2.9847 -0.1762 0.0574 -3.0704 -0.1945 0.0588 -3.3067
% Pop under 15 2.6902 0.3215 8.3671 0.8775 0.2163 4.0565 1.1045 0.2008 5.5004
% Pop over 65 1.0688 0.2276 4.6960 0.0840 0.1634 0.5141 0.3077 0.1424 2.1610
Pop. Density 0.0000 0.0000 -0.4109 0.0000 0.0000 0.4671 0.0000 0.0000 0.1798
Log odds 1998 -0.0441 0.0104 -4.2278

Constant -0.5141 0.2506 -2.0517 -0.8369 0.1920 -4.3581 -0.6688 0.2065 -3.2387
lambda 0.5719 0.0568 10.0666 0.9344 0.0350 26.7201 0.9275 0.0365 25.4359
rho -0.3947 0.0831 -4.7528 -0.7217 0.0629 -11.4665 -0.6899 0.0630 -10.9492

* State level fixed effects’ coefficients are oradtfor brevity.
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Appendix | - a 2-stage procedure to obtain the SARR (1,1) GS2SLS.
The illustration of the 2-stage procedure to estintihe parameters of the SARAR
(1,1) GS2SLS procedure that follows mirrors thegksion in Arraizt al. (2010). For more
details on the asymptotic properties of the SARARL) GS2SLS estimator and its small- and
large-sample properties as well as the technidaildeand assumptions underlining the
estimation procedure are not include here; theasted reader should refer to Kelejian and
Prucha (2007), Arraiet al. (2010), Kelejian and Prucha (2010) and relatecks.oFollowing
Arraiz et al (2010) one can defing =[X,WY], 0=[5, AT and rewrite equation (8) as:
(A-1) Y=Zo+pMu+e¢.
Let H be the matrix of instruments described in the nieit Following Kelejian and Prucha
(2010) and Arraizt al. (2010), the population moment conditions that@hé estimator

satisfies (in presence of heteroskedasticity) afmed ad"

n"Ele'Al =n"'Hu-pllAJu-pd =0
nEle'Ael =n"Hu-pulAJu-pl =0

(A-2)
wheretu =Mu, A, =M M —-diag(m'm)and A, =M .
Step 1a: 2SL S estimator
Define Z =[X,HH H)H W Y]; the two-stage least square estimatodobr J,q is:
(A-3) Oyqs =(22)7Z'Y.
Step 1b: initial GMM estimator of o based on the 2SLSresiduals

A first estimate ofp, 0, minimizes the following objective function:

(A-4) p=argminim (0,0, ) M@ O )]

-1

1'In absence of heterosckedasticity, the moment itiond in equation (A-2) reduces to
n"E[e' Al =n"'cA{MM} whereg?is a finite variance term; under the null of

homosckedasticity this quantity and that obtainédthe sample analogue of (A-1) will
converge to the same amount,. See Kelejian andhr(2007) and Kelejian and Prucha
(2010) for more details.
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where m(p, 4,4 )is the sample analogue of the population momendition in (A-2)

(G- pid)'A, (0 - pil)

10xqs) = I o~
TP Oas) =1 Lu—pu)'Az(u—,ou)

] whereli =M =M[S-Z J,4] andl =M.

Step 1c: Efficient GMM estimator of o

An efficient estimator obp, 0, is obtained via non-linear weighted least squamemimizing

the following objective function:

(A-5) p= a;g_?}}n[m (0 055 )‘i’_lm © 0,95 )]

where ¥is a weighting matrix function of the 2SLS disturbes andp, or ¥ = ¥(p). A

detailed illustration of the structure 8f can be found in Appendix B of Arraét al. (2010).
Step 2a: GS2SL S estimator.
Following Kelejian and Prucha (1998) the generdligpatial two-stagkeast squares

(GS2SLS) estimator dfis:

* *

(A-6) (D) =12 (D)2 (PIZ' (DY (D),

whereY (p)=Y-pMYandZ" () =HMH H)™H ' - MMZ ]. This procedure consists in
estimating a spatial Cochrane-Orcutt transformatioequation (A-2) via 2SLS.

Step 2b: Efficient GMM estimator of p using GS2SL Sresiduals

In the last step, the efficient GMM estimator o #utoregressive parametér, is obtained.

(A7) 2=a;g[ m;n[m(p,czs @)N¥ M & @)

-11

where ¥ is a weighting matrix function of the GS2SLS disanbes andp or ¥ = ¥(2) .

The structure of? is illustrated in detail in Appendix B of Arraét al. (2010). The sample

momentsm( o, 363(,[))) are obtained replacing the 2SLS residuals with tifiase step 2a:

" G- o) 'A. (G- ol L R A
mipg@y =GP AP ei=Y-28.(2) and G=Mi |
(G- pu)'A, (UG- pu)

32



Appendix Il - Definition of the weighting matrix W

A commonly used approach to obtain the elementseo§patial weighing matriw/,

defines any element;; of such a matrix as the inverse of a function statice between two

counties which are within a radigsor

———— fori# j anddist; <B
w, =+ f(dist))

ij
0 otherwise,

Using such approach, all the counties within aagiseé ofB from each other will be
considered neighbors, which will result in a diggdionate number of neighboring units for
more densely populated areas where counties afesmid neighbors are generated through
distance-based methods, then the small northeastenties will have many more neighbors
than the large western counties. This could beprapiate, in light of different driving
habits and perceptions of distance in these regi&sce driving radii tend to be larger in the
sparsely populated western regions, neighborhdoaisié be correspondingly larger. In
order to avoid this problem our notion of neighbgrcounties uses the Dirichlet-Voronoi
tessellation. This method accounts for the difiees in county size and population density in
different parts of the U.S., defining contiguityarrelative scale, based upon county size and
population density.

To apply this method, we use the latitude, and loidg coordinates of each county in
the U.S. to identify counties’ centroids. Arourath centroid, a Voronoi cell is obtained by
identifying those points representing the minimustahce between centroids. Each county
will therefore be neighbor of at least three ottmunties whose centroids are the cloosets.
Each segment of the cell represents points in tueep{i.e. the US) that are equidistant to the
two nearest centroids while vertices are pointsdisant to the three (or more) nearest
centroids. For a more thorough discussion of 8eeaf Dirichlet-Voronoi tessellation and its

advantages in neighborhood generation see AnsEi88).

33



Appendix Il - Econometric Results — estimation ofequation (6) without assessing the endogeneity afdd stores’ location

Variables 1998 Cross-section 2006 Cross-section
Estimate S, t-Sat Estimate S, t-Sat
Error Error

Small Grocery -0.0978 0.0631 -1.5507 -0.2274  0.0792 -2.8695
Medium Grocery -0.3821 0.0605 -6.3175 -0.5270 0.0748 -7.0430
Large Grocery -0.1938 0.1684 -1.1510 -0.4837 0.2566 -1.8852
Small Convenience 0.0828 0.0552 1.5019 0.0087 0.0538 0.1623
Other Convenience 0.1562 0.0493 3.1680 0.2246  0.0507 4.4334
WM Supercenters 0.0091 0.0028 3.2730 0.0106 0.0021 4.9540
Unempl. Rate 0.0382 0.0044 8.6458 0.0998 0.0084 11.9434
Log Wage 0.0342 0.0369 0.9249 0.0710 0.0346 2.0527
Metro Dummy -0.0011 0.0153 -0.0721 0.0234 0.0174 1.3428
% Pop Female 3.1108 0.5255 5.9198 1.3078 0.5254 2.4891
% Pop Black 0.9810 0.0566 17.3200 0.4777 0.0661 7.2217
% Pop Hisp 0.2368 0.1249 1.8955 -0.2231 0.1083 -2.0593
% Pop under 15 1.3174 0.4067 3.2394 5.7982 0.5514 10.5162
% Pop over 65 0.0697 0.2805 0.2485 1.9558 0.3621 5.4015
Constant -2.8959 0.3097 -9.3512 -3.0558 0.2492 -12.2601
lambda 0.4620 0.0378 12.2195 0.4439 0.0436 10.1778

rho -0.0590 0.0587 -1.0039 -0.1760 0.0654 -2.6897




