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Abstract

Assessing the Impact of COVID-19 on
Disparities in Food Accessibility using

Spatial Models
- The Case of New York City -

Sung Eun Sally Oh

Program in Regional Information Studies

Dept. of Agricultural Economics and Rural Development
The Graduate School

Seoul National University

Differential access to healthy food has long been a critical public health
issue as it perpetuates health disparities among people of different socioeconomic
characteristics. Inequities in food access have been further exacerbated by COVID-
19, which not only disrupted food production at global levels but also restricted
access to food retail venues at neighborhood levels. Vulnerabilities in the food
system that have been exposed by COVID-19 highlights a need for equitable and
resilient food systems that can withstand shocks.

To inform equitable and resilient food systems planning policies, this study
examined the association between food accessibility and neighborhood
characteristics in New York City, and analyzed the changes in their association
before and during the pandemic, in years 2019 and 2020. Based on 5,712 census
block groups, the study first measured food accessibility of each block group by the
count of accessible supermarkets and large grocery stores within its 1km-network

service area. Then, the food accessibility measure was modeled with socioeconomic
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and built environment factors using spatial econometric models and geographically
weighted regression to appropriately adjust for spatial effects that are present in the
food accessibility data.

The results revealed that regression models that do not account for spatial
effects in food accessibility could over- or underestimate its association with
racial/ethnic and income variables. In detail, the results showed mostly negative
association between food accessibility and the percentage of Black or African
Americans and racial/ethnic diversity, whereas a positive association was found with
the percentage of Hispanic or Latinx origin population. Its association with income
became negative in 2020, which diverges from past findings on food accessibility
and income levels. Spatially varying relationship corroborated findings on local
spillover effects that may have been in play.

Conclusively, results of this study not only emphasize the need to consider
spatial effects in studies of food accessibility but also imply that improving network
connectivity and promotion of smaller scale food stores may contribute to

developing equitable and resilient food systems policy.

Keywords: Food accessibility, COVID-19, local spillover eftects
Student ID: 2020-28459
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1. Introduction

With plausible links to dietary health risks such as obesity, diabetes, and
heart diseases (Satia, 2009; Hilmers et al., 2012; Petersen et al., 2019), the
neighborhood food environment and accessibility have been studied commonly to
understand food consumption patterns and nutritional health. Literature on food
deserts — areas with poor access to affordable and healthy food — and social
determinants of health have gauged the focus of food environment studies on
differential accessibility to nutritious food among socioeconomically disadvantaged
areas. In the U.S., where diet-related health risks are among the leading causes of
death (Murphy et al., 2021), food environments and accessibility have been studied
in close relationship with racial/ethnic and economic disparities that shape
neighborhood characteristics and dietary patterns (Arcaya et al., 2016), much of
which suggest the inequitable existence of food deserts in low-income and minority

race neighborhoods (Beaulac et al., 2009).

Since the COVID-19 pandemic, vulnerabilities and inequities in food
accessibility have been further exacerbated due to disruptions in all stages of the
global food system from production to consumption (Fig. 1). As lower availability
of food supply, volatile prices of food, and limited access to food services have been
listed as potential food environment disruptions instigated by the pandemic (UNSCN,
2020; Béné, 2020), New York City (NYC), one of the major metropolitan areas in

Food System

Production, Food Environment
Storage,
Processing, Availabili ) Accessbility

s n « Movement restrictions reduce diversi
Transportation Prices o ) e ¥
Vendor and Produce Properties * Less access to highly nutritious, fresh
produce
= School meals and other social safety
Acquisition Convenience nets disrupted
—  Long lines and restricted access on site
and Desirability and limited online platforms

Consumption Affodability

Marketing and Regulations

Figure 1 Impact of COVID-19 on food accessibility, redesigned from UNSCN (2018)
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the U.S. to have undergone mass COVID-19 outbreaks at the onset of the pandemic,
recorded increasing reports of disruptions in food accessibility and prices, especially
from racial/ethnic minority residents (Crossa et al., 2021). The weaknesses in the
food system that have been exposed by the pandemic reinforce the need for a food

system that is not only equitable but also resilient to unforeseen shocks.

To inform equitable and resilient food systems planning policies, the
primary objective of this study is to assess the association between neighborhood
characteristics and food accessibility with and without the presence of shocks
through the case of New York City in the years 2019 and 2020. Unlike most studies
that have modeled the association between food accessibility and the socioeconomic
and physical characteristics of neighborhoods, this study will apply a spatial
modeling approach to appropriately consider the spatial effects that influence the
dynamics among food accessibility, race/ethnicity, and wealth. In detail, this study
will explore how to define and understand food accessibility, analyze its association
with race/ethnicity and income while controlling for other socioeconomic and built
environment factors, and compare the differences in the association before and

during the COVID-19 pandemic using various spatial models.

Section 2 of this article will review studies on the linkage between health
and the food environment, food access disparities and resilience, and spatial
modeling methods used to analyze these factors. Then, Section 3 will discuss the
data sources and methodology, focusing on spatial model specification. Following
the results presented in Section 4, Section 5 will conclude with policy implications

and suggestions for future research.



2. Literature Review

2.1 Food Accessibility and Health

The neighborhood food environment has been studied frequently across
multiple disciplines, including public health, nutrition, geography, and urban and
regional planning. The reason for this interdisciplinary approach is based on the
intertwining of individual, household, and environmental factors that affect food
purchasing and consumption, food choices and access, and nutritional health
outcomes (Committee on Examination of the Adequacy of Food Resources and
SNAP Allotments, 2013). Glanz et al. (2005) first conceptualized the physical realm
of the food environment by introducing the ‘community food environment’ at the
neighborhood scale and the ‘consumer food environment’ at the in-store scale.
Though other studies have proposed an expansion of this concept to encompass
economic, policy, and sociocultural conditions that influence food choices and
nutritional health (Swinburn et al., 2013), Glanz et al.’s (2005) conceptualization of
the food environment and their evaluation based on Nutritional Environment
Measures Survey (NEMS) (Glanz et al., 2017) led much of the empirical studies

assessing the health implications of different food retailers.

Following this framework, Cannuscio et al. (2013) conducted a Nutritional
Environment Measures Survey in Stores (NEMS-S) of 373 stores in southwestern
Philadelphia, U.S., and found that corner and convenience stores had the lowest
average NEMS-S scores and that residents were more likely to shop at stores with
higher NEMS-S score than those closest to home. For a more detailed understanding
of healthy food options at various food retailer types, Cohen et al. (2002) conducted
a survey of food availability based on the US Department of Agriculture’s (USDA)
Thrifty Food Plan (TFP) at 2,400 authorized SNAP retailers, encompassing
supermarkets, large grocery stores, small grocery stores, convenience stores,
grocery-gas stations, specialty stores, and others. This survey revealed that
supermarkets and large grocery stores offered the highest share of the TFP market
basket of food of all store types considered (Cohen et al., 2002). In studies without

3



in-person audits, food retailer data categorized by business classification systems
were often used (Moore and Diex Roux, 2006; Raja et al., 2008; Kuai and Zhao,
2017; Peng and Kaza, 2019). These empirical studies suggest that better access to
large food retailers with more healthful food options is positively associated with
better dietary health outcomes, whereas a lack of access to these retailer types is

associated with poorer dietary health (Black et al., 2010).

2.2 Food Accessibility and Neighborhood Characteristics

Since household food consumptions encompass money and time
expenditure that include both direct prices of food and indirect prices of time spent
purchasing, preparing, and consuming food (Becker, 1965), factors constraining
financial and time resources for households have been studied in conjunction with
food accessibility and associated health outcomes. Typically, these constraints are
categorized as socioeconomic, demographic, and built environment factors that
characterize households and their environmental surroundings at a neighborhood

level.

Moore and Diez Roux (2006) investigated the association between the
availability of food and liquor stores and the neighborhood racial/ethnic composition
and other socioeconomic characteristics and found a difference in accessibility to
grocery stores across predominantly minority race/ethnicity, racially/ethnically
mixed, and White census tracts in three American states. In detail, whereas grocery
stores were more prevalent in predominantly minority race/ethnicity and racially
mixed neighborhoods, supermarkets were less prevalent in predominantly White
neighborhoods. Considering income level and race/ethnicity, lower-income and non-
White neighborhoods had fewer stores, except liquor stores, than higher-income
neighborhoods. Similar findings of a negative association between the share of
racial/ethnic minority population and income level were observed by Raja et al.

(2008), Ghirardelli et al. (2010), Kwate et al. (2013), and more across the U.S.

In contrast, Elbel et al.’s (2019) study of food environments around homes

and schools of NYC public school students found that, regardless of poverty status,
4



students of minority race/ethnicity — Black or African American, Hispanic or Latinx
origin, and Asian — lived and attended schools closer to all food retailer types; in fact,
non-low-income students of minority race/ethnicity lived and attended schools
closer to corner stores and supermarkets than did White students. Further, Galvez et
al.’s (2008) study of access to different types of food stores among predominantly
Black and Latinx populations in NYC found that predominantly Latinx census
blocks had access to more food retailers of all types compared to predominantly
Black or racially mixed census blocks, suggesting that inequities exist even within

minority race/ethnicity groups.

Peng and Kaza (2019) assessed the association between supermarket and
convenience store accessibility and household purchasing behavior and included
several built environment factors in the model. As a result, a negative association
between destination diversity and vegetable purchases and a positive association
between street connectivity and fruit purchases were found. Such findings expanded
past studies on spatial shopping behaviors (Ingene, 1984) and retail location choices
(Oner, 2018) by contextualizing the built environment and regional analyses with

food accessibility issues.

2.3 Spatial Modeling for Neighborhood Effects

In a review of statistical methodologies employed in studies on access to
food retailers, Lamb et al. (2015) highlighted the importance of using spatial analysis
techniques since many of these studies utilize spatial data when measuring
accessibility, whether it pertains to the count of or distant to food retailers. Smiley et
al. (2010) used spatial lag and error models to investigate the spatial clustering of
health-related resources, like supermarkets and fresh produce stores, in NYC. Using
this approach, Smiley et al. confirmed a negative association between the percentage
of Black or African American population and resource density, which was not always
statistically significant. On the other hand, Wang et al. (2016) found a positive
association between the access to supermarkets and grocery stores and the

percentage of minority race/ethnic population in their study on two Canadian cities
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using spatial lag and error models. Spatial models for local spillover effects have
been applied to studies of housing prices (Gong et al., 2020), regional trade (Ozyurt
and Daumal, 2011), and transportation accessibility (Laviolette et al, 2021), but not

to those of food accessibility.

Others have used geographically weighted regression (GWR) or a
combination of spatial econometric models and GWR to observe the impact of
spatial effects and spatial variability. Kuai and Zhao (2017) used GWR to model the
relationship between healthy food access and socioeconomic characteristics, such as
race, gender, education level, renter housing occupation rate, and poverty rate in
Baton Rouge, Louisiana. Through this approach, Kuai and Zhao (2017) found that
suburban areas at the periphery of urban regions have the highest access to healthy
food. A similar approach was used by Jang and Kim (2018) to examine the
intersectional effects of race and income on access to different food stores in the
Detroit metropolitan area. Oshan et al. (2020) modeled obesity determinants using
GWR and multiscale GWR (MGWR) and analyzed the impact of socioeconomic
factors at local, regional, and global levels. Rybarczyk et al. (2019) used both the
spatial lag model and GWR to examine the relationship between access to ethnic
food outlets by travel mode and the neighborhood socioeconomic and built

environment characteristics in Michigan.

2.4 Food Accessibility Resilience

The use of spatial statistical methods has been more limited in studies of
food accessibility resilience after disruptive events. Following Hurricane Katrina,
Rose et al. (2011) examined the impact of the natural disaster on supermarket
availability in neighborhoods of various racial/ethnic compositions in New Orleans,
Louisiana. Using Poisson regression methods, a negative association between
supermarket access and share of Black or African American population and
worsened accessibility in predominantly Black census tracts. Similarly, Kolak et al.
(2018) assessed the change in supermarket accessibility from 2007 to 2014 following

the Great Economic Recession in Chicago, Illinois. Through spatial analysis of Local
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Indicator of Spatial Association (LISA), Kolak et al. (2018) found that higher access
to supermarkets persisted in predominantly White neighborhoods whereas
predominantly Black, lower-income, and less educated neighborhoods persistently
had low access to supermarkets.

Following the COVID-19 pandemic, studies on its impact on the food supply
chain, food systems policy, and perceived food environments (Aday and Aday, 2020;
Dudek and Spiewak, 2022; O’Meara et al., 2022) have been conducted. As studies
on the link between COVID-19 and food systems continue, studies that provide an
in-depth and diverse understanding of local food system resilience are in dire need
to better prepare for unforeseen stressors related to environmental, economic, and
socio-political shocks (Béné, 2020). This study will contribute to this need by using
spatial models to assess the relationship between food retailer accessibility with
socioeconomic, demographic, and built environment factors and compare any
changes before and during the COVID-19 pandemic to shed light on the importance

of developing an equitable and resilient food accessibility strategy.



3. Data and Methodology

3.1 Study Area

The study area is NYC, where many past studies on food access in the
context of diverse urban areas have been based. NYC is comprised of five boroughs
(counties), which include Brooklyn (Kings County), the Bronx (Bronx County),
Manhattan (New York County), Queens (Queens County), and Staten Island
(Richmond County), and is the most populous city in the U.S. with 8.2 million
residents, with Brooklyn and Queens as the most populous boroughs. Citywide, the
non-Hispanic or Latinx (HL) White population accounts for 33.3 percent of the entire
population, followed by non-HL Black or African Americans (AA) at 22.8 percent,
people of HL origin at 28.6 percent, Asians at 12.6 percent, and other categories at
2.8 percent (NYC Dept of Planning).! Economically, the median household income
from 2015 to 2019 was $63,998, which was higher than the national median
household income of $62,843 (U.S. Census Bureau, 2021). NYC, though highly
diverse in demographics, is highly segregated with the agglomeration of racial/ethnic

enclaves and by income level throughout the city.

Commonly used units of analysis for food environments include zip code
tabulation area, census tract, and census block groups to resemble a neighborhood
scale. In the context of NYC, where the population and area size of these units vary
widely across the five boroughs, the census block group was selected as the unit of
analysis to observe micro-level neighborhood effects. Based on the 2010 U.S.
Census and New York State map of census block groups, 6,494 block groups were
identified in NYC. However, 5,712 block groups remained after water areas and
block groups without certain household-level Census data were removed. Figure 2
shows the distribution of the share of Black or African American, Hispanic or Latinx

origin, race entropy, and median household income by block group in NYC.

12020 U.S. Census indicates an increase of city residents to 8.8 million people.
Demographically, the non-HL White population accounts for 30.9 percent of the entire
population, followed by people of HL origin at 28.3 percent, non-HL AA at 20.2 percent,
Asians at 15.6 percent, and other categories at 5 percent (U.S. Census Bureau, 2021).
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3.2 Data

Table 1 shows the selected variables that were used in this study. The
dependent variable is the count of large food retailers, supermarkets and large
grocery stores, based on the 2019 and 2020 Reference USA business data, a monthly-
updated commercial database that provides detailed information on registered
businesses. Following Ohri-Vachaspati et al.’s (2011) guidance on using commercial
food outlet databases for food environment studies, the study first obtained data of
supermarkets and large grocery stores? in 2019 and 2020, which were NYC
businesses classified under Standard Industrial Code (SIC) 541105 for Retail
Grocers with sales volume above US$ 1 million.® Though store classification based
on the number of employees is also commonly used (US DHHS and CDC, 2009),
such method was not selected due to its higher chances of misclassification (Ohri-
Vachaspati et al., 2011). Second, a name recognition scan and google map search
was conducted to ensure data validity. Third, service area analysis was conducted by
geocoding all selected retailers and obtaining the number of accessible stores within
a lkm-street network radius from each block group centroid using ArcGIS. Though
1km, 3km, and 5km have been used in a similar study (Peng and Kaza, 2019), a
smaller distance threshold was used to reflect a finer neighborhood scale. The block
group polygon data and street network data were obtained from the NYC Department

of City Planning Open Data and the New York State GIS Program Office.

Key independent variables are largely classified into socioeconomic and
demographic data from the 2019 American Community Survey (ACS) and built
environment data from U.S. Environmental Protection Agency’s Smart Location
Database (SLD). First, race/ethnicity-related variables include the percentage of

non-Hispanic and Latinx Black or African American population (AA), the

2 Based on Ohri-Vachaspati et al., (2011), supermarkets and grocery stores were considered
to sell healthy food items, meaning that they were likely to carry at least three of the four
food groupings: five or more fresh fruits, five or more fresh vegetables, fresh or frozen
meats, and skim or low-fat milk.

3 SIC code 541105 pertains to retail grocers like supermarkets and grocery stores, and
excludes convenience stores, ethnic foods, health foods, and more. Also, superstores like
Walmart, Target, and Costco that also sell food products are excluded as they are classified
under SIC codes 5311- for department stores, including wholesale clubs.
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Table 1 Variables and Sources

Category Variable Variable Description Source
Number of supermarkets and large Reference
Dependent Store count  SrOcery stores (SIC cod.e: 541105) within USA (2019,
1km street network service area of census 2020)
block group
Total pop  Ln (Total population of block group)
%, AA Non-HL Black or African American
0, .
population/Total Pop
) %, HL Hispanifs or Latinx origin US Census
Socio- population/Total pop American
demographic Race Entropy index of all racial/ethnic groups Community
entropy using Theil’s index* Survey
%, Elderly  Population of age 65 and older/Total pop (2019)
%, Family = Family households / Total households in
HH block group
Economic Med Tnc Ln (Median household income of block
group)
Entropy index of all food retailers by type
Store (supermarkets, large and small grocery U%ferg(lﬁz
entropy stores, convenience stores) in a block ) (’)20) ’
group
Built Entropy index of ﬁv§—tier gmployment
Environment LU entropy sectors (office, retail, industrial, service, US EPA
entertainment) and residential land-use Smart
areas Location
Network  Network density in terms of facility miles Database
density of multi-modal links per square mile (2021)**
Total LA Total geometric area of each block group
* Theil’s H or the multigroup entropy index was calculated as h; = —Z]’-‘zl pij ln(pi]-);

where k=number of groups, j= group, pjj =proportion of group j in area i

**These variables use data from the 2021 EPA SLD, but were derived from other SLD
variables based on prior years’ data sources that were available, such as the 2017 Census
Longitudinal Employer-Household Dynamics, 2018 Census American Community
Survey, 2018 HERE Maps, and more. See SLD’s Technical Documentation and User
Guide (2021) for more details.

percentage of the population with Hispanic or Latinx origin (HL), and a Theil’s index
of racial/ethnic diversity (race entropy). in which higher values indicate a greater
presence of a diverse racial/ethnic mix. Though the proportion of other racial/ethnic
groups like non-Hispanic and Latinx White, Asian, multiple races, other, and non-
White groups were considered, they were not selected due to multicollinearity issues.
Additionally, block group-level median household income was used as a proxy for
economic status. Although poverty rate or unemployment rate have been used

commonly in past studies (Deller et al., 2015; Kuai and Zhao, 2017; Elbel et al.,
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2019), they were not selected due to data availability at block group-level and
multicollinearity issues 4. Multicollinearity issues also arose when variables based
on income groups — the proportion of households with income less than $35,000 or
$40,000, between $40,000 and $125,000, and above $125,000 — were used, so the

logarithm of median household income was selected.

The percentage of the population over the age of 65 and the percentage of
family households were selected as control variables since other studies have
demonstrated that senior population and household types are associated with food
accessibility depending on the store type (Wang et al., 2016). Further, built
environment factors were also controlled since store locations and retail
environments are heavily influenced by urban design and land-use zoning
regulations (Rybarczyk et al., 2019). As a proxy for land-use mix, employment and
household entropy, in which five-tier employment categories and residential areas
are counted, was used. As a proxy for street connectivity relating to automobiles and
pedestrians, multi-modal network density was used. Finally, using the store data
obtained from Reference USA, Theil’s index of all food retailer types, such as
supermarkets, large grocery stores, small grocery stores, and convenience stores, was

computed to better reflect the retail environment of each block group.

3.3 Spatial Modeling Methodology
3.3.1 Theoretical Considerations for a Spatial Modeling Approach

In their study of neighborhood determinants of car ownership, Laviolette et
al. (2021) described three possible causes of spatial dependence in car ownership
data, which could be extended to understand spatial dependence in food accessibility.
First, it is highly likely that spatial continuity of observed units. In NYC, block
groups can be as small as a single block to be as big as a census tract due to varying
population density. As such, the unit of analysis for this study is likely to be smaller
than the scale at which the spatial layout of food retailers and food accessibility

varies despite its appropriateness for studying neighborhood-level effects.

Second, spatial autocorrelation among observed and unobserved factors of
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food accessibility may exist. Jang and Kim (2018) explained that economies of scale
and agglomeration in the retail industry lead food retailers to be clustered in
particular areas with a large consumer base and purchasing power. Such studies on
agglomeration economies and retail location choices suggest that large food retailers
are capable of providing a wider selection of food at lower prices due to economies
of scale and locate more densely in higher-income areas (Jang and Kim, 2018; Oner,
2018). In contrast, smaller stores would be more likely to offer a narrower selection
of food at possibly higher price levels and disperse across lower-income areas. As
such, food retailer location is likely to be influenced by the observable built
environment and neighborhood consumer characteristics as well as their
unobservable preferences. Since households select neighborhoods that fit their
preferences and economic constraints, the distribution of consumer characteristics is

likely to be non-random and spatially autocorrelated (Laviolette et al., 2021).

Third, spatial spillover effects in food accessibility need to be considered.
The spatial spillover effect is the change in the dependent variable of neighboring
units as a result of a change in the observed unit (Elhorst, 2014). In the context of
food accessibility, the built environment factors, household characteristics, and
consumer preferences are likely to be related to the number of accessible food
retailers not only within an observed block group but also across nearby block groups
due to varying household food shopping patterns, street connectivity, and zoning
criteria. Though food accessibility has been spatially modeled in the past (Larsen
and Gilliland, 2008; Smiley et al., 2010; Wang et al., 2016; Kuai and Zhao, 2017;
Helbich et al., 2017; Rybarczyk et al., 2019), incorporation of their spatial spillover
effects in the study scope has been limited. As such, modeling for spillover effects

in the context of spatial dependence in food accessibility will be applied in this study.

Considering these three possible causes of spatial dependence and the
endemic spatial effects in spatially referenced data, models that do not consider
spatial dependence, such as ordinary least squares (OLS) and Poisson, could result
in biased and inconsistent estimates of the relationship between food accessibility
and its determinants (Fotheringham, Brunsdon, and Charlton, 2002; Elhorst, 2014).

As such, this study will use spatial econometric models and models that allow for
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Figure 3 Comparison of different spatial econometric model specification
Note: From “On spatial econometric models, spillover effects, and W,” by J.P. Elhorst and
S.H. Vega, 2013, 53rd Congress of the European Regional Science Association, p. 24

spatial variation in parametric estimates to improve model specifications (Florax and

Nijkamp, 2003).

3.3.2 Spatial Econometric Model Specification

Figure 3 maps how spatial interaction terms are applied in different spatial
econometric models. Details about each of these models can be found in Elhorst
(2014). LeSage and Pace (2009) suggest that there are three issues to consider for
model specification in applied practice: 1) alternative spatial weights matrix
specification, 2) alternative sets of explanatory variables, and 3) alternative spatial
regression model specifications. The first two issues will be discussed in the

following sections, so the third issue will be discussed in depth here.

Based on the prior discussion on spatial dependence, appropriately
modeling spatial spillover effects is a key interest in this study. Whereas spatial
continuity and autocorrelation can be accounted for in all spatial econometric models
presented previously, spillover effects are best observed in select models. The spatial
autoregressive (SAR) model, spatial error model (SEM), and spatial simultaneous
autoregressive (SAC or SARAR) model, though popularized by Anselin (1988) and
Kelejian and Prucha (1998) and may provide interesting theoretical insights, are ill-
fitting for observing spatial spillover because they impose restrictions on the
magnitude of spillover effects in advance and generate only global spillover or direct

effects (Elhorst and Vega, 2013). Considering other critiques of these models such
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as poor suitability for applied empirical works (LeSage and Pace, 2009; LeSage,
2014; Pace and Zhu, 2012; Pinkse and Slade, 2010), they are not considered further
in this study. The spatial lag of X (SLX) model, spatial Durbin error model (SDEM),
spatial Durbin model (SDM), and general nesting spatial (GNS) model generate
different spillover effects for each explanatory variable that offer insight into local
spillover effects apart from their direct effects. Of these, GNS has been subject to
overspecification problems that result in weakly identified parameter estimates
(Elhorst and Vega, 2013). In contrast, SLX contains only one spatial interaction term
like SAR and SEM, which misalign with more contemporary approaches that
suggest the superiority of more complex models that involve two spatial interaction

terms (Elhorst, 2010).

As such, model selection needs to be made between SDM and SDEM but
ambiguities in discerning global and local spillover effects in empirical cases
complicate specifying between the two models. A key condition for the presence of
local spillover effect is the absence of endogenous feedback effects, in which the
impact of a change in region i extends to a limited set of neighboring regions j, rather
than to the neighbors of the neighboring regions and so forth (LeSage, 2014; Elhorst,
2014). In the context of this study, specifying local spillover effects would be more
appropriate than modeling global spillover effects since a change in food access and
related factors in one block group is not likely to affect all other block groups in the
sample; rather, it will likely impact more nearby units resembled by limited
endogenous feedback effects due to economic behaviors of food retailers (Jang and
Kim, 2018). Empirically, this study observes the neighborhood scale at micro levels
since it is assumed that mobility constraints from COVID-19 prevention measure
limited individuals’ and households’ travel distances. As such, this study will use

SDEM to observe local spillover effects in food accessibility.

A further consideration for selecting SDEM over SDM was that the
dependent variable, the number of accessible large food retailers per block group’s
service area, already accounts for neighborhood effects and that lagging it will lead
to double-counting of its spatial interactive effects. In detail, the dependent variable

was formulated by counting the number of supermarkets and large grocery stores
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that are accessible within a service area that could expand beyond the boundary of
the census block group depending on its size. Thus, modeling food access with SDM
by lagging the dependent variable that already reflects neighborhood effects will
result in biased estimates. Results of model testing that support this model

specification process are presented in the next section.

Hence, based on theoretical considerations and the convenience of
interpreting direct and indirect effects, SDEM is the final model specification of this
study. SDEM follows the form:

Y = aty + XB + WX0 + w;u = AWu + & e~N(0,02); (1)

where Y is an Nx1 vector consisting of one observation on the dependent variable
for every unit in the sample (i =1, ..., N). ty is an Nx1 vector associated with the
constant parameter a to be estimated. X is an NxK matrix of explanatory variables
and [ is a Kx1 vector of associated parameters. W is a non-negative NxN spatial
weights matrix that describes the structure of spatial configuration between units in
the sample, so WX represents the exogenous interaction effects among the
explanatory variables and Wu represents the interaction effects among the
disturbance terms of different observations. 6 is a K x 1 vector of associated
parameters, and A is a scalar parameter denoting the spatial autocorrelation
coefficient. Details of this model can be found in Elhorst (2014) for additional

reference.

3.3.3. Modeling Spatial Variation of Parameters

To supplement findings from the spatial econometric methods, GWR was
incorporated to observe the spatial variation in the magnitude of association among
observed factors (Fotheringham, Brunsdon, and Charlton, 2002). Mapping the local
parameters of the impact of neighborhood characteristics on food accessibility was
expected to enhance the understanding of local spillover effects in play. GWR

follows the form:

Vi = Bo(ui, vi) + ZiPr(uy, vidxi + &; (2)
where (u;, v;) denotes the coordinates of the i-th pointand ) (u;, v;) represents the
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continuous function S (u,v) at point i. Details of this model can be found in

Fotheringham et al. (2002).

3.4 Modeling Procedure

The association between the dependent and independent variables was
modeled separately for 2019 and 2020 using both spatial econometric models and
GWR to observe any changes between the two years. After testing for spatial
autocorrelation using Global Moran’s I test of OLS estimate residuals, Lagrange
multiplier (LM) tests were conducted to specify the spatial econometric models
following spatial modeling procedures proposed by Anselin (1988). Since the LM
test results indicated that either model of spatially lagged dependent variable and
error term is preferred over OLS, estimation using SAR, SEM, SAC, SDM, and
SDEM were computed. Then, to decide whether models with more spatial interaction
terms should be reduced, the likelihood ratio (LR) test was conducted. Breusch-
Pagan (BP) test for spatial heteroscedasticity and Global Moran’s I test for spatial
dependence in residuals were conducted to consider spatial autocorrelation for each
model. Additionally, alternative spatial weights were considered to find the optimal
model fit. Specifically, inverse distance thresholds of 0.6km, 0.8km, 1km, 1,2km,
1.4km, 1,6km, and k-nearest neighbors, where k=10, 15, 20, 30, 40, 50 were
considered, and the one yielding the optimal Akaike information criterion (AIC) and

log-likelihood measures was selected (Stakhovyc and Bijmolt, 2009).

Spatial econometric procedures were conducted in R with spdep, spatialreg,
and sphet packages. GWR and MGWR estimation was computed using the MGWR
software developed by Oshan et al. (2019). Adaptive bisquare kernel for spatial
kernel and golden section search for bandwidth optimization were used for GWR
and MGWR. Optimal bandwidths were selected based on minimum corrected AIC
(AICc). ArcGIS was used to visualize the distribution of local parameters obtained

using GWR.
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4, Results

4.1 Variable Selection and Descriptive Statistics

The correlation matrix and variance inflation factors (VIF) are presented in
Table 2. The mean VIF for both years was 1.34, which is below the conservative
threshold of 5, with 2019 data having a slightly higher VIF for the percentage of HL
and logarithm of median household income than those of 2020. The two variables
also had the highest absolute value of the correlation estimate with -0.476.
Regardless, no correlation measures exceeded the commonly used threshold of 0.5,

so the selected variable did not pose serious multicollinearity issues.

The descriptive statistics of the selected variables (n=5,712) are shown in
Table 3. The average number of accessible large food retailers per block group
increased from 2.6 to 3.1 between 2019 and 2020, and the standard deviation also
increased from 2.23 to 2.53. This increase reflects the increase in the total number
of supermarkets and large grocery stores from about 800 in 2019 to about 950 in
2020, but with greater disparity among block groups. Store entropy also increased
from 0.973 to 0.995 with only a small change in standard deviation from 0.247 to
0.249 between 2019 and 2020.

As for the race/ethnicity and income-related variables that are of key
interest, the mean percentage of the AA population was 21.7 percent and that of the
HL population was 27.4 percent. The mean race entropy was 0.879 from a range of
0 and 1.808. The mean median household income was about US$74,087 from a range
of US$8,493 and US$245,500 or higher. The logarithm of median household income
was used for analysis and its mean value was 11.067. Of the control variables, the
mean percentage of the elderly population was 13.4 percent and that of family
households was 63 percent. The mean land-use entropy was 0.447 from a range of 0
and 0.999, and the mean multi-modal network density was 15.341 from a range of 0

and 56.532.
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Table 3 Descriptive statistics

Variable Mean Std. Dev. Min Max

Store count, 2019 2.5986 2.2274 0 13
Store count, 2020 3.1043 2.5278 0 16
Store entropy, 2019 0.9733 0.2472 0 1.3863
Store entropy, 2020 0.9948 0.2494 0 1.3863
%, AA 0.2170 0.2833 0 1
%, HL 0.2741 0.2456 0 1
Race entropy 0.8792 0.3256 0 1.8086
Ln (Med Inc) 11.0665 0.5660 9.0470 12.4111

Med Inc 74,086.6 39,534.9 8,493 245,500*
Ln (Total pop) 7.1343 0.4411 4.2627 9.2066

Total pop 1,380.72 650.35 71 9963
Ln (Total LA) 13.2362 0.9998 9.9679 19.2053

Total LA 1,318,928 6,136,221 21,330 219,000,008
%, Elderly 0.1314 0.0792 0 0.7636
%, Family HH 0.6301 0 0 1
LU entropy 0.4474 0.2124 0 0.9999
Network density 15.3413 10.3349 0 56.5316

4.2 Model Specification Tests

First, OLS regression was conducted to obtain the model residuals, which
were used for the spatial autocorrelation test and model specification tests. As shown
in Table 5 of OLS and SDEM regression results, the 2020 OLS model showed a
better model fit with an adjusted-R? of 0.366 compared to 0.344 of its 2019
counterpart. Overall, the percentage of AA, HL, and race entropy were all
statistically significant with the percentage of AA and race entropy showing negative
associations with food accessibility and the percentage of HL showing a positive
association across both years. On the other hand, the coefficients of the logarithm of
median household income were 0.079 (p=0.186) in 2019 and -0.089 (p=0.157) in
2020, and both were not statistically significant at p<0.1. Considering the statistically
significant BP test statistic and Moran’s I of the residuals, OLS estimates for both
2019 and 2020 were inconsistent and biased. As such, testing for spatial model

specification was conducted.

The result of the LM test is presented in Table 4. For both 2019 and 2020,
regular LM error and lag test results were statistically significant, as well as those of

the robust LM error and lag tests. As such, all spatial econometric models that
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Table 4 Lagrange multiplier test results

2019 2020
Statistic P-value Statistic P-value
LM Error 9237.19 0.000 9150.57 0.000
LM Lag 8372.31 0.000 8292.80 0.000
Robust LM Error 1514.61 0.000 1570.50 0.000
Robust LM Lag 649.73 0.000 712.73 0.000
SARMA 9886.92 0.000 9863.30 0.000

include a spatially autoregressive dependent variable and error term were used. To
better specify the model, various spatial weights were tested to find the optimal
spatial weights matrix W that yielded the best model fit as detailed in Section 3.
Ultimately, spatial weights using k-nearest neighbors, where k=10, were selected.
Using this spatial weights matrix, estimates using SAR, SEM, SAC, SLX, SDM, and
SDEM were derived. Per the prior explanation for model specification and model
performance, only the SDEM results are presented in Table 5, and the results of the

other models can be found in Appendix 1-2.

The LR test results (Table 5) justify the rejection of the OLS model
estimates in favor of SLX and SEM, indicating that the spatial interaction effects of
the explanatory variables and error term should be controlled. Similarly, the LR test
results further indicate that SLX and SEM model estimates should be rejected in
favor of SDEM, implying that spillover effects need to be controlled even after
controlling for spatial autocorrelation among unobserved factors. When comparing
OLS and SDEM regression results, model performance improved for both 2019 and
2020 models using SDEM. The AIC of the OLS model was 22,962.85 for 2019 and
24,218.6 for 2020. In comparison, those of the SDEM models reduce to 17,563 and
18,674, respectively. Further, the Nagelkerke pseudo-R? of the SDEM estimates was
0.747 for 2019 and 0.761 for 2020, which were higher than that of SDM estimates
for both years.

More importantly, the results of spatial autocorrelation tests are not
statistically significant at p<0.1 using the SDEM model as indicated by the Moran’s
Index of SDEM residuals. This result signifies that spatial dependence in

neighborhood food access may be accounted for by adjusting for disturbances among
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the observed explanatory factors and unobserved factors. However, the BP statistics
remain statistically significant and thereby imply a persistent existence of spatial
heteroscedasticity that could cause biased coefficient estimates. In response, a
generalized moments (GM) estimator allowing for heteroscedastic innovation was
used to derive the SDEM estimates (Kelejian and Prucha, 2010; Laviolette et al.,
2021). Coefficients derived with the GM estimator shared the same sign and
statistical significance as those derived with maximum likelihood estimation and
showed only slight differences in magnitude. As such, the initial results using ML
estimation are shown in Table 5. SDEM results using the GM estimator can be found

in Appendix 3.

4.3 Spatial Econometric Model: SDEM

The OLS and SDEM estimates for the control variables such as population,
land area, the percentage of the population age 65 and older, the percentage of family
households, land-use entropy, and network density were all similar in the sign of the
association. Although an analysis of the control variables could provide a deeper
insight into the association between neighborhood characteristics and food
accessibility, only the race/ethnicity and income-related factors will be discussed

further in this section.

4.3.1 Food Accessibility and the Share of Black or African Americans

Unlike the OLS results, the SDEM results indicate that the percentage of
AA is not statistically significant. However, SDEM portrays a more nuanced context
behind the change in estimates between 2019 and 2020. The direct effect estimates
of the share of AA were -0.116 (p=0.412) for 2019 and -0.198 (p=0.205) for 2020.
This result could be interpreted as that if the percentage of AA increased by 1 percent
in a block group, then its number of accessible large food retailers decreased by 0.12
stores in 2019 and by 0.20 stores in 2020. In contrast to OLS, this result suggests
that the negative association between the share of Black and African Americans and
food access worsened from 2019 to 2020, despite the global increase in the number

of stores.
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On the other hand, the indirect effect estimates were -0.587 (p=0.148) for
2019 and -0.49 (p=0.272) for 2020. Interpretation of these indirect estimates could
be that if a block group and its neighboring block groups had an increase of AA by
similar proportions, then its number of accessible stores decreased by 0.59 stores in
2019 and 0.49 stores in 2020. Thus, local spillover effects could have mitigated the
negative association between these two factors. The SDEM results align with past
findings of the negative association between the share of the AA population and food
accessibility (Moore and Diez-Roux, 2006; Lewis et al., 2005; Raja et al., 2008;
Smiley et al., 2010; Rose et al., 2011; Kwate et al., 2013; Cannuscio et al., 2013;
Wang et al., 2016; Kolak et al., 2018).

Comparatively, the OLS coefficients for the percentage of AA were -0.47
at p<0.001 for 2019 and -0.421 at p<0.001 for 2020; in contrast, the total effect
estimates using SDEM were -0.702 (p=0.101) for 2019 and -0.687 (p=0.146) for
2020. Whereas the indirect and total effect estimates align with the OLS estimates in
that the absolute value of the coefficients does not decrease from 2019 to 2020, the
SDEM direct effect estimates show an increase in the negative association with food
accessibility. Additionally, the OLS estimates appear to underestimate the
association between the percentage of AA and the access to large food retailers. As
such, without considering spatial dependence, neighborhoods with higher
proportions of AA may appear to experience less severe access to large food retailers

than they do in reality.

4.3.2 Food Accessibility and the Share of People with Hispanic or Latinx
Origin

The SDEM results mostly align with OLS findings in that the coefficients
for the percentage of HL were mostly positive. However, like the percentage of AA,
the estimates were not statistically significant. The direct effect estimates of this
variable were about 0.13 for 2019 (p=0.301) and 2020 (p=0.359). On the other hand,
the indirect effect coefficient for 2019 was -0.096 (p=0.835) and that for 2020 was
0.215 (p=0.67). Together, the 2019 direct and indirect effects imply that a block
group with a higher share of HL could have access to more supermarkets and large

grocery stores, but may have experienced reduced access if it was considered with
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neighboring block groups at a greater neighborhood scale. Regardless, the total effect
estimates were positive for both 2019 and 2020 with coefficients of 0.037 (p=0.941)
and 0.345 (p=0.530), respectively.

The different results of the two models suggest that not considering spatial
dependence could overestimate the positive association between the neighborhood
percentage of HL and food accessibility. These results appear to imply that a block
group with a higher share of HL benefits from greater access to supermarkets and
large grocery stores than they may experience in actuality. However, it is important
to note that findings on the association between the share of HL and food
accessibility have been mixed. Moore and Diez Roux (2006) have found a negative
association between the proportion of HL and food store access. In contrast, Elbel et
al. (2019) found greater access to food stores for Hispanic students in NYC public
schools than for White students. Other studies found mixed results on the association
between the share of HL and food accessibility by considering various measures of
food access and adjusting for factors like crime rates and vehicle ownership,
suggesting a need for a more nuanced understanding of this relationship (Galvez et

al., 2008; Bader et al., 2015; O’Connell et al., 2016).

Possible explanations for the positive association found in this study could
relate to street network connectivity and the role of ethnic food retailers. First,
neighborhoods with a higher share of HL may have access to more supermarkets due
to better network connectivity. Bader et al. (2015) have found that supermarkets near
a high density of expressways tended to be located in predominantly White, Hispanic,
and Asian neighborhoods in NYC. Though the multi-modal network density measure
that was used as a proxy for network connectivity includes a limited range of
expressways, its positive correlation with the share of HL (Table 2) suggests that
more supermarkets may have been counted within the 1km network-based service
area of block groups with higher shares of HL. Second, ethnic food retailers servicing
nutritious, affordable, and culturally acceptable food play a pivotal role in improving
food accessibility in ethnic enclaves. Studies on ethnic economies demonstrate how
ethnic groups, like Hispanic and Latinx communities, agglomerate in particular

neighborhoods and bring forth retailers servicing culturally acceptable goods, which,
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in turn, employ members of those communities and create economic opportunities
(Light and Gold, 2000; Kaplan and Li, 2006). Based on the dynamics of ethnic
economies, this study’s findings support other findings that highlight the role of
ethnic food retailers in neighborhoods with a higher percentage of HL. Future studies
could conduct a more detailed survey of supermarkets and large grocery stores to

allude to their cultural identity in a greater communal context.

4.3.3 Food Accessibility and Racial Diversity

Both OLS and SDEM coefficients indicate that race entropy is statistically
significant and negatively associated with the number of accessible large food
retailers at the block group level. The direct effect estimates using SDEM were -
0.148 (p=0.019) for 2019 and -0.102 (p=0.14) for 2020. The indirect effect estimates
decreased between 2019 and 2020, though by a small difference, from -0.726
(p=0.004) to -0.757 (p=0.007). This result suggests that if a block group and its
neighboring block groups had a more even balance of different racial/ethnic groups,
then the number of accessible supermarkets and large grocery stores decreased by
0.72 stores in 2019 and by 0.75 stores in 2020. Together, the total effect estimates
were -0.874 (p=0.002) for 2019 and -0.859 (p=0.005) for 2020. As such, the negative
association between racial/ethnic diversity and the number of accessible
supermarkets and large grocery stores could be underestimated if spatial

autocorrelation is not modeled appropriately.

Both OLS coefficients and SDEM total effect estimates indicate that
racial/ethnic diversity is statistically significant and negatively associated with the
number of accessible supermarkets and large grocery stores. This result could appear
to suggest that more diverse neighborhoods have lower access to large food retailers
and misdirect intervention strategies. However, it is important to note that this study
only observed the association of diversity with supermarkets and large grocery stores,

excluding other food outlet types that comprise the food environment.

When studying the association between neighborhood racial composition
and food environment in Erie County, New York, Raja et al. (2008) found that
various food outlets, including grocery stores, fruit and vegetable stores, meat and

fish stores, convenience stores, and restaurants, were equally or more prevalent
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within walking distance of racially mixed neighborhoods than those of
predominantly white neighborhoods, except supermarkets. There were 0.69 times as
many supermarkets in racially mixed neighborhoods than in predominantly white
neighborhoods, whereas there were 1.02 times as many restaurants (Raja et al., 2008).
Such context conveys that smaller-scale food outlets like smaller grocery stores,
specialty stores, and restaurants could fill the gap left by the absence of large retailers.
Given the statistical significance of this factor on access to retailers, future research
could apply spatial modeling approaches to observe the association between

racial/ethnic diversity and food destination variety in greater depth.

4.4.4 Food Accessibility and Income

Both OLS and SDEM estimates indicate that the median household income
(logarithm value) was not statistically significant at p<0.1. However, unlike other
variables, the sign of the estimates for the income variable changes between 2019
and 2020. The OLS coefficient of the logarithm of median household income were
0.079 (p=0.187) for 2019 and -0.089 (p=0.157) for 2020, and those for the SDEM
total effect were 0.065 (p=0.749) for 2019 and -0.012 (p=0.955) for 2020.

Though the direct effects produced using SDEM indicate that the logarithm
of median household income was consistently positive with estimates of 0.011
(p=0.809) for 2019 and 0.013 (p=0.798) for 2020, the indirect effect results align
with the OLS results with estimates 0.054 (p=0.768) for 2019 and -0.025 (p=0.901)
for 2020. The indirect effect indicated that with an increase in the median household
income of a block group and its neighboring block groups, the number of accessible
stores increased in 2019 but decreased in 2020. Ultimately, not considering spatial
autocorrelation results in the overestimation of the association between the median
household income and the number of accessible supermarkets and large grocery

stores.

Though the implied magnitude of change is small (5/100 for a percent
increase in median household income), the change from a positive to a negative
association between block group income level and access to large food retails
between 2019 to 2020 offers an interesting insight that diverges from past findings.

The 2019 results align with past findings of a negative association between the
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percentage of low-income households, poverty rate, the percentage of unemployed
individuals, and food accessibility (Moore and Diez Roux, 2006; Lewis et al., 2005;
Ghirardelli et al., 2010; Cannuscio et al., 2013), indicating that higher-income
neighborhoods have access to more large food retailers. In contrast, the 2020
estimates suggest that even if the income level increases, the number of accessible

supermarkets and large grocery stores could decrease.

This departure could be explained by the negative indirect effects of the
income variable. As explained earlier, larger food retailers that offer a wider variety
of food at lower prices locate more densely in higher-income areas due to market
demand and economies of scale (Jang and Kim, 2018). As such, a block group with
a higher median household income could have access to more supermarkets and large
grocery stores within its service area. However, since such clusters of high-income
block groups are neighbored by lower-income block groups as shown in Figure 2,
there could have been a reduced concentration of large food retailers on a greater
neighborhood scale. The 2019 results hint that, despite possibly being neighbored by
lower-income block groups, a higher-income block group could have had access to
more large food retailers. However, the negative indirect effect of income in 2020
conveys that access to large food retailers among neighboring block groups could
have decreased to the extent that even higher-income block groups nearby could have

experienced reduced access to large food retailers due to local spillover effects.

Overall, modeling for spatial dependence demonstrated that OLS estimates
often over- and under-estimate the association between various race/ethnicity and
income-related factors and food accessibility. Such over-and under-estimation
effects incorrectly illustrate and simplify the complex relationship between race,
class, and food accessibility. As seen in the SDEM estimates, the sign of the total
effect estimates for 2019 more likely resemble their direct effect counterparts, but
those for 2020 resemble their indirect effect counterparts. Most notably, the change
in the sign of the median household income from positive to negative in 2020
suggests how disruptions in local spillover effects could have negatively affected

food accessibility in NYC.
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4.4 Geographically Weighted Regression
Table 6 shows the summary of GWR estimates for 2019 and 2020. GWR

was conducted to contextualize the local spillover effects revealed through the
SDEM estimation process. Results of MGWR were also generated but they are not
presented in this section considering the similarity in its result implications and lower
model performance for 2020 compared to those of GWR. Instead, bandwidths
obtained using MGWR will be discussed and other details can be found in Appendix
4. GWR’s bandwidths, the number of units considered to optimize the regression
estimate, were 119 for 2019 and 127 for 2020. In model fit, GWR outperformed OLS
with an adjusted R? of 0.738 (OLS: 0.344) for 2019 and 0.746 (OLS: 0.366) for 2020.
Same results were derived using AICc, which were 22,963 with OLS and 19,665
with GWR for 2019 and 24,219 with OLS and 18,263 with GWR for 2020.
Compared to SDEM, GWR’s AIC is higher for 2019 with 18861(SDEM: 17563) and
lower for 2020 with 18116 (SDEM:18674).

The GWR results display interesting shifts in the local estimates of the race
and income-related variables. For 2019, the local estimates for the percentage of AA
range between -21.642 and 27,977 with a standard deviation of 3.646. In 2020, the
estimates shifted downward, ranging between -29.561 and 17.184 with a greater
standard deviation of 4.266. For the percentage of HL, the range of local estimates
expanded from [-12.982, 10.295] with a standard deviation of 2.635 in 2019 to [-
25.145, 20.794] with a standard deviation of 3.03 in 2020. Similarly, the range of
local estimates for race entropy expanded from [-5.968, 3.71] with a standard
deviation of 1.189 in 2019 to [-6.045, 6.509] with a standard deviation of 1.326 in
2020. Likewise, the range of local estimates for the median household income
changed from [-2.975, 3.29] with a standard deviation of 0.798 in 2019 to [-4.144,
3.744] with a standard deviation of 0.86 in 2020. Overall, the standard deviation of
these factors increased between 2019 and 2020, possibly indicating a greater
disparity in access to large food retailers associated with these factors across block
groups in 2020. Since the range of the local estimates for the percentage of AA
generally fell, the GWR results corroborate the OLS and SDEM results indicating a

consistently negative association between the neighborhood share of AA and access
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to large food retailers. For other variables, the increase in the range indicates a

polarization of the magnitude of their association with food access.

To visualize the GWR results, the standard deviations of the local
parameters are mapped in Figures 4 and 5. For all variables, there exists a clustering
of block groups with higher absolute values of the parameters. For the local
parameters of the percentage of AA, parameters that fall below -2.5 standard
deviation concentrate more in Brooklyn and its border with Queens in 2020, while
clusters of estimates above the 1.5 standard deviations shrink globally. For the local
estimates of the percentage of HL, the distribution of estimates in the higher and
lower standard deviation groups is similar across the two years. However, in 2020,
estimates below -2.5 standard deviation and above 2.5 standard deviations are
concentrated in the Bronx. The spatial distribution of race entropy’s parameters
remains mostly similar between 2019 and 2020. Similarly, the spatial distribution of
median household income parameters does not change drastically between 2019 and
2020. Generally, block groups with local parameters falling below -1.5 standard
deviation or -2.5 standard deviation are located in the Bronx and around the
Brooklyn-Queens boundary, possibly suggesting these areas’ vulnerability in food

accessibility.

Since the aim of MGWR is to improve model fitness and smooth spatial
variability, its estimates are optimized to smooth the spatial variation of local
parameters, which do not contribute to observing spatially varying relationships
across block groups. Thus, its parameter estimates are not discussed in detail, but its
bandwidths (MBW) obtained for the race and income variables corroborate findings
from the SDEM analysis and are worth exploring. The bandwidth of median
household income is 43, which is smaller than the bandwidth used for GWR for 2019
and 2020. Based on Oshan et al.’s (2020) interpretation of MGWR bandwidths in
their study of obesity determinants, such small bandwidth of median household
income indicates that the impact of income operates at local levels. In contrast, the
larger bandwidths of the percentage of AA at 1585 for 2019 and 3184 for 2020
indicate its relationship operating at a broader regional level. Bandwidths of the

percentage of HL and race entropy were also higher but decreased between 2019 and
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2020. This change highlights how their association with access to large food retailers
may have reduced from regional to more local levels, resembling the indirect

spillover effects found using SDEM.
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5. Conclusion

In sum, telling aspects of food accessibility by vulnerable population
characteristics were revealed when spatial dependence in food accessibility was
controlled. The association between the share of AA and food accessibility was
persistently negative. On the other hand, the share of HL and access to large food
retailers were mostly positively associated. Race entropy was persistently negatively
associated with access to large food retailers. Lastly, median household income
showed a positive and negative association with food accessibility in 2019 and 2020.
Though the magnitude of association was small, the change in the sign of association

introduced new perspectives on the vulnerability of food access.

Such vulnerability could be attributed to the noticeable impact of local
spillover effects in 2020. When spatial dependence was controlled by using SDEM,
2020 results resembled their contemporary indirect effects, whereas 2019 results
were more like their direct effect counterparts. Corroborated by MGWR bandwidth
calibration, the process of median household income seemed to operate at the local
level, and that of the share of AA, HL, and race entropy operated at regional, but
more local, levels in 2020 than in 2019. As such, though a global increase in the
number of supermarkets and large grocery stores may convey some improvement in
food accessibility, spatial modeling revealed that such effects may have spread
disproportionately as neighborhoods with underrepresented and underserved
population groups may have remained or became more vulnerable in food

accessibility.

Local parameter estimates using GWR evince such findings by indicating
that areas with polarized negative and positive associations clustered together.
Notably, the range of local estimates for the share of AA fell, while that for the share
of HL, racial/ethnic diversity, and income level expanded with increases in the
standard deviation in 2020. Though the spatial distribution of these clusters varied
across different factors, an increase in the concentration of parameters falling below

-2.5 standard deviations and above 2.5 standard deviations could be seen.
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Considering spatial variability, a widening disparity in food accessibility could be

observed.

To address the disparate access to large food retailers among racial/ethnic
groups, policies influencing neighborhood demographic characteristics, such as
housing policies, could be considered. However, equitable housing policies typically
aim at promoting racial/ethnic or economic diversity, which may not alleviate
inequities in food access if the primary measure of access centers on large food
retailers as demonstrated in the study results. Instead, more sustainable options to
promote neighborhood food accessibility would be to focus on diversifying the food
environment and improving network connectivity. Though facing critical
vulnerabilities in dietary health, Black or African Americans and people of Hispanic
and Latinx origin appear to have diverging associations with access to supermarkets
and large grocery stores. As previously discussed, the positive association between
neighborhoods with a high share of HL may be attributed to better network
connectivity and stores serving ethnic economies. Expansion of infrastructure in
predominantly AA neighborhoods could boost connectivity that could indirectly

improve their access to stores with more healthy food options.

Also, as suggested by other studies, involving ethnic and smaller-scale
stores will not only serve the needs of immigrant communities but also fill the gaps
in the neighborhood foodscape. Current NYC programs such as Food Retail
Expansion to Support Health (FRESH)* aims at improving communities’ access to
healthy and affordable food by providing tax and zoning incentives for developing
and renovating supermarkets. However, its incorporation of small-scale stores is
limited. Though FRESH utilizes the Supermarket Needs Index, which considers
various factors like concentration of stores, walkability, access to cars, and presence
of families with children in poverty, to evaluate the number of stores needed to meet
communities’ dietary needs and has been updated in 2021 to expand the areas where
the benefits are applicable, its primary focus on increasing the presence of

supermarkets may be insufficient. The FRESH program could reap greater benefits

4 See ‘FRESH Food Store Update’ (2021) for details.
https://www1.nyc.gov/site/planning/zoning/districts-tools/fresh-food-stores.page
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by considering a more diverse set of food retailers in NYC. For instance, its current
strategies of providing tax benefits for leasing, acquiring, or renovating retail spaces
to carry more healthy food options could be applied to existing small-scale stores
such as fresh produce or meat specialty stores, regardless of the retail size.
Additionally, zoning incentives that provide additional space for such healthy food
servicers, especially in areas that are better connected, could ease local residents’
access to more nutritious food options. In communities where food accessibility is
lower, these zoning incentives could be accompanied by plans for increasing network

connectivity to reduce the disparities across local food environments (Yu et al., 2017).

Especially in the context of shock events like the COVID-19 pandemic, a
lack of diversity and quantity of food retailers poses risks to public health as well as
to food security. Even neighborhoods that may be well-resourced could experience
lower accessibility, which could result in a negative spillover of consumers that will
place greater stress on food retailers at local levels. Following the pandemic, NYC
initiated the GetFoodNYC program, which established emergency food distribution
sites and delivery services to address the increasing risk of food insecurity (Crossa
et al,, 2021). Compounded with federal policies that expanded existing food
assistance programs, such as the Supplemental Nutrition Assistance Program (SNAP)
and Special Supplemental Nutrition Program for Women, Infants, and Children
(WIC), such measures may have served as effective interventions in response to
shocks (Crossa et al., 2021). However, proactive strategies that comprehensively
leverage various food store types, consider the cultural and dietary needs of local
community members, and improve the means to access food destinations could help

achieve a more resilient and equitable food system.

This study contributed to the existing discourse on food accessibility by
considering various spatial effects in the context of shock events. However, its faced
limitations such as the limited incorporation of the indirect effects of COVID-19 on
food retailers, the limited scope of food retailer types and lacking clearer links to
health outcomes. First, COVID-19 regulations that affected food businesses

pertained to intermittent restrictions on indoor dining at restaurants between 2020
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and 2021.% Since this study focused on supermarkets and grocery stores that were
not subject to COVID-19 restrictions, COVID-19 interventions were not specifically
modelled. Instead, this study relied on the assumption that mobility restrictions
affecting consumers, price and supply chain disruptions, and changes in or closures
of store operations limited the economic and physical access to food retailers during
the pandemic. Future studies could better contextualize COVID-19 restrictions by
focusing on other food outlets, such as restaurants, or by using surveys on the
operational status of stores in observed areas. Expanding on the first suggestion, ,
future studies could consider different and more diverse measures of food
accessibility that are based on distance or self-computed indices. They could also
consider more food retailer types, such as convenience stores and restaurants, for a
fuller understanding of the food environment. Alternatively, a combination of spatial
modeling, in-store audits, and consumer surveys could provide a more accurate
picture of food accessibility and dietary health outcomes. Data that show clearer
links between food environments, consumption patterns, and community health
information will help improve the precision and breadth of future studies on food

accessibility.

5 All updates on New York State’s COVID-19 measures could be found at
https://coronavirus.health.ny.gov/latest-news?q=
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Appendix 3 SDEM results using GM Estimator Robust to Presence of Heteroscedasticity

DV = Store count 2019 2020

/BG Service Area Coeff. SE P-value | Coeff. SE P-value
Intercept 11.860 3.191 0.000 18.809 3.497 0.000
Store entropy 1.784 0.094 0.000 1.799 0.100 0.000
%, AA -0.116 0.143 0.414 -0.177 0.157 0.259
%, HL. 0.130 0.130 0.315 0.144 0.143 0.314
Race entropy -0.147 0.063 0.021 -0.095 0.070 0.173
Ln (Med Inc) 0.010 0.045 0.817 0.007 0.049 0.892
Ln (Total pop) 0.139 0.041 0.001 0.139 0.046 0.002
Ln (Total LA) -0.279 0.023 0.000 -0.318 0.026 0.000
%, Elderly -0.208 0.237 0.380 -0.160 0.261 0.540
%, Family HH -0.332 0.128 0.009 -0.320 0.141 0.023
LU entropy 0.623 0.084 0.000 0.658 0.093 0.000
Network density -0.010 0.002 0.000 -0.011 0.002 0.000
W#*Store entropy 0.510 0.388 0.189 -0.307 0.422 0.468
W*%, AA -0.593 0.446 0.184 -0.347 0.485 0.475
W*%, HL -0.119 0.492 0.809 0.318 0.538 0.555
W#*Race entropy -0.722 0.266 0.007 -0.704 0.291 0.016
W#*Ln (Med Inc) 0.051 0.191 0.791 -0.074 0.210 0.723
W#*Ln (Total pop) 0.852 0.192 0.000 0.842 0.211 0.000
W+*Ln (Total LA) -1.053 0.101 0.000 -1.309 0.111 0.000
W%, Elderly -2.550 1.116 0.022 -4.012 1.227 0.001
W*%, Family HH  -2.116 0.544 0.000 -2.505 0.596 0.000
W#*LU entropy 2.247 0.396 0.000 2.035 0.435 0.000
W#*Netw density -0.002 0.008 0.790 -0.003 0.009 0.702
Lambda 0.917 0.009 0.000 0.915 0.009 0.000
Moran’s I test 0.591 sd=106.5 0.000 0.591 sd=106.6  0.000
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