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Abstract  The USDA’s definition of food deserts, which is based on the distance to store and a neighborhood’s 
income, seems to be inadequate to explain the food security status of a neighborhood. Thus, an exploratory factor 
analysis (EFA) was conducted to explore the underlying structures behind the 11 measures of a neighborhood's 
characteristics, which, in turn, describes a neighborhood's food insecurity. The studied neighborhoods were the 
census tracts in the lower 48 states of the U.S. The EFA systematically grouped the 11 characteristics into two 
factors (i.e., socioeconomic and demographic) determining neighborhood vulnerability. Both factors suggest that the 
neighborhoods in the South have a high vulnerability that could influence the number and type of food stores or 
prospects of new food stores in those neighborhoods. Based on the factor structure revealed by the EFA, the 
Neighborhood Food Insecurity Index (NFII) was created. The NFII measures the relative food vulnerability of every 
U.S. census tract affecting its residents' ability to access a healthy food provider. The index indicates that about 43 
million (13.14%) people in the U.S. live in neighborhoods with high food vulnerability. The index also shows that 
regionally, the South had the greatest percentage of populations living in high food-vulnerable neighborhoods 
followed by the West, Midwest, and Northeast regions. 
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1. Introduction 

According to the United States Department of 
Agriculture (USDA), low-income neighborhoods with 
limited access to healthy food providers are food deserts 
[1,2] where access to food is mainly estimated by distance 
to a supermarket. The USDA defines a low supermarket 
access neighborhood as a census tract where "at least 500 
people and/or at least 33 percent of the population reside 
more than one mile from a supermarket or large grocery 
store (for rural census tracts, the distance is more than 10 
miles)." Further, households that are unable to afford 
nutritionally adequate and safe foods for all their members 
at times during the year are termed food insecure 
households [3]. In 2019, over 13.7 million U.S. 
households were food insecure at some point [3].  

The food desert concept, which was developed based 
on income and access to supermarkets, seems to be limited 
and incomplete. Research has shown that the focus on a 
neighborhood’s income overestimates the food access 
problem in low-income neighborhoods [4,5]. Moreover, 
Wilde et al., [6] and Jiao et al., [7] discovered that  
low-income neighborhoods were, on average, closer to 
supermarkets. Assuming that everyone in a neighborhood 
has the same access to healthy food underestimates some 

individuals’ barriers in accessing healthy food [8]. Further, 
Dutko et al., [2] found that food deserts, in addition to 
having higher poverty rates and lower income, also have 
smaller populations, higher unemployment rates, higher 
rates of abandoned or vacant homes, higher concentrations 
of minority populations, a higher proportion of population 
relying on public assistance, and lower educational attainment 
relative to other tracts. Similarly, previous studies 
[9,10,11,12,13] have reaffirmed that neighborhoods with 
lower socioeconomic status lack access to healthy food 
providers. 

The most detrimental consequence of limited access to 
nutritionally adequate food is the poor physical and mental 
development of neighborhood residents. That, in turn, 
increases the risk of obesity, depression, and cardiovascular 
diseases that handicap the minds and bodies of children 
and adults [14,15,16]. Also, limited access to nutritionally 
adequate food significantly influences the available pool 
of human capital needed to develop a nation. Thus, several 
studies have monitored various aspects (such as food 
retailer densities, built-in environment, households, and 
neighborhood characteristics) that affect food accessibility 
and food insecurity [1,3,17,18,10,19,20,21]. The present 
study, likewise, seeks to describe a relationship among 
demographic and socioeconomic characteristics of U.S. 
neighborhoods influencing food security using exploratory 
factor analysis (EFA). 
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Exploratory factor analysis describes the relationships 
among neighborhood characteristics in terms of a few 
underlying latent constructs or structures that were not 
previously assumed. The identified underlying latent 
constructs might provide new perspectives that, in turn, 
facilitate a precise definition of neighborhood food 
insecurity. In particular, the main objectives of this study 
are (a) to identify various dimensions of a neighborhood’s 
characteristics, (b) to analyze how each dimension 
describes important social phenomena or constructs that 
can be linked to a food insecure neighborhood, and (c) to 
develop a Neighborhood Food Insecurity Index (NFII) 
using those dimensions that quantify the neighborhood’s 
vulnerability concerning food insecurity. To this end, the 
present paper draws on empirical data along with research 
on the neighborhood characteristics that have produced 
disparities in access to healthy food providers. 

2. Literature Review 

There is substantial literature on neighborhood 
characteristics, such as population density, income, 
poverty, race, and education, considered as determinants 
of food retailer density in a neighborhood. Bower et al., 
[22] and Dutko et al., [2] discovered that neighborhoods 
having higher poverty rates had fewer supermarkets, 
regardless of the neighborhood’s racial or ethnic 
composition, and were more likely to be food deserts than 
low-income census tracts in very densely populated urban 
areas. Black neighborhoods having comparable poverty 
rates with those neighborhoods dominated by other races 
were more likely to have fewer supermarkets [22,23]. 
Further, Dutko et al., [2] discovered that census tracts  
that experienced a substantial decrease in minority 
populations between 1990 and 2000 were less likely  
to be identified as food deserts in 2000. Also, studies by 
Colón-Ramos et al., [24], Walker et al., [12], Moore et al., 
[25], Franco et al., [26], and Morland et al., [27] 
concluded that predominantly minority and lower-income 
neighborhoods had less access to healthy food providers 
than white and higher-income neighborhoods. Moreover, 
Filomena et al., [28] claimed that the brick-and-mortar 
stores in low-income and minority neighborhoods were 
more likely to go out of business within five years of their 
establishment as compared to those in high-income and 
predominantly white neighborhoods. Similarly, 
researchers like Wilcox et al., [29], Rodriguez & Grahame, 
[30], and Dutko et al., [2] who examined the association 
of neighborhood socioeconomic characteristics with diet 
quality, found lower-quality diet intake among residents 
with lower education. 

Studies have also shown that single-parent families are 
economically disadvantaged compared to two-parent 
households [31,32]. Families living in poverty and single-
parent households have often participated in some form of 
nutrition assistance program [31,32]. Further, research 
conducted by Racine et al., [33] in North Carolina found 
that many households in the neighborhoods with a high 
concentration of Supplemental Nutrition Assistance 
Program (SNAP) participation belonged to a minority 
community and did not own a vehicle. They also 
discovered that neighborhoods where higher proportions 

of SNAP participants live had zero full-variety stores, four 
limited stores in urban areas, three full-variety stores and 
17 limited-variety stores in rural areas. Similarly, 
Baltimore SNAP users, particularly mothers living in 
poverty, had trouble applying for and maintaining SNAP 
benefits due to poor services and even reported the 
continued experiences of food insecurity [34]. Although 
low-income individuals or households are eligible for food 
stamps, a survey of 1,000 low-income residents conducted 
by Cohen, [35] identified that limited English proficiency 
was one of the hurdles for SNAP participation by  
eligible foreign-born residents living in the Brooklyn 
neighborhoods of Sunset Park and Windsor Terrace. 

The USDA has considered the proximity to food 
retailers in terms of distance as a rationale to classify  
low-income neighborhoods as food deserts. Many 
researchers like Rodriguez & Grahame, [30], Jiao et al., 
[7], Walker et al., [12], and Laska et al., [36] have 
confirmed the interrelationship between food availability 
and intake at home, in terms of quality and quantity, and 
physical access to supermarkets. These studies also found 
that in neighborhoods where there were no supermarkets, 
people relied on local convenience stores where the food 
prices were higher, and the availability of healthy foods 
was limited. Additionally, the neighborhoods that lack 
supermarkets or access to healthy foods generally have an 
enormous number of fast-food restaurants, which are 
cheap sources of less healthy and energy-dense food 
[37,38,39]. 

However, Joassart-Marcelli et al., [4] and Taylor & Ard, 
[5] argued that the adaptation of the traditional approach 
of lack of access or just considerations of only 
supermarkets have portrayed entire low-income minority 
neighborhoods (like African-American communities in 
Detroit and minority communities in San Diego) as  food 
deserts, ignoring the role of  ethnic markets and various 
strategies adopted by the people, such as community 
gardening and fruit and vegetable stands, to cope with 
food insecurity. Besides, many studies have highlighted 
the fact that an individual’s access to a vehicle is more 
important than proximity to stores. The SNAP recipients 
of Philadelphia and residents of the Twin cities often 
traveled outside their neighborhood for food shopping 
where more variety and healthier options were available 
[19]. Similarly, negative food shopping experiences (e.g., 
poor customer service, unappealing appearance of food, 
hostile behavior of shop owners or employees, and a 
store’s physical premises) have discouraged residents of 
low-income minority neighborhoods to shop in their 
neighborhoods [19,40]. Additionally, Cannuscio et al., [41] 
and Ghosh-Dastidar et al., [42] found that the introduction 
of a supermarket in a neighborhood did not reduce the 
distance traveled to regular places by individuals for food 
shopping. Wright et al., [43] unearthed that owning a 
vehicle is more important than access to a full-service 
restaurant in a neighborhood.  

It’s not only that consumers avoid the shops with 
certain characteristics; retailers are also found to be less 
responsive to the needs of people of certain neighborhoods 
such as stigmatized or minority neighborhoods or 
neighborhoods with concentrated poverty [44]. This 
discriminatory practice is known as supermarket redlining 
and was formally defined by D’Rozario & Williams, [45] 
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as a spatially discriminatory practice in which retailers 
deliberately choose not to serve certain areas based on 
their ethnic-minority composition. The most prominent 
instances of supermarket redlining include the closing of 
more than 600 stores of the Safeway supermarket chain in 
the country from 1978 to 1984 [46] and the shutdown of 
11 out of 13 chain supermarkets in Hartford, Connecticut, 
in the same period [47,48]. However, Bonanno, [49] 
argued that the emergence of food deserts could be better 
understood if various factors that affect the retailer's 
decision to locate stores are acknowledged. Generally, any 
retailer's decision to establish a store in a location is 
dependent on profitability. Benefit or profit from the store 
is dependent on market size, population and income 
growth, the neighborhood's socioeconomic status, and its 
residents' preferences for shops or foods. 

To summarize, the above studies suggest that 
neighborhood vulnerability with respect to the number of 
and access to healthy food providers depends on its 
demography and socioeconomic characteristics. Generally, 
demographics and socioeconomic characteristics of a 
neighborhood are highly correlated. Hence, it is possible 
to group these variables based on their correlation or 
covariance structure. Each group of variables thus 
categorized, using the exploratory factor analysis (EFA), 
represents a single underlying construct that is responsible 
for the observed correlation [50]. Unlike the USDA’s two 
measures (accessibility and income), the identified 
underlying construct using the EFA are the accounts of 
multiple measures or characteristics of neighborhoods 
needed to understand the food access problem. 

3. Data and Method 

To fulfill this study’s objectives, the exploratory factor 
analysis was performed on 11 socioeconomic and 
demographic variables which represent the typical 
neighborhood characteristics determining grocer density 
in an area and its residents’ access to food stores. A 
neighborhood in this study is equivalent to a U.S. census 
tract. Eleven variables, as a measure of the census tracts 
characteristics, were extracted from the 5-year American 
Community Survey (ACS) estimates from 2014-2018. The 
dataset includes 72,347 census tracts in the lower 48 states 
of the U.S., including the District of Columbia. A list of 
these 11 variables is given below: 
•  Percent of the population aged 25 years and older 

who have not completed a high school diploma. 
•  Percent of single parent households with children 

under 18 years old. 
•  Percent of minorities except the white non-Hispanic 

population. 
•  Percent of civilians aged 16 and older who are 

unemployed. 
•  Percent of households receiving food stamps. 
•  Percent of population below poverty. 
•  Percent of vacant units. 
•  Percent of population aged 5 years and above who 

speak English less than well. 
•  Percent of housing units with no vehicle. 
•  Natural log of median income.  

•  Natural log of population density. 
The 5-year ACS estimates is the only data source, after 

the decennial census, that provides the data of smaller 
geographies such as tracts and block groups. Further, the 
estimates are provided with a margin of error (MOE) at 
the 90% confidence interval and are claimed to be more 
reliable and precise as compared to the 1- and 3-year ACS 
estimates databases [51].  

The exploratory factor analysis was conducted using 
SAS 9.4 software. The factor model proposes that ,X  a 
random vector consisting of p  variables, is linearly dependent 
upon a few unobservable random variables 1,F  2 ,..., mF F  
and p  additional sources of variations ( 1 2, ,..., pε ε ε ) 
called specific factors or errors [50]. In this sense,  
the factor analysis model, in the matrix notation, is 
represented as: 

 1 1 1 1p p p m m pX L Fµ ε× × × × ×= + +  (1) 

where the coefficient p mL ×  is the matrix of coefficients 
often known as factor loading, and the observed random 
vector X  has mean µ  and covariance matrix .Σ  

This study used the unweighted least square method 
(ULS) to estimate factor loadings, communalities, and 
specific variances. The ULS method minimizes the sum of 
the squared differences between the observed and estimated 
correlation (or covariance) matrices [52]. The original 
loadings were rotated using an oblique rotation method 
called Promax until a simpler structure was achieved.  

To find whether any spatial pattern exists, we first 
computed by linearly combining the percentile ranking of 
each variable that highly load onto each factor. The 
formula to calculate the percentile ranking (R) is: 

 ( )
( )

1
1

Rank
R

N
−

=
−

 (2) 

where N is the total number of observations. We summarize 
each factor as a linear combination of the percentile 
ranking of variables that load highly onto it as follows: 

 1 2
ˆ ...k k k nkf x x x= + + +  (3) 

where kf  represents kth factor and 1 2, ,..., nx x x  are 
variables that highly load onto kth factor. 

Next, we created a Neighborhood Food Insecurity 
Index (NFII). NFII measures the relative food 
vulnerability of every U.S. census tract affecting its 
residents' ability to access a healthy food provider. For 
calculating this index, this study adopted the approach 
taken by the Center for Disease Control (CDC) to 
compute the Social Vulnerability Index (SVI). The CDC's 
SVI measures the community's vulnerability based on 15 
social characteristics that determine its capability to 
prevent and cope with hazardous events such as a 
chemical spill, a natural disaster, or a disease outbreak 
[53]. To create scores for SVI, the CDC, [54] first ordered 
the 15 variables based on percentile ranking. Second, the 
rankings of 15 variables were summed, and finally, the 
summed values were again ordered based on the percentile 
ranking. Similarly, we computed the NFII's scores in the 
following ways: 
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(a) First, the percentile rankings of all variables used in 
this study were computed. 

(b) Then, the percentile ranks of variables were linearly 
combined based on the structure revealed by EFA analysis. 

(c) The linearly combined values were again ranked, 
and these ranks represented the scores for NFII. In other 
words, each census tract received a ranking for linearly 
combined neighborhood (i.e., census tract) variables. 

The scores for NFII range from 0 to 1. The higher the 
values of the index the more vulnerable the neighborhoods. 

4. Results and Discussion 

This section is divided into the following subsections: 
(a) Preliminary Diagnostics, (b) Factor Extraction Criteria, 
(c) Bootstrap Resampling and Statistics from Factor 
Analysis, and (d) Neighborhood Food Insecurity Index. 

4.1. Preliminary Diagnostics 
First, we assessed the assumption of normality for all 

distribution of 11 variables. To evaluate multivariate 
normality, we plotted the squared distance among the 
variables against the chi-square quantile as shown in 
Figure 1. The points on the chi-square plot do not conform 
to the expected straight-line pattern, suggesting non-
normal data [50]. Unlike the maximum likelihood model, 
the ULS factor extraction method is not sensitive to 
skewed or non-normal data [55] and yields consistent 
estimate [56]. The three observations at the upper right 
end seem to be outliers and were thus removed from the 
dataset. 

In EFA, matrix of associations (either a correlation or a 
covariance matrix) is the basic unit of analysis [57]. In this 
study, the basic unit of analysis is the correlation matrix of 

11 variables selected as a measure of neighborhood 
characteristics. The Pearson’s correlation coefficients for 
each pair of variables are given in Table 1. 

Out of 55 pairs of variables, the correlation coefficients 
of 35 pairs of variables have absolute values greater than 
0.3, indicating a favorable correlation matrix for factor 
analysis. The correlation matrix indicates a strong 
correlation among the variables of median income, 
population under poverty, and households receiving food 
stamps. Civilian unemployed is moderately positively 
correlated with the population with no high school 
diploma, single-parent household, minority population, 
households with no vehicle, and households receiving 
food stamps while negatively correlated with median 
income. There is a moderately positive correlation among 
population density, population with limited English, and 
minorities. Vacant units have a lower correlation with all 
variables except median income and population density. 
The coefficients are significant at a 5% level of 
significance. 

As some of the correlation coefficients are so small, 
Bartlett’s Sphericity Test was conducted to ensure that the 
variables could be summarized with a few numbers of 
factors. The result of Bartlett’s Sphericity Test for the 
final 11 variables is shown in Table 2. As the computed p-
value is lower than the significance level alpha (0.05), the 
null hypothesis (H0) that the correlation matrix is an 
identity matrix is rejected. Bartlett’s Sphericity Test 
implies that we can summarize the variables with at least 
one common factor. This is further supported by the value 
of the Kaiser-Meyer-Olkin (KMO) measure of sampling 
adequacy, given in Table 2. The overall KMO value of 
0.8380 indicates that the proportion of variance in  
these variables are the results of underlying constructs, 
thereby indicating the data is well suited for factor 
analysis [58]. 

 

Figure 1. A chi-square plots assessing multivariate normality for the eleven-variate dataset 
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Table 1. Matrix of Pearson Correlation Coefficients 
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Population 
Density 1 

          Population 
Under Poverty 0.1382 1 

         Civilian 
Unemployed 0.1142 0.5922 1 

        Population 
with No 

High School 
Diploma 0.1120 0.5973 0.4602 1 

       Single 
Parent 0.2189 0.5778 0.4571 0.5128 1 

      Minority 0.4849 0.4765 0.4389 0.5973 0.5430 1 
     Population 

with Limited 
English 0.3862 0.2771 0.1195 0.6836 0.2858 0.6038 1 

    Household 
with No 
vehicle 0.4154 0.5175 0.3678 0.3382 0.3016 0.4099 0.2764 1 

   Vacant 
Units -0.3652 0.2568 0.2059 0.0866 0.0132 -0.0542 -0.1424 0.1023 1 

  Household 
Receiving 

Food Stamp 0.1500 0.7902 0.6231 0.6400 0.6770 0.5152 0.2993 0.5491 0.2057 1 
 Median 

Income 0.0307 -0.8226 -0.5346 -0.5346 -0.52719 -0.3497 -0.1978 -0.4351 -0.3428 -0.7683 1 

Note: All variables are in percent expect population density and median income. Median Income and population density are log transformed with base e. 
Values in bold are different from 0 with a significance level alpha=0.05. 

 

Figure 2. Scree Plot (left) and Variance Explained Plot (right) 

Table 2. KMO & Bartlett's Sphericity Test 

Measure Values 

Bartlett’s Test of Sphericity  
Chi-square (Observed value) 505603.458 

DF 55 

p-value (Two-tailed) < 0.0001 

Overall KMO Sampling Adequacy Test 0.8380 

4.2. Factor Extraction Criteria 
After the preliminary diagnostic suggested that data 

was well suited for factor analysis, the Kaiser criterion 
was used to decide the number of factors to retain. As per 
the Kaiser criterion, an eigenvalue greater than one is a 
good lower bound for expecting a factor to be meaningful 
or interpretable [57]. The Scree plot in Figure 2 shows two 
factors have eigenvalues greater than one and the two 
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factors cumulatively explain 94.62% of the total variance. 
Factor 1 has an eigenvalue of 4.812 and Factor 2 has an 
eigenvalue of 1.450. The proportion of variance explained 
by Factor 1 is 72.70% and by Factor 2 is 21.92%. 

4.3. Bootstrap Resampling and Statistics from 
Factor Analysis 

After deciding on the two factors to retain, we extracted 
factors using the ULS method. We computed the 
confidence interval of the point estimates of parameters 
(i.e., eigenvalues, factor loadings, and communalities) 
based on bootstrap resampling to evaluate the preciseness 
of the estimates and to know whether the estimates 
reported are likely to generalize to a new sample or 
population. We produced 1,000 resamples of the study 
dataset using unrestricted random sampling (also known 
as random sampling with replacement). 

The idea behind bootstrap analysis is that 1,000 
resamples from the original dataset can be considered as 
potential samples from the population [57]. The average 
estimate calculated from 1,000 resamples is a rough 
approximation of the population estimate. For each 
parameter the values at the 2.5th and 97.5th percentile of 
the bootstrap distribution represent a 95% confidence 
interval within which true population parameters lie. 

To get an idea about the likelihood that the two-factor 
structure would replicate in a similar sample, we 
examined the initial eigenvalues from the bootstrap 
resamples. The average estimates, the 95% confidence 
intervals of eigenvalues of the first three extracted factors, 
and the proportion of the total sample variance accounted 
by these factors are given in Table 3. 

The average estimates of the first two eigenvalues, 
4.813 and 1.451, from 1,000 bootstrap resamples are the 
only eigenvalues greater than one. Moreover, the average 
proportion estimate of the total variance explained of 
1,000 resamples suggests that two common factors 
cumulatively account for a 94.60 proportion of the total 
population variance. Average estimates of the eigenvalues 
and of the proportion of the total variance explained by the 
two factors lie within their 95% confidence interval. The 
average estimates of factor loadings after Promax rotation, 
communalities, and their confidence interval based on 
1,000 resamples for the two-factor solution are shown in 
Table 4. The first rotated factor has higher loadings on the 
variables, percent of the population under poverty (0.909), 

percent of civilian unemployed (0.662), percent of the 
population with no high school diploma (0.606), percent 
of single-parent households with children under 18 years 
old (0.595), percent of the population with no vehicle 
(0.460), percent of households receiving food stamps 
(0.904), and log median income (-0.946). The variables, 
namely, log population density (0.696), percent of vacant 
housing units (-0.489), percent of minorities (0.631), and 
percent of the population with limited English (0.641), 
load highly on the second factor. The communalities 
values are approximately greater than 0.3, implying that 
the two factors account for most of the sample variance of 
each variable. Further, we are 95% confident that the true 
factor loadings of each variable lie between their 2.5th and 
97.5th percentiles. 

Upon careful analysis, we notice that if the lower value 
of median income and higher value of remaining variables 
that loads onto Factor 1 are found in a tract, then such 
tract represents the neighborhoods with a lower 
socioeconomic status. Various studies had found that the 
neighborhoods with lower socioeconomic status have 
limited access to large-scale grocery stores and often rely 
on convenience or small grocers shelving fewer  
healthy items with higher prices [9,10,59,22,12]. Thus, we 
can call Factor 1 the socioeconomically vulnerable 
neighborhoods. 

Similarly, the tracts with the lower value of population 
density and higher value of remaining variables that load 
onto Factor 2 represent demographically disadvantaged 
neighborhoods. As per Dutko et al., [2] low-income 
census tracts in very dense urban areas were less likely to 
be food deserts while less dense census tracts with higher 
concentrations of minority populations were more likely 
to be food deserts. Additionally, living in a declining 
neighborhood where the percent of vacant housing is high 
could worsen the food access problem of poor families as 
these neighborhoods are less attractive for larger retail or 
supermarket stores [49]. Thus, we identified Factor 2 as 
demographically vulnerable neighborhoods. 

Table 3. Bootstrap Results for Eigen Values 

Number of 
Factor 

Eigen Value Proportion of total sample 
Variance explained 

Mean 95% CI Mean in % 95 % CI 
1 4.813 (4.787, 4.838) 72.69 (72.14, 72.96) 
2 1.451 (1.438, 1.464) 21.91 (21.71, 22.12) 
3 0.603 (0.593, 0.613) 9.11 (8.96, 9.26) 

Table 4. Bootstrap Results for Factor Loadings and Communalities 

Variables 
Factor1 Loadings Factor 2 Loadings Communalities 

Coefficient 95% CI Coefficient 95% CI Coefficient 95% CI 
Population Density -0.081 (-0.090, -0.072) 0.696 (0.688, 0.704) 0.455 (0.444, 0.468) 
Population Under Poverty 0.909 (0.905, 0.912) -0.045 (-0.052, -0.039) 0.802 (0.795, 0.808) 
Civilian Unemployed 0.662 (0.656, 0.668) -0.023 (-0.030, -0.016) 0.429 (0.422, 0.437) 
Population with No High School Diploma 0.606 (0.594, 0.617) 0.304 (0.291, 0.317) 0.577 (0.572, 0.583) 
Single Parent 0.595 (0.587, 0.603) 0.200 (0.191, 0.209) 0.470 (0.463, 0.478) 
Minority 0.389 (0.375, 0.403) 0.631 (0.621, 0.640) 0.706 (0.700, 0.712) 
Population with Limited English -0.161 (-0.144, 0.176) 0.641 (0.629, 0.653) 0.502 (0.493, 0.511) 
Household with No vehicle 0.460 (0.450, 0.470) 0.230 (0.220, 0.239) 0.332 (0.323, 0.341) 
Vacant Units 0.431 (0.419, 0.444) -0.489 (-0.496, -0.482) 0.291 (0.283, 0.299) 
Household Receiving Food Stamp 0.904 (0.900, 0.908) 0.024 (0.016, 0.031) 0.832 (0.828, 0.837) 
Median Income -0.946 (-0.949, -0.943) 0.234 (0.227, 0.242) 0.810 (0.806, 0.814) 
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To calculate factor scores, first, we computed the 
percentile ranking of each variable. Next, we linearly 
combined the percentile ranking of each variable that 
highly load onto each factor. The values thus obtained for 
each factor were again ranked representing the factor 
scores. The higher the scores for Factor 1, the more 
socioeconomically vulnerable neighborhoods are. The 
lower the scores for Factor 2, the more demographically 
vulnerable neighborhoods are. For mapping purposes, the 
scores (percentile rankings) of Factor 2 were reversed. 
Thus, the higher scores of Factor 2 represent the more 
vulnerable neighborhoods. The scores for each factor were 
grouped into the following categories: 0.00–0.10 
represents invulnerable neighborhoods while 0.10–0.35, 
0.35–0.60, 0.60–0.85, and 0.85–1.00 represents very low, 
low, medium, and highly vulnerable neighborhoods. 

Although the vulnerability scores were calculated at the 
census tract level, for mapping purposes, the values were 
aggregated at the county levels. Figure 3 shows that the 
counties with high socioeconomic vulnerability were 
mostly concentrated in the southern states of Alabama, 
Georgia, Mississippi, Texas, Louisiana, Arizona, New 
Mexico, California, Nevada, and South Dakota. Most 
counties in Missouri and New York had a medium 

socioeconomic vulnerability score. Low median income, 
higher poverty rate, and lower educational attainment 
were the main reasons for high and medium 
socioeconomic vulnerability. Many neighborhoods in the 
Midwest and the Northeast as well as states such as 
Oregon, Idaho, Montana, and Colorado had low and very 
low socioeconomic vulnerability scores. 

Figure 3 also indicates that the majority of the 
neighborhoods in the Central Northwest parts of the 
country had high-to-medium demographic vulnerability 
scores, followed by that of some southern states such as 
Texas, Oklahoma, Mississippi, Alabama, Arkansas, and 
Georgia. Neighborhoods with very low and low demographic 
vulnerability scores were states in the Pacific, Central 
Northeast, Mid-Atlantic and New England regions. The 
main reason for high vulnerability scores in the South was 
the combination of lower population density and a higher 
proportion of minority population residing in the 
neighborhoods of the southern states. Low population 
density is the main reason for high demographic 
vulnerability scores in the Mountain States like Utah, 
Wyoming, Nevada, Montana, Colorado, Idaho, and in the 
Central Northwest states like North Dakota, South Dakota, 
Kansas, and Nebraska. 

 

Figure 3. Vulnerabilty scores for Neighborhoods1 aggreagted at the county level 

1 White patches in Figure 3 represent the counties with zero population or no estimates in the database and were not considered during analysis. 
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4.4. Neighborhood Food Insecurity Index 
(NFII) 

To identify the food vulnerable neighborhoods with 
limited food access, the NFII was created based on the 
procedure mentioned in the methodology section. The 
NFII scores were mapped to examine whether any spatial 
pattern exists. For mapping purpose (as shown in  
Figure 4), the NFII scores calculated at the census tract 
level were aggregated at the county levels. We classified 
the numerical values of the index (as we did for the factor 

scores) as follows: 0.00–0.10 equals invulnerable 
neighborhoods, 0.10–0.35 equals very low vulnerable 
neighborhoods, 0.35 – 0.60 equals low vulnerable 
neighborhoods, 0.60 – 0.85 equals medium vulnerable 
neighborhoods and 0.85 - 1.00 equals highly vulnerable 
neighborhoods. Figure 4 clearly shows that most counties 
located in the southern states, Mountain regions, South 
Dakota and North Dakota had  high to medium 
vulnerablity. The larger number of counties with a very 
low and low vulnerability were located in the Pacific, 
Central Northeast, and northeastern parts  of the country.  

 

Figure 4. Neighborhood Food Insecurity Index2Aggregated at the county level 

 

Figure 5. Comparison of USDA’s Food Desert Tracts with High Vulnerability Tracts of the Neighborhood Food Insecurity Index 3 

2 White patches in Figure 4 represent the counties with zero population or no estimates in the database and were not considered during analysis. 
3 In Figure 5, high vulnerability also represents food desert census tracts and low vulnerability represents non-food desert tracts.   
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We compared (as shown in Figure 5) high food 
vulnerability tracts as indicated by the NFII with the 
USDA’s low income and low access (LILA) census tracts 
(or food deserts). According to NFII, 14.07% of the 
census tracts were highly vulnerable, which is 1.38% more 
than the number of food deserts identified by the USDA 
(USDA classifies 12.69% of all census tracts as food 
deserts). Further, 0.02, 0.42, and 1.71% of the food desert 

tracts fell under the NFII's categories of invulnerable, very 
low, and low vulnerable neighborhoods. However, 2.60 
and 4.39% of food desert tracts were classified as medium 
and highly vulnerable neighborhoods.  

We then compared the count and share of the total 
population of the highly vulnerable neighborhoods in each 
state identified by the NFII with that of food deserts in the 
year 2018, as shown in Table 5.  

Table 5. Comparison of the State Population of the Highly Vulnerable Neighborhoods with Food Deserts4 

State 
Population Living in Highly Vulnerable Tracts (NFII) Population living in Food Desert Tracts (USDA) 

Count Share (%) Count Share (%) 
Alabama 2,080,349 42.4 915,548 18.66 
Arizona 1,138,762 15.9 1,172,899 16.37 
Arkansas 940,318 31.06 751,769 24.83 
California 4,106,719 10.18 3,012,573 7.47 
Colorado 311,799 5.54 765,783 13.6 
Connecticut 87,166 2.39 334,068 9.14 
Delaware 176,969 17.72 127,253 12.74 
District of Columbia 27,066 3.89 30,395 4.37 
Florida 2,821,354 13.08 2,906,372 13.48 
Georgia 3,619,748 34.41 2,244,372 21.34 
Idaho 133,797 7.93 198,149 11.74 
Illinois 808,485 6.25 1,053,052 8.22 
Indiana 702,348 10.5 871,392 13.03 
Iowa 52,075 1.64 332,454 10.47 
Kansas 270,421 8.93 456,687 15.09 
Kentucky 755,757 16.69 509,553 11.25 
Louisiana 1,986,121 40.91 995,073 20.56 
Maine 81,529 5.99 107,881 7.92 
Maryland 455,554 7.45 492,262 8.05 
Massachusetts 82,837 1.18 441,234 6.29 
Michigan 1,175,450 11.46 1,164,910 11.36 
Minnesota 196,086 3.52 652,962 11.71 
Mississippi 1,965,368 64.47 952,086 31.23 
Missouri 853,049 13.86 1,029,141 16.73 
Montana 149,484 14.24 133,374 12.7 
Nebraska 45,140 2.34 164,650 8.52 
Nevada 268,520 8.97 286,897 9.59 
New Hampshire 61,361 4.48 186,186 13.6 
New Jersey 305,728 3.39 451,625 5 
New Mexico 724,919 34.99 500,752 26.98 
New York 723,639 3.45 746,902 3.56 
North Carolina 2,537,491 24.24 1,671,300 15.96 
North Dakota 93,931 12.49 58,506 7.78 
Ohio 865,520 7.35 1,714,326 14.55 
Oklahoma 1,204,526 30.24 704,656 17.69 
Oregon 220,018 5.35 503,062 12.23 
Pennsylvania 431,798 3.28 915,162 6.96 
Rhode Island 26,687 2.49 55,455 5.18 
South Carolina 1,817,412 35.11 918,992 17.76 
South Dakota 964,98 11.17 100,248 11.79 
Tennessee 1,363,424 19.72 1,240,248 17.94 
Texas 4,867,124 16.94 5,475,397 19.05 
Utah 139,552 4.46 278,923 8.91 
Vermont 50,492 7.96 24,320 3.83 
Virginia 1,310,769 15.28 786,490 12.32 
Washington 526,200 7.09 865,445 11.66 
West Virginia 274,829 14.98 240,979 13.14 
Wisconsin 188,737 3.24 512,203 8.79 
Wyoming 176,097 29.78 67,889 11.48 
Total 43,299,023 13.14 40,121,855 12.18 

 

4 Population estimates of the food desert tracts for the year 2018 were extracted from the 2013-2018 ACS 5-year estimates. 
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We found out that over 43 million people, or 13.14% of 
the U.S. population, lived in the high vulnerability tracts 
identified by the index. About 40 million people, or  
12.18% of the U.S. population, lived in the food desert 
tracts identified by the USDA. As per the NFII, 
Mississippi (64.47), Alabama (42.40), and Louisiana 
(40.91) had the largest shares of the population in the 
NFII’s highly vulnerable tracts. Nebraska (2.34), Iowa 
(1.64), and Massachusetts (1.18) had the lowest share of 
population in the NFII’s highly vulnerable tracts. 
Regionally, the South (8.55) had the greatest share of the 
population in the NFII’s highly vulnerable tracts, followed 
by the West (2.36), Midwest (1.62), and Northeast (0.56). 
Based on the USDA’s food desert estimation, Mississippi 
(31.23), New Mexico (26.98), and Arkansas (24.83) had 
the greatest share of the population living in food desert 
tracts while the District of Columbia (4.37), Vermont 
(3.83), and New York (3.56) had the smallest share of the 
population living in food deserts. Regionally, the South 
(6.63) had the greatest share of the population living in 
food deserts, followed by the Midwest (2.46), West (2.36), 
and Northeast (0.99). 

The main difference between the USDA’s food desert 
and the NFII data presented in this study is that the 
USDA’s food deserts are a measure of just two variables, 
namely, income and the distance to stores. Also, the NFII 
is based on multiple measures (i.e., 11 neighborhood 
characteristics) that could determine the number and type 
of food stores or influence the prospects of new food 
stores in the neighborhoods. Low-income neighborhoods 
can be a disincentive for most retail stores. However,  
low-income neighborhoods with larger population density 
and with infrastructure that facilitates in accessing food 
assistance programs could appeal to some food stores 
[2,49]. Further, the USDA has not given much attention to 
the major determinants, in particular poverty and race that 
could justify a food desert's existence. Various studies 
have found that high-poverty and minority-dominated 
neighborhoods have limited access to grocery stores 
[37,22,38,59,12]. Further, many researchers discovered 
that owning a vehicle or easy access to transport was more 
important than proximity to food stores [43,42,41]. Unlike 
the USDA's two measures that overestimate a 
neighborhood's food access problem, the NFII takes 
account of every possible neighborhood characteristic 
(e.g., median income, poverty, unemployment, race, 
vehicle, and population density) that could accurately 
estimate food access problems. 

5. Conclusion 

The availability of food stores in a neighborhood 
depends on the geography, demography, and socio-
economic characteristics of the neighborhood, not just the 
neighborhood's income. Thus, the USDA definition of a 
food desert, based on the distance to store and the 
neighborhood’s income, seems to be limited. Further, 
many scholars, such as Joassart-Marcelli et al., [4] as well 
as Taylor & Ard, [5] argued that the adaptation of the 
traditional approach of lack of access portrays an entire 
city or its neighborhoods, especially low-income minority 
neighborhoods, as food deserts. Due to the inconclusive 

and not generalizable results of food desert studies, an 
exploratory factor analysis was conducted that revealed 
certain underlying structures or relationships that were not 
previously suspected, which, in turn, facilitated in more 
precisely defining neighborhood food insecurity. 

For the factor analysis, this study used 11 measures of a 
neighborhood's socioeconomic and demographic 
characteristics. These 11 characteristics are systematically 
grouped into two factors (i.e., socioeconomic and 
demographic) defining neighborhood vulnerability. 
Vulnerable neighborhoods, both socioeconomically and 
demographically, seem to be less attractive for the big 
retail or grocery stores [49] and sometimes subject to 
malpractice like supermarket redlining [44,45,46]. Thus, 
people living in these neighborhoods could be at higher 
nutritional risk.  

The Neighborhood Food Insecurity Index was created 
to measure the relative food vulnerability of every U.S. 
census tract affecting the ability of residents to access 
healthy food providers. The relative vulnerability was 
measured using the tract's 11 characteristics that could 
potentially influence the number, types, and prospects of 
food stores in a neighborhood. This is unlike the USDA's 
income measures, which overestimate food access 
problems in low-income neighborhoods [4,5]. The NFII, 
as 11 measures of neighborhood food insecurity, could 
justify the limited existence of healthy food providers in a 
neighborhood. The NFII distinguishes the population 
living in the census tracts of the southern United States as 
highly vulnerable, socioeconomically and demographically 
speaking, which thus could influence the number or types 
or prospects of food stores in the neighborhoods.  

In short, this study concludes that to make individuals 
or households food secure, the U.S. government must 
focus on uplifting the socioeconomic status and 
redevelopment of poor neighborhoods. There is no doubt 
that the SNAP program has had a significant contribution 
in making U.S. households food secure. Various studies 
have found that low-income residents, especially, older 
adults and foreign-born individuals, are less likely to 
participate in SNAP despite their eligibility [35]. Further, 
research conducted by Racine et al., [33] discovered that 
neighborhoods with higher proportions of SNAP 
participants had limited stores and are mainly comprised 
of minority households, households that do not own 
vehicles, and households that have children under  
18 years old. Such a scenario raises a question about the 
effectiveness of the SNAP program in mitigating 
household food insecurity.  

The NFII provides insights about the opening or  
closing of grocery stores and their density (high or low)  
in a neighborhood based on the neighborhood’s 
socioeconomic and demographic characteristics. However, 
this study is not able to pinpoint accurately whether the 
neighborhood has inadequate access because various 
community-based food access initiative programs, like 
mobile markets, farmers markets, and community and 
school gardens, may be introduced to fight food insecurity 
and hunger. Furthermore, to understand whether peoples' 
food baskets are healthy or not, one must investigate the 
effect of types of food available and their prices on 
consumption behaviors. Consideration of these aspects is 
crucial to determine the extent and severity of food insecurity. 
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