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Abstract
Introduction The food environment influences the availability and affordability of food options for consumers in a given 
neighborhood. However, disparities in access to healthy food options exist, affecting Black and low-income communities 
disproportionately. This study investigated whether racial segregation predicted the spatial distribution of supermarkets and 
grocery stores better than socioeconomic factors or vice versa in Cleveland, Ohio.
Method The outcome measure was the count of supermarket and grocery stores in each census tract in Cleveland. They 
were combined with US census bureau data as covariates. We fitted four Bayesian spatial models. The first model was a 
baseline model with no covariates. The second model accounted for racial segregation alone. The third model looked at only 
socioeconomic factors, and the final model combined both racial and socioeconomic factors.
Results Overall model performance was better in the model that considered only racial segregation as a predictor of super-
markets and grocery stores (DIC = 476.29). There was 13% decrease in the number of stores for a census tract with a higher 
majority of Black people compared to areas with a lower number of Black people. Model 3 that considered only socioeco-
nomic factors was less predictive of the retail outlets (DIC = 484.80).
Conclusions These findings lead to the conclusion that structural racism evidenced in policies like residential segregation 
has a significant influence on the spatial distribution of food retail in the city of Cleveland.

Keywords Food deserts · Spatial analysis · Bayesian analysis · Neighborhood food environments · Racial segregation

Introduction

The food environment is characterized by a variety of retail 
food establishments within a given neighborhood, such as 
supermarkets, grocery stores, and convenience stores, and 
many less conventional stores like gas stations, specialty 
food stores, and farmers markets. The retail food environ-
ment has a substantial effect on the availability and cost of 
food options for customers. Research findings indicate that 
some urban and rural residents live within a food desert 
where access to supermarkets and grocery stores is a chal-
lenge [1–4]. This problem is more pronounced among the 
urban poor and Black communities. Black et al. [3] pre-
sented a synthesis of peer-reviewed articles that examined 
disparities in the neighborhood food environment. They 
concluded that there is a widespread consensus that low-
income residents and ethnic minority neighborhoods in the 
USA, such as Black neighborhood have disproportionately 
less access to healthy foods.
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Inequality in access to supermarkets and large grocery 
stores has been conceptualized as being caused by two often 
overlapping factors: socioeconomic factors and racial segre-
gation. The first posits that food deserts exist due to socio-
economic supply and demand constraints associated with 
the establishment of supermarkets and large grocery stores 
in urban and rural areas [5–7]. The high capital cost associ-
ated with the supply of supermarkets and the limited mar-
ket potential for the demand for healthy food in low-income 
communities create a barrier to establishing grocery stores 
and supermarkets in such areas.

Moreover, supermarkets and large chain stores often 
demand more space than is available in many older, 
established, and more impoverished communities. Issues 
about land fragmentation, zoning regulations, a higher crime 
rate, and the general unattractiveness of these neighborhoods 
pose a supply constraint for supermarkets and larger retail 
store establishments in inner cities. For example, Bitler and 
Haider [6] discuss how zoning restrictions, crime, and other 
factors discourage the entry of supermarkets and grocery 
stores that would sell healthy foods in low-income areas.

Furthermore, a declining population in urban areas, 
low demand for healthy food items, a higher poverty rate, 
and a higher rate of adoption of income support programs 
such as the Supplementary Income Assistance Program 
(SNAP) and the Women, Infants, and Children (WICS) 
nutritional programs pose an effective demand constraint for 
supermarket and larger chain store establishments in urban 
areas [5, 6]. For example, Allcott et  al. [7] investigated 
the causes of nutritional inequality between high- and 
low-income households in the USA. They discovered that 
even after establishing a new supermarket in a low-income 
neighborhood, demand for healthy grocery purchases was 
relatively low for low-income households compared to high-
income households. They concluded that the entry of a new 
supermarket has an economically small effect on healthy 
grocery purchases and that nutritional inequality is more of 
a demand problem.

An alternative perspective on the food desert problem is 
that racial segregation is a fundamental cause of inequality 
in the availability of healthy food options [8, 9]. Racial 
segregation has long been established as the foundation 
for Black and White health inequalities [10]. Structural 
factors exemplified in social and economic systems have 
rendered some low-income and predominantly Black 
neighborhoods unattractive to the establishment of large-
scale supermarkets and grocery stores. Pervasive housing 
policies that discriminated against predominantly Black 
populations, such as the redlining of cities that started with 
the establishment of the Homeowners’ Loan Corporation 
in the 1930s, generated a vicious cycle of disinvestment 
in inner cities and the suburbanization of higher-income 

Americans (mostly White populations). The suburbanization 
of wealthier urban residents further resulted in the flight 
of supermarkets and grocery stores from the central cities 
to these suburbs, as the suburbs were seen as a vibrant 
investment opportunity [11].

For instance, Thibodeaux [12] examined the evolution 
of the supermarket landscape between 1970 and 1990. He 
found that in 1970, supermarkets were more likely to locate 
in urban areas with higher poverty and lower income. How-
ever, this pattern of supermarket location gradually shifted 
their focus to the suburbs from 1970 to 1990 as White and 
more affluent urban residents moved to the suburbs. Simi-
larly, Alwitt and Donley cited in Walker [2] stated that the 
flight of middle- and higher-income urban residents in the 
1970s and 1980s from the inner city towards the suburbs 
caused the median income in the inner cities to significantly 
decline, forcing nearly one-half of the supermarkets in the 
three largest US cities to close. Currently, there are food 
retail gaps, with Black neighborhoods underserved by large-
scale supermarkets and grocery stores.

Racism and socioeconomic status are two distinct yet 
interconnected mechanisms that are mutually reinforcing. 
The intertwined nature of racism and socioeconomic status 
serves to reinforce inequality in both health outcomes and the 
built environment, particularly among Black populations [10, 
13]. The theory of systemic racism, as described by Feagin 
[14, 15], identifies several key features of racism in the USA, 
including the prioritization of whiteness and the perpetuation 
of racial and material disparities throughout society. He 
argues that for over 20 generations, White people have 
inherited economic resources unfairly acquired through racial 
oppression such as slavery and segregation, resulting in the 
impoverishment of people of color, particularly Black people. 
Today, systemic and institutional discrimination and the 
unjust inheritance of resources continue to limit opportunities 
for people of color, including access to quality education, 
healthcare, employment, and political power. These 
disparities can exacerbate poverty, poor health outcomes, 
and social exclusion, creating a vicious cycle where low 
socioeconomic status increases exposure to various forms of 
discrimination, including racism, and heightens the risk of 
poor health outcomes. Thus, addressing systemic racism and 
socioeconomic inequality must be key components of any 
effort to promote health equity and social justice.

Although racial segregation and socioeconomic factors 
have been suggested as two driving factors for the inequal-
ity in supermarket and grocery store access in urban areas, 
we sought to explore and better understand the differential 
effect of these two factors on supermarket and grocery store 
access. While economic factors and racial segregation are 
inextricably linked, understanding how each of these factors 
affects the food environment may provide valuable insights 
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into the urban food environment, potentially suggesting dif-
ferential policy implications and directions for mitigating 
food desert challenges.

Also, a relatively unexplored problem is the relationship 
between measuring and operationalizing residential seg-
regation and its effect on retail outlet density. Residential 
segregation and food desert studies have frequently relied 
on simplistic indicators of neighborhood segregation, such 
as the percentage of Blacks in an area. It is well established 
that segregation follows or manifests itself in a variety of 
spatial patterns, and several formal indices related to even-
ness, exposure, concentration, clustering, and centralization 
exist to quantify residential segregation [16–18]. Measuring 
racial segregation using formal segregation indices is there-
fore crucial for elucidating disparities in retail food access, 
which our study sought to explore. Finally, many food envi-
ronment studies adopt a non-spatial method that ignores the 
spatial correlation of observations and neighborhood covari-
ates across geographic space, leading to a potential bias in 
the parameter estimates.

In this regard, we use formalized segregation indices 
related to evenness and clustering [16] to examine dispari-
ties in the retail food environment using a Bayesian spatial 
method that accounts for spatial correlation in the observed 
variables under study. We also disaggregate socioeconomic 
factors from neighborhood segregation factors in two sepa-
rate models and test the research question: Does racial seg-
regation predict the spatial distribution of supermarkets and 
grocery stores much better than socioeconomic factors or 
vice versa in the city of Cleveland?

The city of Cleveland, Ohio, is used as the study location 
to examine the spatial distribution of supermarkets and 
grocery stores. Cleveland historically had a pervasive 
racial segregation policy, including the redlining of the 
city. Currently, Cleveland ranks between 5th and 10th as 
the most racially segregated city in the USA, depending on 
the method used [19, 20]. This has affected every facet of 
the city’s urban landscape. The level of racial segregation 
in Cleveland is ubiquitous and glaring, with a very sharp 
contrast between neighborhoods with a majority White 
population and neighborhoods with Black population. 
Cleveland is also one of the poorest cities in America, with 
the majority of its neighborhoods being low-income but 
segregated by race.

Methods

Outcome Variable: Food Retail Data

Food retail outlet data for the city of Cleveland was 
obtained from the Prevention Research Center for Healthy 
Neighborhoods (PRCHN) at Case Western Reserve 

University School of Medicine. As part of the Neighborhood 
Environmental Assessment Project (https:// prchn. org/ neap/), 
the PRCHN conducts an annual food retail audit of every 
food establishment in the city of Cleveland and selected 
suburbs. The audit is a field survey that collects data about 
the store, the products it sells, and whether the store is open 
or closed. Using a standardized audit tool, the program 
assesses the availability of over 25 food items, with a specific 
interest in foods supported by nutrition assistance programs 
such as WIC and SNAP. These food items are then used to 
classify food stores based on the availability of a variety of 
staple food items that support a healthy lifestyle [21]. The 
PRCHN classification is hierarchical, with supermarkets 
representing the greatest variety of healthy lifestyle foods and 
corner or convenience stores selling at least one food item but 
very few staple food options (e.g., milk, bread, eggs). The 
PRCHN project began in 2012, and data are collected during 
the summer months.

We used the 2019 dataset for this study and focused only 
on supermarkets, large grocery stores, and small grocery 
stores, as they are the ones that carry most of the basic sta-
ples needed to prepare food at home. We combine super-
markets, large grocery stores, and small grocery stores into 
a single category for the analysis. The stores were combined 
as one outcome for the purpose of this study because most 
studies on the food environment use these stores as a proxy 
for determining healthy food stores within a community. 
The outcome was the count of these stores in each census 
tract. Stores immediately outside the geographic boundary 
of the city of Cleveland were also included in the analysis 
to account for edge effect since these stores were equally 
accessible by communities living on the periphery of the 
city boundary.

Predictor Variables: Racial Composition 
and Socioeconomic Covariates

Racial composition and socioeconomic characteristics data 
were used as predictor variables. The data was obtained from 
the US Census Bureau. These variables were based on the 
US Census Bureau’s 5-year estimate (2014–2018), which 
has the advantage of increased statistical reliability com-
pared to the 1-year estimates [22]. The data was based on 
census tract estimates.

Racial Segregation Measures

A multi-racial entropy index was calculated using White 
populations, Black/African American populations, Asian 
populations, and Hispanic populations to measure racial 
segregation [16, 23, 24]. The entropy index is an evenness 
residential segregation index that measures each census 
tract’s weighted average deviation from the city’s racial 

https://prchn.org/neap/
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or ethnic diversity. The values of an entropy index range 
between 0 and 1. A value of 0 means that all census tracts 
have the same composition as the entire city (integration), 
and a value of 1 means that all census tracts contain only 
one racial group (segregation) [16, 23]. We also accounted 
for the clustering of the White population, the clustering of 
the Black population, the percentage of the Asian popula-
tion, and the percentage of the Hispanic population. A local 
G-Statistics [25] was used in calculating the clustering of the 
White population and Black population. Based on the local 
G-Statistics, census tracts with a positive z-value were clas-
sified as a high cluster for both Black and White populations, 
and census tracts with a negative z-value were classified as 
a low cluster for both populations.

We used a multi-racial entropy index because, while most 
segregation measures account for segregation between only 
two or even one group, such as clustering measures, the 
multi-racial entropy index was used to measure segregation 
between multiple groups [23]. This is important because 
segregation manifests itself in diverse forms within an 
urban environment, and hence, the entropy index was used 
to provide a holistic approach of combining multiple races 
(White population, Black/African American population, 
Asian population, and Hispanic population) in a single 
segregation measure, unlike the clustering approach, which 
measures only a single racial composition.

Socioeconomic Variables

The percentage of households below poverty levels, the 
percentage of SNAP recipients, the percentage of house-
holds with no vehicle, the percentage of vacant housing, 
and the percentage of college-educated people were used as 
socioeconomic variables to answer the question of whether 
socioeconomic factors predict the spatial distribution of the 
stores. We selected these variables based on the literature 
that examines the demand and supply constraints of super-
markets and grocery stores discussed in the introduction. For 
instance, the percentage of people below poverty was used 
as a proxy to measure effective demand (market potential) 
for the stores [5, 6]. The percentage of vacant housing, for 
example, is also a supply constraint because an urban blight 
neighborhood becomes unattractive for investors in such 
large-scale stores.

Before performing any analysis, we checked the multi-
collinearity of the predictor variables using the variance 
inflation factor (VIF). A high VIF value is an indication of 
multicollinearity among the predictor variables. A high VIF 
is defined subjectively; however, we used a VIF value of 6 
as the threshold to measure multicollinearity [26]. None of 
our predictor variables exceeded this threshold. Therefore, 
multicollinearity was minimized in our study.

Analytical Strategy

A hierarchical Bayesian spatial model was used to exam-
ine the spatial distribution of the retail outlet. A Bayesian 
spatial model includes a spatial random effect term into the 
model to account for spatial dependence between adjacent 
census tracts that is not explained by the model covariates. 
[27, 28]. Models that incorporate spatial dependence in the 
model have been found to be statistically robust compared 
to non-spatial methods when dealing with spatial data [29].

Bayesian models can be implemented by simulating the 
posterior estimate using the Markov chain Monte Carlo 
(MCMC) method [30]. However, MCMC is computation-
ally time consuming when dealing with a large spatial data-
set. Hence, a more deterministic model that approximates 
the posterior estimate called the Integrated Nested Laplace 
Approximation (INLA) offers a computationally faster algo-
rithm than MCMC [31, 32]. In this study, we used INLA for 
the analysis using the R-INLA Package.

Model Specifications

We estimated the observed count of the stores as a function 
of the covariates using a zero-inflated Poisson (ZIP) model to 
account for overdispersion in the modeling due to the excessive 
number of zero store counts in some census tracts. Because 
the outcome variable is count, a log-link function was used to 
express the set of covariates given as a function of the outcome 
variable. The model is expressed in linear form as:

where β0 is the intercept, β’s are the regression coefficients 
for the covariates, ui is spatially structured effect to account for 
spatial dependency in the distribution of the food retail outlet 
among the census tracts, vi is spatially unstructured random 
effect to account for uncorrelated random errors, and ei is an 
offset term that is given as the log of store count standardized 
by total population in each census tract. The spatially structured 
component ui is modeled as an intrinsic conditional autore-
gressive (ICAR) process proposed by Besag et al. [33], which 
smooths the spatial effect based on a certain neighborhood 
definition. The unstructured component vi is modeled as inde-
pendent and identically distributed normal variables with zero 
mean and variance �2

v
 . We specified four models in this study.

Model 1

The first model was an intercept (baseline) model whereby 
only spatial effect explained the count of supermarkets and 
grocery stores. The spatial effect is decomposed into two 

log
(

�
i

)

= �0 + �1Xi1 + �2Xi2 +…

+ �
n
X
in
+ u

i
+ v

i
+ ei, i = 1, 2,… , n,



Journal of Racial and Ethnic Health Disparities 

1 3

components, namely a spatially structured effect and a spa-
tially unstructured effect. The model is given as:

where the model assumes the usual notation as defined 
above. This model is a baseline model with no covariates.

Model 2

In model 2, we considered racial segregation as the only 
covariates. This model was used to evaluate whether racial 
segregation explained the spatial distribution of the super-
markets and grocery stores observed in the city of Cleveland. 
The model is given by:

where the equation assumes the usual notations in 
model 1 and β’s is the coefficient of the covariates Xn. The 
covariates considered in this model include the following: 
Xnβ = [β1(Entropy Index) + β2(Black Clustering) + β3(White 
Clustering) + β4(%Asian) + β5(%Hispanic)]

Model 3

In the third model, we reparametrized the first model by 
incorporating socioeconomic factors as the only covari-
ates in the model. This model was used to evaluate whether 
socioeconomic factors explained the spatial distribution of 
the food stores:

The model is given by:

w h e r e :  Xn� =

[

�
1(%Below Poverty) + �

2(%SNAP Recepient)+

�
3(%Household No Vehicle) + �

4(%Vacant Housing) + �
5(%College Educated)

]

Model 4

The fourth model is a full model and incorporates all the 
covariates in the modeling. The model is given by:

where the equation assumes the usual notation in the pre-
vious models and:

log
(

�i
)

= �0 + ui + vi + ei

log
(

�i
)

= �0 + Xn� + ui + vi + ei

log
(

�i
)

= �0 + Xn� + ui + vi + ei

log
(

�i
)

= �0 + Xn� + ui + vi + ei

Xn� =[�
1
(Entropy Index) + �

2
(Black Clustering)

+ �
3
(White Clustering) + �

4
(%Asian) + �

5
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+ �
6
(%Below Poverty) + �

7
(%SNAP Recepient)

+ �
8
(%Household No Vehicle) + �

9
(%Vacant Housing)

+ �
10
(%College Educated)]

Prior Choice and Model Reporting

Bayesian models rely on prior distributions to reflect the 
state of our knowledge on the potential distribution of the 
parameter of interest. In this study, we resorted to the use 
of default priors in INLA, which are all non-informative 
priors. The priors are given by their mean and precision. The 
following prior distributions were assumed for the regression 
parameters:

And the spatial random effect terms ui and vi were assigned 
a logGamma prior with a mean of 1 and precision τ = 0.00005:

The reason why we used the default priors in INLA is 
that these priors are well-established and widely used in 
the literature for similar spatial modeling techniques and 
have been found to perform best [34, 35]. The posterior 
distribution of the four model parameters was summarized 
using the mean and the 95% credible interval (CI). The 95% 
CI was used to determine the statistical significance of the 
posterior mean of the various variables considered in each 
model. A variable is considered statistically significant if 
the interval does not contain a value of 1. Also, we used the 
deviance information criterion (DIC) to evaluate the per-
formance of the four different models. A lower DIC value 
signifies a better model fit coupled with model parsimony.

We also examined the exceedance probabilities from the 
model to determine census tracts with a higher count of 
stores after accounting for the model covariates. The exceed-
ance probabilities refer to the probability that a parameter 
of interest exceeds a given threshold. The exceedance prob-
ability that a parameter λ exceeds or is greater than a given 
threshold c is given as P ( λ > c|data). In this study, we used 
1 (exp0) as the threshold to determine locations where store 
counts were higher or lower after accounting for model 
covariates. Bayesian exceedance probabilities have been 
proposed as a Bayesian approach to hotspot/coldspot iden-
tification [27]. The exceedance probabilities range between 
a low value of 0 and a high value of 1. Richardson et al. [36] 
provide a categorization of the exceedance probabilities into 
hotspots and coldspots. Exceedance probabilities between 0 
and 0.2 are considered a coldspot, 0.2–0.8 are neither colds-
pots nor hotspot, and 0.8 to 1 are considered a hotspot. We 
use this classification to determine the spatial distribution of 
the stores after accounting for the model covariates.

�0 ∼ Normal(0, 0.001)

�i ∼ Normal(0, 0.001)

log �ui ∼ log Gamma(1, 0.00005),

log �vi ∼ log Gamma(1, 0.00005)
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Results

Descriptive Statistics

Figure 1 shows the spatial distribution of the stores (super-
markets, small grocery stores, and large grocery stores) in 
the study location. The number of stores varies consider-
ably across census tracts in the city. Census tracts with no 

supermarkets or grocery stores (zero count) are given in 
a light-yellow color, and these tracts are largely found in 
the eastern portion of the city. Areas with a higher number 
of these stores are color-coded “deep brown,” and they 
are found in the center and western sections of the city. 
Table 1 presents descriptive statistics for the variables 
considered in fitting the models. The mean entropy index 
was 0.52 with a standard deviation of 0.28, indicating 

Fig. 1  Number of stores per 
census tract

Table 1  Descriptive statistics 
for study variables used 
in examining the spatial 
distribution of store count  
(N = 97)

The continuous predictors are presented using their mean value and standard deviation whereas the cat-
egorical predictors are presented as percentages. The two categorical variables are the clustering of Black 
population and clustering of White population. The VIF column shows the variance inflation factor for 
each predictor, which measures the degree of multicollinearity in the predictors. A lesser VIF value indi-
cates multicollinearity is minimal

Mean (percent) Std. Dev Minimum Maximum VIF

Entropy index 0.52 0.33 0.00 1.00 5.38
Percentage — population below poverty 36.37 14.96 0.00 89.20 4.06
Clustering — Black population 5.79
 High clustering 56.50%
 Low clustering (reference) 43.50%
Clustering — White population 5.45
 High clustering 50.80%
 Low clustering (reference) 49.20% 1.94
Percentage — Hispanic 10.07 13.00 0.00 55.90 4.46
Percentage — household SNAP Recipient 36.76 15.64 0.00 91.00 5.27
Percentage — household with no vehicle 25.54 14.74 0.00 77.40 2.36
Percentage — vacant housing 21.51 10.37 0.00 48.40 1.68
Percentage — college educated 9.46 7.18 0.00 41.10 2.05
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that, on average, Cleveland is a highly segregated city. 
The mean percentage of households below poverty lev-
els was 36.37%. Higher clustering of the Black popula-
tion was found in 56.50% of the census tracts, whereas 
43.50% of the census tracts had low Black clustering. 
Higher White clustering was found in 50.80% of the 
census tracts, whereas 49.20% of the census tracts had 
low White clustering. The city has a relatively low mean 
percentage of Hispanics (10.07%) and Asian populations 
(2.19%). The mean percentage of SNAP recipients was 
36.76%, with a standard deviation of 15.64%. The mean 
percentage of households with no vehicle was 25.54%, 
and vacant housing was 21.51%, The VIF showed that all 
the variables were below the threshold level of 6. Hence, 
multicollinearity was minimal. The spatial distribution of 
the study covariates has been provided as supplementary 
material (Fig. 4).

Association Between Study Variables and the Food 
Retail Outlets

In assessing the association between the study variables 
and the food retail outlets, the posterior distribution of the 
coefficients from the various models is summarized using 
the mean and their corresponding 95% credible interval 
(CI). Rather than a single point statistic associated with 

frequentist models, Bayesian statistics summarize the 
parameter of interest using a posterior distribution, which 
encompasses the entire possible range of values for the 
parameter of interest. The posterior distribution can then be 
summarized using the mean or median value. The posterior 
distribution from the various models can be found in the 
supplementary materials.

Table 2 presents the posterior mean (model-based rate 
ratio, RR) and the corresponding 95% credible interval (CI) 
for all the models. Model 1 is an intercept-only model with 
no covariates. This model was used as a baseline to assess 
the performance of the other models. There is only one fixed 
effect in this model, which is the intercept. The posterior 
mean (rate ratio) value for the intercept in model 1 is 1.06 
(95% CI 0.87–1.30). This represents the average count of 
supermarkets and grocery stores across the census tract.

Model 2 reports the effect of racial segregation on the 
count of stores. We found that the entropy index was neg-
atively associated with the count of healthy food retail, 
with a 39% (RR = 0.61; 95% CI: 0.18–2.06) decrease 
in the number of supermarkets and grocery stores as 
the level of segregation increased. Areas with a higher 
White clustered population had a 92% (RR = 1.92, 95% 
CI: 0.97–3.85) increase in the number of stores relative 
to low White clustered areas; however, this was not sta-
tistically significant. Higher Black clustered areas had a 

Table 2  Posterior estimates for the association between store count and racial/socioeconomic covariates (N=97)

The table shows the posterior estimates of the adjusted effects of the covariates on the store count, using four different Bayesian spatial models. 
The mean (RR) column shows the mean of the posterior distribution of the rate ratio (RR) for each covariate, and the 95% CI column shows the 
95% credible interval of the RR. An RR above 1 indicates a positive association between the covariate and the store count, while an RR below 1 
indicates a negative association. An asterisk (*) indicates that the 95% credible interval does not include 1, which suggests a statistically signifi-
cant association. The random effect shows the posterior estimates of the spatially structured and unstructured effects, which capture the spatial 
dependence in the store count due to the census tracts neighboring structure

Fixed effect Model 1 Model 2 Model 3 Model 4

Adjusted effect Adjusted effect Adjusted effect Adjusted effect

Mean (RR) 95% CI Mean (RR) 95% CI Mean (RR) 95% CI Mean (RR) 95% CI

Intercept 1.06 0.87–1.30 0.78 0.42–1.47 1.01 0.48–2.06 0.99 0.39–2.49
Entropy index 0.61 0.18–2.06 0.55 0.15–2.01
High White clustering (Ref=low) 1.92 0.97–3.85 1.86 0.86–4.08
High Black clustering (Ref=low) 0.87* 0.55–0.98 0.87 0.44–1.74
Percentage — Asian population 1.02 0.99–1.05 1.01 0.97–1.05
Percentage — Hispanic 1.02* 1.00–1.03 1.02* 1.00–1.04
Percentage — population below poverty 1.01 0.99–1.03 1.01 0.99–1.03
Percentage — household SNAP recipient 0.98* 0.96–0.99 0.98 0.96–1.01
Percentage — vacant housing 0.99 0.98–1.02 0.98 0.96–1.02
Percentage — household with no vehicle 1.01 0.99–1.02 1.01 0.99–1.03
Percentage — college educated 0.99 0.96–1.02 0.99 0.96–1.02
Random effect
Spatially structured effect 4.56 1.10–2.07 0 0.00–3.88 1.02 0.00–2.04 4.37 0.09–5.35
Spatially unstructured effect 0 0.00–1.67 0 0.00–1.79 1.72 0.00–1.50 5.26 0.00–8.35
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13% (RR = 0.87, 95% CI: 0.55–0.98) decrease in the num-
ber of stores relative to low Black clustered tracts. This 
result was statistically significant. Furthermore, we found 
a statistically significant positive association between the 
percentage of Hispanics and the number of stores, with 
a 2% increase in the number of stores as the percentage 
of Hispanics increased (RR = 1.02, 95% CI: 1.00–1.03). 
Similarly, a percentage increase in the Asian population 
was associated with a 2% increase in the number of stores 
(RR = 1.02, 95% CI: 0.99–1.05); however, this was not 
statistically significant.

Model 3 reports the effect of socioeconomic factors 
on the number of supermarkets and grocery stores. The 
adjusted effect shows that the percentage of families 
below poverty was associated with a 1% increase in the 
number of supermarkets and grocery stores (RR = 1.01; 
95% CI: 0.99–1.03). Households without a private car 
were also associated with a 1% increase in the number 
of supermarkets and grocery stores (RR = 1.01; 95% CI: 
0.99–1.02). On the contrary, the percentage of SNAP 
recipients (RR = 0.98, 95% CI: 0.96–0.99), vacant hous-
ing (RR = 0.99, 95% CI: 0.98–1.02), and the percent-
age of college-educated people (RR = 0.99, 95% CI: 
0.96–1.02) were negatively associated with the number 
of supermarkets and grocery stores.

Model 4 is the accumulative model, which includes the 
adjusted effects of both segregation and socioeconomic 
factors on the distribution of supermarkets and grocery 
stores. We found that the effects of the entropy index (RR 
= 0.55, 95% CI: 0.15–2.01), high Black clustering (RR = 
1.86, 95% CI: 0.86–4.08), percentage of SNAP recipients 
(RR = 0.98, 95% CI: 0.96–1.01), vacant housing (RR = 
0.98, 95% CI: 0.98–1.02), and college-educated (RR = 
0.99, 95% CI: 0.96–1.02) were negatively associated with 
the density of the stores. On the contrary, we see a positive 
association for areas with a high White clustered popula-
tion when compared to areas with a low White clustered 
population (RR =1.86, 95% CI: 0.86–4.08), the percent-
age of Asian population (RR = 1.01, 95% CI: 0.97–105), 
the percentage of people below poverty (RR = 1.01, 95% 
CI: 0.99–1.03), and the percentage of Hispanic population 
(RR = 1.01, 95% CI:1.00–1.03). The percentage of the 
Hispanic population had a statistically significant result.

Models Assessment

The deviance information criterion (DIC) was used to meas-
ure the performance of the various models as presented in 
Table 3. There is no formal test for comparing DIC values 
for two models; however, differences in two DIC values 
ranging between 3 and 7 have been proposed to demon-
strate sufficient evidence that the model with the smaller 
DIC fits better than the alternative model [37, 38]. All the 

models were compared to model 1 (which was the baseline 
model without covariates). Comparing all the models, model 
2 (which examined racial segregation) was the best model 
with a DIC value of 476.29. This was a 6-point drop in the 
DIC relative to model 1 (DIC = 481.87). Model 3 (DIC = 
484.90) and model 4 (DIC = 483.04) were less predictive of 
supermarket and grocery store distribution in the city. This 
means that although racial segregation and socioeconomic 
factors are two complementary factors that are associated 
with the food environment, the spatial distribution of super-
markets and grocery stores in Cleveland is better explained 
by racial segregation than socioeconomic factors.

Spatial Effect of Supermarkets and Grocery Store 
Hotspot Analysis

Figure 2 show the spatial effect of the retail outlets. The spa-
tial effect explains variations in the outcome variable attribut-
able to spatial processes that the model’s covariates do not 
account for. The posterior estimates from the spatial effect 
component show areas where the count of stores is either 
higher or lower than the average count of stores across the 
city after accounting for the covariates in the various models. 
The posterior estimates from models 1 and 3 are relatively 
similar to each other, whereas models 2 and 4 are also simi-
lar to each other. The posteriors from the spatial effect were 
examined to see if they exceeded a given threshold; in this 
case, 1 (exp0) was used as the threshold. The exceedance 
probabilities were classified using the classification proposed 
by Richardson et al. [36]. The exceedance probabilities are 
presented in Fig. 3. In models 1 and 3, areas to the west have 
a higher exceedance probability (above 0.8) after accounting 
for the models’ covariates, indicating that these areas have 
a higher number of stores relative to the city’s average. In 
models 2 and 4, the number of stores can be said to be mod-
erately distributed across the city, based on the exceedance 
probability value that fell between 0.2 and 0.8.

Table 3  Model diagnostics

The table shows the model diagnostics for the four regression models. 
The effective number of parameters (pD) column shows the measure 
of model complexity, which accounts for both the fixed and random 
effects. The deviance information criterion (DIC) column shows the 
measure of model fit, which balances the model complexity and the 
deviance. A lower pD or DIC value indicates a better model. Based 
on these criteria, model 2 has the best fit among the four models

Effective number of param-
eters (pD)

Deviance informa-
tion criterion 
(DIC)

Model 1 14.44 481.87
Model 2 6.78 476.29
Model 3 22.61 484.90
Model 4 11.77 483.04
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Discussions

Cleveland has been identified as a “food desert,” with many 
of its urban residents living beyond the immediate reach 
of supermarkets and grocery stores [39]. In this study, we 
disaggregated racial segregation and socioeconomic factors 
to examine whether racial segregation and socioeconomic 
factors have independent or overlapping relationships with 
the number of supermarkets and grocery stores in a predomi-
nantly low-income community using four spatial Bayesian 
models.

The results of our study suggest that contrary to the eco-
nomic hypothesis that food deserts are created as a result 
of supply and demand constraints associated with socio-
economic factors [5–7], racial segregation as a fundamental 
cause of food deserts [8, 9] explains the spatial distribu-
tion of supermarkets and grocery stores in Cleveland, Ohio. 
Overall model performance was better in model 2, which 
considered only racial segregation variables as predictors of 
the spatial distribution of supermarkets and grocery stores 
in the city of Cleveland, compared to model 3, which exam-
ined only socioeconomic factors, or model 4, which com-
bined all the variables in the analysis. Particularly, we found 
that Black clustered census tracts had a lesser number of 

supermarkets and grocery stores compared to White clus-
tered neighborhoods. This result supports the argument that 
systematic racism that affects Blacks more than other races 
underpins food access in American cities [8, 40].

Feagins et al. [14, 15] contend that structural racism 
manifests in the form of limited access to resources, which 
subsequently influences the built environment. The authors 
argue that institutional discrimination and structural rac-
ism impede the availability of resources in Black com-
munities, such as access to quality education, healthcare, 
employment opportunities, and political power. Within the 
context of the food environment, racial segregation policies 
have contributed to the uneven distribution of healthy food 
options in urban areas [8, 9, 40–42]. For example, a survey 
of the retail environment in 39 US cities reported that retail 
food outlets systematically underserved neighborhoods with 
high percentages of African Americans but not Latino and 
lower-income non-African American groups, leading to the 
conclusion that the inner-city retail gap is in part racial in 
nature [41]. This has resulted in Black neighborhoods having 
limited access to healthy retail options while being exposed 
to unhealthy eating behaviors through the establishment of 
fast-food restaurants [43, 44], alcohol outlets [45], and other 
unhealthy retail outlets, leading to poor health outcomes 

Fig. 2  Showing the posterior mean for census tract specific rate ratio



 Journal of Racial and Ethnic Health Disparities

1 3

among Black communities. According to Williams [10], 
residential segregation is the “single most important [land 
use] policy” that continues to adversely affect the socioeco-
nomic status and health of African Americans.

Responses to unequal food access have often involved a 
simplistic market intervention policy, such as the Healthy 
Food Financing Initiative (HFFI), aimed at establishing new 
supermarkets and grocery stores in underserved areas. The 
notion is that when these stores are built, Black residents 
will patronize them, and the stores will profit in the long 
run. However, some research has found that some of these 
policies have done little to improve the food environment, 
healthy eating behavior, or overall health impact [46, 47]. 
Worse yet, some of these stores have closed altogether since 
their establishment [48]. The usual economic hypothesis 
for supermarket and grocery store failure in inner cities has 
been that of low demand for the stores, hence their failure 
[5–7]. Thus, effective demand to sustain supermarkets and 
large grocery stores in Black and low-income communities 
is limited and the owners of these supermarkets and grocery 
stores are capitalists who see themselves less in the business 
of feeding the poor and more in the business of making prof-
its. Hence, supermarkets and large grocery stores prefer to 
establish themselves in White and affluent neighborhoods.

Such a narrow economic perspective of supermarket fail-
ure in inner cities fails to also consider systemic racism in 
the built environment, particularly the redlining of cities, 
which led to the flight of supermarkets and large grocery 
stores to largely White communities [11, 12]. This may 
be a reason why we have a low count of grocery stores in 
Black clustered census tracts in Cleveland, Ohio, compared 
to White clustered census tracts, as has been found in this 
study. Secondly, other researchers such as Howerton and 
Trauger [49] have also found that stereotypical negative 
place narratives and race-based fears about the location of 
a store lead to low patronage by outsiders, eventually lead-
ing to the collapse of a store due to low-profit margins. This 
reason may also suggest the low number of supermarkets 
and grocery stores in Black communities within the city of 
Cleveland.

Although racial segregation is a better predictor of the 
count of supermarkets and grocery stores in Cleveland, this 
does not imply that socioeconomic factors are irrelevant in 
explaining the food environment in Cleveland. Socioeco-
nomic factors such as income, education, and employment 
status are often associated with racial segregation [8, 50] and 
can act as mediators in the relationship between racial seg-
regation and the distribution of grocery stores. For example, 

Fig. 3  Showing the posterior exceedance probabilities
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in a highly segregated community with predominantly low-
income residents, there may be fewer grocery stores due to 
lower demand for healthy food options and a lack of invest-
ment in the community by grocery store chains [5–7]. In 
this case, the effect of racial segregation on the distribution 
of grocery stores may be mediated by socioeconomic fac-
tors such as income and employment status. This could be 
a reason why the result from model 4, which looked at both 
socioeconomic and racial factors combined, was less predic-
tive of the stores in Cleveland.

The limitations of this study include our inability to draw 
causal inferences between the predictors and the food retail 
count due to the use of cross-sectional data. Another limita-
tion has to do with using census tracts to define neighbor-
hoods in the study context. City neighborhoods, in reality, are 
different from census tracts. Also, census tracts are subject 
to the modifiable area unit problem, whereby the aggrega-
tion of data at a larger spatial scale, such as the census tract, 
may produce statistical bias leading to generalization across 
a larger spatial scale with inherent heterogeneity. Notwith-
standing such limitations, our study is significant in terms 
of the methodology we utilized. Even though the food envi-
ronment has been widely researched, relatively few studies 
have adopted a Bayesian method in their analysis, such as 
Luan et al. [51] and Lamichhane et al. [52]. Our study adds 
to the recent literature that explores the food retail environ-
ment using Bayesian models. Also, the retail food dataset and 
the classification of the stores used in this study were based 
on an actual ground-truthing survey to collect data on these 
stores. Many food retail studies have relied on secondary data 
sources that are subject to limited data validity, misclassifica-
tion, and geocoding errors compared to primary surveys [53].

Conclusions

Guided by the findings in this research, this research 
argues that structural factors exemplified by pervasive 
segregationist policies through housing discrimination and 
redlining have affected every facet of Black communities, 
including the food environment. This study supports the 
hypothesis that racial segregation is a fundamental cause of 
food deserts in the city of Cleveland. Slocum and Saldanha 
[42] sum it up perfectly when they state that “racism is 
endemic to global food systems in the aftermath of coloni-
alism, with predictable results for minority communities.”
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