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ABSTRACT

Disparities in food accessibility, driven by socio-economic factors and spatial inequities, re-

main a critical issue in urban food environments. Traditional methods, such as the USDA

Food Access Research Atlas, rely on �xed distance metrics, overlooking consumer mobility

and �ner-scale access patterns. This study rede�nes food accessibility by integrating mo-

bility data, spatial analysis, and a detailed classi�cation of access and choice at the block

group level in Atlanta, Georgia. Using GIS and SafeGraph data, metrics for food access and

choice were developed, compared with USDA-de�ned food deserts, and analyzed against

socio-economic and demographic attributes. The �ndings reveal signi�cant inconsistencies

in USDA classi�cations and highlight southern and western Atlanta as predominantly low

access and low choice, associated with lower incomes and higher Black population rates. This

research underscores the need for dynamic, behavior-driven tools to rede�ne food deserts and

inform equitable policy interventions, o�ering a more comprehensive perspective on urban

food accessibility.
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CHAPTER 1

Introduction

1.1 Overview

As food security emerges as a pressing global issue, ensuring equitable access to nutritious

food demands a deeper understanding of how spatial patterns and consumer behavior inter-

act to shape food environments. The term "food environment" encompasses all locations

where food can be purchased or consumed, including grocery stores, supercenters, corner

stores, and various types of restaurants (Caspi et al., 2012; McKinnon, 2009; Gustafson,

2012). Food access within these environments is shaped by �ve key dimensions: availability,

accessibility, a�ordability, acceptability, and accommodation (Charreire et al., 2010). Each

dimension captures an attribute of the food environment that may impede an individual's

ability to acquire an adequate supply of food. Of these, the two geographic components avail-

ability and accessibility are often studied the most, and their spatial dimension allows for

additional empirical testing with geographic information systems and various spatial analy-

ses (Lytle, L,2017).Accessibility is typically de�ned as the proximity of a household to the

nearest food store, while availability refers to the number or density of food retailers within

a de�ned radius. Both concepts play a crucial role in understanding food environments and

addressing food insecurity. Food security itself is de�ned as consistent access to su�cient,

safe, nutritious, and a�ordable food necessary for an active and healthy life. Examining the

spatial dimensions of food accessibility, therefore, is essential for identifying gaps in the food

environment and ensuring equitable access to food for all population.
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Traditionally, food accessibility has been measured by distance, with the United States

Department of Agriculture (USDA) using the term "food desert" to describe areas where

many low-income residents lack access to grocery stores or supermarkets within a certain

distance. These food deserts, de�ned by limited access to healthy and a�ordable food, are

believed to contribute to social and spatial inequalities in diet and related health outcomes.

However, the extent to which food deserts exist is debated (Beaulac, 2009). The argument

is that limited physical access to healthy foods makes it harder for people to include them

in their diets, leading them to rely on more accessible options like fast food and convenience

stores, which often o�er less nutritious, higher-calorie foods (Boone-Heinonen, 2011).This

shift in diet can result in various health issues, including hypertension, diabetes, and other

obesity-related conditions (Caballero, 2007).

The U.S. Department of Agriculture's Food Access Research Atlas, originally known as the

\Food Desert Locator," identi�ed census tracts as food deserts if a signi�cant number of

residents were low-income and lived more than one mile from the nearest grocery store in

urban areas, or more than 10 miles away in rural areas. However, this simplistic method

overlooked the complexity of food shopping and urban mobility. The approach assumes that

proximity alone determines food access, ignoring the diverse spatial choices people make

when selecting grocery stores. Studies have shown that many people do not shop at the

closest food retailer (S. Inagami, 2006; S. Cummins, 2014), and transportation options can

greatly a�ect access to supermarkets (Widener, 2015, 2017). These studies emphasize the

importance of understanding access through real travel patterns, which reveal the actual
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behaviors and preferences of consumers in navigating food landscapes. Later versions of the

USDA's atlas adopted a more cautious approach by introducing a food access measure at the

census tract level that considered car ownership. Still, the USDA's model continues to use

an all-or-nothing approach, designating people in areas that meet speci�c criteria as living

in regions with low access to healthy food options.

In this research, we aim to improve upon USDA's methodological approach by addressing

the oversimpli�cation introduced by the uniform application of �xed distances (one mile

for urban areas and 10 miles for rural areas), which does not fully capture the complex

spatial dynamics of di�erent geographic areas. By integrating travel pattern data, this study

aims to rede�ne food access by incorporating mobility and spatial choices into the metrics,

moving beyond static distance-based thresholds. Geographical patterns vary across regions,

so making a one-size-�ts-all metric is insu�cient for precisely delineating food accessibility.

As a result, the conventional method fails to account for the diverse realities that exist

in di�erent landscapes, particularly within urban areas. Also This research employs �ner-

scale spatial analysis, focusing on block groups instead of census tracts, to uncover localized

disparities and provide a more granular understanding of food accessibility. In light of

these considerations, the goal of this research is to develop a methodology that employs

an alternative approach to determining the distances that de�ne food accessibility. This

study will examine and compare key demographic and socio-economic factors associated with

places with and without access to food as measured with the new metrics. By combining

spatial choice, travel behavior, and detailed block group analysis, this research rede�nes food
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accessibility, o�ering insights into imbalances and informing a more equitable distribution of

food resources across the urban landscape.

1.2 Objectives

The objectives of this study are to investigate �ne-scaled shopping patterns associated with

retail food stores using mobility data. The key research objectives are:

1. Classify block groups based on retail food outlet accessibility by integrating the number

of available choices and distance.

2. Evaluate di�erences in accessibility patterns derived using mobility data compared to

patterns of food access identi�ed by the USDA Food Desert Research Atlas.

3. Using a rede�ned conceptualization of food access, identify the socio-economic and

demographic attributes that are indicative of populations experiencing varying degrees

of food accessibility.

This study seeks to challenge the methodology employed by the USDA by introducing a new

dataset and approach to rede�ne food access. Our analysis highlights key di�erences between

our methodology and the USDA's, focusing on aspects such as scale, distance metrics, and

the inclusion of spatial choice, providing a more nuanced and accurate representation of food

accessibility.

In focusing on Atlanta, this study addresses the city's diverse socio-economic and demo-

graphic landscape. With its combination of high-density urban areas, extensive suburban
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Table 1.1 Comparison Between USDA Food Desert Research Atlas and Our Approach

Aspect USDA Food Desert Re-
search Atlas

Our Approach

Scale Census tract level Finer scale { Block group
level

Distance Metrics Prede�ned �xed distances
(1 mile for urban, 10 miles
for rural)

Distance de�ned by actual
travel patterns from mobil-
ity data

Spatial Choice No consideration of con-
sumer choice

Includes spatial choice, con-
sidering multiple food store
options

regions, and a range of distinct neighborhoods, Atlanta o�ers a rich setting to explore our

research objectives and provide valuable insights into urban food access and policy.

1.3 Literature Review

1.3.1 Food Desert History

The term "food desert" was �rst introduced in the 1990s by a Scottish public housing resident

who described her neighborhood's lack of accessible nutritious food to an ethnographer.

As noted by Cummins and Macintyre (2002, p. 436), this phrase quickly resonated with

scholars, practitioners, and the public, becoming a powerful metaphor for the spatial injustice

and social exclusion experienced in areas with limited access to healthy food through retail

sources. The term not only highlighted the absence of nutritious food options but also served

as a rallying point for broader discussions on inequality, urban planning, and public health.

Over time, this concept has inspired a substantial body of research exploring socio-economic

disparities, community health outcomes, and policy interventions aimed at addressing these
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under served areas (Beaumont et al., 1995; Morland et al., 2002; Soss et al., 2011; Ver Ploeg,

2009; Whelan et al., 2002; Wrigley, 2002; Wrigley et al.).

Since its inception, the study of food deserts has evolved signi�cantly, expanding to encom-

pass diverse geographic contexts and methodological approaches. This growth in research

coincided with advancements in geographic information systems (GIS) and a broader vi-

sual focus in academia during the 1990s, which enabled enhanced analysis and visualization

of food access (Thornes, 2004; Rose, 2003; Pickles, 2003; Harper, 1998). GIS technology

provided tools to spatially map and analyze areas with limited access to healthy food, incor-

porating factors like income, race, and transportation infrastructure. However, while these

advancements improved data representation, the foundational assumptions of many early

studies often went unexamined. For instance, early GIS-based analyses typically relied on

census tract-level data, which, while comprehensive, often failed to capture �ner spatial vari-

ations within neighborhoods. Such limitations led to an incomplete understanding of how

food access disparities manifest at a community level, prompting calls for more granular

datasets and methodologies that re
ect the lived experiences of a�ected populations.

In the United States, the USDA's "Food Access Research Atlas" serves as a prominent ex-

ample of these e�orts to conceptualize and map food deserts. Originally launched in 2011

as the "Food Desert Locator," this tool was developed in response to a 2009 congressional

report aimed at identifying regions with poor food access. The Atlas employs advanced GIS

technologies to dynamically identify and display food deserts, providing an interactive on-

line map that has become a critical resource for policymakers, researchers, and community
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advocates. While the tool represents a signi�cant step forward in understanding food acces-

sibility, it has also faced critiques for its inherent limitations. Critics argue that the USDA's

approach oversimpli�es food access by focusing predominantly on geographic proximity to

grocery stores, without su�ciently accounting for behavioral, cultural, or economic factors

that in
uence food purchasing decisions. For example, individuals may bypass closer stores

in favor of those o�ering culturally preferred foods or lower prices, complicating the relation-

ship between physical distance and actual food access. These critiques underscore the need

for more nuanced methodologies that integrate spatial behavior, consumer preferences, and

socio-economic realities into the study of food deserts.

1.3.2 USDA De�nition and Attributes

The United States Department of Agriculture de�nes 'food deserts' as areas where people face

hurdles in accessing healthy and a�ordable food due to a lack of supermarkets, grocery stores,

or other healthy food providers. This concept considers factors like the distance to food

stores, individual and neighborhood level resources like income and transport availability

(Food Access Research Atlas, USDA, 2020.). These indicators form the basis of the Food

Access Research Atlas, which allows for an exploration of food accessibility through various

lenses, such as distance to stores and the intersection of accessibility with vehicle ownership

and income levels. The USDA employs a multifaceted approach to identifying areas with

low access to healthy food options, focusing on two main factors: low-income neighborhoods

and the distance to supermarkets.

In the Food Access Research Atlas, a neighborhood is deemed to have low access if a substan-
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tial number of its residents live beyond a �xed distance from a supermarket, supercenter, or

large grocery store. The criteria for low access involve a combination of population thresholds

and distance: for urban areas, the threshold is set at more than half to one mile (one mile

in the 2019 �nal report), and for rural areas, it is set at more than 10 miles from such food

retailers. These �xed thresholds aim to standardize the measurement of food accessibility

but have been criticized for overlooking regional variations in travel behavior and infrastruc-

ture. For instance, rural areas may require longer travel distances to access essential services,

while urban areas with dense public transportation networks may render one-mile thresholds

less relevant. These measures consider the socio-economic status by focusing on low-income

census tracts and further incorporate considerations of vehicle availability, with particular

attention to households without access to a car. In doing so, the USDA attempts to account

for the compounded challenges faced by low-income households, particularly those without

reliable transportation. Distance calculations are made using a grid system to ensure pre-

cise measurement across the country's varied geographic landscapes (Food Access Research

Atlas, USDA, 2020). However, critics argue that this grid-based approach may mask micro-

level disparities within census tracts, such as varying access within the same neighborhood

due to local road infrastructure or store distribution.

1.3.2.1 Limitations and Critique

Researchers have pointed out that while the USDA Food Desert Atlas is widely used to

conceptualize food accessibility, it often oversimpli�es complex issues by relying on limited

indicators like distance to grocery stores or transportation access (Kathryn, 2019). This
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oversimpli�cation risks misrepresenting the multifaceted nature of food access, which is in-


uenced by social, economic, and cultural factors. For example, �xed distance thresholds

(one mile for urban areas, 10 miles for rural areas) do not adequately account for di�er-

ences in transportation infrastructure, regional shopping behaviors, or the availability of

culturally relevant food options. Widener (2018) notes that although the "Food Desert"

metaphor seems straightforward, its simplicity overlooks the nuances that researchers aren't

fully exploring. The reliance on these thresholds may lead to the misclassi�cation of commu-

nities|designating areas with su�cient access as food deserts while overlooking underserved

populations in regions labeled as non-low access.

McKey (2020) challenged the accuracy of USDA data by comparing it with crowdsourced

data from Yelp, using GIS to map grocery stores identi�ed by both sources. This compari-

son revealed signi�cant discrepancies in the identi�cation of food deserts. For instance, Yelp

data highlighted areas with thriving ethnic grocery stores that the USDA overlooked, em-

phasizing the importance of incorporating alternative data sources to capture diverse food

environments more accurately. Abel (2022) argues that analyzing travel behavior patterns

and using location metrics could challenge the conventional concept of food deserts. This

perspective emphasizes that many residents actively bypass closer grocery stores in favor of

locations that better meet their a�ordability, quality, or cultural preferences. This behavior

demonstrates the limitations of the USDA's reliance on proximity alone as a primary mea-

sure of food access. Additionally, the binary classi�cation system used by the USDA (low

access vs. non-low access) oversimpli�es the issue, masking intra-tract disparities that are
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critical for understanding localized food accessibility. For example, within a single census

tract, some households may enjoy convenient access to grocery stores while others experience

signi�cant barriers due to variations in transportation options or local infrastructure.

Finally, the USDA's reliance on car ownership as a binary variable for assessing transporta-

tion availability has also been criticized. Studies by Zenk et al. (2019) and Caspi et al. (2020)

argue that this approach neglects the complexities of public transit accessibility, ride-sharing

options, and pedestrian infrastructure, which play critical roles in food access, particularly

in urban areas. Public transit networks vary widely in their e�ectiveness, and simple car

ownership does not account for other factors such as vehicle reliability or cost barriers asso-

ciated with operating a car. Expanding transportation metrics to include alternative modes

of transit could better capture the realities of urban and rural mobility.

In this paper, we argue that the traditional one-mile �xed distance used to identify food

deserts oversimpli�es the issue. A more comprehensive understanding of food deserts requires

moving beyond these static measures to incorporate dynamic factors such as travel patterns,

consumer preferences, and mobility behaviors. By incorporating spatial behavior and choice

patterns, we can rethink the concept of food deserts and develop a more dynamic analytical

framework. Moreover, it's essential to distinguish between access and availability when

discussing food deserts. While availability refers to the presence of food sources, access is

about how people actually use them. This distinction is critical for designing interventions

that address both the physical presence of food retailers and the socio-economic factors that

in
uence how communities interact with them. Mobility data, which re
ects spatial choices,
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can help clarify these dynamics. Through a rede�nition of metrics that integrate mobility

and choice behaviors, we aim to address the limitations of the USDA model, o�ering a more

accurate and equitable approach to assessing food deserts. This approach not only aligns

with the realities of modern urban and rural food environments but also opens new avenues

for addressing inequities in food accessibility.

1.3.2.2 Data Mismatch

Our research focused on data for food deserts provided by the United States Department

of Agriculture (USDA), using their 2019 food desert locator. It's worth noting, however,

that the variables used in this locator come from various timeframes. Demographic informa-

tion, including age, race, Hispanic ethnicity, and group quarters, is sourced from the 2010

Census of the Population and downloaded at the census-block level. Additionally, informa-

tion regarding income, vehicle accessibility, and participation in the Supplemental Nutrition

Assistance Programme (SNAP) is obtained from the 2014-18 American Community Survey

(ACS). Regarding food store data, the USDA combines two 2019 lists of supermarkets, su-

percenters, and large grocery stores to generate a comprehensive list of stores. Our concern

is the complexity and potential lack of validation resulting from combining datasets from

2010, 2018, and 2019. In contrast, the ACS provides datasets for 2019, which include com-

prehensive information on population, race, age, and income. This would help to create a

more consistent and authentic food desert locator, in line with the most recent and relevant

data sources.



12

1.3.3 Spatial Choice and Mobility Data

Rushton (1969) delves into spatial behavior by aiming to uncover the underlying rules that

govern spatial choice, with the goal of replicating observed spatial behavior patterns based on

any given distribution of spatial opportunities. He explains By consistently analyzing pref-

erences from paired comparisons of spatial opportunities, it is possible to derive a unique

ranking of these opportunities, which can be visually represented on an indi�erent surface.

Building on this foundational work, Timmermans (1981) introduced dynamic models that

incorporate environmental and situational factors, arguing that spatial choice is a continuous

process shaped by both individual preferences and external constraints. These studies un-

derscore the importance of integrating behavioral components into spatial analyses to better

understand accessibility and choice patterns.

Therefore we decided to use mobility data (mobile location data) as the base of human spatial

choice behavior pattern to analyze the food access. Mobility has grown increasingly essential

in analyzing human mobility patterns within modern society (Zhenlong Li, 2024). Equipped

with sophisticated Global Positioning System (GPS) receivers, today's smartphones supply

precise location data to a variety of applications such as Google Maps (Rahman, 2016) and

social media platforms like Twitter, Face book, and Instagram (Cao, 2015).This abundant

source of geospatial big data allows researchers to explore travel routes, activity trends, and

behaviors over wide geographic areas with exceptional detail (Aguilera A 2018, BirenBoim

A 2016).

Mobility data provided by Safegraph has been used in numeric researches in di�erent sectors
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till now. Researcher have used this data studying human mobility patterns across various

regions (LiZ, 2021), evaluating and planning transportation infrastructures (Goodspeed R,

2021), assessing transportation equity and socioeconomic disparities (Wang J 2022, Coleman

N 2022) , and analyzing the accessibility of bus rapid transit systems (Singh SS, 2022).

However, researchers have also highlighted challenges associated with mobility data. For

instance, Wang and Coleman (2022) pointed out potential biases in datasets collected from

mobile devices, as lower-income populations may be underrepresented due to limited smart-

phone usage. Additionally, Widener and Kar (2023) argued that temporal resolution in

mobility datasets could obscure short-term 
uctuations in behavior, such as seasonal shop-

ping trends. These critiques emphasize the need for careful data validation and triangulation

with other sources to ensure reliability in spatial analyses.

Given its proven versatility, mobility data o�ers a robust foundation for analyzing food ac-

cess. By combining spatial behavior patterns with proximity metrics, this study builds on

established methodologies to create a more nuanced understanding of food accessibility. In

particular, this approach enables the identi�cation of areas where residents travel farther dis-

tances for culturally preferred or a�ordable food options, challenging traditional de�nitions

of food deserts that rely solely on �xed proximity thresholds.
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CHAPTER 2

Methodology

2.1 Overview of Methodology

This study employs a methodology that combines spatial analysis and consumer behavior to

examine food accessibility in urban environments. By integrating Geographic Information

Systems (GIS), advanced data analysis techniques, and mobility data, the research explores

how the spatial distribution of grocery stores intersects with real-world shopping behaviors.

Mobility data provides a detailed view of access patterns, capturing how far people travel

and the variety of stores they visit. This approach enables a granular understanding of food

accessibility and highlights disparities across urban areas.

The methodology involves three main steps. First, the mobility data was processed on census

block group level to identify patterns of grocery shopping, including travel distances, store

visits, and unique block group-store pairings. This cleaned and re�ned dataset forms the

foundation for the analysis. Second, an Access and Choice table was created using the pro-

cessed data to classify block groups based on their proximity to grocery stores and the variety

of options available. Finally, USDA food desert data was integrated and compared with the

mobility-based dataset to evaluate discrepancies and assess the strengths and limitations of

both approaches. This methodology provides a comprehensive framework for analyzing food

accessibility and identifying underserved areas that require targeted interventions.
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2.2 Data Processing

The data processing phase of this study, illustrated in the 
owchart, involved systematically

preparing the study dataset to analyze food accessibility in Atlanta. The process began with

SafeGraph mobility data, comprising two essential datasets: the Points of Interest (POI)

dataset and the visits dataset. These datasets were �ltered and processed to extract relevant

information, focusing on grocery store accessibility in Georgia and, ultimately, in Atlanta.

Figure 2.1 Flowchart of data processing
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The �rst step involved isolating grocery store locations from the POI dataset by �ltering

based on the NAICS code (445), which identi�es grocery stores. This resulted in a dataset

containing grocery store Points of Interest (POIs) across the United States. Simultaneously,

the visits dataset was �ltered to include only records associated with locations in Georgia.

The �ltered POI and visits datasets were then joined using the SafeGraph Place ID, linking

grocery store locations with their corresponding visitation data.

The resulting dataset for Georgia contained detailed information, including the locations of

grocery stores and the census block groups (CBGs) where visitors resided. Distance between

them were calculated. The next step involved processing the `visitorhomecbgs' �eld, a

dictionary where keys represented home CBGs and values indicated the number of visitors.

Using Python (AST and Pandas), this dictionary was converted into a tabular format, with

each key-value pair transformed into rows. This conversion enabled a more structured and

GIS-compatible dataset.

Figure 2.2 Converting dictionary into tabular format
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To re�ne the dataset further, GIS tools were used to �lter block groups and grocery stores

within the Atlanta city limits. Block groups that intersected with the city boundary were

included to focus on the travel behaviors of Atlanta residents. Recognizing that residents

might shop outside the city, grocery stores within a 5-mile bu�er around Atlanta were also

included. This bu�er zone accounts for real-world shopping patterns, expanding upon USDA

research (2015), which found that primary grocery store trips often occur within 3.8 miles.

However, relying solely on this distance could underestimate the true range of consumer

behavior. By incorporating a broader 5-mile bu�er, this study mitigates the risk of under-

estimating grocery store accessibility and ensures a more realistic representation of travel

patterns.

2.3 Data Analysis

The analysis in this study is built around a re�ned dataset created in the processing section

designed to address the research objectives in a systematic and focused way. Initially, the

study dataset included 20,713 records, representing 220 unique block groups (BGs) and 381

unique grocery stores, identi�ed by SafeGraph IDs. Since the data covered a 12-month

period, many records included duplicate pairings of block groups and grocery stores due to

repeated visits. To streamline the analysis and concentrate on unique consumer behavior,

these duplicates were consolidated, resulting in a �nal dataset of 8,843 records. This �nal

dataset retained the original 220 unique block groups and 381 grocery stores, ensuring no loss

of essential data. While the dataset does not include every block group in the Atlanta area,
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GIS visualization con�rmed that the dataset encompasses block groups from all sections

of the city. This ensures that the dataset is representative of Atlanta's diverse population

and geographic landscape. This �nal dataset underscore its suitability for the subsequent

analyses and comparisons outlined in the research objectives. In the following sections, the

analysis will be presented systematically, aligned with each of the study's research objectives.

2.3.1 Research Objective 1

Classify block groups based on retail food outlet accessibility by combining number of available

choices and distance.

The goal of this research objective was to classify Atlanta's block groups (BGs) based on

their accessibility to retail food outlets, incorporating both the distance to grocery stores

and the variety of store options available. The process began with the study dataset created

in the data processing section, which included Block Group IDs, grocery store locations for

each BG's, SafeGraph IDs, distances between BG and grocery stores, and other necessary in-

formation related to each grocery store locations. From this dataset, two critical components

were created: the Access Table and the Choice Table.

The Access Table was created by �rst calculating the median distances to grocery stores for

each Block Group (BG). For each BG, the median was determined based on the distances

residents traveled to all the grocery stores they visited. For example, if residents of a BG

visited �ve grocery stores, the median distance among these �ve store distances was taken as

the representative value for that BG. This step ensured that each BG was assigned a speci�c

median distance that re
ected local travel patterns.
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Figure 2.3 Flowchart of the process for Objective 1

Once the median distances for all 220 BGs were computed, the overall median of these 220

BG-level medians was calculated. This overall median served as the standard benchmark

for categorizing accessibility to compare it with the USDA measure across the study area.

Any BG with a median distance less than this benchmark was classi�ed as High Access (H),

while block groups with a median distance greater than or equal to the benchmark were
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categorized as Low Access (L).

However, to tackle the Research Objective 1 we have taken more granular approach to de�ne

Access and Choice. Each dimension is categorized into three levels: High (H), Moderate

(M), and Low (L). These classi�cations are then combined to create a total of nine distinct

categories, providing a comprehensive understanding of food accessibility across the study

area.

Access Classi�cation The Access Tablewas developed by calculating the median distance

to grocery stores for each BG. These median distances were sorted in ascending order, and

the sorted list was divided into three equal groups to create the Access levels:

ˆ The �rst third of block groups (shortest distances) were classi�ed asHigh Access

(H) .

ˆ The middle third were classi�ed asModerate Access (M) .

ˆ The last third (longest distances) were classi�ed asLow Access (L) .

This method ensures that block groups are classi�ed consistently based on how their median

distances compare to others within the study area. Mathematically, the Access classi�cation

is represented as:

AccessBG =

8
>>>>>>>><

>>>>>>>>:

H if BG 2 [1; n
3 ];

M if BG 2 ( n
3 ; 2n

3 ];

L if BG 2 ( 2n
3 ; n];
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wheren is the total number of block groups, andBG represents the position of a block group

in the sorted list.

Choice Classi�cation The Choice Tablewas created by calculating the total number of

unique grocery stores visited by residents in each BG. Using SafeGraph IDs, unique store

visits were identi�ed and sorted in descending order. Similar to Access, the sorted list was

divided into three equal groups to create the Choice levels:

ˆ The �rst third of block groups (highest number of stores) were classi�ed asHigh

Choice (H) .

ˆ The middle third were classi�ed asModerate Choice (M) .

ˆ The last third (lowest number of stores) were classi�ed asLow Choice (L) .

The Choice classi�cation is represented mathematically as:

ChoiceBG =

8
>>>>>>>><

>>>>>>>>:

H if BG 2 [1; n
3 ];

M if BG 2 ( n
3 ; 2n

3 ];

L if BG 2 ( 2n
3 ; n];

whereBG represents the position of a block group in the sorted list based on its total number

of unique stores.

Combined Access-Choice Classi�cation After �nalizing the Access and Choice classi-

�cations, these two dimensions were merged using Block Group IDs to create a combined

Access-Choice classi�cation. Each BG was assigned to one of nine possible categories:
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ˆ HH : High Access, High Choice;HM : High Access, Moderate Choice;HL : High Access,

Low Choice

ˆ MH : Moderate Access, High Choice;MM : Moderate Access, Moderate Choice;ML :

Moderate Access, Low Choice

ˆ LH : Low Access, High Choice;LM : Low Access, Moderate Choice;LL : Low Access,

Low Choice

The combined classi�cation is represented mathematically as:

ClassBG =

8
>>>>>>>>>>>>>>>>>>>>>>>>>>>>>>>>>>>>><

>>>>>>>>>>>>>>>>>>>>>>>>>>>>>>>>>>>>>:

HH if AccessBG = H and ChoiceBG = H;

HM if AccessBG = H and ChoiceBG = M;

HL if AccessBG = H and ChoiceBG = L;

MH if AccessBG = M and ChoiceBG = H;

MM if AccessBG = M and ChoiceBG = M;

ML if AccessBG = M and ChoiceBG = L;

LH if AccessBG = L and ChoiceBG = H;

LM if AccessBG = L and ChoiceBG = M;

LL if AccessBG = L and ChoiceBG = L:

The classi�cation process was automated using Python. The script systematically sorted

the BGs for both Access and Choice dimensions, applied the thresholds to assign levels,
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and combined the results into the �nal Access-Choice classi�cations. This process ensured

accuracy, consistency, and e�ciency in categorizing all 220 block groups.

This re�ned classi�cation methodology accounts for both physical proximity and grocery

store variety, providing a nuanced perspective on food accessibility. By identifying regions

with varying levels of Access and Choice, this framework can highlight disparities and inform

targeted interventions to address food insecurity.

2.3.2 Research Objective 2

Evaluate di�erences in accessibility patterns derived using mobility data with patterns of food

access as determined by the USDA Food Desert Research Atlas.

This objective focuses on comparing accessibility patterns derived from mobility data with

food access patterns identi�ed by the USDA Food Desert Research Atlas. The goal is

to understand how mobility-based insights can challenge the USDA's traditional methods

of de�ning food deserts, which rely on census tract-level classi�cations and �xed distance

thresholds. This analysis was conducted through both visual and quantitative comparisons

to explore discrepancies and alignments.

In this section, we used the Access Table created in the previous section, but with a simpli�ed

classi�cation to compare our results with the USDA methodology. Block groups (BGs) in

Atlanta were categorized as either High Access (H) or Low Access (L) based solely on their

median distance to grocery stores. The classi�cation logic is straightforward: if the median

distance of a BG was less than the overall median distance calculated across all BGs, the

BG was classi�ed as High Access (H). Conversely, if the median distance was greater than or
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equal to the overall median, the BG was classi�ed as Low Access (L).This binary classi�cation

mirrors the USDA's approach to de�ning food access, which relies on �xed thresholds, and

ensures a comparable framework for evaluating access disparities.

Figure 2.4 Flowchart of the Process for Objective 2
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This table was joined to a block group shape�le in ArcGIS Pro, enabling visualization of

accessibility patterns across the city. Simultaneously, USDA food desert data for 2019 was

downloaded and processed to create two maps: one based on a 1-mile distance threshold

(LATracts1) and another based on a 1/2-mile threshold (LATracts-half). These maps repre-

sent USDA-de�ned food deserts at the census tract level, symbolizing tracts as either "Food

Desert" or "Not Food Desert." In the �rst stage of analysis, the three maps were visually

compared: the Access Table map (H/L classi�cations), the USDA 1-mile map, and the USDA

1/2-mile map. The visual comparison highlighted regions of agreement and divergence.

The second stage involved a quantitative comparison to evaluate how well the USDA tract-

level classi�cations align with block group-level accessibility patterns derived from mobility

data. This was done by connecting USDA-de�ned census tracts to block groups in the

Access Table using a spatial join in ArcGIS Pro. The alignment was quanti�ed through a

"matching percentage," which measures the proportion of block groups within each tract

that are classi�ed as Low Access in the mobility data.

The matching percentage (M ) was calculated as follows:

Case 1: t is a food desert ( FT (t) = 1 )

The percentage of block groups withint that have low food access:

M t =

P
b2 B t

FB (b)

jB t j
� 100
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Case 2: t is not a food desert ( FT (t) = 0 )

The percentage of block groups withint that have high food access:

M t =
jB t j �

P
b2 B t

FB (b)

jB t j
� 100

Where:

ˆ Number of block groups classi�ed as Low Access (L):
P

b2 B t
FB (b), the count of block

groups within a census tractt that are classi�ed as Low Access based on the Access

Table derived from mobility data.

ˆ Total number of block groups in the tract: jB t j, the total count of block groups that

fall within the boundaries of a given census tractt.

For instance:

ˆ If all block groups within a USDA-designated food desert (FT (t) = 1) are classi�ed as

Low Access (FB (b) = 1), the match ( M t ) is 100%:

M t =

P
b2 B t

FB (b)

jB t j
� 100 = 100%:

ˆ If only half of the block groups are classi�ed as Low Access, the match (M t ) is 50%:

M t =

P
b2 B t

FB (b)

jB t j
� 100 = 50%:

ˆ If no block groups are classi�ed as Low Access, the match (M t ) is 0%:

M t =

P
b2 B t

FB (b)

jB t j
� 100 = 0%:
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This methodology provided a clear and systematic way to compare mobility-based food

accessibility data with USDA-de�ned food deserts. By using block group-level data, the

approach o�ered a more detailed understanding of food access within census tracts, captur-

ing variations that the USDA's binary classi�cation might miss. The percentage-matching

method made it easier to assess how well the two datasets aligned, ensuring the comparison

was both valid and meaningful. This process demonstrated the value of incorporating mobil-

ity data to better re
ect real-world food accessibility and provided a framework for re�ning

future food access studies.

2.3.3 Research Objective 3

Considering a rede�ned conceptualization of food access, what socio-economic and demo-

graphic attributes are indicative of populations experiencing varying degrees of food accessi-

bility?

This section examines the demographic and socioeconomic characteristics of block groups

across all nine Access-Choice classi�cations developed in Research Objective 1. By analyzing

the extreme categories of HH (High Access, High Choice) and LL (Low Access, Low Choice),

clear patterns were identi�ed, while the middle classi�cations, such as Moderate Access and

Moderate Choice (MM), Moderate Access and High Choice (MH), and Low Access and

Moderate Choice (LM), were examined to capture mixed and transitional patterns.

For demographic analysis, the study considered the population percentages for four racial

groups: Asian, Hispanic, Black, and White. These percentages re
ect the proportion of each

racial group within the total population of each block group, o�ering detailed insights into



28

racial and ethnic disparities across di�erent Access-Choice categories. On the socioeconomic

side, the analysis focused on two critical indicators: median household income and unem-

ployment rate. These variables were chosen to re
ect the economic realities of communities

and their potential impact on food accessibility.

To ensure consistency with the mobility data, 2019 census data was used, aligning with the

timeframe of the SafeGraph dataset. The census data was joined with the Access-Choice

Class table to link demographic and socioeconomic attributes to the nine classi�cations. The

analysis involved aggregating demographic and socioeconomic data for each Access-Choice

category, followed by a comparative evaluation of trends across the categories.

Using ArcGIS Pro, maps were created to visualize the demographic and socioeconomic char-

acteristics for each classi�cation. The base layer highlighted all nine Access-Choice categories

in distinct colors, while graduated symbols overlaid on the maps represented demographic

(e.g., racial composition) and socioeconomic factors (e.g., income and unemployment). This

dual-layered mapping approach allowed for an intuitive analysis of how food accessibility

intersects with race and economic conditions across Atlanta.

2.4 Data Sources

Primary Data Source: Safegraph Mobility Dataset

The primary dataset for this analysis is the SafeGraph Mobility dataset (SafeGraph Inc.,

2019), a comprehensive geospatial resource that captures detailed movement patterns of

individuals to various Points of Interest (POIs). Collected in 2019, this dataset provides
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granular insights into food store locations, visitor volumes, and the distances traveled from

speci�c census block groups to these destinations. This data serves as the foundation for

understanding travel behaviors and consumer preferences related to food store accessibility,

o�ering a strong basis for the study's analysis (SafeGraph Mobility Patterns Data, 2019).

Categorization through NAICS Codes

Food stores in this study were categorized using the North American Industry Classi�cation

System (NAICS), speci�cally focusing on the Food and Beverage Retailers subsector (NAICS

Code 445) as de�ned by the NAICS Association (2022). This classi�cation provides a struc-

tured framework for analyzing food access by identifying grocery stores and supermarkets

under NAICS Code 445, while excluding categories such as Convenience Retailers (445131),

Vending Machine Operators (445132), and Beer, Wine, and Liquor Retailers (4453, 445320).

Table 2.1 NAICS Codes for Food and Beverage Retailers with Inclusion Status
NAICS Code Description Included in Study

445110 Supermarkets and Other Grocery
Stores

Included

445120 Specialty Food Stores Included
445131 Convenience Retailers Not Included
445132 Vending Machine Operators Not Included
445210 Meat Markets Included
445220 Fish and Seafood Markets Included
445230 Fruit and Vegetable Markets Included
445291 Baked Goods Stores Included
445292 Confectionery and Nut Stores Included
445299 All Other Specialty Food Stores Included
4453 Beer, Wine, and Liquor Retailers Not Included

445320 Beer, Wine, and Liquor Retailers Not Included
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Demographic Integration

To provide a deeper understanding of the communities under study, demographic and so-

cioeconomic data were integrated into the analysis. This data, sourced from the U.S. Census

Bureau via Social Explorer, included key indicators such as racial and ethnic composition,

median household income, and unemployment rates for each block group. These variables

o�er insights into the economic conditions, diversity, and employment patterns within the

census block groups, enriching the contextual framework of the mobility and preference data.

Geospatial Boundaries

We used TIGER/Line Shape�les from the U.S. Census Bureau, this dataset provides the

geographical boundaries essential for the spatial analysis.
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CHAPTER 3

Results and Discussion

3.1 Introduction to Findings

This section provides an analysis of the study �ndings, organized around each research

objective to clearly present results, discuss their implications, and connect them to broader

socio-economic contexts. After re�ning the dataset for the study area, the �nal dataset

includes detailed information on grocery store access and consumer behavior within Atlanta's

census block groups. It contains a list of block group IDs (BGs), the grocery stores visited

by residents in each BG, the names and locations of these stores, and the distances traveled

to reach them. The study dataset consisted of 20,713 records, covering 220 unique block

groups and 381 grocery stores. To focus on unique consumer behavior, duplicate BG-store

pairings over the 12-month period were consolidated. This process reduced the dataset to

8,843 records while maintaining the same 220 BGs and 381 stores, providing a streamlined

foundation for the analysis.

3.2 Research Objective 1

Classify block groups based on retail food outlet accessibility by integrating the number of

available choices and distance.

To understand the trends in consumer behavior within Atlanta, the analysis focused on three

core aspects: 1. How far people go to buy groceries 2. How many grocery store choices people

make or they have to buy groceries 3. Using the Access and Choice Criteria, classifying our
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representative block groups into High end : Low End categories.

How far people go to buy groceries

For the 220 block groups analyzed, each group was associated with several grocery store

locations. To quantify how far individuals traveled to procure groceries, the median dis-

tance of grocery store visits was calculated for each block group. This resulted in a dataset

comprising the median travel distance for all 220 block groups. From this dataset, two key

metrics were derived:

ˆ The average of median distances: 5.18 miles.

ˆ The median of the median distances: 4.94 miles.

The median of the medians (4.94 miles) was selected as the standard benchmark for assessing

grocery access distances.

Distribution of Access

The histogram of median distances illustrates the variation in grocery access across block

groups in Atlanta. While a substantial portion of block groups have median distances be-

tween 3.31 and 5.80 miles, indicating relatively good access to grocery stores, a signi�cant

number of block groups also exhibit median distances greater than 5.80 miles. This suggests

that while many residents have convenient access to groceries, there are notable areas where

access is more limited. The distribution re
ects a peak around the 4.55-mile range, indicat-

ing this is the most common travel distance for grocery shopping. However, the tail of the

distribution reveals that some block groups require residents to travel over 7 miles to access

grocery stores, highlighting disparities in access across the city.
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Figure 3.1 Histogram for the distribution of Access

The average travel distance (5.18 miles) and the median distance (4.94 miles) are close,

suggesting a fairly balanced distribution with a slight left skew. These �ndings provide a

critical benchmark for de�ning access in Atlanta and help set the stage for the classi�cation

of block groups based on their access and choice levels.

To visualize the geographic distribution of grocery access across Atlanta, a map was created

using natural breaks classi�cation in ArcGIS. The dataset was divided into �ve distinct

classes based on the median distances people travel to grocery stores. These classes provide

a clear spatial representation of access levels across the city.

The map employs a sequential color scheme, where lighter hues represent areas with bet-

ter grocery store accessibility (shorter travel distances) and darker hues denote areas with

low accessibility (longer travel distances). The gradient begins with light blue, encompassing

areas with the shortest travel distances (2.06{3.87 miles), typically observed in a�uent neigh-
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Figure 3.2 Map of the Access to grocery stores in Block Group Level



35

borhoods such as Buckhead, Midtown, and select portions of East and North Atlanta. This

transitions to blue, signifying moderate travel distances (3.87-5.08 miles), commonly found

in certain areas of Midtown, East and North Atlanta. Subsequently, the color scheme shifts

to light purple (5.08-6.38 miles), indicative of moderate travel distances, which are more

concentrated in central west and central south Atlanta. Areas with longer travel distances

are represented by darker purple (6.38-8.42 miles), often concentrated in South Atlanta and

parts of Southwest Atlanta, signifying low access to grocery stores. Finally, the darkest

purple denotes areas with the longest travel distances to grocery stores (8.42{14.52 miles),

typically located in the southern and southwestern peripheries of Atlanta, highlighting the

most signi�cant challenges in accessing essential food resources.

Spatial analysis reveals a clear pattern of disparities in grocery access across Atlanta. Areas

with better access, characterized by lighter shades, are concentrated in the northern and

northeastern parts of the city. Conversely, areas with poorer access, where residents face

signi�cantly longer travel distances to reach grocery stores, are predominantly located in the

southern and western regions, particularly along the outskirts and southwestern quadrant

of Atlanta. These spatial patterns highlight the need for targeted interventions and policy

strategies to improve food accessibility in underserved areas of the city.

How many grocery store choices people make or they have to buy groceries

To analyze the availability and choice of grocery stores, we examined the number of unique

grocery stores visited by residents of each block group over a one-year period. This was

determined using key pairs from the �nal study table. The analysis revealed that, on average,
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Figure 3.3 Map of the Grocery Store Choice Based on Travel Patterns

individuals visit 40 unique grocery stores annually, with the median value being 38. The

median value of 38 was taken as the benchmark for understanding grocery store choices.

To visualize the distribution of grocery store choices across Atlanta, a map was created using

natural breaks classi�cation in ArcGIS. The classi�cation categorizes block groups into �ve

classes based on the number of unique stores visited annually, as shown on the map. The

color scheme ranges from light blue (65{92 stores), representing block groups with the highest

grocery store choice availability, to dark purple (1{25 stores), indicating block groups with
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the least variety in grocery store options.

However, this distribution does not reveal signi�cant geographical trends, as the number of

choices does not necessarily indicate accessible options. Some block groups may lack su�cient

grocery stores within their proximity but show high choice numbers due to residents exploring

distant locations throughout the city. To address this discrepancy, we created a new dataset

that considers only grocery store choices within the access standard of Access (4.94 miles).

Using the new dataset constrained by the 4.94-mile access standard, the analysis showed

that, on average, residents visit 20 stores, with a median value of 19 stores annually. This

re�ned dataset re
ects more realistic options within reasonable access distances.

Figure 3.4 Histogram of the Unique Choice Distribution within Access Standard

The histogram created for this dataset reveals a more concentrated distribution of block

groups based on grocery store choices. The majority of block groups fall between 11 and 26

unique store visits, as highlighted by the histogram. The average (20) and median (19) values

further reinforce this concentration. Compared to the previous dataset, this distribution

provides a more grounded understanding of grocery store choices within accessible distances.
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A map was generated to visualize the geographic distribution of grocery store choices con-

strained within the 4.94-mile access standard. Compared to the initial map of total choices,

this re�ned map shows a clear alignment with the trends observed in the access map.

Figure 3.5 Map of the Grocery Store Choices Within the Access Standard

High-choice regions, represented in light blue, are generally concentrated in the northern and

eastern parts of the city. These areas have both greater proximity to grocery stores and a
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higher variety of options within the access standard of 4.94 miles. These regions bene�t from

a dense network of stores, which o�ers residents more choices within a manageable distance.

Low-choice regions, represented in dark purple, are predominantly located in the south-

ern and southwestern parts of the city. These areas exhibit limited grocery store options

within the access standard, re
ecting a combination of fewer stores and longer travel dis-

tances required for access. The re�ned map highlights how proximity to grocery stores

in
uences choice, reinforcing the disparities between northern/eastern Atlanta and south-

ern/southwestern Atlanta.

Using the Access and Choice : Classifying our representative block groups

Combining the Access and Choice Tables resulted in a nine-class in block groups that provides

a detailed understanding of food accessibility across Atlanta. This classi�cation considers

both how far residents must travel to grocery stores and the variety of stores they can access,

o�ering a comprehensive view of food environments. The nine categories range from High

Access, High Choice (HH) to Low Access, Low Choice (LL), capturing the diverse conditions

across the city

The distribution of these classes reveals important insights into Atlanta's food access land-

scape. The HH (High Access, High Choice) category, which includes 44 block groups, repre-

sents the most favorable conditions where residents have both convenient access to grocery

stores and a wide variety of options. Other high-access categories, like HM (High Access,

Moderate Choice) with 23 block groups and HL (High Access, Low Choice) with 7 block

groups, show that while proximity to grocery stores may be consistent, the variety of available
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Figure 3.6 Distribution of Classi�cation of Block Groups Based on Travel Patterns

options can vary signi�cantly.

The middle categories, re
ecting moderate access, are more evenly distributed. MH (Mod-

erate Access, High Choice) and MM (Moderate Access, Moderate Choice) classes include 21

and 31 block groups, respectively, showing that moderate proximity to stores can still o�er

a wide or balanced variety of choices. Meanwhile, ML (Moderate Access, Low Choice), also

with 21 block groups, indicates areas where physical access is reasonable, but the variety of

food options is limited.

The categories with low access highlight the most challenging conditions. LH (Low Access,

High Choice), comprising only 8 block groups, represents areas where residents have to travel
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further but still access a wide range of grocery stores. LM (Low Access, Moderate Choice),

with 20 block groups, re
ects neighborhoods with long distances and moderate diversity in

food options. The most disadvantaged category, LL (Low Access, Low Choice), includes 45

block groups. These areas, often synonymous with food deserts, combine poor proximity to

stores with limited variety, posing signi�cant barriers to food access for residents.

A map was created to visualize the spatial distribution of block groups classi�ed into nine

categories based on access and choice levels, o�ering a nuanced perspective on grocery access

dynamics across Atlanta. This classi�cation captures both physical proximity to grocery

stores and the diversity of choices available, providing critical insights into disparities in

food accessibility.

The map reveals distinct spatial patterns:

High Access, High Choice (HH): Predominantly located in the northern and northeast-

ern parts of Atlanta, these areas bene�t from a high density of grocery stores within short

travel distances. This pattern aligns with the well-developed infrastructure and higher-

income neighborhoods typically found in these regions. Downtown Atlanta also exhibits

some HH block groups, re
ecting the urban core's access to diverse retail options.

High Access, Moderate Choice (HM): These areas, scattered across the northern and

central regions, demonstrate good proximity to grocery stores but with a slightly reduced

variety of options. This pattern may be attributed to localized shopping habits or a concen-

tration of mid-sized grocery stores that serve speci�c communities.

High Access, Low Choice (HL): Found in smaller clusters in the eastern and northern
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Figure 3.7 Map of the Access Choice Classi�cation

periphery, these areas have close access to grocery stores but lack diversity in store types.

This could result from limited retail development or the dominance of a few large chains in

these neighborhoods.
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Moderate Access, High Choice (MH): Concentrated in the central and southeastern

parts of the city, these areas exhibit moderate travel distances but access to a wide variety

of grocery stores. This suggests that residents here are willing to travel slightly farther to

explore diverse shopping options, possibly due to cultural preferences or the availability of

specialty stores.

Moderate Access, Moderate Choice (MM): Widely distributed across the city, these

areas represent balanced access and choice conditions. Their presence across diverse neigh-

borhoods highlights the variability in urban food environments and the role of moderate-

density retail networks.

Moderate Access, Low Choice (ML): Found mostly in the southwestern parts of the

city, these areas re
ect moderate distances but limited store diversity. This could be due to

a reliance on a few local grocery stores that dominate the retail landscape.

Low Access, High Choice (LH): Scattered in peripheral areas, particularly in the western

parts of Atlanta, these block groups highlight residents who travel long distances to access

a variety of stores. This pattern may re
ect adaptive behaviors, where individuals seek

specialized or higher-quality food options despite the lack of nearby stores.

Low Access, Moderate Choice (LM): Concentrated in the southern and southwestern

regions, these areas face long travel distances coupled with limited diversity. This could

result from historical underinvestment in retail infrastructure and transportation in these

neighborhoods.

Low Access, Low Choice (LL): Predominantly located in the southern and southwestern
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parts of Atlanta, these areas face compounded disadvantages of poor proximity and limited

diversity in grocery stores. These block groups align closely with known food desert areas,

where systemic issues such as lower household incomes, higher unemployment rates, and

historical racial segregation continue to limit retail development.

Regional Patterns and Underlying Factors

The northern and northeastern areas of Atlanta, characterized by higher incomes and robust

retail networks, are better served, as evidenced by the dominance of HH and HM classi�ca-

tions. In contrast, the southern and southwestern regions, historically underserved due to

systemic inequities and racial segregation, show a prevalence of LL and LM classi�cations.

These patterns suggest a strong correlation between socio-economic factors and food accessi-

bility which will be discussed in details in next sections. Additionally, central Atlanta's mix

of categories re
ects the impact of gentri�cation, urban development, and varying levels of

retail investment.

This comprehensive classi�cation provides a deeper understanding of food access disparities,

highlighting regions that are well-served and those that require targeted interventions. For

instance, the LL and LM areas represent critical zones for policy action, such as introducing

new grocery stores, improving transportation options, and fostering community-driven retail

solutions. By identifying these patterns, the map serves as a valuable tool for addressing

food insecurity and promoting equitable access to food across Atlanta.
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3.3 Research Objective 2

Evaluate di�erences in accessibility patterns derived using mobility data compared to patterns

of food access identi�ed by the USDA Food Desert Research Atlas.

To evaluate di�erences in accessibility patterns derived using mobility data versus those

identi�ed by the USDA Food Desert Research Atlas, USDA data was downloaded and pro-

cessed. The USDA de�nes food deserts at the census tract level using a binary classi�cation,

where "1" indicates a food desert and "0" indicates a non-food desert. For this analysis, two

speci�c �elds were used: LATracts-half, which identi�es food deserts based on a 1/2-mile

distance threshold, and LATracts1, which identi�es food deserts based on a 1-mile distance

threshold. The data was �ltered to include only census tracts that intersect with Atlanta

city limits to focus on local patterns. Using this �ltered dataset, comparison maps were

created to visualize the distribution of USDA-de�ned food deserts under both the 1/2-mile

and 1-mile thresholds, providing a geographic representation of food access disparities across

the city.

The map using the 1-mile distance threshold shows that food deserts are mostly located

in the southern and western parts of Atlanta, where access to grocery stores is limited.

In contrast, the northern and northeastern areas are largely classi�ed as non-food deserts,

re
ecting better access to grocery stores. Central Atlanta presents a mixed pattern, with

both food deserts and non-food deserts, suggesting uneven grocery store distribution and

infrastructure in this area. In comparison, the map using the 1/2-mile distance threshold

highlights a broader issue of food access. Under this stricter de�nition, many more tracts
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Figure 3.8 USDA 1 Mile Tracts Figure 3.9 USDA 1/2 Mile Tracts

are identi�ed as food deserts. The southern, southwestern, and parts of central Atlanta

are heavily classi�ed as food deserts, emphasizing the limited availability of grocery stores

within this smaller radius. Interestingly, even in the northern parts of the city, where access

is generally better, some tracts still appear as food deserts under the 1/2-mile threshold,

indicating isolated areas where access remains a challenge.

Visual Comparison

A map was created based on the access data derived from travel patterns. Block groups were

classi�ed as High Access or Low Access using the median distance as a benchmark. If the

median distance of a block group was less than the overall median (4.94 miles), the block

group was classi�ed as High Access; otherwise, it was classi�ed as Low Access. The resulting
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map uses the same color scheme as the USDA maps for visual comparison. All of these maps

have areas with missing data, as indicated by the gray areas. However, the missing data is

consistent across the maps, ensuring that the comparison remains valid. Additionally, the

maps collectively cover all major sections of the city, providing a representative view of food

accessibility trends across Atlanta.

Figure 3.10 USDA Tract level desert vs. Our BG level Access Map

Both the USDA 1-mile threshold map and the Access Table map show signi�cant overlap in

identifying the southern and southwestern areas of Atlanta as low-access regions (red). These
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areas consistently appear underserved in terms of proximity to grocery stores, regardless of

whether USDA metrics or mobility data are used. Similarly, the northern and northeastern

parts of the city are classi�ed as high-access zones (green) on both maps, re
ecting better

proximity to grocery stores and a denser retail network. Despite these overlaps, there are

notable di�erences between the maps. The USDA 1/2-mile map applies a stricter de�nition

of accessibility, identifying a larger portion of Atlanta as low-access. This includes areas in

the central city and even some parts of the northern region that are considered high-access in

the Access Table map. The stricter 1/2-mile threshold used by the USDA does not account

for residents' willingness to travel farther distances for groceries, which could explain the

broader classi�cation of food deserts. In contrast, the Access Table map re
ects actual

mobility patterns, highlighting how far people are willing to travel to access grocery stores.

As a result, some areas in the central and eastern parts of the city, classi�ed as low-access by

the USDA, appear as high-access on the Access Table map. This indicates that residents in

these areas travel beyond the USDA's 1/2-mile or 1-mile thresholds to reach grocery stores,

suggesting higher mobility and fewer perceived barriers to access.

Census Tract vs. Block group level Comparison

To better understand the consistency between USDA food desert classi�cations and actual

travel patterns, we connected USDA census tract data (105 tracts) with block group data

from our Access table (220 block groups). By creating a �eld for census tract IDs in the

Access table and performing a one-to-many join, we linked census tracts to their correspond-

ing block groups. This combined dataset allowed us to examine how USDA-designated food
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deserts align with access conditions at a more detailed block group level. This approach

provides a deeper perspective on whether a census tract classi�ed as a food desert by the

USDA consistently represents low access for all the block groups it contains. For instance,

if a census tract is labeled as a food desert and all its block groups also have low access, it

would be a 100 percent match. Conversely, if only some block groups within the tract have

low access, the match percentage decreases, revealing inconsistencies in the classi�cation.

Results: USDA 1-Mile Food Desert Classi�cation

Match Percentage Count Explanation

0% 17 Seventeen tracts identi�ed as completely mismatched.

25% 1 One tract where 25% of its block groups has mismatch

33.33% 1 One tract where one-third of its block groups has mis-
match

50% 9 Nine tracts where half of their block groups have mis-
match.

66.67% 4 Four tracts where two-thirds of their block groups have
mismatch.

75% 2 Two tracts where 75% of their block groups have mis-
match low.

100% 44 Tracts that perfectly match, with all block groups
matches.

Incomplete Data 27 Tracts with missing block group data, preventing com-
plete analysis.

Table 3.1 Match Percentage of Census Tracts vs. Block Groups (1 mile)

Results: USDA 1/2-Mile Food Desert Classi�cation

The results reveal signi�cant inconsistencies between USDA classi�cations and actual travel

patterns observed at the block group level. For the 1-mile threshold, only 44 census tracts
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Match Percentage Count Explanation

0% 29 Twenty Nine tracts identi�ed as completely mis-
matched.

33.33% 2 Two tracts where one-third of its block groups have mis-
match.

50% 9 Nine tracts where half of their block groups have mis-
match.

66.67% 3 Three tracts where two-thirds of their block groups have
mismatch.

75% 3 Three tracts where 75% of their block groups have mis-
match.

100% 32 Thirty Two tracts that perfectly match.

Incomplete Data 27 Tracts with missing block group data, preventing com-
plete analysis.

Table 3.2 Match Percentage of Census Tracts vs. Block Groups (1/2 mile)

(42%) showed a perfect match, while 17 tracts (16%) had complete mismatch, directly con-

tradicting the USDA classi�cation. For the stricter 1/2-mile threshold, only 32 tracts (30

per) were a perfect match, while 29 tracts (28%) showed no alignment with block group-level

access conditions. Also, For the 1-mile threshold, 9 census tracts (8%) had a 50% match,

while others had alignment rates of 25%, 33.33%, 66.67%, or 75%. Similarly, for the stricter

1/2-mile threshold, partial matches were observed in several tracts, with 9 tracts (9%) show-

ing a 50% alignment and others distributed across 33.33%, 66.67%, and 75% alignment levels.

These partial matches suggest a mix of conditions within the census tracts, re
ecting that

food access can vary signi�cantly even within small geographic units.

Importantly, these mismatches occurred in both directions. Some census tracts identi�ed as
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food deserts by the USDA had either full or a majority of their block groups classi�ed as high

access, directly undermining their food desert designation. Conversely, some census tracts

labeled as non-food deserts contained block groups where all or most residents experienced

low access, demonstrating that signi�cant food access challenges were overlooked by the

USDA classi�cation.

This analysis highlights a major 
aw in the USDA's methodology: by classifying entire cen-

sus tracts as food deserts or non-food deserts, the USDA oversimpli�es access conditions and

fails to capture the full diversity of experiences within those tracts. For example, a census

tract classi�ed as a food desert may still include block groups with high access, while a

tract labeled as non-food desert may include populations facing signi�cant challenges. This

overgeneralization risks both overestimating and underestimating food access conditions for

the people living in these areas. Another critical issue is that the USDA methodology relies

solely on proximity to grocery stores, assuming that closer distance equals better access.

However, access only matters if people actually shop at those stores. Our analysis, which

incorporates real travel patterns, shows that people often travel beyond the USDA-de�ned

thresholds to access grocery stores. This suggests that mobility and actual consumer behav-

ior are far more nuanced than the USDA's rigid distance-based approach can account for. By

identifying entire census tracts as food deserts or not food deserts, the USDA risks masking

critical intra-tract disparities. These �ndings challenge the validity of USDA's binary classi-

�cations and highlight the potential for misidenti�cation of food deserts. Misclassi�cations

can lead to poorly targeted policies, where resources may be allocated to areas that don't
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need them or withheld from areas that do. To address these issues, food desert classi�cations

must move beyond static, tract-level designations and incorporate �ner-grained, behavior-

driven data that better re
ects the realities of food access. This would ensure more accurate

identi�cation of underserved areas and lead to more e�ective interventions.

3.4 Research Objective 3

Considering a rede�ned conceptualization of food access, what socio-economic and demo-

graphic attributes are indicative of populations experiencing varying degrees of food accessi-

bility?

To address the question, we utilized the classi�cations developed in Research Statement 1.

The nine categories were analyzed to understand the patterns of demographic and socio-

economic characteristics across varying levels of food accessibility. By examining all nine

categories, this analysis provides a more comprehensive view of how socio-economic factors,

such as income, race, education, and employment, intersect with food access and choice

dynamics. Each classi�cation re
ects a unique combination of physical proximity and store

variety, allowing for a exploration of disparities. For example, HH categories reveal areas with

abundant access and choice, often correlated with higher incomes and better infrastructure,

while LL categories highlight compounded disadvantages in underserved communities. The

intermediate categories (HM, MH, MM, etc.) provide additional insights into neighborhoods

with mixed conditions, where residents may experience either adequate access but limited

choice or vice versa.
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Race

First, we examined the relationship between the classi�ed block group with the distribution

of the race (Asian, Hispanic, White and Black) populations within Atlanta. By overlaying

demographic data with access classi�cations, we aim to identify patterns that reveal which

communities are underserved and which bene�t from abundant food resources.

Figure 3.11 Access Choice Class vs. Asian
population rate

Figure 3.12 Access Choice Class vs. His-
panic population rate

The map comparing the Asian population rate with the nine Access Choice classes highlights

a correlation between higher Asian population rates and High Access categories, particularly

HH (High Access, High Choice). These block groups are primarily concentrated in the

northern and northeastern parts of Atlanta, where well-developed infrastructure and access
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to diverse grocery options align with better-served areas. Moderate Access categories, such

as MH and MM, also show some representation of Asian populations, but the density is

noticeably lower compared to HH areas.

In contrast, Low Access categories (LH, LM, LL) have minimal representation of Asian

populations. These areas, located predominantly in the southern and southwestern parts of

Atlanta, re
ect the historical and structural factors that limit food access in these regions.

The distribution of Asian populations aligns with areas of greater economic opportunity

and urban development, reinforcing the connection between food access and socio-economic

infrastructure.

The map analyzing the Hispanic population rate against the nine Access Choice classes

demonstrates a more diverse and complex pattern. While some Hispanic communities are

found in HH and HM areas, particularly in the northeastern and eastern parts of the city,

a proportion of Hispanic populations resides in Low Access categories, especially LL (Low

Access, Low Choice). These areas are concentrated in the southern and southwestern re-

gions of Atlanta, mirroring broader socio-economic challenges that impact access to grocery

stores and food variety. Interestingly, Moderate Access categories such as MM and ML show

substantial representation of Hispanic populations. This suggests that while proximity to

grocery stores may be limited, these communities might have access to moderate food op-

tions. The varied distribution indicates internal disparities within the Hispanic population,

where geographic location in
uences food accessibility and choice.

The maps comparing the nine Access-Choice classi�cations with Black and White population
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rates in Atlanta reveal pronounced racial disparities in food accessibility, a re
ection of the

city's history of segregation and unequal resource distribution. These maps underscore the

persistence of structural inequities, illustrating how race and geography intersect to de�ne

access to essential resources.

Figure 3.13 Access Choice Class vs.
White population rate

Figure 3.14 Access Choice Class vs. Black
population rate

The map of Black population rates shows a stark concentration of Black residents in Low

Access, Low Choice (LL) and Low Access, Moderate Choice (LM) areas, predominantly lo-

cated in the southern and southwestern parts of Atlanta. In many of these neighborhoods,

Black residents make up 90%to 100% of the population. These areas face signi�cant chal-

lenges, characterized by limited proximity to grocery stores and a lack of variety in available
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food options. This spatial pattern is deeply rooted in systemic racism, including redlining

and disinvestment in Black neighborhoods. Policies such as those documented in The Color

of Law (Rothstein, 2017) historically marginalized Black communities by denying access to

�nancial investment and urban infrastructure, leaving a legacy of inequity that is still visible

today.

In central Atlanta, areas classi�ed as Low Access (LH, LM, LL) exhibit a higher concentra-

tion of Black residents compared to White residents. This trend contrasts with expectations

for urban centers, where proximity to resources might be presumed. These �ndings high-

light how structural inequities have impacted even centrally located neighborhoods, further

emphasizing the need for targeted interventions to address the challenges faced by these

communities.

Conversely, the White population rate map highlights a strong presence of White residents in

High Access, High Choice (HH) and Moderate Access, High Choice (MH) areas, concentrated

in the northern and northeastern parts of Atlanta. These neighborhoods exhibit better

food accessibility, bene�ting from a high density of grocery stores and diverse food options.

White residents in these areas make up 77% to 100% of the population, re
ecting a historical

legacy of privilege and urban planning that prioritized investment in predominantly White

neighborhoods. Even as Atlanta becomes more diverse, these spatial patterns reveal enduring

inequities in resource distribution and access.

The maps make it clear that targeted e�orts are needed to improve food accessibility in LL

areas, particularly in the southern and southwestern parts of the city, where Black com-
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munities face systemic disadvantages. Addressing these disparities requires more than just

building grocery stores|it means confronting the structural inequities that have perpetuated

them. Policies focused on equitable urban development, increased community investment,

and inclusive planning are essential. Only by addressing the historical injustices that created

these inequities can Atlanta move toward a more equitable future where all residents have

access to healthy and a�ordable food.

The demographic summary of the nine Access-Choice classes highlights clear racial and

ethnic trends that reveal the intersection of food accessibility and population distribution in

Atlanta.

Table 3.3 Demographics Summary of the nine Access-Choice classes
Class Total Pop Total (%) White White (%) Black Black (%) Asian Asian (%) Hispanic Hispanic (%)

HH 70,118 23.88 52,108 74.31 9,783 13.95 2,483 3.54 3,251 4.64

HM 23,584 8.03 17,711 75.10 3,438 14.58 841 3.57 851 3.61

HL 5,958 2.03 2,381 39.96 2,557 42.92 661 11.09 240 4.03

MH 42,875 14.60 13,197 30.78 23,804 55.52 2,741 6.39 1,769 4.13

MM 33,038 11.25 5,135 15.54 25,787 78.05 292 0.88 1,157 3.50

ML 18,005 6.13 1,301 7.23 15,438 85.74 217 1.21 787 4.37

LH 11,021 3.75 2,259 20.50 7,935 72.00 268 2.43 332 3.01

LM 28,806 9.81 2,121 7.36 24,363 84.58 368 1.28 1,665 5.78

LL 60,236 20.51 4,415 7.33 53,634 89.04 188 0.31 1,189 1.97

As food access and choice decline (moving from HH to LL areas), the proportion of Black

residents steadily increases, while the percentage of White residents decreases. In HH areas,

which o�er the highest levels of food access and choice, White residents dominate, account-

ing for 74.31% of the population, with Black residents representing only 13.95%. Conversely,

in LL areas, where food accessibility and variety are at their lowest, Black residents con-

stitute a striking 89.04%, while White residents make up only 7.33%. This stark contrast
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re
ects systemic inequities and historical patterns of segregation, where predominantly Black

neighborhoods have been underserved.

Asian population shows a concentration in areas with higher access and choice, such as HH

(3.54%) and HM (3.57%), re
ecting a preference for or proximity to well-resourced neigh-

borhoods. Their representation diminishes in lower-access areas like LL (0.31%), suggesting

lower prevalence in underserved regions. Hispanic residents are distributed more evenly

across the nine classes but show slightly higher proportions in areas with moderate to low

access and choice, such as LM (5.78%) and MM (3.50%). This distribution indicates that

while Hispanic populations experience some accessibility challenges, they are not as geo-

graphically concentrated in underserved areas as Black populations.

These trends con�rms the racial and ethnic disparities in food accessibility across Atlanta.

The strong presence of Black residents in LL areas underscores the compounded disadvan-

tages they face, with limited access to grocery stores and fewer food options, aligning with

historical patterns of segregation and disinvestment. In contrast, White residents are pre-

dominantly located in areas with better access and choice, such as HH and HM, re
ecting

systemic advantages in urban development and infrastructure investment.

Income and Employement

The maps shows clear depiction of the socioeconomic divide in Atlanta and its in
uence

on food accessibility. Areas classi�ed as High Access, High Choice (HH) and Moderate

Access, High Choice (MH), primarily located in the northern and northeastern parts of

the city, exhibit the highest median household incomes, with many neighborhoods exceeding
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Figure 3.15 Access Choice Class vs. Me-
dian Household Income

Figure 3.16 Access Choice Class vs. Un-
employment Rate

$121,250 and some reaching the top income bracket of$190,140 to$250,001. These areas also

have the lowest unemployment rates, typically below 7%, re
ecting their economic stability.

Residents in these neighborhoods bene�t from better food accessibility and a wider variety of

grocery options, highlighting how a�uence directly correlates with improved food resources.

In contrast, Low Access, Low Choice (LL) and Low Access, Moderate Choice (LM) areas,

concentrated in the southern and southwestern regions of Atlanta, face signi�cant economic

hardships. Median household incomes in these areas often fall below$37,337, with some

neighborhoods as low as$9,301. These areas also experience alarmingly high unemployment

rates, frequently exceeding 27% and reaching up to 45% in some locations. The combination
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of low income and high unemployment severely limits residents' ability to access diverse and

nearby food options, exacerbating food insecurity in these underserved neighborhoods.

Central Atlanta presents a varied picture, with block groups classi�ed as Moderate Access,

Moderate Choice (MM) and Low Access, Moderate Choice (LM) showing a wide range of

economic conditions. Some neighborhoods exhibit rising incomes and decreasing unemploy-

ment rates, re
ecting the impacts of gentri�cation and urban renewal. However, other areas

within the same classi�cation remain economically disadvantaged, with persistent unemploy-

ment and low incomes. Median household incomes in these transitional areas range from

$37,338 to$121,250, with unemployment rates varying across neighborhoods.

Overall, the maps are consistent with the disparities shown in previous sections. Areas

with higher incomes and lower unemployment rates, such as HH and MH classi�cations, are

better served in terms of grocery access and variety. Conversely, areas with low incomes and

high unemployment rates, such as LL and LM classi�cations, face compounded challenges

of economic instability and food insecurity.
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CHAPTER 4

Conclusion

4.1 Overview of Conclusion

This study aimed to analyze grocery shopping patterns and food accessibility in Atlanta,

using mobility data to challenge and re�ne existing methodologies like those employed by the

USDA Food Desert Research Atlas. By examining accessibility (proximity to stores), choice

(variety of stores), and socio-economic and demographic attributes, this research provides a

more detailed understanding of food access disparities across the city. It highlights critical

inequities and suggests actionable steps to address food insecurity.

4.2 Key Findings and Contributions

Through the integration of access and choice metrics, this study introduced a new classi�ca-

tion system that divides block groups into nine distinct categories: High Access, High Choice

(HH); High Access, Moderate Choice (HM); High Access, Low Choice (HL); Moderate Ac-

cess, High Choice (MH); Moderate Access, Moderate Choice (MM); Moderate Access, Low

Choice (ML); Low Access, High Choice (LH); Low Access, Moderate Choice (LM); and Low

Access, Low Choice (LL). This nuanced classi�cation provides a more comprehensive under-

standing of food accessibility and reveals distinct spatial patterns. HH areas, concentrated

in the northern and northeastern parts of Atlanta, exhibit both abundant access and variety.

Conversely, LL areas, predominantly located in the southern and southwestern parts of the

city, face compounded challenges of limited access and choice. Middle categories, such as
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LM and ML, often represent transitional areas where access and choice are moderately con-

strained but not as severe as LL areas. These �ndings underscore persistent spatial inequities

shaped by historical patterns of segregation and socio-economic disparities.

The comparison with USDA Food Desert classi�cations further highlighted the limitations

of the USDA's approach. By relying on binary classi�cations at the census tract level,

the USDA's method often oversimpli�es food accessibility and misidenti�es food deserts.

The results demonstrate that food accessibility can vary signi�cantly within census tracts.

For example, some USDA-classi�ed food deserts contain block groups with relatively good

access, while some non-food desert tracts include block groups facing signi�cant challenges.

Mobility data revealed that many residents travel beyond the USDA's �xed 1/2-mile and

1-mile thresholds to access grocery stores, highlighting the importance of considering actual

consumer behavior and spatial patterns rather than relying solely on proximity metrics.

The analysis of demographic and socio-economic factors revealed clear and consistent in-

equities. LL areas, characterized by the lowest levels of access and choice, are predominantly

populated by Black residents and exhibit some of the lowest median household incomes

and highest unemployment rates. These patterns re
ect systemic issues such as historical

redlining, disinvestment, and discriminatory urban planning practices that have dispropor-

tionately impacted Black communities. HH areas, in contrast, are predominantly White

and bene�t from higher household incomes and lower unemployment rates, illustrating the

advantages of historical privilege and concentrated investment. Middle categories, such as

ML and LM, often re
ect neighborhoods that experience moderate levels of food accessibil-
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ity. While these areas fare better than LL block groups, they still face notable challenges

in either access or choice, highlighting the need for nuanced policy responses that address

their speci�c conditions. Asian populations are largely concentrated in HH areas, enjoying

better access and variety, while Hispanic populations show a more mixed distribution, with

notable representation across HH, MM, and LL areas, depending on geographic location.

These �ndings underscore the complex and multi-dimensional nature of food accessibility.

Socio-economic indicators such as income and unemployment rates further illuminate the

divide. HH areas exhibit signi�cantly higher median household incomes and lower unem-

ployment rates, reinforcing their favorable food accessibility conditions. In contrast, LL

areas demonstrate signi�cantly lower incomes and higher unemployment rates, compound-

ing the challenges of poor access and limited choice. Moderate categories, such as MM and

MH, show mixed socio-economic trends, with some indicators re
ecting improving conditions

compared to LL areas but still falling short of the advantages seen in HH regions. These �nd-

ings emphasize the need for targeted interventions to address food accessibility disparities.

Policies must go beyond simply adding grocery stores to underserved areas; they should also

focus on addressing the structural inequities and socio-economic barriers that perpetuate

these disparities. By incorporating a more dynamic and granular understanding of access

and choice, policymakers can better allocate resources to create equitable food environments

for all communities in Atlanta.
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4.3 Implications and Future Applications

This study highlights signi�cant limitations in the USDA's current approach to identifying

food deserts, which relies on static distance thresholds and fails to capture real consumer

behavior. Mobility data provides a more dynamic and accurate alternative, re
ecting how

far people actually travel and the choices they make, o�ering a clearer picture of food acces-

sibility.

To address disparities in LL areas, especially in the southern and southwestern parts of

Atlanta, targeted interventions are needed:

ˆ Establishing new grocery stores or food hubs in underserved neighborhoods.

ˆ Expanding the variety of food options available to residents in these areas to improve

their choices.

ˆ Supporting community-driven solutions like farmers' markets or food cooperatives to

diversify local food options.

E�ective solutions begin with accurate identi�cation of food deserts. Incorporating mobility

data into the USDA's methodology would align food desert classi�cations with real-world

trends, ensuring that resources are allocated to the areas that need them most.

A nationwide interactive map that combines mobility data with access and choice metrics

could revolutionize how food access issues are addressed. Such a tool would empower poli-

cymakers, researchers, and communities to identify underserved areas and implement more
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targeted, impactful interventions. By embracing real consumer behavior and addressing his-

torical gaps in methodology, the USDA can move toward a more e�ective and equitable

strategy for tackling food insecurity across the country.

4.4 Limitations and Future Directions

While this study o�ers critical insights into food accessibility, it is not without limitations.

Some block groups were excluded due to incomplete data, which restricted the scope of the

analysis. However, these gaps were consistent with missing areas in the USDA Food Desert

maps, ensuring the validity of comparisons. Additionally, while Atlanta serves as a robust

case study, the �ndings may not fully capture the dynamics of food access in other cities or

rural areas. Expanding this methodology to di�erent regions could uncover broader trends

and re�ne the classi�cation system further.

Future research should focus on expanding the scope of food accessibility analysis by incorpo-

rating factors such as public transportation availability, the types of grocery stores residents

can access (e.g., large supermarkets versus smaller convenience stores), and the types of food

people choose. Including nutritional data will also help to better understand the quality of

food access, providing a deeper insight into not just whether people can reach food, but

whether they have access to healthy and diverse options. By integrating these additional

dimensions, the concept of food deserts can be examined in greater detail, allowing for a

more comprehensive understanding of food accessibility and its implications for community

well-being.
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4.5 Final Re
ections

This study challenges the USDA's traditional approach to identifying food deserts, which

oversimpli�es food access by relying solely on proximity and census tract-level data. The

�ndings reveal signi�cant inconsistencies in the USDA's methodology, which often misclas-

si�es areas and overlooks critical intra-tract disparities. Access is only meaningful if people

actually shop at available stores, and mobility data highlights that many residents travel

farther than the USDA thresholds to access groceries, calling into question the validity of

static classi�cations.

By integrating mobility data and incorporating choice alongside access, this study introduces

a more dynamic and equitable framework for understanding food accessibility. The access-

choice framework better captures the complexities of how people interact with their food

environment, identifying underserved populations and areas with precision.

Addressing food insecurity demands systemic changes. While building grocery stores in

underserved areas is a key step, the solution requires tackling the historical inequities and

structural barriers that have shaped patterns of food access. Through equitable planning,

increased community investment, and targeted policy interventions, policymakers can create

more inclusive solutions that ensure all residents|urban and rural alike|have access to

a�ordable, nutritious food. This study underscores the urgency of rethinking food desert

classi�cations to better align with the realities of consumer behavior and mobility, o�ering

a pathway to more e�ective food policies.
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