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from platforms such as Yelp and Google Maps and crowd-sourced answers to question-

naires by the Amazon Mechanical Turks to create a real-time, context-aware, and geo-
graphically refined food desert index. Finally, we used this refined index in a concept
application that suggests alternative routes with similar ETAs between a source

and destination in the Atlanta metropolitan area as an intervention to expose a traveler
to better food environments.

Results: We made 139,000 pull requests to Yelp, analyzing 15,000 unique food retail-
ers in the metro Atlanta area. In addition, we performed 248,000 walking and driv-

ing route analyses on these retailers using Google Maps'API. As a result, we discov-
ered that the metro Atlanta food environment creates a strong bias towards eating
out rather than preparing a meal at home when access to vehicles is limited. Contrary
to the food desert index that we started with, which changed values only at neighbor-
hood boundaries, the food desert index that we built on top of it captured the chang-
ing exposure of a subject as they walked or drove through the city. This model

was also sensitive to the changes in the environment that occurred after the census
data was collected.

Conclusions: Research on the environmental components of health disparities

is flourishing. New machine learning models have the potential to augment various
information sources and create fine-tuned models of the environment. This opens
the way to better understanding the environment and its effects on health and sug-
gesting better interventions.
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Introduction

Researchers have extensively studied environmental conditions such as availability or
affordability of healthy food options as critical contributing factors to developing eat-
ing habits and consequently affecting health [1-3]. Cardiovascular disease, diabetes, and
obesity have all been associated with such environmental conditions [4, 5].

These environmental conditions are both more prevalent in more socio-economically
disadvantaged neighborhoods and more severely shape the habits of residents of such
neighborhoods [6-8].

The term ‘food desert’ was first used in 1995 in this context and has since come to
describe areas with limited access to affordable, nutritious food [9].

The body of literature that studies food deserts and their effects on health and dietary
outcomes has been growing. These studies follow three general approaches to define
food desert indices for measuring the exposure to the food environment: (i) surveys, (i)
store audits, and (i) Geographic Information Systems (GIS) [10].

Surveys and store audits are expensive to conduct and can generally only be applied
at the scales and for the purposes of validation. For instance, in Hubley’s study [11], the
Nutrition Environment Measure Survey (NEMS) questionnaire was utilized as the pri-
mary tool to evaluate the food environment in Maine. However, due to the high cost of
using this tool, the study had to limit its scope to one rural county, Somerset.

Similarly, Gloria et al. [12] studied the availability of healthy foods in Texas stores
using the Texas Nutrition Environment Assessment of retail food Stores (TxNEA-S),
which is a store audit tool. They also had to limit their study to two neighborhoods (one
low-income and one high-income) in Austin, Texas, with only thirty-eight stores.

Given the rise in the use of GIS systems and the availability of data at national scales,
the third approach is on the rise. Although the third approach of GIS modeling of food
deserts has many advantages, we can identify three general shortcomings that we try to
address in this research. Firstly, food desert indices created in GIS systems are gener-
ally devised intuitively rather than empirically; the modeling choices are often not sup-
ported scientifically. One index may, for example, consider a neighborhood a food desert
if there is no supermarket within a half-mile of its borders, and the majority of its resi-
dents do not have access to personal vehicles. Another researcher may choose one mile
as an acceptable distance, discard the requirement of vehicle access, but include only
neighborhoods where most residents have low incomes [13-15].

Secondly, national GIS data on food environments comes from federal census sources
or government agencies that could be up to a decade old. This temporal resolution may
prove inaccurate in the face of a changing environment [16].

Thirdly, the geographical resolution of the data is usually very low, commonly at cen-
sus-tract, zip-code, or other ‘neighborhood’ levels. Hence the models built using these
data inevitably assume homogeneity across large geographic areas. Furthermore, regard-
less of geographical resolution, traditional food desert indices use a Euclidean model of
distances whereby ‘as the crow flies’ distances are taken to be the only indicator of com-
muting effort and cost. These two geographical modeling assumptions are overly sim-
plistic. For example, a highway may dissect a census tract, obstructing access from one
part to another and giving rise to very different dynamics at different parts of the tract.
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Given realities on the ground in terms of urban and natural obstructions on the one
hand and routes and tools that facilitate access on the other, close points on a map may
have very different dynamics. It may be faster or cheaper to travel to a supermarket that
seems farther from a bird’s-eye view.

While, for example, there are techniques for measuring the real-time and accurate
exposure of travelers to changing air pollution and other environmental factors as they
commute through different routes in a city [17], these simplifications limit similar stud-
ies when the exposure to the food environment is the subject of study.

To address the first problem, we use the notion of ‘food desert index utility score’ as
introduced by Salari et al. [18]. We use this score to analyze the 147 available food desert
indices provided by the United States Department of Agriculture’s Food Access Research
Atlas Database (USDA FARADB) [19] for our study region of Atlanta. We objectively
choose the index with the highest utility score for this geographical area.

To better cope with the changing environment, both temporally and geographically, we
build on top of the index with the highest utility score in the previous step and arrive at
a temporally more up-to-date and geographically accurate model. We assume the index’s
correctness and train a machine learning model that tries to mimic its behavior. We use
two sets of dynamic inputs to train the model, making the model more dynamic than the
label it is imitating. For the first set of features, we pull all of the retailer food informa-
tion live from Yelp. The retailers include restaurants, supermarkets, grocery stores, and
other providers in the area. Then instead of using Euclidean distances from the center or
the border of neighborhoods to these providers, we calculate actual walking and driving
distances and travel times by querying Google Maps for all retailers pulled from Yelp.
The first set of features is built using these data, and so it is very temporally up-to-date
and has a high geographic resolution. The second set of features comes from the same
census and marketing sources and is initially at a census-tract level. But instead of using
the raw data, we perform geographic interpolation of the data to arrive at a set of more
geographically smooth transitions. The resulting food desert index is more flexible than
the initial index.

To have our model better consider the type and quality of food retailers, we also com-
bine GIS methods of measuring food environment with survey methods by crowd-
sourcing a minimal survey on food providers through Amazon Mechanical Turks. We
generate a list of most frequent retailers pulled from Yelp, and create a modified ver-
sion of the Nutrition Environment Measures Survey (NEMS) questionnaire [20] that the
Mechanical Turks answer using online data. These health and quality attributes are aug-
mented to the retailer features built using Yelp and Google Maps.

This approach gives us the ability to measure people’s actual exposure as they travel
in the city. It has numerous applications, and we use the resulting food desert index in a
concept application that suggests alternative travel paths between sources and destina-
tions. Instead of only considering estimated arrival times (ETA), this application calcu-
lates total exposure to good and harmful food environments for each route too. Among
paths of similar ETA, it suggests the one that will expose the traveler to the best food
environment with the hope of changing their habits in the long run.
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Results

Cumulatively, we analyzed food retailers pulled from Yelp at 15,000 unique addresses in
the metro Atlanta area. A retailer could be reached from multiple representative points,
and so may appear numerous times in our data. This repetition resulted in 139,000
pull requests to Yelp. We analyzed the driving and walking routes between the retailer
and the representative point in each case, leading to a total of 248,000 route analyses
between pairs of sources and destinations using Google Map’s API.

Yelp users have associated several tags to each retailer. A total of 265 unique tags
appeared in our data; Fig. 1b shows the distribution of most frequent ones for better
understanding the general landscape of the retailers across the study region.

Figure 1a shows the distribution of the average duration of walking or driving trip to
restaurants and groceries from each representative point. Generally, it takes a much
shorter trip to eat out than to buy the necessary ingredients to cook a meal.

Figure 2 shows the average minimum walking and driving trip durations to groceries
and restaurants from centers of census tracts by median family income in the tract.

Analysis of the relative importance of features in determining a location’s food desert
score as weighed by the LightGBM algorithm reveals that our model’s third most
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Fig. 1 High-level view of the food environment. a Normalized distribution of average driving duration (left)
and walking duration (right) of trips to restaurants and grocery stores from geographic centers of 1014
census tracts in the study region, using the Google mapping APl sampled at random times of the day. To
purchase groceries to prepare a meal at home, travel time by foot is almost always between 50 and 150 min.
Since surveys indicate 20 min is the maximum travel time that most individuals will tolerate for this activity
(17), this makes it an unlikely event. This is in contrast to traveling to eat out, which is always an option

when driving, and could be a viable walking option at many tracts too. b Each business may be associated
with several tags by Yelp users. The figure shows the distribution of the most frequent tags in the data. Left.
Retailers including super-centers, supermarkets, grocery stores. Right. Restaurants and fast foods. Not among
the top tags was ‘Organic_store’that ranked 23rd among retailers and 187th among restaurants and fast food
stores. Also, 'Healthmarkets'that ranked fifth among retailers ranked 243rd among restaurants and fast foods
stores. ©Emory University, reproduced under the CC BY-SA license

Page 4 of 19



Salari et al. BioMedical Engineering OnLine

(2023) 22:69

Minimum Walking Travel Duration to Closest Providers Minimum Driving Travel Duration to Closest Providers

14 ® Grocery Stores
® Restaurants

Minimum Travel Duration (min)

& 4
5

$ $ $ o $ $ $ o »
& o N §§ S §§ o o §§ N

& & & T S

Median Family Income / $ Median Family Income / $

(@) (b)

Fig. 2 Minimum Walking and Driving Trip Durations to Restaurants and Grocery Stores, by Income Level. a
The chartillustrates the average minimum walking and driving durations to restaurants and grocery stores
from the center of tracts, categorized by income levels. Income was bucketed into 10K bins, and the analysis
took the average of the minimum travel times in tracts within the same income bucket. The analysis reveals a
statistically significant (p=0.03) negative correlation (r= -0.29) between income and the minimum walking
duration to grocery stores. In other words, the time taken to reach the nearest grocery store was significantly
longer for inhabitants of lower-income areas. In contrast, median income did not influence minimum walking
or driving duration to restaurants; neither was it significant in minimum driving duration to grocery stores.
Incidentally, among the four factors analyzed here, minimum walking duration to groceries for low-income
families is the most important factor for ensuring healthy food access for low-income families with limited
vehicle access

important feature from among more than a thousand features is the ‘Driving Health
Proximity Ratio’ feature. We engineered this feature using Yelp and Google Data. This
feature measures the ratio of healthy retailers to unhealthy options within driving dis-
tance to tract centers (Hgyiying in Eq. 4). Given its importance, it should have a visible
effect on the resulting food desert scores.

Figure 3a Shows an area in our study region. We have highlighted food deserts as
determined by our selected index (see Selecting Best Labels Sect." Selecting the best
tract-level index as the label"). This index uses data at the census tract level. So each tract
is either considered a food desert or not a food desert. The 2015 index has also neglected

a store that had opened the same year in the region, whereas our real-time index has not.

Conclusion

Research on the environmental components of health disparities is flourishing. New
technologies allow for continuous data collection about the environment and exposure
of subjects to negative aspects of the environment. Using these technologies opens the
way for better monitoring of habits and behaviors. In addition, it creates the possibil-
ity for prescribing individual or group-level interventions that target improving health
through modification of the environment or habits.

We used crowd-sourced information from Yelp and Amazon Mechanical Turk in
this work. We also used Google Maps to incorporate actual walking and driving dis-
tance computations. We started from a census-tract level map of the food environ-
ment with an update frequency of a decade, building upon it. We created a model
of the food environment that is up-to-date and spatially high-resolution. This model
allowed us to accurately measure the food exposure of a person as they commute
in the city. We used this model in a concept routing application that we developed.
The concept application suggests routes with similar ETAs between sources and

Page 5 of 19



Salari et al. BioMedical Engineering OnLine (2023) 22:69

= " o
LENOX PARK B H % %, Briarwood
2 % i Toog, Park
15 ! H|
7 oV
© Red Telephone Box H
The Berkshires ; s
at Lenox Park Bt §
» & AutoZone Auto Pa
T aao® Faiway O nE
T
<,
%, Cross Keys High School @
%, i, Medusa
:, Ly o )
%, & % o,
% & % %
. :
3 . Josephine Lounge @ @ & ity Farmers
$
&3 "'&7
Rt cuone *e REl
"o )
HippoHopp @
(@) O e o Floor & Decor @ ol S
§ g z Louisiana Kitchen! woobs
3 H H e
§ % e
S TheMarg at Brookhaven @ " . " A R
g n 3 9
& 3 © corporate Square 1 s MlasoniSorcl § oy e
Red Roof PLUS* oo, @ 2 Woadbins Tetace NE § 3
Atlanta - Buckhead %, (Y '\z,% < %
a % ), £ ,
2 2 a, 45 Pl A "
% B 9 i &
H Guitar Ceriter @ % & & Y, o
$ . 2 2 e o
& . DoubleTréeby Hilfon 2 L e o
& &  HotelAtlanta North @ " e 2 & Kodak'
S > o § 2 o™
g ; & g 3 -
Vetngy o 8 g
Executive Park F
Consulate of Apartments BRIARCLIFF oh
Jo® Guatemala in A HEIGHTS
Cafe Bombay @ Q Torget ;5
o JaniltaNe 5 o)
QuikTrip 3
Cliff Valley School @ Bea
Park @
LR ® y
Conmury P g
> vy Place Apartments @ K
KE = Svd Ve ;f y f
> ) et s 2
e Q  an g
e 2, A ————— Atama Mo @
o Cross Keys Higi& armers Market Norheasv/EmoryArea
: L@
s, Yool
& 2 B vevonaias
A, Josdphinetbunge @ ‘
5, \
e * ° it
HippoHopp @ s 1
ﬁ \ it
% ® \ *
Z v e Floor & Decor @ H Popeyks % <X
2 & . H Louisiana KRk Y, PR
ies o H \
(b) | i S The Mardigt Brookhaven @ R
| 4 7 i Villas On Briafelift Q@
# 8, Q corporate Square: 3
=2 Red Roof RS+ Yoy ] o Wioodbine Terrsce
Atlanta - Buckgd e o,
z g Audubon OF NE
@ Guitar Center @ % he % R
& % ,
& n - 2 LR o
K4 =/ Fast Food & o*
& § e e e
g 4 g B W
¢ g 8
ey of iox

6 ' Fast Food i
Consulate of TR eyt P BRIARCLIFF
e @ Guatemala inAtanta : \ -/ @ s P HEIGHTS %

{ e E
pﬁ Fast Food v JnHULNNE 2
uLTr
4 - ) At S €

Fig.3 a A small area in the study region. Parts of the map highlighted in purple show census-tracts marked
as ‘food deserts'by our selected food desert index. This index defines Low-income tracts with low access to
supermarkets as measured by a distance of half a mile to stores in urban tracts and 10 miles in rural tracts
as per 2015 census data as food deserts- see Selecting Best Labels Section. Each region is either assumed to
be a food desert or not. Interestingly there is a City Farmers Market less than 500 feet away from one of the
highlighted tracts. This discrepancy could be because this store was established in 2015, and this change

is not reflected in the data that formed the basis of the food desert index. b Route Alternatives. The figure
shows the same area as in a. A starting point, a destination, and two routes between them with similar
transit times by car at typical traffic times are shown. The routes are color-coded. Red shows a food desert
score of one (low-quality food available along the route), while green shows a zero score. In particular, one
route passes through an area with a high density of fast food options and no sources of healthy food, while
the other one passes by the City Farmers'Market. The Health Proximity Ratio, Hg, influenced by the use of
Yelp information (not available during the 2015 census) and Google Maps calculations have resulted in a
reasonable measurement of exposure of a person who commutes through each alternative path. ©Emory
University, reproduced under the CC BY-SA license

destinations but exposes commuters to healthier food environments. By avoid-
ing paths with fewer unhealthy options, such as junk food providers, and choosing
alternatives that have healthier food providers in the long term, we can improve the
environment and the habits of individuals in society. This is an example of how this

Page 6 of 19
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technology can be used to innovate long-term health interventions. The impact and
effect of the intervention in this concept application remains to be tested in future
studies.

We would like to emphasize that our approach to measuring the food environment
sets us apart from previous works. Unlike prior metrics, which were either discrete and
changed only at neighborhood boundaries or relied on methods such as taking aver-
age values between two points, our approach considers the actual urban features of the
environment. For example, the presence of a highway can lead to two entirely distinct
food environments on either side, a reality that can be ignored by traditional methods.
Additionally, our model allows for the consideration of new food providers that may
have been introduced after data collection or other changes to the food or urban land-
scape, by continuously considering all available food sources, and their reachability in
real-time. This results in a more comprehensive and accurate understanding of the food
landscape.

Our analysis of 248,000 routes to 28,000 food retailers in the metro Atlanta area reveals
that the local food environment strongly favors eating out instead of cooking at home,
particularly for people with limited access to vehicles. This trend was observed across
neighborhoods with different income levels. However, the problem became more pro-
nounced in neighborhoods with lower median incomes, where the travel time to grocery
stores was longer. Notably, we found that while walking trip time to groceries was higher
in lower-income neighborhoods, walking trip time to restaurants or driving time to gro-
ceries or restaurants was not negatively affected by income. These findings highlight the
need for health policymakers and urban developers to address the unequal distribution
of food options in order to promote healthier lifestyles and reduce health disparities.

Data

Census-tracts are widely used as the unit of analysis among researchers analyzing food
deserts in the United States [21-25]. In this research, we used census-tract level statis-
tics of 1014 tracts in the Metro Atlanta area that are home to 5.4 million people. Eighty
eight percent of this population lives in 874 urban tracts, and the other twelve percent
(~ 646,000 people) occupy the 140 rural tracts (Fig. 4).

We used 915 features describing each of the 1014 census tracts. This data was made
available by the ArcGIS software developed and maintained by the Environmental Sys-
tems Research Institute (ESRI). ESRI compiles this data from a multitude of sources,
including Bureau of Labor statistics, several consumer expenditure surveys, and most
notably, the US Census Bureau. We examined thousands of features available in this sys-
tem, selecting any feature that we could identify as a possible proxy to characterizing
the residents’ lifestyle. We can break down these features into the following general cat-
egories: 1 Family and demography, 2 Education and culture, 3 Health and wellness, 4
Socioeconomic status, 5 Expenditure, 6 Nutrition and 7 entertainment. All the 915 fea-
tures are aggregated at the census-tract level. A summary of each category’s features and

examples is presented in Table 1.
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Fig.4 Map of the study region in Metro Atlanta area with food desert census-tracts in orange. We identified
food deserts by selecting the food desert index with the highest utility in this area from among more than
100 indices. This index marks low-income census tracts where a significant number or share of residents is
more than half a mile (urban) or ten miles (rural) from the nearest supermarket as a food desert. Adapted
from USDA Economic Research Service (ERS). (C) Emory University, reproduced under the CC BY-SA license

x

Methods

We start with the food desert index that has the highest utility score in our study region.
We take it as our dependent variable. For each tract in our data-set, we select a repre-
sentative point and assume that the index is accurate in describing this point. We collect
live and accurate food retail environment information from Yelp and Google Maps for
each of the representative points. We employ Amazon Mechanical Turks to annotate
some of the raw data we receive from Yelp to arrive at better descriptors of the retail-
ers. We create features that describe any given location’s food environment and feed the
information collected to these features. These are the first set of features that we use as
independent variables to our model.

We then use 915 census-tract-level features described in the Data Section in conjunc-
tion with the live features as our independent variables and train a decision tree-based
model of our dependent variable. The first set of features are live and geographically
accurate. We perform geographical interpolation of the second features to make them
more location-sensitive. This results in a model that relies on high-resolution features,
part of which are also collected live (Fig. 5).

Representative points
For each of the 1014 tracts, we identify a geographic location to represent the tract. We
model each tract as a polygon in two-dimensional space and take the centroid’s latitude
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Table 1 Examples of the 915 census-tract-level features

Health and wellness

Expenditure on dental services

Expenditure on eyeglasses and contact lenses

Used prescription drugs for anxiety panic

Visited doctor in last 12 months, 1-2 times

Visited doctor in last 12 months, 3-5 times

Expenditure on nonprescription drugs

Expenditure on rental of supportive convalescent medical equipment
Number of householders with disability

Socio-economic status

Avg disposable income, for householders of age between 15,24%
Median home value

Households with income below poverty level

Household owns or leases any vehicle

Percapita income

Households not paying rent

Households rent between 10-15 percent of gross income

Nutrition

Expenditure on candy and chewing gum
Expenditure on canned fish and shellfish
Expenditure on chicken parts

Expenditure on crackers and cookies

Expenditure on dairy products

Occasionally try to eat healthy with nutrition focus
Rarely eat organic foods

Rarely check food ingredients before buying

Did baking in last 12 months

Dined out in last 12 months

Family and demography

Marital Status

Median Age of Householder
Median Age of Children
Average Household Size
Population Growth Rate
Total Households

No Persons with disability
Total daytime population
Daytime Population Density
Percent of adults divorced #
Percent of adults never married

Expenditure behavior

Expenditure on personal care products
Expenditure on legal fees

Usually buy items on credit rather than wait
Usually buy items based on quality not price
Gambled at casino in the past 12 months
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Table 1 (continued)

Expenditure behavior

Expenditure on women sleepwear
Expenditure on dinner at vending machine
Expenditure on travel

Education and culture

Average years of education

Read 1 daily newspaper

Read book in the past 12 months

Expenditure on tickets to theatre, opera, concerts
Elementary school and high school tuition

Listen to radio 30 mins or more in typical week

Category Num. features
Family & demography 122

Education & culture 45
Socio-economic 199

Nutrition 246
Expenditure behavior 450
Entertainment 48

Healthcare 69

To be able to provide a diverse set of examples, and a high level view of the data, we have broken the features into six
non-exclusive categories; so a feature may belong to more than one category. The last table lists these categories and the
number of features in each of them

and longitude to represent it. The centroid is the arithmetic mean position of all points
inside the polygon.

Extracting retailer information

For each representative point, we query Yelp for all the retailer information in the vicin-
ity. The data includes every supermarket, supercenter, convenience store, grocery store,
and the entire spectrum of restaurants from fast-food to high end. We gather all the fol-
lowing information (when available in Yelp): Name, address, rating, review count, web-
site URL, Yelp categories (such as cuisine, organic flag), and price range.

Estimating actual distance
In this research, instead of the widely used Euclidean distance, we measure the distance
to food sources using actual travel time. This may arguably be a better measure than
physical distance even when considering actual travel miles because it takes an area’s
topography, such as mountains and rivers, and the type of roads and expected traffic into
account.

American Time Use Survey (ATUS) estimates 93.8% of commutes for grocery shop-
ping are done by car, as either driver or passenger, 5.4% by walking. Very few using the
bus, a taxi, the subway, or train. So we ignore the latter four categories that cumulatively
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Fig.5 We start with a model that best describes the food environment at the census tract level. For each
tract, we take the geographic centroid to represent the tract. We pull all the food supplier (restaurants,
supermarkets, etc.) information from Yelp for each representative point. For each of the retailers in the
previous step, we query Google Maps for actual driving and walking duration. We then remove all retailers
that need a commute longer than 20 min from our calculations. At the next step, we fuzzy-match the retailer
names compiling a list of the most frequent names. We ask five evaluators through Amazon Mechanical Turks
to answer a questionnaire identifying the retailer type and the availability of different kinds of food in each
retailer. Using all the information gathered about each point, we create 40 additional features that describe
the retail food environment and as viewed from that representative point. Finally, we combine these features
with another 1,000 features that describe other aspects of the census tract. We then build a model that
predicts whether each of the centroids belongs to a “food desert”. (C) Emory University, reproduced under the
CCBY-SAlicense

make up less than half a percent of all cases [26]. The median travel time for grocery
shopping, as estimated by ATUS, is 10 min. Although these estimates are calculated
for grocery shopping, we use the same numbers when considering other food sources,
including restaurants.

To obtain travel time for each of the representative points and each of the food retail-
ers obtained from Yelp, we query Google Maps for two separate travel times; one driving
and one walking on a weekday at noon. Although these reasonable estimates could fur-
ther be improved by considering several travel times within a day and a week, we leave
that to future work.
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Using the information obtained, we compile four retailers’ lists within short
(10 min) or long (20 min), walking or driving travel distances, discarding the other

retailers for each representative point.

Merging similar retailers by fuzzy matching

Stores belonging to the same chain, which provide very similar services and food
quality, are recorded in Yelp with somewhat different names. For example, ‘Kroger’ is
sometimes also registered as “The Kroger Company’ or ‘Kroger Co; just as we see ‘Bp
Food Mart’ and ‘B P Food Mart’ in the records. Detecting that these are essentially the
same stores helps us reduce the costs and better generalize when we ask several peo-
ple to fill out questionnaires about the supplier chains.

In the absence of a good Named Entity Recognizer for food suppliers, which would
resolve these variations to the same entities, we perform a simple fuzzy matching on
the names.

We first convert all names to lowercase and remove any general stop-words (words
like ‘the; ” s and ‘@’). In our case, we want to extend the idea of stop-words, which are
often used in the text and do not help differentiate between entities important to us.
So we treat the entire list of names that we have as a body of text, tokenize it and look
at the most frequent tokens. We create a list of most frequent tokens that are generic
like ‘supercenter, ‘mart, ‘store, ‘restaurant’ and their variants like ‘supercenter. We
treat these tokens as stop-words and remove them from the names.

When several names point to the same entity, we prefer to work with the shorter
name. So we sort the names shortest to longest and work our way from the beginning
of the list. Each time we check the similarity of the name with all the shorter names.

To measure the similarity, we use the Ratcliff-Obershelp formula:

2Cm
Is1] + sz

ro (1)
where d,, is the Ratcliff-Obershelp similarity of two strings s; and sp with respective
lengths of [s1] and [s2], and ¢y, is the number of matching characters. If the d;, similarity
is higher than a threshold of 0.8, we claim the names to be the same and take the shorter
name for both.

To validate how well the fuzzy matching is performing, we sorted the names based
on the number of matches they had and focused our validation on the top names. We
displayed a list of 100 of the top original names (based on the number of matches they
received) and their corresponding fuzzy-matched names and visually compared them
to see if the algorithm correctly grouped similar names. This provides insight into
the algorithm’s accuracy and allows us to identify any discrepancies or errors in the
results. This visual test was also used to provide insight into the threshold value used
for the Ratcliff-Obershelp formula and whether it should be adjusted for improved

performance.
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Crowd-sourcing retailer health scores

We modified and shortened a version of the Nutrition Environment Measures Sur-
vey (NEMS) questionnaire [20] and arrived at five questions to assess each store. We
created a similar questionnaire for restaurants. The questionnaires can be found in
Figs. 7 and 8. For each of the distinct business entities resulting from fuzzy match-
ing of the names that appeared more than three times in our data-set, the question-
naires were filled out. Each questionnaire had the street name, name of the business,
and a link to the business’s Yelp page. Five different individuals were asked through
the Amazon Mechanical Turks to use this information, checking other sources like
Google Map review images and videos, the businesses, and online menus’ website to
fill out the questionnaires. For each question in the questionnaire, we accepted the
response with the majority vote. The answers to these questions created the basis for
extracting several features for the food environment as explained in the next section.

Feature engineering

For each representative point, we have 957 features in the form of tract statistics. We
use the information gathered through Yelp, Google Maps, and Amazon Mechanical
Turks to create 50 more features that describe the retail food environment for each
representative point. The data returned by Yelp and Google Maps are updated much
more frequently than the ten-year norm for census statistics that form the basis for
our tract-level features. These features are also much more sensitive to changes in the
geographical location of the query. In contrast, the census-tract level data only change
by neighborhood; our description of the food environment is much more dynamic. It
more accurately reflects the actual environment experienced by a person at a specific
location. A few of the features that we extracted are as follows.

Retail health index - driving
CDC Has created a definition of modified retail food environment index (mRFEI)
[21]:

# Healthy Food Retailers
# Healthy Food Retailers + # Less Healthy Food Retailers @

mRFEI = 100 x

where healthy retailers include supermarkets, large grocery stores, super-centers, and
produce stores within census tracts or % mile from the tract boundary. Less healthy food
retailers include fast-food restaurants, small grocery stores, and convenience stores
within the same geographical range. We further modified the mRFEI by including the
same category of retailers, but in our case the retail categories are identified by the
majority vote of Amazon Mechanical Turks and actual driving distance to representative
points was used instead of euclidean distance to tract boundaries.
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Fig. 6 We use two sets of features to build the model: a census level features that are Kriged and are now
geographically continuous, although temporally old and b features engineered using live data collected

for each location from Yelp and Google; the second set of features are both geographically continuous and
temporally up-to-date. We use these features and the best food desert labels to build our models for the area
of study. (C) Emory University, reproduced under the CC BY-SA license

BEST LABELS

Data Collection Instructions (Click to expand)

Please use any sources available to you (using google or your own knowledge) to best answer the following questions about the food retailer in question.
« You may use any website the businesses may have themselves, online reviews, videos or pictures, Google Maps, Street View and pictures of the place tagged there, etc.
« Some of the questions have known answers and your responses will be validated against them to identify random answering and accept your responses.
« You are encouraged to paste any links you use to answer these questions in the area designated to the last question’s answer.

Supplier name: ${name}

Address: ${address}

Which of the following best describes this business? (don’t let the name fool you - just because it has the word supermarket in the name, doesn’t mean it is a supermarket)
" Supermarket (" Grocery Store (" Convenience Store (" Farmer's Market . Deli

Supermarkets are defined as selling fresh (unprocessed) meat, having four or more cash registers, and having at least two of butcher, bakery, or deli. Grocery stores have fresh meat but
do not meet the other supermarket criteria. Convenience stores have no fresh meat and sell a limited selection of staple groceries or other convenience items. Dell is mainly just selling
ready-to-eat food products (such as cooked meats and prepared salads).

Does the store carry fresh fruits or vegetables?
C Yes
~ No
" Unknown

Fresh vegetables: asparagus, beets, broccoli, Brussels sprouts, carrots, caulifiower, celery, corn, cucumber, eggplant, green beans, leafy greens, mushrooms, okra, peppers, potatoes,
peas, squash, yams, yucca, and zucchini

Fresh fruits: apples, apricots, avocados, bananas, berries, cherries, grapefruit, lemons, limes, mangoes, melons, nectarines, oranges, peaches, pears, pineapple, plums, and tomatoes
Does the store carry any of the following prepared foods? Pizza, hot dog, hamburger, taco, burrito, taquito.
C Yes

No
" Unknown

Please paste any links you used to find the answers to the above questions.
(This part is optional, but highly recommended. It will help us approve your responses and may result in a bonus for you.)

Fig. 7 The retail assessment questionnaire used in this research. This questionnaire is a shortened version
of the NEMS questionnaire (18) adapted for use in Amazon Mechanical Turks. For each of the retailers that
could be classified as a supermarket, grocery store, convenience store, Farmer’s Market or deli, the supplier
name and street address would appear on the form along with a link to the Yelp page. (C) Emory University,
reproduced under the CC BY-SA license
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Data Collection Instructions (Click to expand)

Please search for the menu of the food supplier and any other sources available to you to best answer the following questions about the food supplier.
 You may use any website the businesses may have themseives, online reviews, videos or pictures. You can use Google Maps, Street View, Yelp and pictures of the place

tagged there, etc.

answer.

Some questions have known answers and your responses will be validated against them to identify random answering and to accept your responses.
Please paste any links - inicuding the link to the restaurant menu - you use to answer these questions in the area designated to the last question's answer.
If for some reason you need mark "unknown” as your answer to one or more of the questions, please briefly explain why in the text area designated to the last question's

Supplier name:

Address:

Are Chips offered in the menu?

Yes
No
Unknown

Are Baked Chips offered in the menu?

Yes
No
Unknown

Is Bread offered in the menu?

Yes
No
Unknown

Are Healthy Options offered in the menu?

Yes
No
Unknown

${name}

${address}

Is 100% wheat or whole grain bread offered in the menu?

Yes
No
Unknown

Is 100% fruit juice offered in the menu?

Yes
No
Unknown

Is 1% Low-fat, skim, or non-fat milk offered in the menu?

Yes
No
Unknown

Does this place offer All-you-can-eat or "unlimited trips"?

Yes
No
Unknown

If a healthy symbol or notation (e.g. light fare, light, heat healthy) is provided, mark “yes". If not, mark "no*.

Are Non-fried vegetables (w/out added sauce) offered in the menu?

Yes
No
Unknown

What is the average price of healthy entrees compared to regular ones?

Please paste any links you used to find the answers to the above questions. Also, use this same area to provide any explanations if you need to.

Fig. 8 The restaurant assessment questionnaire used in this research. This questionnaire is a shortened
version of the NEMS questionnaire (18) adapted for use in Amazon Mechanical Turks. For each restaurant,
name and street address would appear on the form along with a link to the Yelp page. (C) Emory University,

reproduced under the CC BY-SA license

Retail health index - walking

This is very similar to the index in previous section, but actual walking distance is used.

Retail unhealthy indices - driving and walking

Some locations may not have any healthy retails around them, so their mRFEI index
and other indices we have defined similarly will all have a value of zero irrespective
of less healthy options around the location in question. To be able to distinguish
locations with unhealthy options from others in these scenarios, we also created
two ‘unhealthy’ indices (using actual walking and driving distances). These employ
the number of less healthy options instead of the number of healthy options in the

numerator of the ratios similar to the one in Eq. 2.

Page 15 0of 19
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High and medium rating retails indices

For each category of retailer (restaurant, grocery store, etc.) and for acceptable dis-
tances in each mode of transportation (walking or driving), we created features that
kept track of the number of retailers with medium (two to four) or high (above four)
ratings by Yelp users.

Health proximity ratio indices
As we have access to actual travel times to all stores around each location, we can do more
complex calculations. For each mode of transportation (walking and driving), we created a
Health Proximity Ratio Index as:

Z X; X Dy

iERd

Huwaiking :ﬁ 3)

i€R,

> Xix Dy
iERd

Hariving :W (4)

i€R,

where Hyyqiking is the Health Proximity Index for walking distances, H gyiying is the Health
Proximity Ratio Index for driving distances, R is the set of all retailers within the accept-
able commute distance, X; is a variable which is one if the it retailer in the set is consid-
ered healthy and zero otherwise, D, is the actual walking travel time in minutes for the
i" retailer in the set and Dy; is the actual driving travel time in minutes for the it" retailer
in the set R;. These proximity ratios let us have a sense of the relationship between the
time needed from a location to healthy and less healthy retailers.

We start by choosing the low-resolution (tract-level) index with the highest utility score
that we have as our label. We build upon it and make it smooth and real-time by training a
model using two sets of features that are both geographically more smooth than the label
they predict (Fig. 6).

The first set of features comes from the 1014 census-level data. To convert these discrete
features into more smooth features over our study region, we employ a geographical inter-
polation method known as Kriging. This will solve the problem of geographical continuity,
but the features will remain as old as when each one was collected - sometimes a decade
old.

The second set comes from the features that describe the retail environment. This set of
features, coming live from sources like Yelp and Google Maps, is both geographically very
precise as we query the sources for the exact location rather than a neighborhood, and is as
up-to-date as the data on Yelp and Google Maps.

Augmentation of these features will result in a model of food deserts that is geographi-
cally continuous and describes the retail environment more dynamically than the label that
we initially used to train it.
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Selecting the best tract-level index as the label

Previous analysis of food desert indices in the Metro Atlanta area shows that a Low-Income
Low-Access (LILA) index, when measured in half-mile distances in urban census-tracts
and ten-mile distances in urban tracts, is the best descriptor of the food environment on a
tract-level, as it has the highest Food Desert Utility Score as defined in [18]. This index con-
siders a census tract as having low access to healthy sources of food if a significant number
(500) or share (33%) of individuals in the tract is far (ten miles in urban and half a mile in
rural areas) from a supermarket [19]. A tract has to have low access to healthy food and also
satisfy the three criteria put forth by the Department of Treasury’s New Markets Tax Credit
(NMTC) program that identifies low-income tracts [27] to be considered a ‘food desert’
tract (Fig. 4b).

Data preprocessing and normalization

For the 915 census-tract level features, we first removed any features with missing values.
To normalize our data, we subtracted the median of each feature from it and scaled the data
according to the interquartile range (IQR):

- xi — Qa(x)

N SN ®)

In which % is the i scaled feature, x; is the it original feature, Q; is the lower quartile,
Q2 is the second quartile, or median, and Qs is the upper quartile of the feature. We per-
formed centering and scaling independently on each feature by computing the relevant
statistics on the samples in the entire data set.

Compared to removing the mean and scaling to unit variance, this approach gives bet-
ter results because outliers tend to influence the sample mean and variance more severely
than the median and IQR [28]. For this reason, this method is commonly known as Robust
Scaling.

Kriging census-level features

The 957 census-tract features that we needed to deal with would change at tract bounda-
ries. This is counter-intuitive and does not reflect the real-world behavior but is a problem
that stems from the limitation of collecting data at the census tract level. To better model
the actual changes in the features as we move from a location to another, we employed a
geostatistical technique of interpolation known as Kriging. We used a universal Kriging
method and a spherical variogram model. The parameters of the variogram model were
automatically calculated for each of the features using a soft L1 norm minimization scheme
[29].

Training the model

We use a Light Gradient Boosting Machine (LightGBM) as a binary classifier to train a
model. To find the model’s parameters, such as the number of trees used, number of leaves
per tree, and maximum depth of the tree, we performed a Bayesian Optimization of the
accuracy of the five-fold cross-validated data. After the training phase, the model’s final
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output is the probability of the location being a food desert, which we call the ‘food desert
score’ of that location.
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