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Abstract: Convenient access to food resources is a critical element of public health as well as an
important interface between communities and the transportation system. In this research, we seek to
construct a detailed picture of the food environment in three communities in Utah, alongside the
community members’ ability to access that environment through multiple transportation modes. In
doing so, we construct a utility-based accessiblity model enabled by modern mobility device data.
This model reveals the tradeoffs between the quality and price of goods on one hand and the distance
traveled to reach them on the other. We then apply this model to a series of potential access-improving
policies: building a new store, improving an existing store, and improving the non-automobile
transport network between residents and existing stores. The results show that new or improved store
locations bring substantially higher benefits than improvements to the transportation system at likely
lower costs. The findings suggest that transportation agencies work to increase the availability of
community-sized grocery stores in low-access areas and consider activity-based methods of measuring
resource access.
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1 Introduction

The ability of people to access food resources has been studied at length in public
health and urban geography for decades (Beaulac et al., 2009; Walker et al., 2010). This
interest is motivated in large part by an observed spatial disparity in food access in many
communities—though this issue may be particularly pronounced in the United States
(Beaulac et al., 2009). The spatial disparity has been linked at an aggregate level with
negative public health outcomes (Chen et al., 2016; Cooksey-Stowers et al., 2017),
though other complicating factors including prices and habits may be present as well
(Ghosh-Dastidar et al., 2014).

At the same time, access to food resources and to community resources in general is
frustratingly hard to define. “Accessibility” is an abstract concept without a specific
quantitative definition (Handy & Niemeier, 1997). However, using accessibility as a
policy measure requires comparative quantification, and transportation and public health
researchers have constructed several quantitative measures. These measures include
presence of a store—or counts of stores—within a travel time limit by a particular mode,
or the distance to the nearest store. These measures are relatively easy to calculate using
readily available GIS software, but elide much useful information (Dong et al., 2006;
Logan et al., 2019). These types of measures require the researcher to make a series of
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assumptions and assertions: why is 30 minutes chosen instead of 407 Is that time by
transit or highway or walking? Should these definitions change for individuals in
different socioeconomic groups? And people do not always go to the closest grocery
store to begin with (Clifton, 2004; Hillier et al., 2011); how much farther are people
willing to travel to go to a store that is cheaper or that has a wider variety of goods? And
perhaps the home location isn’t the only spatial point of reference (Liu et al., 2022). A
measure that potentially combines many of these different considerations is desirable.

In this research, we develop and explore an accessibility measure based on destination
choice models estimated for three distinct communities in Utah. This methodology is
based on a unique dataset made by linking between three extensive data sources:

1. A detailed survey of the food market in three Utah communities, operationalized

using the NEMS-S framework (Glanz et al., 2007).

2. Location-based services data derived from mobile phone records revealing which

grocery stores are frequented by residents of different neighborhoods.

3. Multi-modal network data providing detailed mobility data by car, walking, and

public transit.

These data are linked through simulation to develop a simultaneous multinomial logit
mode and destination choice model that measures variables significant to grocery store
choice in Utah. These models are then used to measure neighborhood-level accessibility
to stores and evaluate potential transportation, land use, and related policies.

This paper is organized in a typical manner. A methodology for data collection and
modeling is described in Section 3 and a description of the food environment and choice
models estimates follows in Section 4. Section 5 presents a series of scenarios to which
we apply the models estimated in Section 4, illustrating the interrelated elements of food
quality and transportation infrastructure in developing more complete measures of food
access. Section 6 places the findings of this research in context, while discussing
limitations to the methodology and associated future research opportunities.

2 Literature review

The food access literature is long and has been approached from numerous angles
including public health, urban science and economics, and social justice. In general,
researchers have sought to link spatial disparities in access to food resources with
observed spatial disparities in economic resources or health indicators including obesity
rates, caloric intake, and other outcomes. Complete though somewhat dated reviews of
this literature can be had from Beaulac et al. (2009) and Walker et al. (2010). Park et al.
(2025) present a more recent systematic review of this literature, aided by an large
language model-informed analysis of more than 800 articles; this more recent review
emphasizes the wide variety of measures and methods that have been applied to the
problem, with a focus on differences between global regions.

The existing food environment literature has been somewhat inconsistent in its
application of spatial or travel impedance units. Charreire et al. (2010) provides a
categorization of measures in the literature to that point: almost all studies used Euclidean
or occasionally network distance buffers, most frequently of one kilometer; a few studies
used network travel time by an assumed travel mode, kernel density (Moore et al., 2008),
or spatial clustering. In the last few years, a number of studies have attempted to explore
more complex measures of spatial access. Cetateanu et al. (2016) and Widener et al.
(2018) each pursue measures of time and space described by a person’s observed activity
pattern and use it to explain food retail and purchasing behaviors. These measures have
not entered policy analysis at scale, however. Public health agencies in the United States
continue to use Euclidean distance to the nearest store as the basis for policy analysis
(Economic Research Service, 2025; Rhone et al., 2017). When using travel times, the



Where’s dinner coming from? A utility-based investigation of food access in Utah 251

literature most often selects a single mode of travel, usually car or walking (Bennion et
al., 2022). When researchers consider multiple modes, it is usually done as a comparison
(Burns & Inglis, 2007; Kostopoulou et al., 2024) or as multiple independent covariates in
a large model (Murphy et al., 2017) rather than as a combined measure. This difference in
methodological approaches matters substantially: Jaskiewicz et al. (2016) found little
agreement in definitions of good and poor food access between six different measures of
access in Chicago.

Measures of the food environment beyond spatial proximity are similarly inconsistent,
though some validated methods have been developed (Baker et al., 2024). A primary
obstacle in developing such measures is the complexity of the food environment; many
people obtain food from widely varying sources including convenience stores,
supermarkets, small grocery stores, and restaurants of all kinds (Ansai et al., 2023). Non-
spatial measures of this environment are important for policy analysis given that many
people do not shop at their nearest store alone (Aggarwal et al., 2014), and that the
quality of offerings at stores may explain obesity rates as much as spatial access to stores
(Chen et al., 2016; Cooksey-Stowers et al., 2017). Foremost among the validated
measures of the food environment is the NEMS-S framework (Glanz et al., 2007; Glanz
et al., 2023), in which trained surveyors record the presence, price, and shelf space
allocated to various food items in stores. But even the NEMS-S is not entirely
comprehensive: separate instruments exist for stores (NEMS-S), corner stores (NEMS-
CS), and restaurants (NEMS-R), vending machines (NEMS-V), and quick service
prepared food stores (NEMS-GG). Applying one measure to the entire spatial
environment is not a viable approach and may result in discontinuities. As a result of
these discontinuities, researchers frequently segment the environment, asserting which
stores are to be included and which are to be excluded. For example, Widener et al.
(2018) develop a complex time-and-activity space measure respondent’s spatial
proximity but apply this measure to discrete segments of grocery stores, convenience
stores, etc. rather than to a holistic picture of the food environment. More simplistic
measures of spatial access—e.g., Euclidean distance to nearest store—require researchers
to assert what they will include and what they will exclude.

What has not been pursued in the literature to this point is an approach that considers
how the multi-modal travel behavior of individuals with respect to transportation
infrastructure shapes spatial access to food resources as well as the availability and
quality of foods at the relevant destinations. Such an approach has been shown to
improve the correlation between spatial disparities in health outcomes and access to
urban green spaces (Macfarlane et al., 2021) and to better inform parks-related policy
analysis (Macfarlane et al., 2022). It is this combination that we pursue in this study.

3 Methods

This section describes how we construct a model of access to grocery stores in
communities in Utah. We first describe the theoretical model, and then describe data
collection efforts to estimate this model and apply it.

3.1 Model

A typical model of destination choice (Recker & Kostyniuk, 1978) can be described
as a random utility maximization model where the utility of an individual i choosing a
particular destination j is

Uij = Bsf (kij) + B (X)) D
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where f (ki j) is a function of the travel impedance or costs from i to j and X; represents
the location attributes of j. The coefficients § can be estimated given sufficient data
revealing the choices of individuals. The probability that individual at location i will

choose alternative j from a choice set / can be estimated with a multinomial logit model
(MNL) (McFadden, 1974).

PL' = ———
2 Zj/E] exp(Uijl)

The overall fit of the model can be described with the Akaike Information Criterion
(AIC)—which should be minimized—or by the McFadden likelihood ratio p3 = 1 —
InL/InLy. In this ratio InL is the model log-likelihood and InL;, the log-likelihood of an
alternative model where all destinations are equally likely; a higher pZ value indicates
more explanatory power relative to this null, random chance only model.

The idea of using destination choice logsums as accessibility terms is not new, and the
theory for doing so is described in Ben-Akiva & Lerman (1985, p. 301). Effectively, the
natural logarithm of the denominator in Equation 2 represents the consumer surplus or
total benefit available to person i:

3)
CS; =1In Z exp (Uy;)

jeJ

A difference in logsum measures may exist for a number of reasons that affect the
utility functions described in Equation 1. For example, individuals at different locations
or with different mobility will see different impedance values k;; and therefore affected
utility. Changes to the attributes of the destinations X; will likewise affect the utility.

Despite the relative maturity of this theory, applications of utility-based access in the
literature are still rare, outside of public transport forecasting analyses (Geurs et al.,
2010). The rarity is likely explained by an unfamiliarity with destination choice models
and the ready availability of simpler methods on one hand (Logan et al., 2019), and the
difficulty in obtaining a suitable estimation dataset for particular land uses on the other
(Kaczynski et al., 2016). This second limitation has been somewhat improved by a new
methodology developed by Macfarlane et al. (2022), relying on commercial location-
based services data to estimate the affinity for simulated agents to visit destinations of
varying attributes and distances.

3.2 Data

In this research, we develop a unique dataset to estimate the destination choice utility
coefficients for grocery store choice in three different communities in Utah. The three
communities were selected to maximize potential observed differences in utility between
community residents. The three communities are Utah County, West Salt Lake County,
and San Juan County. Note that in this document we refer to the second community as
“Salt Lake” even though this does not refer to the entire Salt Lake County nor to Salt
Lake City, rather, we focus on communities in the western part of the valley, such as
Magna, Kearns, and West Valley City. The housing density and locations of stores in
each community are shown in Figure 1, and the context of each community in Utah is
shown in Figure 2.
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Figure 1. Location of surveyed stores in three communities in Utah, with housing density at block
group level and size of store measured by number of registers
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Figure 2. Context of communities in Figure 1 within the state of Utah
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Table 1 shows several key population statistics based on 2021 American Community
Survey data for block groups in the three communities of interest. Utah County is a
largely suburban county with high incomes and a low percentage of minority individuals.
The Salt Lake region is more dense with somewhat lower incomes and household sizes
but a high share of minority individuals. San Juan County is primarily rural, with a few
small communities and a large reservation for the Navajo Tribe.

Estimating the utility model described in Equation 2 for grocery stores requires three
interrelated data elements:

1. Aninventory of grocery store attributes X;;

2. A representative travel impedance matrix K composed of all combinations of

origin i and destination j;

3. A database of observed person flows between i and j by which to estimate the 5

coefficients. We describe each of these elements in turn in the following sections.

Table 1. Demographic statistics of study regions

Utah Salt Lake San Juan
Total population 627,098 655,830 7,091
Total households 171,538 216,731 2,090
Housing units per sq. km 599 831 103
Median income 79,453 64,868 58,586
Percent minority individuals 18 36 26

3.21 Store attributes

The store attributes were collected using the Nutritional Environment Measures
Survey in Stores (NEMS-S) tool (Glanz et al., 2007). This tool was developed to reveal
significant differences in the availability and cost of foods identified as more healthful
within the NEMS-S framework, and has been validated for this purpose. Beyond
superficial attributes such as the store category (dollar store, convenience store, ethnic
market, etc.) and the number of registers, the NEMS-S collects detailed information
about numerous store offerings such as the availability of produce, dairy products, lean
meats, juices, and canned and dry goods of various specific types. Of particular interest to
the survey are availability and price differentials of lower-fat alternatives: for example,
the survey instrument requests the shelf space allocated to milk products of various fat
levels and the price of each product. Within the NEMS-S framework, “healthful” options
are operationalized primarily through the availability and relative pricing of lower-fat and
lower-calorie alternatives; NEMS-S captures one dimension of diet-related healthfulness
but does not represent a comprehensive assessment of nutritional quality across all
populations.

Student research assistants collected the store attributes by visiting grocery stores,
dollar stores, ethnic markets, and other food markets in the three communities of interest
described above. Stores were identified using internet-based maps combined with in-
person validation and observation. The student researchers completed the NEMS-S
instrument with the aid of a digital survey and a tablet computer. Each researcher who
collected data was trained to use the survey at a control store in Provo, and the training
data helped to eliminate the risk of surveyor bias. The store attributes were collected in
the spring of 2021 for Utah County and spring of 2022 for Salt Lake and San Juan
Counties. In Utah and Salt Lake Counties, we included dollar stores and grocery stores
but did not include convenience stores. Given the rural nature of San Juan County, we
made two adjustments to capture the entirety of the food environment. First, we included
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convenience stores and trading posts if they were the only food market in a community.
We also included full-service grocery stores in Cortez, Colorado, and Farmington, New
Mexico in the San Juan data collection, as community conversations made it clear that
many residents will drive these long distances for periodic shopping with greater
availability and lower prices.

Using the information in the NEMS-S survey, two measures of a store can be
calculated: an availability score based on whether stores stock particular items as well as
NEMS-S defined more healthful options; and a cost score describing the spread between
prices of these options. These score values are described in Lunsford et al. (2021), and we
developed an R package to compute the scores; this package is available at
https://github.com/byu-transpolab/nemsr. In the availability score, each store is given a
value for whether or not there are more healthful options available in the store as defined
by the NEEMS-S framework (i.e., low-calorie chips or low-fat milk). If the store does not
have a more healthful option in a category it receives a lower score, so stores with more
availability of healthful food options will receive a higher availability score. For the cost
score, the measure is the price spread between healthful and less healthful options as
defined by the NEMS-S framework: if the price of whole wheat bread is cheaper than
white bread, the store receives positive points for the cost option, if the price is the same
then zero points are awarded, and if the wheat bread is more expensive then the store
receives negative points. Thus a store with a higher availability and cost score will have
both more healthful options, and a more advantageous pricing scheme towards those
options. Accordingly, higher scores reflect greater availability and more favorable pricing
of these NEMS-S defined healthful options, rather than a comprehensive measure of
overall nutritional quality.

One important store attribute that the NEMS-S instrument does not collect or compute
directly is a measure of the cost of common goods that can be compared across stores.
We therefore used the data collected from the NEMS-S instrument to construct a market
basket-based affordability measure that could be compared across stores, following the
approach of Hedrick et al. (2022). This market basket score is based on the US
Department of Agriculture (USDA) 2021 Thrifty Food Plan (FNS, 2021), which
calculates a reference market basket for a family of four. Because this market basket
contains more (and sometimes different) items than what the NEMS-S instrument
requests, we chose relevant items from our NEMS-S data as replacements. For example,
the USDA market basket contains a certain amount of poultry, but the NEMS-S
instrument collects the per-pound cost of ground beef at various fat contents. For any
stores that were missing any of the elements in the market basket, we first substituted
with another ingredient that would fit the nutritional requirements. If no substitute was
available, we included the average price of the missing good at other stores in that
community multiplied by 1.5 as a penalty for not containing the product. The final market
basket score is the total cost of all foods in the market basket. These costs can then be
compared from store to store to understand general affordability comparisons between
stores.

Table 2 presents the store attribute data collected for each community. Utah County
generally has the largest average store size (as measured by the number of checkout
registers) while having the lowest market basket cost, the highest availability of healthful
food (measured by the NEMS-S availability score) and the lowest difference between
healthy and unhealthy food (the NEMS-S cost score). San Juan County has the smallest
average stores, highest costs, and the lowest availability of healthy options, and Salt Lake
falls in between.


https://github.com/byu-transpolab/nemsr

256 JOURNAL OF TRANSPORT AND LAND USE 19.1

Table 2. Grocery store attributes

Utah (N=63) Salt Lake (N=39) San Juan (N=50)
Mean Std. Mean Std. Mean Std.
Dev. Dev. Dev.
Registers (incl. self checkout) 12.5 11.7 9.9 8.9 6.1 8.8
NEMS-S availability score 18.7 8.4 16.2 8.1 13.2 7.6
NEMS-S cost score 1.9 2.3 2.3 2.2 1.9 1.9
Market basket cost 126.1 21.5 141.6 19.2 157.6 16.8

a) continuous variables: variable mean and std dev

Utah (N=63) Salt Lake (N=39) San Juan (N=50)
N Pct. N Pct. N Pct.
Type Convenience 2 3.2 0 0.0 10 20.0
Store
Dollar Store 5 7.9 11 28.2 15 30.0
Grocery Store 50 79.4 27 69.2 19 38.0
Other 6 9.5 1 2.6 6 12.0
Pharmacy FALSE 42 66.7 32 82.1 43 86.0
TRUE 21 333 7 17.9 7 14.0
Ethnic market FALSE 55 87.3 30 76.9 47 94.0
TRUE 8 12.7 9 23.1 3 6.0
Other FALSE 52 82.5 35 89.7 47 94.0
merchandise
sold
TRUE 11 17.5 4 10.3 3 6.0
b) discrete variables: variable value, n and pct
3.21.1 Imputation of missing store data

We collected detailed store attributes for a complete census of stores in Utah County,
San Juan County, and a portion of Salt Lake County using the NEMS-S survey
instrument. These attributes form the basis of the choice models used to determine access
and provide a complete picture of access in those communities, assuming people do not
leave the communities for grocery trips. But understanding access in other parts of Salt
Lake County—including how stores outside of the West Salt Lake County area might
shape access inside that community—requires us to impute the measured attributes onto
the stores that we did not directly measure.

To do this, we used web-based mapping databases (including OpenStreetMap and
Google Maps) to obtain a list of grocery stores, dollar stores, and appropriate
convenience stores throughout the state. From this search, we were able to determine
each store’s location, brand name, and store type, information which we also collected in
the manual data assembly efforts. Using this information, we built a multiple imputation
model using the mice package for R (van Buuren & Groothuis-Oudshoorn, 2011). The
predictor variables in the imputation included the store brand and type, as well as the
average income and housing density in the nine closest block groups to the store location
(based on population-weighted block group centroids and Euclidean distances). Thirty
iterations of the multiple imputation algorithm were run for each of ten independent
imputations. When using the imputed data for analysis, we take the mean of the thirty
predictions for continuous values, and the mode for discrete values.

3.2.2  Travel impedances

The second element of the utility equation in Equation 1 is the travel impedance
between i and j. Many possibilities for representing this impedance exist, from basic
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euclidean distance to complex network paths. A primary purpose of the model we are
developing in this research is to study comparative tradeoffs between transportation-
focused and food environment-focused improvements. It is therefore essential that the
measure of travel impedance incorporate travel by multiple modes of transportation, so
that highway improvements and transit or active transport improvements can be
compared.

Just as the log-sum of a destination choice model is a measure that sums the utility of
multiple destination attributes and costs, the log-sum of a mode choice model is the
expected maximum utility of all available travel modes, weighted by preferences and
costs (Ben-Akiva & Lerman, 1985). In this study we assert the following mode choice
utility equations:

b Vauto,ij = _0-028(tauto,ij)

b Vbus,ij =—4 - 0-028(tbus,ij) - 0-056(twait,ij) - 0-056(taccess,ij)

o Viaij = =4 — 0.028(tyau,ij) — 1.16(d;j<15) — 5.58(djj>1.5)

where t is the in-vehicle travel time in minutes for each mode between i and j. The
transit utility function additionally includes the wait time for transit as well as the time
necessary to access the transit mode on both ends by walking. The walk utility includes a
per-mile distance disutility that increases for distances greater than 1.5 miles. These
equations and coefficients are adapted from a statewide mode choice model for home-
based non-work trips in urban and rural regions developed for prior research (Macfarlane
etal., 2025).

The log-sum, or total weighted impedance by all modes is therefore

kij = ln(eVauto,ij + eVbus,ij + vealk,ij) (4)

In this implementation, i is the population-weighted centroid of a 2020 Census block
group, and j is an individual grocery store. We measure the travel times from each i to
each j using the r5r implementation of the RS routing engine (Conway et al., 2017,
Conway et al., 2018; Conway & Stewart, 2019; Pereira et al., 2021). This algorithm uses
common data elements—OpenStreetMap roadway and active transport networks
alongside General Transit Feed Specification (GTFS) transit service files—to simulate
multiple realistic route options by all requested modes. We obtained OpenStreetMap
networks and the Utah Transit Authority GTFS file valid for May 2023 and requested the
minimum total travel time by each mode of auto, transit, and walking for a departure
between 8 AM and 9 AM on May 10, 2023; this period on a Tuesday morning in the AM
peak provides the highest level of service possible in the transit system. The total
allowable trip time by any mode was set to 120 minutes, and the walk distance was
capped at 10 kilometers, mirroring limits set in the regional travel model. If a particular
i, j pair exceeded these parameters then the mode was presumed to not be available and
contributes no utility to the log-sum.

3.2.3 Mobile device data

The final element of destination utility presented in Equation 1 is the set of
coefficients, which are often estimated from household travel surveys in a travel demand
context. It is unlikely, however, that typical household diaries would include enough trips
to grocery stores and similar destinations to create a representative sample.
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Emerging mobile device data, however, could reveal the typical home locations for
people who are observed in the space of a particular store. Macfarlane et al. (2022)
present a method for estimating destination choice models from such data, which we
repeat in this study. We provided a set of geometric polygons for the grocery stores of
interest to StreetLight Data, Inc., a commercial location-based services aggregator and
reseller. StreetLight Data in turn provided data on the number of mobile devices observed
in each polygon grouped by the inferred residence block group of those devices during
summer 2022. We then created a simulated destination choice estimation dataset for each
community resource by sampling 10,000 block group - grocery store “trips” from the
StreetLight dataset. This created a “chosen” alternative; we then sampled ten additional
stores from the same community at random (each simulated trip was paired with a
different sampled store) to serve as the non-chosen alternatives. Random sampling of
alternatives is a common practice that results in unbiased estimates, though the standard
errors of the estimates might be larger than could be obtained through a more carefully
designed sampling scheme (Train, 2009).

4 Results

This section presents results on the food environment in each of the three communities
of Utah County, West Salt Lake County, and San Juan County, along with destination
choice model estimates and their application to creating accessibility maps of each
community and the entire state of Utah.

4.1 Food environment

Though some basic descriptive statistics of the grocery store attributes were presented
in Table 2, some additional exploration of these attributes is valuable to understand the
food environment in these three communities.

Figure 3 presents the relationship between the recorded NEMS availability score and
the USDA market basket cost at the stores by community and store type. In all three
communities, the relationship is strongly negative, with stores that stock more varieties of
goods also having overall lower prices for those goods. This is emphasized by the
bottom-right quadrants of these plots (high availability, low-cost) being dominated by
full-service grocery stores, which have more availability and lower prices than
convenience stores or dollar stores, but require higher traffic and demand to make up for
their lower profit margins. Average prices in Utah County are lower than prices in the
other two communities across the availability spectrum; this is true even after adjusting
for 9.4% annual inflation between March 2021 and March 2022 in food products (Bureau
of Labor Statistics, 2023).
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Figure 3. Relationship between NEMS availability score and market basket score in each study
community (Utah county prices adjusted for 2021-2022 annual inflation)

Figure 4 shows the relationship between the NEMS availability and cost scores. In
this case the relationship is generally positive, with stores that stock more healthful
options also placing these options at competitive prices. Conversely, stores with fewer
options tend to place the options they do stock at a higher price point. This relationship
between availability and cost of healthful goods is strongest in San Juan County, with
convenience stores anchoring the low-availability, high-premium quadrant for healthy
food. It should be noted that these convenience stores also exist in the Utah County
community, but we explicitly included them in the San Juan data collection as they are
the only food markets of any kind in multiple towns, with dozens of miles separating
towns from each other.

Convenience Store
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Figure 4. Relationship between NEMS availability score and cost score in each study community

4.2 Destination choice

Using the data collected and MNL destination choice model as described in Section 3,
we estimate a series of model specifications in each community with the mlogit package
for R (Croissant, 2020). To illustrate the role of different data elements on destination
choice, we develop and estimate four different utility equations:

o Access = Buycrs(k_ij)
o NEMS = B,,(NEMS Availability) + B,.(NEMS Cost)
o Attributes = By (Market Basket) + froq(Registers) + Brype(Type)

e All = Access + NEMS + Attributes

The Access model includes only the mode choice logsum described in Equation 4. The
NEMS model includes the NEMS cost and availability scores describing the goods the
store offers, while the Attributes model contains information that might be more
conventionally available to shoppers including the size, type, and average prices at the
store. As the food environment in each community contains different types of stores, the
specific type coefficients differ by community. The All model contains all of the other
three sets of estimated coefficients.

Table 3 presents the estimated coefficients in the Utah County community. In general,
the utility coefficients are statistically significant and in a direction that would be
expected by informed hypothesis. The Access model has a positive coefficient on its
mode choice log-sum term, which indicates that as the mode choice logsum between a
block group and a store increases—indicating lower travel costs between Census block
groups and the store, because travel times in Equation 4 have a negative relationship with
utility—a higher proportion of mobile devices residing in that block group are observed
to travel to that store. The NEMS model shows a positive relationship between both
environment variables and utility, indicating that people are more likely to choose stores
with higher availability of healthy goods and more advantageous prices for those goods,
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all else equal. The Attributes model suggests that people are less willing to visit stores
with higher prices, fewer registers, and convenience stores or other non-standard grocery
stores with the exception of dollar stores, which they are more attracted to. Combining all
of these variables in the All model retain the significance, direction, and basic scale of all
previous estimates with the exception of the NEMS availability variable. In this case, it
seems that the previous positive relationship may have been a result of correlation
between NEMS availability and other variables such as cost or the number of registers.
And when controlling for all other variables, the role of transportation access becomes
somewhat more important than considering only distance alone, implying that people are
willing to travel somewhat further for stores with attributes they value.

Table 3. Estimated models of Utah County

Access NEMS Attributes All
Mode Choice Log-sum 8.063** 8.686**
(95.356) (87.770)
NEMS Availability Score 0.032%* -0.024%*
(22.020) (-7.369)
NEMS Cost Score 0.035%* 0.041**
(7.688) (5.946)
USDA Market Basket -0.007** -0.008**
(-9.814) (-8.855)
Registers 0.056** 0.065**
(54.586) (41.357)
Store Type: Dollar Store 1.948%* 2.086**
(56.866) (41.000)
Store Type: Convenience Store -1.990** -2.422%*
(-7.400) (-8.495)
Store Type: Other -1.785%* -1.813**
(-12.641) (-11.991)
AIC 31,874.44 49,051.55 41,985.6 25,402.43
P 0.359 0.013 0.155 0.489

*p <0.05, ** p<0.01
t-statistics in parentheses

The overall fit of the four models in Table 3 is also revealing: the model with only
NEMS variables against almost no predictive power over randomly selecting any store in
the community (as revealed by the p3 statistic). Though all sets of variables contribute to
the overall fit, it is apparent that the bulk of model explanatory power is due to
transportation proximity.

Table 4 presents the estimated coefficients in the west Salt Lake County community,
and Table 5 presents the estimated coefficients in San Juan County. The same general
story about coefficient direction and hypotheses applies in both of these communities,
except in regard to the NEMS variables. In Salt Lake, the NEMS cost score appears
negative when estimated alone but becomes positive when other variables are included.
In San Juan, these variables are consistently positive. Additionally, the story of model fit
is reversed: in both Salt Lake and San Juan, the attributes of the store explain more of the
model fit than the transportation impedance term.
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Table 4. Estimated models of West Salt Lake Valley

Access NEMS Attributes All
Mode Choice Log-sum 9.870** 12.044%*
(74.095) (74.423)
NEMS Availability Score 0.129** 0.002
(71.898) (0.580)
NEMS Cost Score -0.036** 0.057**
(-7.857) (9.607)
USDA Market Basket -0.010%* -0.006**
(-13.065) (-6.953)
Registers 0.104%* 0.129%*
(70.019) (52.110)
Store Type: Dollar Store 0.325%* 0.494%*
(7.250) (8.943)
Store Type: Other 0.248* 0.556**
(2.211) (4.614)
AIC 42,820.66 42,541.44 40,195.01 31,863.31
pé 0.138 0.144 0.191 0.359

*p <0.05, ** p<0.01
t-statistics in parentheses

Table 5. Estimated models of San Juan County

Access NEMS Attributes All
Mode Choice Log-sum 0.709%%* 1.205%%*
(81.466) (73.616)
NEMS Availability Score 0.139%* 0.065%*
(63.869) (12.857)
NEMS Cost Score 0.227** 0.055%*
(35.386) (6.721)
USDA Market Basket -0.011%* -0.033%*
(-15.376) (-24.850)
Registers 0.022%* 0.049%*
(20.517) (25.969)
Store Type: Dollar Store -2.222%%* -1.377%*
(-46.835) (-18.903)
Store Type: Convenience Store -3.597** -1.080%*
(-31.496) (-7.747)
Store Type: Other -1.451%* -1.331%*
(-28.680) (-19.097)
AIC 40,811.4 35,119.64 37,230.81 23,556.77
pi 0.179 0.293 0.251 0.526

*p<0.05 **p<0.01
t-statistics in parentheses

To better visualize how the preferences in the three communities differ from each
other, Figure 5 plots the average marginal elasticity on the choice probability of the
chosen store with respect to many variables in the “All” model for each county.
Specifically, we increased the variable of interest by 100% for all synthetic choice
makers, and then calculated the average change in the probability of the chosen
alternative for all choice makers with its sample confidence interval. The mode choice
log-sum elasticity is strongly significant in all three communities (and is the most
influential variable on choice), but it has its smallest value in San Juan County where
people often must travel long distances to reach any stores. The highest mode choice log-
sum value is in Salt Lake, but this explains a smaller proportion of the model outcomes
than the lower value in Utah County; a possible hypothesis for this observation may
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include the higher density of stores in Salt Lake—attributes are more important when so
many stores are close together—paired with the somewhat lower vehicle ownership in
that community driving up the coefficient value.

Mode Choice Log-sum ®
o
NEMS Availability Scored @
)
Region
@ Salt Lake
NEMS Cost Score 9o
® -@- Utah County
San Juan
USDA Market Basket L ]
@]
Registers - .
]

T T T
0.00 0.01 0.05

Average change in probability with 95% confidence interval.
t=} J

Figure 5. Average change in the probability of the chosen alternative with respect to a 100%
change in model variables

4.3  Accessibility

With the models estimated in Section 4.2, we can evaluate the spatial access of each
community. Figure 6 shows the value of the grocery store destination choice log-sum for
block groups in Utah County. Unsurprisingly, the block groups in the core of the urban
areas of the region have the highest access to grocery stores, because this is where the
stores are located and also where the transportation access to multiple destinations is
highest. This map also contains somewhat interesting implications for the equity of
access. A perhaps unique feature of Utah County’s demographic geography is that the
wealthiest neighborhoods tend to be located on the mountain benches east of the main
urban areas. This means that in Utah County, at least, the neighborhoods with the lowest
access to grocery stores are actually some of the wealthiest neighborhoods with the
lowest concentrations of ethnic minorities in the region.
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Figure 6. Modeled access to grocery stores in Utah County

Of course, much of this high access in the urban core of Utah County is achieved by
cheap and available automobile transportation. We can consider what access looks like
for those without cars by re-computing the mode choice log-sum described in Section
3.2.2 between all block group / store pairs but eliding the automobile mode and
examining the resulting impact to destination choice utility. Figure 7 shows the results of
this analysis: whereas the total access (with car included) is a smooth gradient across the
valley, the access for individuals without vehicles is blocky and discontinuous, with
neighborhoods of relatively good access immediately next to neighborhoods with bad or
non-existent access. This may reflect the discontinuous nature of active transport and
public transit facilities in the region, as well as the auto-dominated locations of many
grocery stores. Note also that even for neighborhoods of relatively good non-vehicle
access, the destination choice log-sum value is substantially lower than the logsum with
vehicle access; the minimum value on with vehicles is just below 0, whereas the
maximum log-sum without vehicles is around -100. Because the log-sum occurs on the
same scale in both cases, this represents a serious additional cost for non-vehicle users.
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Figure 7. Access to groceries in Salt Lake County (a) with and (b) without a vehicle

5 Application

In this section, we develop a series of scenarios to which we apply the models
estimated in Section 4. These scenarios are constructed to illustrate potential applications
of a utility-based model, and not as an evaluation of proposed policies. We first describe
how each scenario was constructed, and then discuss the results together.
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The accessibility of each scenario is determined using the approximated utility
coefficients of the All model estimated in Section 4,

Uij = Bucis(kij) + Bn-a(NEMS — Availability) + B,_.(NEMS — Cost) ©)
+Bmic (MarketBasket) + By pe (Type)

and the total access benefit is defined as the consumer surplus given in Equation 3. Note
that this benefit is denominated in units of utility (Ben-Akiva & Lerman, 1985), and the
coefficients in Equation 5 serve to convert between the units of the variable and utility.
Specifically, the S, coefficient represents how many dollars of grocery cost a person is
willing to spend to increase their utility by one unit. In actuality, the utility formula in
Equation 5 is a relative utility added by an unknown constant, U;; = f (B, X; j) + C, but
this C term is included in all the alternatives and therefore cancels out in estimation
(Train, 2009). This means we cannot assess the absolute value of utility, but we can
assess the relative monetary benefit of the difference between two scenarios as

Benefit=z _ % (cs—cs)
7 Bmkt

with the consumer surplus of the “improved” scenario in each origin zone i indicated as
CS;" and the unimproved counterpart as CS;, a weight w accounts for the population in
the zone, and the ;¢ converts the difference in utility into a dollar amount.

5.1 Scenario descriptions

There are four general strategies we develop scenarios around:

1.  Erecta new grocery store in the community, in a place where one does not
already exist.

2. Improve an existing convenience store or dollar store so that it has the attributes
of a full-service grocery store.

3. Improve the transit and non-motorized access to stores in a region.

4. Increase the availability of grocery delivery in the region.

We implement all four strategies in scenarios on the west Salt Lake valley community.

5.1.1 Erect a new store

This strategy assumes that the food environment would benefit from a new store
located in a place that presently has low grocery store access. To examine the potential
for this strategy to improve food access in each community, we calculate the change in
destination choice log-sum when a new store is added to the region in a location where
access is currently poor. The new store is a full-service grocery store with a number of
registers equal to the mean of other grocery stores in the community, and NEMS
availability score, NEMS cost score, and market basket cost equivalent to the 75
percentile for the community. Thus the store is expected to be better-than-average quality
as perceived by the residents of the community. The location for this new store is at 4100
S and 2700 W in West Valley City.

5.1.2 Improve an existing store

This strategy assumes that existing stores are in locations that the community values
and can access, but that those stores may not have high availability of quality goods. In
response, some public agencies and community groups have executed programs to
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improve the offerings and display of more nutritive products (Haboush-Deloye et al.,
2023; Young et al., 2018). To examine the potential for this strategy to improve food
access, we improve the attributes of an existing dollar store in the community so that it
has the size, prices, and availability of goods as a full-service grocery store. As above, we
create a full-service grocery store with a number of registers equal to the mean of other
grocery stores in the community, and NEMS availability score, NEMS cost score, and
market basket cost equivalent to the 75" percentile for the community. Thus the store is
expected to be better-than-average quality as perceived by the residents of the
community; the difference from the previous scenario is that the improved store takes the
place of an existing convenience store or dollar store. In this scenario, we improve the
attributes of an existing ethnic store near 2700 W 3500 S in West Valley City.

5.1.3  Improve transit and non-motorized transport

This strategy assumes that people cannot easily travel to existing stores because they
cannot or do not drive for a variety of reasons, and that the public and active transport
networks provide an insufficient level of service. To examine the potential for this
strategy to improve food access, we improve the travel time costs in the Salt Lake
community for non-motorized and public transportation in the region and calculate the
change in destination choice log-sum.

For active transportation, the lack of pedestrian facilities across and alongside roads
both in reality and in the OpenStreetMap dataset may substantially increase measured
walk distances and times. In this scenario, we replace the times measured from
OpenStreetMap using RS with an idealized distance function,

\/E * d’ij (6)

twalk = —
wa

where d';; is the Euclidean (straight-line) distance between i and j and v;; is an average
walking speed equivalent to 3.5 feet per second (Fitzpatrick et al., 2006). The distance is
multiplied by the square root of 2 to reflect the Manhattan distance (along a gridded street
system). We retain the cap on walking distance at 10 kilometers. Though this distance
may radically understate the real walking distance, we are trying to create an idealized
scenario of effectively frictionless active transport. For public transit, we assume that the
frequency of service is such that all transfer and initial wait times are at most 5 minutes,
and that no person must walk more than 10 minutes to access their first public transport
service. Presently, the mean walk access time in the scenario region is over 20 minutes,
and the wait time over 10 minutes.

Travel times are improved in this way for all block group-store pairs in the west Salt
Lake Valley community.

5.1.4  Grocery delivery services

This strategy assumes that the most effective way to bring quality food to an
inaccessible location is not to change the distribution of stores or the quality of transport,
but to support and enable delivery services that will bring food to individuals. To model
this scenario, we assume that 20% of the full-service grocery stores in the west Salt Lake
Valley community offer a delivery service. This raises the price of the market basket by
$10, but reduces the travel time on all modes to 0 if the store is within 3 kilometers. All
of these assumptions are imperfect: a local grocery chain presently offers services at a $7
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delivery fee, which is not paid by all customers; additionally, delivery services require
that customers expend time placing online orders; and service providers in the region
typically place a long-distance charge rather than a service area limit. Regardless, these
assumptions will work for the purpose of this exercise.

5.2 Scenario results

Using the methodology described above, we recalculated the destination choice log-
sum value for each block group under each scenario and compared the change in
accessibility resulting from the improvement.

Figure 8 shows the geographic distribution of benefits associated with each Salt Lake
Valley scenario. The benefits from locating a new store at a site in the Salt Lake
community (Figure 8 (a)) are largest immediately next to the new store, where they
exceed 3 for each household each time the household makes a trip to a grocery store. The
improved-store scenario (Figure 8 (b)) is similar in shape, but the scale of the benefits are
not as substantial (a maximum per-household-trip benefit of less than $1) and seem to not
cover quite as large a geographic region. The transit and non-motorized access scenario
(Figure 8 (c)) spreads smaller benefits over a larger area, while the grocery-delivery
scenario (Figure 8 (d)) produces the largest and most broadly distributed gains. In these
figures the distribution of benefits is shown in color, but the reader should note that the
scale of benefits is not uniform across the scenarios and is marked instead by the numeric
values on the legend.

Although comparing the geographic distribution of benefits is helpful, the aggregate
benefit is more likely to guide policy. Additionally, the aggregate benefits can be
weighted in different ways to understand the effects of the various policies on different
populations. Table 6 presents the aggregate benefit from each of the four scenarios. The
Households column multiplies the difference in destination choice log-sum at each block
group by the number of households in that block group, while the non-white and low-
income columns weight the difference by the share of non-white individuals and low-
income and zero-vehicle respectively. All demographic data comes from the American
Community Survey (ACS) 5-year aggregations; the ACS discloses households by
vehicles available at the tract level, while all other household characteristics are at the
more spatially refined block group level.

These alternate weighting schemes help to illustrate the potential equity of the benefit
distribution should each scenario be pursued. The new store scenario in the Salt Lake
community, for example, has a total benefit of approximately $13 million. Of this
amount, somewhat less than half the benefits go to non-white individuals and less than
one-fifth to low-income households. These ratios are more or less the same for the store
improvement scenario and the improved transport scenario in the Salt Lake Valley.
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(d) Expanded grocery delivery

Figure 8. Estimated per-household benefits under the four Salt Lake Valley scenarios
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Table 6. Scenario benefits

Weighted By
Scenario Households Non-white Low-Income Zero-Vehicle
New Store $12,860,857 $5,612,293 $2,217,757 $555,185
Improved Store $6,273,501 $3,019,389 $1,255,096 $333,377
Improved Transport ~ $1,686,717 $767,224 $234,676 $52,085
Delivery Services $228,192,080 $88,977,055 $26,216,631 $5,474,393

Overall, the improved store brings more than twice the benefits of improving non-
automobile transportation, and the new store more than five times the benefits.
Understanding the costs of these various alternatives is outside the scope of this research,
but the level of infrastructure investment required to increase transportation level of
service to that constructed in the simulation is likely an order of magnitude higher than
the cost of a single new grocery store. It is acknowledged that improving non-automobile
infrastructure and services would have benefits for all trip types—beyond just the grocery
store trips—that we do not attempt to enumerate here. It is also not clear whether the
level of improvement simulated in the second scenario could be accomplished within the
envelope of the existing store; it may be that such improvements would meet or exceed
the cost of building a new store on a new site, along with stocking, staffing, and operating
the store.

By far the highest benefit observed in these scenarios is the increased availability of
delivery services, but this scenario must be treated with some skepticism. Delivery
services place costs on shoppers that are not well-quantified in the existing model:
potential increases in shopping time, uncertainty over selection, inability to inspect goods
prior to purchase, delays in delivery, and so forth. Additionally, low extant delivery
prices may be a function of predatory pricing strategies by application developers seeking
to capture market share first, and achieve profitability later (Moore, 2022). Resolving all
of these issues cannot be handled in the present analysis, but it must be at least
considered that grocery delivery may have the greatest consumer surplus of these four
strategies by a wide margin.

6 Conclusions and recommendations

Food access is a critical topic that has been a frequent focus of academic literature in
public health, community planning, and engineering, but the varying and incomplete
quantitative definitions of access have perhaps limited efforts at developing solutions. In
this research, a model of food resource access that includes attributes of the store—
especially its size and the price of its goods—improves model fit over a model that only
includes the transportation accessibility information. This more sensitive model can be
used in policy evaluations to compare more targeted interventions along varied
dimensions. Travel time proximity is still seen as a driving attribute of access, explaining
most of the variation in choice and leading to a high evaluation of grocery deliveries that
effectively eliminate this barrier. These findings may not be general, but they largely
support the review of food desert literature in Beaulac et al. (2009) as well as critical
evaluations by Shannon (2014) and Wright et al. (2016).

The broad literature of attempts to evaluate the food environment in the end must be
motivated by attempts to improve not merely access to food resources but to improve
health outcomes. To this end, it would be useful to understand if the more comprehensive
measures pursued in this paper are more strongly correlated with health outcomes than
the less comprehensive measures currently used in policy evaluations. This has been
shown to be the case with urban green spaces (Macfarlane et al., 2021), but an
examination of this effect for health outcomes is left to future research.
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6.1 Limitations

A number of assumptions made in Section 3 lead to limitations that other reasonable
researchers might pursue differently and thereby obtain marginally different outcomes.

In selecting a survey instrument with which to collect the store attribute data, we
selected an existing and validated instrument from the food environment literature. We
acknowledge that NEMS-S measures may not capture the full range of nutritional needs
across populations and reflect a constrained but standardized proxy for diet-related
healthfulness. The NEMS-S focus on low-calorie and low-fat alternatives may be
somewhat outdated in view of modern nutritional guidelines. For example, the NEMS-S
does not track the availability and price of poultry, as “lean” poultry is not a goods
category in the way that ground beef comes with multiple fat contents. Thus a major
source of protein in typical American diets (FNS, 2021) was not traced across stores in
each community. On a more basic level, the NEMS-S attempts to measure a store’s
stocking of goods that researchers believe are beneficial, and does not measure either
what people wish to buy, or what they are actually buying at a store. Future research
might attempt to survey shoppers on what they actually purchased at each store—or
collect receipts of their purchases—though this would substantially raise the difficulty of
collecting data.

Most households do not obtain all their groceries at a single store, though this research
of necessity assumed that a simulated person chose exactly one store from stores
available to them. Similarly, the location-based services data provided by StreetLight and
used to identify which stores people traveled to only reveal whether a device was
identified inside a geographic polygon, and not what they were actually doing in that
polygon. This research had no way of distinguishing, for example, whether an individual
device observed at a dollar store or a supermarket (e.g., Wal-Mart) was there to purchase
groceries or some other household goods that might not be offered at more traditional
food markets.

This research implemented travel impedance measures calculated using an asserted
mode choice utility equation, with assumed limits on the walk distance and total travel
time by all modes. These assumptions are necessary to render the problem tractable, but
more information could be incorporated in future research. The authors are unaware of
travel behavior data in San Juan County that could be used to estimate mode choice
model parameters, but it is likely that sensitivities to distances and costs are different in
that region than in the urbanized areas of the Wasatch Front. The limits applied to non-
motorized distance and travel time similarly will affect the numeric results presented in
this paper but are unlikely to have a significant impact on the interpretation or the scale of
the results. A sensitivity analysis to these assumptions would be a useful step in
implementing this research.

A number of simplifying assumptions concern the socioeconomic and spatio-temporal
detail supplied to the choice models and accessibility calculators. The StreetLight data do
not contain any demographic information on the individuals making trips, beyond the
inferences made possible by the residence block group. This makes it difficult to estimate
whether lower income households are more or less sensitive to travel distances or prices.
Additionally, the research assumed that every trip was from the population-weighted
block group centroid, which may vary substantially from the actual distance traveled,
especially in large block groups. The methodology also used travel times calculated in the
AM peak hour; though this time maximizes the availability of transit options, it is not a
typical peak time for grocery shopping. The mode choice model was also selected for
general convenience and not fully calibrated to grocery trips in the specific regions. All
of these limitations could potentially be relaxed by using a synthetic population with
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detailed socioeconomic data and parcel-level location choices determined by an activity-
based model, as proposed by Dong et al. (2006). In this exercise, which we leave to
future research, the grocery maintenance trips could be explicitly modeled, with synthetic
individuals of unique characteristics choosing destinations that are available on the
course of their other daily activities, using their chosen travel modes. This proposal
would effectively extend the methods of Widener and Shannon (2014) within the
framework of explicit activity-travel modeling.

Finally, the scenarios presented in Section 5 are designed to illustrate potential
applications of this accessibility methodology, with a comparative analysis of strategies
to improve food access. Selecting different sites, attribute levels, or transport policies
might substantially change the scale or rank-ordering of the estimated benefits. A
comprehensive search for the location that would maximize benefits would be an
interesting exercise, which we also leave to future research.
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