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Retail Center Geographies
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Retail is an important function at the core of urban areas, occupying a key role in determining their
economic prosperity, desirability, and vibrancy. Efforts to understand the geographies of retail centers, the
cores of retailing in urban areas, have a long academic tradition, often studied through either rich local case
studies, or when geographically more expansive, are constrained by limited detail. New data in United States
detailing the location and uses of retail creates a significant opportunity to develop a more complete and
comprehensive overview of the national retail system, at a high spatial resolution. This research is rooted in
a pragmatic effort to provide the first and most comprehensive model of U.S. retail center geographies,
through development of an integrated, conceptual, and empirically grounded framework, using data from
SafeGraph, to examine where they are located, what characteristics they have, and who uses them. The
resulting geographies are of great interest, creating significant potential in the monitoring of the national
retail system as it continues to evolve in response to wider structural challenges. Furthermore, by integrating
these three geographies (where, what, and who), we establish a conceptual framework that yields substantive
insights about the relationships between each of them, and argues that understandings of U.S. retail
center geographies are more comprehensive and useful when considering the who, what, and where together.
Key Words: Huff model, retail center, SafeGraph, typology.

he significance of retail to a nation’s eco-
nomic development has long been realized.
As a vital economic contributor and supplier
of employment (Helm, Kim, and Van Riper 2020),
the retail system often acts as a barometer for wider
economic trends (Berman and Evans 2013).
Furthermore, in the process of urban growth, the
expansion of cities is in part related to their function
as a consumer hub (Han et al. 2019), with the desir-
ability of cities increasing with a greater diversity of
consumption amenities and global service (Glaeser,
Kolko, and Saiz 2001). Retail centers, the “main
cores of retail activity in urban areas” (Dolega and
Celinska-Janowicz 2015, 9), are inextricably linked
to the desirability of cities, as the primary sites of
consumption within them. As a result, it is no sur-
prise that policymakers increasingly view retail cen-
ters as integral to economic prosperity (McCann and
Folta 2008), despite mounting evidence that their
economic value in cities and towns has declined in
the past decade (Wrigley et al. 2015).
Despite this, research on the nationally extensive
and comprehensive geographies of retail centers, in
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terms of their location, structure, and function,
remains scarce (Sevtsuk 2014). Such research has a
wealth of benefits beyond simply understanding how
they occupy space. Understanding the location pat-
terns of retail (the where) provides policymakers and
stakeholders with critical supporting information to
maximize the economic output of the industry,
through better urban economic policy (Larsson and
Oner 2014). Furthermore, discerning the provision
and characteristics of retail centers (the what) has
significance in understanding the composition, struc-
ture, and “vibrancy” of the retail system (DeLisle
2005; Dolega et al. 2019), and in the creation of
highly livable, mixed-use, and sustainable built envi-
ronments, with a strong “sense of place” (Baker and
Wood 2010; Sevtsuk 2014). When integrated with
an understanding of who is using retail centers and
where they come from, these geographical under-
standings can facilitate better evidence-led decisions
about retail location, and the subsequent develop-
ment of policy. Thus far, such insights into the geog-
raphies of U.S. retail centers have been relatively
inconsistent (Baker and Wood 2010), despite a com-
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mon recognition that these localities and the social
constructs they engender are vital.

In developing such understandings, coverage, and
replicability are key. Up-to-date and expansive
knowledge of the structure of retail provides tools to
monitor the evolution of retailing (Joseph and Kuby
2016), and therefore insights about different retail
spaces and time periods (Guy 1998). For example,
reconstructing definitions and typologies can con-
tribute substantive insights into the response of retail
centers to challenges, such as the so-called retail
apocalypse (Helm, Kim, and Van Riper 2020).
Combined with the unfolding long-term impacts of
the COVID-19 pandemic, policy action is critical to
protect the “brick-and-mortar” component of the
U.S. retail system (Torres-Baron 2018). For such
policy to be feasible, however, there needs to be a
comprehensive understanding of retail center geogra-
phies at the national level, which make it possible
to both identify where policy is required and assess
the effectiveness of such actions (Lloyd and
Cheshire 2017).

Literature on the geographies of retail centers is
well established within the retail geography and
urban studies communities, although often only con-
sidering a singular aspect of their geographies; for
example, where they are located, what characteristics
they have, and who uses them. Regarding where,
recent examples have typically focused on develop-
ment of analytical frameworks for delineation of the
scale and extent (boundaries) of retail (center) cen-
ters (e.g., Pavlis, Dolega, and Singleton 2018; Nong
et al. 2019; Ballantyne et al. 2022). In examining
what characteristics they have, articles have placed
an emphasis on trying to the understand the position
of centers in the wider retail system, through devel-
opment of typologies and classifications (e.g., Brown
1992). There is a substantial legacy of academic
enquiry seeking to understand patronage to stores,
using empirical models to identify who uses them
(e.g., Huff 1964; Wilson 1969; Fotheringham 1983).
Although understandings for retail centers are lim-
ited, the delineation of retail center catchments has
recently become more feasible (Dolega, Pavlis, and
Singleton 2016).

Despite a wealth of literature considering these
three retail center geographies in isolation, there has
thus far generally been no consensus on how best to
bring them together to provide a comprehensive
overview of a national retail system (DeLisle 2005).

A key constraint is often the availability of data for
the national extent; however, within the United
States, new data are enabling such a vision to be
realized, as demonstrated in the analytical framework
proposed by Ballantyne et al. (2022). In their article,
the authors constructed a framework for extracting
information about U.S. retail centers; the scale,
extent, and characteristics of those in the Chicago
Metropolitan Area. In this research, we extend their
framework, with the aim of providing the first
expansive, comprehensive, and fully integrated study
and conceptual framework of the geographies of U.S.
retail centers. In doing so, we make key technical
contributions such as demonstrating the utility of
nonhierarchical retail classifications, and the contin-
ued relevance of the Huff model, as well as signifi-
cant substantive contributions when integrating the
three geographies of U.S. retail centers, by demon-
strating the connections between them.

Thus, our article has three key objectives: under-
standing the who, what, and where of U.S. retail
centers. Following a review of existing literature on
retail center geographies, we introduce the data sets
used in this investigation. We then outline the
approaches used and resulting geographies of the
retail centers (the where), their characteristics (the
what), and catchments (the who). In the final sec-
tion, we discuss the implications of this study,
emphasizing the value of integration; understandings
of the who, what, and where are strengthened when
examined together.

Background
The Definitions and Origins of the Retail Center

The clustering or agglomeration of retail outlets
in geographical space has been defined in various
ways. A common definition used in the (U.S.) retail
geography literature is shopping center or hub
(Clapp, Ross, and Zhou 2019; Rao 2020). Such defi-
nitions, however, often only incorporate purpose-
built retail developments, excluding unplanned clus-
ters in decentralized locations, as well as other com-
plementary functions (Guy 1998). The term retail
center arguably has greater saliency, in its consider-
ation of all retail, its complementary functions (e.g.,
leisure), and an array of forms and functions. The
significance of this definition was first recognized by

the U.S. Census Bureau in 1966 (see Casparis
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1969), but definitions have since evolved, owing to
advances in greater computational capacity and data
availability (e.g., Pavlis, Dolega, and
Singleton 2018).

A clear and conceptual definition was proposed
by Dolega and Celinska-Janowicz (2015), “the main
retail cores in urban areas,” and although definitions
between studies differ, there is one term that con-
nects them all: agglomeration. Referring to a mass or
collection of things, agglomeration remains one of, if
not the key concept in understanding the locational
behavior of retail activities (Brown 1992; Sadahiro
2001). Retail agglomerations occur because there are
inherent benefits for retailers when locating in close
geographical space (Zhou and Clapp 2015), such as
increased access to an existing stream of consumers
(Teller and Reutterer 2008), and significant cost
advantages (Vom Hofe and Bhatta 2007). Thus, it is
unsurprising that retail agglomerations are described
as one of the most ubiquitous features of the com-
mercial environment (Brown 1992).

Retail center studies are also inextricably linked
to central place theory (CPT), which posits that dis-
tinctive hierarchical structures are in place between
agglomerations, determined by the demand for
which goods are purchased (Brown 1992; Parr 2017).
Many nonhierarchical and irregular retail structures
are emerging, however, (Dolega et al. 2019), and
some previous assumptions about consumer behavior,
made by CPT, are now considered less relevant
(Brown 1992). These theoretical considerations are
important though, when demonstrating the need for
posthierarchical understandings and awareness of the
inapplicability of the spatial component of CPT
(Borchert 1998), crucial when undertaking analysis
of where retail centers are located.

Where? A Short History of Retail Center

Delineation

Responses seeking to determine where retail cen-
ters are, and the extent of geographical space that
they occupy, can be traced back as far as 1928
(Woodbury 1928). Traditionally, delineations of
retail center space were based on field observation or
mapping of features (Woodbury 1928; B. ]J. Berry
1963; Clark 1967). Owing to advancements in the
availability of expansive spatiotemporal data sets and
analytical capabilities (Nong et al. 2019), however,
contemporary examples have been able to take a

more data-driven perspective, utilizing data aggre-
gated to grid cells (F. Wang et al. 2014; Han et al.
2019) or the individual store locations themselves
(Porta et al. 2009; Han et al. 2019) to explore the
location distribution patterns of retail centers. Both
Pavlis, Dolega, and Singleton (2018) and Ballantyne
et al. (2022) used spatial clustering of store locations
to delineate robust retail center boundaries for the
United Kingdom and Chicago Metropolitan Area.
There were some notable limitations in both
approaches, however, relating to the underlying data
and computational capacity of the HDBSCAN algo-
rithm, respectively. In their analytical framework,
though, the authors demonstrated the effectiveness
of the H3 spatial indexing system in refining center
boundaries (Uber 2018), which has also been used
recently to define retail centers in the United
Kingdom (Singleton et al. 2021). Although it is
clear that there is no global consensus on how best
to delineate the where of retail centers, it is evident
that computational cost and data reliability remain
key constraints. If full replicability and coverage are
to be achieved, the approach needs to be scalable
and repeatable, something that an approach based
on H3 can arguably provide.

What? Positioning Retail Centers in the Wider
Retail System

Knowing where retail centers are located forms a
necessary precursor to understanding what character-
istics they have, through the development of typolo-
gies or classifications and hierarchies (Guy 1998).
These studies, which seek to understand different
retail formats and the roles they occupy, are abun-
dant historically and in a more contemporary sense,
as retail systems are constantly evolving and trans-
forming (Micu 2019; Rao 2020). Historically, classi-
fications of these spaces were predominantly
concerned with hierarchies and emphasizing the role
of size in overall function (Sadahiro 2001). Such
approaches have retained saliency to the present
day, for example in the shopping center classification
of the International Council of Shopping Centers
(ICSC 2017).

In the past few decades, however, there have
been some fundamental shifts in the way that people
shop, reflecting the growing role of online channels
and changing demands of consumers. As a result,
new store formats have emerged (Joseph and Kuby
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2016) to support the demand for increasingly experi-
ential retail and leisure (Dolega and Lord 2020).
Thus, for any measure of retail function to have con-
temporary relevance, it has to reflect such changes,
still accounting for a greater multidimensionality of
descriptive input measures to effectively differentiate
between different functions (Guy 1998; Rao 2020).
Such approaches are becoming increasingly feasible,
owing to advancements in the way classification is
conceptualized and measured in retail geography
(e.g., Brown 1992), but also to advancements in
analytical capacity and data (Dolega et al. 2019),
providing significant scope for advanced retail classi-
fications based on sophisticated empirical analysis

(DeLisle 2005).

Who? Catchment Methodologies for Retail Centers

In understanding the geographies of retail centers,
it is also vital to understand the demand: customers
who are using them, and where are they are coming
from, referred to as the catchment. Catchments can
be defined as “the areal extent from which the main
patrons of a store or retail centre will be found”
(Dolega, Pavlis, and Singleton 2016, 1), resulting
from the spatial shopping behaviors of consumers,
and influenced by a multitude of different factors.
There are numerous ways to delineate catchments,
but broadly they can be split into two categories.
Deterministic methodologies, such as circular/fixed-
buffer (T. Berry et al. 2016) and drive time or dis-
tance polygons (Rudavsky, Pollack, and Mehrotra
2009) have some advantages, but rarely capture the
complexity of real-world consumer behavior and
competition (Dolega, Pavlis, and Singleton 2016).
On the other hand, probabilistic methodologies
include the entropy maximization, competing desti-
nation, spatial interaction, and Huff models (Wilson
1969; Fotheringham 1983; Newing, Clarke, and
Clarke 2015; Dolega, Pavlis, and Singleton 2016).
The latter, based originally on the law of retail grav-
itation (Reilly 1929), posited that consumer patron-
age could be modeled by considering the spatial
distribution and attractiveness of locations, and
accounting for relative competition between them
(Huff 1964).

A criticism of probabilistic models, however, is
that they denote how retail patronage should occur,
and as such do not always reflect more complex real-
ity. Supported by advancements in customer-level

data (Dramowicz 2005), though, such models have
become more sophisticated and flexible (Newing,
Clarke, and Clarke 2015), calibrated with data on
consumer behavior (e.g., loyalty cards) to ensure
they generate more accurate representations. These
calibration data sets are typically used to estimate
where consumers come from (Waddington et al.
2018), enabling delineation of an approximate
catchment (Davies, Dolega, and Arribas-Bel 2019).
Despite these advancements, robust empirical catch-
ment delineations for retail centers are sparse in the
related literature (Pratt et al. 2014), likely relating
to the additional considerations needed (Dolega,
Pavlis, and Singleton 2016). This presents a unique
opportunity in the United States given the availabil-
ity of highly accurate spatiotemporal consumer data
(SafeGraph, Inc. 2020b), and advancements in
parameter estimation methodologies (Y. Wang et al.
2016; Liang et al. 2020).

Integrating the Who, What, and Where

Although there is a plethora of literature about
these geographies in isolation, the relationships
between all three in the wider retail system have
received limited conceptualization, despite well-
known connections between them. For instance, it is
well understood that retail centers of differing scales
exhibit significant differences in function, as histori-
cally modeled by CPT, and used as a prerequisite to
most hierarchical classifications of consumption
spaces (e.g., B. J. Berry 1963; ICSC 2017). Despite
numerous studies using the outputs of the where—
retail center boundaries—as inputs to generate the
what—retail classifications—(Pavlis, Dolega, and
Singleton 2018; Ballantyne et al. 2022), through
development of analytical frameworks, no direct the-
oretical consideration has been given to the connec-
tions between them.

Such connections are also apparent between the
what (retail classifications) and the who (retail
catchments). The relative supply of goods and serv-
ices is one of the key determinants of retail patron-
age; centers deemed to provide a multipurpose or
comparison-shopping experience typically draw con-
sumers from a wider area than perhaps smaller town
and district centers serving local communities (Guy
1998; Dolega, Pavlis, and Singleton 2016). Finally,
there are also notable connections between the who
and the where; the spatial location or distribution of
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Figure 1. Conceptual framework of integrating the who, what,
and where.

retail centers determines the extent to which they
compete with each other, which is also in part
related to the function and hierarchical position of
the retail center(s)—the what. Thus, it has been
common to account for both function and scale
when constructing catchments for a national system
of retail centers; for example, by applying arbitrary
values based on size and type of shopping center
(ICSC 2017), or by deploying Huff models for con-
venience and comparison centers separately (Dolega,
Pavlis, and Singleton 2016).

Thus, it is clear that these three retail center
geographies (the who, what, and where) are intrinsi-
cally linked to each other, as presented within our
conceptual framework (Figure 1), and can be better
understood through integration, to provide a com-
prehensive overview of a national retail center sys-
tem. Figure 1 conceptualizes the interactions
between each of the three retail center geographies,
as discussed earlier; for example, the relationship
between scale and function, and the importance of
function to modeling patronage, all of which are
explored in the remaining sections of the article.
Figure 1 also highlights the pertinence of external
pressures (e.g., online shopping), which occupy a sig-
nificant role in the operation of a national retail sys-
tem, and are thus closely linked to the three
geographies. It is our view that better integrating the
who, what, and where provides a more comprehen-
sive overview of U.S. retail center geographies, and
can thus improve our ability to better understand
and effectively respond to external pressures on the
retail system.

Data

The primary database used in this research—
“places”—was obtained from SafeGraph, a U.S. com-
pany that provides point of interest (POI) and
mobility data for the United States, Canada, and the
United Kingdom. This database contained informa-
tion on places where people spend money, time, or
both, made up of three primary data sets. The first
data set, core places (SafeGraph, Inc. 2020b), con-
tained attribute information, such as the name,
address, category, and coordinates. The geometry
data set (SafeGraph, Inc., 2020a) contained detailed
building footprints for each place, accounting for
relationships between individual places and shared
buildings. The final data set, patterns (SafeGraph,
Inc., 2020c), contained traffic and demographic
aggregations for the places, providing detailed infor-
mation on how often people visit, how long they
stay, and how far they travel. The SafeGraph places
database was used as it is openly accessible, offers
comprehensive coverage for the national extent of
the United States, and as argued by Ballantyne et al.
(2022), is the best available source of data on retail
location for the United States in terms of accuracy
and comprehensibility. Thus, it is no surprise that a
large body of pioneering research has utilized the
SafeGraph places database to understand geographi-
cal phenomena (Liang et al. 2020; J. Wang et al.
2021; Yabe, Rao, and Ukkusuri 2021; Zhai et al.
2021; Huang et al. 2022).

For this study, the places that related to retail
were extracted, as in the analytical framework first
proposed by Ballantyne et al. (2022), resulting in a
data set of 3,476,542 retail places, a list from which
we were able to extract, for the national extent of
the United States, base information (core places),
building footprints (geometry), and corresponding
mobility data (patterns). With the latter, the more
recent SafeGraph weekly patterns data set was used,
which is available and updated weekly. A summary
of how the three data sets (core places, geometry,
and weekly patterns) were used in each component
of this article can be seen in Table 1. Additional
ancillary data sets included the use of retail land-use
polygons from OpenStreetMap to capture the extent
of larger retail developments (e.g., parking lots), and
spatial data on waterbodies from the U.S. Geological
Survey to account for the presence of major rivers in
boundary delineation. In addition, data from the
Environmental Protection Agency (EPA 2021) and
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Table 1. Data set usage within each of the three components

Component Data source Data set Usage
Core places
SafeGraph
The where p Geometry Aggregated to a grid of H3 polygons
OpenStreetMap Retail land-use polygons
Core places Composition, diversity size, and function variables
SafeGraph Geometry Size and function variables
The what Weekly patterns Economic performance variables
Environmental Smart location database | Size and function variables
Protection Agency
U.S. Census Bureau American Economic health variables
Community Survey
The who SafeGraph Weekly patterns Calculating observed patronage
(origin census tract, total visits)

the U.S. Census Bureau (2021) were used to derive
useful information about the surrounding urban mor-
phology (e.g., road density) and neighborhood
income of retail centers, respectively, when con-
structing our typology.

The Where of U.S. Retail Center
Geographies

Delineating the Scale and Extent of U.S.
Retail Centers

The approach used to delineate retail centers used
the H3 spatial indexing system, which as discussed ear-
lier, holds significant potential for an accurate delinea-
tion that is both interoperable and computationally
inexpensive. The approach, adapted from that used by
Singleton et al. (2021) and outlined in Figure 2, takes
as input the 3,476,543 retail places introduced earlier,
their longitude/latitude coordinates from the core places
data set, their building footprints from the geometry
data set, and retail land-use polygons from
OpenStreetMap (Figure 2A). These input data sets
were then aggregated to a grid of H3 addresses that
contained retail features (Figure 2B); the chosen H3
resolution that the features were aggregated to was
eleven, pertaining to hexagons with a diameter of
50m, the optimal resolution for exploring connectivity
between different retail places (Ballantyne et al. 2022).

Once the various input data sets had been aggre-
gated to H3, the retail center boundaries were delin-
eated, beginning by assembling a series of contiguous
tracts of hexagons based on direct adjacencies (Figure

2C), with only directly-neighboring hexagons in the
same tract. Following this, a search was then performed
to see if any of these initial tracts were near to
others—within 50 meters—by extracting a series of
tract-connecting hexagons (Figure 2D); H3 addresses in
the respective neighboring “K-rings” of two hexagons,
in and between different tracts. A detailed visualization
of what a K-ring is and how this operation worked can
be seen in Figure 3. These tract-connecting H3’s
(Figure 2D) were then used to merge nearby tracts built
on adjacencies, resulting in a set of connected tracts
(Figure 2E). Additional components included the use
of the National Hydrography Dataset to restrict merg-
ing of tracts across major rivers, a particularly pertinent
issue in cities like Providence and Chicago. Roads and
railway lines held similar potential, but were excluded
due to a lack of detailed spatial data detailing the exis-
tence of overpasses and underground railway lines,
which have a limited impact on boundaries.
Computationally, the approach used h3jsr, an R pack-
age for performing spatial operations within H3, and
the delineation of centers occurred at the state level to
improve performance. Only major retail centers were
extracted—those with more than fifty retail places—to
remove the large numbers of small centers, which dis-
tort the retail center typology (Ballantyne et al. 2022),
and reduce the computational efficiency of catch-
ment extraction.

Where Are U.S. Retail Centers?

The distribution of U.S. retail centers can be seen
in Figure 4, comprising a total of 10,956 (major)
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Figure 2. Approach to retail center delineation.

retail centers. The majority were found almost exclu-
sively in urbanized and heavily populated areas of
country: 98 percent were within an official
Metropolitan Statistical Area (MSA), with the most
populated MSAs containing the greatest numbers of
centers (e.g., Los Angeles). The centers varied
greatly in size, with the smallest containing fifty
retail places, and the largest (Manhattan, New York)
containing 27,907 retail places, with the median
number being 85. These differences contribute to
interesting debates about the continued role of scale

<
<
N

Y ;
VRN

8 Connected Tracts & Major Retail|

Centers (50+ retail places) 0 0.5 1 km

in retail center geographies, something we explore
later. There were also interesting regional differences
in the size and total number of centers; for example,
despite containing the largest center (Manhattan,
New York), the Northeast region comprised the
smallest number of centers, with the greatest number
of centers found in the South, which is realistic con-
sidering 40 percent of the population live there
(U.S. Census Bureau 2021). It is important to note,
however, that by excluding the smaller retail centers,
this distribution is heavily skewed toward the most
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urbanized retail centers, as in Pavlis, Dolega, and
Singleton (2018). By excluding these centers, it is
likely that we are not capturing their geographies in
rural areas of the United States, a limitation we
could not avoid.

Retail places
aggregated to H3

Extract the
K-rings:
six adjacent H3’s

Identify
tract-connecting H3’s

Connected tract

Figure 3. Use of K-rings to identify tract-connecting H3’s and
build connected tracts.

Figure 4. Distribution of U.S. retail centers (map not to scale).

The distributions of retail centers for some con-
trasting urban and retail environments are shown in
Figure 5, where a broad range of forms are apparent
including large, sprawling centers, such as those in
Chicago and San Francisco (Figures 5A, 5D), and
highly linear ones such as Downtown Boulder
(Figure 5B). The existence of these different forms
has long been recognized, with B. ]J. Berry (1963)
distinguishing them as “ribbons” and “centers” in
Chicago, whereas in the United Kingdom, Pavlis,
Dolega, and Singleton (2018) likened them to
“chain” and “compact” centers. The large sprawling
retail centers (Figures 5A, 5D) occurred in many
other U.S. cities such as Seattle and Washington,
similar to those seen in UK cities like Liverpool or
Manchester (Pavlis, Dolega, and Singleton 2018),
and similarly, the linear centers (Figure 5B) are not
all that different from UK high streets. At this
point, it is worth noting that a number of methodo-
logical advancements enabled accurate delineation
of the retail center boundaries. The use of building
footprints over point data and water bodies has argu-
ably better captured the spatial distribution of retail,
without privileging its relationship to streets or
major rivers. In addition, the use of land-use poly-
gons enabled delineation of major retail develop-
ments and shopping centers typically enclosed by
large parking lots, as in Figure 5C.
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Figure 5. The where of U.S. retail centers in four contrasting urban and retail environments (maps not to scale).

The What of U.S. Retail Center
Geographies

Developing a Multidimensional U.S. Retail
Center Typology

To account for functional differences between the
retail centers, a multidimensional retail center typol-
ogy was constructed. A series of variables (Table 2)
were extracted for each of the four retail

classification domains—composition, diversity, size
and function, and economic health—as in the ana-
lytical framework first proposed by Dolega et al.
(2019). The variables were mostly derived from the
core places data set, with others from either the
SafeGraph weekly patterns data set, or other ancil-
lary data sources (EPA 2021; U.S. Census Bureau
2021). We extended the framework, however, to
ensure greater applicability to the United States,
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Table 2. Variables used in construction of the retail center typology

Descriptives
Domain Variable Median SD
Composition propClothingandFootwear (%) 6.00 10.37
propDIYandHousehold (%) 3.21 291
propElectrical (%) 1.27 1.32
propRecreational (%) 3.99 3.19
propChemist (%) 1.96 2.01
propCTNandGasoline (%) 3.28 2.45
propFoodandDrink (%) 4.51 2.89
propGeneralMerchandise (%) 0.96 1.47
propBars (%) 1.13 2.81
propRestaurant (%) 17.80 8.32
propFastFood (%) 1.27 4.48
propEntertainment (%) 1.72 3.49
propFitness (%) 1.89 2.49
propConsumerServices (%) 26.33 10.53
propHouseholdServices (%) 4.62 6.23
propBusinessServices (%) 3.47 4.25
Diversity proplndependent (%) 43.59 19.52
propSmallMultiple (%) 1.37 1.93
propNationalChain (%) 23.21 16.81
propPopularComparisonBrands (%) 1.23 6.47
propPopularConvenienceBrands (%) 5.66 3.87
propPopularLeisureBrands (%) 0.39 1.12
nationalRetailDiversity (%) 13.68 4.56
nationalServiceDiversity (%) 13.51 5.31
localRetailDiversity (%) 37.84 12.98
localServiceDiversity (%) 37.04 14.02
Size and function nUnits 85.00 371.93
nBuildings 82.00 393.93
area (km?) 0.42 0.84
roeckScore 0.37 0.21
medianDistance (km) 8.30 175.56
retailDensity 0.21 0.15
residentialDensity 2.35 4.79
retailemploymentDensity 0.28 0.45
roadDensity 16.43 6.51
propAnchor (%) 0.28 0.94
propPremiumBrand (%) 0.00 1.92
propDiscount (%) 1.08 0.43
Economic health total Visits 3289.50 11867.31
totalPopulation 5864.50 15400.11
medianUnemployed (%) 2.88 2.13
medianIncome ($) 58503.75 30047.21
retailService 1.99 21.44
nCompeting 40.00 1742

Note: Those variables excluded from the classification are shown in italics. A summary of the selection and
measurement of variables can be found in the accompanying Supplemental Materials.

through capturing of a greater number and variety of they were constructed can be found in the accompa-
measures, specific to the U.S. retail context, a prob- nying Supplemental Materials.

lem identified by Ballantyne et al. (2022). The final To ensure that the input variables were parsimo-
list of variables and their descriptive statistics can be nious, correlation and sensitivity analysis were used

seen in Table 2, and a detailed overview of how to remove highly colinear variables, and those with



498 Ballantyne et al.

little effect on the classification shape. Seven varia-
bles exhibited high collinearity and were removed, a
key step when assembling classifications with unsu-
pervised machine-learning techniques (Singleton,
Alexiou, and Savani 2020). Principal component
analysis (PCA) was then used to identify those vari-
ables making limited contributions to the classifica-
tion, which resulted in the removal of a further
three variables. The final set of thirty-seven variables
were range standardized (0-1), and the classification
was performed using the partitioning around medoids
(PAM) algorithm. PAM requires specification of the
number of clusters (k); here we used elbow plots in
conjunction with average silhouette scores to deter-
mine k in each iteration of PAM, which can be seen
for the groups in Figure 6. The classification was

38000 -
36000 -
34000 -

32000 -

Total within sum of squares

30000 -

28000

Figure 6. Determining the optimal k value for retail center
groups. Value in bold represents optimal k value.

1. Major urban centres & established shopping
destinations (n = 1,606)

« Large, non-specialist, highly-diverse.

* Abundance of independents, bars, restaurants and
services.

* Heavily-urbanised locations (high road,
residential and building densities).

* Lower dominance of discount stores and popular
brands.

3. Comparison and multipurpose shopping
destinations (n = 1,316)

* High popularity and diversity.

* Abundance of popular comparison brands (e.g.
fashion) and anchor stores.

*  Good mix of discount stores and premium brands.

* Typically located away from heavily urbanised
areas (low road/residential density).

Figure 7. Pen portraits for the retail center groups.

performed twice to extract a two-tier classification,
comprising a set of four retail center groups and a
series of nested types.

What Are the Characteristics of U.S.
Retail Centers?

The characteristics of the retail centers, seen in
Figure 7 and Table 3, were determined by consider-
ing variability in the median values of input varia-
bles between each retail center group and type. The
spatial distribution of groups (Figure 8) was interest-
ing; the abundance and uneven distribution of
Groups 2 (Small city, town, and primary neighbor-
hood) and 4 (“Everyday” convenience and service)
was particularly noticeable, forming clusters in and
around smaller cities and other urban areas. In con-
trast, there were distinct concentrations of Group 1
centers (Major urban centers and established shop-
ping destinations) in the major cities such as Los
Angeles and New York, with other isolated occur-
rences in smaller, state capital cities. The number of
centers in each group varied substantially from 4,929
(Group 4) to 1,316 centers (Group 3, Leading com-
parison destinations). This difference does, however,
seem plausible given the frequency at which every-
day goods (e.g., groceries) are purchased, when com-
pared to other types of retail goods (e.g., home
furnishings). Furthermore, when considering the
total number of major cities versus smaller cities and
towns in the United States, the greater number of
centers in Group 2 compared with Group 1 also
seems plausible.

2. Small city, town and primary neighbourhood
centres (n = 2,745)

* Abundance of independents, bars, restaurants and
services.

* Highly linear morphology.

¢ Smaller, less diverse and located in less urbanised
locations than group 1 centres.

* Lower dominance of popular brands and anchor
stores.

4. ‘Everyday’ convenience and service retail centres

(n=4,929)

¢ Abundance of food and drink, service and
convenience retailers.

 Visited frequently (popular).

¢ Anchored by a general merchandiser (e.g. Walmart),
numerous discounters.

« Located away from dense urban areas, much smaller,
less abundance of popular comparison brands.
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Table 3. Characteristics of the U.S. retail center types

Type

Key characteristics

Examples

1.1 Metropolitan and primary
urban centers

1.2 Secondary metropolitan centers and
iconic shopping districts

1.3 Inner city food and drink destinations

1.4 Multipurpose peripheral shopping areas

2.1 Small city, primary neighborhood cores
and secondary food and drink
destinations

2.2 Neighborhood specialist service centers

3.1 Large, popular, and multipurpose
destinations

3.2 Premium outlets and leading fashion
destinations

3.3 Secondary fashion shopping
destinations

3.4 Off-price, nonspecialist comparison
destinations

4.1. Affluent “everyday” centers

4.2 Large and diverse “everyday” centers

4.3 Popular discount convenience centers

Largest in terms of area and number of
retail places, most diverse and
most popular

Smaller and less popular than 1.1, but
much more diverse and popular than
types 1.3 and 1.4

Smaller than other centers in Group 1,
with a higher-than-average abundance of
independents, restaurants, and bars

Located in periphery of major cities, large
and highly diverse, higher than average
numbers of household services

More diverse, greater proportion of leisure-
based retail (e.g., bars), dominance of
independent retailers

Less diverse, greater proportion of
consumer services, less independents and
bars/restaurants

Large, lots of weekly visits, with high
number of comparison brands, services,
anchors, and discounters

Dominance of clothing and footwear, with
an abundance of premium and the most
popular comparison brands

Abundance of comparison brands and
clothing/footwear, department store
anchored, absence of premium brands

Lots of discounters and anchor stores,
nonspecialist retail offering (e.g.,
comparison, convenience, fast food)

High-income neighborhoods, lots of
consumer services, convenience goods,
and fitness facilities

Large, highly diverse, abundance of
convenience retail/consumer services,
relatively affluent neighborhoods

Manhattan (New York), San Francisco
(California),

The Loop, Chicago (Illinois),
New Orleans (Louisiana)

Newark (New Jersey), Anchorage
(Alaska),

Portland (Maine), Pittsburgh
(Pennsylvania),
Berkeley (California)

Venice, Los Angeles (California),
Pilsen & Logan Square, Chicago
(Illinois),

Rittenhouse Square, Philadelphia
(Pennsylvania)

Hackensack (New Jersey), Watertown
(Massachusetts),

West End, Atlanta (Georgia),
Ocotillo Plaza, Las Vegas (New Vegas)

Elgin (Illinois), Idaho Falls (Idaho),
Fayetteville (Arkansas), Fort Myers
(Florida),

Bloomington (Indiana),
Wailea (Hawaii)

Thompson Lane Center, Nashville
(Tennessee),

Capital Square, Raleigh (North
Carolina),
Gloversville (New York)

Shoppers World, Framingham
(Massachusetts),

Milford Crossing, Milford (Connecticut),
Ingram Park Village, San
Antonio (Texas)

Orlando Vineland Premium Outlets
(Florida),

King of Prussia Mall (Pennsylvania),
Waikele Premium Outlets (Hawaii)
Mondawin Mall, Baltimore (Maryland),
The Promenade, Bolingbrook (Illinois),

The Summit, Reno (Nevada)

Assembly Square, Somerville
(Massachusetts),

Fairlane Green, Detroit (Michigan),
Southern Hills Plaza, Oklahoma
City (Oklahoma)

Glen Gate, Morton Grove (Illinois),
Port Jefferson Shopping Plaza (New
York),

Malibu Village, Malibu (California)

Kent Station, Seattle (Washington),
Lakewood City Commons, Denver
(Colorado),

Williamson Square,
Franklin (Tennessee)

(Continued)
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Table 3. (Continued).

Type

Key characteristics

Examples

4.4 Secondary discount
convenience centers

High weekly visits, abundance of discount
retailers, specialism in
convenience retail

Similar to 4.3 centers, slightly lower
abundance of discounters, greater
prevalence of consumer services

Sunshine Center, Panthersville (Georgia),
Essex Junction Center, Essex (Vermont),
Southern Blvd., Rio Rancho
(New Mexico)

Aspen Square, Laramie (Wyoming),
Michigan Avenue, Detroit (Michigan),
Wampanoag Plaza, Providence

(Rhode Island)

-

1. Major urban centres and established shopping destinations
2. Small city, town and primary neighbourhood centres

3. Comparison and multi-purpose shopping destinations

4. 'Everyday' convenience and service retail centres

Figure 8. Distribution of U.S. retail center groups (map not to scale).

In terms of composition and function (Figure 7),
interesting differences were apparent between the
groups. For instance, both the first and second group
of centers comprised a retail offering typical of urban
centers (e.g., abundance of bars, restaurants). They
were differentiated, however, by size, diversity and
urban morphology, resulting in a clear distinction
between major city centers (e.g., Chicago, Illinois)
and smaller urban centers (e.g., Aurora, Illinois).
Furthermore, the distinction between Groups 3 and
4 was of great interest; despite polarized retail offer-
ings, discount and anchor (general merchandise)
retailers occupied a key role in both. When examin-
ing the nested types (Table 3), many interesting
functional and compositional differences were also
identified. The existence of some of these types
within the groups was logical, for instance the

splitting of premium outlets and leading fashion des-
tinations (3.2) from off-price, nonspecialist compari-
son  destinations  (3.4).  Furthermore, the
differentiation of primary and secondary metropoli-
tan centers (1.1, 1.2) and the identification of food
and drink destinations (1.3). As we concluded earlier,
though, it is important to note that the typology pre-
sented here likely excludes some additional retail cen-
ter functions, particularly those exclusive or common
in rural areas.

Here we have constructed a multidimensional
typology for the United States, which highlights the
apparent structural and functional interdependencies
between centers. Despite a  nonhierarchical
approach, we must not overlook the relationship
between function and scale, as highlighted in our
conceptual framework (Figure 1). Dividing up the
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Table 4. The observed relationship between U.S. retail center scale and function

Retail center size (Fisher—Jenks) percentage

Small Medium-sized Large Very large
Retail center group (50-250 units) (250-1,200 units) (1,200-3,200 units) (> 3,200 units)
1. Major urban centers and established shopping destinations 10.49 76.70 100.00 100.00
2. Small city, town, and primary neighborhood centers 21.67 2.18 0.00 0.00
3. Comparison and multipurpose shopping destinations 12.43 13.10 0.00 0.00
4. “Everyday” convenience and service retail centers 49.41 8.01 0.00 0.00
Total retail centers (= 100%) 9,865 687 39 5

retail center groups into four size categories (Table
4) yielded interesting insights about the mapping of
functions across various scales, and the continued
applicability of CPT. For instance, with the smaller
and medium-sized retail centers, a greater diversity
of functions was evident, particularly an abundance
of localized ones, as suggested by Guy (1998). When
looking to the large and very largest retail centers, it
is apparent that there are fewer centers in these cat-
egories with a much lower overall diversity. These
centers were typically found in the largest U.S. cities
where CPT is arguably of much less contemporary
relevance, as polycentricity and existence of large
spatial structures creates significant market fragmen-
tation (Dolega, Pavlis, and Singleton 2016). Thus,
the vast differences in retail center functions and
scales across the United States counter efforts to
conceptualize the retail system through CPT, as par-
alleled in the United Kingdom (Dolega, Pavlis, and
Singleton 2016), but must not be overstated as we
have deliberately excluded the smallest centers from
our analysis.

The Who of U.S. Retail Center
Geographies

Calibrating the Huff Model to Estimate Retail

Center Catchments

Unpacking who uses retail (centers) and where
they come from is a long-standing theme in retail
geography. It is vital for better understanding the
interplay of supply and demand, in particular, com-
prehending the main drivers of demand and access
(Waddington et al. 2018). In this application, we
modified the approach of Dolega, Pavlis, and
Singleton (2016), where a bespoke Huff model was
developed to delineate catchments for retail centers

in the United Kingdom. The Huff model, as

outlined earlier and specified in Equation 1, posits
that consumer patronage can be modeled by consid-
ering the attractiveness (A;) and spatial location or
distance of retail locations (Dy;), with o and f cali-
bration parameters used to ensure the model accu-
rately represents reality.

In this research we apply the Huff model to the
United States, calibrating it with SafeGraph’s
weekly patterns data set (SafeGraph, Inc. 2020c),
and accounting for functional differences between
retail centers. The data set, as described previously,
contains aggregated visit counts for each retail
place at the census tract level enabling identifica-
tion of who uses these places and (approximately)
where they come from. Arguably, the weekly pat-
terns data set could be used to directly demarcate
catchments, but this is problematic, as catchments
remain inherently dependent on the data itself,
raising issues of representativeness and universal
applicability. On the other hand, the use of the
patterns data and recent advances in calibration
(e.g., Liang et al. 2020) could yield substantive
insights about the drivers of patronage in the con-
temporary retail system (e.g., distance, attractive-
ness), through direct calibration of the model o and
[ parameters, demonstrating the (in)applicability of
the Huff model.

In this approach, the Huff model was used to pro-
vide a probabilistic breakdown of the likelihood con-
sumers from census tract i would visit retail center j,
as specified in Equation 1. To measure the attrac-
tiveness of retail centers (A;), an aggregate score was
derived from a series of variables (Equation 1)
deemed important for retail center attractiveness
(Dolega, Pavlis, and Singleton 2016; Gong et al.
2021). Euclidean distances (Dj;) were calculated
between the census tracts and centers, as shortest
network distances to all tracts were not computa-
tionally feasible.
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Figure 9. Comparing the (A) observed and (B) predicted patronage probabilities for Downtown Boulder (maps not to scale).

Table 5. Correlation testing of observed probabilities
against predicted probabilities from Huff models with
different o and f values

B
Pearson’s R
o 0.1 0.5 1.0 2.0 5.0
0.1 0.309* 0.539* 0.657* 0.665* 0.588*
0.5 0.270* 0.537* 0.654* 0.664* 0.588*
1.0 0.196* 0.529* 0.649* 0.663* 0.588*
2.0 0.109* 0.496* 0.632* 0.658* 0.587*
5.0 0.039* 0.339* 0.543* 0.626* 0.580*

Note: These values are for the calibration of the model for centers in
Type 1.2. Value in bold represents the calibrated model parameters for
Type 1.2 centers.

%p < 0.05.

« =B
A* D;

= 2t (1)
n o B
Zj:lAj Dij

where P;; is the probability that consumers located
in census tract i would visit retail center j; A; is the
measure of attractiveness for retail center j, based on
size, total visits, diversity of retail offer and presence
of popular comparison brands; Dj; is the shortest
Euclidean distance from census tract i to retail cen-
ter j; o is the attractiveness parameter, determined
through comparison with observed patronage; and f

is the distance decay parameter, determined through
comparison with observed patronage.

The final step in fitting the basic Huff model was
to calibrate the model parameters (o, f5). In Dolega,
Pavlis, and Singleton (2016), the authors determined
o and f using related literature and survey observa-
tions. In this study, however, we utilized recent
advancements in (data-driven) parameter calibration
(Y. Wang et al. 2016; Liang et al. 2020), comparing
a series of Huff models to observed patronage behav-
iors, to empirically derive o and f values. We used
the SafeGraph patterns data set to compute observed
patronage probabilities, and then compare these to a
series of Huff models with different o and 8 values
containing predicted Huff probabilities for each cen-
sus tract, as shown in Figure 9. Correlation testing
was performed between the observed and predicted
probabilities, as in Y. Wang et al. (2016), to identify
the calibrated parameters, as shown in Table 5.
Once determined, these calibrated parameters (o, )
were used to delineate catchments for the retail cen-
ters, by extracting predicted probabilities above 50
percent and 25 percent as the primary and secondary
catchments, respectively.

As suggested by Dolega, Pavlis, and Singleton
(2016), a number of modifications and considera-
tions were made to ensure suitability of this method
to retail centers and maximize computational
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Table 6. Calibrate Huff model parameters for each retail center type.

Group

Type o p

1. Major urban centers and established
shopping destinations

1.1. Metropolitan and primary 0.1 1.0
urban centers

1.2. Secondary metropolitan 0.1 2.0
centers and iconic
shopping districts

1.3. Inner-city food and drink 0.1 1.0
destinations
1.4. Multipurpose peripheral 0.1 1.0

shopping areas

2. Small city, town, and primary
neighborhood centers

2.1. Small city, primary 0.5 1.0
neighborhood cores, and

secondary food and drink
destinations
2.2. Neighborhood specialist 0.1 2.0

service centers

3. Comparison and multipurpose
shopping destinations

3.1. Large, popular, and 1.0 1.0
multipurpose destinations

3.2. Premium outlets and 0.1 0.5
leading fashion destinations
3.3. Secondary fashion 0.5 1.0
shopping destinations
3.4. Off-price, nonspecialist 0.5 1.0
comparison destinations
4. “Everyday” convenience and 4.1. Affluent “everyday” centers 0.1 2.0
service retail centers 4.2. Large and diverse 0.1 1.0

“everyday” centers

4.3. Popular discount 0.1 1.0
convenience centers
4.4. Secondary discount 0.1 1.0

convenience centers

efficiency. The calibration of model parameters was
performed for the West region of the United States,
to minimize computational cost, with this region
selected due to its diverse urban structure, compris-
ing 30 percent of all centers. Second, this method
was applied separately for each distinct type of
retail center, ensuring only those with directly com-
peting offerings were treated as equal on the catch-
ment surface, as it is problematic to design a
hierarchical catchment system (as in Dolega, Pavlis,
and Singleton 2016), based on a nonhierarchical
typology. This also links to the conceptual frame-
work (Figure 1), where we illustrated that the who
and what are intrinsically connected when consid-
ering that the supply of goods and services (the
what) has a significant role in determining patron-
age (the who). Thus, a separate constrained Huff
model was calibrated and used to extract catch-
ments for centers in each type.

Who Uses U.S. Retail Centers?

The calibrated model parameters varied substan-
tially between the retail center types (Table 6),
offering useful insights as to the role of attractiveness
and distance in determining patronage to U.S. cen-
ters with different functions. For example, much
larger f values seen for Group 4 centers were inter-
esting, with these centers providing an “everyday”
retail offering, a retail function highly sensitive to
distance (Dennis, Marsland, and Cockett 2002). In
addition, o and f were equal for the large, popular
and multipurpose destinations (3.1). Given this type
comprised many of the established U.S. shopping
locations, they could be more likely to fit the con-
ceptual basis on which the Huff model is grounded.
In general, the attractiveness parameter (o) was of
less significance in ensuring that the Huff models
accurately represented reality, as in the United

Kingdom (Dolega, Pavlis, and Singleton 2016), with
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Figure 11. Primary and second catchments for the (A) Downtown Boulder and (B) Seattle City retail centers.

p often exceeding a. What remains clear, however,
is that a one-size-fits-all approach does not work for
a national set of retail agglomerations, as in the
United Kingdom (Dolega, Pavlis, and Singleton
2016). To demonstrate this further, Figure 10 com-
pares the catchment of a retail center that has

(Figure 10A) and has not (Figure 10B) accounted
for retail center type. With the former, a catchment
that more accurately reflects the observed patronage
behaviors was delineated, suggesting the role of func-
tion remains much more significant in determining
patronage, over scale.
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Primary and secondary catchments for Downtown
Boulder and the Seattle City retail centers can be
seen in Figure 11. For Seattle, its catchment was
very typical of others in Type 1.1, typically very
large, owing to a lack of directly competing centers
nearby. In some of the more polycentric cities like
Los Angeles and Chicago, however, the overall
catchment sizes of these centers were much smaller,
due to increased competition with other urban cen-
ters. Similarly, the Downtown Boulder catchments
were large, with the nearest main competitor located
in Denver, approximately thirty miles away. It is,
however, likely that the Downtown Boulder retail
center competes in some way with the nearby large
28th Street retail center (Figure 5), thus, an
approach to catchment modeling at the group level
might have handled competition more effectively.
On experimentation, though, this failed to demar-
cate the naturally “higher order” Type 1.1 and 1.2
centers from others in the group, prompting further
investigation into how we can better measure the
attractiveness of retail centers, and reduce the need
for catchment overestimation.

Thus, although we have not been able to fully
capture the role of competition in our model, we
have instead been able to demonstrate and calibrate
a nonhierarchical Huff model that accounts for the
function of centers entirely. Given that these catch-
ments are calibrated against a large mobility data
set, they arguably provide an accurate way of esti-
mating patronage to retail centers for the national
extent, despite overestimation. The underlying
observed patronage behaviors highlight this (Figure
10), where it is evident that the majority of tracts
containing relatively high levels of patronage were
contained within the catchments of centers. One
exception to this was the catchments for Type 3.2
centers, premium outlets and leading fashion desti-
nations, which were the least accurate. Premium
outlets, however, typically exhibit patronage behav-
iors that are distinctly different from all other com-
parison destinations (Guy 1998); thus, it is likely
that the Huff model in its current form is not suffi-
cient to account for this difference in function.

An unexpected, yet interesting aspect of the
catchments was in  their  average  sizes.
Unsurprisingly, some of the traditionally higher
order centers like Type 1.1, 1.2, and 3.1 were the
largest in area, with the smallest catchments seen for
centers providing an “everyday” or convenience-

oriented offering (2.2, 4.1, 4.2). These findings have
major implications for research like ours, which uses
data-driven approaches to understand geographical
phenomena. With retail centers there are always
implicit hierarchies, but without local, expert knowl-
edge, it becomes difficult to account for and build
replicable approaches that integrate such knowledge.
In this study, we have made early steps to demon-
strate the potential for unpacking the hierarchical
from the nonhierarchical, using a Huff model cali-
brated on a large mobility data set to identify higher
and lower order patronage behaviors, demonstrating
further the connection between the who and
the what.

Discussion and Conclusions

The physical, brick-and-mortar component of the
U.S. retail sector is under threat. Retail centers, the
primary sites of (physical) consumption (Dolega and
Celinska-Janowicz 2015), are under increased pres-
sure during the so-called retail apocalypse, and as
longer term, structural impacts continue to disrupt
the retail landscape—not least given the recent
shifts due to the COVID-19 pandemic. This research
is rooted in a pragmatic effort to better understand
the geographies of U.S. retail centers as a response
to these issues, through extension of the analytical
frameworks first proposed in Dolega et al. (2019)
and Ballantyne et al. (2022), to provide a new con-
ceptual framework that yields substantive insights
about the U.S. national retail center system. Using
data from SafeGraph and cutting-edge techniques in
retail center delineation, classification, and probabil-
istic modeling, we explore three geographical aspects
of U.S. retail centers: where they are located, what
characteristics they have, and who uses them. In
developing such understandings, though, we argue
that these three geographical aspects are intrinsically
linked, and as such can be better understood when
examined together, through provision of a concep-
tual framework to ground such understandings.

For instance, we demonstrated the efficacy of
including ancillary data sets to derive better retail
center boundary delineations, resulting in a higher
resolution and more representative retail center
typology than was obtained in Ballantyne et al.
(2022). Furthermore, we showed that the Huff
model can be enhanced to better account for
implicit differences in patronage between centers, by
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integrating information about retail function, sup-
plied by typologies. Finally, throughout this article
we highlight apparent connections between scale
and function, illustrating that retail center functions
can span multiple scales, and that function remains
a greater determinant of patronage over scale. Thus,
it is our view that empirical inquiries into the geog-
raphies of U.S. retail centers need to be better inte-
grated, considering the where, what, and who
together, to derive more substantive and useful
insights, as opposed to considering them in isolation
or duality, as in much of the related literature.
Fundamentally, these apparent links between the
spatial distribution, typologies, and catchments of
U.S. retail centers contribute heavily to theoretical
and conceptual underpinnings in retail geography,
particularly in comprehending the role of function
and scale in the retail system, and the utility of fit
for purpose nonhierarchical classifications, where
critical details and niches about retail environments
have now been captured. We were also able to evi-
dence the continued applicability of the Huff model
in retail (center) geographies, through successful cal-
ibration of the model using a large mobility data set
from SafeGraph, Inc. (2020c), also shedding signifi-
cant light on the changing role of function, attrac-
tiveness, and distance in conceptualizing patronage.
These conceptual contributions echo many of the
findings of other studies in Annals of the American
Association of Geographers, notably Scharadin, Ver
Ploeg, and Dicken (2022) and Shannon (2016), who
investigated the geographies of food environments.
Both studies noted the role of food offering and
function(s) in determining the patronage behaviors
of (retail) food environments, calling for more holis-
tic and multidimensional understandings of them,
and highlighting the apparent utility of using
observed mobilities to better understand and model
these patronage behaviors; enabling definitions of
neighborhoods based on individual movements
across space and time (Root 2012). Thus, although
these studies did not explicitly integrate the three
geographies of food environments—where, what, and
who—they also demonstrated the intrinsic links
between them. Our research, however, provides sig-
nificant scope for future studies into food environ-
ment geographies, both in demonstrating the utility
of mobility data, to derive catchments or trade areas
for a larger number of food environments beyond
those based on individual observations (as in

Shannon 2016), and more broadly, providing a sys-
tematic framework through which to measure the
national geographies of food environments.

As a resource, these U.S. retail center geographies
also offer significant potential in helping to identify
how and where effective responses are needed, to pro-
tect the physical component of the U.S. retail system,
and the social and economic value that they repre-
sent (Lloyd and Cheshire 2017). Given the role of
retail centers in affecting the livability and desirabil-
ity of cities (Sevtsuk 2014), this new knowledge can
be used to support development of legislation and the
design of cities (Baker and Wood 2010). Placing an
emphasis on the overall sense of place and the quality
of the retail offer can result in significant enhance-
ments to the livability and economic success of these
areas (Glaeser, Kolko, and Saiz 2001; Sevtsuk 2014).
Furthermore, given the continued role of the pan-
demic in our daily lives, increasing volume of online
sales and the expanding network of literature on the
retail apocalypse, developing metrics for the centers
presented here, such as those seen in Singleton et al.
(2016) and Comber et al. (2020), could provide an
assessment of the pertinence of these issues across the
entire U.S. retail system.

These structural challenges are not unique, as
they are pertinent in other international settings,
which can also benefit from such geographical
understandings, and the development of effective,
data-driven policy action in response. For such out-
comes to be feasible, however, the empirical mea-
surement of retail center geographies has to be
replicable (Dolega et al. 2019), offering repeatability in
existing contexts, and applicability to different ones.
Through the development of a fully replicable work-
flow, utilizing open-source tools and methodologies,
and creation of a comprehensive GitHub repository
(https://github.com/patrickballantyne/USRetailCentres),
the geographies of U.S. retail centers can be updated
at regular intervals, enabling insights about their evolu-
tion to be gained (Joseph and Kuby 2016).
Furthermore, in conjunction with the increased avail-
ability of globally available retail location data
(Safegraph, Inc. 2021), and a new conceptual frame-
work providing a comprehensive overview of the
national retail (center) system (Figure 1), the workflow
presented here can be modified and extended to derive
impactful understandings of retail center geographies in
other international settings, as suggested by Ballantyne
et al. (2022).
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With this research, we do not claim to provide
the definitive set of U.S. retail center geographies,
as our study is inherently limited by a lack of
engagement and validation involving stakeholders,
local experts, and qualitative understandings.
Furthermore, a significant limitation of our study is
exclusion of the smallest and likely most ruralized
retail centers. These are likely to exhibit a signifi-
cantly different distribution when considering where
they are located, and as a result, all retail center
functions have likely not been captured and
described. This also has notable implications when
considering the relationships between retail center
scale and function, described earlier and shown in
Table 4. Further studies into U.S. retail center geog-
raphies at the national extent should seek to explore
these ideas further, seeking to understand what addi-
tional knowledge can be generated about the geogra-
phies of the U.S. retail system when incorporating
these localities. Limitations aside, it is our view that
we have been able to provide an empirically
grounded and conceptual framework through which
to better understand the geographies of U.S. retail
centers. Throughout this article, we have generated
new knowledge about where they are located, what
characteristics they have and who uses them, and
more importantly emphasized the importance of
integration, utilizing the conceptual framework pre-
sented here, to yield the most compelling and useful
geographical insights about these phenomena.

Supplemental Materials

Supplemental data for this article can be accessed
on the publisher’s site at: http://dx.doi.org/10.1080/
24694452.2022.2098087. This includes a more
detailed overview of the variables used in the “The
What of U.S. Retail Center Geographies” section of
the article. In these materials we provide a much
more specific summary of the variables used to
assemble the multidimensional typology, in particu-
lar justifying and detailing their calculation, and use
in the classification approach.
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