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Abstract

Retail centres, thmaincores of retailingn urban areadjave been of interest to geographers

for decadesowing to their importance itme wider economic system, and ratethe economic,

social and cultural heaof local communitiesHowever, in the Ztcentury physical spaces of
consumption such as retail centres face profound challenges, as the global retail sector
continues to be threatened by wider economic pressures (e.g., recessions), the rising popularity
of online shopping, changing consumer behaviewy., experience retaignd recené s hoc k s 6
such as the COVIEL9 pandemic and cosf-living crisis. As a result, there is significant
evidence to suggest that physisaes of consumptiobhoth in the UK and U.Sarefacing an
6apocal yps e dyincraassingevacandies,redctibnshn footfall and the increasing
share of sales onlin&hroughout this thesist is argued that by strengtheningderstanding

of the geographies aétail centresin particularwhee they are locatedyhat characteristics

they have anavhouses themit becomes easier to understand existing levels of provision and
Avi brancyo i n t heandqgeantdyitheir response ttor egt¢rnalspyesstires m,
(e.g., COVIDB19), facilitating better evidencéed decisions about retail locatidPolicy action

is critical tandmpr o ae 6t c b me o Gdetoribwdtio hefedsible r et a
there needs to be a comprehensive understanding of the geographies of retail cdmres at t
national levelto identify how and where effective responses are needed, and assess their

impact.

Thus far, whilst the spatial location (theherd, characteristics (thevhaf) and patronage
(thewho) of retail centre agglomerations have beegreftinterest,such insights have been
relatively inconsistent, often focusing on specific locations (e.g., UK), or considering only a
singular aspect of retail centre geograph8agnificant progress has be made in delineating
retail centre boundarid®lping to answewherethey are locatedconstructing classifications

and hierarchieso understandvhat characteristics they hawand developing catchments that
capturewho is using them and where they areming from.However, these efforts have
typically been concentrated in the WKin rich local case studigproviding significant scope

for nationatlevel insights in other international locations. This is of great significance, given
the power of retail centre geographies as a tool for understanding wider retail sector processes;
a large body of workas showrhowretail centre geographiesn be used as ggraphic data
tools to better understand the response to external phenothen2008 recession, rising

popularity of online shopping and COWI®, to name a fewdowever, for such important
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insights to be feasible, it is argued that comprehensive unddirsgs of retail centre
geographieat the national level are needed, particularly captwiingrethey are locatedyhat
characteristics they have amdho uses them, all of which can be used as powerful tools to

demonstratdowthe wider retail sector iesponding to these pressures.

Addressing these research gaps, this PhD thesis aims to progdesstandingof the who,

what, whereandhow of retail centre geographiegresented across three empirical chapters,
all published inhighly reputablejournal articles In particular,analytical and conceptual
frameworks are developed which yield the first comprehensive understanding of the
geographies of retail centres in the U.S., comprisatgil centre boundaries, two-tier retail

centre typolog and accompanyingset of retail catchmentsfor the Chicago Mtropolitan
Statistical Aredchapter threednd national extent of the U(hapter four)In chapter fivehe

utility of retail centre geographigs demonstratedshowinghow they can be used to better
understand ow the retail sectoiis recovering from the COVIEL9 pandemic.through
examiration oftrajectories of retail centre recovery (and declins)ng an unstable dataset
derived from mobile phone applicatioMghilst subject to limitations, the findings of $hPhD

thesis have contributed to the use of new data and methods, theopetreaptual,and
substantive knowledge about retail centre geographies, and generated significant implications
for the development of public policy and future reseatobut thevho, what, wherandhow

of retail centre geographies.
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1. ThesisIntroduction

1.1.Background

Geography, andguantitative geography in particular, remains highly distinctive and
exceedingly vibrant (Castree et al., 2p2with younger cohorts continuing to emerge and
produce exciting analytical research (Franklin, 2021), and as such there has arguably never
beenra better time to be a quantit atFirstlyetheteeogr ar
has never been more abundant geographic data (Elwood et al., 2012), generated by many
different sources including legacy ones like the decennial census and sanaysw forms

of data such as those derived from mobile sensing platf@mesrth observation technologies

This rapid increase in fABig Datao generate
potential for the (spatially enabled) social scienoesdivance their understanding of a plethora

of human and environmental issues (Singleton and Aritehs2021). Secondly, the raw

i nputs needed t o 6 n o-sourcesobldand chneputdtional tapacity,sane c h a
also in abundance (Franklip021), enabling geographers to generate new insights and answer

new questions. Thirdly, the methodologies used in the subdiscipline are now much more
sophisticated (Johnston et al., 201®jereaspreviously geographers were limited by the
computational ifrastructure available to themmestricting the implementation of complex
algorithms or spatial analyseAs a result, quantitative geographers can now generate better
understandings over space and time, by strengthening their links to data sciencecaviddpor
methodologies from the field (Singleton and Arritized, 2021), ensuring that geography

remains important in an increasingly datadrivierd i gi t al 6 wor |l d (Mil |l er
Finally, from a philosophical and theoretical standpoint, quetiié geography has become

very different (Johnston et al., 2019), with some supporting the concept efirtaa

epi stemol ogy or t he ,20E4) where HataRral comgutaomabinsigi i t ¢ h
replace theories, whilst others continue to adopte nuanced and integrated approaches,
establishing new conceptual and theoretical framew@ikgleton and Arriba8el, 2021). As

a result, quantitative geography is a great place to be for research irf'ttbeniryas the

world we live in continueto become more complex adgnamic such that practitioners with

shared interests have constructed lively research communities in which to produce high quality
researchusing new forms of data and advanced analytical techniques, to contribute new

knowledye about some of thmost important issues of our time (Castree et al.2R02
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The field of retail geography is one such research commuinéyeographies of retailing have

been of great interest to geographers for a long time (Brown, 1992), comioguigya key

role within the sociakcientific agenda (Crewe, 2000), as evidenced by the increasing number

of outlets in which to publish high quality (retail) researahd the presence of dedicated
sessions at academic conferences. The formal field aif gegtography began to grow in the

1930s and 1940s when the distinct connections between retail activities and urban morphology
began to be recognised, followed in the +2@" century with a series of pioneering research

articles in retail geography by stalwarts such as Hoyt, Proudfoot and Huff in the U.S., and
Christaller and Smailes in Europe. Towards the end of tRec@6tury, a more theoretically

informed interrogation ofr et ai | activities emerged, i n wlt
geographieso by Wrigley and Lowe (1996), whi
engaged subdisciplin¢hat took its economic and cultural dimensions seriously, and argued

that the tansformation of retail capital and consumption spaces offered some of the most
fascinating and challenging areas of study in human geography. Contemporary retail
geography continues to engage with these historical debates, taking advantage of a greater
availability of consumer data and opseaurce tools, improved computational capacity and
conceptual and methodological innovations, to answer new questions about consumer

behaviour and the contemporary retail environment.

However, answering such questionse mai n s a significant chall
environment is inherently complex. The contemporary spaces of consumption we interact with
have evolved through time, partially in response to changes in the planning of retaisésnd

(Guy, 2007), butlao in response to pressuasd new technologieshich have facilitated the

rise of 6 £ 0 mme, wiiok @ontinus to alter consumer behaviour, asdbsequetyt the
demandson consumption spaceand retailers(Singleton et al., 2016). These spaces of
consumption, such as large shopping centres and high streets, fall within the definition of retail
centresi fithemain retail cores within urban arég®olega and CelEkaJanowicz, 2015, p9);

one of the most ubiquitous features of the commercial (and urb&mpement, acting as
centres for retail, but also associated activities such as leisure (Macdonald et al., 2022). The
geographies of retail centres have been of interest to geographers for decades, particularly the
spatial organisation of these geographghenomena (i.evhereare they located), which can

be traced backo themid-20" century (Woodbury, 1928; Murphy and Vance, 1954). Retail
geographers have also sought to understand thefna&il centregn the supply of consumers

with goods and services, as well as their relative position in the wider retail (centre) system,
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troogh the creation of Ohierarchiesdéd and oO0typ
what characteristicshey haveor what their role is within the wider retail (centre) system

(e.g., International Council of Shopping Centred§SC hereafter 2017; Brown, 1992;

Dolega et al., 2021). Furthermore, retail geographers have also been interestechiaracts

with these spaces of consumption and where they come from, through demarcation of retalil
(centre) catchments to better comprehend their rotki(aaractions) with demand and supply

(e.g., Dolega et al., 2016; Lloyd and Cheshire 2017).

Owing totheseadvancements ithhe understandings of retail centre geographies, theralbas

been a significant research effeeieking taunderstand the respsmof retail centres to external
pressures, such aconomic shocks and crises (e.g., 2008 recessiol),0 mme and e 6
COVID-19, through examination of the changing economic performance of retail centres, and
processes of retail decline (Enoch et al.,2@lega and Lord, 2020). Such studies are vital,

as the global retail sector continues to be challenged by ecorsimaks and crises,

0 £ o0 mme, rcltargiing consumer behaviours (e.g., experiential retailing) and the recent
COVID-19 pandemi@nd cosbf-living crisis, the latter ofwhich has seen a rapid increase in
interest ratespotentially destabilising lots of retail businesses (Grimsey, 26{®yever, for

such studies to be viable, it is important that a concrete understanding ebtiraghies of

retail centres, specificallwherethey are locatedyhatcharacteristics they have amtiouses

them is available. When obtained, taking advantage of new data and methods, these retail centre
geographies can be used as geographic datattost®whowthe retail sector is responding

to these pressures.

1.2.Research Gaps

Existing research on retail centre geographies has made significant progress in advancing
understanding@about th& existence and the ways in which thhegpondo changng consumer

behaviour. However, despite significant research about retail centre geographies, in particular
wherethey are locatedihat characteristics they havetho uses them antowthey can be

used as geographic data tools, there are still some &egrob gaps relating to international or
0global 6 under st andi n wsereoavhaandeho) sandthe use of hewe ge o
forms of data to quantify the impacts of new and emerging external pressiicscontinue

to present significant challenges for the economic performance of retail centres (e.g.,-COVID

19). These research gaps are described in more detail below.
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The where of retail centre geographies.

Studies seeking to identify the location and boundariesaif centres (thevhere havesought

to delineate their boundaries through use of egolution retailer location data and

met hodol ogi es that can be used to simplify s
boundaries. However, research effohave typically suffered from a lack of geographic
representation, or from being based on methodologies that arepraducible, built to suit

the dataset or study area in question. For example, there has been an abundance of relevant
research in the K (e.g., ThurstairGoodwin and Unwin, 2000; Pavlis et al., 2018;
Macdonald et al., 2022and noracademic examples (e.g., OS, 2019; Geolytix, 2020),

these have typically been concentrated in the UK setting, with limited efforts elsewhere.
Furthermorethe delineation approaches are often based on bespoke methodologies, making
them much more difficult to generate such understandings in other international settings
(Pavlis et al.2018), where methodol@gs are ofterconstructed in a way to suit thechiion

data (and its limitations), as well as tretudy area in question, limiting further (global)

applications.

Furthermore, given the dynamic nature of retail centres which expand and contract over time
(Pavlis et al., 2018)there is significant scope foeproducibleapproaches to boundary
delineation that can be updated over time to reflect such chaegpscially in new
international settings, such as the U.S., utilising available data and developing innovative (yet
reproducible) methodologieso generataobust understandinggboutthe spatial location of

retail centre§ the where The need for such understandings is based ondithat retail
challenges in theJK are not uniqugas the U.Shas faced significant elienges and undergone
dramatic transformations in the way retailing is carried out; declining popularity of downtown
department stores, increasing size of yet®lution of superstores, category killers did-
boxdmerchandisergndmost recentlyffacing a swath of retail closures 6 r et a i | apocal
(Helm et al., 2020; Wrigley and Lowe, 2002; Basker, 2007). Tdiuen the dynamic nature

of U.S. retailingthere is a clear need to underst#ncdexisting spatial provision.

The whaf retail centre geographies.

In trying to unpack the characteristics of retail centres, and how these relate to other centres in
the system, studies have historically constructed hierarchies to capture functional similarities

and differences (e.g., ICS@017), based on assumptions about supply and demand drawn
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fromWal t er Chr i sQemtral IPaae d'lseory( (CHT 3h8r¢afterowever, recent
examples have argued for such understandings to be multidimensional, accounting for a wider
range of factorsat capturehefunctional roleof retail centresDolega et al. (2021) proposed

a new analytical framework through which to Aauerarchically classify retail centres in the

UK, which generated significant potential to comprehend the characteristicsratidrfal

roles of retail centres in new international settiriger example,he datadriven nature of their
framework providessignificant scope for the expansion of retail centre classifications and
typologies into other international settings for tinstftime, provided suitable data is available

to capture key domains that are used to classify retail centres (Dolega et al., 2021)
Furthermore, the framework has the added advantage of not being reliant on expert knowledge
to construct itwhich restrits the extension of retail centre classifications and typologies into
new international location&.g., U.S.) where expertise is netidely available As a result,

there is significant scope to utilise this framework to generate a comprehensive uddegstan

of the functional differences and characteristics of retail ceritrése what - in other

international settings.

The who of retail centre geographies.

Ret ail c at ¢ h maraeal extentdfom which theemain patrongiof a stonetail

centre will typically be found ( Dol ega et al ., 2016, p78),
obtaining information abouvho is using retail centres and where they are coming from.
Techniques for estimating retail catchments can be either determmrigbrobabilistic, and
attempt to account for both supply and deméBidkin et al., 2010) in order to accurately

model consumer patronage behaviours, and estimate the areal extent from which patrons to a
retail centre are found. Whilst probabilistic netlthg is generally favoured over deterministic
techniques, they are limited in that they often model how consumer patronage ought to occur,
rather than accounting for actual patronage behaviours. However, new approaches are
emergingutilising emerginghigh-resolution consumer daets(Newing et al., 2015), and
advancements in their application for model calibration (Wang et al., 2016). Recent examples
have usedhese norconventional forms oflata such as that obtained from loyalty cards or
social media fatforms to calibrate models that accurately capture real consumer patronage
behaviours(e.g., Waddington et al., 2018; Davies et al., 2019; Lloyd and Cheshire, 2017).
However, research utilising naronventional forms of data such as that obtained frotoileno

phones, and advancements in catchment modelling techniques, to derive catchments for retail
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centres as opposed to stores, are sparse in the literature (Pratt et aD26d4 et al., 2006

especially in other international settings.

The how ofetail centre geographies.

Retail centres are dynamic geographic entities (Dolega and sEmlanowicz, 2015),
contracting and expanding over time in response to external pressures such as economic
recessions) £ o mme, chamgifg consumer preferences;oftown retail formats and the
COVID-19 pandemic. These pressures have resulted in significant transformations to the types
of goods and services available (i.e., supply), and the decisions made by consumers about
whereto shop (i.e., demand), as wellas overalld e c |l i ne of -gndinyosritcaarldé O I
consumption spaces, as evidenced by rising vacancy rates (Tselios et al.,, 2018), reduced
footfall (High Streets Task ForcéJSTF hereafter 2021) and the increasing pogrty of

online shopping (Singleton et al., 2016). However, we do not fully understand the nature of
these processes. There has been some research into the response of retail centres to external
pressures, with studies exploring retail success and defontega and Lord, 2020;

Jones et al., 2022), tmesilienceof retail centreso 6 £ o0 mme (Siagéetdn et al., 2016) or

the consequences of national lockdowns and public health restrictions on activity during the
COVID-19 pandemic (Enoch et al., 2022a§0, 2021; Trasberg and Cheshire, 2021). With

the latter, research has typically focused on specific study areas (e.g., London) or the immediate
response to the onset of the pandemic. Thus, there is a notable research gap in unpacking the
longertermimpeacts of COVID-19 on retail centres, particularly at the national extent, rather
thanthroughrich local case studies, seeking to understand spatiporal trends of recovery

and/or decline.

1.3.Thesis Aims

Considering these emerging research gaps in retail centre geographies, three key research aims
have been identified for this PhD thesis, to generate new insights abateates what, who

andhowof retail centre geographies. An overview of each of tieepeesented below:

Aim One:Investigate whether recent advances in retail centre delineatidrclassification

can be used to capture the geographies of retail centres intoiateenational setting.
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Chapter three seeks to utilisglvancements in the delineation of retail centre boundaries
(Pavlis et al., 2018) and the classification of retail centres (Dolega et al., 2021), to explore the
potential for expansion of retail centre geographies, specificallwiigeeand thewhat,into

other international settings. Using data from SafeGraph, an overviemeyeretail centres

are located an@hatcharacteristics they have is provided, specifically focusing on the Chicago
Metropolitan Statistical Area (MSA hereafter) as a case studyatiicular, an approach to

retail centre delineation utilising HierarchiddBSCAN (HDBSCAN hereafter) provides a
reasonable mechanism and alternative to Pavlis et al. (2018), through which to delineate retail
centre boundaries, but is limited in expansibeyond the city or metropolitan scale.
Furthermore, adoption and enhancement of the framework established in Dolega et al. (2021)
generates a useful representation of the salient characteristics and functions of retail centres in
Chicago Metropolitan Stistical, but requires further enhancement to capture local and

national retail niches, and generate an overview of the American retail centre system.
The content of this chapter can be found within the following published joanticé

Ballantyne, P.Singleton, A., Dolega, L. and Credit, K. 2022. A framework for delineating
the scale, extent and characteristics of American retail centre agglomeiatisinsnment
and Planning B: Urban Analytics and City Science(3©11121128.Available at:
https://doi.org/10.1177/23998083211040519

Aim Two: Generate aomprehensive understandingtibé geographies of mational retail
centre system outside of the UK

Chapter four provides a comprehensive overview of retail centre geographies for the U.S.,
building on the achievementsafapter thre¢Ballantyne et al., 2022algain, using data from
SafeGraph, retailantre boundaries are delineated (tWteere usinga method based around

the hexagonal spatial index H3, and a much more granular retail centre classification is
obtained (thevhai), by customising and enhancing the retail centre classification framework
(Dolega et al., 2021), to better capture niches in U.S. retail. Furthermore, catchments are
estimated for these retail centres, by calibrating a traditional Huff model with mobility data
from SafeGraph, to robustly estimate consumer patronage to retaiscéhewho). Through
development of a conceptual framework through which to better understand the geographies
of a national retail centre, and accompanying empirical insights abauhthevhatndwhere

of U.S. retail centresand the connections betweé&éem,a comprehensive overview of the

U.S. retail centre system provided for the first timewhich can be used to generate insights

about the response of the system to external shocks.
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The content of this chapter can be found within the followindigled journakrticle

Ballantyne, P., Singleton, A., Dolega, L. and Macdonald, J. 2022. Integrating the who, what
and where of US retail center geographfemals of the American Association of
GeographersAvailable at:https://doi.org/10.1080/24694452.2022.2098087

Aim Three: Explore spatitemporal trends of retail centre recovery using data derived from
mobile phone applications.

Chapter five focuses on the use of retail centre geographies as geographic data tools, through
which to better understand the longemn response of retail centres to the COMI®
pandemic (thenow). Using new retail centre definitions for the UK and a large unstable
mobility dataset from Geolytix, changes to activity within retail centres over a tuehvh

period, characterised by ti@micron variant of COVIBL9, are explored. In particular,
significant focus is placed on how retail centres with diffeffemictional roles regional
geographies andtructural characteristics have experienced significantly different recovery
trajectoriesthrough exploratory analysis and modelling of individual recovery trajectories.
Furthermore, significant insights are contributed about the utility of the Geolytix mobility data
for spatiotemporal analysis, highlighting its value when considered as oigpsnd
comparing trends between areas, rather than exploring temporal trends which are subject to
changes in the devices uses to create the data. This research provides an initial basis upon which
to use alternative forms of data (e.g., mobility datajpbmitor ongoing processes i@covery

and decline, providing evidence that can inform policy decisions and provide solutions to both
acute and longeterm issues in the wider retail sector.

The content of this chaptean be found within the following plished journal article, which

has only recently been accepted:

Ballantyne, P., Singleton, A., and Dolega, L. Using unstable data derived from mobile phone
applications to examine recent trajectories of retail centre recourban Informatics
(accepted).

1.4.0verview

The remainder of this thesis is structured as folld@rsapter two provide an overarching
review of the relevant literature, comprisikgy theoreticaldebates in retageographyandthe
main approacheshat have been used in the pasunderstand theshere, whatand who of

retail centres,before consideringhow they can be used as geographic data toarsl
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importantly why all of this matters.Chapters three, four and five comprise the empirical
contributions of this thesis that accompany each of the three research aims. Finally, in chapter
six, the achievements of this PhD thesis are reflected upon, discussing some of its notable
findings and implications, considering the study limitations and suggdstiw some of these

insights will inspire future academic research about retail centre geographies.
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2. Literature Review
2.1.Retail centresi the placeof retailing

Retailing: a brief history

Il n modern history, the vast majority of ret a
Aany buil ding where retailing is carried ou
from the premi s e s(Guy,ild9d muHistorkcallp howener, neiling bas

occurred throughmore primitive meansearly retailin 9000 BCexisted in the form of the

exchange of cows and sheep as gpodswi t h early f or ms o f cur
(marketplacesappearing in Ancient Greece around 800 BC (Braun, 2@} time this trend

of buyingand selling goods developezhd physical stores began to emegiéh a transition

from traditional stores like general stor@sm o-amdp o pandindependentso department

stores in the late ¥century (Braun, 2015However, todays retaéinvironment is much more

complex than this, emargy as a result of transitions through a sequence of different retalil
formats(McArthur et al.,2016) with the sequence being different for each countryldogely

similar for western countries such agttK and U.S

In the UK, the 28" century saw a number néw retail formatemerging which were a product

of changes to retail landse planning and regulatiom particular,the last 3040 yearshas

seen the significant growth of oubf-town shopping centres and retail parks
(Astbury and Thurstaioodwin, 2014)which provide consumers with greater convenience,
pl enty of p asrtka pnég , stypagtip lodatapaway from traditional town
centres (Dolega and Cé@kaJanowicz, 2015). Shopping centres typically comprisege
numbers of comparison goods (e.g. fashion retailers) with very limited provision of
convenience goods (e.g. grocerjeghilst the contemporargetail park has grown to offer a
hybrid of thesebetweersuperstorese(g.,Home Bargainsandwarehousesg(g., TK Maxx).
Further loosening of regulation at the same time also spawned a more-ledrggstema
periodwhich alsosaw the emergence discount stoes(Burt et al.,2010).The result during

this time was a significant decline of the traditional sites of retailing (i.e. high streets), which
began to experience an erosion of market share (Wrigley et al., 2015), as consumers were

provided withotheroptionsto fulfil their needs as consumers.

Across the Atlantic, the United States saw similar trends, where as a result of similar

developments immarket regulation, innovations in transport and an increasing suburban
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American population, the retaystem saw significant suburbanisation of retail capital and

decline in downtown retailing (Wrigley and Lowe, 2002). This process of retail decline
manifested itself in the declining popularity of downtown department stwresethe focus

of retail was swept out to newly built regional shopping cerfthagyley and Lowe2002). At

the same time, the U.S. saw an increase in the size of retail units, with supermarkets becoming

| arger and evol vi ng i antebtmegage retailfosniagsichassmass whi |
merchandisers (e.g., Whlart) and category killers (e.g., Stapleggan to emerg@roviding

a greater breadth and depth of products respectiWligley and Lowe, 2002). These trends
resulted in significant mr ket consol i cwaa@dpopno, stwwot bBs imami s hi
mar ket share of the sector -bexagmassat mel thbdr
and category killers (Basker, 2007). In recent years, American retail has been going through a
Aretaapocal ypseo, owing to |l arge nuBdBOrs of
with expertspredicting furthercontractionin the number ob b r-anégnko r t a r dutlets,e t a i |

stores and malls, with significant impacts on local commun(tietm et al., 2@0).

The agglomeration of retailing

The spatial organisation of retailing has been of great interest to geographers for a long time,
andagglomeration remains onetbk key conceptin understanding the spatiality of retailing.
Agglomeration refers to a mass or collection of things, and as a concept, its relevance to
industrial structures has been studied widelyman societyand its industriebave always

seen spatially concentrated economic activitrdsich area result of tle benefits businesses

can gain from location close to each other (Ellisbal.,2010) and the subsequent increases

in economic productivity (Kerr and Kominers, 2013or example,a clustering of
heterogenous retadctivities facilitates a multipurpo® shopping experience, which is both
more appealingand enablesconsumerdo economise their overall shopping costs, through
reductions in travel times (Reimers and Clulow, 2009). Furthermore -puufiose shopping
increases the likelihood that a consumal visit other stores in that agglomeration or retalil
centre, even if that was not their original intent{@gier-Villagra et al., 2022)comparison
shopping becomes a form a leisufenally, retailers benefit fromspatial agglomeratioas it

builds poductive competition; they each benefit from a stream of consumers visiting that area,

competing for the share of the consumers time and money (Teller andrBe®08).
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Whendefininganagglomeration of retail units then, thesecanbecéllede t ai | aggl omer
or Aretail cl uster s . HwBwer, m aacent diterdture Etlveaterra , 20
Aretail centreodo has been (uleye dnd Cheshire,e2017,r i b e
Pavlis et al., 208). Dolega and CelEsa-Janowicz (2015p9) provided a formal definition of
retail c emaiha cerse sa so fo trheet a i Givensuch(locationalyerbphasis ar e a s
on urban areagietail centres also share many characteristics with other -edzaromic

phenomeas, such as town centres, which are much more well defined and feature frequently in
related retail (and urban) geography literature. For example, they can both be viewed as
complex systems that constantly evoludrstainGoodwin and Unwin, 2000 expanding

and contracting over time in relation to their relative attractiveness, market potential and
competition (Pavlis et al., 2018). Furthermore, they are composed of a broad assortment of
shops and associated aites, such as entertainment and leisure, which enrich the experience

for consumers and visitors alike, improving the overall economic performance of these centres
(Teller and Reuérer, 2008). However, it is important to highlight the key differencesdastw

town and retail centres, as they are arguably distitb@reconomicentities and there is often

confusion between the twd@own centres form the core of many urban areas in the UK,
characterised by a clustering of seeimonomic activities (Pavlist&l., 2018) comprisng a

retailing centrea concentration of leisure/entertainment facilitissmeservices, a business

sector and good transport accessibility (GC8tafaniak, 2013), and as such are the economic,

social and cultural heart of the toWHaklay et al., 2001). Thus, we can often think of retail
centresase x i sting within town centres, forming wl
offeringand associated place prod(©DPM and CASA, 2002).

However, there are many exceptipaschas thoseetail centres that occur away from town

centres (Coc&tefaniak, 2013whichincludes retail parks, oubf-town shopping centres and

strip malls in the U.Swhich typically have very different characteristiés particular, hey

have apredomnantspecialisminretaland ar e typbhueialllt &, dipusposed
and evolving over time (Guy, 1998),comyya o t he oOtradi ti onal 6 UK t
is not fair to exclude such purpebailt developments from definitions of retail centres, as

despite different planning circumstances, their organisation as agglomerations of retail units

still enables then to be recognised as distinct retail centres (Berman and Evans, 2013), thus

this hesiswoul d move to extend the demmancordasiofon i ni
retailingand ancillary activities n geogr aphi cal spaceodo, thereby

in less urbanised areamnd accounting for their wider functional role
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Theoretical considerations

Thus, it is apparent that retail activities rarely exist in isolation, hisdendency of retalil
activitiesto agglomerate into clusters is considesiacexample of the centrality of retailingy a

important concepgh urbanand economic geograplilyatham et al., 2008 There are a variety

of theoretical models that have tried to understand why the process of centrality occurs in urban
areassuchasBugs s0s concentric zone (Wandeth.2d99d Hoy't
However, one theorthat hasand continues to be very useful in helping to understand the
spatial structure of retail and service busingsgntral place theoryQPT hereafter)whichis

arguablydhewidely accepted key model of retail organisaiprO6 Br i en and Har r i

CPT was introduced byWValter Christaller in 1933priginally being used to explain how
settlements operateto provide goods to surrounding areéassed onspecial economic
geographic laws that determine the arrangement of settlen@hnristéller, 193R According

toCPT, a 6écentr al pl acedéd or urban centre wil!/l
in surrounding areas (Nong et al ., 2019) ,
commodities or services for which demand is dispersed aarossea(Parr, 2017) Each

central placgand its market areayill be centrally located with respect to the dispersion of
demandyith consumers electing to be supplied by the closest location (Pam), Zaus,CPT

provides a conceptual model through which we can understandtilelocation process at

the centrelevel (Kohsaka, 1989). For example, itasmmon that the dominant or largest site
supplying goods and services will be located at the cores of urban areas. Furthermore, the
concept of a retail catchment, whishreturnedo later, is based on the premise that demand

is dispersed across an arag,in CPTT hus, Chr i s tCRTptowdestagzheometicalk o0 n
underpinning for helping toontextualise the supply of goods and services within urban areas,

and some of the factors that deterntimeir demand.

However, retail centres are not homogesjoaccupying different functional rolespanning

different spatial scales and subject to different planning circumstéDoésga et al., 2021

which arguably do not f it i nHoweve theimpottandel er 6 s
of CPT must notbe overlooked, ag was instrumental in makg empirical connections

between function and scalk@rguing that central placexist within a distinctive hierarchical

structure (Parr, 2017¢iven that demand is determined by the frequency with which goods are
purchase@Brown, 192), acentral placédnierarchy could be construct€dPTalso established

a clear difference between lowarder convenience and highemer comparison goods

(Brown, 192), and Christaller alsdemonstrated how a central place could be rarkéstins
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of the population within an associated market df@annis et al. 2002). However, as a

theoretical tool for understanding and classifying retailcemtres t oday és cont emp.
environmentCPT has faced a significant amount of criticishor example, many argue that
CPThasbecome increasingly unrealistgince it assumes that shoppers will always patronise

their nearest centre (Brown, Z)9However, bday movement is much easier, wsignificant

reductions in the role afansport costs idetermining demandP@rr, 201Y. FurthermoreCPT

assumes a uniform population distribution and statistic distribution of goods and services,
which is problematic and unrepresentative in the polycentric cities of Great Basaamgued

by Dolegaet al.(2016) A further complication involves the emergence of-gornventional

retail channels such a@&-c o mme, wiioh das significantly altered consumer behaviours

(Dolega et al., 2021and arguably does not fit into the systems outlingdRii, as consumers

can obtain their goods from anywhere in the woHdrthermore, the contemporary retail

system isnow much more complexgetailers may have mixed functional purposesare

omni channewhoderien an ahtyubrrei;d -anftmoorntlairnée raentda i d b rni
popular (Dolega et al., 2021Thus, it canbe said that the traditional hierarchy of urban
systemsposited by CPTis of limited contemporary utility because the relationship between

retail centresn the wider retail systems far more complex

This discussion of mretbaislhacemrnst sesneasi @gaone it rce
work of VonThinen (1826) . I n their theory podsitedo Agr i c
that a city will be |l ocated centrally within
area areorganisedi such a manner as to maxi miThe pr of |
most intensive farming types like dairying and fruit and vegetable harvesting would be located

in the nearest Oring6 t selftransporting faiming typelked t h e
animal products would be furthest away. Although this model is built on many unrealistic
assumptions, it draws attention to the importance of the locational attributes of the property,
whichVVon Thunenargelec an be quant i fi e éllyandBryah 2906. Thison r e
relates directly tsome of the keydeaso f Chr i st al | e rthesmp@tarte of par t i
distance to consumer patronagerthermore, some of these ideas remain la@ghyicable in

modern retail environments where whemsidering consumer patronage behaviours, there is

still a duality between the land renti.e., attributes of a location or retail cenfreand the

proximity to the market
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2.2.The wherei the location, scale and extent of retail centres

Thewhere:legacy delineations and insights

Understanding the location of retail centres, in particular their scale and extent requires formal
definition orirgeayephicaboeraldariesand ldaberriof gtedt iaterest since

the early 28 century. The earliest related study was in 1928, where Woodbury seeked to
identify the size of retail business districts in Chicago (Woodbury, 188B8)g data supplied

by physical mapandbr field observationsas was commoim the 2@ century For example,
Murphy and Vance (1954) idengf the Central Business District (CBRereaftey of U.S.

cities based on the spatial information about retail and office premises, building heights, land
values and pedestrian activigndClark (1967) carried out field obsetians in Christchurch,

New Zealand, to identify the spatial extent of retail business centres based on a series of

arbitrary thresholdg.g.ifassoci ati ons of stores within at

However, n the late 1990s and early 2000s, work began on how new data and automated
processes might be able to rigorouahyd systematically define the spatial organisation and
morphology of retail centregThurstainGoodwin and Unwin, 2000). In their paper
Thurdain-Goodwin and Unwin (2000) used kernel density estimatigfE hereaftey to

create continuous surface representations ofideyicharacteristisof town centres; economy,
property, diversity of use and visitor attractions. The outcome of thiswagamt ensi ty of
Centredness surface, where analysis of peaks on the surface g@woans of deleatirg

the spatial extent of town centrdhe resulting town centre boundaries were then used by the
Department for Communities and Local Governm@CELG hereafterlas the official town

centre boundaries for the UK, proving the usefulness of such work.

The where: contemporary approaches to retail centre delineation

However, in recent years the delineation of such geographical phenomemaolien
challenging as the factors used to determine the boundary often depend on the perspectives of
the stakeholders (ODPM and CASA, 2002). A further challenge is that the morphology of town
and retail centres continues to change and evolve ove(@DEV and CASA, 2002)making

the delineation of their spatial extents especially challenging, calling for approaches that can
provide systematic measurttgat can be updated over tim&n additional constraint is that

many highly accurate definitiors the spatial organisation of retail centres are created and
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held by commercial organisations such as Geolytix (Geolytix, 2020) and
Ordnance Surveyds, 2019), and as a result are not available to be used in researcdwer
geographical questiondowever, tie coupling of new forms of data and increasing availability

of open dataalongside advancements analytical capabilities and new conceptual and
analytical frameworks through which to better understand such phenpheamarevived
interest in the delingi@n of retail centre space (Dolega et al., 2016). In recent examples, there
has been a preference for more explicit definitions using the locational attributes of individual
stores (Porta et al., 2009; Han et al., 2019), rather than identificationcbfatteeteristi¢actors

of retail (and town) centres, as in Thurst&oodwin and Unwin (2000). In particular, studies
have started to emerge that use KE$ocation datao explore suctagglomerationsas in
China (Wang et al., 2014; Han et al.,, 2019plyl (Porta et al., 2009), and the UK
(Lloyd and Cheshire, 2017).

Recently however, there has been an emphasis on the applications of spatial cluster analysis to
delineate the boundaries of retail centres. Spatial cingtalgorithms such adensitybased

spatial clustering of applications with noid@BBSCAN hereafter)are used to assign classes,
groups or O c datashawndvéntages over ptlaakyaritarhs likeK-means in

that they do not need a predetermined number of clusters, can identify arbitrarily shaped
clusters and enable clusteribgsed only orspatial similarity/dissimilarity between objects
(Mclnnes and Healy, 2017; Campello et al., 2015). In thethystPavlis et al. (2018) developed

a modified version of DBSCANsolving issues with heterogenous local point densities
(Campello et al., 2013), to systematically delineate the location, scale and extent of retail centre
boundaries in the U.K. Such detions, using retailer location data from the Local Data
Company (LDChereafte), were made openly available as geographic data resources through
the Consumer Data Research Centre (CDHREeafte), being utilised in several further
academic studiedDplegaet al., 2021 Comber et al., 2020; Trasberg and Cheshire, 2021).
Furthermore, the authors made their R code available via a public GitHub repository, arguing
that this provided an empirical basis upon which to delineate the location, scale and extent of

retail centre boundaries in other international settings (Pavlis et al., 2018).

More recently, an updated version of the CDRC retail centre boundaries data product was
developedMacdonald et al., 2022hich utilised the H3 spatial indexing system and epen
source data on retailer locations to derive 6,423 retail centres across thEh&Kaper
demonstrated the efficacy of H3 as a tool for understanding the spatial location of retail centres

in the UK, but in particular made significant contributionscbgatinga methodology that is
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both robusiand effective at scaldut alsoaccessible and transparent enough to enable easy
replication in other international settings. However, aside from these efforts by
Macdonald et al. and Pavlis et al. (2018), limitédrés have been made to delineate retail
centre boundaries in other international settings outside of the UK.

2.3.The whati positioning retail centres within the wider system

The what: storical classifications and hierarchies

Once the location, scale and extent of retail centres has been establsivadestablish the
different roles that thehave, in particular considering how they relate to each other in the
wider retail system. In order to generate such understandingsmportant taconsidemwhat
characteristics they have, and how that relates to the characteristics of other retail centres in the
system, traditionally through the development of classifications, hierarchies and typologies
(Guy, 1998). These seek toderstand the different retabglomeratiorformsin the system

and the roles that they occupy, and have a long legacy in the retail geography literature, but

also remain prominent as retail continues to evolve and transform (Micu, 2019; Rao, 2020).

Historically, the system of (retail) centres was considadhierarchy positingthat retail is
hierarchically organised (Brown, 189 and can be classified based on assumptions about
demand and supply from CPT. Such arguments were based on the ideattbatafaliffering

scale (e., size) exhibited different functions to each other (Sadahiro0)20énd such
hierarchiehave retained saliency in the present day, for example in the International Council
of Shoppi ng eeafteysho@sg céme CasLfication (ICSC, 2017), which
distinguishes American shopping centres based on their floor space and market areas. Whilst
their classification does account for functifag., specialist centres, factory outleti$)is

limited to purposéuilt developments, excluding naturally evolved retail centres, such as
downtown districts in the U.S., and high streets in the UK.

However, as discussed earlier, Christalleros
applicable when trying toonceptualise a systemretail centresRecent literature has instead

argued thatve need to vievthe contemporary retail environmeata product of external and

internal factors; it is multidimensionéDolega et al., 2021)urthermore, there is evidence to

suggest that classifications that are-+hograrchical in nature, can better capture the functional

differences between centres within them. One such example was proposed lny B3éwn,
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who demonstrated that retail cegt could be distinguished nbirerarchically based on their

form and functionBrown (192) demonstrated tha¢tail centres can exhibit a variety of forms,

including clustered, linear or isolatedes, andthattheir functions can vary based on the types

of retailing they offe((Bowg®B®er al, specialist

The what: contemporary classifications and typologies

As discussedhe past few decaddsas seefundamental shifts in the way that people shop,
reflecting the growing role of online channethanging demands of consumarsd need for
experiential retail and leisurddseph and Kuby, 201Bolega and Lord, 2020). Thus, for any

measure of retail funion (i.e., classificationjo have contemporary relevance, it has to reflect

such changes, whilst also accounting for a
measures to effectively differentiate between different functions (Guy, 1998; G24), Such

approaches are becoming increasingly feasible, owing to advancements in the way
classification is conceptualised and measured in retail geography (e.g. Brown, 1992), but also

to advancements in analytical capacity and dBtgga et al., 2021 providing significant

scope for advanced classifications based on sophisticated empirical analysis (DeLisle, 2005).

In light of these advancements, a number of more sophisticated retail centre (and high street)
classifications have begun to emerge. B@maple, Cocebtefaniak (2013) demonstrated how

a socioeconomic classification matrix could be used to unpack functional differences between
high streetsbased on the range of choices town centres have to make in order to attract visitors
and the balancedbween social and economic profits needed to ensure a prosperous local high
street Another example was seen in Mumford et al. (2017), where footfall fuiata
Springboard UK Limited and unsupervised machine learning techrnwgeresised to verify

the exisence of four distinct monthly footfall signatures between UK high stresdsimilar
signatures at the daily scaleurthermore, in Jones, Newing and Orford (2022), the authors
captured a series of catchment characteristics (e.g., demographics) andcedotue
characteristics for Welsh town centres, and used these to construct a typology of towns in

Wal es, ranging from 6Large Leisure Towns and

Specifically for retail centres, and building on the location, scaleeateht insights gained
from Pavlis et al. (2018), Dolega et al. 22D proposed that we needed to go further than just
considering the form and function of centres. In their paper, they argued that data can be used

to capture the multidimensionality of retailing, based on four key domains: composition,
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diversity, size anduinction and overall economic health. They gathered a series of variables
spanning the four domains, and constructed a multidimensional typology, that described
functional differences betwedsdK retail centres, but did not organise these into a hierarchy.
The authors argued that this multidimensional typology of retailing and service activity helps
to understand how consumption spaces have transformed in recenD@ags (et al., 2021

and he added benefivas thatit can bere-constructed using availebdata, over numerous

time periods and in different geographic locations, owing to itsdtatan natureHowever,

setting aside the achievements of Dolega et al. in the UK, systematic nationwide and rigorous
0ddtna ensi ved st uddcsefgetadaentrestare yetth e realised, @specially i

in other international settings.

2.4.The who' retail centre catchments and the geography of consumer patronage

Retail (centre) catchmentan introduction

As geographers, we are always concernetl who is interacting with urban areas, and the
same applies to retail centrés.t er m t hat i's synonymous with
defined asan area that drawis a group of people, whether these be workers, customers or
others(Lloyd & Cheshire, 2017)in retail specifically,ltieterm retail catchment can be defined

as thefiareal extent from which the main patrons of a store or retail centre will typically be
foundd (Dolegaet al.,2016 pl). Catchment analysis is an important tool for understanding,
visualising and quantifying the extent of a market asmw®bling insight into the sptial
distributionor geographyf consumer patronage (Sedge99) and in the case of retail centres

this involves askingvho uses them and where they come fraynderstanding differences in
[retail] catchment areas is a useful exercise as it enables insights into how modern consumer
behaviours var, and what the main drivers behind demand migli¥Weddington et a|2018)
Secondly as argued by Halsall (2001), it is an important tool for decision makinighekps

us to better understand the effects of competition, and how it interacts with demand and supply.
Thus, it is no surprise thahderstanding catchment areas is a key feteindividual retailers

when trying tadetermire the location of a new store (Dolega et al., 2016; Murad, 206683e

retailers will not locate new stores in areas where the market is already oversaturated.
Catchments arboweverinherentlycomplex as they attempt to summarise the patronage of
lots of different individual consumers, and the factors which affect these behavioths.
simplest form, Birkin et al. (2010) posited that catchment extents are deterhyingebd
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elementssupplyand demandwith these in mind, there are a number of ways to approximate
a catchment, with the use case in each circumstance dependent on the requirements of the study,
availability of data and the analytical capability of the researcher (Dolega et0&6).2

However, broadly speaking, approaches can be split into two; deterministic and probabilistic.

Deterministic techniques

Deterministiccatchment techniquese the simplest to implemenitt hose i n whi ch t
for the dependent variables of thestem are completely determined by the parameters of the
model 0 ( R®.yThis idples thaknown input values are specified to generate the
catchment areasuch as the drawing ofrcular buffes around a store (or retail centre) based

on distance, dependent on how far consumers are willing to travel (SegalML886; 2005
Berryetal.,2015 Thi s method is described as being 0
are cerived using a fixed distance from a defined point (Halsall, g@dthough the rings can

be fixed distance or variable distance between different stores or retail cemi@esemains

consistent is that the catchment area is circular (Segal, 19@8ar in nature to concentric

rings, @rive-timed methodologiesapply anominal measure to derive catchment greaghis

casethe time (or distance) it takes to drifrem astore (or retail centre)Y he key difference

from fixed-ring buffersis that thismethod uses digitised transport networks, speed limits and
transport modes to generate a polygon that represents the extent to which a vehicle can travel
from the store in all directions, under a certain time limMihdmpson & Walker, 2005

Rudavsky et al., 2009A final deterministic method i&nisotropic buffering which uses less
conventional shapgg.g.,thiessen polygond) represent the directional and distanekated

sensitivity of retail catchments. The outcome is similar to eiiime catchments in that each

buffer will have a different distance in each direction (Mu, 2008daningrum, 201f

arguably representing the catchments more realistically.

Perhaps the moebvious benefit of deterministic methods is that they are easy to conceptualise
and implement (Dramowicz, 2005), often meaning they areeftesttive (Halsall2001), and

as suchare aparticularly useful tool for small independent retailers. A sigaiftdbenefit of
drive-time methods in particular is that they account for some of the logistical barriers facing
consumersd.g.,traffic), which is something overlooked by many methods (Segal, 1988)

final benefit of these tools is that they can be bim®d with the outputs of spatial interaction

models; a tool that will be introduced later,pi@an for retail store locations more accurately
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(Mu, 2008) More critically, there aréowevera significant number of drawbacks with these
methods. Firstly, they often fail to account for overlapping catchment boundarkes
competition (Dolega et al., 2016; Halsall, 2001), thus often-esemating the market share

of individual retailerqor retail centres Secondly, consumers typically patronieere than

one store, which is something not accounted for in these models either (Dolega et al., 2016),
instead representing the store as having a monopoly over its catchment areas
(Dramowicz, 2005). The final drawback is that they are rarely based ervelianformation

or consumer trends, and as a result can be misleading (Halsall, 2001). Thus, it could be argued
that these techniques ov&@mplify the complexity of consumer patronage behavidaesling

to catchment boundariehat are conceptually Issrobust than those derived from more

sophisticated, probabilistic methodologies

Probabilistic techniques

Probabilisticcatchment techniquesre characteristically different frooheterministic onen

that they usenformation derived fronobsenations ad empiricaldata to generate catchments
treating the outcomes of the model, in this ¢aseatchment area, as probability distributions
rather than unique values (Rey, 201bhe first method inthipr obabi | i siga ¢ 6t o
gravity mode] whichapply Newtonian laws of physics to the modelling of shopper behaviour,
and approximate a retail catchment by considering the spatial distribution of competing
locations and evaluating their attractiveness to different groduyd$, (1964; Segal, 1999).he

theory was first applied to retail by Reilly (1931), who hypothesised that consumers trade off
the cost of travel and the attractiveness of competing destinations in deciding whereg to shop
providinga series of breakpoints distance decay curve, that represent the spatial interaction
of these factors (Segal, 1999; Dolega et al., 20Mi&dseearly gravity modelsinderpinned a

much of the work on consumgratronage behaviosifDramowicz, 200% and triggered
significant researcimterest intothe predicton of consumer patronagélowever, the early
gravity models did have some significant drawbattiesy were difficult to develop for multiple
stores or centres at one time (Dramowicz, 2005), requiring significant computatioreal pow
and typically considered attractiveness as a product of population and distance
(Yriogen and Otero, 1998), which arguably overlooked many other factors that miake a s

(or retail centriattractive.
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Assuch Davi d Huf f Huffmbdet a g &d nalvBvy4oimodel consumer
patronage behaviourdt calculated the probability that a consumer (i) would shop at a
destination (j), with the focus being on the person not the store, since it is the people who
determine the trade area afstore (Huff, 1964). Each probability was calculated on the
theoretical basis that consumers are faced with a series of choices when deciding where to shop,
opting for thegreatest utity. Thus, Huff calibrated his model on three variables; distance,
atiractiveness and competition (Dramowicz, 200@bg distancegarameteremained mostly
unmodified with some examples accounting for tratiehe/distanceinstead of Euclidean
distance (Newing et al., 201Bttractiveness was typically calculated ussugre combination

of a series of factors, including store size, number of retail units, anchompstsenceor

retail mix(Dolega et al., 2016 he introduction of competition into the model was significant,
which Huff argued was crucial, ascustomers typically patronise several stores
(Yriogen and Otero, 1983Thus, the result of the Huff model was catchment areas that were
conceptualised as probability surfaces that repredetite likelihood of patronage
(Dramowicz, 2005)enabling delineation of catclemt boundaries, as in a number of studies
(Dolega et al., 2016; Davies et al., 2019).

The benefits of the Huff model are numerous, with perhaps the most obvious being that it
Af i | | ed,byaddeessinggompetition and accountingdibractiveness in a better way
(Wieland, 2017) The modelis very flexible, enabling modification of parameters to meet
research or business negidewing et al., 2015)andis able to simultaneously estimate
customer patronage for multiple stores or tetaintres (Dolega et al., 201@).addition, Huff
models wereshown to generate significant returns on investrf@ntetailers, demonstrating
further their effectivenes¢Birkin et al., 2010) However, as with the other catchment
delineation methds, the Huff model has significantdrawbacks. Firstly, when discussing
attractivenesst is not possible to incorporate every factor that might determinesgpscially

when some of these will be qualitative in nat{iDelega et al., 2016). Secondlyete models

are limited by the availability of data from the retailers themselves, their competitors and
existing Geographic Information System (GIS hereaftgagkages (Segal, 19998ndthirdly

there are still problems with the competition element, sandarge number of competitor
destinationsand norconventional retail formats (e.@,¥ o mme) witl eréate additional
complexity (Dolega et al., 2016perhaps the most significant limitationttgat it isa model,

so it is difficult to \alidatewithout actualobserved consumdxehavioursresulting in great
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difficulty when trying tocapture the dynamicity of choice behavioas suggested by Birkin
and Heppenstall (2011).

Contemporary catchment technigue

In response to some of the limitations exfisting catchment delineation techniques, and a
greater availability of higiesolution consumer data (Dramowicz, 200®w approaches to
modelling are emerging (Newing et al., 2015), using such data to prowde accurate
delineations of catchmentSuch models rely ogreater availability of information about
customes, typically collected through customer poiot-sale data or loyalty cardatai
transactional data extracted from the location and purclmade by a consumer either in
store or online (Rains and Longle®021) Most interesting with these datasets isirthe
geographic potential, as they contain lots of information about consumers, incluueng
theylive and their demographaharacteristics (Rose and Dolega, 202 hus, using this data

in catchment delineatienadds significant intelligence (Halsall, 2001), providing a more
precise indicator of where customers are coming f(@addington et al., 2018), enabling
derivation of catchments based on observed user behaviours, rather than predicted ones
(Davies et al., 2019As a result, a wealth of research is emerging that uses emerging forms of

consumer data to estimate catchments.

Many examples have emerged that use suchatetadvancements in catchment delineation

to generate catchments for individual retail stores. In Waddington et al. (2018), the authors
usedstore trading data from a major UK retailer to explore the links between sales demand and
spatiotemporal fluctuatits, using data from the loyalty card schetoecluster stores and
develop catchments, wittifferent catchmensizes based on the assignetlister of the store
(Waddington et al., 2018%imilarly, Davies et al. (2019) addatafrom aUK grocery retailer

to generate retail catchments for 95 clatkdcollect points across the UKonstructing a
bespokeHuff model to generate the catchmeit number of examples have emerged recently
which have used similar data to empirically calibrate conventional Hutielgdor example,

Wang et al. (2016) used social media data from Sina Weibo for Beijing to calibrate a model
and estimate catchmerfts points of interest (POIls hereafteand Liang et al. (2020) used
mobility data from SafeGraph to predici.eit shae (i.e. catchments) for supermarkets and
department stores in different U.S. cities.
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There are some examples that have used such data and advancements to generate catchments
for retail (and town)centres too. For example, imoyd and Cheshir¢2017) the authors used
georeferenced tweets withithe greater London regiortp gain greater insightabout the
patronage of retail centresonstructing catchmentb&sed on mobility flows of tweets between

the retail centresThis was interesting, as it demonstrated the potential foicoomentional

data, such as that from Twitter, in generating catchminienes, Newing and Orford (2022)

the authors calibrated aattitional spatial interaction model to estimate catchments for town
centres in Wales, accounting for attractiveness, distance and competition more explicitly,
integrating expert knowledge about the patronage of town centres in \KMatdgermore,n
Dolegaet al. (2016), the authors constructed a bespoke Huff model to delineate catchments for
retail centres across the UK, calibrating the model parameters based on data obtained from a
survey. However, aside from thebegeexamples, robust empirical catchmheelineations for

retail centres (as opposed to stores) are sparse in the literature (Pratt et al., 2014), likely relating

to the additional considerations needed, as argued by Dolega et al. (2016).

2.5.The why1 the importance of retail centre geographie

Before introducindhowretail centre geographiesn be useds a geographic data resource in

the next section, it is important to discugdsysuch understandings about the retail sysaach

retail centre geographiese important. In particular, some of the major challenges that the
global retail sector is facingre introducedincluding economic pressure§,( o mme,r c e 6
changing consumer preferences, and more recently the GO¥fiandemic and 2022 cost of
living crisis, placing significantemphasis on how retail centres are responding teethe
pressuresto demonstrate the importance of studying these geographical phenomena.

Economic recession

Theglobaleconomic system can pose significant challenges for thiegetsor during times

of crisissuch as recessionssystemwide shocks that periodically interrupt and disrupt the
process of urban growth and deymirent (Martin, 2012), occurring when there are two
successive quarters with zero or negative growth (Hew2009).The UK experienced
recessiorbetween 2002009 and by mid2009, the retail sector had been recognised as one

of the worst affected sectors; recession affects the retail sector by directly affecting consumers

Page 40



and their shopping habits (Newso®08), through reductions in their disposable income, and
lack of availability of credit (Thompson, 2013). Consumer confidence fell as custi@adus,
keeping money aside for goods that they might need (Newson; 2ZB6Mpson, 2013 The
consequences of these shifts were seen in sales figures; saleedlah response to the
economic crisis (Wrigleyet al., 2015), particularly foro f r i v o | o(Nesvéon, 9% d s
Thompson, 2013). As a result, many retailers entered administratid/or liquidation
(Tselios et al., 2018); 5,000 stores were affected by closure and/or ceasing of trade
(Hutton, 2(21), and vacancy rates rose threefold to 12% by 2009 (Tselios et al., 2018).

Given its impacts on retailers and stores, it is no s@ghat the economic recession had
significant consequences on retail centtiessestruggling with high vacancy rates prior to the
recession were hit the hardest (Tselios et al., 2018), however the recession also appeared to
have significant consequencdser the mediurrsized retail centres across the UK
(Department for Business Innovation and Ski#814), which lost out to the larger destination
centres across the UK. Significant geographic heterogeneity was seen esdintpacts;
economic aream the northperformed much worse than those within ¢bath, partially due
to their heavier dependence on public sector employment, and highee¢pssion) vacancy
rates in general (Tselios et al., 201i8hwever,there were very few areas and retail cesitr
that remained completely resilient to the economic ¢rimis it mustalsobe noted that other
factors(e.g.,6 £ 0 mme) wereeabplay during this time

O ommer ced

The internet haaltered thelaily activitiesof people in many ways, includinige way inwhich
we shop(Weltevreden, 2007)The outcome of this has been the ris&é & o mme whacle 6
has been characterised by significant changes in consumer behawviduglternative
mechanisms through which tdap (Singleton et al., 2006 The sustained growtlof

0 £ 0 mmeis argudbly related to those benefits that it offers the consumer and yébailer
the consumethe internet offers price comparis@4/7 conveniencevider variety ofproducts
anddistribution within a wider reacfWilliams, 2009;Wrigley et al.,2015. For the retailer,
the internet providesn opportunity to strengthen competitive positicg particularly for
small businessg®oherty and EllisChadwick, 201Q)andoffers a better capacity to engage
with and understand their customers, through catllectof market research data

(Basu & Muyle, 2003) Thus, it is no surprise thatlEe 0 mm e hrag geodvnonline sales have
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been growing exponentially in the last 8 yeg@mgletonet al.,2016, and his growth has
continued, with online salesoming to occupy 26% of total retail trade in the UK
(ONS, 2022)

Theriseof 6 £ 0 mm e lhas had significant consequences for physical sites of consumption
such as retail centres. Many individual stores have been substituted when failing to offer an
onlineo r  6-® man  opteoh (Bingleton et al., 2016 ansley and Longley, 20}),7resulting

in the erosion of retaile@ndasubsequent increagevacancy rates in retail centres across the

UK. Similarly, many retailers have modified their offering, changing the way in which they
operate to directly compete with online shopping, as with GAME where they substantially
reduced darddmortae 66 orf Howéver, hegeimpacts hae not been homogenous,
varying geographically and across the hierarchy of the retail sykteye cities are perceived

as being immune from the threats of online shopfilgltevreden, 2007)asmore prevalent
conmparison shoppingopportunities make them far more resilient tod £ o mmer c e 0
(Dixon and Marston2002). This trend was particularly evident$mgleton et al. (2016),

where the retail centres most susceptible to online shopping were those located barsubur
and rural areas of Southeast England and those secondary, rsedimme d centr es |
t o wnSingleto( et al., 2006

Changing consumer preferences (incl. experience economy)

Consumer behaviour has changed significantly in recent;ygegreaer number of people are
looking for opportunities to save time 6 ¢ o n v e n i (Wnyleyet at,2015t wheret@
expectation®f consumers are that they should be able to determine when, where andyhow th
want to shop (Geiger, 200 Anotheremerging consumer behaviour is the need for a shopping
trip to serve all needs in onecation; trere arenow fewer shopping trips, but the average
number of shops being visitgeer trip is increasingthus preferences for multi-purpose
shopping experiere are growing(Reimers and Clulow, 2009)There are various other
demands consumers have of contemporary rétailuding authentic shopping experiences
that reflect the uniqueness of local communities and are not contrived or fainwaa the
Aexeerceée e ¢themmodey consumeerceiesshopping as an element of leisure, and
towns and retail centres need to provide their customers with much more than just retail
(Coca-Stefaniak, 2013), thus there needs to be more mixed use of retail space to attract

customers in the modern retail envinoent Evidence of this trend can be seen in town and
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retail centres where traditional retail anchors like banks, major clothing stores and public
houses are all being replaced by health and beauty services, which all offer an experiential

service to consuars (Grimsey, 2018).

The COVID19 pandemic

The COVID19 pandemic has caused significant damage to societies, economies, and
healthcare systems around the world (Duong et al., 2@822)COVID-19 began to spread
around the world in March 2020, countries like the UK saw the imposition of lockdowns and
national restrictions, which were implemented by governments to minimise risks to populations
and (HSTF, 2021). As a result of these safety measures, the CQ¥Ipandemic has and
continues to change the ways in which we shop (Sit et al., 2022). The pandemic saw a general
shift awayf r o m p h y sandnmeolr t @b r6itocokeirte aetailinig, togpreent possible
exposure to the diseasdowever, in terms of engagement with physical retailing, lots of
interesting shifts in consumer behaviour occurree t a i | was divided up
6 n@m’ s e nwith stdre§ specialising in essential gsog.g., supermarkets) faeg a
significant uplift in sales (Nicola et al., 2020; Simbolon and Riyanto, 20&0ijst others

(e.g., restaurantfaced significant declines in saJessulting in large numbers of store closures

andredundangies(Nicola etal., 2020).

This has had notable consequences for physical spaces of consumption such as high streets and
retail centresThere is now a growing evidence base that the CGMDpandemic has
accelerated th@re-existing trendsof retail declineabysmally,by significantly restricting
footfall in many consumption spaces, following the implementation of restrictions to contain
the spread of the virus (Enoch et al., 2022). Much of the literature has focused on the
consequences of restrictions that were impgleted during the earliest stages of the pandemic
here in the UK €.g., national lockdowns). For example, Enoch et al. (2022) identified
significant differences in footfall declines between UK town centres during the height of the
pandemic. However, a pagtilarly interesting area of research relates these disparities to the
characteristics of the retail centres themselves, in particular considerinfutiationalrole,
andstructural characteristicsln the case ofunction studies have posited that tteonomic
performance of retail centres during the pandemic was dependent on their overall size and
function many studies have cited that the smallecalised centres appeared to fare much
better than larger towns and cities (HSTF, 2021; Trasberg andhitdhe 2021;
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Enoch et al., 2022; Frago, 2021In the case o$tructural characteristicsresearch explored

the interactions between retail centre performance and the intrinsic characteristics of the retail
centres themselveg&noch et al. (2022) identified a strong link between increasing vacancy

rates and the ability of town centres to recover from the pandemic, and argued that the impacts

of the pandemieverea pr oduct of the comp-nestiobreal¢ eét ai
centres Similarly, the HSTF (2021) suggested that high streets with a varied retail offer and
unique attractions fared much better, and Dolega and Lord (2020) identified a statistically
significant relationshipvith therelative level of deprivi@on, though not in the context of the
pandemic.However, vhilst much has been written to unpack and explain the -skront
response of <centres to t19 eandemic, miuck less hag ledéna s e s
written about t heandemicwhere thedopdetaosddferént variintsthdse p
seen the introduction of different restrictions across the MdKesponse to Omicrorthe
government unveiled a much less stringent set of restrictiars was seen earlier in the
pandemicomprisingmad at ory f ace masks and,thusthelikelyne pas
impacts on consumption space®re reduced in comparison to previophases of the
pandemig¢but thus far suchsights have not been realised.

Cost of living crisis, energy and 2022

As the world recovers from the economic and social impacts of the CQYIpandemic, in
2022 it is being faced with another pressure (Patrick and Pybus, 2@R&)costof-living

crisis The world has faced intense pressure from the ongoing Wikraine, resulting in a
costof-living crisis, that has manifested itself into a series of significant rises in energy costs
food pricesand taxes, as well asagnating wages for workers (Patrick and Pybus, 2022). These
economic trends are likely to hasgnificant impacts on the retail segtemall increases in
interest rateshave the potential todestabilise many major retailersaccording to
Grimsey(2018),thusit is likely that many retailers will be forced into liquidation, as we saw
in the 2008recession. Furthermore, give the rising price of energy and gandsncreased
demand for higher wages in line with inflatifrancesDevine et al., 2022), it is likely that
many smaller retailers, who do not hageess to a large pool of resoutrcgsl not be able to
afford to maintain a viable retail busine$sisis a highly contemporary issues, evolving at a
rapid pacethustherehasbeen no researabn how these trends are being manifested in the
retail sector, but it is expected to generatenificant further decline for retail centres and

consumption spaces.

Page p4



2.6.The howi responding to retail sector pressures to protect retail centres and
consumption spaces

Thus far some of the major challenges faced by the retail sector in recenhgeareen
outlined in particularconsideing theresponse of retail centres to these pressliressvital to
empirically quantify theseesponsgand impactsand identify ways in which to mitigateem
Thus in this section an overview of some of tagproaches to do se provided formal
recommendations, reports and strategic task fotmfere considering the utility ofetail

centre geographiexs geographic data todts such efforts

Recommendations and reports

A common approach to understiimg the problems facing consumption spaces has been to
commission reports by experts in the sector, providing an evidence base upon which to make
decisionsin governmentA notable examplevas t he HAPortas Revi ewo,
Portas, orofiM@hgpRQoaeeGooke, 2018). The aim o
high street decline could be halted; making a number of suggestions as to how best to support
the future resilience of high streets (and retail centres). Such suggestions includeditire crea

of small At own teamso to provide a psgastform
well as the strengthening of business improvement districts, making landlords investors of the
high street and creating allifdemerndentnetalérs tonar k et
establish their brands (Portas, 2011). Altho
the UK retail environment might be revitalisdlowing the 2008 recession, there was strong

opposition to her ideas.

One key oppdag figure was Bill Grimsey, a renowned retailer and former director of Tesco
(Grimsey, 2013). Bill presented the Grimsey review (1 & 2), which offered alternative msight
into the problems of British high streets, suggesting ways in which these mégveted.
Grimsey argued that thus far there had been a failure to assist with struggling high streets;
amendments to clause 69 of the localism act in 1988 should have provided local authorities
with the mechanism teelieve pressure on retailefsut only a fraction of business rates had
actually been alleviated by 2013 (Grimsey, 20I3imseymade a number of suggestions,
including the creation of a town centre commission, who could undertake high profile reviews

of the future of town centrean opersource network for best practice, the establishment of
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formal #Atown centre business planso and crea
gap between central government, local authorities and town centre commissioners
(Grimsey, 2013).

The High Streets Task Force

The High Streets Task FordSTF hereaftenvas aroutcome of the Grimsey review; formed

to provide hands on support to local ardgsdeveloping innovative strategies to help high
streets (and retail centres) evoluedshare best practice between them, through assemblage of
various stakeholders and experts (HM Government, 2019). The HSTF was launched in 2019
by the Minister for High Streets, and is overseen by the Institute for Place Management
(IPM hereafter) operatingin a way that varies depending on the place in question; no two
places are alike and have their own culture and heritage (HM Government, 2019). However, a
common problem facing teams like the HSTF is that they are often subject to financial
constraintsshus in 2018 Chancell or of the Excheque
which would award up to £25 million for projects seeking to make their high streets fit for the
future HM Government 2018). As a result, by September 2019, 100 towns had been

shatlisted and given £150,000 to develop more detailed proposals.

To support the decisions made by governments, the IPM have conducted large volumes of
research about retail centres and high streets to provide a strong evidence base for such
decisions. Thesstudies have included discussions about problems facing high streets based
on observations and data (Parker et al., 2017; Millington et al., 2015), evaluating the successes
and failures of Business Improvement Districts ((3ra015, developing high redution
classifications of high streets (Mumford et al., 2021), providing evidence of the performance
of consumption spaces throughout the pandemic (Mumford et al., 2021), and discussing
strategies fopostpandemiaecovery (Ntounis et al., 2020). Suckights are vital, as they are

able to provide robust and timely evidence to support deemgking, utilising the expertise

of academicand practitionerg the field.

Retail centre geographies as a geographic data resource

Given the increasing availability of data, and vast network of literature documentiwyahe

what andwhereof retail centres, research is rapidly emerging that seeks to use retail centre
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geographies as geographic data resources to better understandf shem@roblems facing

high streets, retail centres and consumption spaces. In particular, a large body of work has been
conducted by researchers at the University of Liverpool and CR@is topic For example,

given one of the biggest challenges fagamysical retailing andetail centres i £ o mme,r ¢ e 6

it is no surprise that efforts hawalso been made to use retail centre geographies as data tools

to understand its impacts. In their pag&ingleton et al. (2016) proposed a mechanism through

which to assess the impacts of online shopping on retail centres in théyUKtegrating

elements ofboth demand(Internet User Classificationand supply( 6 hii ighk 6 ret ai
categories)the authors were able to derive@r esi | i enced sreswhigh f or r
guantified heir vulnerabilityor resilienceto online shopping. The measure enabled insights

about the geographies 6fe e s i |, anécontribuéed significantly to better understanding

the consequences of online shopping on retail centres, demonstrating the importance of retail
centre definitions, as without understanding ofulere, whatindwho of UK retail centres,

such insights wdd not have been possible.

Similarly, Dolega and Lord (2020) utilised the same retail centre definitions to examine their
economic performance over time, for Liverpool City Region. Examining changes to vacancies
within different retail centres, the autBowere able to unpack the geography of retail success
and decline, identifying the characteristics and attributes of retail centres that are likely to have
a viable future (Dolega and Lord, 2020). The importance of this research was in highlighting
that reail success and decline is not geographically homogenous, thus further demonstrating
the value in national level understandingf retail centre geographies, especially when
integrated with other ancillary informatiomhese findings echo the work of Jené&lewing

and Orford (2022), who constructed a typology (af andcatchments (thevho) for Welsh

town centres and using vacancy data from LDC, were able to investigate the economic
performance of town centres in Waledlso, in response to the COVHD9 pandemic,
Trasberg and Cheshire (2021) utilised the CDRC retail centre definitions to ask whether retail
centres specialising in certain types of goods or with specific functions experienced different
levels of decline following the onset of the pandenfiheir research was of great significance,
providing evidence that suburban high streets were the most resilient, whilst those specialising

in premium goods experienced the greatest declines (Trasberg and Cheshire, 2021).

Retail centre geographies are thus of great importance when it comes to understanding the
causes and consequences of retail decline. As a geographic data resource, comprising

information aboutvherethey are locatedyhat characteristics they have amdho uses them
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(i.e., catchments), retail centre geographies can contribute significantly by providing a
geographic data resource that t@nused tehowhowthe retail sector is responding to these
external pressures, providing a formal evidence base upon which to make better dedlence
decisions. Furthermore, this demonstrates evidence for the favlthewhy retail centre

geographiesire needetb generatsuch insights.
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3. A framework for delineating the scale, extent and characteristics of
American retail centre agglomerations

The content of thischapter is published as a research papem Environment and
Planning B: Urban Analytics and City Science

Ballantyne, P., Singleton, A., Dolega, L., Credit, K. 2022. A framework for delineating the
scale, extent and characteristics of American retail centre agglomer&inwr&nment and
Planning B: Urban Analytics and City Sciend®. (3), 11121128.

DOI: https://doi.org/10.1177/23998083211040519

Chapter Overview

This chapterepresents the first of three empirical chapters in this thasdfulfils the first

aim of this PhD thesis yevelopng an analytical framework through which to generate retail
centre geographies imew international settingsn particular, it evaluates the potential for
innovations irrelevantmethodologiesd.g.,Pavlis et al.2018 Dolega et al., 2020 generag
such insights, focusing specifically on the Chicadfetropolitan Statistical Area
(MSA hereafter)as adilotd It integrateshierarchical densitypased spatial clustering of
applications with noisdHDBSCAN hereafte) with network distance matrices and H3 to
delineate boundariesand constructs a multidimensional typology using the framework
proposed by Dolega et al. 20, to generate understandings aboutthereandwhatof retail
centres in Chicago MSAn addition,the study provides early evidencehafw retail centres
can be used to understand the impacts of COYADthrough examination of trends in
consumervisits between different groups of retail cenfrdsring tre early weeks of the

pandemic

The key contributions of this chapter are as followsset of retail centre definitions and
accompanying typologwre presentedor a new geographic settingepresenting théirst
empirical attempto do so Secondly, theotential forrecent methodological innovatiots
generate such understandings at the national lsvelvaluated concluding thatfurther
conceptualisation and methodological tools are neetiaddly, early evidence of the impact

of the COVID19 pandend on retail centress provided demonstrating that these impacts are
profound, and that future research should utilise retail centre geographies as tools through

which to further investigate these impacts.
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Abstract

Retail centres are importattols for understanding the distribution and evolution of the retalil

sector at varying geographical scales. This paper presents a framework through which formal
definitions and typologies of retail centres, such as those in the UK, can be extended3o the U

Using Chicago as a case study and data from SafeGraph, a retail centre delineatiomsmethod
presentedhat combines HDBSCANwith 6 H 3add demonstrate the usefulness of a-non
hierarchical approach to retail classificatibonaddition,the dynamicity ad comprehensibility

of retail centress demonstrated through their use as an effettiokethrough which to better
understand the impacts of COM®onr et ai | cent r e Oshgefigadnttsdoge, d e me
for a comprehensiveelineationof the scale extent and characteristics of Americaatail

centre agglomerations, providing a tool through which to monitor the evohitidmerican

retail.
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3.1.Introduction

The contemporary physical retail environments of cities and urban areas have complex form

and function, evolving in response to a multiplex of pressures. In the UK, the effects of rising
online sales and the 2008 recession continue to be felt on higts swwbere retail presence

continues to decline (Dolega and Lord, 2020). Similarly, the American retail sector is amid an

0 a p o c aBogrgclsingd, Pansch and Lupi2@17; Isidore, 201Ayith notable decreasing
Obrangnkort ar 6 sales and high vacancy rates ( Bc
the global impact of the COVH29 pandemic have been particularly visible, exacerbating

many of these problengslicola et al, 2020)

Understanding better the dynamics of retail evolutioocurring partially in response to these
pressures is vital for academics and various stakeholders, requiring attention at a range of
spatietemporal scales and intensiti€ghurstainGoodwin andUnwin, 2000) In particular,
having ways to monitor the O6healthd of reta
given their role in economies and communities (Berman and Evans, 2013;
CocaStefaniak, 2018 However, in order to monitor the health of retaiéntres

it is first vital to understand their form and function. In particular, emphasising the
development of automated approaches to estimate their spatial extent, monitor evolutionary
trajectories and derive catchment characteristics (Joseph and R0Gg), providing

stakeholders with a platform to make evideterkdecisions.

As such, the contributions of this paper are threetgkikting frameworksare built uporto

provide a theoretical rationale and empirically grounded framework for the i) taefimind

i) characterisation of retail centres, using innovative methods and new forms of data, before
demonstrating its application to ti@hicagoMSA, and iii) using it to highlighthe visible

impactsof COVID1 9, f or t he f i r ddifferent retal,centoes. Chichgeis 6 h e a |
an interesting setting to implement this framework, given the existing wealth of research on
urban retail structurg8erry, 1963Caspais, 1969; Joseph and Kuby, 2016; McMillen, 2003

and significant gap inthe use of contemporary methods and data to improve such

understandings.
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3.2.Theo6 P | afdRetdiling

The tendency for retail units to agglomerate has received substantial theoretical attention. Often
being linked to the economic decisions of individual businegSeknet al.,2003) which
concentrate spatially to bdNMcEdnmdand-dlta, B0OB) 6 a g g | ¢
Thus, given the economic advantages of spatial clustering, it is perhaps neseutat
centralityand agglomeration am@nsideredkey concepts in the geographies retail space

(Brown, 1992. A number of theories and models have been posited to conceptualise these
geographical tendenci es. Christallerdos CPT i
6centr al pl acesd exist to ser (Par, BOAD Atmeed f o
relatively simple level, CPT provides a conceptual model to better undetsargpatial
arrangement of retail (centres). However, CPT has been criticised for unrealistic assumptions
about consumer behaviour (Parr, 2017), and it fails to apply in polycentric cities or irregular
commercial formgBrown, 1992;Dolega et al., 2021 Other conceptualisations include the

theories of Von Thunen and Haig, but both have fasiedlar criticism (Brown, 1992;

O &elly and Bryan, 1996) Although there is scope in dgmg these principles, they are

limited in failing to address the complexity of structural and functional interdependencies
between centrePplega et al., 2021

The Spatial Extent of Retail Agglomerations

Historically, there have been numerous attertgtifferentiate retail agglomerations based on

form (e.g. Proudfoot, 1937The first formfunction delineation (Berry, 1963), identified types

of retail clusters in Chicago, quickly becoming the universally acdeptedel of retail
organi sation. Further mor e, Mur phy and Vance
busi nes @urphy ahd ¥ance, 1994 and Brown (1992) -propo:
hi er ar c hfunctianldéineation. More recently, the coupling of new data and analytical
frameworks have revived interest in delineat{blega efal., 201§. Ear yntfedatiar e 0
work (e.g.ThurstainGoodwin and Unwin2000)utilised continuous density transformations

to delineate UK town centres, and in other examples surface density functions coupled with
volume contours andyeometric operations have been ug@&ingleton et al., 201%

de Smithet al.,2018) Furthermore, Ordnance Survey and Geolytix have constructed similar

retail centre definitions, but were limited in exclusion of some retail functions and lack of open

accessibility respectively.
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In recent examples, there has bpegference for more explicit definitions using spatial cluster
analysis of store locatioif¥oshimura et al., 202 Han et al.2019; LloydandCheshire, 207).

For example, Pavlis et al. (2018) utilised an unsupervised malgameng algorithm
(DBSCAN) in automated delineation of UK retail centres., developing a modified version of
the algorithm to solve a common issue with the application of DBSCAKedb world
distributions; heterogeneities in local point density (Campello et al., 2013). However, to
facilitate issues with the dataset, their approach required specification of additional parameters,
and was reasonably computationally inefficient, ling its implementation in future studies.

TheHDBSCAN al gorithm has developed saliency,
limitations. With only one mandatory input parameteriijPt9, HDBSCAN makes parameter

selection more intuitive and robust, whilst accounting for heterogeneous point densities,
through production of a DBSCAN cluster tré€ampello et al., 2093 Furthermore, the

algorithm can utilise precoputed distance matrices for improved performance
(Campello et al., 20)3enabling incorporation of network distances. Despite this, its potential

for retail centre delineation has not yet been realised.

The TypologiesfdRetail Agglomerations

Classifications of retail agglomerations have traditionally argued that retail is hierarchically
organised (Brown, 199Rolega et al., 2021and can be classified based on assumptions about
demand and supply, drawn from CPhesed v e r t i ¢ a | rs havd baen sriticiséddoa t i o
using simple datasets and naniform methods, failingo accurately represent the spatiality

of retail provison (Dolega et al., 2021Guy, 1998) Recentlythere has been a call for
classifications that better comprehend changes td petaiision (Grewad et al., 201y, which

are now both possibland more necessarf¢lega et al., 2021 including the useof a
socioeconomic classification matrix (Coc&tdaniak, 2013) and footfall patterns
(Mumford et al.2017)

In a recent example,using the boundaries delineated in Pavlis et al. (2018),
Dolegaetal. (ZPl) usedadatdr i ven approachhiter arommsitaallcd ta
Variables were gathered to capture four domains they believed key to capturing the
multidimensionality ofretail centres, and using an unsupervised machine learning algorithm
calledpartition around (the) medoids (PAM heredfténey developed a twiter classification,

with PAM used over kneans to reduce the impacts of outli€8sruyf et al., 1997). This
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approach arguably provided the most nuanced and comprehensive way of representing
relationships between centres, rather than assuming that hierarchical relationships prevail.
However, in the US systematicat i onwi de aridntreingsarvoeuwos sfitduadti ae s
extent and characteristics of retail agglomerations are yet to be realised.

3.3.Study Context and Data

The Chicago MSA has a retail sector that provides a rich consumption experience fotgesiden

and visitors(Glaesetet al.,2001) However, as across the US, the sector remains challenged

by increasing retail vacares (Joseph and Kuby, 2016), an eseat ur at i eand o f A b
mortaro retail , O6amamme esuld is shiftingwsipoppand habiteand

store typologies across Chicago (Joseph and Kuby, 2016). Thus, there is justification for a
contemporary definition of retail centres, which can shed insight into current retail provision.
However, a challenge in defining centres is a lack of comprehensivi-dgpe and
openaccess retail location data. In this study, data from Safe@ ajsledbs the best available

sour ce, in particular their register of Ocotl
the US (SafeGraph Inc., 2020a) , and corres|
(SafeGraph Inc., 2020b), collected from ttebal positoning system (GPS hereaftelata of

45 million anonymised mobile phone usé@ao et al., 2020 Saf eGraph O6core g
recl assi fied to identif yr etthae | &r eptlaaicle sp Iweecrees or,
dataset, leaving 106,058 retail locations for the Chicago MSA. For background indororat

the datasets and processing of theese Appendix.|

3.4.Delineating Urban Retail Centres

HDBSCAN was adopted to derive retail centres for the Chicago MSA (Figure 1), using the
retail places extracted iBection 3.3 As aboveminPtsis the only mandatory parameter in
HDBSCAN, controlling the minimum number of points in a cluster. Tdleewasset to ten

to maintain a consistent definition with Pavlis et al. (2018). Network rather than euclidean
distances were used in HDBSCARhe lengths of the shortest path (by road) between points

- to better account for the role of urban morphology inilretiatributions (seeAppendix ).
HDBSCAN was iterated for subsets of points delimited by each county to enable practical run

times for generation of the network distance matrices)( However, in the ¢
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Countyo6, the | ar GANswbsiterated forrtheee 8UIBsAts natdr8ll delimited

by the Chicago River. These iterations had little effect on centre distributions, but were deemed
inevitable as computationally this limitation could not be avoided. As a result, HDBSCAN
generated cliser | D6s for every point within a sig

O6noi sed.

| point data (pts) ‘

_—=» filter by county

- y

-
| point data (pts) ‘

— osrm::osrmTable

—

‘ network distance matrix (dist)

/ ——
I dbscan::hdbscan
( (x = pts, minPts = 10, xdist = dist)
repeat for
next county
A
I'.. 4
"\\ | clustered points (county)
N\
\\H >
y

| all clustered points ‘

Figurel. Iterative application of networkased HDBSCAN for delineation of retail centres.

The output of HDBSCAN are points with cluster labels, thus not complete demarcations of
areas, and required refining to remdhkus, poi nt
an approach to derive and r ef i rsmatialbimmexingdar i es
systemwas developeqUber, 2018) seen bel ow in Figure 2. Us
( O6 Br i e each ciashete® goint (2A) was aggregated to a hexagon at resolution 11 (2B),

each having an area of approximately 10 metres. A buffer consisting of the six neighbouring
hexagons (king) was extra@d (2C). Using theninPtsthreshold defined in HDBSCAN, only

those contiguous and nasplated zones containing ten or more retail places were extracted as
the final retail centres (2D). The assigned
idertifier, with clusters in Cook containing additional identifierd/, S, Ni to reflect the intra

county iterations.
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Figure2. Cluster refinement using H3.

The Spatial Extent of Retail Centres

This approaclextracted 1,59%etail centres, with themallest composed of 10 un{tainPt9
andthe largestp T h e (SG &) 2,013 units. The majority were lochia the CBD and
nearby suburbs; thareas of greatest economic actiiBan et al., 2017; Sohn et al., 2003)
Unsurprisingly gven its polycentricity,many agglomerations also exadiwithin the core of
cities in the wider MSA like Elgin and JoliegM¢Millen, 2003) andalong major transport
arteries(McMillen, 2003; Pan et al., 2017; Sohn et al., 200®) assess the effectiveness of
the delineationtwo case study areas were chosen based on relevant litenatgute laighlight
the efficacy of the algorithm irdifferent urban settingé Chicago CBD and Schaumburg
Village.

In Chicago CBD (Figure 3pne large cluster was identified (SC1), unique in terms of size and

mor phol ogy, repr es ernettianigl tchoer e 66 h iosft orGhc c ac
(Credit,2020)0 NC1 encompassed the 6Magni ficent Mil
destination(The Magnificent MileAssociation, 2015)and WC2 corresponded to Fulton

Market. Schaumburg Village also had a large concentratiometdil centres(Figure 4),
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unsurprising given its r gfeming200).dviajoralwppag 6gol d
developments were delineated, such as Woodfield Mall (WC3) aralii¢éld Green (WC27),

as well as some smaller centres. This was arguably only possible through integrating network

di stances, the most effective way to under st
However, the use of building geometries oveinfs would arguably generate more accurate

centre boundaries (OS, 2019) by fully accounting for the wider footprint of retail locations

(e.g.,shopping malls).
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Figure3. Delineated retail centres for Chicago CBD.
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Figure4. Delineated retail centres for Schaumburg Village.

To consider the validity of the retail centre boundatiesy were compared with othgpatial

data on retail distributionSa f e Gr aph ¢épatternsoé (SafeGraph |
from the US Census Bureau (2018). In the example below for Chicago CBD (Figure 5), the
centre boundaries seemed ttourae d gor edtosc | lyy wt
data (5A) and encompassed the majority of census blocks identified as having a high proportion

of retail employment (5B), with those not encompassed being sites of small retail centres

(< 10 units). Overall then, based dretauthors collective understanding of the region and
guantitative validation of the retail centres (Figure 5); this approach has arguably identified a

set of retail centres that robustly summarise the structure of retail in metropolitan Chicago.
Retail baundaries, especially in large urban areas, could be challenged based on the public
perception; however, such an empirical delineation has clear advantages including the ability

to updated over time, something not feasible with perceptions. Interestihglcenhtres
themselves vary in location, scale and extent; therefore, in order to derive a nuanced picture of
their multidimensional characteristics and position within a system of (metropolitan) retail,

these siteare next explorettom a typological pergective.
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Figure5. Validation of retail centre boundaries using SafeGraph 'patterns' (A) and data from
the US Census Bureau (B).

3.5.A Typological Perspective on Retail Agglomerations within Chicago MSA

To develop a comprehensiaassification for the retail centres, this study adopted the
methodological framework developed by Dolega et al2{20Twentyfour variables were

selected to align with those used for each domain in Dolega et al. (Table 1), with the vast
majority derivel from the retail locations themselves. However, in order to account for
6economic healthdé, the 6édweekly patternsdé dat
proxy variables (visits, dwell and distance travelled) used over vacancy rates and/af level

online exposure (as [Dolega et al., 2021as the latter were not availabRrincipalcomponent

analysis (PCA hereaftewas performed (Mumford et al., 2017), revealing significant variation

in all variables, but four were removed dueigsues with multicollinearity and a lack of

coverage in Chicago. The remaining twenty variables can be seen below in Table 1, with more

detail on each of the variables foumdAppendix I(subsection C)
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Tablel. The retail ceme classification frameworkDolega et al., 2021 and variables used
to implement the framework in this study.

Domain Domain Description Variables
Classifying retail centres by the types Proportion of comparison,
Composition  of store present and purposes of convenience, service and leisure uni
shopping trip in each centre

Focusing on the variety of goods and
Diversity services offered, and the variety of
ownership of stores in each centre

Proportion of independent retail units
diversity of SafeGraph 'tepategories'

Identifying the various roles of retail No. of units, linearity (roeck score),

Size & centres and the ways in which they  median distance travelled, proportior

Function interact with catchment of catthment population occupied by
geodemographics geodemographic groups

Economic Exploring economic performance of Median dwell time, median weekly

retail centres by measuring the driver .~
Health N e visits
of its vitality and viability

Before running the classification, the variables were standardised and the éptate was

determined using a clustergram in conjunction with average silhouette scores, to counteract

any subjectivity in clustergram interpretation. The classificdtinsing PAM- was performed

t wi ce, extracting a set of five retail cent
classification was enhanced by providing additional descriptive profiles highlighting their

salient characteristics, summarisedoleln Table 2.

The Geography of Retail Centre Characteristics

The first group of centres typically existatitheccoredof urban areabke Chicago and Elgin,

andalong establishecktail strips like Ogden Avenulner city leisure (3.1) wasoncentrated

in the CBD, whilst suburban leisure (gups 3.2 and 3.3) asmore geographically dispersed.

The distribution of comparison centres was also uneweéh,the leading destinations (2.1)

typically found in wdl -estabished retailing developments (efgFas hi on Outol)et s of
As suggested bgasparig1969) conveniencand serviceetail (roups 4 an8) wasdispersed

throughout the MSA, witlsecondary conveniead4.2) and service centres (5.2) concentrated

in urban centres, whilgrimary centres (4.1, 5.1) weleundin suburban neighbourhoods.
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Table2.Sal i ent
pandemic.

characteristics of retail centre groups anbdl9nest ed

Supergroup

Group

Key Characteristics COVID -19 'Health'

1. Large Multipurpose
Centres & Historic

1.1 Large
Multipurpose
Centres & Historic

Decreased following 'Stay at

Large no. of visits, diverse retail offering with higher Home" order, sustained reducti

proportions of service than other retail types

Retail Cores Retail Cores until September 2020
2.1 Leading Greater visit frequency, diverse offering, serving
Comparison neighbourhoods of "Wealthy Nuclear Families" and "Olc

2. Popular Comparison
Destinations

Destinations

2.2 Secondary
Comparison
Destinations

Wealthy White" Slight increase following 'Stay ¢

. _ _ Home'order, sustained until
Lower visit frequency, less diverse offering, larger numk September 2020

of chain retailers, serving "Middle Income Families”, "Lc
Income Families" and Hispanic and Kids"

3. LeisureStrips

3.1 Inner City
Leisure

3.2 Popular
Suburban Leisure
Centres

3.3 Secondary
Suburban Leisure
Centres

Highest proportions of leisure and independents,
concentrated in "Wealthy Urbanite" neighbourhoods

High proportions of leisure and independents, longer dw Slight decrease following 'Stay
times, "Middle Income" and "Africahmerican Adversity" at Home order, sustained until
neighbourhoods September 2020

Compact, higher proportions of chain leistigsed retail,
concentrated iHLow-Income" and "Hispanics and Kids"
neighbourhoods

4. Independent Service
Centres

4.1 Diverse
Service Centres in
Affluent
Neighbourhoods

Highest proportions of services, compact, large number No change following 'Stay at
independents, serving neighbourhoods of "Wedlthglear Home' order or later into the
Families" and "Old Wealthy White" year
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4.2 Service

5. Small, Local
Convenience Centres

Centres in Large number of independents, longer dwell times,

Hispanic and concentrated in "Hispanic &Kids", "Low Income" and

Low-Income "African-American Adversity" neighbourhoods

Neighbourhoods

%gnsgrrn:%e Greater visits, compac?,_dominant in neighbourhoods qf Slight i tollowing 'Stay
Centres "Wealthy Nuclear Families", but also "Old Wealthy Whit >''9nt INCrease following 'Stay ¢

5.2 Secondary
Convenience
Centres

Home' order, sustained until

Smaller and more linear, less visits, less chain retailers, July, back to preCOVID-19
longer dwell times, found in margjifferent levels by September 2020
geodemographic neighbourhoods
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In the case of Chicago CBD (Figurg¢, & was unsurprising that both SC1 and NC1 were
identified as being group 1 centres, given their status as major retail corridors (Credit, 2020;
Magnificent Mile Association, 2015). Furthermore, the density of leibased centres in the

CBD was also expéed, as a major hub for bars and restaur&8tbhaumburg/illage had a
notable concentration of primary comparison destinations (Figure 7), such as WC3
(Woodfield Mall), but also one secondary comparison centre (WC201) with a characteristically
smaller ad homogenous comparison offerinbhe overall dominance of comparison and
service centrem Schaumburgs arguably unsurprisin@s these sectors providsignificant
majority oflocalemploymen{McMillen, 2003) Thus, as demonstrated here, this apgrdac

retail classification arguably provides an accurate and robust representation of the structure of

retail across Chicago MSA.
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Figure6. Delineated and classified retail centres in Chicago CBD.
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Figure7. Delineated and classified retail centres in Schaumburg Village.

3.6.COVID -19: Demonstrating the Utility of Retail Centres

A plethora of studies have used retail centre definitions and their typologies to understand
wider retail setor processes (e.g. Singleton et al. 2016; Lloyd and Cheshire, 2017), but with

the exception of AbedRabbo et al. (2021), their application to understanding the AOVID
pandemic has been limited. It has been widely documented that the pandemic hasteracerba
sector chall enges through enforced restrict
Interestingly however, some retailers have faced greater challenges than others
(Nicola et al ., 2020), <creat i ngtradimodal retalct di s
agglomerations, a trend that has not yet been quantified in relatietail centres. In this final

section, adopting an exploratory approach, an immediateasgefor the centretelineatedn

this study(and typology) is demonsted throughexplomtion ofchanges in visits to centres,

as a proxy indicator of their o6healthd (Bong:
patt er n sApperdlial), disparities in the effects of COVID9 on t he Oheal

different strutures and functions of retail in Chicagee quantifiedthrough exploration of
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visits to the retail centres over a-fnth period, contributing to existing literature utilising

similar mobility datasets (Bonaccorsi et al., 2020; Gao et al., 2020).

Retail Centre Dynamics and COI®

I n general, the retail sector saw significan
with the 6Stay at Homed order (Pritzker, 20 2
and remaining suppressed b i | the end of April. Foll owi ng

retail centre groups saw decreased visit share, most notably the first group of centres, where
share was down 2% (Figure 8). Il n contrast,
increasesn share that were sustained throughout April and May. This trend suggests a general

shift from large city centre agglomerations towards the smaller, more local ones, typically

of fering greater proportions of s o6oefs s ednetcioanlo i
h e a (Rbdgéveen and Sethuraman, 2028hat is surprising is that comparison centres did
notseemte@ x hi bit any notable decreases in d6dheal't

in @®@seential 6 goods (Roggeveen and Set hur ame

In the longer term, visits to retail centres remained suppressed, with interesting implications
forthe longterm6é e conomi ¢ heal thé of centres. Visit s
appeared to be returning to ge©VID-19 levels, but group one centres continued to occupy
a45% reduction on average in vVvisits, sugges
comparison destinationso over the more O6trad
could contribute to speculation that traditional high streets are facing accelerated decline as a
result of the pandemic, therefore potentially becomingnglerr o6f it f or purpo
distribution networks. Whilst acknowledging the complexity of these processes, and the need

for advanced modelling techniques to better quantify tlieisrargued thathis approach and

its findings are timely and signifioh The insights generated into the apparent impacts of
COVID-19 on the oOeconomic healthdo of different
useful and novel. Furthermore, the utility of the retail centre framework proposed in this paper

is demonstri@ed by using it to contribute to a growing evidence base in a rapidly emerging

field of research in retail COVID-19.
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Figure8. Change in total retail centre visits over themd@nth period, disaggregated by retalil
centre grop to illustrate change in share (%).

3.7.Discussion and Conclusions

This study hagnhanced and extended, to an American settirdgtadriven framework for

the derivation of retail centre agglomeratiosiecificallyfor the ChicagdMSA. Using data

from SafeGraph, retail centres were delineat
and the functional ecol ogies of theti2r®99
classification, constructed using the PAM algorittifmally, an immeliate usecase for the

framework and its outputs (retail centréspiven in providing insights as to the role of the
COVID-19 pandemic on the oOhealthd of different

Methodologically, this paper has demonstrated the effectiveness of HDBSCAN as a simpler
and faster alternative to the modi#i®@BSCAN approach used in Pavlis et al. (2018). This
arguably makes future delineations within other international settings nasiblés however

there are scalability concerns when accounting for street networks. The classification
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framework used here is also of significance; demonstrating its first international application
since its conception Dolega et al.,, 2021 Using variabés deemed fundamental to
understanding the contemporary retail landscape, and classification based on similarity and
salient characteristics, a more representative insight into the spatiality of retafngeen
provided(Dolega et al., 2021Guy, 1998) than has been produced by other hierarchical or
northierarchical classifications, both in and out of Chicago (C€ltedaniak, 2013;
Brown, 1992).

Comprehensive retail centre definitions such as this have significant implications, contributing
valuable nsights into the interplay between external pressurespagdical retail space,
through indirect assessment of their evolutionary trajectories. Such insights can also contribute
to the academicgour oné £ o mmein theeU&(Grewahet al., 2017), for example through

a greater understanding of the geographies of internet usage, a direct quantification of the
0resiliencebd of Ame roifc@amme rceuldd bel constrecatet r e s
(as inSingleton et al.2016). Most interestinglhowever is the evident need for additional
research to unpack the complex relationship between the retail sector and the-CDVID
pandemic, utilising this framework and its outputs to provide a stronger understanding of the
wider retail sector responseot just specific store types. In particular, there is significant
potential in the modelling of various retail centre attributes (e.g. diversity, catchment
geodemographics) i n relation t o 6economi
(e.g. Comber et al., 202 rather than proxy indicators, to better comprehend the role of
COVID-19 on the evolving American retail landscape. It is however apparent, that in order to
achieve such insights, there must first be an understandivigeoéthese retail agglomerations
are,whatcharacteristics they have, awtiois using them.

On this basisgt is proposedhat there is significant scope for a delineation of the spatial extent

and characteristics of retail centre agglomerations for the national extent of the US. Future
research is needed to ensure a computationally more scalable approach to retail centre
delineation, that is not limited to metropolitan are&sch an increase in scale would also

enhance the resolution of an American retail centre typology, througlelgaaindance and

variance in centres (and characteristics) and incorporation of specific niches in American retalil

and urban morphology. It is also important to acknowledge that the approach and outputs are
heavily influenced by the input retailer locatidata. Howevet he Saf e Gr aph O6cot
provides the most comprehensive;toglate and opentgccessible register of businesses in

the US, and as such has significant potential in a proposed geographical expansion of this
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research. Such an expansiaofiljising the framework and dataset posited here, would generate

substantive insights into the spatiality of local, regional and national retail provision, whilst
also providing a set of tools through whichbetterunderstand how retail provision continues

to transform. Looking forward, this will be essential as American retail continues to traverse

the COVID19 pandemi@nd Or et ail apocal ypsebo

Supplementary Materials

To see the accompanying supplementary materials for this chalptese see Appendix I.
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4. Integrating the Who, What and Whereof U.S.Retail Center
Geographies.

The content of thischapter is published as a research papem Annals of the American
Association of Geographers:

Ballantyne, P., Singleton, A., Dolega, L., Macdonald, J. 2022. Integrating the Who, What and
Where of American Retail Center Geographfgsnals of the American Association of
Geograghers.

DOI: https://doi.org/10.1080/24694452.2022.2098087

Note: languagen this chaptereflects the fact that this is published in an American journal
(e.g., center instead of centre).

Chapter Overview

This chapter comprises the second of three empirical chapters in this #mesisilfils the
second aim oftis PhD thesis by generating a comprehensive overview of the geographies of
the U.S. retail centre system. Using data from SafeGraph, retail centre boundarmdee(the

are delineated using a new method based on H3, a higher resolution American ma®il ce
typology is generated (tlvehad), and retail centre catchments artracted throughalibration

of a traditional Huff model with mobility data from SafeGraph to understdruds using these
retail centres and where they come frdrarthermorejit is demonstrated thdahese three
geographical aspects of retail centre geographies wtiheg whatand wherg are better
understood when considered together, thrasigtportingthe empirical insights gained, and
present a new conceptual frawork which better situates these empirical insights within the
wider retail (centre)system, through conceptualisation of the interactions between different
componentsand their links to external pressures.

The contributions of this chapter are as foko®or the first time, a comprehensiweodelof

the American retail centre systamprovided through capturing ofvherethey are located,

what characteristics they have amdho uses themthrough the use (and enhancement) of
techniques in retail centre delineation, classification and probabilistic modelling. Secondly, the
importance of integration in such analysedemonstratedhrough accounting for the intrinsic
links between each dahe three rerail centre geographies, demonstrating in particular the
relationships betweefunction and scale, and the continued applicability of the Huff model.
Finally, the firstconceptual framewordf retail centre geographiespresentedvhich grounds
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such empirical insights in the context of the wider retail system, highlighting the apparent

connections betweaetail centre geographieand their relationship to external pressures.

Abstract

Retail is an important function at the core of urbeeaga, 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 gh 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 overvidve of
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 empiricatlyngled framework, using data

from SafeGraph, to examineherethey are locatedyhat characteristics they have, amto

uses them. The resulting geographies are of great interest, creating significant potential in the
monitoring of the national retail Sgsn as it continues to evolve in response to wider structural
challenges. Furthermore, by integrating these three geograptiese( whatandwho), a
conceptual frameworks establishedhat 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 consideringvtiee what andwheretogether.
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4 1.Introduction

The significance of retail to a nationds eco
economic contributor and supplier of employment (Hetral.,2020, the retail system often

acts as a barometer for wider economic trends (Berman and,2043s Furthermore, in the

process of urban growth, the expansion of cities is in part related to their function as a consumer
hub (Han etl., 2019, with the desirability of cities increasing with a greater diversity of
consumption amenities and global service (Glaesak,200)) . Ret ai |l centers,
of retail activity i n danbvdacp20Er9k areinextricdbly | e g a
linked to the desirability of cities, as the primary sites of consumption within them. As a result,

it is no surprise that policymakers increasingly view retail centers as integral to economic
prosgerity (McCann and Folt®2008, despite mounting evidence that their economic value in

cities and towns has declined in the past de¢¥digley etal., 2015.

Despite this, research on the nationally extensive and comprehensive geographies of retail
centers, in termsf their location, structure, and function, remains scarce (Sea8u&. Such

research has a wealth of benefits beyond simply stateting how they occupy space.
Understanding the location patterns of retail (tvberg provides policymakers and
stakeholders with critical supporting information to maximize the economic output of the
industry, through better urban economic policy @san and Oner2014. Furthermore,

discerning the provision and characteristics of retail centerswittad has significance in

undest anding the composition, structuk0®5 and i
Dolega efl., 2021), and in the creation dfighly livable, mixeduse, and sustainable built
environments, with a str ong0lFiSedsnkl@l4.Whenp!| ac e
integrated with an understandingudfois using retail centers amecherethey come from, these
geographical understandingancfacilitate better evidended decisions about retail location,

and the subsequent development of policy. Thus far, such insights into the geographies of U.S.
retail centers have been relatively inconsistent (Baker and VW20dd), despite a common

recognition that these localities and the social constructs they engender are vital.

In developing such understandings, coverage, andcadylity are key. Ugo-date and
expansive knowledge of the structure of retail provides tools to monitor the evolution of
retailing (Joseph and Kub2016, and therefore insights about different retail spaces and time

periods (Guy 1998. For example, reconstructirggfinitions and typologies can contribute
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substantive insights into the response of retail centers to challenges, such astleelgetail

apocalypsé (Helm et al., 2020. Combined with the unfolding lorAgrm impacts of the
COVID-19 pandemic, policy act ltandmoird ac i tcioemgplo nte
the U.S. retail system (Torr&aron 2018. For such policy to be feasible, however, there

needs to be a comprehensive understanding of retail ggaugraphies at the national level,

which make it possible to both identify where policy is required and assess the effectiveness of
such actions (Lloyd and Cheshig917).

Literature on the geographies of retail centers is well established within the retail geography
and urban studies communities, although often only considering a singular aspect of their
geographies; for exampl@herethey are locatedyhatcharacteristics they have, antlouses

them. Regardingvhere recent examples have typically focused on development of analytical
frameworks for delineation of the scale and extent (boundaries) of retail centers
(Pavlis et al., 2018 Nong etal., 2019 Ballantyne etl., 2022). In examining what
characteristics they have, articles have placed an emphasis on trying talénstamd the
position of centers in the wider retail system, through development of typologies and
classifications (Brownl1992. Thee is a substantial legacy of academic enquiry seeking to
understand patronage to stores, using empirical models to idehtifyses them (HuffL964

Wilson, 1969 Fotheringham1983. Although understandings for retail centers are limited, the
delineation of retail center catchments hasmtgdecome more feasible (Dolegial., 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
comprehensiveverview of a national retail system (DeLisB905. A key constraint is often

the availability of data for the national extent; howewéthin the United States, new data are
enabling such a vision to be realized, as demonstrated in the analytical framework proposed by
Ballantyne etl. (20223). 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, their framewsmxtended 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, key technical contributions
are madesuch as demonstrating the utility ofmbierarchical retail classifications, and the

continued relevance of the Huff model, as well as significant substantive contributions when
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integrating the three geographies of U.S. retail centers, by demonstrating the connections

between them.

Thus, this article has three key objectives: understandingathe, what andwhereof U.S.

retail centers. Following a review of existing literature on retail center geographies, the data
sets used in this investigatiare introduced, before outlininige approacteused and resulting
geographies of the retail centers (thieere, their characteristics (thehaf), and catchments
(thewho). In Section 4.7 the implications of this studgre discussecemphasizing the value

of integration; understandings of tino, what andwhereare strengthened when examined

together.

4.2.Background

The Definitions and Origins of the Retail Center

The clustering or agglomeration of retail outlets in geographiatespas been defined in
various ways. A common definition used in the (U.S.) retail geography literature is shopping
center or hub (Clapegt al.,2019 Raq 2020. Such definitions, however, often only incorporate
purposebuilt retail developments, excluding unplannégsters in decentralized locations, as
well as other complementary functions (GL998. The ternretail centerarguably has greater
saliency, in its consideration 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 Caspb®89, but definitions have since evolved, owing to

advances in greater computational capacity and data availability (Bali2018.

A clear and conceptual def i ni-fancwicz2018 s prtdEeos
main retai./l cores in urban areas, 0 and altho
term that connects them all: agglomeration. Referring to a mass or collettitmgs,
agglomeration remains one of, if not the key concept in understanding the locational behavior

of retail activities (Brown1992 Sadahirg2000) Retail agglomerations occur because there

are inherent benefits for retailers when locating in close geographical space
(Zhou and Clapp2015, such as increased access to an existing stream of consumers

(Teller and Reuttere2008, and signifiant cost advantages (Vom Hofe and Bha@07).
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Thus, it is unsurprising that retail agglomerations are described as one of théioisbws

features of the commercial environment (Brows92).

Retail center studies are also inextricably linked to CPT, which posits that distinctive
hierarchical structures are in place between agglomerations, determined by the demand for
which goods are purchased (Brqw®92 Parr 2017). Many nonhierarchical and irregular

retail structures are emerging, however, (Dolegd.€2021), and some previous assumptions
about consumer behavior, made by CPT, are now considered less relevant, (Bd9%n

These theoretical considerations are important though, when demonstrating the need for
posthierarchical understandings and awareness of the inapplicability of the spagiaheain

of CPT (Borchert1998, crucial when undertaking analysisvafereretail centers are located.

Where? A Short History of Rdt&enter Delineation

Responses seeking to determivigereretail centersre, and the extent of geographical space
that they occupy, can be traced back as far as 1928 (Woodb@2§). Traditionally,
delinedions of retail center space were based on field observation or mapping of features
(Woodbury 1928 Berry, 1963 Clark, 1967). Owing to advancemestn the availability of
expansive spatiotemporal data sets and analytical capabilities (Nahg2ét9, however,
contemporary exapiles have been able to take a more-daiteen perspective, utilizing data
aggregated to grid cells (Wangatt 2014 Han etal., 2019 or the individual store locations
themselves (Porta at., 2009 Han etal., 2019 to explore the location distribution patterns of
retail centers. Both Pavletal. (2018 and Ballantyne edl. (20229) 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 unddying data and computational capacity of the HDBSCAN algorithm, respectively.
In their analytical framework, though, the authors demonstrated the effectiveness of the H3
spatial indexing system in refining center boundaries (\&&k8, which has also been used
recently to define retail centers in the United Kingddiag¢donald et al., 2022Although it

is clear that there is no glob@nsensus on how best to delineatewthereof 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 repeatihihg some

that an approach based on H3 can arguably provide.
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What? Positioning Retail Centers in the Wider Retail System

Knowing whereretail centersare located forms a necessary precursor to understanwtiaiy
characteristics they have, through the development of typologies or classifications and
hierarchies (Guy1998). These studies, which seek to understand different retail formats and
the roles they occupy, are abundant historically and in a more contemporary sense, as retail
systems are constantly evolving and transformingc(iM2019 Raq 2020. Historically,
classifications of these spaces were predominantly concerned with hierarchies and emphasizing
the role of size in overall function (Sadahi2000. Such approaches have retained saliency to

the present day, for example in theéernationakhopping center classification (ICSZD17).

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 formatehemerged (Joseph and KyuBR916 to support

the demand for increasingly experiential retail and leisure (Dolega and4G#@. Thus, for

any measure of retail function to have contemporary relevance, it has to reflect such changes,
still accounting for a grater multidimensionality of descriptive input measures to effectively
differentiate between different functions (Gu¥998 Raq 2020. Such approaches are
becoming increasingly feasible, owing to advancements in the way classification is
conceptualized and measuradetail geography (e.g., Browi©92), but also to advancements

in analytical capacity and data (Dolegaakt2021), providing sigificant scope for advanced

retail classifications based on sophisticated empirical analysis (Dg20€1§.

Who? Catchment Methodolieg for Retail Centers

In understanding the geographies of retail centers, it is also vital to understand the demand:
customerswho are using them, and where are they are coming from, referred to as the
catchment Cat chment s c aarealledentdrent whichetlte mairs patifohstofea
store or retail c eebhal.,20&6ply,iresdltingdrem thespatisiopping Do | e g
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/fixbdffer (Berry etal., 201§ and drive time or distance

polygons (Rudavskgt al.,2009 have some advantages, but rarely capture the complexity of
realworld consumer behavior and competition (Dolegaal., 201§. On the other hand,

Page /5


https://www.tandfonline.com/doi/full/10.1080/24694452.2022.2098087?src=
https://www.tandfonline.com/doi/full/10.1080/24694452.2022.2098087?src=
https://www.tandfonline.com/doi/full/10.1080/24694452.2022.2098087?src=
https://www.tandfonline.com/doi/full/10.1080/24694452.2022.2098087?src=
https://www.tandfonline.com/doi/full/10.1080/24694452.2022.2098087?src=
https://www.tandfonline.com/doi/full/10.1080/24694452.2022.2098087?src=
https://www.tandfonline.com/doi/full/10.1080/24694452.2022.2098087?src=
https://www.tandfonline.com/doi/full/10.1080/24694452.2022.2098087?src=
https://www.tandfonline.com/doi/full/10.1080/24694452.2022.2098087?src=
https://www.tandfonline.com/doi/full/10.1080/24694452.2022.2098087?src=
https://www.tandfonline.com/doi/full/10.1080/24694452.2022.2098087?src=
https://www.tandfonline.com/doi/full/10.1080/24694452.2022.2098087?src=
https://www.tandfonline.com/doi/full/10.1080/24694452.2022.2098087?src=
https://www.tandfonline.com/doi/full/10.1080/24694452.2022.2098087?src=
https://www.tandfonline.com/doi/full/10.1080/24694452.2022.2098087?src=

probabilistic methodologies include the entropy maximization, competing destination, spatial
interaction, and Huff models (Wilspri969 Fotheringham 1983 Newing et al., 2015
Dolegaet al.,2016. The latter, based originally on the law of retail gravitation (Rell§37),

posited that consumer patronage could be modeled by considering the spatial distribution and

attractiveness of locations, and accountingdtative competition between them (HUfB64).

A criticism of probabilistic models, however, is that they denote how retail patrghagéd

occur, and as such do not always reflect more complex reality. Supported by advancements in
custometlevel data (Dramowig2009, though, such models have become more sophisticated
and flexible (Newinget al.,2015, calibrated with data on consumer behaviog.(doyalty

cards) to ensure they generate more accurate representations. These calibration data sets are
typically used to estimate where consumers come from (Waddingtin 2018, enabling
delineation of an approximate catchment (Dawkal.,2019. Despite tese advancements,
robust empirical catchment delineations for retail centers are sparse in the related literature
(Pratt etal., 2014, likely relating to the additional considerations needed (Datégh, 2016).

This presents a unique opportunity in the United States given the availability of highly accurate
spatiotemporal consumer data (SafeGraph,, 128200, and advancements in parameter
estimation methodologies (Wangatt 2016 Liang etal., 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 uoder#tat retail centers of
differing scales exhibit significant differences in function, as historically modeled by CPT, and
used as a prerequisite to most hierarchical classifications of consumption spaced 9B88&rry

ICSC, 2017. Despite numerous studies using tbetputs of thewhere retail center
boundaried as inputs to generate thgha® retail classificationd (Pavlis et al., 2018
Ballantyne etl., 20223), through development of analytical frameworks, no direct theoretical

corsideration has been given to the connections between them.

Such connections are also apparent betweenhhgretail classifications) and thveho(retail
catchments). The relative supply of goods and services is one of the key determinants of retail
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pationage; centers deemed to provide a multipurpose or compatispping experience
typically draw consumers from a wider area than perhaps smaller town and district centers
serving local communities (Guy998 Dolegaet al.,2016. Finally, there are also notable
connetions between th&hoand thewhere the spatial location or distribution of 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 centérf(ee wha. 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 (ICSQ@017, or by deploying Huff models for convenience and comparison

centers separately (Dolegtal.,2016.

Thus, it is clear that these three retail center geographiewftbgewhat andwhere are
intrinsically linked to each other, as presented withetonceptual framework=fgure9), and

can be better undeood through integration, to provide a comprehensive overview of a
national retail center systeifigure9 conceptualizedie interactions between each of the three
retail center geographies, as discussed earlier; for example, the relationship between scale and
function, and the importance of functionrtdellingpatronage, all of which are explored in
the remainingsub-sectons of this chapteFigure9 also highlights the pertinence of external
pressures (e.g., online shopping), which occupgrafgant role in the operation of a national
retail system, and are thus closely linked to the three geographiesargjuisdthat better
integrating thevho, what andwhereprovides a more comprehensive overview of U.S. retalil
center geographies, agdn thushelpto better understand and effectively respond to external

pressures on the retail system.
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4.3.Data

The primary database usedtiis researoh fip | a & was oObtained from SafeGraph, a U.S.
company that provides POI and mobility data for the United States, Canada, and the United
Kingdom. This database contained information on places where people spend money, time, or
both, made up dhree primary data sets. The first data set, core places (Safd@ragb2),
contained attribute information, such as the namddress, category, and coordinates. The
geometry data set (SafeGraph, Inc., 2Z)2fbntained detailed building footprints for each
place, accounting for relationships between individual places and shared buildings. The final
data set, patterns (SafeGrapit.] 202®), contained traffic and demographic aggregations for

the places, providing detailed information 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
conprehensive coverage for the national extent of the United States, and as argued by
Ballantyne etl. (2022), is the best available sme 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
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pioneering research has utilized the SafeGraph places database to understand geographical
phenomena (Liang ei., 202Q Wang efal., 2021, Yabe et al., 2021, Zhai etal., 2023
Huang etl., 2022.

For this study, the places that related to retail were extracted, as in the analytical framework
first proposed by Ballantyne at. (20223), resulting in a data set of 3,476,542 retail places, a
list from which, for the national extent of the United States, base information (core places),
building footprints (geometry), armbrresponding mobility data (patterrgjuld be extracted

for the retail placeswith 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, geometr and weekly patterns) were used in each component of this article can be seen
in Table 3. Additional ancillary data sets included the use of retail Has@ polygons from
OpenStreetMafOSM hereafterXo capture the extent of larger retail developmeats.(
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 (EPA021) and the U.S. Census Bure&021) were usedo derive useful
information about the surrounding urban morphology (e.g., road density) and neighborhood

income of retail centers, respectively, when construdtie¢ypology.

Table3. Data set usage within each of the thremponents.

Component Data source Dataset Usage
‘core places'
SafeGraph ' eorFr)1etr ' A ted t id of H3
Thewhere R ? i dy pgl%eognase cagndo
OSM etail landuse -
polygons
. . Composition, diversity, sizand
core places ' .
function variables.
SafeGraph ‘geometry’ Size and function variables.
weekly patterns' Economic performance
Thewhat yP variables.
Environment Smart Location : . .
. Size and function variables.
Protection Agency Database
American
U.S. Census Bureat Community Economic health variables.
Survey
Thewho SafeGraph ‘weekly patterns’ Calculating observed patronag

(origin census tract, total visits’
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4.4.The 6 Wh eaf Anterican 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 earlier, holds significant potential for an accurate delineation that is both
interoperable and ooputationally inexpensive. The approach, adapted from that used by
Macdonald et al. (2022)nd outlined irl0, takes as input the 3,476,543 retail places introduced

earlier, their longitude/latitude coordinates from the core plata set, their building

footprints from the geometry data set, and retail asel polygons fron©OSM (Figure 10A).

These iput data sets were then aggregated to a grid of H3 addresses that contained retail
features Figure 10B); the chosen H3 rekdion that the features were aggregated to was

el even, pertaining to hexagons with a di amet

connectivity between different retail places (Ballantynal €20223).

T tras uladieen 1| 7 o 03 1km

Figure10. Approach to retail center delineation.
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Once the various input data sets had been aggregated to H3, the retail center boundaries were
delineated, beginning by assembling a series of contiguous tracts of hexagons based on direct
adjacencies Higure 10C), with only directlyneighboring hexagons in the same tract.
Following this, a search was then performed to see if any of these initial tracts were near to
other® within 50 meterd by extracting a series of tracbnnecting hexagon&igure10D);

H3 addresses in the -rriensgpseoctdfvet meei gbbagomng,
different tracts. A detailed visualization of what aiKg is and how this operation worked can

be seen inFigure1l These tract o n n e c t |iFigye 16D3B Wese thén used to merge
nearby tracts built on adjacencies, resulting in a set of connectedfigore{ OE). Additional
components included the use of the National Hydrography Dataset to restrict merging of tracts
across major rivers, a particularly pertinent issue in cities like Providence and Chicago. Roads
and railway lines held sina@l potential, but were excluded due to a lack of detailed spatial data
detailing the existence of overpasses and underground railway lines, which have a limited
impact on boundaries. Computationally, the approach used h3jsr, an R package for performing
spdial operations within H3, and the delineation of centers occurred at the state level to
improve performance. Only major retail centers were extractedse with more than fifty

retail placed to remove the large numbers of small centers, which distontethé center
typology (Ballantyne eal., 2022, and reduce the computational efficiency of catchment

extraction.

: Retail places
o> aggregated to H3

Extract the
K-rings:
six adjacent H3’s

A S Identify
o tract-connecting H3’s

Connected tract

Figurell Use of Krings to identify tractonnecting H3's and build connected tracts.
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Where are U.S. Retail Centers?

The distribution of U.S. retail centers can be seeRignre 12, comprising a total of 10,956
(major) retail centers. The majority were found almost exclusively in urbanized and heavily
populated areas of country: 98 percent were within an official 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, andatigest (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 in retail center geographies,
somethingexploredlater. There were also eresting 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 thBouth, which is realistic considering 40 percent of the population live there
(U.S. Census Burea202]). It is important to note, hosver, that by excluding the smaller

retail centers, this distribution is heavily skewed toward the most urbanized retail centers, as in
Pavliset al.,(2018. By excluding these centers, it is likely tifais study isot capturing their

geographies in rural areas of the United States, a limitdtaircouldnot be avoided

Figurel2. Distribution of U.S. Retail Centers (map not to scale).
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The distributions of retail centers for some contrasting urban and retail environments are shown

in Figure 13, where a broad range of forms are apparent including large, sprawling centers,
such as those in Chicago and San FranciBgufes13A, 13D), and highly linear ones such

as Downtown BoulderRigure 13B). The existence of these different forms has long been
recognized, withBerry (1963 distinguishiy t hem as f#Ari bbonso and i
whereas in the United Kingdom, Pawisal.(201§ | i kened them to Achai
centers. The large sprawling retail centdfgres13A, 13D) occurred in many other U.S.

cities such as Seattle and Wiasjton, similar to those seen in UK cities like Liverpool or
Manchester (Pavlist al.,2018, and similarly, the linear centersSigure13B) are not all that

different from UK high streets. At this point, it is worth noting that a number of methodological
advancements enabled accurate delineation of the retail center boundaries. The use of building
footprints over point data and water bodies has arguably better captured the spatial distribution

of retail, without privileging its relationship to streets or major rivers. In addition, the use of
land-use polygons enabled delineation of major retail developnardsshopping centers

typically enclosed by large parking lots, as-igure13C.

4.5The 6 Wh aftAderican Retail Center Geogaphies

Developing a Multidimensional U.S. Retail Center Typology

To account for functional differences between the retail centers, a multidimensional retail
center typology was constructed. A series of variallablé 4 were extracted for each of the
four retail classification domaifdscomposition, diversity, size and function, and economic
healtl® as in the analytical framework first proposed by Dolega.§2021) The variables

were mostly derived from the core places data set, with others from #th&afeGraph
weekly patterns data s€dafeGraph Inc., 2020bdr other ancillary data sources (ER®21;

U.S. Census Bureaw202]). The framework is extended however, to ensure greater
applicability to the United States, through capturing of a greater number and variety of
measures, specific to the U.S. retail context, a problem identified by Ballanign¢622).

The final list of variables and their descriptive statistics can be sé@abla 4 and a detailed

overview of how they were comgtted can be found idppendix Il
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Table4. Variables used in construction of the retail center typology.

Descriptives

Domain Variable Standard
Median deviation
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 (%) 451 2.89
" propGeneralMerchandise (%) 0.96 1.47
Composition
propBars (%) 1.13 2.81
propRestaurant (%) 17.80 8.32
propFastFood (%) 7.27 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
propindependent (%) 43.59 19.52
propSmallMultiple (%) 1.37 1.93
propNationalChain (%) 23.21 16.81
propPopularComparisonBrands (¢ 1.23 6.47
propPopularConvenienceBrands
Diversity (%) 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
nuUnits 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
Size & retailDensity 0.21 0.15
Function  yesjdentialDensity 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
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totalVisits 3289.50 11867.31

totalPopulation 5864.50 15400.11
Economic medianUnemployed (%) 2.88 2.13
Health medianincome ($) 58503.75 30047.21
retailService 1.99 21.44
nCompeting 40.00 77.42

To ensure that the input variables were parsimonious, correlation and sensitivity analysis were
used to remove highly colinear variables, and those with little effect on the classification shape.
Seven variables exhibited high collinearity and were removed, a key step when assembling
classifications with unsupervised machiearning techniques (Sifegon et al.,2020. PCA

was then used to identify those variables making limited contributions to the classification,
which resultedn the removal of a further three variables. The final set of thetyen variables

were range standardized (0, and the classification was performed using the PAM algorithm.
PAM requires specification of the number of clustdgs fere elbow plotsvere usedin
conjunction with average silhouette scores to deterkin@ach iteration of PAM, which can

be seen for the groups Figure14. The classification was performed twice to extract a two

tier classification, comprising a set of four retail center groups and a series of nested types.

38000 -

36000 -

34000 -

32000 -

Total within sum of squares

30000 -

28000

Figurel4. Determining the optima value for retailcenter groups. Value in bold represents
optimalk value.
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WhatAre the Characteristics of U.S. Retail Centers?

The characteristics of the retail centers, seeRignre 15 and Table 5 were determined by

considering variability in the median values of input variables between each retailgreager

and type. The spatial distribution of groupsglre 16) was interesting; the abundance and

uneven distribution ofgroups 2 (Small city, town, and primary neighborhood) and 4

(AEverydayo

convenience

and service) was pa

around smaller cities and other urban areasohtrast, there were distinct concentrations of

group 1 centers (Major urban centers and established shopping destinations) in the major cities

such as Los Angeles and New York, with other isolated occurrences in smaller, state capital

cities. The numbeof centers in each group varied substantially from 4,8&%¢ 4) to 1,316

centers group 3, Leading comparison destinations). This difference does, however, seem

plausible given the frequency at which everyday goods (e.g., groceries) are purchased, when

compared 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 centergraup 2 compared witgroup 1 also seesplausible.

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).

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. ‘Everpday’ convenience and service retail centres
(n=4929)

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

= Visited frequently (popular).

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

* Located away from dense urban areas, much smaller,
less abundance of popular comparison brands.

Figurel5. Pen portraits for the retail center groups.

In terms of composition and functiorri@ure 15), interesting differences were apparent

between the groups. For instance, both the first and second group of centers comprised a retail
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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.qg.,
Aurora, lllinois). Furthermore, the distinction between Groups 3 and 4 was of ipeyaist;
despite polarized retail offerings, discount and anchor (general merchandise) retailers occupied
a key role in both. When examining the nested typablé5), many interesting functional and
compositional differences were also identified. Thetexice of some of these types within the
groups was logical, for instance the splitting of premium outlets and leading fashion
destinations (3.2) from offrice, nonspecialist comparison destinations (3.4). Furthermore, the
differentiation of primary andegondary metropolitan centers (1.1, 1.2) and the identification

of food and drink destinations (1.3). As concluded earlier, though, it is important to note that
the typology presented here likely excludes some additional retail center functions, phrticular

those exclusive or common in rural areas.

-

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

Figurel6. Distribution of U.S. retail center groups (map not to scale).
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Here a multidimensionaletail centertypology for the United Statdsas been constructed
which highlights the apparent structural and functional interdependencies between centers.
Despite anonthierarchicalapproach, the relationship between function and soak not be
overlooked as highlighted itheconceptual frameworks{gure9). Dividing up the retail center
groups into four size categorietaple 6) yielded interesting insights about the mapping of
functions across various scales, and the continued applicability of CPT. For instance, with the
smaller and mediursized retail centers, a greater diversity of functions was evident,
particularly an abundance of localized ones, as suggested byl 8. \When looking to the

large and very largest retail centers, it is apparent that there are fewer centers in these categories
with a much lover 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 fragmentation
(Dolegaetal., 2016. Thus, the vast differences in retail center functions and scales across the
United States counter efforts to conceptualize retail system through CPT, as paralleled in

the United Kingdom (Dolegat al.,2016, but must not be overstatedtas smallest enters

have been deliberately excludiedm this analysis.
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Table5. Characteristics of the U.S. retail center types.

Type Key characteristics Examples

Manhattan (NY), San Francisco (CA),
The Loop, Chicago (IL),
New Orleans (LA).

Newark (NJ), Anchorage (AK),
Portland (ME), Pittsburgh (PA),
Berkeley (CA).

Smaller than other centres in group one, with a highe Venice, Los Angeles (CA),
1.3 Inner city food and drink destinations than average alndance of independents, restaurants Pilsen & Logan Square, Chicago (IL),
and bars. Rittenhouse Square, Philadelphia (PA).

1.1. Metropolitan and primary urban Largest interms of area and number of retail places,
centres most diverse and most popular.

1.2 Secondary metropolitan centres and Smaller and less popular thari, but much more
iconic shopping districts diverse and popular than types 1.3 and 1.4.

Located in periphery of major cities, large and highly Hackensack (NJ), Watertown (MA),
1.4 Multipurpose peripheral shopping are diverse higher than average numbers of household West End, Atlanta (GA),
services. Ocaotillo Plaza, Las Vegas (NV).

Elgin (IL), Idaho Falls (ID),
Fayetteville (AR), Fort Myers (FL),
Bloomington (IN), Wailea (HI).

Thompson Lane Center, Nashville (TN]
Capital Square, Raleigh (NC),

2.1. Small city, primary neighbourhood
cores and secondaiyod and drink
destinations

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

2.2.Neighbourhood specialist service Less diverse, greater proportion of consumer service

centres less independents and bars/restaraunts. Gloversville (NY).
3.1 Large, populaand multipurpose Large, lots of weekly visits, with high number of Shoppers Wo_rld, Fr_amlngham (MA),
~ 9 ) . , Milford Crossing, Milford (CT),
destinations comparison brands, services, anchors and discounte . .
Ingram Park Village, San Antonio (TX).
. . . Dominance of clothing and footwear, with an Orlando vineland premium outlets (FL),
3.2. Premium otlets and leading fashion . ) .
oo abundance of premium and the most popular King of Prussia mall (PA),
destinations . . .
comparison brands. Waikele premium outlets (HI).

Page PO



3.3.Secondary fashion shopping
destinations

3.4. Oftprice, nonspecialist comparison
destinations

Abundance of comparison brands and

clothing/footwear, department store anchored, abser

of premium brands.

Lots of discounters and anchor stores,-apacialist
retail offering (e.g. comparison, convenience, fast fo

Mondawin Mall, Baltimore (MD),
The Promenade, Bolingbrook (IL),
The Summit, Reno (NV).

Assembly square, Somerville (MA),
Fairlane green, Detroit (Ml),
Southern hills plaza, Oklahoma City
(OK).

4.1. Affluent 'everyday' centres

4.2 Large and diverse 'eyeiay' centres

4.3. Popular discount convenience centre

4.4.Secondary discount convenience
centres

High income neighbourhoods, lots of consumer
services, convenience goods and fitness facilities.

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

neighbourhoods.

High weekly visits, abundance of discount retailers,

specialism in convenience retalil.

Similar to 4.3 centres, slightly lower abundance of
discounters, greater prevalence of consumer service

Glen Gate, Morton Grove (IL),
Port Jefferson Shopping Plaza (NY),
Malibu Village, Malibu (CA).

Kent Station, Seattle (WA),
Lakewood City Commons, Denver (CO
Williamson Square, Franklin (TN).

Sunshine Center, Panthersville (GA),
Essex Junction Center, Essex (VT),
Southern Blvd, Rio Rancho (NM).

Aspen Square, Laramie (WY),
Michigan Avenue, Detroit (MI),
Wampanoag Plaza, Providence (RI).
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Table6. The observed relationship between U.S. retail center scale and function.

Retail centre size (FishetJenks)

Very
Small Mediumsized Large large
Retail centre group LT (NUnits =250 >  (nUnits= (nUnits
(nUnits =50 > 250) 1200 1200 > 3200)  >=
3200)

Percentage

1. Major urban centres

and established 10.49 76.70 100.00 100.00
shopping destinations

2. Small city, town and

primary neighbourhood 27.67 2.18 0.00 0.00
centres

3. Comparison and

multi-purpose shopping 12.43 13.10 0.00 0.00
destinations

4. 'Everyday'

convenience and 49.41 8.01 0.00 0.00
service retail centres

Total retail centres

(=100%) 9865 687 39 5

4.6.T h &Vvh @od American Retail Center Geographies

Calibrating the HuffModel to Estimate Retail Center Catchments

Unpackingwho uses retail (centers) and where they come from is adtargling theme in

retail geography. It is vital for better understanding the interplay of supply and demand, in
particular, comprehending ttmeain drivers of demand and access (Waddingt@nh.,2018).

In this application, the approach of Dolegjaal. (2016 was modified where a bespoke Huff

model was developed to delineate catchments for retail centers in the United Kingdom. The

Huff model, as outlined eiger and specifiedbelow in Equation 1 posits that consumer
patronage can be modeley considering the attractiveness)(@nd spatial location or distance

of retail locations(j) , wi th U and b calibration paramet e

represents reality.

In this research the Huff modelappliedto the United States,al i br at i ng it witfF
weekly patterns data set (SafeGraph,,I186208, and accounting for functional differences
betweerretail centers. The data set, as described previously, contains aggregated visit counts

for each retail place at the census tract level enabling identificatimh@iises these places
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and (approximately) where they come from. Arguably, the weekly paitetasset 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 patterndadand recent advances in calibration
(Liang etal., 2020 could yield substantive insights about the drivers of patronage in the
conemporary retail system (e.g., distance, attractiveness), through direct calibration of the

model U and b parameters, demonstrating the

In this approach, the Huff model was used to provide a probabilistic breakdowr of th
likelihood consumers from census trawatould visit retail centey, as specified ifEquation 1

To measure the attragcéiness of retail centers jjAan aggregate score was derived from a
series of variables Equation ) deemed important forretail center attractiveness
(Dolegaet al.,2016 Gong efal. 2027). Euclidean distances {Pwere calculated between the
census tracts and cergeas shortest network distances to all tracts were not computationally

feasible.

570
B 090

Equationl. Huff model specification.

Where R is the probability that consumers located in censusitsaeotild visit retail centey;

A; is the measure of attractiveness for retail ceptbased on size, total visits, diversity of

retail offer and presence of popular comparison branglss e shortest Euclidean distance

from census tract to retail centeyj; U is the attractiveness pa
comparison with observedat r onage; and b is the distanc

through comparison with observed patronage

The final step in fitting the basic Huff moc
Dolegaet al. (2019 , the authors determined U and b
observations. In this study, however, recent advancements in-dfilata) parameter
calibrationwere utilized(Wang etal., 2016 Liang etal., 2020), comparing a series of Huff
model s to observed patronage behTheSafeGraph t o e

patterns data setas usedo compute observed patronage probabilities, and then compare these
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toa series of Huff models with different U an
for each census tract, as showrfFigure 17. Correlation testing was performed between the
observed and predicted probabilities, as in Wangl.e016), to identify the calibrated
parameters, as shown in Tabl@ Once determined, these calibrated parameters

(0, b) were used to delineate catchments f
probabilities above 50 percent and 25 percent as the mriava secondary catchments,

respectively.

B A
e

DowntownIBoulderiCE

\ Observed Patronage (%) Predicted Patronage (%)
|20.00-0.04 VA - - |30.00-5.40
|E30.05-0.42 ) A * 35.41-17.42
|E=30.43-1.97 . y [17.43-50.01

B 1.98-4.14 B 50.02 - 100.00

Figure 17. Comparing the (A) observed and (B) predicted patronage probabilities for
Downtown Boulder (maps not to scale).
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Table7. Correlation testing of aerved probabilities against predicted probabilities from
Huff models with different alpha and beta values.

b
Pearson's R
U 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*

As suggested by Dolega al.(2016, a number of modifications and considerations were made

to ensure suitability of this method to retail centers and maximize conomataefficiency.

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,
comprising 30 percent of all centers. Second, théethod was applied separately for each
distinct type of retail center, ensuring only those with directly competing offerings were treated
as equal on the catchment surface, as it is problematic to design a hierarchical catchment system
(as in Dolegat al.2016, based on a nonhierarchical typology. This also links to the conceptual
framework Figure9), whereit is illustrated that thevhoandwhatare intrinsically connected

when considering that the supply of goods and servicesmtlad has a significant role in
determining patronage (theho). Thus, a separate constrained Huff model was calibrated and

used to extract catchments for centersaichetype.

Who Uses U.S. Retail Centers?

The calibrated model parameters varied substantially between the retail centef ajphe§ (

offering useful insights as to the role of attractiveness and distance in determining patronage

to U.S. centers with flif er ent functi ons. For exaroupie, muc
centers were interesting, with these center.
function highly sensitive to distance (Denetsal.,2002 . I n addition, U and

the large, popular and multipurpose destinations (3.1). Given this type comprised many of the
established U.S. shopping locatsprhey could be more likely to fit the conceptual basis on
which the Huff mod el i's grounded. Il n gener a

significance in ensuring that the Huff models accurately represented reality, as in the United
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Kingdom (Dolegaet al..201§ , wi th b often exceeding U. Wha
a onesizefits-all approach does not work for a national set of retail agglomerations, as in the
United Kingdom (Dolegat al.,201§. To demonstrate this furthgfjgure 18 compares the
catchment of a retail center that hBgy(re18A) and has notHigure BB) accounted for retail

center type. With the former, a catchment that more accurately reflects the observed patronage
behaviors was delineatesiiggesting the role of function remains much more significant in

determining patronage, over scale.

HowntowmBoulder, CO)
B ]

s

. EA Primary Catchment |
& | Observed Patronage (%)
|[D0.00-0.04 I

'|ERA Primary Catchment |
| Observed Patronage (%)

[10.00 -0.04

CJ0.05-042 [J0.05 -0.42

E0.43-1.97 £0.43-1.97
| 1.98-4.14 B 198 -4.14

Figure18. Primary catchment for Downtown Boulder, where the Huff model (A) has and (B)
has not accounted for retail center type.
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Table8. Calibrated Huff model parameters for each retail center type.

Group Type U b

1.1. Metropolitan and primary urban centres 01 1.0

1. Major ur_ban centres 1.2 Se‘condlary. metropolitan centres and iconic 01 20

and established shopping shopping districts

destinations 1.3 Inner city food and drink destinations 01 1.0
1.4 Multipurpose peripheral shopping areas 01 1.0

2. Small city, town and 2.1. Small city, primary_ neighb_ourhood coresant ¢ 10

primary neighbourhood secondary food and drink destinations

centres 2.2. Neighbourhood specialist service centres 01 20

3.1 Large, popular and multipurpose destinations 1.0 1.0

3.2. Premium outlets and leading fashion
destinations

3.3. Secondary fashion shopping destinations 05 1.0
3.4.Off-price, nonspecialist comparison

3. Comparison and multk 01 05

purpose shopping
destinations

destinations 05 10
4.1. Affluent 'everyday' centres 01 20
4. 'Everyday' convenience 4.2 Large and diverse 'everyday' centres 01 1.0
and service retail centres 4.3, Popular discount convenience centres 0.1 1.0
4.4. Secondary discount convenience centres 01 1.0

Primary and secondary catchments for Downtown Boulder and the Seattle City retail centers
can be seen ifigure19. For Sedte, 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
centes were much smaller, due to increased competition with other urban centers. 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 Down®ouider

retail center competes in some way with the nearby large 28th Street retail center, thus, an
approach to catchment modeling at the group level might have handled competition more
effectively. On experimentation, though, this failed to demarcatetm at ur al |y A hi gt
Type 1.1 and 1.2 centers from others in the group, prompting further investigation into how
better measure the attractiveness of retail centers, and reduce the need for catchment

overestimation.

Thus, althouglthe role of competition has not been fully captured in the model, this study has
demonstraté and calibratd a non-hierarchicalHuff model that accounts for the function of

centers entirely. Given that these catchments are calibrated against a largey ohatailset,
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they arguably provide an accurate way of estimating patronage to retail centers for the national
extent, despite overestimation. The underlying observed patronage behaviors highlight this
(Figure19), where it is evident that the majority of tracts containing relatively high levels of
patronage were contained within the catchments of centers. One exceptionwadtise
catchments for Type 3.2 centers, premium outlets and leading fashion destinations, which were
the least accurate. Premium outlets, however, typically exhibit patronage behaviors that are
distinctly different from all other comparison destinations
(Guy, 1998; thus, it is likely that the Huff model in its current form is not sufficient to account

for this difference in function.

B

Primary Catchment

B Primary Catchment
[ Secondary Catchment

Obscrved Patronage (%)

[ Secondary Catchment
Observed Patronage (%)

0.00 - 0.026
0.00 - 0.04
e 0.05-0.42 0.027 -0.101
1 043-1.97 [ — 0.102 - 0353
0 10 20 km N 198-4.14 0 25 50 km B 0.354 -0.901

Figure19. Primary and secondary catchments for the (A) Downtown Boulder and (B) Seattle
City retail centers.

An unexpected, yet interesting aspect of the catchments was in their average sizes.
Unsurprisingly, some of the traatinally higher order centers like Type 1.1, 1.2, and 3.1 were

the | argest in area, with the smallest catcl
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convenienceriented offering (2.2, 4.1, 4.2). These findings have major implications for
researchike ours, which uses datiriven approaches to understand geographical phenomena.
With retail centers there are always implicit hierarchies, but without local, expert knowledge,
it becomes difficult to account for and build replicable approaches thagratge such
knowledge. In this study, early stepsive been madé demonstrate the potential for
unpacking the hierarchical from the nbrerarchical, using a Huff model calibrated on a large
mobility data set to identify higher and lower order patronad@biors, demonstrating further

the connection between tihoand thewhat

4.7 .Discussion and Conclusions

The physical, brickandmortar component of the U.S. retail sector is under threat. Retail
center s, the primary sites of {(Jagnbwczd0lHal ) c
are under increased pressure during theadled retail apocalypse, and as longer term,
structural impacts continue to disrupt the retail landstaps least given the recent shifts due

to the COVID19 pandeic. 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 Dolegakt(2021) and Ballantyne al. (20223), to

provide a new conceptual framework that yields substantive insights about the U.S. national
retail center system. Using datarfricafeGraph and cuttirgdge techniques in retail center
delineation, classification, and probabilistic modeling, three geographical aspects of U.S. retail
centersare exploredwherethey are locatedywhat characteristics they have, amdho uses

them. Indeveloping such understandings, thoughs arguedhat these three geographical
aspects are intrinsically linked, and as such can be better understood when examined together,

through provision of a conceptual framework to ground such understandings.

Forinstance, the efficacy of including ancillary data sets to derive better retail center boundary
delineationsvas demonstratedesulting in a higher resolution and more representative retail
center typology than was obtained in Ballantynealet(20223). Furthermore it was
demonstrated thalhe Huff model can be enhanced to better account for implicit differences in
patronage between mers, by integrating information about retail function, supplied by
typologies. Finally, throughout thiarticle, the apparent connections between scale and

function are highlightedillustrating that retail center functions can span multiple scales, and
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that function remains a greater determinant of patronage over scale. Thus, empirical inquiries
into the geographies of U.S. retail centers need to be better integrated, considexingré)e

what, and who together, to derive more substantive and usefsights, 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 theoratidatonceptual underpinnings

in retail geography, particularly in comprehending the role of function and scale in the retalil
system, and the utility of fit for purpose nonhierarchical classifications, where critical details
and niches about retail enviroents have now been capturédirthermorethe continued
applicability of the Huff model in retail (center) geographves evidencedhrough successful
calibration of the model using a large mobility data set from SafeGraph 2D@04, also
shedding significant light on the changing role of function, attractiveness, and distance in

conceptualizing patronage.

These conceptual contributions echo many of the findings of other studlemats of the
American Association of Geographemnetably Scharadiet al. (2022 and Shannon2016),

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 holistic and multidimensional understandings of them, and highlighting the
apparent utility of using observed mobilities to better understaddradel these patronage
behaviors; enabling definitions of neighborhoods based on individual movements across space
and time (Roqt2012. Thus, although these studies did not explicitly integrate the three
geographies of food environmeditsvhere, what and whod they also demonstrated the
intrinsic links between thenThis research, however, provides significant scope for future
studies mto food environment 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 Shanriii§, and more broadly, providing a
systematic framework through which to measure the national geographies of food

environments.

As a resource, these U.S. retaihisx geographies also offer significant potential in helping to
identify how and where effective responses are needed, to protect the physical component of
the U.S. retail system, and the social and economic value that they represent
(Lloyd and Cheshire2017. Given the role of retail centers in affecting the livability and
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desirability of cities (Sevtsyl2014), this new knowledge can be used to support development

of legislation and the design of cities (Baker and W& (. Placing an emphasis on the
overall sense of place and the quality of the retail offer can result in significant enhancements
to the livability andeconomic success of these areas (Glaesat.,2001 Sevtsuk 2014).
Furthermore, given the continued role of the pandemic in our daily lives, increasing volume of
online sales and the expanding network of literature on the retail apocalypse, developing
metrics for he centers presented here, such as those seen in Singlator2e1§ and
Comber etl. (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 pertiogmimnternational settings,
which can also benefit from such geographical understandings, and the development of
effective, datedriven policy action in response. For such outcomes to be feasible, however, the
empirical measurement of retail center gagdpies has to be replicable (Dolegalet2021),

offering repeatability in existing contexts, and applicability to different ones. Through the
development of a fully replicable workflow, utilizing opsaurce tools and methodologies,

and creation of amnprehensive GitHub repositofBallantyne 2022, the geographies of U.S.

retail centercan be updated at regular intervals, enabling insights about their evolution to be
gained (Joseph and Kup®016. Furthermore, in agunction with the increased availability

of globally available retail location data (Safegraph ,li2021b), and a new conceptual
framework providing a comprehensive overview of the national retail (center) system
(Figure9), the workflow presented herercéde modified and extended to derive impactful
understandings of retail center geographies in other international settings, as suggested by
Ballantyne egl. (20223).

This research does not clatmprovide the definitive set of U.S. retail center geographies, as

it is inherently limited by a lack of engagement and validation involving stakeholders, local
experts, and qualitative undeastlings. Furthermore, a significant limitationnsexclusion of

the smallest and likely most ruralized retail centers. These are likely to exhibit a significantly
different distribution when consideriwgherethey are located, and as a result, all resriter
functions have likely not been captured and described. This also has notable implications when
considering the relationships between retail center scale and furasidiscussedearlier.

Further studies into U.S. retail center geographies atatienal extent should seek to explore

these ideas further, seeking to understand what additional knowledge can be generated about
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the geographies of the U.S. retail system when incorporating these localities. Limitations aside,
it is arguedthatthis studyhas 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, new knowledgas been generatatoutwherethey are locatedyhat
characteistics they have anghouses them, and more importantly emphasized the importance
of integration, utilizing the conceptual framework presented here, to yield the most compelling

and useful geographical insights about these phenomena.

Supplementary Material

To see the accompanying supplementary materials for this chapter (and published paper),

please see Appendik |
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5. Using unstable data from mobile phone applications texamine recent
trajectories of retail centre recovery.

The content of this paperhas recently been accepted for publishing as a regular
research paper at Urban Informatics:

Ballantyne, P., Singleton, A., Dolega, L. Using unstable data from mobile phpleatipns
to examine recent trajectories of retail centre recovgnyan Informaticgaccepted).

Chapter Overview

This chapter comprises tfieal of three empirical chapters in this thesiad fulfils the third

aim of this PhD thesis bgexploring how retail centres have recovered following the
COVID-19 pandemié¢rom summer 2021 to 202 particular, mobility data from Geolytix is
used to identify significant heterogenesin recoverybetween retail centres in England,
Scotland and Wales, with noticeable differences vexghored at the regional level or between
different types of retail centres (i.gynctiong. However, following identification that
significant variation exists withegions andunctions,modelling revealed that theructural
characteristics of retail centres appeared to be more closely associated with recovery, notably
the resilience of retail centres to online shoppaagchmendeprivation and the composition

of leisure andserviceretailers.This chapter also yields significant insights about the utility of
data derived from mobile phone applications, particularly about the key temporal limitations
of the Geolytix mobility dataset, identifying ways which to uilise such unstable data to

derive meaningful insights.

The key contributions of this chapter are as follofisstly, the potential of the Geolytix
mobility dataset for spatitemporal analysiss evaluated as it has not yet been used in
published research. In particular prominent temporal limitations are identified which restrict
its use in examination of temporal trends, but can be used as a comparative tool when treated
as snapshots, assuming represergaess and stability between compared areas are formally
consideredSecondly, substantive insights about the drivers of retail centre recovery through
exploration and modellingare presentedidentifying significant heterogeneitiesyith
particularly stong associations between #steucturalcharacteristics of retail centres and their
likelihood to recoverFinally, an empirical basis upon which to monitor the recovery of retalil

centresis provided in particular calling for greater multidimensionality how retail centre
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performance in conceptualised, and utilising some of the tools presented to yield such insights

with other unstable sources of data.

Abstract

The COVID-19 pandemic has changed the ways in which we shop, with significant impacts on
retail and consumption spaces. Yet, empirical evidence of these impacts, specifically at the
national level, or focusing on latter periods of the pandemic remain notably absent. Using a
large spatieéemporal mobility dataset, which exhibits significant temapanstability, the
recovery of retail centres from summer 2021 to 282Xplored considering in particular how
these responses are determined byuhetionalandstructuralcharacteristics of retail centres

and their regional geographyhesefindings provide important empirical evidenoé the
multidimensionality of retail centre recovery, highlighting in particular the importance of
composition, eesilienceand catchment deprivation in determining such trajectories, and
identifying key retail centréunctionsand regions that appear to be recovering faster than
others In addition a use case for mobility data that exhibits temporal stalidifyresented
highlighting the benefits of viewing mobility data as a series of snapshots rather than a
complete time seriesSuch data, when controlling for tempor@h)stability, can provide a
useful way to monitor the economic performance of retail centres over proeding
evidence that can inform policy decisions, and support interventions to both acute and longer

term issues in the retail sector.
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5.1.Introduction

The COVID19 pandemic has caused significant damage across societies and economies
around the world (Duong et al., 2022). As a result of policy actions imposed at various stages
to mitigate the spread of the disease, the pandemic has severely disrugtadtddies, and

has, and continues to change those ways in which we shop (Sit et al., 2022). This has had
notable consequences for physical spaces of consumption such as high streets and retail centres,
which have struggled for many years prior to taagemic (Dolega and Lord, 2020). Within

the UK, and in advance of COVID9, vacancy rates were at an-tathe high since the

2008 economic crisis (Wrigley et al., 2015), and footfall was significantly down (HSTF, 2021),

in part due to the increasing poguty of online shopping and cof-town shopping centres

(Enoch et al., 2022). However, there is now a growing evidence base that the pandemic has
accelerated these trends, often being |ikene

c h an gaga 2021k r

Despite a wealth of literature exploring the short and medarm impacts of public health
restrictions on the retail sector (Baker et al., 2020; Nicola et al., 2020; Bonaccorsi et al. 2020),
there has thus far been limited efforts to directlyantify these responses for retail centres,
accounting for spatial heterogeneities at the regional level, anduhetronalandstructural
characteristics. The focus of this paper is therefore on British retail céiitresh e pr i mar y
of consumption i n ur@Gkalanowicze28ls,.9)(abdaHeiergcavera nd C
from the initial shock of the COVIE19 pandemic. Although sonexamples for retail centres

have emerged in cities (Frago, 2021; Ballantyne et al.,&02#se studies have emphasised

the consequences of public health restrictions on retail centre activity, with much less written
about the mor e asdhe Omitron dapidntaThe lattér,is ofsgreat imterest, as

the Omicron subvariant Hiefected many of those who were already vaccinated or had
previously tested positive (Chowdhury et al., 2022; Grabowski et al., 2022), but saw no further

public health estrictions, only recommendations.

In addition, existing studies have utilised various forms of data to assess the economic
performance of consumption spaces, such as vacancies (Frago, 2021; Dolega and Lord, 2020)
and footfall (Philp et al., 2022; Ntouras al., 2020)The utility of mobility data in answering

such gquestions wdsst identified in Trasberg and Cheshire (2021), providing significant scope

for the use of similar datasuch as the Geolytix aggregatedapp location dataset

(CDRC, 2021a)to unpack how such responses have manifested in later phases of the
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COVID-19 pandemionce the key limitations of such data have been addressed. Thus, within
this context, the utility of a mobility dataset for exploring sp&timporal trends of retail cae
recoveryis evaluateddemonstrating in particuléiowretail centre definitions and new forms

of datacan be useds geographic data tools, to better understand the response of the wider

retail sector to the pandemic. As such, three researchaagmmoposed

) Consider the utility of the Geolytix mobility dataset for spagimporal analysis of
retail centre recovery.

i) Explore the extent to which themecovery trajectorieelate to the overatlnction
and regional geography of retail centres.

iii) Quantfy the role of thestructural characteristics of retail centres, in addition to

functionand regional geography, in determining such recovery trajectories.

5.2.Background

The British retail (centre) landscape

The British retail landscape has undergone a large transformation. Driven in part by the rising
popularity of 6 £ 0 mme (Obl® &022), the expansion of eafttown developments and
economic O6shocksd | i ke the 200 8seenacigngicaiton ( D
decline of traditional high streets and retail centres (Wrigley et al., 2015). As a result, vacancy
rates are at an dilme high, with increasing unemployment and concentration of retail away

from high streets (Jones and Livingston&l&, Parker et al., 2017). The COVI® pandemic

represents another challenge, significantly reducing footfall in many consumption spaces,
following implementation of mobility restrictions to contain the spread of the virus
(Enoch et al., 2022). Whilsteise factors are well acknowledged as being some of the primary

dr i ver s-andmho rotbariéc kr et ai | decline, research su
heterogenous, with retail (centre) vulnerability and decline being highly variable, driven by
multiple factors related to th&ructural andfunctioral attributes and catchment characteristics

of the centres (Dolega and Lord, 2020; Singleton et al., 2016). What remains clear however is
that the decline of retail centres is a multidimensional issighwbecomes increasingly
convoluted when studied at different spatial scales, highlighting the complexity and diversity

of the problem (Parker et al., 2017).
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Measuring retail centre performance

Although complex to capture, there is widespread consetimisdatadriven empirical
measures of performance hold great value for policy and planning of the future of cities and
retail (Enoch et al., 2022; Philp et al., 2022). There are however no uniform indicators for
measuring retail centre performance (Dalagd Lord, 2020), owing to the complexity of such

a measure, and the influences of internal and external factors (Philp et al., 2022), as well as
demand and supply (Jones et al., 2022). Total spend would be of greatest utility, but is difficult

to obtainor estimate given the decentralised nature of retail(er) organisation. As such, there are
numerous proxy measures that have been used, such as vacancy rates (Dolega and Lord, 2020;
Jones et al., 2022), footfall (Philp et al., 2022; Ntounis et al., 202@)jractiveness and retail

mix (Dolega et al., 2016; Jones et al., 2022). However, such measures are subject to limitations,

such as overly privileging certain geographic areas or having limited temporal resolution.

The increasing availability of new foswf data, creates novel opportunities for the monitoring

of human mobility (Calafiore et al., 2022), and derivation of proxy performance measures for
different places and spaces (Ballantyne et al., 2021), through which to understand urban
problems. A larg body of research is emerging that uses mobility data obtained from mobile
phone applications to investigate human behaviour during the CQ¥YIpandemic, notably
changes in human mobility and internal migrati&arfg et al., 2020) and the compliance of
social distancing measure3liver et al., 202]) In addition, such data has been used to monitor
the performance of consumption spaces and the wider retail sector during the pandemic
(Trasberg and Cheshire, 2021; Ballantyne et al., 2@B&llantyne, 20211

However, mobility data is not without limitations. Location data from smartphones face similar
challenges to other consumer datasets in that they are often unrepresentative of particular social
groups €.g.,generational biases), or of particular areas due to differences in access to mobile
devices/internet (Trasberg and Cheshire, 2021; Parsons, 2020). In addition, such data often
faces significant temporal limitations, depending on the sample of devicespphchations

used to collect it, and their representativeness of the general population (Gibbs et al., 2021).
Typically, the panel of unique devices will vary over time, which must be accounted for when
using such data to conduct any spatimporal analyis (Trasberg and Cheshire, 2021). Thus,

such mobility data is subject to its own limitations, and uncertainty in the generalisation of any
results generated remains a significant challenge (Shi et al., 2022; Gibbs et al., 2021). However,

there is still moe to be unpacked about how such datasets can be used to monitor the economic
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performance of retail centres, particularly their geestdemic recovery trajectories, and how

these link to their overaflnctiond, regional andstructuralcharacteristics.

Retail centre performance and recovery

Observations about the shoerm responses of retail centres to the pandemic, and the different
restrictions and rules, form an essential basis to informing the preparedness of these locales in
the future (Enoch et.22022). Much literature has focused on the consequences of restrictions
during the earliest stages of the pandemic here in the UK. For example, Ntounis et al. (2020)
and HSTF (2021) documented significant decreases in national footfall, whilst o#reifsad

notable disparities between different retailers (Baker et al., 2020; Nicola et al., 2020). Recently
however, studies have emerged that examined these trends between different spaces of
consumption, such as Enoch et al. (2022), who identifiedfgigni differences in footfall
declines between UK town centres. Of great interest is how these disparities of impact and
recovery relate to the characteristics of the retail centres, in particulafutheiional role

(i.e., hierarchical positioning) dnstructural characteristics (e.g., vacancy rates). With
function, studies have identified significant differences in responses between smaller, local
centres and larger towns and cities (HSTF, 2021; Enoch et al., 2022; Ballantyne et aj., 2022
Frago, 202), relating these trends to the role of commutopgpds,or scale of demand in
determining such responses. Witructure research has identified significantly different
responses depending on tlsemposition, vacancy rate, resilience to online shopping
(e-resilience hereatfter), diversity of retail offer and catchment deprivation of different retail
centres (Enoch et al.,, 2022; HSTF, 2021; Dolega and Lord, 2020). Furthermore, related
research has argued that such responses will exhibit significanal spaterogeneities
(Dolega and Lord, 2020), thus the importance of geographical location (e.g., regional

geography) cannot be overlooked.

However, all of the above examples have examined the responses of retail centres to the earliest
Ophases6 IDIf9 tphaendCeOWi ¢, with much | ess writte
as that seen over the past year, where the Omicron subvariant has been of great significance.
In the UK, the pandemic has been characterised by different sets of restrictions digiagtdi

time periods, in response to different variants of the original virus. However, following
Omicron, the government unveiled a much less stringent set of restrictidnB| an Bo,
comprising mandatory face mas k ©OffirRe@l)withc ci ne
these being lifted in January. Thus, the likely supply side impacts on consumption spaces were
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greatly curtailed in comparison to restrictions seen earlier in the pandemic, theoretically
enabling recovery to begin at the start of 2QB8ugh this may have differed between different
countries (e.g., Scotland, Wales). Thus, the overarching objective of this paper is to examine
how retail centres responded beyond national lockdowns, how these relationships map into
recovery (or decline) rajectories across differenfunctional regional andstructural

characteristics, and the utility of mobility data for capturing such trends.

5.3.Data and Analysis

Geol ytix Oapprlkgaeaetidonndataset o

The primary dataset used in tihesearch; Geolytid a g gr e @atpe d oicrat,wasn dat a
obtained from the Consumer Data Research Centre (CDRC, 2021a). The dataset contains
aggregated activity counts derived frorreipp mobile phone applications across Great Britain,
which are aggregted into a hexagonal geometry (H3), providing a count of the total number

of distinct devicesvithin each 50m hexagonal cell. The data provides hourly, daily and weekly
counts, spanning a 3@ty period from August 2021 to July 2022, with the best dpatia
coverage occurring in towns, cities and other urbanised areas. It is important to note however
thatit is impossible tadentify the specific sources of data used to construct it (i.e., apps), as
that information is commercially sensitive (CDRC, 202Fay. the purposes dhis research

in examining the response of retail centre activity, and to minimise disclosure risk, the mobility
datasetwas appended to the latest iteration of the CDRC retail centre boundaries
(Macdonald et al., 2022); the nested &ls within each centre boundary were derived and
joined with the corresponding mobility data, keeping only data within the centre boundary,
before calculating the total number of devices within each retail centre at the weekly scale, as
a proxy measureof retail centre activity, to smooth variation at the daily level.

However, the temporal stability of the Geolytix mobility data remains a significant limitation,

as is often the case with other similar mobility datasets (Trasberg and Cheshire, 2021). As
demonstrated below in Figu0A, the number of unique devices in the Geolytix mobility
dataset does not remain consistent throughout the entire study period, falling from around
170,000 in August 2021 to 65,000 by July 2022, for reasons which are unkvagalsers

rather than data providers or creators. Thus, it is no surprise that a decreasing number of devices
in the sample over time results in decreasing average device numbers within retail centres, as

below in Figure20B. This raises significant quisns about the suitability of the Geolytix
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mobility dataset for analysis of trends over time, as any temporal trends are likely to be heavily
affected by the decreasing number of devices in the sample. However, upon consultation with
Geolytix, it was sugested that this decrease of devices does not compromise the
representativeness of different geographical areas (i.e., regions) and types of retail centre
(i.e.,function3, when examining temporal trends at short timeeiods such as weeks. Evidence

of this can be seen below in Sectibr where a representativeness and stability analysis
undertakerof the Geolytix data, before concluding that its stability between different regions
andfunctionsenables robust comparisons between retail cemtr®@sction 5.4.
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Figure20. Changes in the number @évices in th&eolytix aggregated #app location dataset
throughout the study period, where A) demonstrates the falling number of devices in the sample
and B) highlights its implications on the average number of devices within retail centres at the
weekly scale.

Suppating datasets

To investigate the role of retail cenfitenctionand structurein determining the response of
retail centre activity duringethel stcedyrpei.i
data productvas utilised(CDRC, 2021b), which provides summary indicators for the retail

centres. Specifically, to characterise faction of the centres, the retail centre hierarchy
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(Classification, as described below in Tab® was utilised To characterise th&ructureof

the centres, the remainirigdicatorswere utilised listed below in TablelO, comprising
information about the composition, diversity, catchment deprivation aedileence of the

retail centres. As the retail centre indicators are available only fdvsesof the 6,423 retall
centres in Great Britain, only those retail centres for which hathtional and structural
indicators were available were used in this investigation. This results in exclusion of the large
number of small centres across Greatddr and some additional larger centres (retail parks,
shopping centres), for which indicators are not available and/or are significantly different in
functionandstructure(CDRC, 2021b; Jones et al., 2022). These exclusions were not desirable;
however, this step was unavoidable as disclosure risk means these indicators are not available
for these very small retail centres. The result was a set of 1,068 study retail centres across the
UK, comprising weekly data on retail centre activity (i.ealtdeviceyand the accompanying

functionalandstructuralindicators for the retail centres.

Table9. Retail centre hierarchy (Classification), descrilfungctionaldifferences between
the retail centres, obtained from CDRCZ%20).

Classification Examples N
London, Birmi_ngham City, Li\_/erpool City, 14
Manchester City, Glasgow City.
Carlisle, Warrington, Luton,
Bournemouth, Swansea.

Grimsby, Welwyn Garden City,
Town Centre Clapham Junction, 270
Torquay, Tenby.

Ellesmere Port, Camden Town,

Regional Centre

Major Town Centre 82

District Centre Chesham, Greenside. 228
Market Town Berkhamstead, West Kirby, Bakewell, 119
Kenilworth, Billericay.

Local Centre Newport Pagnell, Frodsham, 378

Oadby, Egham.

Analytical approach

The economic performance of consumption spaces is a product of numerous forces of change,
making it a highly complex problem to understand (Parker et al., 20173shighlighted thus

far, existing research shows that thumctional role, structural composition and regional
geography are all linked to the overall performance of retail centres both in the short and longer

term. Thus, in SectioB.4, following formal validation that the number of devices remained
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stable at the weekly scalechbetween different regions afuthctionsas suggested by the data
provider, this studyexplores how retail centres with differinfyinctionsand in different regions

(see Figure P) have responded during this study period, examining changes to activiiy wit
them. In particular, once specific regional biases created by the mobilityhaatabeen
controlled for changes to retail centre activity as share change between difteretimnsand
regionsare examinedas it would not be appropriate to visualishange in total or average
devices over time, as these trends would be subject to underlying limitations of the data
(Section 5.3

Table10. Retail centrestructuralindicators, obtained from CDRC (2021b).

Variables Description
propChain Proportion of chain retailers
propindependent Proportion of independent retailers
pctCloneTown Proportion of o6cloned re
propVacant Proportion of vacant retailers

propStructuralVacant  Proportion of vacarmntetailers since 2017
propVacantChange Change in vacancy from 2012020

propComparison Proportion of comparison retailers
propConvenience Proportion of convenience retailers

propService Proportion of service retailers

propLeisure Proportion of leisure retailers

onlineExposure Online exposure sco(Singleton et a).2016)
vulnerabilitylndex Vulnerability index(Singleton et al 2016)
eResilience Composite eesilienceindex(Singleton et al., 2016)
AvgiMDScore Average IMD score of walking catchment
IMDDecile Corresponding (national) deciler average IMD score

Finally, in Sectiorb.4the role of thestructural characteristics of retail centresdetermining

their response during this timeunpackegdthrough implementation of a modelling framework

to quantify the impacts of differemtructural and catchment characteristics on changes to
activity during this time, as well as considering how tetamntre typefnction) and region are
related to such trendB particular, the relationship between these independent variables and
the change in share of total devices (i.e., activity) from a baseline (ABgpstmber average)

to summer 2022 (Junily average)s modelled Thus, for every retail centre the change in
activity from 20212 0 2 2) is §ebaghe dependent variable, and foactional,regional and
structural attributes of the retail centre as the independent variables, as outlined in Equations

2 and3 below.
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Figure21l. UK Regions, excluding Northern Ireland for the purposes of this study, as no retail
centre indicators are availaldta retail centres in Northern Ireland.
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Equation2. Model specification fostructural (and catchment) characteristics of retail centres,
following collinearity assessment of all variables in TalfléseeSection 5.4

w

y 1 P81 1 f -

Equation3. Model specification fostructural, functionabnd regionatharacteristics of retalil
centresRef erence c atedowbre éoxal Ceatres and Yorkshire and The
Humber, due to low variatiobelowin Section5.4.

Where:

& = change in share of total devices between all retail centres nationally (#oAtrg/Sept
2021 to June/July 2022 for retail cent{eontinuous.
b1 = pctCloneTowr(continuous.

b = propVacan{continuous.

b3 = propVacantChanggontinuous.

bs = propComparisoficontinuous.

bs = propConveniencgontinuous.

bs = propLeisurgcontinuous.

b7 = propServicgcontinuous.

bs = eResiliencécontinuous.

bo = AvgIMDScore(continuous.

b1o = functionof retail centre (ordinal).

b11 = regionthat retail centréis located in(lnomina).
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5.4.Findings

Theutility of Geolytix mobility data

As discussedn Section 5.3significant attention must be paid to the representativeness and
temporal stability of mobility data when seeking to explore temporal trends. Following direct
consultation with Geolytix, it wasuggested that their mobility data exhibits significant
stability across days and weeks and between different regions, retail temtiensand

directly comparable retail centres, despite a falling number of devices across the entire sample.
To validae this and ensurthis analysis did not fail to account for the changing number of
devices, the proportion of national devices allocated to individmationsand regions at the
weekly level to smooth variation in daily trends (Figures 22 andw2®) calculated and
visualised helping to identify whether robust comparisons could be made between retail

centres, despite changing devices in the sample.
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Figure 22. Stability of devices between different retail centuactions highlighting the
consistent share of devices between the six retail centre types over the study period.

From Figure 22 it is apparent that in terms of retail centre typefdretior), whilst the total
number of devices in the sample felladratically over the study period (Figug®A),
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the proportion of devices in each of the six types of retail centre remained largely consistent
over the study period. This highlights that the mobility data does not bias certain types of
centres, providingustification for comparison of share change in activity between different
functionsover time.In contrast, Figur@3 clearly illustrates that the loss of devices over the
study period had a very distinct geography; it appeared to create a significaint lbdendon,

where centres occupied a greater share of total devices nationally. Holvesseqt certain

why this is occurring, as it could relate to movement of people back into London following the
pandemic, or the growing popularity or accessibitilycertain mobile phone providers in
London which are unknown, sgbis must be controllefbr. Thus, recovery trajectories for all

retail centres outside of Lond@me examinedas these trends are not subject to the inherent
biases created by changing rhers of devices, resulting in a final sample of 862 retail centres.
Whilst retail centres in London might comprise a more stable sample, the other ten regions
experienced a consistent decline in the number of devices, so retail centres within these regions
are directly comparable to each other, providing new insights, as opposed to existing literature
on the response of retail centres to COMI® in London (Trasberg and Cheshire, 2021).
However, whats not possiblés exploation ofindividual retail cent trends over time, as they

will be affected by the changing number of devices in the sample. Instead, som pdretail

centres within certaifunctionsor in certain regiongs more effectiveas they have not been

directly biased by this change in underlying devices, once London has been controlled for.

Exploring the response of retail centres

The response of different types of retail centres across the study period, as seen below in
Figure 24, was of great intereskirstly, there appeared to be no direct response to the arrival

of Omicron in late November 2021 or its subvariants in February and May 2022, with the
overall share of total devices between the six types of retail centre negilangely unchanged

in response to those key dates. This suggests that Omicron did very little to abruptly change
the types of places people chose to shop, a direct contrast to what has been seen in earlier
phases of the COVH29 pandemic (Harris, 202Enoch et al., 2022; Ballantyne et al., 2822

Frago, 2021). However, across the entire study period, there were interesting shifts in the
change of share between the retail centre types, which raise significant questions about the

longerterm recovery otlifferent retailfunctions
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Figure23. Stability of devices between different UK regiphgyhlighting the increasing share

of devices in retail centres located in London over the study period, and general stability of

device decline in all other regions.

5.019 I

27th Nowember:

14th February:
Omicron BA.1 detected Omicron BA.2 detected

2.5+
e IIIII II I I‘lIII IIIII||III II I I I
0.0 IIII===

T T T T T T T T T T T T T
Aug-2021 Sep-2021 Oct-2021 Nov-2021 Dee-2021 Jan-2022 Fcb-2022 Mar-2022 Apr-2022 May-2022 Jun-2022 Jul-2022 Aug-2022
Date

20th May:
Omicron BA.4 and BA 5

Share Change Of Total Devices from Baseline (%)

. Regional Centre . Town Centre Markel Town

Classification
. Major Town Centre . District Centre . Tocal Centre

Figure24. Thefunctionalresponse of retail centres visualisedheeschange in share of total
devices (%) from the baselingefined as thaverage share of devic@s) by retail centre
type in Augustand Septembe2021.
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For example, loakg specifically at Regional Centres, the largest in size and typically the most
diverse in retail offer (Macdonald et al., 2022), they exhibited a significant increase in share in
the lead up to Christnsa2021, an expected trend given that these centres comprise the largest
variety of retailers, products and ancillary activities, better fulfilling the needs of Christmas
shoppers. However, what is most interesting is that following Christmas 2021, Regional
Centres exhibited the most notable decline in share of activity from the baseline, suggesting
that this specifiéunctionof retail centre has become less popular over the last year, relative to
other retail centréunctions,mirroring much of thditerature seen earlier in the pandemic
(Ballantyne et al., 2022 Frago, 2021). Whilst this trend could be a result of shifts in consumer
behaviour in response to Omicron or the recentabBving crisis, it is certainthat this trend

is robust and nad product of falling devices in the Geolytix sample, gitrerexamination of

the stability of the dataset between different retail cefmnetionsearlier in Section 5.4. On

the other hand, Town Centres saw a reversal of share following Christmasvd@2é their
importance became more significant following the Christmas period, similar to District Centres
and Local Centres. These trends are interesting as during the first half of 2022, the UK was
under APl an BO restrict onrolthe spread of héwvirus.amhilst i mp |
not certain it is not implausible to suggest that increasing activity in smaller retail centres
(e.g., Local Centres) following Christmas and during 2022 was a result ehitigiation
behaviours aiming to reducepmosure to Omicron during this time, as formal restrictions on
mobil ity were not Thislinkstoditeratureufrond earlier phBsksaohtheB o .
pandemic, where thogenctionsd e e med t o be | ower r ifanktiof hr oug!l
werethose to experience the leasgnificantimpacts during the early stages of COVID

(Enoch et al., 2022; Frago, 204STF, 202

Similar trends can be seen when examining the recovery of retail centres in different regions
too (Figure25), which was psited to be a strong determinant of the economic performance of
retail centres (Dolega and Lord, 2020). The largest decreases in activity were seen for retalil
centres in the South, specifically the South East and West, with noticeable decreases also seen
in the North West and in Scotland. On the other hand, retail centres in East Anglia, East of
England and West Midlands all appeared to experience significant uplifts in activity, when
compared against the baseline period. Thus, what remains clear frosec¢hizn is that
functionallyand regionally, there are significant disparities in terms of the recovery of retalil
centres during this time, with significant inequalities in how these recovery trajectories are

manifesting between retail centres. Such irditigs are however not fully understood
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following exploratory analysis, as the responses of retail cemanes been generalisédsed

on functionaland regional averages, instead of exploring individual responses.

27th November: [ 14th February: 20th May:
Omicron BA 1 detected Omicron BA 2 detected Omicron BA 4 and BA 5
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Figure 25. The regionalresponse of retail centres visualiseditas change in share of total
devices (%) from the baselindefined as thaverage share of devicgs) by region inAugust
and Septembez021.

Thus, to demonstrate the iopance of considering these trajectories at greater resolution,
below the individual responses of all Major Town Centres in the N&ght (Figure 26A) and
District Centres in the East of England (26B¢ examinedhighlighting the heterogeneity of
respamses between retail centres with the sfumetionand regional geography. As above in
Figure 24, Major Town Centres at the national level appeared to be experiencing an overall
period of decline as opposed to recovery when compared against other tygiad oéntre in

the UK, which theoretically should be more dramatic for those in the Ndeist of England
(Figure 25). However, what is apparent from Figure 26 is that there is significant variation
between retail centres, and whilst the majority dideeigmce decline over the study period,
though to varying degrees, there were some retail centres that experienced growth. Similarly,
when looking at District Centres in East Anglia, whilst the majority are experiencing growth,
though to varying degreesgtte are still numerous retail centres experiencing decline, contrary

to the nationalevel trends identified in Figures 24 and 25. Thus, this highlights the complexity
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of retail centre performance and recovery (Parker et al., 2017), which can be gehtralise
nationatlevel to provide a general overview of the role foinctional and regional
characteristics. However, significant variations in recovery clearly exist between individual
retail centres that share similar characteristics, requiring analysshigher resolution to
unpack some of these ideas. In addition, wifilattionand region clearly interact with these
trajectories, it is likely that the intrinsistructural composition of retail centres and their
relationship to the catchment haveote too, as discussed in Sect®2 Thus, an approach

that can quantify these interactions more effectively is required, specifically one that can
identify the relationships betwednnction, region andstructureon the trajectories of retail

centre reovery, and quantify the importance of each.
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Figure 26. Recovery trajectories of Major Town Centres in the Natbst (A) and District
Centres in East of England (B). Trajectories have been calculatesl@dsange in share of total
devices (%) from the baseline, defined as the average share of devices €gpbyr August
and September 2021.

Modelling the response of retail centres

As above,further analysis is required to unpack thignificant amount ofvariation seen
between the recovery of individual retail centres. Thus, in this section a modedhmgyiork

is deployedas described above in Section 5.3, to quantify the rdlenation,region and the
structural characteristics of retail centres in determining their response over the study period.
Firstly, the prevalence of high collinearity betwéetiependent variables examineditilising

correlation analysis. Highly collinear variables were identified based on two criteria; those
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which have been used to create another independent variable such as onlineExposure and
vulnerabilitylndex which are yi together to construct eResilience, or those where the
correlation coefficient exceeded 0.7 or was lower tfan. Following removal o$tructural
characteristics with high collinearity, a moaes fit(see Equation 2) to first assess the role of

the structural (and catchment) characteristics of retail centres in determining the change in
activity between s ummg asd@sctriBetl abave oh Sesctiombn3er 202 2

The results of a model fit with just te&ructuralcharacteristics can be seen below in Table 11,
where coefficients are interpreted as the estimated percentage change in retail centre activity
(share of total devices) given a emeit change in each tieexplanatory variables. The results
suggest that in general, tis¢éructural (and catchment) characteristics of retail centres are
associ at, thaughwoi varnfing degrees. For instance, those with higher proportions of
Leisure retailers were moredly to experience negative growt.(735), as at the beginning

of the COVID19 pandemic (Enoch et al., 2022), whilst those with higher proportions of
Service retailers were more likely to experience growth (0.830). This suggests that over the 12
monthstdy period, retailers with a more dessen:
greater share of consumers, which is supported by a positive coefficient for propConvenience
and negative coefficient for propComparison, though both were not sttsignificant.

Whilst both statistically insignificant, the coefficients for variables describing the vacancy of
retail centres were also of great interest; both exhibited negative coefficients suggesting that
retail centres struggling with larger nuarb of empty stores typically experienced negative
growth during the study period, a welbcumented determinant and consequence of the

changing economic performance of retail centres (Dolega and Lord, 2020; Enoch et al., 2022).

Tablel1l Model results fostructural (and catchment) characteristics of retail centres.

Variable Coefficient p value Sig.
pctCloneTown 0.151 0.390 -
propVacant -0.304 0.523 -
propVacantChange  -0.158 0.764 -
propComparison -0.433 0.167 -
propConvenience 0.467 0.448 -
proplLeisure -0.735 0.039 *
propService 0.830 0.018 *
eResilience 0.369 0.030 *
AvgIMDScore 0.429 0.011 *

Significance levels: < 0.05 *, < 0.01 *% 0.00L *** , R-squared: 0.33, Adjusted-&juared: 0.23.
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Unsurprisingly, the resilience of retail centres to online shopping (eResilience) was seen to
have a positive effect on the recovery of retail centres during this time; retail centres with a
high resilience to online shopping came to occupy a greatershesasumers between 2021

and 2022. This is interesting, as in the UK threslience of centres has long been considered

a vital determinant of their economic performance both in and out of the CO¥fandemic
(Singleton et al., 2016; Enoch et al.,22), and appears to still be a key facfbhnis raises
interesting debates about the continued plurality of different retail centres; those deemed to
provide an offering that will not be overshadowed by online shopping (i.e., higésitience),

have reovered faster and appear to be maintaining such recovery, when compared with those
more susceptible to the effects@f€ o mme. Mhisasba similar trend to what was seen in
earlier phases of the pandemic, where large numbers of people were switcloimigneo
purchasing (Ntounis et al. 2020), only visiting stores/retail centres where they could access a
good or service less suited dofe 0 mm e, typically service and/or convenience retailers,
both of which exhibited positive coefficients above in TddleFrom a conceptual standpoint,
this iIis interesting as this measure accounts
(Singleton et al., 2016), but also incorporates catchment characteristics through quantification
of the 6onl itheeatclemenm @.s.,udeneadd), demonstrating the importance of
understanding the role of supply and demand when trying to unpack the response of retail

centres, and their economic performance, as in Jones et al. (2022).

The final independent variable theathibited a statistically significant association with change

in activity was deprivation (AvgIMDScore), as initially suggested by Dolega and Lord (2020),
where retail centres in more deprived areas were seen to occupy a greater share of consumers,
i.e., lrecovering at a faster rate. This is an interesting finding, and the first to link the economic
performance of retail centres directly to the deprivation of its catchment. A plausible
explanation could relate to t hes, whichpotcermece nt at i
during the study period (November 202Eebruary 2022) to reduce the spread of Omicron. It

is well documented that neighbourhoods with differing secionomic and demographic
showed different levels of engagement with government reéstrec and vaccination
programmes throughout the pandemic (HM Government, 2022). This could be apparent here,
where people in more deprived areas could have been less likely to follow to government
recommendations and reduce their mobility during this timsulting in higher activity in

nearby retail centres, as above in Table 11.
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Thus, some interesting associations betweesttietural characteristics of retail centres and
their recovery trajectories over the study perivave been identifiedHowever, given
exploration of the response of retail centres with diffeh@mttionsand regional geography in
Section 5.4, it is importartb incorporate such insights into the modelling framewadok
identify the concurrent role dtinction,region andstructurein determining the response of
retail centres. The results of the model with only the signifistmictural indicators from

Table 11, and dummy variables for retail cenfienctionand rgion can be seen below in
Table12 (see Equatior8). The coefficients for region arfdnctioncan be interpreted as the
average change in retail centre activity for the comparison group relative to the reference group,
keeping all other variables constaiihe reference groups were selected as Local Centres
(Classification) and Yorkshire and The Humber (Region), given their low variance across the
study period, as identifieid the previous suection.

Table12 Model results fothestructural, functionabnd regional characteristics of the retail
centresRef erence categories for Classification
60Yorkshire and The Humberéd respectively.

Variable Coefficient  p value Sig.
propLeisure -0.537 0.089 -
propService 0.968 0.001 *
eResilience 0.348 0.028 *
AvgIMDScore 0.164 0.050 *
(Classification)Regional Centre: Local Centre -2.810 0.832 -
(Classification)Major Town Centre: Local Centre -1.920 0.757 -
(Classification)Town Centrelocal Centre 2.620 0.510 -
(Classification)District Centre: Local Centre 4.580 0.320 -
(Classification)Market Town: Local Centre -9.520 0.049 *
(Region)East Midlands: Yorkshire and The Humber 1.400 0.843 -
(Region)East of EnglandYorkshire and The Humber -6.960 0.303 -
(Region)North East: Yorkshire and The Humber -1.270 0.886 -
(Region)North West: Yorkshire and The Humber 0.959 0.877 -
(Region)Scotland: Yorkshire and The Humber -8.580 0.275 -
(Region)Wales:Yorkshire and The Humber 3.333 0.651 -
(Region)South West: Yorkshire and The Humber -15.200 0.018 *
(Region)South East: Yorkshire and The Humber -10.800 0.078 -
(Region)West Midlands: Yorkshire and The Humbe 3.310 0.621 -

Significance levels: < 0.05 *, < 0.01 *4 0.00L *** , R-squared 0.30, Adjusted-§uared: 0.25.
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Similar to the earlier discussion, propService, eResilience and AvglIMDScore exhibited
statistically significant positive associations with retail centreviégtiwhich can be interpreted

as increasing the overall recovery of retail centres during this time. In termsfohttienof

retail centres, the direction of the coefficients aligned with earlier findings about the recovery
or growth of retailcentres during this period; for example, retail centres classified as Major
Town Centres, Regional Centres and Market Towns were all found to have negative
associ at joo avwerage irefative teeLocal Centres, as in Figure 24. In comparison,
District Centres and Town Centres exhibited positive associations, again matching the
discussion earlier. However, it is important to consider these findings in relation to their
statistical significance; very few retail centfenctions exhibited statistically giificant
associations with the change in retail centre activity between 2021 and 2022; Market Towns
were the only retail centres to eixWWhisbthet a st
use of share change (over total devices) could fldteesignificance ofunctionaldifferences

in recovery, it appears thainctional differences are of less significance than strectural

and catchment characteristics of retail centres in determining recovery, an interesting finding.

Similarly, when boking at responses between regions (Tdl#g the direction of the
coefficients was again unsurprising, with those regions identified in decline earlier (Eyure

such as the South East, South West and Scotland all having negative coefficients, tcelativ
Yorkshire and The Humber, though not all were statistically significant. What is particularly
interesting is that the region that appeared to experience some of the most significant reductions

in share in Figur@5, the South West, had a statisticalgnificant negative association with

retail centre activity, detailing that retail centres in the South West were more likely to
experience decline than recovery during this period, relative to the reference category and
keeping all other indicators caast. However, as witfunctionalresponses, it is important to
reiterate that most regions exhi biduriagithest at i s

study period.

Thus, what remains clear from this modelling exercise is that retail centre recr;)ydurifgee

this time is dependent on the overstiucture, functiorand regional geography of the retail
centres, though to varying degrees, witmction and regional geography contributing
significantly less. It appears that tegucturaland cachment characteristics of retail centres
remain a greater determinant of changes to retail centre activity during this time, thus more
research is needed to unpack how at finer geographical resolutions (as opposed to regions),

different structural characeristics of retail centres geographies determine such responses
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(Dolega and Lord, 2020; Philp et al., 2022). However, there are lots of additional unanswered
guestions that need addressing, such as the role of multidimensional typologies
(e.g., Dolega e4l., 2021), seasonal and weather effects (e.g., Rose and Dolega, 2022) and the
recent cosbf-living crisis, which has exacerbated inequalities between different regions
(Wood, 2019). Furthermore, it would be of great utility to identify how and where thes
recovery trajectories began, given data with a longer timescale, though this was not possible

with the Geolytix data used in this investigation.

5.5.Discussion and Conclusions

Spaces of consumption such as retail centres have faced sigrafiedlahges in recent years,

with the COVID-19 pandemic continuing to exacerbate the decline of physical retail spaces.
Whilst some studies have explored the response of consumption spaces to the pandemic, they
are often restricted to specific geographieaa:; or tend to focus on the impacts of national
lockdowns during the earlier waves of the pandemic. Using mobility data from Geolytix, the
recovery of retail centres across Great Britaas investigatedduring a period characterised

by the Omicron varianThesefindings are of great significance, providing an overview of the
response of retail centres at the national level for the first time, demonstrating that such
responses were partially determirgdthefunctional, structuraland regional characteristics

of the centres.

Perhaps the most important finding was that the response (and recovery) of retail centres was
not homogenous, providing evidence that examination of national trends of retad centr
recovery, as in Sectidn4, are not enough to capture variation in responses between a network
of centres with differentunctional,regional andstructural characteristics. By modelling the
nature of these recovery trajectories between centres withraiif characteristics in
Section 4.3jtiscleart hat t here were specific 6dwinners?o
Functionally whilst retail centres towards the top of the hierarchy (e.g., Regional Centres)
appeared to exhibit the most pronoedaecovery leading up to Christmas 2021, this trends
reversed in 2022, where the popularity of retail centres at the cores of major towns and cities
saw decline rather than growth, as earlier in the pandemic (Ballantyne et alg, 2022
Frago, 2021). In atition, significant regional inequalities in retail centre recovemsre
identified such as the apparent decline of retail centres in the South (excluding London), whilst
retail centres in the Midlands, Wales and areas of the North exhibited the oppersite
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Finally, specificstructural characteristics that were associated with stronger recoverny
identified | ower domessenti afddnenai l (e. g., Lei s
shopping and greater levels of deprivation within theloaent, withstructuralcharacteristics
appearing to be a greater determinant of recovery than the ofwaration or regional

geography of retail centres.

Howeverit is important taremain cautious of these trends, especially given they are based on
exporatory analysis and modelling, which did not account directly for the impacts of
seasonality, weather and holiday periods (Lyu et al., 2022; Rose and Dolega, 2022), and based
on trends for a subset of the major retail centres across the UK. Furthechedeauld seek

to identify what additional knowledge can be generated about retail centre recovery by focusing
on retail centres in London, or those O0Sma
proportion of retail centres in the UK (Macdonald et2022). However, perhaps the greatest
consideration relates to the underlying limitations of the mobility data used in this study
Mobility dataoften has a tendency to introduce generational and/or spatial, @agesviously
identified (Trasberg and KReshire 2021) but it is also important to think critically abathie
temporal stability of the dataset, which as a result of significant reductions in the number of
devices and applications over time (Fig@f\), curtailedexplomtion ofindividual recovery
trajectories over time, instead resulting in comparisons between similar areas and modelling of
change in the share of activity between two time periods. As a result, there remains significant
uncertainty as to the exact nature of retail centre regpaemajor challenge when trying to

utilise 6Big Datadé in Urban Informatics (Shi

However, given significant effodlevotedto controlling for the temporal instability of the
dataset, through identification of relative stability between all retail cumionsand most

regions (see Sectidn4), the findings presented are empirically robust. Whilst there are some
importantconsiderations to make about the temporal stability of such data before using it to
answer new research questions, correct use of mobility data offers significant advantages over
other economic performance measures for retail centres. For example,yr#tditdoes not
privilege certain geographic areas or locations within retail centres, as is the case with footfall
sensors (Philp et al., 2022), and typically
measures of economic performance, sagkacancy rates (Dolega and Lord, 2020). However,

it would still be more preferable to use actual sales data to monetise the performance of retail
centres, as is the case with individual stores (e.g., Rose and Dolega, 2022), but the potential to

do so hasot yet been realised, given a lack of suitable data.
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To conclude then, the results of this study provide empirical evidence of the recent recovery of
retail centres, highlighting that there are certdimctional, regional and structural
characteristis associated with particularly stronger recovery trajectoc@stributingfurther

to the narrative that retail centre performance is multidimensional (Parker et al.,|2Qhig)

senseit is argued thabational policies seeking to maintain or imprakre vitality or viability

of consumption spaces need to account for this added knowledgen&igeringhefunctional

role of the retail centre and istructural and catchment characteristics, and constructing a
6Di gital Twi no f rrmauseadwmncémentsrireBigeData and modsllingct@
simulate how such policies can result in positive outcomes for consumption spaces
(Goodchild, 2022; Shi et al., 2022). Such interventions have never been more important, as
whilst the COVID19 pandemic remas present, the retail sector is also subject to the recent
costof-living crisis, where its impacts are already apparent in falling sales and footfall in recent
months (ONS, 2022; Wright, 2022). Given the rising costs of energy and food, increasing taxes
and wages falling in line with increasing inflation in the UK (Patrick and Pybus, 2022), the
retail sector is expected to continue to face some of the most significant impacts, with falls in
consumer confidence and a new wave of retail vacancies expetheciear future. This raises
significant questions, which are not new, but remain important about the trajectories of retail
centre performance in the near future, and the social and economic value that these urban
phenomena represent. These issues anever not well understood, and there is a broader
agenda for further research into the continued monitoring of retail recovery and decline,
utilising retail centre geographies as geographic data tools to provide evidence that can inform
policy decisions ad provide solutions to both acute and lontgem issues. This study
provides an initial basis upon which to do so, through examination of nakewmehlkrends in

retail centre activity, utilising unstable data derived from mobile phone applications.
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6. ThesisDiscussion and Conclusions

This chapter concludes this thesis by providing a summary of its key findings (6.1), before
discussing its key contributions and implications (6.2), limitations (6.3) and arising areas of
future research both in retail geograplaes other fields (6.4).

6.1.Research Findings

Across the three empirical chapters, tiissis has addresséd research aiméSection 1.3
The following narrative réntroducesthese aimsn the context othe relevant chapters and

findings, to outline the wgs in which the ains have been fulfilled.

Aim One:lnvestigate whether recent advances in retail centre delineation and classification

can be used to capture the geographies of retail centres intoioteemational setting.

Chapter three fulfilled the first aim by investigating the potential for exjstipproaches to

yield understandings about the geographies of retail centres in other international settings.
Notable findings are presented about retail centre geographies in Chicago and the
appropriateness of such methodologies for obtaining such iasigging data from SafeGraph,
1,599 retail centres were delineated across the MSA, and their functional ecologies were
represent e-tli earsthierarcludalt retail centre typology. Through statistical
validation and exploration of their responsdite COVID-19 pandemic, it is argued that the

retail centre geographies presented here are robust, and of great utility, constructed using
cutting-edge techniques in retail centre delineation and classification. However, whilst chapter
three represents tHest set of retail centre geographies for the U.S., the emphasis was in
unpacking the potential of recent advancements in retail centre delineation and classification
(aim one), something that has arguably been achieved in the third chapter. Firstlydlifinesc-
DBSCAN approach (Pavlis et al., 2018) vaeemedinsuitable for the study area and dataset,
thus an approach using HDBSCAN, network distance matrices and H3 was presented, resulting
in a delineation that is both robust, and simpler to implemhtiaderstand, although spatially
constrained to Metropolitan areas, with further work needed to identify methods suitable for
larger spatial scales. Secondly, the classification framework (Dolega et al., 2021) was of great

utility, enabling constructionfa retail centretypology that better represents the spatiality of
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retailing. However, further enhancement and customisation is required to capture specific
niches in U.S. retail, and to ensure understandings of the geographies of retail centres are fit
for-purposeThus,t o r et ur n t odraiivne nodn ea n aal yétd actaa frame:
to develop such understandings, has been established, helping to generate new knowledge
about retail centre geographies in new locatiowsiere they are located andvhat

characteristics they have.

Aim Two: Generate aomprehensive understandingtibé geographies of mational retail
centre system outside of the UK

Chapter fourfulfilled the second aim, by utilising the insights obtained in chapter three to
geneate a comprehensive understanding of retail centre geographies for tispetHically,

in terms ofwhereretail centres are located, using a new retail centre delineation method based
around H310,956 major retail centres were identified across the, tyfically in the most
urbanised areas, varying in scale and famg were deemed to Ineuch more accurathan

those in chapter threthrough incorporation of additional geographic information about retail
location (e.g., building footprints, landsepolygons) The functional ecologies of the retall
centres were agaifairep@Pr e syeuiaebd) gtaasmuch énért wo
resolution, owing to a greater breadth and depth of input varjadiescustomisation of the
original framework to apture specific niches in American retailinginally, a series of
catchments were extracted which provide information atmbatis using these retail centres
and where they come from, through calibration of a Huff model with mobility data, and using
it to estimate retail centre catchments. Thus, chapter four arguably fulfils aim two by providing
a comprehensive overview of théno,whatandwhereof U.S. retail centre geographies for the
first time. Whilst chapter four presents thes®individual geographies, it also contributes by
formalising the apparent connections between them in a new conceptual fram&werk.
framework prowviles for the first timea conceptualinderstanding of the interactions between
retail centre geographies in a network of retail centres at the national lleyealrticular, it
highlights the connections between thiaere, whattindwho, such aghe evideninteractions
betweenscale (thewherg and function (thewhaif), whilst also demonstrahg that these
geographies are better understood when considegather for example, by supplementing
information from the typology into catchment calibratidrhus, to returnto aim two, a
comprehensive understanding of tieographie®f retail centres ithe U.S. retail centrbas

been providedwhich has showrihat the systenis heavily interconnected, better studied
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through the use of the integratapiricaland conceptual frameworksat have been presented

in chapter four.

Aim Three: Explore spatitemporal trends of retail centre recovery using data derived from
mobile phone applications.

Chapter five fulfilsthis aim by utilising a large, unstable mobility dataset to examine the
recovery of retail centrdsetween 2021 and 202@emonstratin(powretail centre geographies

can be used as geographic data tools to understand the response of the retail sefital\Spec
using data from Geolytix, the chapter considers the recovery trajectorigstish retail
centres, exploring the change in share of activity between diffeftemttionsand in different
regions, before modelling individual recovery trajectoireselation tofunction,region and

the structural characteristics of the retail centr@&s, exploring and modelling these recovery
trajectories, significant heterogeneity was documented, reiterating the importance of
multidimensionality when assessingetkkhanging economic performance of retail centres.
Specifically,functionand region appear to be less associated with recowilst it appears

that thestructural characteristics of the retail centres, particularly composition of leisure and
service retailers,-eesilience and deprivation appear to be closely associategpnoithsses of
recovery and declingluring this period.Furthermore, the chapter contributagngicant
insights about the utility of an unstable mobility dataset for examining such trends, highlighting
in particular the value of such data when treated as snapshots rather tharserieseand
reiterating the importance of considering the undeg sample of devices used to build the
dataset (and changes to it). Howevers important to reiterate thale primary aim of this
chapter was to unpack the nature of these spatiporal responses, whitlas arguably been
fulfilled. Thus, to returrto aim three, a national overview of the recovery of retail centres in
the UK using data from mobile phone applications has been provided, highlidgteyng
considerations that are of greater significance when dealing with unstable mobility data, and
that recovery trajectore of retail centresare not homogenouslependent partially othe

function region,and thestructuralcharacteristics of retail centres

6.2.Contributions and Implications

In seeking to addresise three primary research aims, thissismakes a number of significant

contributions, specifically in the use of neslatg application of new methodologies,
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establishment ohew empirical and¢donceptual framewosk contributng to key theoretical
debatesandgeneratingiew knowledge about the geographies of retail centres both in the U.S.
and in the UK.These contributions create significant implicatiamsich will be of great
interest to lot®f practitionersincluding relevant stakeholders, town centre managsesers,

and wider academigyoviding an evidence base upon whickiéwelop retail policy and future

research proposals to unpack further someexfetindings

New sources and forms of data

This thesis has utilised a number of new data sources to generate understandings of retail centre
geographies. Data from SafeGraph has been a key source of information for retailer locations
in this thesis, representing its first use in deriving insightsi(retail) agglomerations, despite

the general consensus that it represents the best souopeeml accessiblenformation

(for academicsabout retailer locations in the U.S. In particular, the SafeGraph places database
enabled identification ovhere retail centres are located awtlatcharacteristics they have, as

in chapters three and fowamnd it is important to note that sucisights would not have been as
robust with other openly accessible data sources (e.g., OpenStreetisl&gfeGraph offe

better geographic coverage, is updated frequently and contains a large number of attributes and
information on POlsSafeGraph geometries were also used in chapter four to better capture
the spatial extent of large retail developments, and théioue mo bi | ity dat aset
was also used to derive proxy performance measures in chapters three ahelpong,also

to investigate the response of Chicago retail centres to the early weeks of the -COVID
pandemic $ection 3.§ Thus, this thesis hdsgghlighted the utility of SafeGraph data in the
field of retail geography, which through th
provides researchers with access to a vast array of data for use in research, without which this
PhD thesis and its ctnibutions would not have been as significdnis important to state that
SafeGraph data might be inherently $Hokjdbect
nature ofhowthed p a t tmebility datais collected as well as aignificant lackof detail

about how individual POIls and building geometries are obtained. However, these were
unavoidable limitations as SafeGraph providadha vast quantity ofiigh-resolutiondata on

retailer locations that could not be obtained elsewhresdy, and as such the understandings

of thewho, whatandwhereof U.S. retail centre geographies would not have been as robust

without it
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Chapter five saw the use of new datasets td &ith three. Firstly, a new suite of retail centre
indicators, which were developed as part of this thesis project (CDRC, 2021b), were used to
capture keystructural differences between retail centres in the UK, providing a mechanism
through which to expglre how retail centres with differergtructural and catchment
characteristics (e.g., deprivation) have recovered in recent months, representing the first use of
this data in academic researchhe use of this dataset contributes significant value, by
demamstrating that formal indicators provide a mechanitbmough which to explore the
changing nature of retail centres and their response to external phenomena, resulting in new
insights about the determinants of retail centre recovery in chapter five. &oplkex it was
identified that the resilience of retail centres to online shopfgmgsilience) deprivation of

the catchment and structural composition of retail centres were closely associated with
recovery and decline, a contribution that would noehasen possible without the retail centre
indicators (CDRC, 2021b).

Furthermore, in chapter five the Geolytixapp aggregated location dataset (CDRC, ap21
was usedo provide a mechanism through which to measure the economic performance of
retail centes, and examine their trajectories of recovery (or decline) over Tihig.dataset
offered significant potential aproxy performance measure for retail centres, given the
limitations of other proxy measuresuch as vacancy rates which are often static
(Dolega and Lord, 2020) and footfall data, which typically suffers fpmar geographic
coverage and representati@hilp et al., 202). Whilst the Geolytix data was subject to
significant limitations as reeiwed below in Section 6.3, it offerathtional coverage, is
available at a high spatiemporal resolution andan be easily appended to retail centre
boundaries using H3hus helping to fulfil the third aim of this thesis in chapter five, as well
as creting significant potential for future research opportunities (Section 6@e its

limitations have been controlled for effectively; a contributimede in this thesis.

Methodological approaches

This thesis has contributed significantly by providing a number of new methodological
approaches and tools to the field of retail centre geographies. Firstly, in terms of retail centre
boundary delineation, two new approaches were presented, the fishgitHDBSCAN,
network distance matrices and H3 (chapter three), which was deemed to be an effective

alternative to existing examples (Pavlis et al., 2018), better accounting for local point density
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heterogeneities, and accounting for local urban morpRolittgough incorporation of
precomputed network distance matrices. Chapter three also generated significant scope for the
use of H3 as an important tool, as an effective and interpretable way of refining cluster
boundaries, and as a result was used to em#nretail centre boundaries in chapter four,
adapted from that in Macdonald et al. (2022). This apptoabkch resulted in retail centre
boundaries for the national extent of the U.S., incorporated a widerobsgatial information

about retail including building footprintsandland-usepolygons resulting in better capturing

of large, purposéuilt retail developments. Furthermore, the metivad highly scalabland
reproducible (see Ballantyne, 2022pabling delineation of retail centre boundaries for the
national extent of the U.S., a limitation of chapter threed other existing approaches
(Pavlis et al., 2018).

Throughout chapters three and faignificantenhancements and modificationstie briginal

retail centretypology framework (Dolega et al., 20213s well asextension into new
international contexts with new data sources was demonstrated. In both chapters, the
framework is applied to the U.S. for the first time, using data fromGafgh and other

ancillary datasets, a novel contributiantself. However, in chapter three, minor modifications

were made to suit available data, and in cha
in American retail existed, the framewaslas significantly enhanced and customised, through
capturing of a greater breadth of input variables and increasing the representativeness of
classification domaforipau,r proesel tUi. IiBg irretaimorcer
provides an empital basis upon which to extent its application further into other international
settings or subjects of study (e.g., Shannon, 2016). By accruing new sources of data,
considering the ways in which the original framework needs to be modified to suittthg set

or subject of study, and utilising the code and GitHub repository associated with Chapter four
(Ballantyne, 2022),multidimensional understandingand insightsof retail (or other)

environmentgan be gained that will be of great interest to lotsftdémrnt fields.

A significant research gap identified in Section 1.2 was that approaches to generating retail
centre catchments are spar secomvdrtei olniatlebr aftc
data. However, in chapter four a new methodologyg m@sented through which to estimate

retail centre catchments for U.S. retail centres, using mobility data from SafeGraph. The Huff
model for retail centre catchments (Dolega et al., 2016) was adopted, before modifying
measur ement of d @ availabte tdatay @and e@esvskbowlddges abibnat

conceptualisatioo f 6attractivenessod6, and calibrating
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The patterns data provides O6observeddé patron
calibration technique (e. g. , Wang et al ., 2016) , mo d el
behaviours which accurately capturedThishe 6o0b
is a highly significant contribution, representing an entirely new approach to estimating
cachments for retail centres, through the use of mohiléta,which is openly availabléo

academics, as opposed to sensitive commercial data, which has characteristically dominated
such efforts in the past (e.g., Dolega et al., 20A8)a result, the newpproach presented in

chapter four represents a significant methodological contribution, and one that has generated a
suite ofempirically and statistically robust catchments through whidietter understanatho

is using these retail centres and where they are coming from, using new forms of data.

Finally, in addressing aim three, new tools were presented for how to handle unstable data
generated by mobile phone applications (chapter five). Through examinatioa sfbility

and representativeness of the Geolytix aggregateghpniocation dataset in different study
areas andunctions it became possible to identify a stable set of retail centres to study in
relation to their recovery. Furthermore, in chapter it was demonstrated that it is more useful

to consider unstable mobility data as snapshots of areas rather thansarigsge following
representativeness and stability analysis, enabling interesting comparisons to be drawn
between areas. Thus, thispresents a formal methodological contribution for two reasons.
Firstly, chapter five demonstrates a new approach to handling unstable mobility data, where
the sample of devices does not remain consistent over the study period, which can be of great
utility given the use of such data in related studies (e.g., Calafiore et al., 2022), Furthermore,
the use of such data in this way represents the first conceptualisation of retail centre
performance using mobility data, providing an empirical basis upon whicbhrttinue to do

so, once the limitations of such data are controlled for.

Theoretical and conceptual understandings of retail (centre) geographies

The thesis has contributed significantly to key theoretical and conceptual debates underpinning
retail (centre) geographies. Firstly, further evidence of the need for-tpesirchical
understandings of retail environments has been presented (chapters three and four), which can
benefit both the academic community in efforts to conceptualise the organisatiopaof
agglomerations, but also practitioners and stakeholders who rely on hierarchical
understandings, and could benefit fralternative approachggiven the dynamic and complex

nature of retailing in the 2%century. By using variables deemed fundarakio understanding
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the contemporary landscape, classification based on similarity and salient characteristics, and
customisation of the framework to capture specific niches (chapter four), a more representative
insight into the spatiality of retailing kdbeen provided (Dolega et al., 2021). In particular, it

is now evident that nehierarchical structures (and functions) exist in the system which do not

fit conventional retail centre hierarchies underpinned by CPT. Thus, whilst hierarchical
structures #t have significant utility in terms of thegase ofnterpretation and familiarity to
stakeholders, practitioners and policy makessyell adow cost in construction owing to their
general simplicity, it is argued thatnationalsystem of retail cares cannot be summarised
based solely on differences in supply/demand, as the contemporary retail environment is much

more complicated, calling for greater multidimensionality in its conceptualisation.

The second theoretical contribution relates to th& fodel, which has historically occupied

a place of great significance in retail geography. Chapter four provides significant evidence
that the Huff model has retained its conceptual relevance, owing to advancements in the way
these models can be calilmdtwith new forms of data. Whilst this clearly demonstrates the
continued utility of the Huff model by generating robust insights alvbotuses retail centres,

it also yielded substantial theoretical insights about the drivers of demand in the contemporary
retail environment; retail centre attractiveness remains less important than distance, with this
effect becoming much strongerforthdse nct i ons speci alising i1 n ar
Furthermore, chapter four demonstrates that measures of attractiveness need to be more
multidimensional, considering a wider pool of factors beyond just the size of theoretail
shopping centre (Dotga et al., 2016 Gong et al., 2021 Therefore, the theoretical
underpinnings upon which the Huff model is based remain of significance in the contemporary
retail environment, given the availability of new forms of data and conceptual advancements,

despit major shifts in the way retailing is organised.

The final theoretical contributiorof this thesisrelates tothe way in which other existing
conceptual and empirical frameworkave been built upgrbringing them together to better
understand retail céne geographies within a multiational contextThus far, literature on

retail centre geographies has typically focused on singular geographies, considering in isolation
where they are located (e.gThurstainGoodwin and Unwin, 2000Pavlis et al., 2018
Macdonald et al., 2032whatcharacteristics they have (e Brpwn, 1992Dolega et al., 2021)

or who uses them (e.g., Dolega et al., 20L®yd and Cheshire, 2017; Jones et al., 3022
Whilst different methods were applied for each, chapter four dsimrates that they are
connected through the use of individual geographies to extract;ditreexamplethe use of
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thetypology in catchment calibration to improving the robustness of estimates. Furthermore,
significant connections were evidenced betwt®se geographies, such as the mapping of
retail functions across spatial scales, and the importance of function in determining patronage.
However, thus far there has been no consensus on how best to bring these three geographies
together to provide a cgmmehensive overview of a national retail (centre) system. Thus, this
thesis has established a new conceptual framework, which argues that understandings of retalil
centre geographies are more comprehensive and useful when considewg thehatand

where together, and situates these interactions within the context of wider retail sector
processes, by highlighting relationships to external pressuresddf).9 m me),raogyeably
helpingto better understand and effectively responthémm Thus, the conceptual framework
(chapter four), provides a new theoretical tool through which to better understand national retail
(centre) systems, where integration and consideration of connections between retail centre

geographiess key.

Substantiv&knowledge about retail (centre) geographies

In terms of substantive knowledge, this thesis studiiee geographies of retail centres,
generating new knowledge about thleo, what, wheras well as evidencinigowthey can be

used as geographic data toolssthy, new knowledge about the spatiality of retail centres in

the U.S. has been generated (chapters three andriepngsenting the first comprehensive set

of retail centre boundaries for the U.S., joining up with similar efforts in the UK
(e.g., ThurstainGoodwin and Unwin, 2000; Pavlis et al., 2018; Macdonald et al., 2832).
extending such an analyses into a new international setting, it has been possible to review the
spatial structure of retailing, and make direct comparisons to the UK. Fardestais clear

that U.S. retail centres arpredominantly urbanised geographical phenomena, heavily
concentrated in the most urbanised and heavily populated areas, with a greater density in the
CBD or Downtown districts of major U.S. ciigas in the UKPavlis et al., 2018)Significant
variation in the morphological forms of U.S. retail centres was also identified, with
characteristically large sprawlimgntres in th€BD, andhighly linear retail centres at the core

of neighbourhoods and cities (slarito UK high streets)with more compact onebeing

typical of purposéuilt developments like shopping centres and m&lsh insights contribute

to existing literature on the spatial organisation of (retail) agglomerations, by highlighting that
some & the structures that have exietted sbhi st
(Berry, 1963), remain pertinent in the contemporary urban environineaetation to these, a
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significant contributi on maprinentissudirhU.Ssretailh e s i s
centre geographies, where boundaries are of a much greater area than in the UK, thus,
incorporation of landuse polygons and building footprints in chapter four was of significant

utility, a notable implication for future irstigation into the spatiality of urban phenomena in

the U.S.This contrasts to much of the literature on the spatial organisation of retail
agglomerations in the UK, where it has been sufficient to use point data only to capture the
distribution of high seets and retail centres (Pavlis et al., 2018), although new approaches are
starting to emerge that account for the growing scale of retail centres (Macdonald et al., 2022).

Secondly, a typological and ndmerarchical perspective on retail centres in thé&. is
presented for the first tim(ehapters three and four), which summanskatthe characteristics

of U.S. retail centres are. In particular, retail censygsear taexist within a twetier system,

with significant diwersity in terms of the structural characteristics and locati@s was the

case in the original UK multidimensional typology (Dolega et al., 202dr)example, in both
chapters three and fqua group characteristically found at the cores of urban arshsities

is seen, which are significantly different in characteristics to those found in other areas of the
U.S., but similar to UK Regional and City centi@avlis et al., 2018) In contrast, many
groups of retail centres were identified that are Imucore specific in terms of the
characteristics, which have a much more specialist retail offering, but exhibit a more dispersed
geographical distribution  si mi | ar t o the fprimary food and
identified by Dolega et al. (202 Thus, in terms of substantive contributions, it is clear that
U.S. retail centres exhibit significant differences in terms of their characteristics and their
geographic locatigrwhich have been better understood through consideration of them through
amultidimensional perspective, as opposed to one based on differences in supply and demand.

Thirdly, in chapter four a national overview of retail centre patronage for the U.S. is provided,
detailingwhouses them and where they come from. Firstly, in $esfrcatchment behaviours,
catchments exhibited noticeable differences across functions, with some of the largest retail
centres exhibiting the largest catchments, noticeably apparent for the primary retail centres in
the CBD of major American cities (e,geattle), but less so with smaller retail centres or in
polycentric cities (e.g., Los Angele3his links directly to existing literature on patronage for
retail centres; for examplén Lloyd and Cheshire (2017) the authors detailed the impacts of
competing and nearby retail centres, which in some cases (e.g., Coleford) reduced the overall
size of catchments, but in otheesq.,Monmouth) resulted itheincorporationor mergingof

the catchments of directly competing destinatidnsaddition, calibrdon of Huff model
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parameters (attractiveness, distance), generated significant new insights about the determinants

of demand, a significant conceptual contribution highlighted eaNi#hilst much of the

literature in the modelling of retail patronage bagn concerned with formal definitions and
conceptualisations of O6attractivenessd (Dol e
this thesis has showhat distance remains paramount to predicting the patronage of consumers

to retail centres. This creates significant scope for howmeasure,account for,and
conceptualise oO0distancebo, which has receive:q
ought to be given greater consideration, especially when modelling patronage of retail centres.
However, what remains clear is that a O6one s
set of retail agglomerations, as in the UK (Dolega et al., Q@& therefore retail centre

functiors and new forms of data need to be more explicitly accounted for when trying to
understand patronage.

Finally, new knowledge has been generated about how retail centres have responded to external
pressures, such as t@OVID-19 pandemic, demonstrating in particutaw retail centre
geographiesan be useds geographic data tools to understdredmpactsof thesepressures
building on existing efforts (e.g., Singleton et al., 2016; Comber et al., 2020;
Trasberg and G¥shire, 2021)In chapter five, the recovery of retail centres following the initial
shock of the pandemic was examined, through consideration of the fotetdn,region and
structural characteristics oK retail centres in determining their recovergjectories over

the last twelve monthsThis research contributed significantly to existing literature on the
response of retail centres, which has thus far concentrated on earlier phases of thel@OVID
pandemic (e.g., Enoch et al., 20Frago, 2021)instead of examining how these responses
have manifested in more recent phases. Chapter five idenidieficant heterogeneitiesm
response which documengéd the importance of modellinghese individual recovery
trajectoriesand supported earlier fiilmgs that retail centre performance is inherently complex
(Parker et al., 2017), exhibiting significant geographical differences and inequalities
(Dolega and Lord, 2020; Singleton et al., 20E8) well as being related to thunctionaland
structuralcharacteristics of the retail centres themselves (Frago, 2021; Dolega and Lord, 2020
Enoch et al., 2. Modelling of these relationships in chapter three revealed in particular that
the structural (and catchment) characteristics of retaitces remain a greater determinant of
recovery during recent monthsjth particularly negative consequences for retail centres in
less deprived area@s suggested by Dolega and Lord, 2020yver resilience to online

shopping(as suggested by Enoch et, &02) and higher proportions of leisusnd fewer
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essential services, a trend observed much earlier in the pandemic (Ballantyne et al., 2021,
Enoch et al., 2. Thus, whilst significant uncertainty remains due to limitations of data used

in chapter fve (see Section 8), new insights about the recovery of retail centres have been
obtainedwvhich contribute to existing narratives about the determsitdmétail centre recovery

and declinewhilst alsohighlighting the importance of multidimensionmdispectives on retalil

centre performanc¢end providing an empirical basis upon which to continue to mahitor

Policy implications

This thesis has made a number of methodological, substamd/¢heoretical contributions
related to retail centre geographies, which have significant implications for the development of
retail planning policy, but also in supporting efforts about how best to respond to some of the
major challenges facing retakwtres, as discussed in Sectiofri?stly, through examination

of the geographies of U.S. retail centres, insights as to the existing provision of physical
retailing space, which are often partial or incomplete, have now been obtained. These insights
havegreat utility for policy and planning, through providing a more comprehensive overview
of l ocal, regi onal and national |l evel s of
characteristics and patronage behaviours. Thus, it is now more feastviguate access to
different types of retailing, identifying local areas that are underserved or under provisioned,
ensuring equal access to vibrant and competitive local retail environments, through direct
comparison of different retail centres, theitotenents and performance over tiniés is
increasingly important given the pressures faced by the U.S. retail sector as it continues to
traverse the (elmtetaal.,l2018 and emelggsposteod the COVID®
pandemic, where it is expectduat the vibrancy and vitality of local retail environments will
have shifted dramatically.

Furthermore, whilst the geographies present e
data at a specific point of time, the analytical frameworks presdrerl offer significant

potential to evaluate how local, regional, and national levels of retail provision are shifting over

time, given replicable approaches are available (Dolega et al.,, 2021). In particular, this
evidence provides a basis upon whichualeate and monitor the performance of retail centres

over time, building on existing efforts to conceptualise retail centre performance, as in related
literature (e.g., Jones et al., 2022; Dolega and Lord, 2020; Philp et &), 208 based on the

contiibutions of chapter five. Thus, for chapter four a GitHub repository has been constructed
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(see Ballantyne, 2022), which provides documented code through which to construct such
geographies over time, providing insights as to how retail provision and tmorec
performance of retail centres is changing in the U.S., particularly in relation to the major
challenges facing retail centres, and providing an important evidence base to support policy

and planning through time.

Thirdly, the retail centre geograipls presented in chapters three and four can provide an
evidence base upon which to make effective decisions about the response of physical spaces of
consumption to external pressures. A large body of work has used retail centre definitions,
typologies, ad catchments to understand how retail centres are responding to specific
pressures, for example in Singleton et al. (2016), where the resilience of retail centres to

0 £ o0 mme was quantified through consideration of the interactions between supply and
demand, and in Trasberg and Cheshire (2021), where retail centre boundaries and the
accompanying multidimensional typology were used to highlight the differential response of
consumption spaces to the early phases of the Ca¥Ipandemic. Thus, coupling cetail

centre geographies with ancillary datasets has helped to explore and quantify how some of
these external pressures are modifying the retail (centre) system; retail centre geographies can
be used to identify how and where effect responses arehé@eddgd and Cheshire, 2017).

Given the increasing role of experiential retailing in th& @ntury (Grimsey, 2018), where

retail centres and high streets are becoming places to do and experience rather than buy and
purchase, such quantifications andghss are of great need, especially given the role of these
spaces of consumption in the desirability of cities and urban areas (Glaeser et al., 2001). These
insights can support development of | egi sl at
pl aceé and the quality of the retail of fer

enhancements to the liveability and desirability of cities.

There has never been a greater need for such insights to support effective decision making,
given the pparent and continued impacts of the COMI® pandemic on retail centres.
Throughout this thesis, significant evidence has been documented that the pandemic has had
significant impacts on retail centres, with particularly dramatic dleomt consequences
(chapter three), but also evidence of loratgem inequalities in recovery and decline towards

the latter phases of the pandemic (chapter five). Such insights have significant implications for
helping to plan and prepare these localities for similar shindke future (Enoch et al., 2022),
through greater understanding of changes to consumer behaviour. Furthermore, given the

complexity of retail centre responses (chapter three and five), it is vital that policies $eeking
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maintainor improve the vitalityand viability of these spaces, adopt a multidimensional and
holistic approach to doing so, beyond regionalfuorctional strategies. However, without
understandinghe geographies of these retail centres first, in partietharethey are located,
what characteristics they have amthouses them, such interventions would not be possible,

as the evidence base is not present to support them.

6.3.Study Limitations

It is important to consider the limitations of this study, to ensure interpretation of results and
arising implications is robustWhilst aims one and two explore the geographies of retalil
centres in the U.S., it is important to reiterate that thepataepresent the definitive set of

U.S. retail centre geographie&n empirical decision was made to exclude a significant
proportion of retail centres delineated in both chapters, which negatively biases the smallest
and most ruralised retail centresttlame functionally very different, generating uncertainty
about the conceptual framing of the retail centre systé&meFigure 9) However, these
decisions were necessary to capture the key geographies of retail centres in the U.S., in
particul ar r e durcdinsge 6t hien acroaumtte ro ft hor e e, and
resources needed to calibrate Huff models in chapter four. Sectimgllyalidation of retail

centre geographies in chapter three and four was limited in that they did not engage with
external stakeHders, practitioners,or town centre managers in the U.S. to validate them,
unlike other examples where this has been common(#age Macdonald et al., 2022; Dolega

et al., 2021)to ensure the findings are representative of the U.S. retail systenfi simecdic

areas. However, given the nature of this PhD project, where constrained timescales and
resources represented a significant challenge, it was not possible to carry out such an exercise.
To resolve this limitation, the retail centre boundariesewalidated against other relevant
datasetgsee Section 3.4plthough there igenerallya lack of suitable retail (or shopping)
centre definitions in the U.S~urthermoregxpert knowledge from one diie co-authors of

chapter three was utilised toliate our effortsand ensure that the retail centre definitions

and typology, as well as the approaches for deriving such outcomes were robusftand fit
purpose in the U.$see Sections 3.4 and 3.5)nally, it is important to consider that these

refail centre geographies are represented as something that can be solely defined in an empirical
manner, and whilst much of the related researdiisriopicis empirical in nature, qualitative

understandings about retail environments would arguably beeat gtility, in verifying and
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validating the geographies presented, but also in suggesting additional considerations (i.e.,
input variables), based on customer or stakeholder experiencesMdfahevhatandwhereof

retail centres.

A second area of limation relates ta@hapter five, in particulathe approach to unpacking the
recovery of retail centres based on exploratory analysisaaidple modelling framework.

Firstly, it is difficult to ascertain for certain the exact nature of recovery, given the limitations

of the mobility data as discussed below, so as a result are only able to make comparisons about
recovery; considering how dam retail centres are recovering or declining relative to others.
Secondlythemodelling framework was relatively simple in its consideration onfyiedtion,

region andstructural characteristics as explanatory variables, excluding well known impacts

of seasonality, weather and holiday periods (Lyu et al., 2022; Rose and Dolega, 2022), non
hierarchical functions (Dolega et al., 2021) and the cadtliving crisis (Wood, 2019).
However, perhaps the most significant limitation relates to the GeolytiXitpatata which

has resulted in significant uncertainty as to the nature of recovery (Shi et al., 2022). In addition
to well-knownlimitations with mobility data, the Geolytix mobility data is temporally unstable

as a result of dramatic decreases in tampe of devices used to generate it. This has
significantly reducedheability to uset as a proxy economic performance meaddoavever,
significant insights about working with unstable mobility data have been contributed, as
following representativerss and stability analysis between different regiondamctions and

use of the data as snapshots rather than a completesdims, interesting and useful
comparisons about recovery trajectories can be generated, which can have greater utility than
other proxy measures like vacancy rates (Dolega and Lord, 2020) and footfall
(Philp et al., 2022), which typically have constrained temporal availability or bias specific
regions or locationsThis creates significant potential also in the monitoring ofettenomic
performance of retail centres in the U.S. too, as the SafeGraph data used to construct retalil
centre boundaries and typologiebapters three, four) does not contain accurate information

onwhether individual units are vacant or not.

6.4.Future Research

The who, what and where dadtail centre geographies

Chapters three and four have provided significant scope to explore the geographies of retail

centres in other international settingss this thesis has made such effaispirically
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replicable Chapter four presents a technique that can be used to delineate any urban
agglomeration using available data, such as OpenStreetMap or SafeGraph as it expands its
global coverage (SafeGraph In2021b). In terms of classification, such insights could be
easily generated following a thorough review of relevant literature on the subject of study; for
example, food retail environments (Shannon, 2016; Scharadin et al., 2022), before assembling
compg ehensive typologies and capturing specif
suitable data on observed patronage is available, whether from mobility datasets such as
SafeGraph patterns or from other sources (e.g., loyalty cards) researamarslisa the
advancements made in Chapter four to estimate catchments for their subject of study, following
customisation of the Huff model and calibration with suitable data to ensure observed
behaviours are represented. These three potential avenusswaeen more feasible as a
GitHub repository is available for chapter four (see Ballantyne, 2022), providing researchers
with code to delineate boundaries, develop typologies and generate catchments, and
subsequently modify these approaches to suit théiject or location of study. For future
studies into retail centre geographies, a conceptual framework of a national retail centre system
has been established, which can be generalised to any retail environment, providing a

conceptual and theoretical lmapon which to ground future research.

The how of retail centre geographies

This thesis has also provided another exampleuwiretail centre geographies can be used as
geographic data tools to understand the impacts of wider retail sector processzteaml
pressures on retail centres; through examination of their recovery following the CGI®VID
pandemic, however this remains an area of great opportunity. Firstly, there is significant
interest in further exploration of the response of retail centr€OVID 19, given availability

of mobility (or other datasets) with greater temporal stability and availability. For example,
modelling of retail centre trajectories prior to the pandemic until now would give clearer
insights as to how exactly they havesponded, especially through development of a
sophisticated modelling framework that accounts for seasonality and other important
influences, as discussed above. A patrticularly interesting research area would be in use of
actual sales data to assessett@nomic performance of retail centres, as with store performance
(e.g., Rose and Dolega, 2022), though such data is not yet available. Finally, looking forward,
a oDigital Twind framework that capitalises
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(Goodchid, 2022; Shi et al., 2022), could be used to simulate how policy action can result in
positive recovery and growth for retail centres as we emerge out of the pandemic. Such insights
will be crucial as retail centres continue to face external threats,rewesntly in the form of

the costof-living crisis. Whilst research is notably absent thus far, the impacts of the crisis are
expected to be significant, with evidence that sales and footfall have already begun to decrease
in recent months (ONS, 2022; Wht, 2022). Given the rising costs of energy and food,
increasing taxes and falling wages in line with increasing inflation in the UK
(Patrick and Pybus, 2022), the retail sector is expected to face some of the greatest challenges,
with consumer confidemcexpected to fall and a subsequent wave of retail vacancies following

it. Thus, whilst the pandemic is not over, the aufsliving crisis represents another very
significant O6shock6é to the system, amea furth
are responding to it, taking advantage of insights gained in this thesis, notable around the value

of retail centre geographies as geographic data tools through which to monitor these processes.

Evaluating and evidencing the utility of mobility data

Finally, building on the outcomes of chapters four and five, there is significant scope for more
research about the use of mobility datasets, such as those from SafeGraph and Geolytix. As
discussed, such datasets are subject to their own issues and reisskieg in significant
uncertainty about the findings produced, and their impacts on research, a fact that is too rarely
underemphasised in published research, as argued by Trasberg and Cheshire (2021). However,
once the reliability of these datasetsesablished, their utility generates endless research
opportunities. As discussed throughout this thesis, mobility data is a useful source of
information as it has a high spatemporal resolution, does not overly privilege specific
geographic location&.g., anchor stores), and is collected passively. However, perhaps one of
its greatest assets is that it can be used to assess the levels of activity in lots of different
environments, unlike footfall which is generally restricted to those areas whe@ sane
available, typically high streets. For example, further research could use such
data to understand the usage of green spaces and parks (Cui eRglwBi@d is a particularly
pressing area of research following heightened use during the npiandend significant
evidence linking them to positive mental health outcomes (Houlden et al., 2019). Thus,
evaluating whether or not these trends of green space usage during the pandemic have stayed,
and the implications of such trends on the future pianof green spaces and health of nearby
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residents is clearly a valuable area for future research. Thus, there is significant scope for
mobility data both in the field of retail geography, and outsidié aficeresearchers are able

to effectively controlfor the limitations and biases created by such data. This thesis has
arguably provided a useful starting point for doing so when working with unstable data,
creating significant opportunities for the use of data like the Geolytix mobility dataset in a

broal range of applications.
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8. A Regional Exploration of Retail Visits during the COVID-19
Pandemic.

The content of this paper was publishe@s a Special Issue in Region&tudies, Regional
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Abstract

Despite evidence that the COWI® pandemic has precipitated significant regional
(economic)inequalities, there is a substantial lack of regional insight into the impacts of
COVID-19 on the retail sector. In this study, using data from SafeGraph, a regional approach
is adoptedo explore how visits to retail places changed during the early vaééks COVID

19 pandemic in the Chicago Metropolitan area. In particth@s,study highlights thatetail

visits exhibited interesting spattemporal and structural trends.

8.1.Background

A wealth of research is rapidly emerging that seeks to underianidteractions between
COVID-19 and retail, specifically quantifying the impacts of reduced mobility
(due to national lockdowns and restrictions) on ¢wenomic performance of theector
(Yilmazkuday, 2020; Baker et al., 2020). Many of these stuldie® used novel datasets
(e.g. Google Mobility),identifying significant shifts in mobility and expenditure between
different types of retail. However, despite evidence that the pandemic has precipitated
significant regional (economic) inequalities betwee different sectors
(BonetMoron et al., 202Q)and that COVIBL9 is an inherently regional issue (Torrissi, 2020)
there is a substantial lack of (regional) insight into ithpacts of COVID19 on theretail

sector

Here regional approads adoptedfocusing on the Chicago MSAn t h-We £tMd dr egi on
the USA.Change intotal visits to retaild p | a ¢ e s 0 eadyuweeks @f the GOY/I9
pandemids exploredbefore unpackinghese trends further by considering how they relate to

speific types of retail (e.g. convenienc@his piece is important, providingoth aninsight
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into the response of a regional retail sector to COV#Dwhilst also demonstratirthe utility
of mobility datasets and s p2018), aadonvayingdrerxis ng sy
in mobility, whilst also preserving the securitystbrelevel data.

8.2.Trends in Regional Retail Visits

Retail visits followed an uneven spatial distribution across the Chicago Mtgaré 27.

Irrespective of week, the vastumber of visits were concentrated in and around the

CBD of Chicago. Other significant but small e
like Joliet, and in established shopping parks, such as the Woodfield and Fox Valley Malls.

This is intereBng as it generates the potential to unpack an approximate geography of retail
space using O0Big Datadéd (LI oyd and Cheshire,
locations themselves (Pavlis et al., 20I8mporally,therewas a clear trend of dezasing

retail visits which aligned closely with thef i r st ob ptreea paddemic

(Baker et al., 2020 suggestinghat as the pandemigorsened people began to alter their
consumer behaviour, siting stores less frequentlfhe most significant decrease in visits
occurred in the week where the O0Stay at Hom
residents of l'llinois to only |l eave their
Furthermore, an evident spatiemporal pattern was that the suburban/rural parts of Chicago

MSA appeared to experience greater contractions in visits when compared to the CBD,
prompting a future research agenda to better understand why this might be.

To unpak further some of the trends identified kigure 27, this study exploresiow these

variations in visits related to different types of retafiglre 38). Convenience retail
(e.g.,grocery stores) saw a substantial and sustained increase in the progiovigits from

28 to 35% following the 6Stay at Homed order
g 0 o ck.g.f@roderies), characteristic of the early weeks of the pandemic (Nicola et al., 2020).
Another interesting trend was the significamd sustained decline leistlvased retail visits

(8%), a component of the retail secterq(,restaurants) that has faced some of the greatest
impacts during the pandemic (Baker et al., 2020).

Page [L58



Figure27. Weekly visits to etail places in the Chicago MSA, from the week beginning

2"d March to the 8 April. Each iteration represents one week of data (e.g. WB 02/03), and

the general trend seen across the iterations is a decrease in retail visits throughout the MSA in
theseeal v weeks, with the most dramatic decr eas

Homedé order (WB 16/ 03).

Page [L59







































