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Abstract

Assessing levels of equity inherenttire distributions otthe public openspaceghat
they managés an important responsibility of park and recreation agencies. Multivariate
regression offers one way of conducting such assessments. Howediéigrtalordinary least
square (OLS) technigus fail to explore important local vations in relationships among
variablesThis studyexplored the utility ofyeographically weighted regression (GWRan
equity analysis opublic beachem the Detroit Metropolitan AreaThe GWR modek exhibited
substantiaimprovementsn model performance ovéine OLS modes. GWR offerspublic
leisure agenciea powerful technique via which twetter understand local patternsactess
andequity, ultimately leading tahe formulation ofnore effective and efficiemecreation
planning and managemepulicies
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Introduction

Green and bluspaces such as parks, playgrounds, trails, golf coarsklakesare
public open spacd®O0S) thatcanprovidelocal communities witlecreatiorsettingsin
addition tovarious other environmental, social, health, and economic benefits (Porter, 2001,
Taylor, Floyd, WhittGlover, & Brooks, 2007)Concerns regarding inequities in the
distribution ofPOS haverisenoverthe lastfew decadegByrne Wolch, & Zhang2009;Deng,
Walker, & Strager, 2008; Tarrant & Cordell, 1999; Taylor et al., 2088)a resultmultiple
studieshave attempted to determilexels of equityacross various demographic and
socioeconomic groudsr parks Byrneet al.,2009; Maroko, Maantay, Sohler, Grady, & Arno,
2009;Moore, Diez Roux, Evenson, McGinn, & Brines, 20B&holls, 2001; Nicholls &
Shafer, 2001; Omer, 200&len,1997;1998), trails (Estabrooks, Lee, &yurcsik, 2003
playgrounds $moyerTomic, Hewko, & Hodgson, 2004golf courses@enget al, 2009,
recreational forests (Tarrant & Cordell, 1999), and campsites (Porter & Tarrant, 2001)

To measure thdegree of equitinherent in the distribution d#O, multivariate
linear regression using the ordinary least sp&S) method hasecentlybeen employed
OLS regression uses a global predictive model to capture the strength and significance of the
statistical relatioship between dependent and independent variables over an entire study area
(Gilbert & Chakaraborty, 2011). However, spatial data such as the geographic locations of
POS, measures of accessPOS (e.g., distance or travel time between origin @estination),
and spatially referenced census datay exhibit spatial effects such as spatial dependence and
spatial heterogeneity that can lead to biased estimation results using traditional multivariate
techniques (Fotheringham, Brunsd&nCharlton 2002). Theequityof POSs, asepresented

by the relationship between level of access and spatially referenced census datajealbuld
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be examined using specialized research methodsxphtitly account for spatial location and
thereforediffer from those used to analyze ngpatial dataTo date, however, this has not
typically been the case.

The purpose of this study is to demonstratevdiaeof geographically weighted
regression (GWRas arequityanalysis tool. Specifically, the etlve benefits of GWR
techniques relative to traditional OLS methods are demonstrated via a casaf gtuiolyc
beachesn the Detroit Metropolitan Area.

Literature review

PreviousApproaches to thBleasuremendf POSEquity

To measure the degree of equity inherent in the distributipark® and recreation
facilities, previous studies have investigated the existence and extent of relationships between
levels of access tihese facilitiesand residentsdemographic andocioeconomistatus A
variety of different methods such msnparametriaifference of meantests (Nicholls, 2001;
Nicholls & Shafer, 2001 )inear correlation (Omer, 2006; SmoyEomic et al., 2004), equity
mapping (Talen1997;1998), and multivari&tlinearregression (Deng et al., 2008; Porter &
Tarrant, 2001; Tarrant & Cordell, 1999) have been utilizedong these methods, multivariate
linearregressionusingthe OLS method has beeacognized as the magsbwerful. Those
studies that have employed multivariate techniques have tended to utilize a logistic approach,
which categorizs level of access to POSs as a dichotomous outcome (ehgsédccess; O:
doesnot haveaccess)Deng et al. (2008Yor exampleused logistic regression to examine the
distributional equity of golf courses relative to Chinese residents in Calgary, Canada, over a 10
year time sparResults indicated that Chinese residents were concentrated in several parts of

Calgary duringhis time, and that they were more likely than ArGlanadians to reside in
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census tracts that did not contain, or were not near to, golf courses. However, distributional
inequity decreased during the study period, primarily due to the construction gbtiew
courses in or near Chinese communitiearant and Cordell (1999) determihe
relationships betweethe distribution obutdoor recreation sites and census variables in
northern Georgidinding inequity with regard to household income, bueridence of any
inequity with respect toace, occupation or ethnic heritagarter and Tarrant (2001)
investigated socioeconomic and raarquities with respect to the distribution of federal
tourism sites and campsitessouthern Appalachidindingsshowed that the distribution of
these sites was advantageous to White populations and disadvantageous to minority
populationsThis study usea two-prongedfiner approach based on the number of public
beaches within a specified distance of each census unit and the distance between each census
unit and the closest public bedackhereby providing a far mo@mprehensiveortrayal of the
extent to which acas varies across the study atie@n a dichotomou@ccess versus no access)
analysis can provide
Ordinary Least SquasgOLS) Regression and Spatial Effects

OLS is the most widely known and used regression method to model a dependent
variablgs associan with a set of independent variabl€d.S is based otwo critical
assumptions: (1) the observations are independent of one another; and (2) there is a stationary
relationship among variableseaning apatially constant relationship between dependent and
independent variables thedn beinterpreted by average (global) parameter estimates across an
entire study are@otheringham et al., 2002). iWever,fspatial is special(Longley,
Goodchild, Maguire& Rhind, 2005, p. 5)spatial data exhilstspatial dependence (also

known as spatial autocorrelation) and spatial heterogeneity (spatiatatmnarity) thatnake
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it difficult to meet the assumptions and requirements of traditional OLS regresslaan bias
OLS results(Fotheringham, Charlton, &runsdon, 1998Fotheringhanet al, 2002).

Spatial dependence is the extent to which the value of an attribute in one location is
more likely to be similar to the value of the attribute in a nearby loctiteonin a distant
location Mennis& Jordan, 200% Spatial dependence is a functionTablerts (1970)First
Law of Geography, which stated th&¢verything is related to everything else, but near things
are more related than distant thiags. 236). Spatial dependeniiie determined both by
similarities in position, and by similarities in attribui€kongley et al., 2005, p. 517).
According to Anselin (188), large residuals are likely to occur if geographic features are
spatially autocorralted when using nespatial statistical methods such as OLS regression.

Spatial heterogeneityr nonstationarityrefers tothe tendency foiithe relationships
among the independent and dependent varifiolegary over spadge(Mennis& Jordan, 2005,
p. 249) In other words, every location has an intrinsic level of uniqueness with regard to the
causal relationship between variables that may not be described by constant global parameter
estimates (Gilbert &harkraborty, 2011; Fotheringham et 2D02).When a laclof spatial
uniformity or homogeneity is caused by the effects of spatial dependence\arging
relationships between variables, spatial heterogeneity is likely to occur (AriS3i.

Spatial heterogeneity can thus be regarded as a special case of spatial dependence, and
spatial dependence and heterogengitgn occur jointly Longley et al., 2006 Ignoring
spatial heterogeneity gives rise to inaccuragessiomesults, such as ksad parameter
estimates and misleading significance teAtssglin, 1988. Equity research based on linear
statistical analyses has failed to account for these spatial efésxdsg toviolation of the

basic assumptions of OLS, including linearhpmoscedasticitygndindependence and
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normality of residualsMeanwhile research methods that address these spatial effects have
remained underexploited B3OSresearchers and practitioner$is study provides a powerful
demonstration otheimprovanens possible using spatially explicit regressieahniques
Geographically Weighted Regression (GWR)

GWR has recently beconagopularmeans ofmodelinglocal spatial heterogeiity
between variables. GW&ssumes that relationships between variables may differ from location
to location(Fotheringham et al., 2002n other words, GWR generates a set of local
regression coefficients for each observation point in the study area.

The traditional multiple hear regression model can be expressed as follows:

U=A +B Ag +A, kK = 1, éé, k,
where yis the vector of the estimat@drametefor observation, & is the intercept parameter,
a is the regression coefficient for th@ kndependent variablejwis the value of thegk
independent variable for observatipand eis a random error term for observatioAs noted
above, thisnodel is based on assumptions of independence and homogeneityadtiod
residuals should beoth independent and drawn identically from a normal distribution with a
mean of zeroKotheringham et al1998. GWR extends theaditionalmultiple linear
regressiorframework by allowing local parameters to be estimated as follows:

vizao(uv)+ B A (O, O xk+a, k = 1, é. , k ,
where (y Vi) is the coordinate of the point in the study areapdu;, vi) is the intercept
parameter at point i dui, vi) is the local rgression coefficient for thakindependent variable
at point | anda is the value othe k» independent variable at point i. Thus, unlike linear

multiple regression models, GW#nsides important local variations in relationships.



Expl oring geequwirtayp husciand vy wei ghted regression

Based on Toblés (1970) First Bw of Geography, all observed data point&WR
are weighted by their spatial proximitythe regression poinwvith observed data points closer
to the regression point weighted more heavily tterselocated farther away (Fotheringham et
al., 2002). The weight of an observed data point is thagy@ximum wheit shares the same
location as the regression point, and decreases as the distance between the two points increases.

In GWR, the weights of observed data points depend on the kernel choseatand th
k e r nbandwidth (Fotheringham et a2002).A kernel can be defined as a circle of influence
or circular area with a given radius around one particular regressiontpeigiven radius is
called the bandwidtfzhang & Shi, 2004)The Gaussian and-bguare kernel functi@are
commonly usd in GWR. The Gaussian kernel function is also referred to as a kernel with a
fixed bandwidth because it is based on the assumption that the bandwidth at each regression
point isconsisentacross the study areandis applied when the observed dptants are
regularly spaced in the study al@theringham et al., 2002jhe weight for the Gaussian
kernel function iestimatedas follows:

wij= exp F(dj/ by],

whered; is the Euclidean distance between the regression ipamut the data point gnd b is
the bandwidthAt the regression point, the weight of a data point is unigights decrease as
the distance from the regression point increases. However, the weights of all the data points are
nonzero, no matter how far they are from the regien point.

The bisquare kernel function is called a kernel vdttaptivebandwidth because it
permits use of variable bandwid#ndis used when the observed data points are clustered in

the study areéotheringham et al., 200Zyor example, the size of the bandwidth increases
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when the observed data points are widely spaced and decreases wiaa tbser The
weight for the bisquare kernel function estimateds follows:

x =[1-(A TAJwhenA b, x =0whenA b

At the regression point i, the weight of the data point is unity and falls to zero when the
distance betweenand j equals theandwidth. When the distance is greater than the bandwidth,
the weight of the data point is zero. The bandwidth is selectédsthere is the same number
of data points with nozero weights at each regression point.

Bandwidthhas a substantial influence on G\ ults(Gilbert & Charkraborty, 2011).
Bandwidth can be thought of as a smoothing paramelta@rger bandwidth can caugeesater
smoothing. If the estimated parameters are similar in value across the study area, an over
smoothed model is applied, and if the estimated parameters include much local variation, an
undersmoothed model is adopted. Samhere between these two extremes is regarded as the
best bandwidth (Fotheringham et 4098, 20®).

Three methods have commonly been used to determine the best bandwidth: (1)
providing a usesupplied bandwidth; (2) selectirdandwidth that minimizes a cress
validation (CV) function, and (3) selectiadpandwidth that minimizes the Akaike Information
Criterion (AIC). The lattethas most commonlgeenemployed(Fotheringham et al., 2002).
The AIC is a measure of relative modelrformance and is helpful for comparing different
regression models. Alds AIC with acorrectionfor finite sample sizes (Bozdogan, 1987).
This takes the following form:

AICc= 2nl oge (GE) + nbagresff2’ ) + n[(n + t

where n is the number observationsinthe datas&tE i s t he esti mate of th

of the residuals, and tr(S) is the trace of the hat matrixc ¥d{lies can be used not only to
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compare models with different independent variables but also to compare the gldbal mo
with a local GWR modelRozdogan, 1987

Compared to traditional OLS modeGWR offers two importanbenefits (i) it yields
error termsiesidual} that areconsiderablysmaller and less spatially dependent than residuals
from corresponding OL&odek; and (ii)theability to visualize spatial variations in regression
diagnostics and model parameters (Gilbe€&arkraborty, 2011). Mapping regression
diagnostics such as standardized residuals, lesgliare, and parameter estimates can play an
important role in exploring howstatisticalrelationships and their significance vary over space.
GWR in the Context of Equity

GWR has beeemployedio analyze environmental inequities in the distributioa of
variety of urdesirable land usesmd their outcomes, includingxic air releasefGilbert &
Chakraborty, 2011; Menni& Jordan, 2005andair pollution(Jephcot& Chen, 2012)To
date,howeveronly one study has used GWR to explore inequities in the distribution of
desirable land usesich as POS#/aroko et al. (2009) used both OLS and GWR to examine
the statistical relationship between | evel of
status in New York City, US. The results indicated that the @b8el found a weak
relationship with lower Rand higher AIC, while GWR suggested spatial-stationarity,
indicating disparities in accessibility that vary over space with highan& lower AIC.

Method

Study Area: Detroit Metropolitan Area (DMA), Nhigan

The Detroit Metropolitan Area (DMA)alsoreferred to as Metro Detrgiis located in
southeast Michigaandincludes three counties (Oakland, Wayne, and Macofitts) 12"

largest metropolitan area the US, the DMA had a population of 3,863,924 and an area of
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1,958.96 square miles (3,46&®) in 2010 (U.SBureau ofthe Census, 2010)lThe DMA was
chosen as the study area for two reasons. First, the DMA containsraumder andlensity of
public beachesAccording to the Michigan Department of Environmental Quality (MDEQ,
2013), almost 14.5% (n=178) of all public beaches in Michigan (n=1,224) are located in the
DMA. Second, the DMA i©iome tothe highest population densiyd mostliversepopuldion
in Michigan. Whereathe population density of Michigan is 174.8 inhabitants per square mile
(67.5/ kn¥), the population density of the DMA is 2,792.5 inhabitants per square mile
(1,078.2/knd). The DMAGs racial and ethnic composition is as followhite (70.1%), African
American (22.8%), Hispanic (6.2%), Asian (3.3%), Native American (0.3%), and Pacific
Islander (0.02%{U.S. Bureau ofthe Census2010)
Unit of Analysis

The choice ofreal unit is criticain anyspatial analysisthis studyemployed the
census tract (CTA CT is defined as a subdivision of a county withmean population of
approximately 4,000 people that are relatively homogeneous in socioeconomic charaoteristics
(Mooreet al, 2008, p. 17)There are 1,16€Tsin the DMA. Figurel shows the locations of
the 178 public beaches and the CT boundaries withisttly area

Figurel about here

Variable Definitionsand Data Acquisition

Level of access to public beaclsesved as the dependent variaBlecess was
measured in two manners: the number of public beaches within 20 miles of each CT
centroid, and (2) the shortest road network distance from each CT centroid to the nearest public
beachThese twaneasures reflect ttmntainer anadninimum dstance approaches

explained by Talen and Anselin (1998he container approach is simple and efficietatas
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(2009) estimated that residents were willing to travel 20 miles for Hessdd recreation
activities such as boating, fishing, and swimming. The number of public beaches within 20
networkdistance miles of eadDT centroid was therefore utilized as thextzoner measure.
Use of the minimum distance approaebognizeshat, although an individual could
theoretically interact with all the POSs in his or her l@ralironmentmost POSs such as
parks are, in reality, mainly used by nearby residésgs. oftwo approaches enabled the equity
findings to be compared and contrasted at each step of subsequent dDadysisits far
superior representation of taetuallandscape, only network distance vessployed

Multiple conceptualizations of equity exist, e \icks and Crompton (1986)
identifiedthefour equity model$ equality, compensatory (or need), demand (or preferences),
and market (or willingness to palythathavemostcommonly been employed in therksand
recreatiorprofessionAs describecabove,a compensatory or nedoshsednodel of equity has
typically been employed to measure the equity of LDL#sed on the assumption tivathe
public realmdisadvantaged residents or the most needy grougreasshould beawarded
(compensated with) extra servicésneedbased definition of equity wakereforeadoptedA
variety ofdemographic andocioeconomic variables were considered to represens i dent s 6
needwith regard to access to public beaches: (1) population density; (2) age; (3) race/ethnicity;
(4) income;(5) housing value(6) educatioml attainment (7) language(8) vehicle ownership;
(9) housing occupancgnd(10) economic statussroups considered most likely to imeneed
of better than average access to public beachestinese residing in more densely populated
area, the yaingandelderly, nonWhites, those earning low incomesdliving in lower value
housing, those having lower educational attainment, those witiEnglish spoken at home,

those without a vehicl@ndthose residingn areas witHower proportios of occupiedhousing

11
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andhigherpoverty rate. Table1l summarizes the variables and their operational definijtions
also indicates how an increase in the value of each dependent variable should be interpreted
with respect to the nedehsed definition of equity employed
Insert Table 1 about here

Geographic data such as CT boundariesthestreet network were gathered frohe
Michigan GIS data librarghttp://www.mcgi.state.mi.us/mgqll/Public beach locations were
acquired from thé1DEQ (http://www.deq.state.mi.us/beachRecial/ethnic and
socioeconomic datimr 2010were obtainedrom theU.S. Bureau of the Census.
Data Analysis

Data analysisvas conducted using ArcGIS (version 10.0), the ArcGIS Network
Analyst extensionSPSS (version 20.0and GWR (version 4.0Network analysis was
employed to calculate the/o dependent variabldsr eachCT. Next, multivariate regression
analysisusing OLSwas conducted tmvestigatethe relationship betwedavel of public beach
accessnd residentsdemographic andocioeconomic statu&WR wasthenconducted to
explore spatial variations using the same dependent and independent variablegudydi
kernel function was usetle to the varying size and shapeCdk as well as varying density of
public beaches in the DMA'he optimal kernel size was determined through an iterative
statistical optimization process to minimize € .. Statisticaldiagnosticqe.g., local
parameter estimates and locd) Rom GWRwere mapped to explospatialy varying
relationships among variabld®?, AIC., and Morais | of regression residuals were compared
to quantify anyimprovement in model fit of GWR over OLS.

Results

Estimated OLS Parameters

12
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Two separate OL&gression analyses were performed to examine the effects of
residentédemographic and socioeconomic status on the number of public beaches accessible
within a 2@8mile journey of each CT centroiddntainer approaciodel 1), and the minimum
distance tdhe nearest public beach from each CT centmiditnum distance approach,
Model 2).Result of thetwo OLS modet arepresented in Table Because the Vikalues
associated with MHI were greater than 7.5 (Model 1: 10.25; Model 2: 102R)was
removed from the pool of independent variables due to the existence of collinearity.

ForModel 1 (container approach)eth the Joint Fand Joint Wald statissandicated
statistical significance for the overall model (Join6659, p < 0.01; Joint Waldt,008.19p <
0.01)The value of adjuste®? (0.379) indicated a moderate goodregéit. Five of thirteen
independent variables (BLACK, ASIAN, POPD, EDU, and VEHIC) were statistically
significant at the 0.05 levetuggestingquitableaccess to public beaches with respect to
proportions of Black and Asian populatibat inequitable access with respect to population
density, educational attainment, and vehicle ownerdiipse interpretations are due to the
positive sign on theoefficients BLACK (0.190 and ASIAN (.95]) indicating an increase in
proportion Black or Asian with the number of parks within 20 miles,positive sign on the
education coefficientl.247 indicating anncrease in the proportion of the population holding
a fouryear university degree or higher with an increasing number of paréithe negtve
signs orthe population densit{t0.005) and vehicle ownershi@0.435 coefficients indicating
a decrease in palation density and proportion of households without a vehicle with an
increasing number of parkis all other cases the lack of significance associated with the
coefficient indicated that no statistically meaningful relationship existed between thefleve

each independent variable and level of public beach addes¥oenker (BP) statistic (163.46,
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p < 0.01) indicated thaModel 1 exhibiedspatial norstationarity, thus warranting GWR
analysis.

ForModel 2 (minimum distance approach), both the Joint F and Joint Wald ss$atistic
indicated statistical significance for the overall model (Joint F: 45.17, p < 0.01; Joint Wald:
365.42, p < 0.01yvhile the value ofdjusted R (0.185)indicateda lower levéof model
performance than that of Model Three of thirteen independent variables (POPD, AGE64, and
EDU) were statistically significant at the 0.05 levalggeshg inequitable access to public
beaches respect to population dengtgportion of elddy population andeducational
attainmenti.e., that as population density and proportion elderly increasanum distance to
the nearest public beach also increases, whergae@mtion of the population holding a feur
year university degree tigher increasesninimum distance to the nearest public beach
declinesThe Koenker (BP) statisti®{.63 p < 0.01) indicated th&iodel 2 exhibited spatial
nonstationarity,againsuggesting addition&WR analysis.

InsertTable 2about here
EstimatedSWR Parameters

Resuls of thetwo GWR modes arepresented in Table Bor GWR Model 1
(container)the local adjusted Rvaried over the study area from a minimum of 0.02 to a
maximum of 0.92 (mean: 0.69). The local condition index ranged from a minima@rmtofa
maximum of 248, indicating the absence of local collinearity among the independent variables.
The ranges ofhie local coefficients for the variablsgnificant in the OLS modetere-126.40
to 67.72 with a mean 61.98 (BLACK),-21.79 to 27.4¢mean-1.39 ASIAN), -18.55 to
26.81(mean -1.36 POPD),-8.09 to 58.94mean 4.87, EDU), and-25.34 to 19.5%mean -

1.12 VEHIC), respectively. This variability in the local coefficients suggests that the

14
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relationships between the number of public beaches accessible witkimige30urney from
eachCTcentroid, and residentsod daemotgtatenpni ¢ and

For GWR Model 2 (minimum distancehe local adjusted Rraried over thetsdy
area from a minimum of 0.26 a maximum of 0.92 (mean: 0.7@he local condition index
(whichrangel from8.6to 24.4) indicatedthe absence of locabllinearity among the
independent variable$he ranges of the local coefficierits the variablesignificant in the
OLS modelere-1.29t0 1.40(mean:0.14 POPD), -1.01to 285(mean:0.12 AGE64), and-
3.25t0 2.73(mean:-0.02, EDU) respectivelyagainsuggeshg non-staionaryrelationships
between the variables

Insert Table 3 about here

Spatially Varying Relationships Explored by GWR

Although Table 3 suggests the existence of spatial variations in the local coefficients
and goodnesef-fit of thetwo GWR modes, it doesnot show how the relationships between
level of access to public beaches and residéeeitmographic and socioeconomic status vary
across the study area. Figure$2mapthe spatial distribution of local coefficients and local
R? for those independent variables that were statistically significant iwth®LS modes;
lighter colors indicat negative values, whereas darker colors indicate positive values. These
maps are also summarized in Tahle 4

Insert Table 4 about here

Model 1BLACK (Figure 2. The OLS coefficient for BLACKvas0.145 (p < 0.05),
indicating equitable access to pulidieaches with regard to Black population across the study
area(Table 3) However, Figure 2 and Table 4 show that both positive (n = 523, 44.9%) and

negative (n = 641, 55.0%) correlatiamscur The local coefficients for BLACK ranged from
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126.39 to 67.72mean -1.98. Strong positive correlations (local coefficient > 31.7 [2 standard
deviations above the meanhdicating equitable access to public beaches with respect to
Black population, were observed in parts of Oakland and Maconnities.Strong ngative
correlations (local coefficient-85.66 [2 standard deviations below the meangicating
inequitable accessemergedn parts of Macomlzounty. While 492(42.2%) of the CTs had
local coefficients greater than the OLS coefficient, 672 (57.7%)dveer local coefficients.
This variability in the model parameters suggests that the relationship between number of
public beaches accessible within aride journey and proportion of Black population is not
stationary.
Insert Figure 2 about here

Model 1ASIAN(Figure 3) The OLS coefficient for ASIANvas0.092(p < 0.05),
indicating equitable access to ficlbeaches with regard to Asigopulation(Table 3)
However, Figure &nd Table 4how that both positive (n = 678, 58.2%) and negative4865
41.7%) correlationsoccur. The local coefficients for ASIAN ranged frof1.79 to 27.46
(mean:-1.39) Strong positive correlations (local ciefent >10.55, indicatingequitable
access to puld beaches with respect to Asipapulation, were obseed in parts of Oakland
and Macomizounties. Strong negative colagons (local coefficient <13.33, indicating
inequitable accesemerged in parts of Oakland and Wagaenties While 411(35.3%) of the
CTs had local coefficients greater thitae OLScoefficient, 488 (41.%) hadlowerlocal
coefficients indicating a nosstaionaryrelationship betweewariables

Insert Figure 3 about here
Model 1POPD (Figure 4). The OLS coefficient foPOPDwas-0.270(p < 0.05),

indicatinginequitable access to public beaches with regapdpailation densityTable 3)

16
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However, Figurel and Table 4 show that both positive (446 38.3%6) and negative (n #18
61.8%) correlations occur.fe local coefficients foPOPDranged from18.55to 26.81(mean:
-1.36).Strong positive correlations (local coefficien942), indicating equitable access to
public beaches with respectgopulation densitywere observed in parts of Oaklazalinty.
Strong negative correlations (local coefficientl&.84), indicating inequitable access, emerged
in parts of OaklandVlacomb,and Waynecounties.While 447(38.4%) of the CTs had local
coefficients greater than the OLS coefficiefity (61.3%6) hadlower local coefficients
indicating a norstationary relatiorgp between variables.
Insert Figure 4 about here

Model 1EDU (Figure 5. The OLS coefficient foEDU was1.247(p < 0.QL),
indicating inequitable access to public beaches with regdedebof educational attainment
(Table 3) However, Figur® and Table 4 show that both positive (749, 64.3%) and
negative (n 415 35.8%) correlations occur.® local coefficients foEDU ranged from8.09
to 58.92(mean: 4.87)Strong positive correlations (local coefficieni%.95), indicating
equitable access to public beaches with respeaioational attainmentvere observed in
parts of Oaklan@nd Macomltounies Strong negative correlations (local coefficienb1),
indicating equitable access, emerged in parts of @dkllacomb, and Wayrmunties.While
598(51.3%) of the CTs had local coefficients greater than the OLS coeffi&66(46.6%)
hadlower local coefficientsindicating a nosstationary relationship between variables.

Insert Figure 5 about here

Model 1VEHIC (Figure 6. The OLS coefficient for VEHIGQvas-0.101 (p < 0.05),

indicating inequitable access to public beaches with regard to vehicle owr(@ibig 3)

However, Figure 6 and Table 4 show that both positive (n = 480, 41.2%) and negative (n = 684,
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58.7%) correlations occurhé& local coefficients for VEHIC ranged fror89.34 to 58.92
(mean: 19.55)Strong positive correlations (local coefficien8:86), indicating equitable
access to public beaches with respect to vehicle ownership, were observed in parts of Oakland
and Macomixounties. Strong negative correlations (local coefficieritk1), indicating
inequitable access, emerged in parts of Oaklstadomb, and Wayneounties While 630
(54.1%) of the CTs had local coefficients greater than the OLS coefficient, 534 (45.8%) had
lower local coefficientsindicating a nosstationary relationship between variables.
Insert Figure 6 about here

Model 1R? (Figure 7). The global value of Rwas 0379but the local value of R
varied over the study area fron2@o 0.92(mean 0.690). Themajority of the CTs (n = 1,120,
96.2%) had local Rvalues greater than the global value éfRile only 44 (3.7%) had local
R? values lower than the global val(iEable 4) The local model had the best explanatory
power across the study area (in excess d8)) However, the local model hadrydow
explanatory power in parts facomb antVaynecounies(as low as @.0%), indicating that
level of access to public beaches in these areas is not explained adequately by the set of
explanatory variable3 hese findings indicate that the exm#ory power of the local model is
not stationaryi.e.,tha model performance is spatially heterogeneous across the study area.

Insert Figure 7 about here

Model 2POPD (Figure 8.The OLS coefficient for POP¥as0.180 (p < 0.05),
indicating inequitable access to public beaches with regard to population {€abity 3)
However, Figure3 and Table 4 show that both positive (n=771, 66.2%) and negative (n=393,
33.7%) correlations occur. The local coefficients for POPD ranged-ftdtf to 1.4Qmean:

0.14) Strong positive correlations (local coefficient ®4), indicatinginequitableaccess to
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public beaches with respect to population density, were obserpadtgofOaklandand
Macombcounies Strong negative correlations (local coefficiedd.€6), indicating equitable
access, emerged parts of Oakland, Macomb, and Waysminties While 770(66.1%) of the
CT had local coefficients greater than the OLS coefficient, 394 (33.8%phadlocal
coefficients indicating a nosstationary relationship between variables.

Insert Figure8 about here

Model 2AGE64(Figure 9.The OLS coefficient for AGE6¥Was0.084 (p < 0.05),

indicatinginequitable access to public beaches with respect to elderly pop|Edioie 3)
However, Figuré® and Tablet show that both positive (1628 53.9%) andnegative (n§36,
46.0%) correlation®ccur. The local coefficients fohGE64ranged from1.01to 2.85(mean:
0.12) Strong positive correlations (local coefficient ©6), indicating equitable access to
public beaches with regard to elderly populatiware observed iparts of Oaklandounty.
Strong negative correlations (local coefficier0<82), indicating inequitable accessnerged
in parts of Macomb, Oakland, and Waysminties.While 550(67.2%) of theCTs had local
coefficientsgreaterthan the OLS coefficien§14 (52.7%0) hadlower local coefficiens,
indicating a norstationary relationship between variables.

Insert Figured about here

Model ZDU (Figure 10.The OLS coefficient foEDU was-0.257(p < 005),

indicatinginequitableaccess to public beaches with regard to educataitainmen{Table 3)
However, Figuredl0 and Tablet show that both positive (536, 46.0%) and negative (r628
53.9%) correlationoccur. The local coefficients foEDU ranged from3.25to0 2.73(mean:-
0.02) Strong positive correlations (local coefficient.82), indicating equitable access to

public beaches with respect to educati@attainmentwere observed iparts of Macomb and
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Waynecounties.Strong negative correlations (local coefficientls86), indicating inequitable
accessemerged irparts of Macomb and Waymeunties. While 566(48.6%) of theCTs had
local coefficientgreaterthan the OLS coefficien§98(51.3%) hadlowerlocal coefficients
indicating a norstationary relationshipetween variables.
Insert Figurel0 about here
Model R (Figure 11). The global value of Rwas 0.185 but the local value of R
varied over the study area from 0.27 to u@2an:0.70. All CTs (n=1,164, 100.0%) had local
R? valuesgreaterthan the global value. The local model had the best explanatory power in
parts ofWayne Oakland, and Macomimunties(in excess of 8@%), thoughit performedless
well in parts ofOaklandcounty (as low a27.0%)
Insert Figurell about here
Comparison of Spatial Autocorrelations of ResidumsveerOLS and GWR
Given thestatistically significant spatial clustering of high and lesiduals global
Morands | of residuals from each of the OLS and GWiBdels were computed to compared the
degree of spatial autocorrelation between them (TabdtBdugh significant positive spatial
autocorrelatiowasfound forbothOLS mode$ (Morands | statistidModel 1 0.36; Model 2:
0.61] and pvalue[Model 1 p <0.05; Model 2p < 0.03), and both GWR mode[#1orants |
statisticiModel 1: 0.10; Model 2: 0.15nd pvalue[Model 1: p < 0.05; Model 2: p < 0.D5
the global Moraés | statisticdor the two GWR modelaieremuch lower than those for the
OLS models. Tese findings show that GWR models can improve model fit by reducing the
spatial autocorrelation in the residuals.
Insert Table 5 about here

Comparison oModel Performance between OLS and GWR
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Model performance was evaluateddmpmparing the Rand theAlC valuesfor the
OLS andGWR modelsThelowerthe AIC. and highethe R? valuethe bette(Gilbert &
Chakraborty, 2011)f the adjustedR? value of the GWRnodelis higher and the Algvalue is
at least threpointslower than tlat of the OLS, the GWR moded considered to significantly
improveuponits corresponding OLS modétor Model 1the adjusted Rvalue dramatically
increased from @79 (0OLS)to 0693(GWR). AIC. decreased frort1,839.750LS)to
8,679.89GWR). For Model2, the adjusted Rvalue dramatically increased from 0.1E5.S)
to 0.702(GWR). AIC. decreased from 6,300.10LS)to 4,085.73GWR). These findings
indicate that GWR modgprovidesignificantlybetter goodnessf-fit than OLS moded when
assessing the spatdibktributionof access to public beaches in the DMA.

Discussionand Implications

This studyhas demonstrated the utility and feasibility of GWRenmeasuing the
degreeof equity inherent in the distribution of acces®tSs It is one ofthe firstpapers in the
recreatiofparks fieldto employ GWR, thereby making both methodological and practical
contributions to théiterature.As seen in Table 3hetwo GWR modelproducedyreat
improvements in model performance (as meaginy R, AIC., and Morags | statistics of
standardized residuals) over the corresponding OLS mad#isugh the OLFR? values
(Model 1: 0.379; Model 2: 0.18%)ere generally on par with those of previous POS equity
studiegDeng et al., 20084% 0.28]; Maroko et al., 200%Rf: 0.23]; Porter & Tarrant, 200(R?:
0.18]; Tarrant & Cordell, 1999¢: 0.27), those relatively low levels of explanatory power
imply that the OLS models may nlodvebeen propety specified due t¢) modelmis-
specification and/ofii) spatial effectsFirst, there may be some missing determinants of level

of access t&OSsthat could improve model performan&econdlocal variationsnight exist
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in the relationships between level of access and res@ttgaphic and socioeconomic
status that reduce the explanatory power of the global model. Several authors such as Anselin
(1988) and Fotheringham et al. (2002ve showrthat local variations between variables can
reduce the explanatory power of models waeiploying traditional multivariate techniques.
However,as anticipatedhe GWR models in this study provided more desirable statistical
results, including higher Rlower standardized residuals, and lower Atan the OLS
models(Table 3) Thus,this studyprovides strongevidencean support of thesuggestion that
GWR modelsanprovide better goodness-fit than OLS models wheassessing the spatial
distribution of access to POSs such as public beaches in the TiBAstatement is consistent
with previous equity studies of locally unwanted land uses (Gilb&h&rkraborty, 2011,
Mennis& Jordan, 2005) and urban parks (Maroko et al., 200%se findings not only
indicate the need for researchers to realizeiitisy of GWR, but also suggest tdesirability

of additional data collection at the individual level, e.g., via a resident sanapalitative
methodsto identify missing explanatory variables that mighénfurtherimprove model
performancgwhetherusing OLS or GWR)

The GWR models identified spatially varying relationships between level of access to
publ i c beaches aphidand ssgoecdnomict statigghlightmgtigerintricate
patterns of access@ equity that simply cannot be identified using global OLS techniques
(Figures2-11). This finding is consistent with those of Maroko et al. (2069),only other
knownPOS equity study to employ GW#®hich indicated local variations between level of
access to POSs and residents' demographic and socioeconomic status across New York City.
As noted by Fotheringhaet al.(1998),fthere arespatialvariations in peopl tastes or

attitudes or there are different administrative, political, or other contextual issues that produce
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different responses to the same stimuli across sgpckE906).While this studyclearly
demonstrateboth the variations in statistical relatships betweethelevel of public beach
access and residents' demographic and socioeconomic status across the Dikié uslity of
GWR as an exploratoigpatial data techniquthe findingsalsorepresent a starting point for
future quantitative ogualitative investigations into the various social, political, economic, and
historical factors associated witke., that might help explaithe inequities of amss tdPOSs
observed in specific areabhe study suggests that a more detailed analysine of
i nterrel ati ons hchparacteristecsd anattiridesthe éagout ofe@ad netwdrks,
andland useandsettlement patternshould beconductedo understantiow and why
analytical results for variabdaliffer across study area

The GWR modelsalsoprovidedinsight with respect to the sign and magnitude of the
parameter estimate&s shown in Tabl@, OLS Model 1 indicated that equitable access to
public beaches exists with respecthie Black and Asian populations. These findingseve
unexpectedh this study areand are inconsistent with previous studi&bercrombie et al.,
2008; Bryne et al., 2009; Deng et al., 2008; Moore et al., 2Z0dl8n, 198); further analysis
using GWR indicated the influencelotal variations between the variables caused by spatial
dependence and spatial heterogen&pecifically, GWR Model lindicatedequitable access
to public beaches with respect to Black populatioparts of Oakland and Maconabunties,
butinequitableaccess iparts of Macomlzounty (Figure 2) Similarly, thoughequitable
access to public beaches wispect to Asian populationasobserved irparts of Oakland and
Macombcounties,nequitable accesamerged irparts of Wayne&ounty (Figure 3) Ignoring
local variations between variablean lead to biased estimation results (Anselin, 198B%

Model 1 failed to explore important local variations between variables. As a resplositiee
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global coefficients of BLACK (0.190) and ASIAN (0.951ve obtained through a linear
combination of the independent variables without any consideration of spatial effects. However,
the mean GWR coefficients of BLACK1(98) and ASIAN {1.39) forModel lindicated

inequitable access to public beache®ong theBlack and Asiarnpopulations, by exploring

local variations between the variab{@sble 3) These results are consistent wilibse of
previousPOS equitystudies and clearly demonstrate #uglitional insight and detail provided

when usingsWR. Thougmeither method allows for caus@d-effect relationships to be
established, the findings can be considered in the context of smlevant theoried=irst, the
marketbased equity approach (Wicks & Crompton, 1986) suggests that an inequity in goods
andservices distribution occurs if minority groups cannot afford the necessary market price.
The median household income (MHI) of Oakland county ($65,636) is substantially greater than
those of Wayne ($41,504) and Macomb ($53,628); similarly, the mediambowesue (MHV)

of Oakland county ($177,600) exceeds those of Wayne ($97,100) and Macomb ($134,700).
Not only do the residents of Oakland county exhibit higher levels of purchasing power (e.g.,
higher incomes and housing values), but they are able toatgautithasing power to acquire
properties in more attractive areas close to desirable amenities. Authors such as Nicholls and
Crompton (2005a, 2005b, 2007) have demonstrated the premiums associated with properties
adjacent to or nearby a variety of lamdd waterbased recreation opportunities. Also of

relevance is Macintyiis (2000) model ofideprivation amplificatiom which refers to a pattern

of diminished opportunities related to the features of the local environment. As noted by Taylor
et al. (2007p. 55),Adeprivation amplification indicates that in places where people have

limited resources (e.g., money, private transportation), there are fewer safe, open green spaces

where people can walk, jog, or take their children to plagstly, the theory bfimarginalityp
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which identified a variety of socioultural, political, and economic constraints that tend to
influence disadvantaged gro@gsfficulties in gaining access to resources (Park, 1928), may
also be implied. As noted by West (1989, p. fihgcause of lower incomes, minorities are
seen as having constraints on their ability to afford the cost of participation, or of transportation
to recreation sites.

The findings of this study also suggsggnificantmethodological and practical
implicatons for community recreation planning and management. Methodologited|GWR
approach described here constitutesilastantiahdvance over the use of traditional OLS
methods to measure the equityRd . Specifically, the GWRpproach dealt with spatial
effects such as spatial dependence and spatial heterogbaeitgn lead to biased estimation
results, thereby providing more accurate estimation results with better model performance
compared to the traditional OLS approach.

Theapplication oflGWR alsoenablas broadeningf the scope oftheresearch question.
Traditionally, the fundamental goal of equiglated research in the urban service delivery
|l iterature has been | imited t ofenvibemertaldryi ng
territorial justice (Tal en, 1998, p. 22). T
what 0 t o Awho g eowhatexter/laow significandyrliewing alentfication
of neighborhoods witinequitable access fmublic beachespecificto particulardemographic
and socioeconomic variabl€Bable 6lists these locations)Suchresults can guidéhosestate
and local leisure agencigghose missions include concern for the provision of equitable access,
by identifying the people and places most in need of increagklic service delivery. This
informationcanalso assist local advocacy groupgmmunityorganizations, and minority

populations in their attempts to provide or gain equitable access th&%@8 recreation
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opportunitiesBesidesmethodologicatievelopment of an improved approach to the
identification andneasurement of equity, this study atdtersparks and recreation agencees
tool via which they cabetter understand local patternsactess andquity and thus facilitate
the formulation of locally appropriate policy solutions as and where ngegledich findings
may be used by leisure agencies to allocate limited budgetsefficiently by accurately
pinpointingthe mostdisadvantaged or needyeas and populationSiven that the existence of
a natural beach is dependent on the presence of a wdtgrdmnd that the construction of new
water bodies is likely unrealistic, more feasible options in the Detroit case are the installation of
spray parks at existing public park facilities, or the consideration of partnerships with local
transportation proders to facilitate access to existing beacheseover, the results of this
study may facilitate a more informed decision making process because active stakeholder
involvement, an essential part of the participatory approach, can be influenced pdsytively
increased access amd interaction witlinformation especially when it is provided in visual,
e.g., map, fornfYang, Madden, Kim, & Jordan, 20l2nformation regarding spatial patterns
of access to public beaches, resid@désnographic and socioeammic characteristics, and
knowledge of the local variations in relationships among these variables could contribute to a
spatial decision support system through the integration ofiesbd GIS for morepen,
effective andefficient communitybased leisurplanning.Such systems also allow for
improved accountability and openness on the part of public agencies.
Limitations and Future Studies

Despitethe manypromisingaspects of GWRseveral limitations should be

acknowledged. Firstyhen measuring the level of access to public beadhissstudy did not

considerother objective and subjective factors, suchwareness of the location of POSs, POS
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size, environmental qualitgndperceived or actudévels ofcrowdingand safetyall of which
canimpactr e s i deer@atiosdéstination choicelo provide more comprehensive
assessments of overall accessibilititufe studies should incorporatee or more of these
variablesnto their analyss Secondfindings are limited to a 8gle POS typeand geographic
location(public beaches in the DMAand are likely nogeneraliable Additional studes of
other geographic regions aR@Stypesshould be conducted furtherdemonstrate the utility
and applicability olGWR, and to provideiseful access/equity data to the POS providers in
those communitied hird, this study does not consider the modifiable areal unit problem, a
statistical bias that can radically affect the results of statistical tests due to the choiaecof dist
boundariesl(ongley et al., 2006 Future studies should identify teensitivityof multiple
scales when measuring the accessibility and equity of public beaelsdy, while the GWR
models do better capture spatial autocorrelation patterns in trseddtartheir OLS
counterparts, they dwot control for all of it, as shown in TableBetter dagnostictools and
remedial methods to address this limitatéwastill required and should be integrated into
future investigationsalternatively, the impas of using different weighting systems could be

explored
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* Count: 1,164
* Minimum: -126.39
* Maximum: 67.72
* Mean: -1.98

* Median: -0.32
*SD:16.84

Local Coefficients

[ ]-126.40--63.93
0 5 10 Miles l:l -63.92 - -24.56
— I -24.55--4.33
B -4.32-6.81
B 652-25.21
B >522-67.73

Figure2. Spatial distribution of local parameter estimate for proportion (%) of Black

County Boundary

Census Tract Boundary (n=1,164)

population by census tract, DMA (Model 1)
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2 e il * Count: 1,164
* Minimum: -21.79
* Maximum: 27.46

FW . * Mean: -1.39
: * Median: -0.16
*SD:5.97
W<¢>E , Local Coefficients
4 | -21.79--10.41

0 5 10 Miles I:I -10.40--2.77
T [ -2.76 - 0.00
B 001-726
B 727 - 1461

Census Tract Boundary (n=1,164) - 14.62 - 27 .47

County Boundary

Figure3. Spatial distribution of local parameter estimate for proportion (%) of Asian
population by census tract, DMA (Model 1)
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* Count: 1,164

* Minimum: -18.55
* Maximum: 26.81
* Mean: -1.36

* Median: -0.23
*SD:5.24

County Boundary

Census Tract Boundary (n=1,164)

Local Coefficients

| |-1855--10.15
| |-1014- 486
| ] 485-000
B 0o01-2.10
B 2i1-1086
Bl 08726381

Figure4. Spatial distribution of local parameter estimate for population per square mile by

census tract, DMA (Model 1)
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Macomb

* Count: 1,164
* Minimum: -8.09
* Maximum: 58.92

* Mean: 4.87
* Median: 1.33
*SD:5.54
N
w<¢>}: Local Coefficients
4 . ]-8.09--1.34

0 5 10 Miles I: -1.33-0.00
— T 001-978
B 2.79-10.29
B 19.30-36.46

Census Tract Boundary (n=1,164) - 36.47 - 58.93

County Boundary

Figure5. Spatial distribution of local parameter estimate for population with ayear
university degree or higher by census tract, DMA (Model 1)
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Figure 7 Spatial distribution of local by census tract, DMAModel 1)
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