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Abstract

Obesity is a growing epidemic in the United States. Walkable neighborhoods, characterized as

having the 3Ds of walkability (population Density, land use Diversity, and pedestrian-friendly

Design), have been identified as a potentially promising factor to prevent obesity for their

residents. Past studies examining the relationship between obesity and walkability vary in

geographic scales of neighborhood definitions and methods of measuring the 3Ds. To better

understand potential influences of these sometimes arbitrary choices, we test how four types of

alternative measures of land use diversity measured at three geographic scales relate to body mass

index for 4960 Salt Lake County adults. Generalized estimation equation models demonstrate that

optimal diversity measures differed by gender and geographic scale and that integrating

walkability measures at different scales improved the overall performance of models.

Keywords

walkability; obesity; land use diversity; geographic scales of neighborhoods

Introduction

The obesity epidemic is firmly entrenched in the United States (Mokdad et al. 1999; Blanck

et al. 2006; Ogden et al. 2006), with 35% of adults considered obese (Hedley et al. 2004;

Flegal et al. 2010). The rapid rise in obesity points to contextual causes and has prompted a

search for environmental factors that encourage physical activity and prevent obesity (Hill

and Peters 1998). Neighborhood walkability, the physical environmental supports for

walking, has been identified as an especially promising research direction for better

understanding the rise of obesity in the United States. Walking is relatively safe, easy, and

affordable. Individuals report that walking, especially in their neighborhoods, is their most

preferred physical activity (Giles-Corti and Donovan 2002; Fisher et al. 2004; Lee and

Moudon 2004; Booth et al. 1997). A recent extensive review concludes that walkable

Corresponding author: Ikuho Yamada (ikuho.yamada@geog.utah.edu), 260 S. Central Campus Drive, Rm 270, University of Utah,
Salt Lake City, UT 84112-0080, Phone: 801-585-3177.

NIH Public Access
Author Manuscript
Prof Geogr. Author manuscript; available in PMC 2013 April 03.

Published in final edited form as:

Prof Geogr. 2012 ; 64(2): 157–177. doi:10.1080/00330124.2011.583592.

N
IH

-P
A

 A
u
th

o
r M

a
n
u
s
c
rip

t
N

IH
-P

A
 A

u
th

o
r M

a
n
u
s
c
rip

t
N

IH
-P

A
 A

u
th

o
r M

a
n
u
s
c
rip

t



environments, indeed, promote more walking (Saelens and Handy 2008). A less extensive

and consistent (Frank et al. 2007) but growing body of research also relates walkable

environments to healthier weights (Ewing et al. 2003; Inagami et al. 2006; Laraia et al.

2007; Frank et al. 2008; Smith et al. 2008). However, fundamental questions remain

concerning the relationships between human health and walkability and the role of the

neighborhood built environment in general. Specifically, what aspects of neighborhood

environments should be measured, with what operational definitions, and at what geographic

scale? (O'Campo 2003; Forsyth et al. 2006; Hanson 2006; Messer 2007)

Neighborhood walkability is often conceptualized by the 3Ds: population Density,

pedestrian-friendly Design, and land use Diversity (Cervero and Kockelman 1997). Density

provides a critical mass of people; pedestrian friendly street design allows convenient and

fairly direct routes; and diversity creates multiple attractive destinations for pedestrians.

Density is often measured by density of population, housing units, or jobs; pedestrian-

friendly design is often measured by street intersection density or sidewalk availability.

Diversity, also referred to as mixed land use, is operationalized in a variety of ways (Song

and Rodriguez 2005; Brown et al. 2009), with little consensus on the best measures.

Similarly, researchers adopt a range of geographic scales when defining the extent of the

neighborhood. Their choices are often based upon data availability and quantitative

considerations rather than theoretical motivations (Messer 2007).

The objective of this study is to enhance this emerging literature by providing empirical

guidance on the issues of neighborhood scales and measures of built environment by

examining the relationship between body mass index (BMI, defined as weight[kg]/

height[m]2) and four types of mixed land use measures obtained at three geographic scales

that define neighborhoods (1 kilometer street-network buffer, census block group, census

tract). Our focus on land use diversity among the 3Ds is based upon its multifarious

operationalizations mentioned above. We build on prior work by Brown and colleagues

(2009), one of few studies that conduct comparisons across different types of mixed use

measures. We extend this earlier work by examining a broader range of mixed use measures

and three levels of geographic scales, as well as by exploring the utility of integrating

multiple scales into a single model. BMI data for this analysis comprise 4,960 licensed

drivers in Salt Lake County, Utah. Individual-level BMIs and neighborhood walkability

measures are related via generalized estimating equations described in a later section.

Definitions of Neighborhood Scale

Choosing a geographic unit of analysis is a long-standing challenge in any spatial research

because spatial data and analytical results depend upon the data aggregation unit or scale, an

issue known as the modifiable areal unit problem (MAUP) (Openshaw 1984). Health

research is no exception. Although research about neighborhood effects on health is

proliferating, the appropriate geographic scale for measuring neighborhoods is still an open

question (Hanson 2006; Gauvin et al. 2007; Messer 2007; Weiss et al. 2007; Brownson et al.

2009).

When walking is the health behavior of interest, the neighborhood should reflect the

distance that people can walk to and from home. Two approaches are often used to define

neighborhoods when measuring walkability. The first and more common is to rely on

predefined administrative or census boundaries, with census tracts and block groups being

frequent choices in the United States (Krieger et al. 2003; King et al. 2005; Frank et al.

2006; Inagami et al. 2006; Rundle et al. 2007; Smith et al. 2008; Zick et al. 2009). However,

census boundaries may not necessarily reflect residents’ walking range within their
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neighborhoods. In addition, walkability measures constructed for these boundaries might

mask considerable heterogeneity within each unit.

The second approach is to create a buffer with a specific distance around individuals’ home

locations. A buffer can be a circle based on the straight-line distance or a polygon created

along a given street network based on the shortest-path distance (Frank et al. 2005; Cohen et

al. 2006; Norman et al. 2006; Berke et al. 2007; Guo and Bhat 2007; Moudon et al. 2007;

Oliver, Schuurman, and Hall 2007). The street-network buffer is conceptually more

appealing than the straight-line buffer because the former reflects walking routes imposed

by existing streets, although one study found both types of buffers performed similarly in

predicting walking (Moudon et al. 2007).

Buffer approaches have the advantage of delineating more individualized neighborhoods

although GIS computations can be prohibitive for large datasets. A challenge when using

buffers is the choice of the buffer distance—another MAUP concern. The buffer distances

used in previous studies vary from 0.1 km (Berke et al. 2007) to 1.6 km (Norman et al.

2006; Forsyth et al. 2008). Several studies cite empirical research to help guide them in

defining the limits of a typical walkable distance, but these also vary substantially from 0.8

km (Tilt, Unfried, and Roca 2007) to 1km (Moudon et al. 2007) to 1.5 km (King et al.

2005). Acceptable walking distances have been found to vary by individual factors (e.g., age

and health status), environmental factors (e.g., route directness and topography), and

destination types and attractiveness (e.g., grocery stores vs. transit stations) (Moudon et al.

2006; Canepa 2007). Morency et al. (2009) also demonstrate that individuals’ mobility may

vary considerably depending on their demographic characteristics and locational settings.

These findings illustrate potential complications in the determination of appropriate buffer

distances. They might also imply the need for differential buffer distances across individuals

or locations, but we leave this issue for future research.

Here we compare alternative measures of neighborhood walkability constructed for three

geographic scales: census tract, block group, and 1km street-network buffer in relation to

their association with individual-level BMI. The 1km buffer is chosen because of its proven

usefulness in past research and its compatibility with the mixed use measures to be

employed. We also explore the possibility that a combination of predictors at different

geographic scales might provide a superior ability to predict BMI than predictors at one

level of scale, given that appropriate neighborhood definitions may vary across different

variables (Galster 2001; O'Campo 2003).

Measures of Mixed Land Use

The literature examining mixed land use and walkability presents somewhat conflicting

findings. One comprehensive review by Saelens and Handy (2008) confirms that mixed land

use supports physical activity by providing a range of destinations within walking distance,

such as transit stations and grocery stores. This review also confirms that measures of mixed

use and distances from home to destinations provide overlapping alternatives for capturing

land use characteristics that invite neighborhood walking, especially walking for

transportation purposes (Saelens and Handy 2008). However, a recent study that examines

44 alternative walkability measures finds that only the measure of “social land use” (e.g.,

churches, parks) predicts more walking for transportation (Forsyth et al. 2008). In light of

these conflicting results, comparative studies of alternative measures are needed. This study

investigates four general types of mixed use measures: statistical summaries of mixed use,

areas of walkable land uses, distances to specific destinations, and proxy measures.
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Statistical summary indices

A common summary statistic of mixed land use is an entropy score that measures the extent

to which land use categories are equally distributed in an area (Frank et al. 2005). This

measure is often found to be positively associated with more physical activity and healthier

weights (Frank, Andresen, and Schmid 2004; Mobley et al. 2006; Rundle et al. 2007; Li et

al. 2008). The entropy score varies from 0 to 1, where 0 indicates maximally homogeneous

land use and 1 indicates maximally heterogeneous or mixed use. Adapted originally from

Shannon’s information theory index (Shannon and Weaver 1949), the entropy score is

widely used across disciplines to index the evenness of spread across different categories

(Krebs 1989). It has been applied to measure such things as biodiversity (Ravera 2001) and

land use mix (Kockelman 1997; Forsyth 2005). Based on findings of Brown et al. (2009),

this study adopts an entropy score using six land use categories developed by Frank et al.

(2006) shown in Table 1.

Alternative summary indices might prove better choices than the entropy score, which has

several limitations (see extended discussion in Brown et al. 2009). For example, Table 1

shows how Neighborhood A, equally divided across two land uses, and Neighborhood B,

equally divided across six land uses, have the same maximum entropy score, despite the fact

that Neighborhood B is more diverse. We thus consider two alternative diversity indices

used in other fields that can mitigate this limitation of the entropy scores. Shannon’s index

(Shannon and Weaver 1949) indicates greater diversity with a variety in uses even if some

are rare; Simpson’s index (1949) indicates greater diversity with evenness of dominant uses

(Nagendra 2002). Unlike the entropy score, these two indices show higher diversity when

greater numbers of land use categories are present, as shown in their computations for

Neighborhood B in Table 1. All three proposed statistical summaries are subject to other

limitations, however. Specifically, they do not distinguish among qualitative differences nor

do they reflect differences in spatial distributions. For example, a fine-grained distribution of

many small stores is equivalent to the same area of a big box store, although the former may

be more likely to induce residents to walk more.

Walkable land areas

Some studies examine neighborhood land areas or proportions that are considered to be

walkable, but without integrating them into statistical summaries (Forsyth et al. 2008;

Brown et al. 2009). For example, more public open space (Giles-Corti et al. 2005) and social

land uses (Forsyth et al. 2008) relate to walking for leisure and transportation, respectively.

Brown et al. (2009) demonstrate that the six land use categories from the Neighborhood B

example above relate to BMI better than the corresponding entropy score. In particular, they

find that females have lower BMIs when living in a neighborhood with more entertainment

and office space and males have lower BMIs when living in a neighborhood with more

multi-family residential space (Brown et al. 2009). Such area measures reflect the extent of

potentially walkable land uses, but, like entropy measures, they cannot assess whether

walkable lands are accessible, well-distributed, or attractive to pedestrians.

Destination-oriented measures

These measures assess the presence, density, or proximity of walkable destinations within a

neighborhood. For example, living close to grocery stores, restaurants, and other retail stores

relates to more neighborhood walking (Moudon et al. 2007), and living close to employment

establishments is associated with lower weight (Lopez 2007). Although easy to

conceptualize and compute, the number of destinations studied varies widely, from a single

destination such as parks (Cohen et al. 2007) to over 20 destinations (Moudon et al. 2007;

Forsyth et al. 2008). Destinations also vary in specificity (e.g., retail vs. drug store), and the

geographic clustering of destinations may or may not be considered in some of the measures
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used. All of these qualities make it difficult to compare studies and isolate any consistent

results.

In this study, we examine whether weight relates to proximity to light rail stations, grocery

stores, and the central business district (CBD). Light rail stations are chosen because transit

use (Wener and Evans 2007) and residential proximity to transit stations (McCormack,

Giles-Corti, and Bulsara 2008) are associated with more walking and lower BMI (Rundle et

al. 2007; Brown and Werner 2009). Another analysis (Brown et al. 2009) also finds that a

resident’s BMI is inversely associated with proximity to light rail stations, but not to bus

stops or parks.

We examine distance to the CBD because proximity to light rail stations in Salt Lake

County relates to proximity to the CBD (see Figure 1). In addition, CBD residents generally

walk more (Chen and McKnight 2007; Ewing and Cervero 2001), because CBD’s offer

more conducive walking environments, resident preferences, and/or difficulties with traffic

congestion and parking. Adding “distance to the CBD” to the analysis allows us to

determine whether light rail and CBD proximity have distinct effects.

Grocery stores can support walking and healthy eating. One study finds parks and grocery

stores are the most frequent walking destinations among 15 surveyed options (Tilt, Unfried,

and Roca 2007). Proximity to grocery stores is associated with more walking (Moudon et al.

2007) and healthier BMI (Inagami et al. 2006), although other studies find no relationship

(Forsyth et al. 2008; McCormack, Giles-Corti, and Bulsara 2008). These inconsistencies

may be due to grocery store variations in price, food selection, and/or quality. We focus on

large grocery stores that typically offer lower prices (Kaufman et al. 1997; Kaufman 1999)

and healthier foods than smaller ones (Sallis, Nader, and Atkins 1986; Jetter and Cassady

2006).

Proxy scores

We consider two census proxy measures of mixed land use: housing age (i.e., median year

when housing structures were built) and proportion of residents who walk to work (U.S.

Census Bureau 2000). Neighborhoods with older housing often have more mixed uses as

well as a variety of other walkability features including well-connected streets, sidewalks,

pedestrian-oriented buildings (Handy 1996a; Handy 1996b), trees, and narrower streets

(Southworth and Owens 1993). Similarly, the proportion of residents who walk to work is

hypothesized to indicate, at a minimum, the coexistence of residential and employment land

uses within walking distance. Few residents walk to work (about 2–3% on average) in Salt

Lake County or nationally, so it is unlikely that an analysis of countywide BMIs would be

substantially affected by those who walk to work (and presumably have lower BMIs as a

result). Neighborhoods with more residents who walk to work will generally have a wider

range and number of walkable destinations and more accessible pedestrian pathways (Craig

et al. 2002). Both proxies consistently relate to lower BMIs in prior studies (Smith et al.

2008; Brown et al. 2009; Zick et al. 2009), although these studies use only one geographic

scale for each proxy unlike the present study.

Although comparisons across types of mixed use measures are rare, Brown and colleagues

(2009) compare entropy scores, land areas, destination-oriented measures, and census proxy

variables for relationships to weight outcomes. They find that the entropy score with six land

use categories adopted from Frank et al. (2006) improves prediction of BMI, but the six

categories entered separately improve prediction even more. Proximity to light rail stations

and the proxy variables also relate to lower BMI. The present study builds on this work by

examining predictors across the three levels of geographic scale and exploring the utility of

combining multiple geographic scales in one model. In addition, mixed use measures are
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expanded to include Shannon’s and Simpson’s statistical indices, as well as distances to

grocery stores and the CBD.

Data and Methods

Sampling and BMI data

Individual-level BMI information is derived from a driver license database that contains all

453,927 license holders in Salt Lake County, Utah, in 2005. This study uses a random subset

of 4,960 individuals. Twenty individuals are randomly sampled from 248 census block

groups that are also randomly sampled from 549 census block groups in the county (Figure

1); note that 18 relatively unpopulated (with < 150 driver license records) or sparsely

populated fringe block groups have been excluded. Young adults (<25 years old) who may

not have established their own residence and elderly adults (≥65) whose BMI has more

complex associations with health are excluded. Given our interests in problems of higher

BMIs compared to healthy BMIs, we also exclude the very small fraction of individuals who

are underweight (BMI < 18.5) because they may have underlying health conditions that

affect their BMI and its relationship to the built environment differently in comparison with

obese individuals. Preliminary analyses confirm that the sample does not differ significantly

from the countywide database with respect to gender-specific ages and BMIs (analyses

available from the authors upon request). BMIs are calculated from self-reported weight and

height taken from Utah driver licenses. The driver license data are obtained from the Utah

Population Database (UPDB), a health-related research database that includes records from

the Driver License Division of the Utah Department of Public Safety. To protect

confidentiality of driver license holders, all personal information from the Driver License

Division was removed before the data were provided to the investigators on this research

project. This project has been approved by the University of Utah Institutional Review

Board (IRB) and the Utah Resource for Genetic and Epidemiologic Research. As part of this

process, the UPDB staff retained identifying address information, linked driver license data

(height, weight, gender, and age) to census-block groups via Universal Transverse Mercator

(UTM) coordinates, and then provided the researchers with a data set without individual

addresses.

Measures of walkability

The DIGIT Lab at the University of Utah provides the street centerline data and parcel-level

land use data obtained from Salt Lake County Assessor’s Office. Utah Transportation

Authority provides data on the county’s light rail transit system. Dun and Bradstreet

business data are used to identify large grocery stores (annual sales volume ≥ $1 million).

Finally, the socio-demographic measures are obtained from the 2000 U.S. Census (U.S.

Census Bureau 2000).

The census block group, tract, and 1km buffer are used to compose all measures of mixed

land use, except for the destination-oriented distances. The street network buffers are created

around individuals’ residences using the street centerline data. For census-based measures

(i.e., population density, median year structure built, and percentage of residents who walk

to work), a value for each buffer is computed as a weighted average of the values for block

groups that overlap with the buffer, where the weight for a block group is proportional to its

overlapping area. For mixed use measures based on land use categories, the parcel-level land

use data are intersected with boundaries of the three geographic units to identify the areas of

the six land uses within each unit. The street intersection density measure is based on the

street centerline data and excludes intersections involving interstate highways and

intersections of less than three streets.
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Figure 1 shows our three destination-oriented measures of mixed use: distance to the closest

light rail station (abbreviated as LR), distance to the CBD, and distance to the closest large

grocery store. All distances measure the shortest path along street centerlines. The distance

to the CBD is measured as the shortest distance from a residence to any intersection within

and on the boundary of the CBD as defined by Wood (2005).

Statistical methods

We use generalized estimating equations (GEE) to examine the association between

individuals’ BMIs and walkability features in their neighborhoods. GEE is an extension of

generalized linear models with the quasi-likelihood approach and is designed to analyze

longitudinal and other correlated data (Liang and Zeger 1986; Zeger and Liang 1986;

Hanley et al. 2003). BMI values for individuals selected from the same block group are

correlated with one another according to estimates from a preliminary analysis (p < .001).

Consequently, our data violates the assumption of uncorrelated error terms when using the

ordinary least squares regression, necessitating the use of GEE models.

The literature indicates that neighborhood socio-demographic status relates to residents’

health including obesity independently of their own socio-demographic status (Krieger and

Gordon 1999; Yen and Syme 1999; Robert and Reither 2004; Janssen et al. 2006; Zick et al.

2009; Smith et al. 2008). Some studies also suggest that census-based aggregate measures

may be used as valid proxies for individual-level socio-demographic status especially at

smaller geographic scales (Krieger 1991, 1992; Soobader et al. 2001). We thus control for

individual age and six neighborhood socio-demographic variables (neighborhood income,

median age of neighborhood residents, and proportions of African American, Hawaiian/

Pacific Islander, Hispanic, and Asian). Because the potential impact of neighborhood socio-

demographic status is not necessarily limited to the walkable proximity of individuals’

home, the block group scale is chosen to measure the six neighborhood variables.

We use models that include only the seven control variables as a baseline (called Level-0

model) and evaluate the goodness-of-fit of other models relative to the baseline. We first

create models for the three geographic scales separately and examine the utility of each.

Then we combine measures of mixed use at each scale to test whether the overall model fit

is improved by selecting appropriate neighborhood scales differently for each of mixed use

measures.

Results

Table 2 presents descriptive statistics for all of the variables. The street intersection density

for the street-network buffer scale is over 15% higher than for the block group and census

tract scales because the network buffers are more compact and concentrated along the

streets. In terms of mixed land use measures, the block group and buffer scales tend to be

more similar than the census tract scale. This likely reflects the size difference of the three

geographic scales; the average size of census tracts, block groups, and 1km buffers are 3.34

km2 (Standard deviation (SD) = 2.88), 1.21 km2 (SD = 1.73), and 1.28 km2 (SD =0.39),

respectively. Such large differences across geographic scales underscore the possibility that

choices of scale may be important for BMI prediction. Table 3 shows partial correlations

between walkability measures and BMI, controlling for the seven socio-demographic

variables. Most correlations are modest, but the distance to LR, the distance to the CBD, and

the two census proxies all have significant associations with BMI in the expected directions,

consistently across gender and geographic scales. Evidence for variability is present as well,

with variables significant for 12 of 39 gender comparisons in varying degrees; additionally,

7 of 13 variables are significant at one geographic scale but not at other scales.
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Table 4 summarizes goodness-of-fit statistics for models with various combinations of built

environment variables at the three geographic scales. Model fit is measured by “corrected

quasi-likelihood under the independence model criterion” (QICC), which penalizes

goodness-of-fit measures for model complexity. Lower values of QICC indicate better

fitting models.

Population density and pedestrian-friendly design

Level-1 models add population density and street intersection density to the baseline Level-0

models, resulting in large improvements in QICC at every geographic scale. Increased

population density is significantly associated with lower BMI, except among females at the

block group scale. Higher intersection density is unexpectedly associated with higher male

BMI. Subsequent models also show positive associations (for both genders but more

consistently for males), suggesting intersection density is a poor walkability measure in this

sample when using BMI as the health outcome. All subsequent models add one or more

measures of mixed land use to the Level-1 model.

Land use diversity

Among the three summary indices of mixed use that are based on areas of the six land use

categories listed in Table 1, Simpson’s index is preferable because it yields superior QICCs

in three of six gender-scale combinations and it never has the worst QICC (see Levels 2a–2c

in Table 4). Increased diversity measured by any summary index is always associated with

lower BMI although the association is not necessarily significant. However, in all six

gender-scale combinations summary indices do not perform as well as the six land use

categories added separately (Level-2d, QICC improvements of 11 to 271 points). This

finding, which is consistent with those reported by Brown et al. (2009), may be an indication

that what matters to neighborhood walkability is the presence of walkable land uses rather

than their level of mixture.

Destination-oriented measures of mixed use yield varied results (Levels 3a–3d). The

distance to LR considerably improves model fit for all gender-scale combinations, especially

among females (Level-3a). The LR variable is also significant with increased distance

associated with higher BMI. Adding the distance to the CBD to Level-3a models further

improves model fit and the variable is significant for all gender-scale combinations. The

significance of the distance to LR disappears for male models, however, perhaps reflecting

moderate but significant correlations between the two variables (0.486 for males and 0.475

for females). The result implies that the proximity to the CBD offers some benefit to both

males and females in terms of their weight status, but the proximity to LR is beneficial only

for females. The distance to the closest large grocery store, on the other hand, leads to much

smaller model improvements (Table 4, Level-3c and -3d).

Both census proxy variables (Level-4a and -4b) yield large QICC improvements, with a

higher percentage of residents who walk to work and older neighborhood housing (i.e.,

earlier “median year built”) both significantly associated with lower BMI. Older housing is

especially powerful and consistent across all gender-scale combinations.

Comparisons of models of Levels 2–4 reveal several interesting patterns. First, the six land

use categories included separately (Level-2d) perform best among the four area-based

measures of mixed use, but their QICC improvements are much smaller than those achieved

by the combination of distances to LR and the CBD (Level-3b) and the “median year built”

variable (Level-4b). The “walk to work” variable also outperforms the six categories for

some gender-scale combinations. Second, the combination of distances to LR and the CBD

consistently performs best for females, while the “median year built” variable consistently
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performs best for males. Third, models at the 1km buffer scale generally achieve the best

QICC, except among females, where distances to LR and the CBD perform best when other

variables (i.e., Level-0 population and intersection densities) are aggregated to the census

tract scale.

Combination of multiple mixed use measures

Using multiple area-based measures in a single model makes little sense because of their

similarity in the conceptualization of mixed use. Other measures, however, may be

combined together to achieve a better understanding of neighborhood characteristics that

relate to individual BMI. Perhaps measures such as housing age and proximities to LR and

the CBD indicate not only mixed use but also other walkable features of neighborhoods, for

example, green space and sidewalks. Therefore, the following analyses examine whether

models can be improved by combining multiple mixed use measures.

Level-5 models combine the best single mixed use measures from above (Level-3b distances

to LR and the CBD and Level-4b housing age) and yield QICC improvements from 25 to

375 points compared to the original two models. As in the original models, the “median year

built” variable is significant in all gender-scale combinations and the distance to LR is

significant only for females. The significance of the distance to the CBD disappears, which

likely reflects its relatively high correlation with the “median year built” variable (partial r’s
are about 0.6–0.7). Interestingly, the block group scale provides the best model fit for

females, which rarely happened in earlier models.

Level-6 models add the six land use categories, the “walk to work” variable, or both, to

Level-5 models. Noticeable improvements in QICC are attained by the six land use

categories (Level-6a) in most gender-scale combinations, whereas improvements by the

“walk to work” variable is marginal except for females at the census tract and buffer scales

(Level-6b). Adding both variables simultaneously (Level-6c) barely improves the model fit

in comparison with Level-6a models, with an exception of the female model at the buffer

scale. The “walk to work” variable is insignificant in most cases, although several of the six

land uses are significant in both Level-6a and -6c models for some gender-scale

combinations. Overall, the best model fit is achieved by Level-6a model for males (i.e.,

distances to LR and the CBD + housing age + six land use areas) and Level-6c model for

females (i.e. male model above + proportion walk to work) both at the buffer scale.

Finally, in order to examine the potential benefit of choosing geographic scales for

individual built environment measures rather than choosing one for the entire model, we

modify Level-6a model for males and Level-6c model for females to include measures at

geographic scales that give the strongest partial correlations in Table 3. For the six land use

categories, the buffer scale is chosen since it led to the largest QICC improvements in

Level-2d, -6a, and -6c models. The resulting QICC values improve upon the previously best

models in Table 4 for both genders. Table 5 presents details of these best-fit models. For

males, lower BMIs are associated with lower intersection density at the census tract level

(p=0.006), older housing at the block group level (p=.001), and more multifamily residential

use at the buffer level (p=0.027). Lower BMIs of females are associated with closer light rail

stations (p=0.009) and more entertainment use at the buffer level (p=0.021). These

significant associations are in the hypothesized directions, except for the intersection density

for males.

Summary and Discussions

Despite the growing literature on walkability and health, few guidelines exist for researchers

to decide upon proper geographic scales and walkability measures, especially mixed land
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use measures. In this paper, we examine three geographic scales and four types of mixed

land use measures in relationship to BMI. Analyses indicate that the use of the street

network buffer generally results in relatively better fitting models.

The advantage of buffer measures is not necessarily consistent across genders or measures

of the built environment, however. Further, the best fitting models demonstrate that the

performance of models could be improved by choosing an appropriate geographic scale for

each measure of the built environment instead of choosing one scale for all variables. We

recognize that our results may not generalize to all geographic circumstances. We chose the

best scale simply by relying on partial correlations and we limit testing to three levels of

geographic scale. This analysis nonetheless illustrates a potential pitfall when any fixed

neighborhood definition is used to measure all built environmental features.

Almost all of the alternative measures of mixed use examined in this study are useful in

predicting individual BMI. The census proxy of the median housing age and the distance to

the closest light rail station are particularly promising, followed by the six land use

categories included separately. None of the three statistical summary indices depicted in

Table 1 outperform the six land use categories included separately. In addition, some

combinations of the alternative measures demonstrate further improvement in model fit.

Together, these findings suggest that no single measure of mixed use will likely fully

capture how land use relates to neighborhood BMIs; mixed use is complex and merits

complex and multiple measures.

The variable measuring proximity to large grocery stores is notable for its failure to improve

model fit. This might happen because common shopping patterns of Americans require

motorized transportation to carry multiple, heavy bags. Motorized transportation also allows

them to choose stores not in the proximity of their residence. Additionally, grocery stores

provide not only healthy food but also less nutritious food and they may be located near

unhealthy food outlets such as fast food restaurants. Weight status is determined by physical

activity and eating behavior, thus food environments that relate to both components may

have more complex associations with BMI than what could be measured by the proximity to

grocery stores alone. Another unexpected, notable finding in this study is that mixed use

measures at the census tract scale generally resulted in better model fit than those at the

block group scale. This is counterintuitive as the smaller block group scale more closely

approximates walkable distances. These unexpected findings might result from the fact that

walkability in this study is solely restricted to residential neighborhood. Although this is a

widely adopted approach in studies concerned with neighborhood effects on human health,

individuals travel to many areas for work and shopping, including those outside their

residential neighborhoods. Consequently, walkability measures that take into consideration

human spatial behaviors such as space-time accessibility developed in time geography

(Kwan 1998; Miller 1999) might be justified to better capture the built environmental

features that are relevant to individuals’ health.

Results also demonstrate gender differences in the association between individual BMI and

built environment measures as well as in the preferred geographic scales of analysis for

several measures. Consistent with prior research (Rundle et al. 2007; Brown and Werner

2009; Brown et al. 2009), proximity to light rail stations relates to lower female BMI,

regardless of the proximity to the CBD. In contrast, proximity to LR relates to lower male

BMI only when proximity to the CBD is not controlled. This may reflect gender differences

in transit use (Crane 2007; Pucher and Renne 2003) and/or private vehicle ownership. In

addition, different subsets of the six land use categories show significant associations with

male and female BMIs. These results suggest the importance of examining how walkability

features are used and perceived differently by men and women.
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To the best of our knowledge, self-reported weight and height information on driver license

has rarely been used in obesity research. An advantage of driver license data is its extensive

coverage of the adult population. The original UPDB driver license data includes almost

90% of Salt Lake County residents between the ages of 25 and 64, which enhances the

external validity of the study’s finding.

A possible disadvantage of using driver license data is that they may exclude the most

economically disadvantaged individuals who may also have a higher obesity risk. The use of

driver license data also imposes potential limitations of self-reported weight and a time lag

between the physical environment and weight measures. Past studies find a tendency for

individuals to under-report weight and over-report height (Nawaz et al. 2001; Gorber et al.

2007). Nevertheless, self-reported weights, such as those in the Behavioral Risk Factor

Surveillance System (BRFSS) and the National Health and Nutrition Examination Survey

(NHANES), have proved valuable for monitoring obesity trends in the United States

(Centers for Disease Control and Prevention 2007; Ezzati et al. 2006).

Individuals’ records in the data correspond to their most recent renewal; in Utah, renewals

are required every five years or after address changes, name changes, or loss of license. The

data therefore represent the most recent height and weight data from 1995 through 2005,

while census and other built environment measures are from different years. In addition, for

individuals who changed their residences during this time period, reported BMI measures

may not correspond to the built environment of their current residences; we are currently

investigating this issue of residential change. Given these potential limitations and the fact

that adults 25–64 typically gain weight over time (U.S. Department of Agriculture 2005),

BMI measures in this study are likely to underestimate true BMIs and thus our findings

should be viewed as conservative.

There are additional research questions that are beyond the scope of this study. First, the

buffer distance of 1km is chosen primarily for compatibility with prior studies; we do not

test for optimal buffer distances. Studies that examine multiple buffer distances find

differences across distances in terms of the magnitude of associations (Berke et al. 2007)

and the associated built environment features (McCormack, Giles-Corti, and Bulsara 2008).

This implies that optimal distances likely vary for different measures of built environment.

Consequently, it is essential to develop theoretical as well as empirical bases to decide upon

appropriate buffer distances. Second, the six land use categories used in this study are from

Frank et al. (2006). They may be classified differently in other municipalities or data sets,

which may hamper comparative studies. Third, data were not available that would allow us

to control for additional individual-level covariates (e.g., income) and behaviors (e.g.,

walking). Some studies suggest that women are more likely to use public transit than men

(Crane 2007; Pucher and Renne 2003), which may explain the gender differences we

observed in proximity to LR. However, future research is needed to fully understand the

sources of these differences. Fourth, these results are cross sectional and do not consider

residential self-selection. Most past studies that relate walkability to physical activity or

obesity risk do not explicitly investigate this issue. If more physically active individuals self-

select into more walkable neighborhoods, this could introduce a bias into the estimated

relationships. Thus, care must be taken so as not to interpret our estimated relationships as

causal.

Three variables used in the current study merit special attention in future research. The

census proxy measures—median year structure built and the percentage of residents walking

to work—are useful measures, given their ease of collection and consistent relations with

BMI (Smith et al. 2008; Brown et al. 2009; Zick et al. 2009). However, the question of

exactly how these variables affect walkability and BMI deserves further attention. If our
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findings are replicated elsewhere, census proxy variables might enable researchers and

policy makers to identify potential hot spots of obesity risk without requiring detailed land

use information. Similarly, the observed health benefit of the proximity to transit stations

merits wider study, including investigations of effects that are direct (walking to rail

stations) and indirect (walking to other destinations clustered around rail stations). Light rail

offers societal benefits of less pollution and oil dependence; if light rail consistently relates

to lower BMI, then the health benefits of light rail deserve broader consideration from policy

makers and researchers.
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Figure 1.
Study area – Salt Lake County, Utah
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Table 1

Statistical summary indices of mixed land use

Frank’s entropy score Shannon’s index Simpson’s index

Formulae

Value range (Low to high
heterogeneity)

0 – 1 0 – positive infinity 1 – 1/6 (or more generally, 1/K); lower
numbers are more diverse

Neighborhood A (1/2 each land
uses 1 & 3)

1.00 0.69 0.50

Neighborhood B (1/6 each land
uses 1 – 6)

1.00 1.79 0.17

Notation:

Land uses: 1=single-family residential; 2=multifamily residential; 3=retail; 4=office; 5=education; 6=entertainment

a: total square feet of land for all six land uses present in a neighborhood

N: number of six land uses with area > 0

K = number of land use categories (in this specification, K=6)

bi (i =1, …, 6): area of a specific land uses, from 1 to 6 above

pi = bi/a: percent of area of a specific land use

Prof Geogr. Author manuscript; available in PMC 2013 April 03.
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Table 5

Best estimated models relating individual BMI and built environment measures

Independent variables Beta (Std. error) p-value

Male
(Intercept)

−30.190 (16.510) 0.067

Age, individual 0.072 (0.008) 0.000**

Median age (both sexes), BG 0.022 (0.019) 0.247

Proportion African American (%), BG 7.229 (5.711) 0.206

Proportion Hawaiian and Pacific Islander (%), BG 3.546 (3.168) 0.263

Proportion Hispanic (%), BG 0.963 (0.927) 0.299

Proportion Asian (%), BG −6.407 (3.177) 0.044*

Median family income (in $1,000), BG −0.020 (0.006) 0.001**

Population density (per sq. kilometer), CT 0.000 (0.000) 0.113

Intersection density (per sq. kilometer), buffer 0.025 (0.009) 0.006**

Distance to the closest light rail station (in kilometers) 0.003 (0.033) 0.920

Distance to CBD (in kilometers) 0.003 (0.020) 0.875

Median year structure built, BG 0.027 (0.008) 0.001**

Area of single family residential (in sq. kilometers), buffer 0.253 (0.491) 0.606

Area of multifamily residential (in sq. kilometers), buffer −2.319 (1.051) 0.027*

Area of retail (in sq. kilometers), buffer 0.839 (1.259) 0.505

Area of office (in sq. kilometers), buffer −1.218 (1.522) 0.424

Area of education (in sq. kilometers), buffer −1.697 (3.170) 0.592

Area of entertainment (in sq. kilometers), buffer 3.455 (7.933) 0.663

Female
(Intercept)

−33.285 (31.768) 0.295

Age, individual 0.099 (0.009) 0.000**

Median age (both sexes), BG 0.037 (0.020) 0.065

Proportion African American (%), BG 8.686 (7.606) 0.253

Proportion Hawaiian and Pacific Islander (%), BG 11.168 (3.451) 0.001**

Proportion Hispanic (%), BG 3.515 (1.583) 0.026*

Proportion Asian (%), BG −9.398 (3.770) 0.013*

Median family income (in $1,000), BG −0.051 (0.009) 0.000**

Population density (per sq. kilometer), buffer 0.000 (0.000) 0.434

Intersection density (per sq. kilometer), BG 0.005 (0.007) 0.456

Distance to the closest light rail station (in kilometers) 0.103 (0.039) 0.009**

Distance to CBD (in kilometers) 0.014 (0.034) 0.681
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Independent variables Beta (Std. error) p-value

Median year structure built, buffer 0.028 (0.016) 0.085

Proportion walk to work (%), buffer −0.086 (0.059) 0.142

Area of single family residential (in sq. kilometers), buffer −0.266 (0.549) 0.627

Area of multifamily residential (in sq. kilometers), buffer 2.361 (1.631) 0.148

Area of retail (in sq. kilometers), buffer −1.384 (2.175) 0.525

Area of office (in sq. kilometers), buffer −1.245 (2.186) 0.569

Area of education (in sq. kilometers), buffer 9.256 (5.691) 0.104

Area of entertainment (in sq. kilometers), buffer −7.191 (3.114) 0.021*

(Significance level: * 5%; ** 1%)
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