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Spatial Aggregation Method

for Anonymous Surveys
Case Study for Associations Between

Urban Environment and Obesity

Nima Amini, Taha Rashidi, Lauren Gardner, and S. Travis Waller

Obesity and other chronic diseases are becoming more prevalent in
affluent countries such as Australia. Researchers are trying to under-
stand and combat this trend. One related growing stream of research
explores the role of the built environment and transport system on an
individual’s weight. However, results from many studies conducted have
been contradictory. A primary cause of these contradictions is due to
how neighborhood areas are defined, which directly affects how the
built environment variables are calculated in geographic information
systems. The potential impacts on regression analysis resulting from
different data aggregation methods are well documented in spatial studies,
geography, and regional planning fields, and the problem is primarily
referred to as the modifiable aerial unit problem. In this paper, the focus
is on reducing the error caused by the modifiable aerial unit problem
by introducing a new data aggregation method. Individual health
and lifestyle data are obtained from the survey of households, income,
and labor dynamics in Australia, and the relationship between the built
environment and obesity is evaluated by using a discrete choice model.
The proposed aggregation method is evaluated across three spatial
scales and compared against a conventional data aggregation method
(i.e., using predefined administrative boundaries such as census tracts).
The results reveal a stronger relationship between land use variables
and obesity when the proposed aggregation method is implemented. This
paper is relevant primarily to researchers because it provides an improved
aggregation method to deal with some privacy restrictions of surveys. It
is also relevant to practitioners and policy makers by its quantification of
the association between specific built environment variables and obesity.

Obesity and other chronic diseases are becoming more prevalent
in affluent countries such as Australia and America (/—4), thus
researchers are trying to understand and combat this trend (5). One
related growing stream of research explores the role of the built
environment on physical activity (6—9) and the individual’s health
(10, 11). However, results from many of the studies conducted have
been contradictory (/2). One of the primary causes of these contra-
dictions can be attributed to the way the neighborhoods are defined,
which directly affects how the built environment variables are
calculated in geographical information systems (GIS) (/2-14).
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Spatial analysis is the foundation of many studies within the
transportation field. Spatial analysis implicitly defines some of the
underlying assumptions of a study. One typical spatial analysis is
the aggregation of data within a geographical boundary. For example,
in the traditional four-step models the boundaries for traffic analysis
zones (TAZs) are defined as varying shapes and sizes by assuming that
people within a particular TAZ have similar transportation behavior.
It is easy to imagine that inappropriate selection of the TAZ bound-
aries can have significant consequences in the final outputs of the
transportation model.

Urban analysis studies typically aggregate survey data at pre-
defined administrative boundaries (e.g., census tract, state boundary,
country borders). Sometimes a boundary is selected intentionally in
order to conduct the evaluation at a particular administrative or geo-
graphical level; however, other times survey data are preaggregated
to relatively small predefined geographical boundaries (because of
confidentiality restrictions) before the survey results are released. In
the latter case, the predefined geographical boundaries are typically
defined for a different purpose and are not necessarily representative
of the phenomena being evaluated, which may result in errors (/5).
The geographical boundary used to aggregate the original data can
influence the results of some statistical analyses. This influence was
reported as early as 1934 (/6) and continues to be an issue primarily
because of the confidentiality restriction of surveys (/7, 18). There
are three major spatially related challenges in analyzing the asso-
ciation between the urban environment and the behavior of people.
First, the zoning system definition can affect the influence of built
form variables. This issue is targeted in the current paper. Second,
the spatial correlation between the zones can influence the precision
of the models. Third, an endogeneity problem can result from the
unobserved behavior of people when deciding about their residence
(12, 18, 19). This third challenge is also partially considered in this paper.

The modifiable aerial unit problem (MAUP) is defined as
“a problem arising from the imposition of artificial units of spatial
reporting on continuous geographical phenomenon resulting in the
generation of artificial spatial patterns” (20). The MAUP s typically
described in the literature as composed of scalar and zonal effects
(18). The scalar effect relates to the chosen size of the zone used
to aggregate the data; for example, selecting larger zones tends to
increase internal variance and decrease external variance of the
aggregated variable (/3). The zonal effect relates to the shape of the
boundary used to aggregate the data. Evaluation of the MAUP has
shown that some derived statistics such as means and variances are
resistant to the aggregation method in contrast to dramatic effects
exhibited in regression coefficients and correlation statistics (/8).
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The MAUP is particularly evident in studies that attempt to cap-
ture the urban characteristics surrounding the residential location
of an individual. The typical hypothesis of such studies is that the
characteristic of the urban environment surrounding the residential
location of an individual is associated with some phenomenon
(for example, the level of active transport or the probability of being
obese). The ideal method of capturing the boundary of the urban
area that has an influence on the behavior of an individual is by con-
sidering the perceptual map of the area surrounding their place of
residence (this area is henceforth referred to as the “neighborhood
area”). For example, an individual may have preferences for certain
routes or have limited awareness of the built environment surround-
ing their place of residence. Since perceptual maps of individuals
are not typically captured in surveys, the majority of studies assume
that the most appropriate way to define the neighborhood area is
by drawing a buffer around each individual’s residential address.
Sometimes these boundaries are defined by using the street network
(typically 500 m in every direction along the road network). The
more recent studies indicate the necessity of evaluating each urban
variable at different buffer distances.

For example, Zhang and Kukadia used eight different aggregation
methods to examine the MAUP effect of the scale and geographical
boundary definition (/2). They found major differences in the signifi-
cance of the association between the built variables and mode choice
across the eight aggregation methods. Similarly, studies examining
the effects of the MAUP when the association between built envi-
ronment variables and health outcomes is evaluated have shown
that adopting different aggregation methods for defining the neigh-
borhood area results in major differences in the significance of the
regression. More important, the method can even affect the direc-
tion of the association between urban variables and active transport
or health (8, 13, 14). These studies conclude that the aggregation
zone should be built around each individual’s residential location.
Leal and Chaix indicate that the majority of studies continue to
use predefined administrative boundaries as the neighborhood area
possibly because the residential address of an individual is typically
preaggregated to predefined geographical boundaries because of the
confidentiality restrictions of the surveys (10). It is postulated that
without a careful definition of the neighborhood area, the MAUP
may be introduced in the analysis; this could be the reason for some
of the differences in the association of the built environment and
health outcomes across studies. In fact, few studies have consid-
ered the MAUP in reporting their findings of such definitions of the
neighborhood area (217).

One solution has been to aggregate urban variables by using
uniform grids. This method has shown improvement in the sig-
nificance of the correlates between urban environment and mode
choice (/2). Other solutions include statistical corrections for specific
urban variables such as dividing a land use mix variable by the area
within the predefined geographical boundaries (22). However, these
solutions do not apply to studies in which the residential addresses
are preaggregated or only apply to a specific built environment vari-
able. Solutions for the MAUP are not widely prevalent because
(a) researchers have only begun to unpack the effects of the MAUP
on analysis and (b) few generic and practical solutions exist (23).
The MAUP is an active area of research and new methodologies are
required to address the problem under difference circumstances (/3).

The contributions of this paper are to (a) define a new aggregation
method for the neighborhood area to reduce the MAUP when the
residential location of individuals is preaggregated at relatively small
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zones, (b) collate and process a large set of GIS data to describe the
urban characteristics of Sydney, Australia (to the authors’ knowl-
edge, this work has not been done for Sydney previously), (c) examine
the association of the urban characteristics and obesity by using a
logit model, and (d) compare the results obtained for the proposed
aggregation method with those for a conventional aggregation method
(i.e., using the predefined zone as the neighborhood area).

DATA

This section describes the study area, data source, and processing
procedures used in this study. The study area (Figure 1) is defined by
the Sydney Statistical Division, which is a large administrative zone
that encompasses the city of Sydney, Australia. Only the urbanized
areas were included in this study. The urban areas are based on the
definition provided by the Australian Bureau of Statistics (ABS)
and are composed of the urban centers with population of greater
than 100,000 (24). The study area includes 2,653 participants who
responded to the survey (referred to here as “respondents”) within
639 census collection districts (CCDs).

A significant data acquisition effort was conducted to obtain the
relevant GIS data from multiple state and federal agencies for the
study area. The GIS data were subsequently processed in ArcGIS
to calculate a number of built environment variables (introduced in
the next section) that represented the urban characteristics of Sydney,
Australia. The data processing was primarily built on similar work
conducted in Adelaide, Australia, by Coffee (//); however, a number
of new GIS procedures were developed in this study for further refine-
ment when there were differences between the raw data received from
different Australian agencies. However, for brevity only the properties
of the final variables are discussed here.

Built Environment Variables

The “six Ds” principle, which accounts for the main ways in which
the built environment is expected to influence travel behavior, was
used as a guideline for the selection and development of the built
environment variables included in this study. The six Ds principle
is composed of density, diversity, design, destination, distance to
transit, and demand management (25, 26). As in previous studies, it
is hypothesized that an urban area that is more conducive to active
transport is more likely to result in health benefits such as a reduction
in obesity (/7).

Density and diversity are considered by the following three built
environment variables obtained from the 2011 census: population
density, dwelling density, and employment density. Population den-
sity and dwelling density are obtained from the ABS and were pre-
aggregated to Statistical Area 1. In order to convert these two variables
to the CCD zones, the proportion of the residential land use over-
lapping the two boundaries was calculated. Employment density is
obtained from the Bureau of Transport Statistics and preaggregated
at Travel Zone 2011 (TZ11). This variable was converted to CCDs by
averaging the density of all TZ11s that were intersecting or adjacent
to the CCDs. The employment density was aggregated at a larger
scale since other studies have shown that densities of services and
retail jobs are significant at larger areas (12, 27).

The design principle is represented by four built environment
variables: proportion of intersections with four or more legs, average
block length, count of signalized intersections, and major-road density.
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FIGURE 1 Study area: CCDs included in this study (shown in red).

The GIS data for the road network are obtained from the New South
Wales (NSW) Land and Property Information (LPI), and the loca-
tion of the signalized intersections is obtained from the Roads and
Maritime Services. The average block length is defined as the length
of all roads in a neighborhood area divided by the total number of
intersections in the neighborhood area. The major-road density was
calculated by dividing the total length of all major roads within a
neighborhood area by the total area of the neighborhood area. The
definition of major roads is based on the road hierarchy classifica-
tion provided by LPI, such that roadways that are classified by LPI
as expressways, arterials, and collector roads are considered major
roadways (28).

The destination principle was considered by using the variable
“distance to supermarket.” A code was developed in Python to obtain
the walking distance to the nearest Coles, Woolworths, or ALDI
supermarkets from Google Maps API. These are the three major super-
markets in Australia that supply fresh food (29). It is assumed that
smaller fresh food outlets are visited relatively less often compared
with the three major supermarkets, since they contain less variety of
stock and are typically more expensive. The actual measure used is the
inverse of the distance to the closest of the three major supermarkets.
Distances greater than 5 km are set to zero, since the likelihood of
walking distances longer than 5 km is very low. This definition is based
on the methodology adopted by Walkscore.com (30).
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The “distance to transit” principle is measured separately for buses
and trains and considers both distance to stops and the regularity of
the service. A total of four built environment variables are devel-
oped for the distance to transit: number of bus stops, number of train
stops, number of bus services, and number of train services. The
transit data are referred to as the General Transit Feed Specification
and are maintained and provided by the Transport for NSW. The
number of stops is counted within the neighborhood area. The num-
ber of services is counted by adding the number of daily services
(operating on weekdays) at each stop within the neighborhood area.
The train services include the ferry services as well since train and
ferry services are considered to be relatively similar as compared
with bus services.

Health and Lifestyle Survey

The health and demographic variables used in this study came from the
Household, Income and Labour Dynamics in Australia (HILDA) sur-
vey, which is a panel study that started in 2001 with 7,682 households
across Australia. The household response rate of 66% is comparable
with that of other international panel studies (31, 32). The data are
collected annually with face-to-face interviews and a self-completion
questionnaire. The focus of the HILDA survey is on family, house-
hold formation, income, and work. Every year the survey focuses on a
specific area of life. The 2009 survey (ninth wave) focused on health,
which is also the focus of this study (33).

The variables used from the HILDA survey included body mass
index (BMI), gender, age, number of exercise sessions per week,
vegetable servings consumed per week, index of relative socio-
economic disadvantage 2011 (IRSD), and place of residence pre-
aggregated to CCD level. Obesity was defined by using a binary
variable that was set to 1 if the self-reported BMI is larger than or equal
to 30 kg/m? and zero otherwise.

The IRSD was included because other studies have shown an asso-
ciation between neighborhoods with low socioeconomical position
and health outcomes (34). The IRSD is obtained from attributes such
as low income, low educational attainment, and high unemployment
by using principal component analysis. A low score on this scale
indicates more disadvantage, and a high score indicates less dis-
advantage (35, 36). The IRSD is preaggregated at Statistical Area 1
and was converted to a CCD by using the proportion of residential
area overlapping across the two zones.

Data Filters

In order to reduce the interhousehold effects on weight gain (37), the
data set is filtered so that no more than one man or woman is included
from each household. This filtering is achieved by selecting the man or
woman with the longest time at the current address. Participants living
at the same address for less than 1 year were excluded from the analy-
sis since the effect of the built environment on a weight gain or loss
is estimated to be for at least 1 year (38, 39). A total of 37 individuals
who had been pregnant within the last 12 months were also excluded
from the analysis because the BMI may be affected before, during,
and after pregnancy. Last, an age restriction of 18 to 65 (inclusive) is
applied to the data set to exclude children and elderly from the study
since the role of the built environment at different life stages maybe
different (74, 38, 40).
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The self-selection problem can be described as an artificial increase
in association between the built environment and travel behavior
because some individuals with strong transport preferences choose
their neighborhood to be able to realize those preferences. For exam-
ple, “residents who prefer walking may consciously choose to live
in neighborhoods conducive to walking, and thus walk more” (/9).
A number of studies have shown the effect of self-selection in the
association between the built environment and travel behavior (26) as
well as the association between the built environment and obesity (41).

In order to reduce the effect of the self-selection problem, other
questions in the HILDA survey were used to understand the reasons
for moving. This question is used to exclude the individuals who
may have an attitudinal preference pertaining to active transport
(and are more likely candidates to have a self-selection bias). The
question asks, “What were the main reasons for leaving the last
address?” The responses are classified into a list of 32 reasons for
moving, which are used to exclude the individuals who are likely to
have a self-selection bias using the following criteria. The individuals
who selected being close to amenities, services, public transport,
work, or school were excluded regardless of their other reasons for
moving. The individuals who chose lifestyle, health, and neighbor-
hood quality were only excluded if they had selected another reason
for moving that was related to transportation. Approximately 40%
of the entries were removed to ensure that the self-selection bias
was not included in the analysis.

The final data set used in this study contains a total of 477 indi-
viduals across 193 CCDs and is composed of 58% men and 18%
classified as obese.

METHODOLOGY

The purpose of this study is to evaluate the association of urban
environment characteristics and obesity in Sydney, Australia, and
to examine the importance of spatial aggregation methods in the
significance of this association. Within this context the proposed
aggregation method for the definition of the neighborhood area is
compared with a conventional aggregation method used when the
residential location of individuals is preaggregated at an arbitrary
geographical boundary.

Proposed Aggregation Methodology

The residential location of individuals is preaggregated to CCDs in
the HILDA data used in this study. Although CCDs are relatively
small zones (similar to U.S. census tracts), it is not possible to define
the neighborhood area for each individual by using a road buffer
from the address of each individual. Thus, the only link between
the HILDA data and the built environment variables is the CCD. The
CCDs were defined for the purposes of data collection during the
census (i.e., CCDs are designed to contain approximately 200 to
250 households) (42).

The ideal aggregation methodology would define the neighbor-
hood area on the basis of how each individual interacts with the
physical environment surrounding his or her place of residence;
this method would remove the associated MAUP errors (/2). This
problem is referred to as the uncertain geographic context problem,
which requires that the travel trajectory of each individual represent
the urban area of influence within which an individual would have
interactions (43, 44).
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A number of studies have shown that aggregating the built envi-
ronment variables by using road buffers from an individual’s address
(as compared with a straight-line buffer or administrative boundaries)
has a stronger association with transport behavior and health out-
comes (8, 45, 46). This relation is because the defined neighborhood
area is more likely to reflect the area in which an individual had
direct interactions as compared with an administrative boundary or
a straight-line buffer (22). However, the exact residential location of
an individual is required for the road buffer aggregation method, and
this location is unavailable; thus an alternative method is proposed.

The proposed aggregation method relies on the assumption that
the neighborhood areas are better represented by small geographical
areas based on residential land use boundaries (i.e., residential clus-
ters). The aggregation method therefore initially disaggregates the
CCD into clusters of residential areas within the CCD (Figure 2b).
This process allows each neighborhood area to originate at the center
of its residential cluster, and road buffers can then be used to define
the boundary of the neighborhood area. Finally, the built environ-
ment variables for each residential cluster are aggregated back to
the CCD level by using a weighted-average approach. The proposed
method utilizes the ability to overlap layers in the GIS; in this case the
CCD and the land use layer are overlapped. As shown in Figure 2a,
one of the land use classifications is Residential. The following steps
are used for calculating the built environment variables with the
proposed aggregation method:

1. Overlap the CCD and the land use layer containing the residential
areas (i.e., the red areas in Figure 2a);

2. If there are residential clusters that are composed of many
smaller residential areas, combine the residential areas that are within
50 m of each other into one polygon (Figure 2b);

3. Calculate the internal centroid of the residential clusters
(Figure 2b);

4. Create road buffers from the centroids of the residential clusters
(Figure 2c¢);

5. Calculate the built environment variable by using the road
buffers for each residential cluster; and

6. Aggregate the built environment variables from each residential
cluster back to the CCD level; this step can be achieved by using a
weighted average based on the size of the residential cluster.

Ne

DU x4,)
U = = N,
A,
=1
where

U. = weighted average of built environment variable for CCD =c,

U, = urban variable calculated with road buffer for residential
cluster =r,

A, = area of residential cluster = r (m?), and

N, = number of residential clusters within CCD = c.

The foregoing formula indicates that if a CCD does not con-
tain more than one residential cluster, it is not known within which
residential cluster the survey respondent resides. The probability
of the survey respondent’s residing in the larger residential cluster
is higher, and thus the built environment variables are aggregated to
the CCD level by applying a weighted-average approach based on
the area (in square meters) of the residential clusters.
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Three road buffer distances were developed for each centroid in
order to evaluate the effects of the built environment variables on
the basis of the road buffer distance. Figure 2¢ shows the difference
between the road buffers created at 500 m (red), 1,000 m (blue), and
1,600 m (green) from the centroids. The distances represent 5 to 7,
10 to 12, and 15 to 18 min of walking at a normal pace of 80, 90,
and 100 m per minute, respectively (47).

Statistical Analysis

To measure the association between the built environment and
obesity, a binary logit model is developed. Within this context, four
definitions of the neighborhood areas are used to calculate the built
environment variables. The four definitions of the neighborhood
area are the CCD boundary and the proposed aggregation method
using three road buffer distances: 500, 1,000, and 1,600 m. Thus,
for each individual address there are four sets of built environment
variables, each set pertaining to a definition of the neighborhood area.
Four logit models were developed to evaluate the four definitions of
the neighborhood area as they relate to obesity.

The binary logit model is developed by first including the individual-
level variables such as age and gender. A large variety of individual-
level variables typically found in similar studies were tested and kept
if they were highly significant and if they were not highly correlated
with the urban variables (5-9, 25, 41, 48). In addition to the inter-
action between the variables, the underlying relationships of the
individual-level variables with obesity were considered. In particular,
the number of vegetable servings consumed per week and the number
of exercise sessions per week were included in the final model to
account for the input—output model of obesity (2).

The Spearman’s correlation matrix was used to ensure that the
built environment variables are not extremely multicollinear; multi-
collinearity is a typical issue encountered in built environment
studies (49). The variables included in the final models had a cor-
relation of 0.6 or less across the matrix. This test was repeated for
all four aggregation schemes. When two or more urban variables
had a correlation of 0.6 or higher, the urban variable with the higher
significance was selected.

The variables included in the final models are shown in Table 1.
In order to compare the four definitions of the neighborhood area,
the same variables were specified across the four models.

RESULTS

Table 2 includes the descriptive statistics for the built environment
variables calculated by using the four definitions of the neighborhood
area. The first definition is the CCD boundary (based on the typical
aggregation method of using the existing administrative boundary), and
the other three definitions are the 500-m buffer, 1,000-m buffer,
and 1,600-m buffer, which are based on the proposed aggregation
methodology.

Table 2 indicates that the standard deviation decreases as the
buffer distance of the neighborhood area increases for the following
three variables: four-way intersection ratio, average block length,
and density of major roadways. As the distance of the road buffer
increases, adjacent areas are included in the neighborhood area and
the differences between these design variables are reduced possibly
because of the inclusion of the necessary services such as major roads
(and hence reduction of the proportion of four-way intersections and
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TABLE 1 Results of Four Logit Models Predicting Obesity

Typical

Aggregation

Scheme Proposed Aggregation Methodology
Factor CCD Boundary 500-m Buffer 1,000-m Buffer 1,600-m Buffer
Constant —1.350 (0.371) —2.254 (0.142) —2.086 (0.181) —1.686 (0.303)
Gender (female = 1) 0.296 (0.267) 0.357 (0.183) 0.296 (0.263) 0.312 (0.24)
Age 0.034 (0.001) 0.034 (0.002) 0.033 (0.002) 0.034 (0.002)
Vegetable servings per week 0.022 (0.159) 0.019 (0.205) 0.019 (0.215) 0.02 (0.196)
Exercise: none 0.614 (0.154) 0.628 (0.147) 0.658 (0.127) 0.628 (0.146)
Exercise: <1 per week 0.657 (0.06) 0.545 (0.122) 0.639 (0.066) 0.627 (0.072)
Exercise: 1-2 per week 0.436 (0.162) 0.387 (0.217) 0.450 (0.147) 0.439 (0.158)
IRSD —0.002 (0.045) —0.002 (0.048) —0.002 (0.048) —0.002 (0.038)
Supermarket (inverse distance) 0.111 (0.546) 0.112 (0.409) 0.125 (0.360) 0.121 (0.364)
Four-way intersection ratio —1.087 (0.300) —1.897 (0.088) —-1.337 (0.475) —1.956 (0.399)
Average block length 0.0002 (0.865) 0.0020 (0.185) 0.0020 (0.470) 0.0020 (0.567)
Number of signalized intersections —0.022 (0.088) —0.177 (0.122) —0.042 (0.188) —-0.017 (0.295)
Number of train stops —0.283 (0.725) —0.140 (0.878) 0.104 (0.679) —0.042 (0.801)
Number of bus stops —0.039 (0.536) 0.099 (0.114) 0.009 (0.720) 0.002 (0.860)
AIC 439.71 434.25 440.74 439.47
BIC 498.05 492.59 499.08 497.82
P-value of * test .0022 .0003 .0031 .0020
Pseudo-R* .0728 .0851 .0705 .0733

NoTE: The values relevant to each variable are the estimated coefficient and the (P-value) in brackets. Number of included samples =477.
BIC = Bayesian information criterion.

TABLE 2 Descriptive Statistics

Typical Aggregation

Methodology Proposed Aggregation Methodology”

CCD Boundary 500-m Buffer 1,000-m Buffer 1,600-m Buffer
Variable Mean SD Mean SD Mean SD Mean SD
Four-way intersection ratio 0.12 0.14 0.15 0.13 0.13 0.08 0.13 0.06
Average block length 262.86 116.37 211.64 75.91 212.65 56.86 219.50 54.89
Number of signalized intersections 12.41 17.37 1.11 2.47 4.85 8.10 12.45 17.40
Density of major roadways 2,638.0 2,755.9 2,546.2 2,101.2 2,309.6 1,351.9 2,200.2 1,074.9
Number of train stops 0.03 0.17 0.03 0.16 0.27 0.61 0.71 1.02
Number of train services 6.1 38.3 7.7 48.1 118.8 439.7 329.4 888.7
Number of bus stops 2.31 2.28 3.1 2.0 11.5 5.6 29.1 13.8
Number of bus services 259.7 487.8 445.1 903.5 1,846.1 2,834.2 4,707.1 6,046.6
Supermarket (inverse distance) 0.85 0.81 0.88 0.99 0.88 0.99 0.88 0.99
Population density 4,146.3 3,440.2
Employment density 1,468.3 7,822.3
Dwelling density 1,234.5 1,213.3
IRSD 1,096.9 113.3
Age 45.8 13.6
Vegetable servings per week 16.1 8.5

Note: Number of included samples = 477. SD = standard deviation.
“Empty cell = not based on aggregation method (individual-level data).
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increase in the average block lengths). The CCD boundary aggrega-
tion method has a relatively high standard deviation across the three
variables. This finding is particularly noticeable when compared
with the 1,000-m buffer, which is closest to the CCD boundary in
terms of spatial scale. The reason for the high standard deviation
for the CCD boundary aggregation method may be that for some
neighborhoods it includes irrelevant areas, such as nature strips as
shown in Figure 2a (i.e., the undeveloped tree-lined areas visible in
the aerial imagery).

The transit-related variables calculated with the CCD boundary
aggregation method have a relatively low mean and standard deviation
compared with the proposed aggregation method. As the road buffer
distance increases for the proposed aggregation method, the mean and
standard deviation of the transit-related variables increase. It is possi-
ble that the CCD boundary aggregation method excludes adjacent sites
containing infrastructure that is accessible to residents living close to
the boundary of the CCD.

The “distance to major supermarkets” variable is almost the same
when the distance from the centroid of the CCD is measured or
the centroids of the residential clusters in the proposed aggrega-
tion method are used. In addition, during the modeling process this
variable was found to be insignificant regardless of the aggregation
method used. This result is an indication that the proposed aggrega-
tion method may not be suitable to define variables for which the
distance from the origin (i.e., residential address) to a destination
(i.e., major supermarket) is measured. This finding may be due to
the averaging affect, that is, when the values of the variables cal-
culated for each residential cluster are aggregated back to the CCD
level. The average difference between the minimum and maximum
distance to a major supermarket across residential clusters within a
CCD was 238 m with a standard deviation of 461 m. This finding is
significant considering that across the residential clusters the aver-
age distance to a major supermarket was 1,788 m, with a minimum
of 24 m and maximum of 15.5 km.

Table 1 shows the results across the four models as discussed
previously. From the individual-level variables the vegetable serv-
ings per week has a positive association with obesity, which may
seem counterintuitive at the first glance (since vegetable intake is
considered healthy). The amount of food intake is not controlled
for, and thus the number of vegetable servings per week may be a
better representation of the amount of food intake as opposed to the
proportion of the food intake that is vegetables.

From the built environment variables, the number of bus stops
has a positive association with obesity. The number of bus stops
was only significant for the 500-m buffer model (P-value = .114).
The number of train stops or number of train services was not sig-
nificantly associated with obesity in any of the models. In general,
people are more willing to travel a longer distance to train stations—
in Sydney an average walking distance of 805 m (50)—and therefore
the 1,000-m buffer maybe more appropriate for variables related to
trains. Excluding train stops from the model did not result in any
significant change and this variable was included in the model for
discussion purposes.

To compare different definitions of the neighborhood, the levels
of significance of the built environment variables within the models
are typically compared (8, /4). From the four definitions of the
neighborhood areas, the model with the lowest P-value for each
built environment variable is highlighted in Table 1. The proposed
aggregation method at the 500-m road buffer contains most of the
urban variables with the lowest P-value, and thus it is superior to the
other aggregation methods.
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The overall comparative model improvement is also assessed by
using the Akaike information criterion and the pseudo-R>. The over-
all model performance indicators also highlight that the proposed
aggregation method at the 500-m road buffer marginally outperforms
the other aggregation methods.

DISCUSSION OF RESULTS

This study proposed, applied, and tested an aggregation method-
ology for anonymous surveys in which the residential location of
individuals is preaggregated to an existing administrative boundary.
The study assessed the association between built environment and
obesity in Sydney, Australia. A significant data collection and pro-
cessing effort was conducted to obtain GIS data necessary for the
evaluation of the built environment variables. The variables were
selected on the basis of the six Ds principle, which considers how
the urban environment may affect travel behavior. The self-selection
bias resulting from address selection was removed from the analysis
by excluding individuals who chose their place of residence because
of proximity to destinations.

Results from the study indicate that there is an association between
built environment and obesity, particularly when the smaller 500-m
road buffer is considered. In general, the proposed aggregation
methodology increases the accuracy of the built environment vari-
ables by improving the definition of the neighborhood area. This
improvement was achieved by defining residential clusters within
each CCD, obtaining the built environment variables for each resi-
dential cluster, and aggregating back to the CCD level. The proposed
aggregation methodology was applied by using three road buffer dis-
tances: 500 m, 1,000 m, and 1,600 m. The results illustrate that the
proposed aggregation method at the 500-m road buffer is superior to
the typical aggregation method (i.e., using predefined administrative
boundaries).

The advantages of the proposed aggregation method over use
of predefined administrative boundaries are that the neighborhood
area is most likely to be the area in which an individual has regular
interaction since it is centric to the residential land use and road
buffers are used. The CCD boundary may include areas that indi-
viduals may not typically interact with or should be included in the
calculation of some of the built environment variables (particularly
for larger CCDs). In addition, the residential clusters that are on the
edge of the CCD are likely to interact with the adjacent CCD. The
boundary of the proposed aggregation method is not restricted to
the boundary of the CCD. Finally, the proposed aggregation method
allows the use of road buffers, and thus physical barriers such as
rivers or railways that may block access from one side to the other
are considered.

The main disadvantage of the proposed aggregation method is
that the road buffer distances cannot be too large since a large road
buffer distance may result in an overlap of the neighborhood area with
relatively close residential clusters. In such a case, the overlapping
area will be double-counted in the built environment variables. In
addition, the final step of the proposed method requires aggregating
the built environment variables back to the original CCD. If signifi-
cant differences exist between residential clusters within a CCD, the
averaging effect will dampen the final value of the built environ-
ment variable (this issue also exists in the traditional CCD aggrega-
tion method). However, given the spatial autocorrelation of urban
characteristics (i.e., places close to each other have a tendency to be
similar) and when it is applied across a large sample, the regression
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results from the proposed aggregation method are expected to be
marginally affected by this issue (however, this issue has not been
specifically measured in this study). Alternatively, if a large sample
is available, it is possible to remove the individuals living in CCDs
with a large variation in built environment variables between the
urban clusters present in the CCD.

CONCLUSION

Anonymous surveys tend to aggregate the residential location of
survey respondents to predefined zones. These zones are typically
not designed to capture the urban characteristics of a neighborhood.
The issue associated with defining the spatial aggregation boundary
is referred to as the MAUP and has been shown to have dire conse-
quences, particularly in regression analysis. Given that the majority
of built environment and health studies are based on anonymous
surveys and thus are forced to use the predefined zones, it is not
surprising that many contradictory findings are reported. One of
the main aims of this study was to introduce and test a proposed
aggregation method that focuses on the neighborhood areas within
the predefined zones.

In this study a variety of data sets describing the urban character-
istics of Sydney, Australia, are collated, processed, and analyzed.
The results from this analysis suggest that there is an association
between the built environment and obesity among individuals living
in Sydney. The strength of the association is dependent on the aggre-
gation method used to calculate the built environment variables. The
proposed aggregation methodology is illustrated to be better at captur-
ing the association between certain built environment variables and
obesity on the basis of the higher significance of the variables identi-
fied when the 500-m road buffer is used. As such, it can be applied
to surveys in which privacy policy prevents individuals’ residential
locations from being released.

Future research will address the refinement of the road buffer to
consider factors that may influence the directionality of travel. For
example, the common routes to major public transport stations or
supermarkets can be considered explicitly. The 360-degree street
buffer from the user’s address may not be a realistic representation
of the user’s perception of his urban environment. By considering
behaviorally defined aggregation methods, the MAUP can be fur-
ther reduced (/4). Further, this study aims to expand research on
jointly modeling other health-related variables while accounting for
spatial correlation between the defined zones.
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