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Abstract

Many widely accessible forms of socio-economic and public health data have been subjected to some form of spatial aggregation.
Polygonal units, such as US Census tabulation areas, political boundaries, transportation analysis zones and ZIP codes, are often used
to represent the spatial extent of these data. While convenient, this type of spatial aggregation, not only ignores the underlying variability
of the data of interest, but also the spatial relationships between observations. Although privacy concerns are certainly an important
issue in this context, spatial data aggregation can negatively influence one’s ability to accurately surveil disease and identify locations
(or clusters of locations) with increased disease incidence. The purpose of this paper is to explore the use of supplementary spatial data,
particularly street networks, for downscaling the spatial structure of polygonal units. Spatial statistical tests are then used to identify
clusters of disease incidence for the downscaled study area. Results suggest that the downscaled spatial structure of polygonal units pro-
vides valuable information on the spatial distribution of disease and can facilitate a more detailed spatial analysis of epidemiological

data. Prostate cancer data aggregated to ZIP codes for a region of New York State are used to illustrate this concept.

© 2007 Elsevier Ltd. All rights reserved.
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1. Introduction

In recent years, the spatial analysis of disease has been
greatly enhanced through the use of geographic informa-
tion systems (GIS) (Croner, Sperling, & Broome, 1996; Jac-
quez, 2004; Pickle, 2002). From exploring the spatial
characteristics of West Nile virus (Cooke, Grala, & Wallis,
2006), to identifying cancer clusters (Gregorio, DeChello,
Samociuk, & Kuldorff, 2005), the use of spatial data and
GIS is becoming fundamental to public health research.
Because of this growing popularity, the misuse of spatial
data, particularly for spatial statistical applications, is also
growing. In many, this can be attributed to an incomplete
understanding of the spatial data used for analysis (Ans-
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elin, 2006; Boscoe, Ward, & Reynolds, 2004; Grubesic &
Matisziw, 2006; Jacquez, 2004). In others, automated pro-
cesses such as geocoding often mask the spatial imperfec-
tions of their output, particularly as it relates to spatial
precision and accuracy (Krieger, Waterman, Lemieux,
Zierler, & Hogan, 2001; Rushton et al., 2006).

Another area of emerging interest related to GIS and
epidemiological data is the spatial representation of data.
While the modifiable areal unit problem (MAUP) is well
understood in the realm of spatial analysis, epidemiology
and public health (Clark & Avery, 1976; Gregorio et al.,
2005; Griffith, Wong, & Whitfield, 2003; Openshaw,
1984), developing methods for dealing with multiple spatial
scales and aggregations remains an area of increasing
research (Louie & Kolaczyk, 2006; Manley, Flowerdew,
& Steel, 2006; Rushton & Lolonis, 1996).

As noted by Louie and Kolaczyk (2006), data in spatial
epidemiology usually occur in one of two forms: (1) the
locations at which cases of the disease occurred, or, (2)
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aggregate counts of cases that occurred within geographi-
cal subregions of some overall region of study. Where the
latter instance is concerned, the aggregation of individ-
ual-level data is often necessary to ensure the confidential-
ity of information. In this context, the disclosure of patient
locations and their associated conditions is a major breach
of medical privacy protocols (Brownstein, Cassa, & Mandl,
2006; Curtis, Mills, & Leitner, 2006). Aggregation of indi-
vidual-level data is also related to how the data were orig-
inally collected and/or reported. For example, US Census
2000 information is not publicly available for each house-
hold. Instead, data are distributed in summary form for
Census blocks, block groups, tracts and other Census tab-
ulation units (Census, 2000a). Whether driven by privacy
concerns or data collection limitations, this type of aggre-
gation is problematic for data analysis since inferences
regarding individuals become more difficult to articulate
(Anselin & Tam Cho, 2002; Holt, Steel, Tranmer, & Wrig-
ley, 1996; Robinson, 1950).

Aggregation is also an issue for spatial data analysis
given that spatial relationships between individuals may
not be appropriately represented by the relationships
between spatial groupings or study subregions (Miller &
Wentz, 2003). Many schemes for representing spatial
dependence are based on geographic association of spatial
units (see Aldstadt & Getis, 2006; Getis & Aldstadt, 2004;
Griffith, 1996). Often, these assumed spatial relationships
are imposed on the data in lieu of better information on
the spatial processes at work. Therefore, any misrepresenta-
tion of spatial dependence between the observed data can
obviously impact inferences about spatial processes (Getis
& Aldstadt, 2004). Furthermore, attributing all areas within
a region with a single measure of spatial association ignores
any geographic gradation of spatial relationships. This type
of spatial misrepresentation is particularly problematic for
disease incidence. Simply put, disease incidence is not
continuously distributed in space; rather, cases are limited
to the locations of individuals.

This is an important point for several reasons. An obvi-
ous consequence of this type of classification error is that
the computations of spatial measures which rely on the
topologies of geographic subregions often yield a uniform
distribution for the measure of interest. In effect, all spatial
gradation within the polygons is ignored. Clearly, the spa-
tial relationships between variables in two adjacent areas
may not necessarily be uniform throughout each region.
Areas closer to a boundary are more proximate (and per-
haps more important) to adjacent areas than areas central
(or less proximate) to adjacent subregions. This is some-
what akin to the fuzzy boundary transition/gradation
problem whereby the spatial effect of adjacency does not
pertain to the entire areal unit (Burrough & Frank, 1996;
Leung, 1987; Plewe, 1997).

Given the reality that many socio-economic and epide-
miological analyses are often limited to data collection
and analysis at aggregate geographies, this paper seeks to
address a number of issues regarding the impact of data

aggregation on exploratory spatial analysis measures that
depend on defining some description of spatial dependence.
Specifically, given the gradation of socio-economic and epi-
demiological data within administrative units, how does
one best represent geographic space for detecting signifi-
cant spatial patterns of disease? Further, how can data
aggregation and the constant neighbourhood function
often associated with vector data influence the spatial sta-
tistical analysis of public health data? Can these issues be
resolved? Finally, how do relatively unstructured adminis-
trative units, such as the ZIP code, impact the analysis of
epidemiological data? Considering that data analysis at
the ZIP code level is rapidly gaining visibility and popular-
ity in the research community (Banerjee & Carlin, 2004;
Eisen, Lane, Fritz, & Eisen, 2006; Gordon et al., 2003), this
paper offers an assessment of ZIP code topologies as a nat-
ural starting point for addressing these questions.

2. Background

As discussed earlier, although socio-economic and epi-
demiological data are frequently collected at the individual
level, they are often subject to spatial aggregation prior to
being made available for research. Thus, while research
premised on aggregate geographies is often unavoidable,
questions remain regarding the insights that can be gained
through exploratory analysis. One important issue relates
to the use of aggregate data in ecological and aggregate
data studies. Studies addressing these issues are generally
oriented toward assessing the efficacy of inference based
on area-level data or area-level data supplemented with
individual-level data. The main problem of interest in this
regard is how to address the bias inherent in making infer-
ence on individuals in the absence of complete individual-
level data (Holt et al., 1996; Jackson, Best, & Richardson,
2006; Wakefield & Salway, 2001).

Along with obscuring individual-level variability, aggre-
gation can also mask important information on how the
variable of interest is spatially distributed. There are sev-
eral basic concerns in this domain. The first concern relates
to the spatial distribution of a data attribute within an
areal unit. For example, when lacking supplementary
information on the spatial location of individuals, it is
often assumed that individuals are uniformly distributed
throughout the tabulation area. Clearly, this is not always
an accurate assumption. A second concern is whether or
not spatial relationships between aggregate areas are repre-
sentative of spatial relationships between observations in
the original data. Given the assumption of a uniform spa-
tial distribution, spatial processes are typically modelled on
the perceived relationships between the tabulation areas;
irrespective of the underlying geographic distribution of
the measured phenomenon. Again, this has the potential
to build error into the modelling framework. However,
provided information on the spatial distribution of an attri-
bute within an area of analysis, one might have more flex-
ibility in modelling spatial dependency.
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Given that we know there is a spatial component to the
distribution of data within a tabulation area, many
approaches have been proposed to account for this varia-
tion. In particular, areal interpolation methods can be
applied to downscale spatial units of analysis by transfer-
ring geographic attributes from one spatial basis, to
another, at a different spatial resolution (Goodchild, Ans-
elin, & Deichmann, 1993). There are numerous approaches
available in this regard such as areal weighting (Goodchild
& Lam, 1980), pycnophylactic smoothing (Tobler, 1979),
dasymetric mapping (Langford, 2006; Langford & Higgs,
2006), and geostatistical modelling (Gelfand, Zhu, & Car-
lin, 2001; Kyriakidis & Yoo, 2005). See Hawley and Mol-
lering (2005) for further review and comparison of
associated methods.

Particularly relevant to the goals of this paper are dasy-
metric approaches for spatial interpolation. While lack of
spatial resolution is a problematic outcome of the aggrega-
tion process, data on the internal spatial structure of polyg-
onal units are often available. This internal structure may
consist of known areas of human habitation that can be
represented by household locations, addresses, or transpor-
tation networks. Incorporating this information into spa-
tial analysis of aggregate data is the basic premise of
dasymetric mapping. Dasymetric mapping seeks to use
such spatial information to redistribute an aggregate mea-
sure across the associated areal unit to produce a more
realistic spatial rendering of the attribute. Ancillary infor-
mation such as road data, which can be viewed as indica-
tive of the distribution of human populations, has proven
especially useful in this context (Mrozinski & Cromley,
1999; Reibel & Bufalino, 2005; Xie, 1996). Similarly, incor-
poration of ancillary geographic information can enable
more defensible models of spatial dependence and associa-
tion to be postulated given that the added structure permits
assessment of where the spatial phenomena may actually
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be located. This is particularly important for determining
topological relationships, such as spatial adjacency, for a
study area.

As an example, consider Fig. 1a which illustrates three
US ZIP code areas in Syracuse, New York (13209, 13088
and 13204). If one was to construct a simple, spatial adja-
cency matrix for this small study area, each of these poly-
gons share borders and could be considered neighbours.
More importantly, if epidemiological data are aggregated
to these ZIP code areas, one would be forced to assume
that the distribution of disease incidence is spatially uni-
form within the polygons. Now, consider Fig. 1b, which
contains supplemental spatial information on water fea-
tures within these ZIP code areas. In this instance, the spa-
tial relationships between these polygons are somewhat
muddled. Lake Onondaga is uninhabitable by humans.
As a result, there is a significant spatial gap in ZIP code
areas and this may lead to the inaccurate attribution of dis-
ease incidence. Finally, Fig. 1c displays the spatial corre-
spondence between transportation infrastructure and the
presence of major uninhabited features such as lakes.
Where spatial relationships are concerned, particularly
adjacency, the association between 13209, 13088 and
13204 is certainly less obvious. In fact, there is only one
road that actually connects 13209 to 13088. This is a
much different spatial relationship when compared to a
simple polygonal representation of ZIP code boundaries
(Fig. la).

Obviously, these types of results are not limited to unin-
habitable features such as water areas, deserts or swamps.
In many cases, the land within an administrative unit such
as a county, ZIP code or Census tract is simply uninhabited —
a subtle but important difference. As mentioned earlier,
these types of representation errors for geographic space
open a wide variety of questions pertaining to the spatial
analysis of socio-economic and epidemiological data.

13088
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Fig. 1. Elements of spatial decomposition and spatial adjacency using supplemental spatial information: Year 2000 ZIP code areas in Syracuse, NY.
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3. Representation of ZIP code data

The ZIP (Zone Improvement Plan) code refers to ranges
of postal addresses along road networks which are used to
facilitate mail delivery by the United States Postal Service
(USPS). Functionally, ZIP codes present researchers with
a geographically interesting alternative to other spatial
units of analysis. First, ZIP code data is relatively easy to
collect. For example, in retailing, the collection of ZIP code
information is typically done at the point of sale, where
customers are asked to supply their home ZIP code before
a transaction takes place. A wide variety of epidemiological
data is also made available at the ZIP code level. For exam-
ple, the New York State Department of Health (NYS-
DOH) provides cancer incidence data by ZIP code
(NYSDOH, 2006). From a pragmatic perspective, the pro-
cess of associating individuals with ZIP codes is much less
involved than associating them with actual street addresses,
given that geocoding can be plagued with errors (Krieger
et al., 2001; Rushton et al., 2006), requires specialized soft-
ware, and involves significant computational effort. Sec-
ond, many ZIP code arecas are often smaller in spatial
extent than counties and other US Census defined data col-
lection units, particularly in urban areas (Grubesic, in
press). As a result, it is suggested that ZIP codes offer a
finer spatial resolution than other areal units for analysis
(Johnson, 2004; Luo & Wang, 2003). Finally, and most
importantly, since ZIP codes are based on addresses and
associated network topologies, they are strongly represen-
tative of the location of human activities.

While ZIP codes may be convenient units for analysis,
recent research has highlighted many potential pitfalls in
the analysis of ZIP code data to which researchers should
be mindful (Grubesic, in press; Grubesic & Matisziw,
2006; Krieger et al., 2002). For instance, ZIP codes do
not conform to other spatial units commonly used for data
collection. While Census tabulation units such as blocks,
block groups and tracts are hierarchical and nested, ZIP
codes are more dynamic given the needs of the USPS.
Where data aggregation and representation are concerned,
this makes the spatial composition of ZIP codes both
highly irregular and transient (Grubesic & Matisziw,
2006). Further, although ZIP codes are linear features
which are defined by postal address ranges and streets, they
are often modelled as geographical zones, areas and subre-
gions in the research community (Cooke et al., 2006; Luo &
Wang, 2003). These representations have been produced
and popularized by private companies such as Geographic
Data Technology (now Tele Atlas) and more recently by
the US Census Bureau’s ZIP code tabulation area (ZCTA)
(Census, 2000b). In this context, the accurate generaliza-
tion of these address ranges into polygonal areas for the
purpose of data collection and analysis is difficult when
one considers the topological structure of ZIP code ranges.
Simply put, there is not always a complete correspondence
between delivery networks and derived ZIP code areas
(Grubesic & Matisziw, 2006).

Given the myriad of considerations that can impact
analyses based on ZIP codes, they do offer some unique
prospects for spatial analysis. As discussed earlier, ZIP
code address ranges defined by the USPS provide insight
as to where human activity is actually located. In other
words, network-based geographies, such as streets and
their associated addresses, correspond to the locations of
individuals, families, and businesses in geographic space.
These are the geographic relationships that are of interest
when exploring or modelling spatial phenomenon, particu-
larly disease incidence, which is intimately tied to the daily
lives of people and their local environment. This also sug-
gests that tracking ZIP code features by address ranges and
their associated network-based geographies (i.e., streets),
instead of polygons, might present a viable alternative rep-
resentation of geographic space for epidemiological analy-
sis. This type of spatial decomposition is especially
promising for statistical analysis which incorporates mea-
sures of spatial dependence for detecting underlying pat-
terns — such as clusters of disease incidence. Finally,
disaggregate topologies can permit a more detailed picture
of spatial gradation of spatial analysis measures, particu-
larly when it comes to adjacency metrics. Next, we will
assess the potential for the use of network attributed ZIP
code data in spatial analysis.

4. Implications of ZIP code representation on spatial
analysis

To better explore and understand the benefits of using
network-based representations of ZIP codes versus their
commonly used area-based counterparts, patterns of pros-
tate cancer incidence is analyzed. The following sections
describe the data and methods involved in this study.

4.1. Data

Data on male prostate cancer incidence for the period
1999-2003 by ZIP code was obtained for seven counties
in North-West New York State (NYSDOH, 2006). These
counties are depicted in Fig. 2. To ensure the confidential-
ity of individuals involved, a small subset of ZIP codes
(including those representing postal boxes) and their asso-
ciated cancer incidence data were merged for public disclo-
sure (NYSDOH, 2006). TIGER-based street networks,
obtained from the Caliper Corporation (2006) and attrib-
uted with year 2000 ZIP code information, represent the
geographic extent of each ZIP code. Road segments (arcs)
in the study area without ZIP code information (approxi-
mately 28.6% of roads) are not further considered in this
analysis.! Since ZIP codes relate to address ranges, the
ZIP codes attributed to the left and right side of a road

' In most cases, this represents a combination of interstate highway
segments and relatively rural segments in unpopulated areas, such as state
parks. In other cases, ZIP code information for a street segment was
simply not available.
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Fig. 2. Study area in North-West New York State.

may differ. To ensure that all ZIP coded arcs are included
in the following analysis, arcs were added when necessary,
such that both ZIP codes (left and right sides of the road)
are represented. Given these modifications, a total of
68,442 network arcs are utilized for analysis in the study
area (shown in Fig. 2). ZIP code boundaries for the study
area (year 2000), distributed by Geographic Data Technol-
ogy (GDT), were also obtained for comparative purposes.”
Once the aggregation scheme incorporated by NYSDOH
(2006) for cancer data was incorporated, a total of 171
ZIP code polygons are used for analysis (Fig. 2). Finally,
for the purpose of spatial analysis, cancer incidence data
were attributed to road arcs and ZIP code areas — based
on the aggregated structure of the data. This process
ensures both consistency and uniformity in the treatment
of the observed cancer data for the study area. Population
data for each ZIP code area and associated arcs was then
obtained though aggregating Census 2000 block data on
male population to the ZIP code level to calculate prostate
cancer rates.

4.2. Methodology

From a topological perspective, ZIP coded network arcs
and ZIP code areas are quite different — even though these
two geographies are meant to represent the exact same phe-
nomena (USPS delivery locations). For example, while ZIP
code areas can have a sizable spatial extent, ZIP coded arcs
are sparser and typically cover very little geographic areca

2 GDT was recently acquired by Tele Atlas.

(in total). These differences can result in a diversity of spa-
tial neighbourhood structures given the ZIP representation
used. In this paper, three approaches for representing spa-
tial relationships between ZIP codes are considered. These
approaches involve assessing: (1) adjacency between ZIP
code areas, (2) adjacency between network-based ZIP code
objects, and (3) adjacency between individual components
(arcs) of ZIP coded network objects.

For the purposes of this study, neighbourhoods for ZIP
code areas are based on Queen’s adjacency and indicate
that each ZIP code area has, on average, 7.0 neighbours.’
Where ZIP coded arcs are concerned, rather than using tra-
ditional spatial contiguity measures, adjacency is based on
their proximity (i.e., distance) to other arcs. This is neces-
sary since individually, the vast majority of arcs share rel-
atively few contiguous neighbours.* Further, because
many postal addresses are discontinuous (see Grubesic &
Matisziw, 2006), the use of a distance threshold provides
a safely conservative estimation of neighbourhood struc-
ture that can be modified for examining spatial statistical
sensitivities. In the following discussion, it is useful to dif-
ferentiate between two types of arcs: (1) Native arcs refer to
neighbours of a particular road segment 7 that belong to
the same ZIP code as i, (2) Non-native arcs are those neigh-
bours of i belonging to different ZIP codes.

3 Queen’s adjacency defines “neighbours” as those polygons which share
an arc or vertex.

4 Other neighbourhood structures might be considered, such as the
network associations employed by Black (1992).



86 T.C. Matisziw et al. | Computers, Environment and Urban Systems 32 (2008) 81-93

In the first type of arc-based analysis, we treat all net-
work arcs sharing the same ZIP code as a single network
object. In this case, two ZIP code objects (m and k) are con-
sidered adjacent if they are within a specified distance of
one another. Given a threshold distance R and a network
object m, we identify the set of j non-native arcs (N,,,), such
that d,,; < R (where d,,;, = shortest distance between net-
work object m and arc j). For example, Fig. 3a depicts a

spatial neighbourhood associated with a single ZIP coded
network object. Adjacency between objects m and k
(W) can be weighted by the number (cardinality) of neigh-
bouring arcs found in &, |[N* |. The weights matrix can then
be row standardized; in this case, w,; = M|

. [Nl )"
The second approach, considers each arc as a represen-

tative component of a ZIP code. In this instance, the spatial
neighbourhood of each arc consists of the ZIP codes asso-
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ciated with all non-native arcs falling within some pre-
scribed distance of the arc. Thus, given a threshold distance
R and an arc i, we identify the set of j non-native arcs (N,),
such that d; < R (where d;=shortest distance between
arcs i and j). Fig. 3b 111ustrates a one mile neighbourhood
associated with a single ZIP coded arc. Adjacency between
each ZIP coded arc and non-native ZIP code k (wy) is
weighted by the number of neighbouring non-native arcs
found in k, |[N¥|. Again, the welghts matrix can be row stan-
dardized; in this instance, wy, = “N “

Local Moran’s I, a commonly employed measure of spa-
tial autocorrelation is used to illustrate the differences
between spatial analyses utilizing ZIP code areas and ZIP
coded network topologies (see Anselin, 1995). The local
Moran’s I index can be used to assess the similarity of
the value of one spatial unit with the values associated with
its defined neighbourhood. Both the global and local ver-
sions of Moran’s [ require the specification of a weights
matrix representing the spatial relationships between the
objects of interest. To highlight the differences between
using each of the three ZIP code representations detailed
above, the resulting neighbourhood relationships for each
topology are input into a spatial analysis software package,
GeoDa, for further examination (Anselin, 2003). Here, two
distance-based neighbourhoods (one and two miles) are
specified to construct the necessary spatial weights matrices
for each network-based topology. These neighbourhoods
are identified using spatial query functions of ArcView, a
commercial GIS software package. Global and local Mor-
an’s [ are then computed for each ZIP code topology and
neighbourhood specification. A permutation approach

Legend
[:| NY ZIP areas

| Counties

Moran's | classes
Il High-High (1)
[ | Low-Low(1)
[ ] Low-High (1)
- High-Low (0)

10 20 30

—l:—
Miles

(involving 9,999 random permutations) is used to model
the distributional aspects of the local Moran’s I (Anselin,
1995). Given the resulting calculations, the three ZIP code
representations and neighbourhood delineations are then
compared based on the resulting patterns and characteris-
tics of autocorrelation detected.

5. Results and discussion

Exploratory spatial analysis is performed using each of
the three ZIP code-based topologies given the aggregation
scheme employed by NYSDOH (2006). In each case, glo-
bal and local Moran’s [ are computed, with the local
Moran values classified according to deviation of cancer
rate from the mean and the sign of the local I values. As
such, a high-high classification refers to a positive devia-
tion from the mean and a positive I value while a low—
low classification indicates a negative deviation from the
mean and a positive I value. Accordingly, high-low is used
to delineate ZIP objects that exhibit positive deviations
from the mean and have negative I values while low—high
reflects negative deviation from the mean. In all instances,
global I is positive and significant at the 0.001 level and
corresponds to low-to-moderate spatial autocorrelation
(specifically, spatial clustering of similar values).

5.1. Polygon-based topology
For the area-based ZIP code topology, the resulting

local Moran’s I classifications for prostate cancer rates
are shown in Fig. 4 at the 0.001 significance level (global

Fig. 4. Significant (o = 0.001) clustering of ZIP code area-based prostate cancer rates.
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1=10.1833). In this instance, only three ZIP areas are sig-
nificant (one area’s significance is attributable to absence
of neighbours). The pattern in this scenario indicates signif-
icant clustering of high levels of correlation in Chautauqua
County and significant clustering of low values in Wyo-
ming County. However, for the most part there are few
other areas of significant spatial correlation present within
the given study area. Especially interesting is the absence of
any significant patterns in the more densely populated Buf-
falo metropolitan areas of Niagara and Erie counties. As
discussed earlier, such area-based representations of spatial
relationships assume that the entire contents of each area is
equally influenced by the defined measure of spatial adja-
cency. Thus, the results here assume that spatial correlation
is significant across each of the highlighted areas.

5.2. Network object-based topology

Use of the second ZIP topology entails treating all arcs
attributed with the same ZIP code as a single network-
based object. As discussed earlier, adjacency between ZIP
code objects is weighed by the number of non-native arcs
(for each non-native ZIP code) within each object’s neigh-
bourhood. Fig. 5 illustrates the resulting patterns of signif-
icant spatial correlation for prostate cancer rates given a
one mile neighbourhood for each ZIP coded network
object and Tables 1a and 1b summarize the local I values
given specification of both one and two mile neighbour-
hoods. Of interest is the fact that more ZIP codes (approx-
imately 12% for the one mile neighbourhood) are now
involved in significant spatial correlation. This is a direct
result of weighting adjacencies by the amount of non-

Legend
[ ] NYZIPareas

| Counties
Moran's | classes
s High-High (10 ZIPs)
s High-Low (2 ZIPs)
Low-High (2 ZIPs)
Low-Low (6 ZIPs)

0 10 20 30

Table 1a
Local Moran’s I summary for network objects specifying one mile
neighbourhood (Global 7= 0.3715)

Moran’s I Class % Obs. Minimum Maximum Mean

High-high 6.1 0.0374 9.0730 4.0210
High-low 1.2 —0.4041 —0.0288 —0.2164
Low-high 1.2 —1.5576 —0.2495 —0.9036
Low-low 3.7 0.0898 1.0879 0.4872
Not significant 87.7 —0.6188 1.6002 0.1375
Total 100.0 —1.5576 9.0730 0.3715

Table 1b
Local Moran’s I summary for network objects specifying two mile
neighbourhood (Global 7= 0.3546)

Moran’s I Class % Obs. Minimum Maximum Mean

High-high 6.1 0.0412 9.0847 4.0483
High-low 1.8 —0.7609 —0.0296 —0.3899
Low-high 1.2 —1.3336 —0.2477 —0.7907
Low-low 3.7 0.0925 0.5406 0.3305
Not significant 87.1 —0.5770 1.5937 0.1273
Total 100.0 —1.3336 9.0847 0.3546

native transportation infrastructure (e.g., arcs) within each
ZIP code’s neighbourhood. From an interpretive stand-
point, the large cluster of high—high correlations in south-
ern Chautauqua and western Cattaraugus counties is a
marked deviation from the results obtained using the poly-
gon topology (Fig. 5). That said, it is also important to
note the lack of complete correspondence between derived
Z1P code boundaries and associated network defined geog-
raphies. For instance, in Chautauqua County, some of the
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Fig. 5. Significant clustering of network object-based prostate cancer rates (one mile neighbourhood).
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significant arcs clearly overlap with ZIP code areas (poly-
gons) that do not exhibit significant correlation (both to
the east and west of the initial high—high ZIP code poly-
gon). While this certainly provides a more interesting snap-
shot of prostate cancer rates for the region, issues of spatial
uniformity (similar to that found in Fig. 4) remain.

5.3. Individual arc-based topology

Finally, local spatial correlation is assessed provided one
and two mile neighbourhoods (i.e., distance threshold) for
each arc. Given a one mile neighbourhood, 18.7% of the
network arcs in the study area are found to have significant
local Moran’s I values at the 0.001 level (Table 2a). Fig. 6a
depicts those arcs exhibiting significant spatial autocorrela-
tion in this scenario. Specification of a two mile neighbour-
hood resulted in 39.6% of network arcs having significant
local Moran’s I values at the 0.001 level (Table 2b). Per-
haps most interesting here are the dramatic spatial differ-
ences in the resulting clusters when the size of the spatial
neighbourhood is altered. When comparing Fig. 6a and b
it becomes apparent that as the neighbourhood for each
arc grows, becoming influenced by a greater number of
other ZIP codes (as weighted by associated arcs), the num-
ber of significant arcs also increases. Overall, the number of
ZIP code areas that contain significant arcs is greater than
in the case of the area and network object-based analysis.
This is reasonable given that more spatial objects are
involved, enabling more variability in the classifications.

Further, although the use of both area and network
object-based adjacency measures used in the generation
of Figs. 4 and 5 yield some interesting results, the assump-
tion of uniformity between polygons and network objects is
not always realistic. Fig. 6a shows Low—low clusters have
an obvious dominance in this study region, especially in
the Buffalo area of Erie County. Interestingly, this portion
of the study region was not identified as significant in the
analysis of ZIP polygons or network objects.

A high-high cluster is still present in south-eastern
Chautauqua County (Jamestown, NY), but the number
of ZIP code areas having arcs classified as high—high was
noticeably smaller. This is likely due to a sparser transpor-
tation network and the larger spatial extent of the ZIP
codes found in this region, and hence the lower number
of neighbours for each arc. A similar instance of Low-—

Table 2a
Local Moran’s I summary for arc-based analysis specifying one mile
neighbourhood (average number of neighbours = 74; Global 7 = 0.2231)

Moran’s I Class % Obs. Minimum Maximum Mean

High-high 1.4 0.1256 83.9324 9.9672
High-low 2.4 —1.6779 —0.0645 —0.3528
Low-high 3.9 —1.6779 —0.0075 —0.1101
Low-low 11.0 0.0037 1.6908 0.3271
Not significant 81.3 —-1.6779 4.4240 0.0705
Total 100.0 —1.6779 83.9324 0.2231

low clustering can be observed in Wyoming County, where
given the defined distance threshold, significant spatial
autocorrelation is limited to the border regions of each
ZIP code polygon. This is a particularly notable result
and suggests that some portions of a ZIP code may not
necessarily be influenced by all other surrounding ZIP
codes given the defined neighbourhood. Hence, as dis-
cussed in Section 1, the relationship between polygons is
not always as clear-cut as it might appear because some
areas of a polygon may not have a strong spatial connec-
tion (e.g., via transportation arcs) to other polygons. In
these instances, modelling the neighbourhoods of ZIP
codes based on component arcs, as done here, permits a
gradient of spatial relationship to be incorporated into
models of spatial analysis.

For instance, the two mile neighbourhood results
depicted in Fig. 6b show an increased number of significant
arcs in the Buffalo metro area. Further, a more established
cluster of high—low spatial correlation emerges in this area.
A majority of the arcs in these metropolitan ZIP codes are
involved in significant correlations given their relatively
small spatial extent and the density of the arcs involved.
It is also important to note that the central regions of many
ZIP codes are not involved in significant autocorrelation.
This is because neighbourhoods of arcs in these areas are
composed entirely of a native ZIP code arcs, hence there
are no associations with non-native ZIP codes. Further,
Fig. 6b displays a growth of significant high—high arcs in
south-eastern Chautauqua County, while new high—high
clusters are found in Erie County. Also, there is a general
trend of increasing negative spatial correlation that can
be observed throughout the region.

5.4. Subtleties in observed spatial correlation

As highlighted earlier, not all areas of a ZIP code poly-
gon are necessarily involved in significant clustering of
arcs. In many cases, ZIP code polygons are in fact com-
posed of several different classes of spatial correlation. This
behaviour is illustrated in Fig. 7 for the Buffalo metropol-
itan area. In this case, there are many instances where sig-
nificant ZIP coded arcs cover only a portion of ZIP code
polygons. See for instance, the 14226, 14224, and 14086
ZIP code areas. Additionally, ZIP code polygons need
not be composed of arcs bearing a single classification.
For example, Fig. 7 depicts several ZIP areas, notably
14221 and 14150, having statistically significant road seg-
ments of several correlation classifications. This behaviour
is indicative of a transition or gradient of spatial autocor-
relation within a ZIP code area. In the case of ZIP code
14221, there is a spatial gradient moving from high—high
correlation in the ZIP’s southwest portion to high-low cor-
relation in the ZIP’s northern regions. In another instance,
Z1P code 14150 shows a gradient from low—low correlation
in its south-eastern corner to low-high correlation in its
northern sector. Again, the absence of significant arcs in
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Fig. 6. Significant clustering of arc-based prostate cancer rates: (a) one mile neighbourhood and (b) two mile neighbourhood.

areas central to ZIP codes can, in many cases, be due to
arcs lacking non-native ZIP code neighbours.

6. Conclusions

Traditionally, spatial analysis of aggregated data has
focused on the use of the spatial unit of aggregation in
deriving models of spatial dependence. However, repre-
senting all areas within a single spatial unit as uniformly

possessing a single spatial relationship ignores any internal
spatial structure of the phenomena of interest. This is par-
ticularly of concern given that many types of socio-eco-
nomic data are not continuously sampled in space, but
rather are collected from discrete locations. The motivation
for this paper is therefore to experiment with downscaling
the spatial structure of spatial units of analysis using avail-
able data suggestive of more realistic descriptions of spatial
dependence. Such downscaling of space can be used to pro-
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Table 2b

Local Moran’s I summary for arc-based analysis specifying two mile
neighbourhood (average number of non-native neighbours = 318; Global
I1=10.3106)

Moran’s I Class % Obs. Minimum Maximum Mean

High-high 5.6 0.0401 93.3429 4.2529
High-low 5.0 -1.6779 —0.0379 —0.2586
Low-high 6.5 -1.6779 —0.0011 —0.0944
Low-low 22.5 0.0018 1.6908 0.2250
Not significant 60.4 —1.4790 4.2155 0.0667
Total 100.0 —1.6779 93.3429 0.3106

duce a more refined spatial representation of the area of
interest giving socio-economic analysts, epidemiologists
and public health workers more detail as to possible under-
lying spatial relationships at work. This is especially impor-
tant given that mitigation and management of disease can
be costly and thus, a focus on geographies smaller than the
available tabulation area is essential.

In this paper, US ZIP code data are used to illustrate
several approaches to this problem. Unlike US Census
data, ZIP code data are not geographically nested and spa-
tial analyses are typically limited to using available area
representations of ZIP codes. Here, a transportation net-
work is used to incorporate a better spatial representation
of the geographic relationships that may be of concern
when assessing patterns related to prostate cancer. Repre-
sentation of ZIP codes as an arc-based topology is a natu-
ral approach given that ZIP codes are actually defined for
road networks serving population, not polygons. Hence,
use of ZIP coded arcs permits the spatial relationships
between portions of ZIP codes (as represented by associ-
ated arcs) to be modelled in greater detail. Three different
representations of ZIP code data are postulated in this
study: (1) polygon, (2) network object, and (3) arc-based.

For each representation, we detail how descriptions of spa-
tial neighbourhoods can be constructed for use in many
types of analyses. The local Moran’s [ statistic, a measure
of spatial association that requires spatial neighbourhoods
to be defined in advance for all units of analysis, is used to
illustrate the impact of geographic downscaling on spatial
statistics. The resulting maps show how spatial correlation
is affected by downscaling ZIP code areas based on the
underlying network topology and highlight the insight that
can be gained over traditional analysis — particularly with
respect to identifying possible pockets of significant spatial
correlation. It is shown that downscaling in this manner
can help reveal patterns of spatial correlation that may
otherwise be obscured. In this study, all network arcs hav-
ing ZIP code information were included for analysis. How-
ever, some arcs may not (at least in part) represent
populated areas. Given this, future research might work
to further decompose such structures to represent only
populated areas and to attribute arcs with more refined
population data (e.g., dasymetric approaches). Such work
would permit population variability within ZIP codes to
be incorporated in support of spatial analysis.
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