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ANALYSIS AND DETECTION OF HEALTH 
DISPARITIES USING GEOSTATISTICS AND          
A SPACE-TIME INFORMATION SYSTEM  

The case of prostate cancer mortality in the United States, 1970-1994. 
 

Pierre GOOVAERTS  
 

This paper presents a new geostatistical methodology that accounts for spatially 
varying population sizes and spatial patterns in the analysis of cancer mortality 
data.  Poisson kriging is first used to estimate the underlying mortality risk from 
empirical frequencies and population sizes.  This risk is further decomposed into 
local and regional components based on nested semivariogram models of the risk.  
Relationships between kriged risk and covariates (i.e. demography, behavioral or 
socio-economic variables) are then explored locally using geographically weighted 
regression (GWR).  The analysis is conducted in a space-time information system 
(STIS) which facilitates the visualization of temporal changes in spatial patterns 
and the detection of cancer clusters and outliers. 

The methodology is applied to the detection of disparities in prostate cancer 
mortality between black and white males over the continental US in five 5 yr 
periods.  Decomposition of observed rates into local and regional components 
directly supports the identification of local outliers and larger-scale trends, 
respectively (e.g. high risk among whites in farming communities in the north 
central and western states, and for black farmers in the southeastern states).   
Overall, the magnitude of the prostate cancer disparity across the U.S. is 
increasing through time.  Local cluster analysis revealed clusters of high 
disparities along the East coast, while clusters of low disparities are mainly 
located in the central US.  Although the correlation between covariates and 
intensity of disparities is weak at the national scale, GWR reveals strong local 
relationships that vary in both space and time. These insights on geographic 
variation in the impact of socioeconomic and demographic factors emphasize the 
need for local cancer control and intervention strategies to reduce health 
disparities.  
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INTRODUCTION 

Cancer is the second leading cause of death in the United States, accounting for more than 544,000 
deaths each year.  About 1.4 million new cases of cancer are diagnosed annually, and approximately 
7.4 million Americans have or have had cancer.  About half of those who develop the disease will die 
from it.  There is a disproportionate incidence of cancer morbidity and mortality among minorities 
and persons of low-level income in the United States.  For example, the U.S. rates for all cancers 
combined were 40 percent higher among black than white males, and 17 percent higher among black 
than white females [3].  The reduction of health disparities has been recognized as a priority issue 
by the National Institutes of Health.  Causes of health disparities are thought to include 
discrimination that prevents access to diagnosis and care, differences in environmental exposures, 
genetic differences, inequalities in socio-economic status and other factors such as differences in 
risk behavior and diet.  Once sub-populations with substantial disparities are identified, several 
approaches to amelioration of disparities are available, such as outreach programs, educational 
efforts, and other cancer surveillance and control strategies.  However, before any of these can be 
implemented the issue of identifying geographic sub-populations with significant disparities in cancer 
incidence and/or mortality must be addressed.  
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Geographic Information Systems (GIS) facilitate digital cartography, and Atlases of health outcomes 
for both infectious and chronic diseases are now published by national and state health agencies. 
These have proven useful for quantifying patterns in health outcomes such as incidence and 
mortality, for documenting access to health care, providing tools for risk communication and for 
assessing disparities in cancer burdens in underserved populations.  Notwithstanding these benefits, 
there are substantial limitations that arise from using conventional GIS technology, especially for the 
mapping, representation, and analysis of health, socioeconomic, and environmental information for 
populations that are dispersed or mobile and in which space-time relationships are dynamic.  Thus, a 
GIS that is built on spatial, rather than space-time data structures, cannot deal readily with space-
time georeferencing nor space-time queries, and instead is best suited for “snapshots” of static 
systems. These limitations are overcome through the recent development of Space-Time Information 
System (STIS) technology that incorporates temporal information into the spatial data structures; 
thereby enabling powerful epidemiological queries that are not possible through “space only” GIS 
[1,9-10].  

The analysis of cancer mortality maps is frequently hampered by the presence of noise in mortality 
data, which may be caused by unreliable extreme relative risks estimated over small areas, such as 
census tracts.  This problem is exacerbated for minority populations that commonly display drastic 
variations in cancer rates among geographical units due to small population sizes.   Statistical 
smoothing algorithms have been developed to filter local small-scale variations from mortality maps, 
enhancing larger scale regional trends [16].  However, a limitation of the smoothers reported in 
today’s health science literature is that they cannot be tailored easily to the pattern of variability 
displayed by the data (i.e. presence of anisotropy).  Unlike traditional smoothers, geostatistical 
filters account for the spatial pattern of observed frequencies as modeled by the semivariogram, and 
more importantly, the variance of the kriging estimator can be computed.  Simulation studies 
demonstrated the substantially improved accuracy of the risk estimated using Binomial or Poisson 
kriging, relative to head-banging and empirical Bayesian smoothers [7].  Another major advantage 
over existing spatial smoothers is that our technique goes beyond the filtering of noise and allows 
the decomposition of the structured variability according to the spatial scales identified, i.e. both 
local and regional spatial components can be estimated and mapped [8].  Decomposition into local 
and regional components directly supports the identification of local hotspots and coldspots from the 
map of local components and larger-scale trends and differences from the map of regional 
components.  It thus should illuminate potential factors responsible for the spatial distribution of 
mortality rates at different scales, and makes possible the scale-dependent exploration of temporal 
changes and correlations between mortality and covariates.  

Analyses of the correlation between health data and risk factors are traditionally performed using 
global or “aspatial” regression, with the implicit assumption that the impact of covariates is 
constant across the study area.  This assumption is likely unrealistic for large areas, such as the 
United States, which can display substantial geographic variation in the relative importance of 
demographic, social, economic, and environmental conditions.  Several local regression techniques 
have been developed to account for such non-stationarity of relationships in space [4].  In 
geographically weighted regression (GWR), the regression is performed within local windows and 
each observation is weighted according to its proximity to the centre of the window.  Local 
regression coefficients and associated statistics (i.e. proportion of variance explained, correlation 
coefficients) can then be mapped to visualize how the explanatory power of covariates changes 
spatially.   

Capitalizing on the recent development of STIS technology (http://www.terraseer.com/products/ 
stis.html) and geostatistical methodology to analyze cancer data, we are currently developing the 
first GIS-based software to offer tools that are specifically designed for the spatial analysis and 
detection of health disparities, providing: description of spatial patterns of cancer mortality rates 
and identification of scales of variability, spatial filtering to correct for statistical instability caused 
by the smaller size of minority populations, statistical tests to detect significant differences in 
cancer risks among sub-populations, detection of clusters and outliers of significantly high or low 
health disparities, exploration of local relationships using GWR, and visualization of changes in 
disparities through time.  This paper describes several steps of the proposed methodology and 
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presents an application to the detection and analysis of disparities in prostate cancer mortality 
between black males (BM) and white males (WM) over the continental US.  It is worth mentioning 
that this paper does not pretend to conduct a thorough analysis and interpretation of the space-time 
pattern of prostate cancer from aggregate data (ecological fallacy), but references to results of prior 
studies will be made in order to showcase some of the features of the proposed methodology. 

SETTING THE PROBLEM 

Cancer mortality maps are important tools in health research, allowing the identification of spatial 
patterns, clusters and disease ‘hot spots’ that often stimulate research to elucidate causative 
relationships.  The Atlas of Cancer Mortality in the U.S., 1950-94 provides interactive maps, text, 
tables and figures showing geographical patterns and time trends of cancer death rates from periods 
1950-69 and 1970-94 for more than 40 cancers (http://www3.cancer.gov/atlasplus/).  Data can be 
downloaded for different levels of aggregation in space (state, State Economic Area (SEA), county) 
and time (5 yr periods to 20-25 yr periods).  For example, prostate cancer mortality rates for white 
and black males are mapped in Figures 1 and 2, which show screen shots of the Terraseer Space-
Time Intelligence System (STIS), developed by BioMedware.  These rates are calculated as the 
average annual number of deaths from prostate cancer per 100,000 people in the population.  They 
were age-adjusted and aggregated to the SEA unit level.  The maps in Figure 1 correspond to the 
1970-1974 period, while the screen shot of Figure 2 is simply obtained by moving the time slider, 
located at the top of each window, to the last period of 1990-1994.  The color scale includes 10 
classes bounded by the deciles of the distribution of cancer rates measured over the five time 
periods (70-74, 75-79, 80-84, 85-89, 90-94) for each ethnicity. Using the same color scale for Figures 
1 and 2 emphasizes the general increase in prostate cancer rates from 1970 to 1994 for both 
ethnicities [15]. The right top map shows that for most SEA units the rates for black males is 
substantially higher than for white males (twice higher on average), and this gap has widened over 
time.  

 

Figure 1:  Screen shot of STIS software showing maps of prostate cancer mortality rates aggregated to the SEA 
unit level for white and black males (period 1970-1974).  Hatched areas correspond to missing data (zero death 
count).  The scattergram illustrates the larger variability in rates observed for SEA units with small populations.   
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Figure 2:  Update of the screen shot of Figure 1 obtained by moving the time slider                                            
so that information recorded for the time period 1990-1994 is now displayed.      

The analysis of the mortality maps in Figures 1 and 2 is to some extent biased by the fact that the 
rates for the 506 SEA units do not have the same reliability; the scattergram in both figures shows 
the greater variability of rates recorded for small population sizes, a feature even more apparent for 
smaller black populations.  For black males there are also approximately one hundred missing 
observations, corresponding to SEA units where no death was reported during the time period. Yet, 
an empirical rate of zero does not mean that the risk of developing cancer is nil.  Thus, any attempt 
to detect health disparities or cluster/outliers of high rates first requires an analysis to estimate the 
true mortality risk prevailing in every geographical unit, and to correct for statistical instability 
caused by small population sizes. 

GEOSTATISTICAL ANALYSIS OF CANCER RATES 

For a given number N of entities (e.g. counties, states, electoral ward), denote the number of 
recorded mortality cases by d(uα) and the size of the population at risk is n(uα).  Following most 
authors [2,14] entities are referenced geographically by their centroids (or seats) with the vector of 
spatial coordinates uα=(xα,yα), which means that the actual spatial support (i.e. size and shape of 
the county or ward) is ignored in the analysis.  The empirical or observed mortality rates are then 
denoted as z(uα)=d(uα)/n(uα).  

Poisson Kriging 

The rates recorded at N=506 SEA units can be modeled as the sum of the risk of developing cancer 
and a random component (error term ε) due to spatially varying population size, n(uα): 

 Z(uα) = R(uα) + ε(uα)          α=1,…,N       (1) 

Conditionally to a fixed risk function R(uα), the count variable D(uα) follows a Poisson distribution 
with one parameter (expected number of counts) that is the product of the population size n(uα) by 
the risk R(uα).  The following relations are satisfied: 

 E[ε(uα)]=0    and    Var[ε(uα)]=R(uα)/n(uα)     (2) 

 E[Z(uα)]= E[R(uα)]=m   and   Var[Z(uα)]=Var[R(uα)]+Var[ε(uα)]      (3)  
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For estimation purpose and in agreement with Monestiez et al. [12,13], the variance of the error 
term can be approximated as Var[ε(uα)]=σε

2=m/n(uα), where the mean parameter m is estimated by 
the population-weighted average of rates, m*.  The risk over a given entity with centroid uα is 
estimated from s(uα) neighboring observed rates as: 
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The kriging weights are solution of the following “Poisson Kriging” (PK) system: 
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where δij=1 if ui=uj and 0 otherwise.  The addition of an “error variance” term, m*/n(ui), for a zero 
distance accounts for variability arising from population size, leading to smaller weights for less 
reliable data (i.e. measured over smaller populations).  Note that kriging is used here to filter the 
noise from the observed rates aggregated to the SEA level, not to estimate the risk within the unit 
itself (disaggregation procedure).  There thus is no change of support and the underlying hypothesis 
is that all SEA units have the same spatial support.  

The kriging variance associated with the estimator (4) is computed using the traditional formula for 
the ordinary kriging variance: 
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Quantity (6) differs, however, from the traditional kriging variance in that: 1) it depends not only on 
the data configuration but also on the reliability of each of these data which is a function of the 
population size, and 2) the kriging variance is non-zero even when estimating at a sampled location 
since the quantity to be estimated (risk) is different from the one measured (empirical rate).  
System (5) and equation (6) require knowledge of the covariance of the unknown risk, CR(h), or 
equivalently its semivariogram γR(h)=CR(0)-CR(h).  Following the approach derived by Monestiez et al. 
[12,13], the semivariogram of the risk is estimated as: 
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where the different pairs [z(uα)-z(uα+h)] are weighted by the corresponding population sizes to 
homogenize their variance.  The experimental semivariogram of the risk for white and black males 
was estimated for each of the 5 time periods using equation (7).  Figure 3 (right column) shows the 
results for 1970-1974 and 1990-1994, with the model fitted using weighted least-square regression. 
The left column shows the traditional semivariograms computed directly from the observed rates. 
The semivariograms of the risk are much better structured and have a smaller sill than the 
corresponding semivariogram of the rates.  This is expected since the weights in expression (7) 
attenuate the influence of extreme rates computed from small population sizes and subtraction of 
the correction term m* reduces the variance even more.  Rates for white males, which are computed 
from larger populations, display stronger spatial patterns.  In particular for the risk, the variability 
tends to be smaller along the EW direction of azimuth 90, which is caused by the North-South 
gradient of WM prostate cancer mortality reported by other authors [11]. 
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Figure 3: Semivariograms of prostate cancer mortality rates with the model fitted by weighted least-squares for 
two ethnicities and time periods.  Right column shows for the same datasets the semivariogram of risk estimated 

according to expression (7). 

Risk semivariogram models were used to estimate the risk and the associated kriging variance for 
each time period.  The risk maps in Figure 4 (2nd row) are much smoother than the original rate maps 
(top graphs), since the noise caused by small population size has been filtered.  These maps allow a 
better visualization of areas of higher risks, such as northwestern quadrant and New England for 
white males, while the risk is higher in Florida, the East coast and eastern part of the north-central 
area for black males.  Similar patterns are observed 25 years later, although the overall risk has 
increased substantially (bottom maps).  The maps of the kriging variance indicate the higher 
reliability of risks estimated in densely populated metropolitan areas (dark blue in 3rd row maps).  
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Figure 4: Maps of observed rates (top graphs), and estimated risks for the periods 1970-1974 and 1985-1989. 
These maps illustrate the substantial increase, over 25 years, in the risk of prostate cancer mortality for both 

ethnicities. The kriging variance maps indicate the larger reliability (smaller prediction variance) of risks 
estimated in SEA units that are densely populated and close to other units in terms of distance between 

centroids. 

WM mortality rate (1970-1974) BM mortality rate (1970-1974) 

WM kriged risk (1970-1974) BM kriged risk (1970-1974) 

WM kriging variance (1970-1974) 

WM kriged risk (1985-1989) BM kriged risk (1985-1989) 

BM kriging variance (1970-1974) 
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Spatial Decomposition of Risk Maps 

The spatial distribution of mortality rates is likely influenced by demographic, economic and 
environmental factors.  If the scales at which these different factors operate are very different from 
one another, then this  should be apparent in the estimated semivariogram of the risk that would be 
modelled using several basic semivariogram structures.  For example, for the period 1970-1974, the 
semivariogram of the risk for white males (Figure 3, right top graph) was modelled using a nugget 
effect (discontinuity at the origin), a spherical model with a short range of 130 km and a cubic model 
with a much longer range (i.e. 4,139 km in EW direction and 929 km in N-S direction).  This nested 
model can be written as: 

 γR(h) = b0 δ(h) + b1 g1(h) + b2 g2(h)       (8) 

where δ(h) = 1 if h>0, and 0 otherwise. The sills of the nugget effect, spherical (g1(h)) and cubic 
(g2(h)) models are denoted b0, b1 and b2, respectively.  On the basis of this nested model, the risk in 
expression (1) can be decomposed into spatial components as: 

 Z(uα)=R(uα)+ε(uα)= R0(uα)+R1(uα)+ R2(uα)+ε(uα)     (9) 

Each component is estimated using an estimator of type (4).  The kriging weights are the solution of 
a Poisson kriging system where the right-hand side covariance term CR(ui-uα) is replaced by the 
covariance of the spatial component being estimated; see [6] for an example of kriging analysis.  In 
this paper, each risk was decomposed into a regional and a local component that combines both 
nugget effect and short range basic model; see Figure 5 for an application to 1970-1974.  

 

  

 

  

Figure 5: Maps of the local and regional components of prostate cancer mortality risk for the period 1970-1974. 
The regional component displays the large-scale trend in risk for both ethnicities, while the local component 

reflects local departures from this regional background.  

BM local component (1970-1974) WM local component (1970-1974) 

BM regional component (1970-1974) WM regional component (1970-1974) 
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The maps of regional components are smoother than the risk maps of Figure 4 (2nd row), since not 
only the variability arising from small population sizes but also the local variability has been filtered. 
These maps display the regional background in prostate cancer risk across the US, in particular the 
North-South gradient in mortality for white males.  The maps of local components highlight the SEA 
units with a mortality risk that departs from the regional background.  For example, the kriged 
mortality risk for black males in Sarasota (Florida) is 44.3 per 100,000 person-years, which is 
substantially higher than the regional value of 39.6.  Such maps should guide the undertaking of 
future studies to identify causes for these local spikes in cancer risk. 

The spatial decomposition was performed for each time period, allowing the exploration of temporal 
persistence of spatial patterns at different scales.  In particular, the difference between regional 
risk backgrounds for black and white males was computed and mapped in Figure 6.  These maps 
illustrate the general increase in regional disparities across the US; only six SEA units depicted in 
dark blue in the right bottom map have experienced a slight attenuation in the difference between 
BM and WM mortality risk over the 25 yr period.  The large increase observed in the northern central 
part of the country must be interpreted with caution because of the large prediction error due to 
small black populations; recall the kriging variance maps in Figure 4.  More significant is the growing 
gap between BM and WM risks found in the South Atlantic area.  The largest difference is found in 
Atlanta, GA where the difference between BM and WM prostate mortality risks increased from 14.2 
to 36.5 deaths per 100,000 people.  

 

  

 

  

Figure 6: Maps of the regional differences in prostate cancer mortality risks for black and white males.  The right 
bottom map shows the change in regional background of health disparities over the 25 yr period studied (i.e. 
difference between the 1990-1994 and 1970-1974 disparity maps).

BM-WM risk (1970-1974) BM-WM risk (1980-1984) 

BM-WM risk (1990-1994) Disparity change (70-74 to 90-94) 
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Detection of Health Disparities 

Unlike most techniques for cancer rate smoothing, Poisson kriging provides a measure of the 
reliability of kriged risk (4), that is the kriging variance (eq. 6).  A straightforward t-test can then be 
used to assess whether the magnitude of the difference between the risks for black and white males 
is significantly different from zero, or in other words to detect significant health disparities.  The 
test statistic to detect health disparity at any location uα is:  
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which has approximately a standard normal distribution. The significance level of this test needs to 
be adjusted in order to account for the fact that the multiple tests (i.e. 506 in this study) are not 
independent. A very conservative Bonferroni adjustment was used here, whereby the selected 
significance level (e.g. α=0.01 or 0.05) is divided by the total number of tests.  Despite the choice of 
a very conservative significance level, Figure 7 shows that a large number of SEA units display 
significant or highly significant health disparities.  This number increases with time, which confirms 
the temporal trend displayed in Figure 6.  This trend is however not linear; the sequence of maps 
shows a modest drop in the proportion of highly significant disparities during the period 1985-1989. 

 

 

 

 

 

 

Figure 7: Maps of SEA units where health disparities, as quantified using the test statistic (10), are found either 
highly significant (red), significant (light blue) or non-significant (white). 

Health disparities (1970-1974) Health disparities (1980-1984) 

Health disparities (1985-1989) 

Highly significant disparities 

Significant disparities 

Health disparities (1990-1994) 
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LOCAL CLUSTER ANALYSIS 

Once the rates have been geostatistically filtered, classical Exploratory Spatial Data Analysis (ESDA) 
techniques can be applied to investigate the existence of local clusters or outliers of high or low 
cancer risk values.  The local Moran test evaluates local clustering or spatial autocorrelation. Its null 
hypothesis is that there is no association between rates in neighboring SEA units.  The working 
(alternative) hypothesis is that spatial clustering exists.  For each SEA unit, the so-called LISA (Local 
Indicator of Spatial Autocorrelation) statistic is computed as:  
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where )(ˆ αur  is the kriged risk for the SEA unit being tested, which is referred to as the “kernel” 
hereafter; )(ˆ jr u  are the values for the J(uα) neighboring SEA that are here defined as units sharing 
a common border or vertex with the kernel uα (1-st order queen adjacencies).  All values are 
standardized using the mean m and standard deviation s of the 506 SEA units. Since the standardized 
values have zero mean, a negative value for the LISA statistic indicates a negative local auto-
correlation and the presence of spatial outlier where the kernel value is much lower (higher) than 
the surrounding values.  Cluster of low (high) values will lead to positive values of the LISA statistic. 

In addition to the sign of the LISA statistic, its magnitude informs on the extent to which kernel and 
neighborhood values differ.  To test whether this difference is significant or not, a Monte Carlo 
simulation is conducted, which traditionally consists of sampling randomly and without replacement 
the global distribution of rates (i.e. sample histogram) and computing the corresponding simulated 
neighborhood averages.  This operation is repeated many times (e.g. L=999 draws) and these 
simulated values are multiplied by the kernel value to produce a set of L simulated values of the 
LISA statistic at location uα.  This set represents a numerical approximation of the probability 
distribution of the LISA statistic at uα, under the assumption of spatial independence.  The observed 
statistic (eq. 11) is compared to the probability distribution, allowing the computation of the 
probability of not rejecting the null hypothesis. The so-called p-value is compared to the significance 
level α chosen by the user and representing the probability of rejecting the null hypothesis when it is 
true (Type I error). The smaller α the fewer units will be declared significant clusters or outliers. 
Following Goovaerts and Jacquez [6], an adjusted significance level α=0.009356 was used to account 
for the fact that the multiple tests (i.e. 506 in this study) are not independent since near SEA units 
share similar neighbors.  This significance level was obtained through the division of the significance 
level α=0.05 by the average number of neighbors in each test.  

Figure 8 shows the results of a cluster analysis conducted for the first and last time periods on the 
kriged risks for white and black males, as well as their differences.  The top maps confirm the 
existence for white males of a cluster of elevated risk in the northwestern quadrant, and in New 
England in 1970-1974.  Clusters of lower risk are observed in Southern Florida and in part of the 
Midwest.  For black males, the cluster of elevated risk in the South Atlantic area expands over time, 
while the one in the Mid-Atlantic States vanishes.  Clusters of low BM risks are even less persistent in 
time: see for example Southern states in 1970-1974 and the West coast in 1990-1994.  Results of the 
cluster analysis of health disparities mainly follow the patterns found for BM risk: clusters of high 
disparities along the East coast, while clusters of low disparities are mainly located in the South for 
1970-1974 and the western central part of the US in 1990-1994.  Florida is the state where clusters 
coexist of low risk for WM and elevated risk for BM.  The bottom map indicates that the SEA units 
with the largest temporal increase in health disparities cluster in the South Atlantic area and in 
Wisconsin; the latest finding being questionable because of large prediction errors.  Clusters of lower 
increase in disparities are found in the western central part of the US and in some NY and PA SEA 
units.  Note the absence of outliers in all these maps, which is likely caused by the smoothing 
created by kriging.  A few outliers were however detected at intermediate times.  
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Figure 8: Results of the local cluster analysis conducted on kriged risks for white and black males, their 
differences (BM-WM, health disparities), and the change in health disparities during the 25 yr period (i.e. 

difference between the 1990-1994 and 1970-1974 disparity maps). 
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EXPLORATION OF RELATIONSHIPS BETWEEN RISK AND SELECTED CHARACTERISTICS  

Geostatistical analysis produced risk maps with clear spatial trends that may reflect regional 
differences in risk behaviors (such as the predilection for high-fat diets, increased alcohol 
consumption and smoking in some northern states), socio-economic status, population density or 
ethnic origin.  According to previous studies however, the reasons for the geographic patterns of 
prostate cancer mortality are still unclear [5,11,15].  The only well-established risk factors for 
prostate cancer are ethnicity, age and family history of prostate cancer.  In our analysis, the first 
two factors were filtered through age-adjustment and aggregation to the SEA unit level.  The major 
race factor was accounted for by studying black and white populations separately. Yet, in the white 
population, Hispanic men are reported to have a 30% lower risk than non-Hispanic.  The 
concentration of the Hispanic population in the southern and western parts of the United States 
could thus partially explain the North-South gradient in mortality risks for white males noticed in 
Figure 5.  The impact of socio-economic status on mortality rates is not obvious; some studies 
indicate slightly more elevated mortality in counties with higher socio-economic level, which may be 
explained by easier access to medical care and testing, leading to a higher likelihood for prostate 
cancer to be diagnosed [5]. 

To illustrate some of the limitations of “global” or “aspatial” ecological regression studies, we 
conducted a preliminary analysis of the impact of environmental, demographic, socioeconomic and 
behavioral factors on spatial pattern of mortality risks and health disparities.  Public-domain data 
were downloaded from http://www.personal.psu.edu/users/a/c/acr181/election.html.  The dataset 
includes 53 covariates that inform on the demography (2000 US census), environment (EPA 1997 
Emission Inventory), behavior and socio-economics (CDC Behavioral Risk Factor Surveillance System) 
of all US counties.  Although the observation times for mortality data and these covariates do not 
overlap, this dataset should provide useful information on major patterns of correlation. It is also 
worth reminding that the focus of this paper is more on the description of an innovative methodology 
than a detailed study of prostate cancer mortality.  Data were summarized using principal 
component analysis (PCA); the resulting factors were then aggregated to the SEA level and their 
relationships with cancer mortality risks was investigated using a regression analysis globally and 
within local windows. 

Factor Analysis of Covariates 

A PCA was conducted on a subset of 18 covariates that seemed the most relevant for the analysis.  A 
Varimax rotation was applied to the first five factors to maximize the contribution of each covariate 
to a single factor and so facilitate the physical interpretation of those factors.  The five factors 
explain a total of 67% of the total variance and can be loosely interpreted as environmental (F1-F2), 
demographic/economic (F3-F4) and behavioral (F5) factors; see Table 1. Factor scores were 
aggregated from the county to the SEA unit level using a population-weighted average.   

Table 1. Results of factor analysis of the set of covariates. 

Factors % variance 
explained 

Covariates with strongest correlation 

F1 (carcinogens, 
     urbanization) 

27.2 Xylene (0.84), Toluene (0.84), methylene (0.84), % Urbani-
zation (0.68), homevalue (0.74), MD ratio (0.60), hospital ratio 
(-0.42) 

F2 (heavy metals) 14.3 Mercury (0.78), Nickel (0.77), Arsenic (0.91) 

F3 (socioeconomics, 
      ethnicity) 

10.1 % Unemployed (0.69), Coefficient of income inequality (0.66), 
% black (0.59), per capita income (-0.49) 

F4 (socioeconomics, 
      ethnicity) 

8.1 % without health insurance (0.77), % of Hispanic origin (0.75) 

F5 (behavior) 7.3 % smokers (0.81), % obese (0.64) 
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Figure 9: Maps of factor scores summarizing the major patterns found in the dataset of environmental, 
demographic, socioeconomic and behavioral covariates; see Table 1 for an interpretation of each factor.      

Factor maps in Figure 9 display very distinct spatial patterns.  The urbanization and carcinogen 
factor (F1) has high values in New England and California, while the 2nd factor (heavy metals) 
displays large values in Southern California (E. Bakerfield) and in the Duluth SEA.  The 3rd factor 
shows a North-South gradient, with lower unemployment and proportion of black males in the 
central plains and New England.  The 4th factor follows the spatial distribution of the Hispanic 
population with high scores in the southwestern part of the US.  The behavioral factor (F5) indicates 
high smoking and obesity in the Great lakes region, Appalachians, North East and some parts of the 
South (i.e. Ft. Lauderdale, Miami and Lufkin in Texas).   

The explanatory power of these five factors was investigated using the following multiple linear 
regression model: 
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where b0 is the intercept and bk is the regression coefficient (slope) of each of the five factors, 
denoted xk.  To account for the reliability of kriged risks in the regression, each observation receives 
a weight that is the reciprocal of the kriging variance for WM and BM risk values, and the reciprocal 

Factor 1 (carcinogens, urbanization) Factor 2 (heavy metals) 

Factor 3 (Unemployment, %black) Factor 4 (no insurance, %Hispanic) 

Factor 5 (smoking, obesity) 
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of the sum of WM and BM kriging variances for the difference (BM risk- WM risk).  For the five 
different periods, this linear model explains only a moderate proportion of the total variance in WM 
kriged risk: R2=16-33%.  This proportion is even lower when the independent variable y corresponds 
to BM kriged risk (9-17%), the health disparity computed as the difference between kriged risks (5-
9%), or the temporal change in health disparities (12%).  It is noteworthy that the behavioral factor is 
always significant for white males, while it is not for black males.   
 
Geographically Weighted Regression 

The lack of explanatory power of covariates in a traditional “aspatial” multiple regression (eq. 12) 
might indicate that the geographic variation in risk factors for prostate cancer mortality is too 
complex to be captured by a single set of regression coefficients.  Some authors [11] have suggested 
targeting the studies to specific regions in the country, but it requires an a priori and subjective 
delineation of these regions.  Geographically weighted regression [4] avoids this problem by 
performing the regression within local windows centered on each observation y(uα), leading to the 
following regression model with location-specific (non-stationary) coefficients: 
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The regression coefficients, and associated statistics (e.g. proportion of variance explained, 
correlation coefficients), can then be mapped to analyze spatial trends in the relationship.  Within a 
window, the vector of independent variable and covariates at any location ui receives a weight that 
is a function of its proximity to the center of the window, uα.  In this paper, the local regression was 
based on the 50 closest observations (10% dataset) and each data vector received a weight w=exp(-
d2/G2), where d is the distance between the datum and the center of the window. The parameter G 
is the bandwidth of the weighting function, which controls the “range of influence” of observations 
in the regression.  G was chosen using a cross-validation approach, whereby the local regression is 
conducted at each of the N locations uα, omitting the data vector at that location.  The estimated b 
coefficients are then combined with the factor scores to predict the y-value at uα, and the 
regression residual is computed as [y*(uα)-y(uα)].  The procedure is repeated for a series of 
bandwidth values and one selects the G-value that minimizes the sum of squares of residuals.  The 
following bandwidths are optimal for the four types of independent variables: WM risk (350km), BM 
risk (450km), health disparities (400km), and temporal change in health disparities (500km).  To 
account for the reliability of risk estimates and their difference into the local regression, the 
geographic weight w was divided by the kriging variance for WM and BM risks, and by the sum of the 
WM and BM kriging variances for the health disparities and their temporal changes.  

Application of geographically weighted regression leads to an average proportion of variance 
explained (R2) over all 506 SEA units that is much higher than the R2 obtained using global regression: 
WM risk (30-39%), BM risk (25-31%), health disparities (24-32%), and their change in time (23%).  
Figure 10 shows the spatial distribution of local R2 for the first period 1970-1974 and the 1985-1989 
period where the largest local R2 values were observed for all independent variables.  There is no 
clear relationship between R2 and values of the independent variable, indicating that large risks or 
disparities are not more (or less) well explained than smaller ones.  The spatial pattern of R2 values 
also changes substantially over time (e.g. see California), with the exception of Florida that shows 
consistently high R2 values for WM risk for all time periods.  The R2 maps for health disparities display 
major feature of BM risk R2 map in the South and West, while the pattern observed in New England 
and Florida is mainly controlled by the WM risk.  The average proportion of variance explained is the 
smallest for the map of temporal changes in disparities; the largest R2 (40-50%) are observed in 
Southern Appalachians.  
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Figure 10: Maps of the proportion of variance explained (R2) by geographically weighted regression for four 
independent variables: prostate cancer mortality risks for white and black males, health disparities (BM-WM), and 

temporal change in disparities.  Results are displayed for the first (1970-1974) and 4th time period (1985-1989) 
for which the largest average R2 was computed for all variables.  

 

WM kriged risk (1985-1989) WM kriged risk (1970-1974) 

BM kriged risk (1970-1974) BM kriged risk (1985-1989) 

(BM-WM) kriged risk (1970-1974) (BM-WM) kriged risk (1985-1989) 

Disparity change (70-74 to 90-94) 
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Figure 11: Maps of the local correlation coefficients between magnitude of health disparities for the 1985-1989 
period (top map) and the five environmental, demographic, socioeconomic and behavioral factors mapped in 

Figure 9.  The same color scale applies to all correlation maps.  The right bottom map shows for each SEA unit 
the factor with the most significant correlation coefficient (hatched areas correspond to negative correlation). 

SEA units with non significant correlation are depicted in white 

Factor 1 (carcinogens, urbanization) Factor 2 (heavy metals) 

Factor 3 (Unemployment, %black) Factor 4 (no insurance, %Hispanic) 

Factor 5 (smoking, obesity) Factors with significant correlation 

F5 
F4 
F3 
F2 
F1 

(BM-WM) kriged risk (1985-1989) 
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The R2 maps in Figure 10 only provide a lumped measure of the explanatory power of all five factors.  
Figure 11 maps the separate contribution of each factor for health disparities in prostate cancer 
mortality risk (1985-1989).  The correlation maps indicate that in many parts of the US (e.g. 
California, New England, Florida) more than one factor explains the variability in health disparities 
note that albeit globally independent, the factor scores may display locally strong correlations 
inducing colinearity.  Most of the large positive correlations are measured for Factors 1 and 4, while 
Factor 3 is mainly negatively correlated with the magnitude of health disparities.  The information 
contained in all five correlation maps is roughly summarized in the bottom right map that shows, for 
each SEA unit, the factor with the most significant correlation (hatched areas denote negative 
correlation).  The p-value of each correlation coefficient was estimated by Monte-Carlo simulation: 
the map of health disparities was randomized 999 times and the local correlation with factor scores 
was re-estimated using GWR, providing the distribution of probability of the correlation coefficient 
under the assumption of no relationship.  Only the factors that display a highly significant correlation 
(p-values ≤ 0.01) are mapped. 

For example, the most significant correlation in the Southeast is found for Factor 3, which reflects 
unemployment, income inequality and higher percentage of black population (Table 1).  Although 
the negative correlation might sound puzzling at first glance, a closer look at the maps reveals an 
increase in health disparities towards the South, while the percentage of black and unemployment 
decreases; see Figure 12.   GWR correlation maps are thus useful tools to draw attention to specific 
areas and factors, which can then be analyzed in more details using brushing capabilities of the STIS 
software that links together statistical graphics and maps in all windows.  The “factor map” also 
indicates that many factors contribute to the cluster of high disparities observed in the South 
Atlantic area; which supports earlier claims that no single set of socioeconomic and demographic 
factors can be identified [11].  The behavioral Factor 5 (smoking, obesity) has a significant positive 
correlation with health disparities only in parts of Kansas and Missouri, while it displays a negative 
correlation in Southern Appalachians: a decrease in smoking/obesity when moving NW (Ohio, 
Kentucky) to SE (Virginia, North Carolina) is associated with an increase in health disparities.  

 

Figure 12:  Screen shot of STIS software.  Based on the correlation map produced by geographically weighted 
regression in Figure 11, the user is “brushing” the maps of health disparities and socioeconomic Factor 3 scores. 

The linked scattergram illustrates the negative correlation found in the Southeast (orange dots).   
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Figure 13: Significant factor map for the change in health disparities from 1970-74 to 1990-94.  Right map shows 
the factors that are significantly correlated with WM risk over at least four of the five time periods.   

Figure 13 (left) shows the map of significant factors for the temporal change in health disparities.  As 
for the factor map of Figure 11, Factor 5 displays a negative correlation in Southern Appalachians 
(see previous explanation).  A significant negative correlation is also found in the other area of 
substantial increase in health disparities (South Atlantic area):  a smaller increase in disparities is 
observed in neighboring SEA units (e.g. Southern Florida, Louisiana and Texas) where Factor 4 scores 
(proportion of Hispanic and without health insurance) are higher.  The temporal stability of local 
correlation maps was explored by counting the number of SEA units where the same factor has the 
most significant correlation (p-value ≤ 0.01) of same sign over at least four of the five time periods.  
This number is very small for BM risk (6 units) and consequently health disparities (9 units).  The 
spatial pattern is much more persistent for WM risk (66 units), and the corresponding factor map is 
displayed in Figure 13 (right).  Clusters of negative correlation in the central parts of the country can 
be explained by the decrease in WM prostate cancer mortality risk when moving away from the North 
Central states while the proportion of smokers/obese (F5) and unemployment (F3) increases.  

CONCLUSIONS 

A space-time information system, coupled with geostatistical processing of cancer rates and 
geographically weighted regression, is a powerful tool to analyze the wealth of information in the 
Atlas of Cancer Mortality and other health, environmental and demographic databases.  The 
visualization environment, including window brushing and linking, supports the almost instantaneous 
identification of clusters, trends, spatial and statistical outliers, and locations of missing data, 
providing insights that otherwise could only be obtained through laborious and time-consuming 
inspection of tables and static graphics.  STIS software allows the investigation and visualization of 
relationships between health disparity data and potential factors, such as environmental exposures, 
demography, and socio-economic conditions, leading to: (1) a better understanding of the causes 
underlying observed racial disparities in cancer mortality, and (2) long-term quantification of the 
benefits of current strategies for reducing the disproportionate incidence of cancer morbidity and 
mortality among minorities and the medically underserved in the United States.  The regional study 
of prostate cancer mortality data illustrates the complexity of patterns of mortality and health 
disparities at the scale of the United States, in particular the lack of temporal persistence for BM 
risks and health disparities.  More detailed analysis of health disparities require the availability of 
mortality data and other covariates at a finer scale, where the user will face higher instability of 
rates, reinforcing the benefit of uncertainty measures provided by geostatistical prediction of risk.     
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