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Abstract

The objective of this research is to identify the sociodemographic, environmental, and lifestyle factors associated with
the geographic variability of Diabetes Mellitus (DM) prevalence in the City of Winnipeg, Manitoba in Canada. An
ecological regression study design was employed for this purpose. The study population included all prevalent cases of
DM in 1998 for Winnipeg. Predictor and outcome data were aggregated for analysis using two methods. First, the
spatial scan statistic was used to aggregate study data into highly probable diabetes prevalence clusters. Secondly,
predictor and outcome data were aggregated to existing administrative health areas. Analysis of variance and spatial
and non-spatial linear regression techniques were used to explore the relationship between predictor and outcome
variables. The results of the two methods of data aggregation on regression results were compared. Mapping and
statistical analysis revealed substantial clustering and small-area variations in the prevalence of DM in the City of
Winnipeg. The observed variations were associated with variations in socioeconomic, environmental and lifestyle
characteristics of the population. The two methods of data aggregation used in the study generated very similar results
in terms of identifying the geographic location of DM clusters and of the population characteristics ecologically
correlated to those clusters. High rates of DM prevalence are strongly correlated with indicators of low socioeconomic
status, poor environmental quality and poor lifestyles. This analysis further illustrates what a useful tool the spatial scan

statistic can be when used in conjunction with ecological regression to explore the etiology of chronic disease.
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1. Introduction

Type 2 Diabetes Mellitus (T2DM) is one of the most
common non-communicable diseases in the world today
(Amos, McCarty, & Zimmet, 1997). It is projected that
the number of cases of T2DM around the world will
increase rapidly over the next 25 years, from 154 million
estimated cases in 2000 to 300 million cases in 2025
(King, Aubert, & Herman, 1998). There is great debate
about the cause of the T2DM epidemic (Swinburn,
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1996). Although there is general consensus that T2DM
has both genetic and social roots, there is little consensus
on the relative contribution of these factors (Carter,
Pugh, & Monterrosa, 1996; Fujimoto, 1996; Haffner,
1998; Hales & Barker, 1992; Hales, Desai, & Ozanne,
1997; McDermott, 1998; Ozanne & Hales, 1998).

This study used two spatial techniques to explore the
geographic variability of Diabetes Mellitus (DM) pre-
valence in the City of Winnipeg, Manitoba. Since 95%
of all cases of DM are estimated to be T2DM (Harris,
1995), DM prevalence was used in this study as a proxy
for T2DM. A common problem in geographic epide-
miology is that observed rates, especially in low
incidence or prevalence situations, can often be artefacts
of the areal geographic units to which individual events
are aggregated for analysis. This can have the effect of
rendering invisible small geographic areas that have
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significantly elevated rates of disease (Meade & Ear-
ickson, 2000). The spatial scan statistic, the first
geographic method used in this study, avoids this
problem by iteratively creating a number of statistically
significant high- and low-rate cluster areas from small
geographic regions. The spatial scan has been used in a
number of recent studies to identify spatial clusters of
cancer (Hjalmars & Gustafsson, 1999; Hjalmars, Kull-
dorff, Gustafsson, & Nagarwalla, 1996; Hjalmars,
Kulldorff, Wahlqvist, & Lannering, 1999; Jemal, Deve-
sa, Kulldorff, Hayes, & Fraumeni, 2000; Kulldorff,
Athas, Feurer, Miller, & Key, 1998a; Kulldorff, Feuer,
Miller, & Freedman, 1997; Kulldorff & Nagarwalla,
1995), child-hood mortality (Sankoh, Ye, Sauerborn,
Muller, & Becher, 2001), aviation crashes (Grabowski &
Li, 2001) and acute respiratory disease in cattle(Nor-
strom, Pfeiffer, & Jarp, 1999). This spatial scan method
is compared to the more traditional approach of
aggregating event data to pre-existing and large geo-
graphic administrative areas.

Materials and methods
Study setting

The study was conducted in the City of Winnipeg,
Manitoba, Canada. Winnipeg has a population of
632,000 and is the only large metropolitan city in the
province. Over the past 20 years, Winnipeg has
experienced significant social and physical deterioration
of its central core and downtown area, paired with rapid
growth of its peripheral suburbs. The majority of the
population historically have been of European descent.
However, because of in-migration from rural commu-
nities and natural population increases, an increasing
percentage of the population is of Aboriginal descent.
Manitoba has a universal health insurance plan and all
residents of the province are eligible to receive health
care services without cost.

Data sources

Sociodemographic data including self-reported Abori-
ginal status were obtained from the 1996 Census Canada
microdata files. Data on the quality of the physical and
social environment in 1999 were obtained from the City
of Winnipeg. Data on smoking rates and DM pre-
valence data for 1998 were obtained from the Manitoba
Health Epidemiology Unit. Definitions for the socio-
demographic, lifestyle and environmental predictor
variables are included in Table 2. The methodology
used to generate population-based DM prevalence
estimates has been described previously (Blanchard
et al, 1996). This method used the standardized case
definition of either one hospital visit or two physician

visits with a DM diagnosis (ICD 250) within a 2-year
period in order to generate DM incidence and pre-
valence estimates from hospital and physician claims
data. This methodology was unable, however, to
distinguish between T2DM and DM. Hospital and
physician claims data were available for all residents of
Manitoba since the entire population is covered by a
universal health care program. Population denominator
data were obtained from the Manitoba Health popula-
tion registry of all citizens insured for health services in
the province. All data were aggregated initially to the
neighborhood level (n=230) using the geocoding
functionality within the GIS software Arc-View 3.2
(Environmental Systems Research Institute, 1999).

Spatial methods

Two methods were used to explore the geographic
variability and clustering of DM within the City of
Winnipeg and to identify, using ecological methods, the
social and environmental factors associated with varia-
bility in DM. The first is the spatial scan method and the
second is the pre-existing regions method. Linear
regression and analysis of variance were used with both
these methods to identify the socioeconomic, environ-
mental and lifestyle factors ecologically associated with
this variability. These factors included self-reported
Aboriginal status, education, income, family structure,
unemployment, housing conditions, crime and smoking
rates.

Spatial scan method:

The spatial scan statistic was used to test for the
presence of clusters of DM and to identify their
approximate location. The open domain software
Statscan distributed by the National Cancer Institute
was employed for this purpose (Kulldorff, Rand,
Gherman, Williams, & DeFrancesco, 1998b). The
spatial scan statistic, which works by aggregating
together the unique combinations of small-area geogra-
phies which have a high probability of being clusters is
an especially powerful tool to use in low-prevalence and
low-incidence situations. Traditional epidemiological
approaches which require that rare events be aggregated
to pre-existing higher-level geographies can often mask
the existence of real clusters. The statistic assumes the
number of cases in each geographic region to be Poisson
distributed. The method tests the null hypothesis that
within any age and gender group, the risk of having DM
is the same as in all regions combined. This means that
the expected age and gender-adjusted prevalence rate is
constant over the whole area.

The spatial scan statistic places a circular window of
varying size on the map surface and allows its center to
move so that at any given position and size, the window
includes different sets of adjacent neighborhoods. If the
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window contains the centroid of a neighborhood, then
the whole neighborhood is included in the window. As
the window is placed at each neighborhood centroid, its
radius is varied continuously from zero up to a
maximum radius which never includes more than 50%
of the total population. The method creates a large
number of distinct circular windows, each containing a
distinct set of adjacent neighborhoods, and each a
possible candidate for containing a cluster of prevalent
diabetes cases. For each window, the method uses a
Monte Carlo simulation to test the null hypothesis that
there is an elevated risk of DM prevalence. The Statscan
software allows any number of covariates to be
implemented into the model, and calculates indirectly
standardized rates. Details of how the likelihood
function is maximized over all windows under the
Poisson assumption have been described elsewhere
(Kulldorff et al., 1997).

In this study, the Statscan software was applied to the
230 Winnipeg neighborhoods in order to generate
possible clusters of DM prevalence. Age and gender
were applied as covariates. Two iterations were under-
taken. The first iteration used the default setting within
the Statscan software which maximizes the cluster size at
50% of the total study population. The second iteration
set the maximum generated cluster size at 10% of the
total study population. Smaller maximum cluster sizes
result in a larger number of smaller clusters with more
extreme values. The Monte Carlo simulation used to test
significance was set at 999 iterations. The software was
set to generate both high and low clusters. Only
statistically significant clusters were retained for analy-
sis. Non-cluster areas were aggregated together into one
cluster area and assumed to have a relative risk of 1.0.
Clusters were initially mapped using Arc-View 3.2
(Environmental Systems Research Institute, 1999) in
order to identify their physical location. Social and
environmental predictor variables were then aggregated
to the cluster areas in order to identify their possible
relationship to DM prevalence. Where appropriate,
analysis of variance and non-spatial and spatial linear
regression techniques were used to formally explore the
relationship between predictor variables and DM pre-
valence.

Pre-existing regions method

In the second method, DM prevalence and predictor
data were further aggregated to the 23 Health regions
used to organize the delivery of services within the City
of Winnipeg. DM prevalence was directly standardized
by age and gender to the 1998 Winnipeg population.
Chloropleth maps of all variables were generated to
visually examine their spatial distribution. Spatial
clustering of all variables were assessed using the
Moran’s 1 statistic. Non-spatial and spatial regression
techniques were used to explore the relationship between

predictor variables and the standardized DM preva-
lence.

Analysis of variance and regression analysis

In both the spatial scan and pre-existing regions
methods, variables were log transformed when necessary
in order to ensure that the regression assumptions of
normality and heteroskedascity were not violated.
Regression analyses were undertaken using the S-PLUS
Spatial Statistics extension for Arc-View 3.2 (Mathsoft,
1999). A simultaneous autoregressive model was used
for spatial regressions. Analysis of variance was under-
taken using NCSS (Hintz, 2000).

Results

In Winnipeg in 1998 there were 29,885 prevalent
cases of DM, resulting in an overall DM prevalence
rate of 47.3 cases/1000 population. Prevalence rates
of DM were observed to be higher in men than in
women and to increase rapidly in the age 65 and over
age group.

Spatial scan results

Table 1 shows the results applying the spatial scan
statistic. With the maximum cluster size set at 50% of
the total study population, two significant (P<0.001)
clusters were generated with relative risks of 1.3 and
0.84. Fig. 1 shows that the high relative risk cluster is
located in the central and northern core of the City of
Winnipeg, while the low relative risk cluster is located in
the southern suburbs of the City. The high relative risk
cluster is the most likely one, with a log likelihood ratio
of 291.56.

With the maximum cluster size set at 10% of the total
study population, the spatial scan statistic generated 10
significant (P<0.009) high and low clusters. Relative
risks ranged from 0.69 to 1.45. Fig. 2 shows that the high
relative risk clusters are again all located in the central
and northern core of the City of Winnipeg, while the low
relative risk clusters are located in the southern suburbs
of the city. The most likely cluster, with a relative risk of
1.45, and a log likelihood ratio of 282.79 is located in the
central core of the city.

Table 2 shows the predictor variables aggregated to
cluster areas generated by the spatial scan method when
the maximum cluster size was set to 50% of the total
population. This table illustrates that high diabetes
prevalence is clustering in those areas of the City of
Winnipeg which have a high percentage of Aboriginal
population, low educational levels, low family income, a
high percentage of lone parent families, high levels of
unemployment, high numbers of vacant and placarded
houses, high levels of crime, and high rates of smoking.
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Table 1

DM prevalence analysis, City of Winnipeg, Manitoba, 1998, using the spatial scan statistic

Max. cluster size Cluster type® Cases Expected RR® LLR® p value

A 50% High 7335 5644 1.3 291.56 <0.001
Non 12782 n/a 1.0 n/a n/a
Low 9768 11578 0.84 236.17 <0.001

B 10% High 4101 2825 1.45 282.79 <0.001
High 912 778 1.171 11.07 <0.009
High 2056 1820 1.13 15.64 <0.001
Non 17527 n/a 1.0 n/a n/a
Low 2457 2916 0.84 42.16 <0.001
Low 677 840 0.81 17.47 <0.001
Low 1799 236 0.76 78.66 <0.001
Low 199 272 0.73 11.09 <0.009
Low 362 509 0.71 23.96 <0.001
Low 464 659 0.70 33.07 <0.001
Low 243 353 0.69 19.74 <0 001

#Cluster type: High—cluster with relative risk > 1, Non—aggregation of non-clustered population, Low—cluster with relative risk
<.
PRR: Relative risk—Observed DM prevalence/expected DM prevalence.
°LLR: Log likelihood ratio.
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Fig. I. DM Prevalence Analysis, City of Winnipeg, 1998, using
the Spatial Scan Statistic, Maximum Cluster Size set at 50% of
Study Population.

Analysis of variance was undertaken for all predictor
variables. In all cases, the between cluster variance was
significant at the P<0.005 level.
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Fig. 2. DM Prevalence Analysis, City of Winnipeg, 1998, using
the Spatial Scan Statistic, Maximum Cluster Size set at 10% of
Study Population.

Regression analysis of predictor variables against the
relative risk of the cluster areas generated when the
maximum cluster size was set to 10% produced similar
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Table 2
Analysis of variance, predictor variables aggregated to spatial scan generated cluster areas for DM prevalence, maximum cluster size
set to 50%
Clusters Analysis of variance
Predictor® Low cluster Non-clustered High cluster
(RR°=0.84) (RR°=1.0) (RR°=1.30)
Aboriginal status 3.8 5.5 16.9 »<0.005
Less than grade 9 5.3 8.9 17.3 »<0.005
Average family income 62994 50810 37392 »<0.005
Lone parent 13.7 16.1 23.6 p<0.005
Unemployment 6.1 7.7 14.5 »<0.005
Vacant House 0.6 0.8 15.1 »<0.005
Crime 56.6 88.5 157.6 »<0.005
Smoking 18.1 26.7 35 p<0.005
DM cases by cluster n = 9768 n=12,782 n=7335
Study population by cluster n = 245528 n = 258849 n= 127623

# Aboriginal status—% of the population reporting aboriginal status; Less than grade 9—% of the population 15yr+ reporting less
than grade 9 education; Average family income—average family income; Lone parent—% of families reporting being headed by a
lone-parent; Unemployment—% of the population 15+ in the labor force that is unemployed; Vacant house—no. of houses/1000
residential properties that are vacant or placarded; Crime—no. of crimes against property and persons/1000 population; Smoking—%
of mothers of newborns smoking on discharge from hospital.

PRR: Relative risk—observed DM prevalence/expected DM prevalence.

Table 3

Regression analysis of DM prevalence relative risk vs. predictor variables, using spatial scan generated cluster areas, maximum cluster

size set to 10%

Predictor®

Non-spatial regression

Spatial regression

R® Regression p value Regression p value Residual spatial
coefficient coefficient autocorrelation®
Aboriginal Status 0.90 0.034 <0.001 0.0398 <0.001 N.S
Less Than Grade 9 0.97 0.0452 <0.001 0.0456 <0.001 N.S.
Average Family Income —-0.93 —0.0000139 <0.001 —0.000013 <0.001 N.S.
Lone Parent 0.89 0.0342 <0.001 0.0240 <0.001 N.S.
Unemployment 0.93 0.0504 <0.001 0.0558 <0.001 N.S.
Vacant House 0.69 0.0202 <0.001 0.0079 <0.098 p<0.05
Crime 0.90 0.00433 <0.001 0.0049 <0.001 N.S.
Smoking 0.88 0.218 <0.001 0.023 <0.001 N.S.

2For definitions, refer to footnote a of Table 2.

R Pearsons R.

¢Spatial autocorrelation of regression residuals. Significance is based upon the Moran’s I statistic.

results (Table 3). Non-spatial regression resulted in very
high Pearson R values ranging from 0.69 to 0.97, with all
regressions significant at the P<0.001 level. Education
had the greatest predictive value. Spatial regression,
which accounts for the spatial clustering of variables in a
regression equation, did not appreciably change either
the non-spatial regression coefficients or significance
levels. With one exception, regression equations gener-
ated using spatial regression techniques did not result in
any residual spatial autocorrelation, indicating that the
regression model was successful in fully accounting for
any spatial correlation in the DM prevalence rates.

Pre-existing regions method

When aggregated to the 23 health regions, all
variables used in the model were highly spatially
clustered. Visual inspection of chloropleth maps showed
clustering of DM prevalence in the central core of the
City of Winnipeg (Fig. 3), associated with a larger
Aboriginal population, low education, low family
income, lone parent families, high unemployment, poor
housing stock, high crime rates, and high rates of
smoking. This visual impression was confirmed by
significant Morans I values (P<0.001) for all values.
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Standardized DM prevalence rates ranged from 37.7/
1000 to 78.8/1000 and were significantly different from
the mean in all but one region.

Regression of predictor variables against the standar-
dized diabetes prevalence rates for the 23 health regions
within the City of Winnipeg generated results similar in
strength and direction to the spatial scan analysis. Non-

DM Prev. Cases/1000

37.7-423
424-479 N
48.553
I 55.4 - 63.4
[ 63.5-75.8 w E
s
4 4] 4 8 Miles

Fig. 3. Standardized Diabetes Prevalence Rates, City of Win-

nipeg, 1998, by Health Region.

Table 4

spatial regression again resulted in very high Pearson R
values (Table 4). All regression models were significant
at the p<0.001 level. Unemployment had the greatest
predictive value. Spatial regression did not appreciably
change either the non-spatial correlation coefficients or
significance levels and did not result in any residual
spatial autocorrelation.

Multiple regression of predictor variables against
diabetes prevalence resulted in a model incorporating
family income and unemployment, with a Pearsons R
value of 0.944. Spatial regression analysis of these
predictor variables did not result in any appreciable
change in either the regression coefficients or signifi-
cance levels and did not result in any residual spatial
autocorrelation. In this model, diabetes prevalence was
positively associated with unemployment and negatively
associated with family income. Additional variables
could not be incorporated into the model because of the
high level of multi-collinearity of predictor variables
(Table 5).

Discussion

This study has demonstrated substantial clustering
and small-area variations in the prevalence of DM in the
City of Winnipeg, and that these variations are
associated with variations in socioeconomic, environ-
mental and lifestyle characteristics of the population.
This study has also demonstrated that two distinct
approaches to spatial analysis, the spatial scan statistic
and the pre-existing regions method generate very
similar results in terms of identifying the geographic
location of DM clusters and of the population
characteristics ecologically correlated to those clusters.
Finally, our results have shown that when high levels of

regression analysis, age standardized DM prevalence rates vs. predictor variables, using existing health boundaries for the City of the

Winnipeg, Manitoba

Predictor® Non-spatial regression Spatial regression
R® Regression p value Regression p value Residual spatial
coefficient coefficient autocorrelation®
Aboriginal Status 0.90 1.009 <0.001 0.969 <0.001 N.S.
Less Than Grade 9 0.90 1.584 <0.001 1.586 <0.001 N.S.
Avg. Family Income —0.89 —0.0006 <0.001 —0.0006 <0.001 N.S.
Lone Parent 0.86 1.156 <0.001 1.153 <0.001 N.S.
Unemployment 0.92 1.682 <0.001 1.76 <0.001 N.S.
Vacant House 0.74 0.480 <0.001 0.4008 <0.001 N.S.
Crime 0.80 0.110 <0.001 0.1026 <0.001 N.S.
Smoking 0.84 0.729 <0.001 0.766 <0.001 N.S.

#For definitions, refer to footnote a of Table 2.

®Pearsons R.

©Spatial autocorrelation of regression residuals. Significance is based upon the Moran’s I statistic.
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Table 5
Covariance of predictor variables, Pearsons R, using existing health boundaries for the City of Winnipeg

Abor LTG9 Income Lparent Unemp Vacant Crime Smoking
Abor 1.0 0.90 —0.82 0.94 0.98 0.83 0.86 0.89
LTG9 0.90 1.0 —0.87 0.87 0.90 0.74 0.77 0.86
Income —0.82 —0.87 1.0 —0.89 —0.86 —0.78 —0.82 —0.87
Lparent 0.94 0.87 —0.89 1.0 0.96 0.85 0.90 0.93
Unemp 0.98 0.90 —0.86 0.96 1.0 0.83 0.90 0.88
Vacant 0.83 0.74 —0.78 0.85 0.84 1.0 0.89 0.79
Crime 0.86 0.77 —0.82 0.90 0.90 0.89 1.0 0.78
Smoking 0.89 0.86 —0.87 0.93 0.87 0.79 0.79 1.0

For definitions, refer to footnote a of Table 2.

non-spatial correlation exist between predictor and
dependent variables, spatial regression approaches do
not appreciably change the strength or direction of the
regression coefficients.

The study has a number of methodological limita-
tions. First, it has relied exclusively on data derived from
administrative databases in order to estimate the DM
prevalence rates. Since cases have not been individually
verified, this approach could result in either an over-
estimate or underestimate of prevalence rates. However,
we have previously studied the accuracy of this
approach and found that the specificity is high when
compared to local registries of DM (Blanchard et al.,
1996). It is possible that some of the small-area
variations that we observed are due to variability in
health care access and diagnostic practices. This is
unlikely, however, since Manitoba provides universal
health care to its residents so restricted access to
physician and hospital services is not likely.

Secondly, the administrative databases from which
the diabetes prevalence rates were derived cannot
distinguish between T2DM and Type 1 insulin-depen-
dent diabetes. However, given that it is estimated that
approximately 95% of all DM cases are T2DM it is
likely that the variability in DM prevalence observed in
this study reflects primarily the impact of T2DM
(Harris, 1995).

Thirdly, the small number of observations used in
regression analysis within both the spatial scan and pre-
existing regions approaches means that regression
results must be used with some caution. Tests for
normality and heteroscadiscity may not have been
sensitive to violations of regression assumptions because
of the small number of observations. However, given the
strength of the direction and significance of the
generated correlation coefficients, and their consistency
between the two spatial methods, the observed correla-
tions are likely real and significant.

Fourthly, the ecological approach used in this study
has been frequently criticized as being a weak design and

commits what is known as the ecological fallacy. The
ecological fallacy suggests that it is a mistake to apply
characteristics measured at the scale of the population
or geographic level to individuals living within those
geographies or populations (Morgenstein, 1982, 1995).
The ecological design used in this study therefore
restricts us to making statements about the character-
istics of the populations living in specific geographies.
Statements made about individuals living within those
geographies can only be made with caution. However,
given the arguments by Rose and others (Rose, 1985,
1992; Wilkinson, 1996, 1999) on the primary importance
of population and geographic level factors on popula-
tion health, this study design legitimately provides
important clues to the etiology of DM at the population
level. It suggests that DM prevalence at the population
level is powerfully graded by socioeconomic status,
environmental quality, and lifestyle.

Finally, the study used only one lifestyle variable,
smoking in mothers of newborns on discharge from
hospital, as a proxy for overall lifestyle quality. Given
that this variable may be a relatively weak proxy for
lifestyle attributes relevant to DM, caution must be
taken in concluding that lifestyle is associated with
diabetes prevalence at the ecological level. Lifestyle
measures more directly related to DM prevalence such
as diet, exercise and obesity were not available at the
geographic levels required for this study.

The high level of consistency between the results of
the spatial scan statistic and the pre-existing regions
method in identifying etiological factors associated with
DM is encouraging. Previous studies that have used the
spatial scan statistic to identify cancer clusters have not
attempted to systematically explore possible etiological
factors associated with clusters using analysis of
variance and linear regression (Hjalmars et al., 1996,
1997, 1999; Jemal et al., 2000; Kulldorff et al., 1998a;
Kulldorff and Nagarwalla, 1995; Sankoh et al., 2001;
Walsh & Fenster, 1997). This study suggests that the
spatial scan statistic in conjunction with analysis of
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variance and linear regression may be a useful tool in
exploring the etiology of cancer and other chronic
diseases.

The relationship observed between DM prevalence
and low levels of socioeconmic status, environmental
quality and lifestyle at the geographic level is consistent
with previous studies (Auslander W F, Haire-Joshu,
Houston, & Fisher E B, 1992; Hanis, Chakraborty,
Ferrell, & Schull, 1986; Hazuda & Monterrosa, 1992;
Hendricks & Haas, 1991; Leonetti, Tsunehara, Wahl, &
Fujimoto, 1992; Marshall et al., 1993) . This study
provides some of the strongest evidence to date of this
relationship, with DM prevalence estimates based upon
diabetes prevalence estimates covering the whole popu-
lation of Winnipeg. Previous studies have not been
population based and were often restricted in scope to
limited surveys of specific sub-populations.

This study demonstrates that the highest rates of DM
are occurring in geographic areas that have the highest
concentration of Aboriginal people. It has been
hypothesized that populations of Aboriginal, Black,
and Mexican American origin are genetically predis-
posed to develop T2DM supposedly due to the high
frequency of the “thrifty gene” in their respective
population gene pools. The thrifty gene, it is proposed,
conferred an adaptive advantage in historical times of
feast and famine. However, in modern conditions of
relative plenty, the thrifty gene predisposes individuals
to the development of obesity and increased frequency
of DM (McDermott, 1998; Neel, 1962, 1982, 1999). In
this study, it was observed that the geographic areas
with the highest prevalence of DM also had the lowest
socioeconomic status, the poorest lifestyles, and the
lowest levels of environmental quality. Regression
analyses demonstrated that broad neighborhood char-
acteristics such as education and income were more
predictive of DM prevalence than Aboriginal status.
Once family income and unemployment were used in the
regression analysis as predictors, Aboriginal status lost
all of its significance as a predictor of DM. This suggests
that it may be more the impact of low socioeconomic
status that is putting populations at risk of DM in
Winnipeg rather than genetic background. This also
suggests that population-based studies using race as a
covariate need to critically question their use of racial
constructs by examining the social and physical circum-
stances in which particular racially defined groups find
themselves. These studies may need to examine whether
it is these circumstances which are predisposing
these groups to disease and ill-health rather than
something inherent in their “race” (King, 1997). There
may indeed be a genetic component that confers
some variability in DM between individuals, but at the
level of the population it appears that larger socio-
economic and environmental factors are more impor-
tant. Further studies which stratify the analysis by

Aboriginal status in order to explore whether the
socioeconomic and environmental gradients in DM
prevalence observed in this study apply to the non-
Aboriginal population alone would add strength to
these conclusions.

The high level of multi-collinearity observed between
predictor variables also suggests that attempts at
disentangling the independent relationships between
these variables and DM prevalence may be counter-
productive since all predictor variables may in fact be
measuring aspects of the same phenomena (Evans &
Barer, 1994; Hertzman, Frank, & Evans, 1994; Marmot,
1999; Wilkinson, 1996, 1999). This phenomenon is likely
related to social position, access to real life choices, and
a sense of personal empowerment. This suggests that
ecological studies utilizing socioeconomic predictors
should start to locate their analyses within well-
developed perspectives on how the social position of
particular groups become established, spatially concen-
trated, reproduced over time, and results in poor health
outcomes. The specific pathways by which low social
position becomes translated into poor health outcomes
through the generalized stress response, poor lifestyle
practices, and reduced opportunities are becoming
increasingly recognized (Baum, Garofalo, & Yali,
1999; Cohen, 1999; Kawachi, 1999; Lundberg, 1999;
McEwen & Seeman, 2001; Pickering, 1999; Williams,
2001).

This study raises questions about how we need to
better understand the powerful and predictable impact
that place has on the health of populations. This study
has documented that geographies in the central core of
Winnipeg are associated with high levels of DM. These
core area neighborhoods are places that seemed to have
emerged as gathering places for individuals low on the
social hierarchy with few social choices. This has likely
occurred as a result of historical, political, and economic
forces. The result has been the transformation of the
physical and social fabric of these geographies into
places of risk with ecological characteristics having
strong association with health status. In order to more
fully understand how this has happened over time,
the unique history of how these high-risk geographies
have evolved over time have to be explored more
carefully through the use of diverse historical, political,
economic and ethnographic methods.

Finally, the results of this study suggest that high rates
of DM are tightly embedded within a context of poverty
and disempowerment. Population-based prevention
programs which focus only on lifestyle modification
would likely not be successful. As illustrated by this
study, lifestyle quality indicators like smoking are highly
correlated with income and education. This suggests
that DM prevention programs, to be successful, would
require comprehensive policy interventions above and
beyond lifestyle modification. These interventions have
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to address the socioeconomic resources and opportu-
nities available to individuals.
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