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Case Study Introduction
• An investigation of Spatial-Analytical processes 

using a Heart Disease Datasetg

• Study Area: Calgary, Alberta, Canada
– Population of Approximately 1 million
– 181 Census Tracts
– Structure of City: Monocentric > ConcentricStructure of City: Monocentric > Concentric
– Oil and Gas Based Economy
– Divided into 4 quadrants (NW, NE, SW, SE)

• Study Time Frame: 1998-2002



Cardiac Catheterization
• Proxy Dependent Variable for Risk of Coronary 

Disease (APPROACH, 2008)Disease (APPROACH, 2008)

• Procedure commonly performed post-incidence of 
di l i f timyocardial infarction

• Also performed on patients presenting symptoms of p p p g y p
cardiovascular disease (AHA, 2008)

B fi i l t t d i C d d t U i l H lth• Beneficial to study in Canada, due to Universal Health 
Care



Study Motivation
1. A method is needed to reduce information loss

during Multiple Regression Analyses on g p g y
Robust Datasets, and provide more explanatory
predictors. 

2. A method must be utilized to observe the 
influence of Spatial Non-Stationarity in 

l ti hi d i it l frelationships and examine its removal from 
datasets

The methods proposed here are transferable across 
many research fields, both medical and non medical



Methods of Addressing Problemsg
Information Retention

• Principal Component Analysis (PCA)

– Reduces dimensionality within large datasets 
containing inter-correlated variables

– Large number of Variables reduced into small group 
of Components

– Components are rotated orthogonally, so minimal 
inter-correlation exists between variables



Methods of Addressing Problemsg

Spatial Non-Stationarity

• Geographically Weighted Regression (GWR)

– Localized Method of Regression

– Disaggregates global statistics by generating a gg g g y g g
model at each data point



R i d R h G lRevised Research Goals
1. To analyze and compare the results between Multiple y p p

Linear Regression (MLR) on Predictor Variables versus 

MLR on Extracted Components (OLS Method)MLR on Extracted Components (OLS Method)

2 To implement the locally focused GWR as a tool for2. To implement the locally focused GWR as a tool for 

investigating the effects of spatial non-stationarity on 

i d liregression modeling



Dependent Variable and Study Area



Available VariablesAvailable Variables



Bivariate Pearson’s Correlation



Variables Selected for Regression

• Households with 2 
Parents

• Adults with Post 
Secondary Non-

• Households with 2 
Parents without children 
living at home

Secondary Non-
University Degree

• Married and Common living at home
• Male to Female Ratio
• Percentage Ages 45-54

Law Couples
• Unemployment Rate
• People Per Family• Percentage Ages 65-74

• Percentage Ages 75-84
• Percentage Ages 85 +

• People Per Family
• Family Income
• Number of Owned e ce age ges 85

• Adults with University 
Degree

Houses
• 2 Parent Households



Standard Multiple Linear Regressionp g

• Backwards Selection Regression Method• Backwards Selection Regression Method

– All variables are initially entered into the regressionAll variables are initially entered into the regression, 
and are subsequently removed according to their 
significance values

• The final model includes the remaining set of 
i ifi t i bl th t d ib th d d tsignificant variables that describe the dependent 

variable



Multiple Linear Regression Results

• Predictor Variables • Components

Adjusted R2: 0.790

Co po e ts

Adjusted R2: 0.775

– Ages 65-74
– University Degree

– 1
– 2

3– Ages 45-54
– 2 Parents No Kids
– Ages 85 Plus

– 3
– 4
– 5

– Post Secondary Non-
University Degree



Principal Component Analysis

•Following Thompson, the five components were 
d i b d d d i inamed in as broad and descriptive a manner as 

possible. (Thompson, 2004)

•Factor scores were saved as Regression scores 
for further comparative analysesfor further comparative analyses



Principal Component Extraction
Components

1. Young Families and 
Housing TypeHousing Type

2. Level of Education
3. Lower Societal 

1

Position
4. Male Population and 

i l i hi
2

negative relationship 
to eldest population

5 Middle Age and
3

5. Middle Age and 
Retiree Age Group4

5



Total Variance ExplainedTotal Variance Explained



Multiple Linear Regression Resultsp g

• Predictor Variables • Components

Adjusted R2: 0.790
Adjusted R2: 0.775

– Ages 65-74
– University Degree
– Ages 45-54

– Family Structure and 
Housing Type

– Level of Education
– Lower Societal Positiong

– 2 Parents No Kids
– Ages 85 Plus
– Post Secondary Non-

Lower Societal Position
– Male Population and 

negative Population 
above the Age of 75
Middle Age and RetireePost Secondary Non

University Degree
– Middle Age and Retiree 

Age Group



Standardized Beta Coefficients

Variable Beta Component Beta

Ages 65 to 74 0.722 Family and Housing 0.771

University Degree 0 408 Education Level 0 299University Degree -0.408 Education Level -0.299

Ages 45 to 54 0.253 Low Societal Status -0.248

2 parents with no children at home 0.204 Males and negative age groups 75 and above 0.165

Ages 85 and over 0 133 Middle Age and Retirees -0 095Ages 85 and over 0.133 Middle Age and Retirees -0.095

Post Secondary Degree -0.121



• Dominance of University   
Degree holders in the 
W t  N U i it  t West. Non-University post 
secondary degrees more 
prominently observed in 
the east. 

• Residents aged 65 to 74 
are concentrated in the are concentrated in the 
older communities nearer 
downtown*. 

• Groups aged 45 to 54 
dominantly live in newer 
suburbs on the outer suburbs on the outer 
periphery of the city.

*Bear this fact in mind for later



F il  St t  d •Family Structure and 
Housing Type shows a NW-
SE trend. 

• The highest levels of post 
secondary education are 
seen in the periphery of the seen in the periphery of the 
city, with lowest levels found 
in the inner city and older 
suburbs. 

•High proportion of young 
males and lower social males and lower social 
positioning in the NE of the 
city, with anomalies in the 
NW visible



Spatial Non-Stationarity

S i l ft t ti• Social processes are often non-stationary 
across space

• Observed spatial non-stationarity within a 
dependent variable may lead to examination of p y
spatial non-stationarity between variables. 



Getis-Ord Gi* Statistic
Th  Gi* t ti ti  i   The Gi* statistic is a 
method of examining 
local relationships.

Census tracts highlighted 
in orange have been g

found to display 
significant clustering of 

high values in the 
dependent variable dependent variable 

Census tracts marked in 
red represent significant 

clustering of low values in 
the dependent variable



Geographically Weighted RegressionGeographically Weighted Regression

• Founded by Fotheringham Brunsdon and• Founded by Fotheringham, Brunsdon and 
Charlton

• Promoted as a means of removing spatial non-
stationarity through local analysisy g y

• KEY POINT: A researcher cannot know 
whether spatial non-stationarity exists in a 
modeled relationship unless GWR is run



Standard Regression Vs. GWR
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GWR 
Equation

Where aik is the value of the kth parameter at location i

k represent the variables or components  and x represents the parametersk represent the variables or components, and x represents the parameters



Geographically Weighted Regressiong p y g g

• Bandwidth Selection 
– AICc Method

• Adaptive Kernel Selection
– Attempts to correct for boundary effectsAttempts to correct for boundary effects
– Used here also due to community size 

differencesdifferences



GWR Results
• All diagnostic indicators of GWR effectiveness were 

slightly better than their global model counterparts for 
both variables and components *both variables and components 

• Very small difference in Adjusted R2 value, with 
improvements of 0.011 and 0.013 respectively.

• Spatial Non Stationarity was found to be present in 4 of• Spatial Non-Stationarity was found to be present in 4 of 
the 6 variables

• Spatial Non-Stationarity was found to be present in 4 of 
th 5 C tthe 5 Components

• Problems with apparent oversmoothing, assumed to be 
due to huge bandwith and adaptive kerneling. 

*However, since these diagnostics represent averages of the GWR points, 
the overall “locality” of the model is removed.



Pseudo T Score Significance
Pseudo T Scores from GWR

Variable T Score Range Component T Score Range

Ages 45-54 2.72 to 5.56 Family/Housing -3.58 to -7.73

Ages 65-74 12.66 to 17.26 Education Level -1.53 to 3.13

Ages 85+ 0.015 to 0.018 Lower Societal Position 1.61 to 4.48

2 Parents, No kids at home 0.001 to 0.002 Males and negative 74+ -4.23 to -7.44

Post Secondary Degree 0 004 to 0 006 Middle Age and Retirees 12 29 to 18 27Post-Secondary Degree 0.004 to 0.006 Middle Age and Retirees 12.29 to 18.27

University Degree Holders 0,002 to 0.003



Pseudo T-Score Vs. Regression Score



Comparison of Adjusted R-Squared between GWR and Standard Regressions for Components



Comparison of Adjusted R2 between GWR and Standard Regressions for Predictor Variables



Focus Areas for Further Studies



Focus Areas for Further Studies
VariableComponent



Discussion
• GWR not convincingly “localized” in this case. Most effective 

bandwidths were measured at 148 nearest neighbors for components, 
and 169 nearest neighbors of variables out of 181. Arc 9.3*and 169 nearest neighbors of variables out of 181.  Arc 9.3

• Some Census Tracts should be eliminated to reduce skewing of data, 
and for cartographic purposes. 

• A new census is coming out, making the study repeatable over 
another 5 years

• Dataset limited by the census. Larger datasets including ethnicity, 
diet, obesity, number of smokers are likely to follow.

• As more data becomes available, it could lead to further studies in 
Binary Logistic Regression on myocardial infarction likelihoods. 



Conclusions

• According to diagnostics, PCA proved to be just as effective a 
predictive modeling tool as MLR without sacrificing variance. When 
the two methods were compared, PCA was determined to be more p ,
useful analytically due to the broader explanation provided by 
components. Components were also more significant in GWR.

GWR d li h i b h d d li i• GWR made slight improvements on both standard linear regressions, 
but improvements were minimal.
– GWR highlighted non-spatial variables and components 

individually, suggesting non-stationarity in the process.individually, suggesting non stationarity in the process.
– However, the overall improvement of R2 scores observed in 

GWR models were based on an average of the local scores, 
which makes the model no less global than MLR regressions. 

• A directional trend was observed through the use of these methods, 
highlighting spots worthy of detailed research



Th k YThank You

Questions?

Please come and say Hello after the session

jdnorris@ucalgary.ca

jnorris@golder.comj @g



American HeartAmerican Heart 
Association: Link as 

of June 2 
http://www.americhttp://www.americ

anheart.org/present
er.jhtml?identifier=

4491

APPROACH., 
Alberta Provincial 

Project for Outcome 
Assessment in 

C H tCoronary Heart 
Disease: Link as of 

June 2 


