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Figure 6. Plots to assess fit of the CAR model. (a) variogram of Freeman-Tukey transformed 
rates, (b) variogram of residuals after fitting a CAR model, (c) plot of fitted rates versus 
residuals, and (d) QQ plot of residuals 

4.3.3 Discussion 
It is now possible for the CAR model to be moved from the lab to the 

clinic.  The tedious process of defining the neighbor matrix is now 
automated using GIS data.  Faster computers and improved computer 
algorithms make the fitting process almost instantaneous.  At least that was 
the experience on this example where 546 census tracts were included in the 
model.  

The drawback is that to be really effective required the integrated 
environment of ArcView GIS, ArcView Spatial Analyst, S-PLUS and S+ 
Spatial Stats installed on a personal computer with the capacity to 
simultaneously run these applications.  These are among the more expensive 
GIS and statistical software packages.   

The hierarchical logistic model in Section 4.2 allowed modeling of 
individual level data but limited spatial information to the hierarchical 
association of observations within areal units.  In contrast, the CAR model 
provided a means of better addressing the spatial autocorrelation but current 
implementations require a normally distributed dependent variable.  This 



28 Chapter 8
 
meant that modeling was of ecological level data (i.e. rates and proportions 
by areal unit) introducing the potential for ecological fallacy.   

5. SUMMARY 
The application of spatial statistical analysis to health data has reached 

adolescence.  The theory and the software are both still maturing. We are 
drawing upon the experiences of the geostatisticians in modeling surfaces 
and the econometricians in modeling time series. “New and improved”  
computer algorithms are constantly being provided to implement the 
evolving theory or to improve the processing in terms of stability, reliability, 
and efficiency. We will come of age when we have the theory, the software, 
and the process to reliably produce “generalized spatio-temporal”  models 
suitable for health data.  

In the meantime, biostatisticians need to acknowledge when their data is 
not independently distributed and to consider the spatial correlation in their 
analysis.  This chapter provided examples using four available methods.  The 
methods were spatial filtering, identifying clusters using the spatial scan 
statistic, hierarchical modeling, and conditional autoregression modeling. 
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