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Confounding

A situation in which a measure of the effect 
of an exposure on risk is distorted because 
the association with other factor(s) that 
influence the outcome under study. (Last 
1995)
A bias due to the imbalanced distribution of 
extraneous risk factor(s) among study 
groups.   



Approaches to handling confounding 

Restriction  
Randomisation
Matching
Stratification
Multiple regression analysis



Practical approach to assessing confounding

To compare adjusted with crude effect 
estimates



Multiple regression

Number of possible effect estimates
Number = 2n

(where n = number of confounders)



Regression analysis
Stepwise (P value)
Bayesian (BIC)
Akaike (AIC)
Deviance (DIC)
Focussed (FIC)
Bayesian model averaging
Frequentist model averaging
Propensity score (two stages)







All possible effect estimates: syntax

aic bic civ r2 n 

Potential confounding variablesExposure variable 







Example 1: C-reactive protein and Diabetes 
All effect estimates
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Example 1: CRP and Diabetes
All effect estimates



Example 2: No Association and No Confounding
All effect estimates
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Example 3: GGT and Diabetes
All effect estimates 





Change-in-effect estimates: syntax

Default: backward 





Example 1: CRP and diabetes
change-in-effect estimates: confnd
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Example 2: No Association and No Confounding
Change-in-effect estimates: confnd
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Example 3: GGT and Diabetes
Change-in-effect estimates: confnd
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Example 3: GGT and Diabetes
Change-in-effect estimates: confnd, backward





Tools are useful for identifying the 
presence of confounding
Not a substitute for careful 
incorporation of available knowledge to 
select confounding factors in the design 
stage, or careful data analysis. 

Conclusions
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