
Robust Prior Distributions
 & Variable Selection 

• Collections of Models  

• Given a model, prior distributions on         or 

• Simpler canonical means problem with 
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Raykar & Zhao

• Which elements of         are relevant? 

• Prior distribution for each coefficient is a mixture 
of a point mass at 0 and a common non-
parametric density estimate

• Under conditional independence, the problem   
reduces to n independent testing problems. 

• ranking                                  
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Related Approaches
Do et al (2005) JRSS C
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from Guindani et al (2006)
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Carvalho et al. (2008) 
Horseshoe Prior 

• same setting as independent means problem + 
extensions to regression

• continuous mixture of normals, rather than 
discrete mixture

• prior concentrated at zero, rather than point mass 
- shrinkage rather than selection prior 

• heavy tails prevent prior mean of 0 being an 
“outlier”

• For general regression, avoid search over model 
space
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Shrinkage Comparison

HorseShoe

NP Kernel Density
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Regression: Longley data
BMA hyper-g priors 
(Liang et al 2008)

HorseShoe Prior
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Simulation Study: 15 Predictors
Nott&Kohn, Ley et al
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Prior Beliefs, Decisions, and Practicalities

• Do we really believe coefficients are zero?  

• Would we prefer to use a model that sets 
coefficients to zero and drops variables?

• choice of utility function

• Computations in high dimensional problems 

• choice of basis or frame

• univariate vs multivariate scale mixtures (one g-
per variable versus one g per model)
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