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Purposes of shrinkage estimators

•

•

•

•



Post-estimation shrinkage methods
Joint work with Michael Kammer, Daniela Dunkler, Willi Sauerbrei











Post-estimation shrinkage methods
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Use of the shrinkage factors
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Sauerbrei‘s (1999) ‚parameterwise shrinkage factors‘
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Dunkler‘s (2016) extension of parameterwise shrinkage
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Example: deep vein thrombosis study



How do shrinkage effects of different methods compare?
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From bias reduction to shrinkage 
and beyond
Joint work with Rainer Puhr, Angelika Geroldinger, Sander Greenland



Setting the scene
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Firth‘s penalization for logistic regression

𝐿∗ 𝛽 = 𝐿 𝛽 det( 𝐼 𝛽 )1/2,
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Firth‘s penalization for logistic regression

𝐿∗ 𝛽 = 𝐿 𝛽 det(𝑋𝑡𝑊𝑋)1/2

𝑊 = diag expit Xi𝛽 (1 − expit Xi𝛽 )

= diag(𝜋𝑖 1 − 𝜋𝑖 )
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Firth‘s penalization for logistic regression
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Firth‘s penalization for logistic regression
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Firth‘s Logistic regression
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Example of Greenland 2010
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Greenland example: likelihood, prior, posterior



Bayesian non-collapsibility:
anti-shrinkage from penalization
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An even more extreme example
from Greenland 2010
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Simulating the example of Greenland
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Simulating the example of Greenland
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Simulating the example of Greenland
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logF(1,1) prior (Greenland and Mansournia, 2015)
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Simulating the example of Greenland
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Simulating the example of Greenland
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Other, more subtle occurrences
of Bayesian non-collapsibility
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Simulation of bivariable log reg models

• 𝑋1, 𝑋2~Bin(0.5) 𝑟 = 0.8, 𝑛 = 50
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Anti-shrinkage from penalization?
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Reason for anti-shrinkage
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Example of Greenland 2010 revisited
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FLAC: Firth‘s Logistic regression with Added Covariate
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FLAC: Firth‘s Logistic regression with Added Covariate
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FLAC: Firth‘s Logistic regression with Added Covariate
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FLAC: Firth‘s Logistic regression with Added Covariate
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FLAC: Firth‘s Logistic regression with Added Covariate
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Simulation study: the set-up

•

•

•

•



Other methods for accurate prediction

•

𝐿 𝛽 ∗ = 𝐿 𝛽 det(𝑋𝑡𝑊𝑋)𝜏, 𝜏 = 0.1,
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Cauchy priors (CP)
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bayesglm arm.



Simulation results
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Predictions:        bias RMSE
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Predictions:        bias RMSE



Comparison

FLAC
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Confidence intervals
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Conclusion

Part 1: 
Prediction under model uncertainty
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Part 2: 
Prediction under sparsity (fixed model)
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