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Contributions

I A new graphical lasso type penalty for learning multiple related graphs.
I Joint graphical lasso (Danaher et al., 2014)

I Reducing bias from over-shrinkage and automatic tuning parameter selection.
I EM algorithm for graphical model (Li and McCormick, 2019)
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Doubly spike-and-slab joint graphical lasso priors
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Fully Bayesian characterization via scale mixture of normal priors
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Fully Bayesian treatment can be expensive. Let’s just find the posterior mode using EM
algorithm (Ročková and George, 2014).

E-step:
I Calculate posterior inclusion probabilities: p∗δjk ,ξjk

(j , k).
I Impute missing values.

M-step:
I Solve the joint graphical lasso problem with ADMM
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{
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I Maximize over πδ and πξ have closed form solutions

4 / 7



Fully Bayesian treatment can be expensive. Let’s just find the posterior mode using EM
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Dynamic posterior exploration

n1 = n2 = 150, p = 100
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Verbal Autopsy and more...come to poster tonight!
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DSS−FGL: Male
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Get in touch? @zrichardli
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