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Supplementary methods

Mean field approximation

For a single variable the posterior distribution is approximated as a mean field
approximation on the parameters
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The optimal distributions q̂ can be derived, firstly for βk, the regression
coefficients:
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q̂(βk) ∼ N (µk,Σk) (3)
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Then considering the scaling parameters ζkw for each regression coefficient
βkw, omitting the index k for clarity:
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q̂(ζ2w) ∼ GIG(aw, bw,−1) (9)
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where K is the modified Bessel function of the second kind. Finally for the
variance of the error term we can derive:
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The variational parameters are iteratively optimised to find the optimal ap-
proximate posterior distribution.

Variational lower bound

To perform model selection we utilise the variational lower bound on the model
evidence, which can be calculated using
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The various terms of which are
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where the expectations under q are as provided in the mean field approxi-
mation section and ψ is the digamma function.
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Figure 1: Distributions of timings from multiple runs of the three methods
compared when run on a dataset consisting of 50 genes, measured using the
microbenchmark R package.
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