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First...

Primer on Variational Approximation



‘Undergraduate’ Variational Approximation



‘Undergraduate’ Variational Approximation

Consider the
Bayesian Poisson regression model

[y;|8] ~ Poisson(exp(Bo + Biz1i + - -« + BrTis))

Prior on regression coefficients: (8o, ...,8k) ~ N(0, F).
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Next...

A Bit About Semiparametric Regression



Semiparametric
Regression

David foppert, M P W,
and R. L. Carpill




spinal bone mineral density (g/cmz)
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Approximate 95% Conf. Int. for Contrasts
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Mixed Model Framework

Previous analysis was done completely using
linear mixed models

y=XB+Zu+e¢

BRI
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Tricking Mixed Models to do Smoothing

K
Yi = Bo + Brxi + Y ur(w; — k)4 + &

k=1

oo
o
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A: ug’s fixed B: ug i.i.d. N(0,02)
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Other Bases

We often replace (x — ki) by nicer zg(x):
K
f(x) = Bo+ Bz + > upzp(x)
k=1
with

Uk .i.d. N(O, O',i)

Particularly nice zg(x) are those arising from O'Sullivan Statist. Sci.

(1986) (see e.q.

)
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