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Abstract

Variational approximation methods are enjoying an increasing amount of develop-
ment and use in statistical problems. In the Bayesian field, we develop mean field
variational Bayes (MFVB) algorithms that perform variable selection and fit com-
plicated regression models. We also produce a new Bayesian inference software,
InferMachine (), which can perform the MFVB inference using BRugs model code.
Finally, a new computational framework, Infer. NET, for approximate Bayesian in-
ference in hierarchical Bayesian models is demonstrated. We assess the accuracy
of MFVB via comparison with a Markov chain Monte Carlo (MCMC) baseline.
The simulation results show that the results of the MFVB inference agree with
those of the MCMC approach. In the non-Bayesian field, the precise asymptotic
distributional behaviour of Gaussian variational approximate estimators in a sin-
gle predictor Poisson mixed model is derived. A simulation study shows that the
Gaussian variational approximate confidence intervals possess good to excellent

coverage properties.
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Chapter 1

Introduction

1.1 Literature Review

Variational approximation methods have recently enjoyed increasing use and de-
velopment in statistical problems (Jordan, Ghahramani, Jaakkola and Saul, 1999).
The mean field variational Bayes (MFVB) method uses variational approximation
methods for inference in a hierarchical Bayesian model, and is a fast, determinis-
tic alternative to Markov chain Monte Carlo (MCMC). In frequentist fields, the
variational approximation achieves satisfactory results for generalized linear mixed
model analysis (Ormerod and Wand, 2012). Gaussian variational approximation
(Hall, Ormerod and Wand, 2011) is a relatively simple, fast, natural alternative to
Laplace approximation for maximum likelihood estimation. This literature review
firstly explains the origins of variational approximation and introduces develop-
ments in the computer science field. Secondly, the use of MFVB is reviewed and
suggestions of future work in this field are presented. Finally, I summarise the

latest progress in variational approximation for maximum likelihood estimation.
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1.1.1 Variational approximations

Variational methods have a long history of use in physics, mathematics and control
theory (Jaakkola and Jordan, 2000). The variational methods for approximating
intractable computations have roots in the calculus of variations and include a wide
range of tools for evaluating integrals and functionals. Generally, the calculus of
variations involves optimizing a functional over a given class of functions.

Variational approximations were first explored and used in the field of computer
science in the 1990s. Jordan, Ghahramani, Jaakkola and Saul (1999) introduced
the use of variational methods for inference and learning in graphical models. They
showed the relationship between variational approximations and graphical models
and demonstrated how variational algorithms can be formulated using different
models. Finally, they described a general framework for generating variational
transformations based on convex duality.

Bishop (2006) included two chapters about graphical models and approximate
inference which established a preliminary systematic theoretical system of varia-
tional approximations inference for graphical models, including the relationship
between hierarchical Bayesian models and graphical models. This system also in-
troduced the method of variational approximations and a general framework for the
derivation of the variational Bayes approximation model based on the Kullback-
Leibler divergence between the true and approximating distributions. Although
variational approximations are commonly used in machine learning models, Bish-
op (2006) indicated that variational approximations are efficient alternatives to
MCMC for Bayesian inference.

Based on variational inference methods, some variational inference engines
(Wand, 2009) were developed for conducting inference in graphical models. These
included Variational Inference for BayESian networks (VIBES) (Bishop et al.,
2003) and Infer.NET (Minka et al., 2014).
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1.1.2 Mean field variational Bayes

In recent years, statisticians have started to explore the use of variational approx-
imations for Bayesian inference, and to establish the connections between vari-
ational approximate inference and Bayesian models. The concept of mean field
variational Bayes (MFVB) originated in statistical physics (Parisi, 1988), where
it was called mean field theory. In MFVB, the posterior density function of the
parameter vector is factorized into a particular product structure. The approxi-
mate posterior density function is obtained by maximizing a lower bound on the
marginal likelihood over the restricted space. Ormerod and Wand (2010) explained
the use of the MFVB method in Bayesian statistics, and Faes, Ormerod and Wand
(2011) established a method to assess the accuracy of MFVB.

More recent works have been focused on two aspects of MFVB: to extend
the MFVB method to handle a variety of models; and to assess the accuracy of
MFVB in different statistical models. McGrory and Titterington (2007, 2009)
performed model selection in finite mixture distributions and fit hidden Markov
models. Pham, Ormerod and Wand (2013) fitted nonparametric regression with
measurement error. Faes, Ormerod and Wand (2011) discussed MFVB for elab-
orate distributions. Based on the MFVB method, Ormerod (2011) introduced
grid-based variational approximations method for Bayesian inference.

There still remains several statistical models that are largely mysterious and
unexplored in MFVB’s fields. As an important problem in statistical analysis,
variable selection is the choice of an optimal model from a set of a priori plausi-
ble models (O’Hara and Sillanpaéd, 2009). Variable selection for semiparametric
regression models consists of two components: model selection for nonparametric
components and selection of significant variables for the parametric portion. This
area have not been explored in the context of variational approximations. This

forms the basis of the thesis. Moreover, we will extend current MFVB methodolo-
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gy for Bayesian Lasso regression and linear variable selection models with indicator

variables.

1.1.3 (Gaussian variational approximation

In non-Bayesian fields, the maximum likelihood method is frequently used to esti-
mate the parameters. However, intractable issues for likelihoods are encountered
in a wide range of complex models. Ormerod and Wand (2012) incorporated
the variational approximation method into maximum likelihood estimation and
introduced the Gaussian variational approximation (GVA) method for fitting gen-
eralized linear mixed models (GLMMs). Ormerod and Wand (2012) proposed the
point estimation method and showed that the estimation of Gaussian variational
approximations for the grouped GLMM model is very accurate. Hall, Ormerod
and Wand (2011) proved consistency for Poisson mixed models. However, there
is almost no literature on asymptotic validity of variational inference methods.
Hall, Pham, Wand and Wang (2011) derived the precise asymptotic distributional
behavior of Gaussian variational approximate estimators of the parameters in a

single-predictor Poisson mixed model.

1.2 Basics of Mean Field Variational Bayes

The process of MFVB is summarised in Chapter 10 of Bishop (2006) and Ormerod
and Wand (2010). Consider a generic Bayesian model with parameter 8 and
observed data y. We suppose that @ = (64,05, ...,0,,) is continuous and is in the

set ©. The posterior density function of the parameter 6, p(6|y), can be obtained
by
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where p(y) is the marginal likelihood. Except in some simple models, the posterior
density function for each 8,,, 1 < m < M, is difficult to obtain.
Let g be an arbitrary density function over ©, We can obtain the g-dependent

lower bound on the marginal likelihood as

p(y;q) = eXp/q(O)log {p(y’ ) } o

and

p(y) > p(y;q)

with equality if and only if ¢(0) = p(@|y) almost everywhere.
The MFVB approximation assumes that the posterior density function p(0|y)

can be factorized for some partition @ = (01,05, ...,60,), i.e.

log p(y;q) = / 1T «6m) {log(p(y,e)) - Zlog(q(é’m))} dby, ..., d0

Maximizing logp(y;¢q) over each of qi,...,qa leads to the optimal posterior

density function. Algorithm updates can be derived from the expression
q*(0:m) < exp { Ego_,)logp(0,]y,60_,,)}, 1 <m < M, (1.1)

where 6_,, denotes the set {61,0,,...,0)} with 6,, excluded. Each iteration
results in an increase in log p(y; q), and this quantity can be used to assess con-

vergence. In this thesis, we use a high fixed number of iterations to ensure conver-
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gence. Convexity properties can be used to show that convergence to at least local
optima is guaranteed (Boyd and Vandenberghe, 2004), and each iteration results

in an increase in log p(y; q).

1.3 Accuracy Measure

An accuracy measure for MEVB was defined in Faes et al. (2011). Suppose that
p(fly) is the true posterior density function of 6, and ¢*(#) is the posterior distri-
bution function given by MFVB. The accuracy of MFVB approximate posterior
density functions was measured via L; distance. The L; error, or integrated ab-

solute error (TAE), of ¢*(0) is given by

) - | T4 (0) - p(6]y)|do.

—00

Because the L; error is a scale-independent number between 0 and 2 and is
invariant to monotone transformations on the parameter 6, the accuracy of ¢*(9)
is defined to be

1
accuracy(q*) = 1 — 5 TAE(¢").

For most Bayesian models, the real posterior density function p(f|y) is difficult to
obtain. In practice, we can obtain an accurate approximate value of p(f|y) with
MCMC sampling by using BRugs (Thomas et al., 2006). All examples in this thesis
use a burn-in of size 10000, thinning factor of 5 and sampling of size 50000. This
is overly large for some models but adequate for all models considered. Density
estimates were obtained using the binned kernel density estimate bkde () function
in the R package KernSmooth (Wand, 2015). The bandwidth was chosen using a
direct plug-in rule, corresponding to the default version of the dpik() function in

KernSmooth.
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1.4 Graphical Models and Factorized Approxi-
mation

Our approach to variational inference is based on a factorized approximation for
the true posterior distribution. This factorized form of variational inference cor-
responds to an approximation framework developed in physics called mean field
theory (Parisi, 1988). Graphical models allow us to better understand the struc-

ture of a Bayesian model and a factorized approximation.

1.4.1 Graphical models

A graph comprises nodes connected by links. In a probabilistic graphical mod-
el, each node represents a random variable, and the links express probabilistic

relationships between these variables.

Definition 1.1. A directed cycle is a closed path within the graph such that we
can move from node to node along links following the direction of the arrows and

end up back at the starting node.

Definition 1.2. A graph is called a directed acyclic graph (DAG), if there are no

directed cycles in the graph.

Definition 1.3. In a DAG, the directed links (arrows) from the nodes correspond

to the variables on which the distribution is conditioned.

Definition 1.4. Node A is node B’s parent, if there are directed links from node
A to node B.

Definition 1.5. Node A is node B’s child, if there are directed links from node B
to node A.

Definition 1.6. Two nodes are co-parents if they share a common child node.
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Definition 1.7. The Markov blanket of a node is the set of children, parents and

co-parents of that node.

Figure 1.1 is a DAG showing the Markov blanket of X, where nodes C and D
are parent nodes of X, nodes E and F are child nodes of X, and nodes A and B are

co-parents with X. The corresponding conditional distributions include p(X|C, D),
p(E|X, A) and p(F|X, B).

Figure 1.1: The Markov blanket of a node X comprises the set of parents, children
and co-parents of the node.
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Result 1.1. The full conditionals for node X involves localized calculations on the

Markov blanket. 1.e.
p(z|rest) = p(x|Markov blanket of X).
Result 1.2. Using Result 1.1 in the optimal equation (1.1), we can get

q*(0,,) < exp { Ego_,)log p(8,,| Markov blanket of 6,,)} . (1.2)

1.4.2 Induced factorizations

Induced factorizations arise from an interaction between the factorization assumed
in the variational posterior distribution and the conditional independence proper-

ties of the joint distribution of the random variables.

Definition 1.8. Consider three variables A, B, and C, and suppose that the con-
ditional distribution of A, given B and C, does not depend on the value of B, so
that

p(A|B, C) = p(A|C).

We say that A is conditionally independent of B given C.

Definition 1.9. We use the notation A 1L C' | B to denote that is conditionally

independent of B given C.

The induced factorizations arise from an interaction between the factorization
assumed in the variational posterior distribution and the conditional independence
properties of the true joint distribution. Consider three variables A, B and C.
Firstly, we assume a factorization between C and the remaining variables A and
B, so that:

q(A, B,C) = q(A, B)q(C)



Chapter 1 10

Secondly, if A is conditionally independent of B given C, we can factorise this

posterior distribution between A and B, so that
(A, B, C) = ¢(A)q(B)q(C).

The ability to recognise induced factorisations helps to streamline derivation of

MFVB methodology (Bishop, 2006).

1.5 Notation, Definitions and Results

The following notation is used throughout the thesis.

1.5.1 Vector notation

If @ and b are n-dimensional vectors, we write a and b € R", where

aq b1
a b
a= ‘2 and b = ?
an by,

The component-wise product of two vectors a and b is:

arby

asby

a®b=

by,
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The norm of a vector a is Va’a. diag(a) is a diagonal matrix with diagonal

entries corresponding to those of a, i.e.

ag 0 -+ 0

‘ 0 ay - 0
diag(a) =

0 O an,

1.5.2 Matrix

Let M be a square matrix. Then tr(M) is the trace of M and |M]| is the

determinant of M.

1.5.3 Random variable

Let x and y be random variable. Then p(z) is the density function of z, E(x) is
the expected value of z, and Var(z) is the variance of x. The conditional density

of x given y is denoted by p(z|y).
If  and y are random vectors, then p(x) is the density function of x, E(x) is

the expected vector of @, and Cov(x) is the covariance matrix of .

1.5.4 Mean field variational Bayes notation

We use ¢ to denote a approximating density function that arises from MFVB
inference. The optimal density function is denoted by ¢*.
If z is a random variable with density function ¢(z) and f(z) is any function

of z, then

Ha(f(z) = Eglf(2)], and 0§<f(z)) = Var,[f(2)].
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If @ is a random vector generated from the density function ¢(0), and f(0) is

any function of 8, then

ta(r0)) = Eq[f(0)], and Ey(se)) = Covy[f(0)].

1.5.5 Function

Definition 1.10. We define the integral J(-,-,-,+) by

o0

I, q,7,8) = / aPexp{qr — ra* — se”"}du,

where p > 0, —oco < g <00, 7 >0 and s > 0.

Definition 1.11. We use the notation I'(+) to denote the Gamma function, which
1s defined by

[(x) = / u” e " du.
0
Definition 1.12. We use the notation 1(-) to denote the digamma function, which

18 the derivative of the logarithm Gamma function

Definition 1.13. We use the notation B(«, [5) to denote the Beta function, which
1s defined by
1
B(o, B) = / t (1 — )51 at.
0

1.5.6 Distribution

Definition 1.14. We use the notation x ~ N(u,c?) to denote that = follows a

2

Normal (Gaussian) distribution with mean p and variance o > 0. The corre-

sponding density function is

1 ICEN
p(x) = e 22 | —00 < x < 00.
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Definition 1.15. We use the notation ¢(-) to denote the probability density func-
tion of the standard normal distribution. i.e. if x ~ N(0, 1), then the corresponding

density function is

p(x) = ¢(x) = ! e‘é, —00 < x < 00.

Definition 1.16. We use the notation ¢42(-) to denote the probability density

function of the Normal distribution with mean 0 and variance o>.

Result 1.3. Let x ~ N(u,0?). Then
E[z] = p, Var[z] = o°.

Definition 1.17. We use the notation  ~ N(u,X) to denote that  follows a
Multivariate Normal (Gaussian) distribution with mean vector p and covariance

matrix 3. The corresponding density function is

1 1 Ty —1(g - k
p(w)—mexp{—§<w—u>z< Wi ecr

Definition 1.18. The notation x ~ Inverse-Gaussian(j, \) is used to denote that
x follows an Inverse-Gaussian distribution with mean parameter p > 0 and shape

parameter X\ > 0. The corresponding density function is

p(x):[ A ]1/26xp{M}, —00 < & < 00.

2’ 2u’x

Result 1.4. Let x ~ Inverse-Gaussian(p, \). Then

Elz]=p, E[1/x] =1/pu+ 1/

Definition 1.19. The notation x ~ Log-Normal(u,c?) is used to denote that x
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follows a Log-Normal distribution with parameters p and o®. The corresponding

density function is
1 _(no—p)?
p(r) = e 22 | x>0.
xo\ 2T

Definition 1.20. The notation x ~ Bernoulli(p), x € {0,1} means that x has a
Bernoulli distribution with probability parameter p. The corresponding probability

mass function s
plz) = p*(1—=p)'~*, ==0,1.

Definition 1.21. The notation x ~ Half-Cauchy(A) means that x has a Half-
Cauchy distribution with scale parameter A > 0. The corresponding density func-
tion s

2A

p(l’) :m, x> 0.

Result 1.5. Let o and a be random wvariables such that
o? ~ Inverse-Gamma(1/2,1/a) and a ~ Inverse-Gamma(1/2,1/A%),

where A > 0. Then o ~ Half-Cauchy(A).

Definition 1.22. We use the notation © ~ Beta(a, B) to denote that x follows a
Beta distribution with parameters o > 0 and > 0. The corresponding density

function is

N1 —2)7, 2z e 0,1],

where B(a, B) is a Beta function.

Result 1.6. Let © ~ Beta(a, 3). Then

where 1Y is the digamma function.
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Definition 1.23. The notation x ~ Inverse-Gamma(A, B) is used to denote that =
has an Inverse-Gamma distribution with shape parameter a > 0 and rate parameter

B > 0. The corresponding density function is

p(z) = %x_o‘_lexp {—g} , x> 0.

Result 1.7. Let x ~ Inverse-Gamma(A, B). Then
o)

where Y is the digamma function.

Definition 1.24. The notation x ~ Gamma(A, B) is used to denote that x has a
Gamma distribution with shape parameter o > 0 and rate parameter f > 0. The

corresponding density function is
p(z) = ﬁx“_lexp{—ﬁaz}, x> 0.
I(c)
Result 1.8. Let x ~ Gamma(A, B), then

Ele] = %, Ellnz] = —In(B) + ¥(a),

where 1 is the digamma function.

Definition 1.25. We use the notation x ~ Laplace(\) to denote that x follows a

Laplace distribution with parameter X > 0. The corresponding density function is

A
p(x) = §exp{—)\|x\}, —00 < 7 < 00.
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Result 1.9. Let © and a be random variables such that
zla ~ N(0,1/a) and a ~ Inverse-Gamma(1, \*/2).

Then x ~ Laplace(\).

Definition 1.26. We use the notation x ~ t(z,0? v) to denote that x follows a

2

Student’s t-distribution with parameters o° and v > 0. The corresponding density

function is

v+1

p(x)z%(l—i—%)_ D —w<z<oo

Result 1.10. Let z and a be random variables such that
9 vV v
zla ~ N(0,a0) and a ~ [nverse-Gamma(a, 5)

Then x ~ t(x, 0%, V).

Definition 1.27. Suppose that x ~ N(u,0?) has a normal distribution and lies
within the interval x € (a,b), —oo < a < b < oo. Then x conditional ona < x <b
has a truncated normal distribution. Its probability density function for a < x <b,

s given by
1 Tr—
20(55)
O(H) — o(E)

g o

p(z;a,b) =

where ¢(-) is the probability density function of the standard normal distribution

and ®(-) is its cumulative distribution function.

Result 1.11. Suppose x, a < x < b, has a truncated normal distribution. Then
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Definition 1.28. We use the notation x ~ Dirichlet(a) to denote that x =
(21, ...,xx) follows a Dirichlet distribution of order K < 2 with parameters o =

(v, ...,ax). The corresponding density function is

() o
HZ Day) H

i=1

Dirichlet(a) =

Definition 1.29. The probability density function of a Normal Mixture distribu-

tion with mean (q,...,jux and variance o2,...,0% is given b
JARES) 1Y K

K
p(x;,ulw 7”7”0-1" © n Z

where w; > 0 and Efil w; = 1.

Result 1.12. Suppose that x has a Normal Mizture distribution with density func-

tion

Lx—
P s i, 73 02) = D w0 p (1),

i=1 ‘ i
Then

:zn:wiui,\/ar —O'—sz L )2+ o).
i=1

Definition 1.30. The Dirac delta function is denoted by 6o(-) and is defined by

1 ifx=0,
0 ofx#0.

do(z) =

Definition 1.31. The notation x ~ Normal-Zero(c?, p) denotes that x has a

Normal-Zero distribution. The corresponding density function is

p(:v|02,,0) = qugz(fl?) + (1 - p)50($), r € R,
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where p is a random variable over [0,1].

Result 1.13. Let v and x be random variables such that

P(]7) = 102(2) + (1 = 7)do(), and ~]p ~ Bernoulli(p).

Then z|o?, p ~ Gaussian-Zero(a?, p).

Result 1.14. Let v and 6 be random variables such that
v ~ Bernoulli(p), and 6|o® ~ N(0,0?),

and suppose that x = ~0. Then z|o?, p ~ Gaussian-Zero(a?, p).

Result 1.15. Let y and a be random variables such that

1 ifa>0

0 otherwise

and a ~ N(p,1).
Then y ~ Bernoulli(®(u)).

Result 1.16. Consider a Bayesian linear mized model:

y|B3,u,02 ~ N(XB+ Zu,o’I),

uloy ~ N(0,0.1),

B~ N(0,0%T), (1.3)
o2 ~ Inverse-Gamma(A., B.),

o2 ~ Inverse-Gamma(A,, By).
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Then, the posterior density function of B and w, p(B,uly) is given by

p(B,uly) O(/OO /OO exp ly - XB+ Zu|? B 182 - 2
7 o Jo 20?2 20% 202

p(o2)p(o,)do’do,.

An alternative model, which employs an auxiliary data vector a, is

a2 0
a|ﬁ,u,az ~ N p , p
u 0 oI

u

P ~ N(0,bI), (14

2
oZ ~ Inverse-Gamma(A., Be),

02 ~ Inverse-Gamma(Ay, B,).

Then the posterior density function of 3 and w satisfies:

lly-XB+Zu|* 1+03/b

202 203

(B, uly.a = 0) ocexp{ 1812

1+o02/b
e P

It is apparent from this that
l}l}%]ﬁ)(ﬁa ’U/‘y, a = O) = p(/ga u|y)

Similar results hold for the other posterior density functions. Hence, using the
model (1.4) with b set to be a very large number and with the auziliary vector

set to have an observed value 0 leads to essentially the same results for posterior
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density functions of model (1.3). This follows from Wang and Wand (2011).

Result 1.17. Let x, a and b be random variables such that
zla ~ N(0,a), alb ~ Inverse-Gamma(M, M/b), b|\ ~ Inverse-Gamma(1, \*/2),

where M > 0. Then the density function p(x; M, \) leads to a good approzimation
to the Laplace(\) distribution when M is large. This follows Luts et al. (2015).

Result 1.18. The ezpression of —log(1+€”) is the maxima of a family of parabolas:

£eR

—log(1 + %) = max {A({)x2 - %x + C’(f)} forall € R

where

Ag) = &2 e =

¢ tanh(&/2)
i 0

£
2 1

— log(1 + €°)

This follows Jaakkola and Jordan (2000).

1.6 Overview

The aim of this PhD research is to explore how to use variational approxi-
mations methods to deal with the linear and semiparametric regression
model and perform variable selection. Traditional approximations methods,
such as the MCMC and Laplace approximations method, result in a model fit
that is too slow. Therefore, we attempt to use the variational approximations
method, including mean field variational Bayes (MFVB) and Gaussian variational
approximation (GVA), to deal with the models mentioned.

This thesis has 8 chapters: Chapter 1 reviews variational approximations and

gives required notation and results. Chapter 2 develops MFVB inference for
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Bayesian variable selection based on the posterior probabilities of the model. Chap-
ter 3 presents a MFVB linear variable selection method based on indicator vari-
ables. Chapter 4 develops MFVB inference for the Bayesian lasso model. Chapter
5 introduces how to use a new approximate Bayesian inference, Infer. NET, for
statistical analyses. Chapter 6 presents asymptotic theory for Gaussian variation-
al approximations, which is an non-Bayesian variational approximations method.
Chapter 7 introduces a new Bayesian inference software, InferMachine(), which
can perform the MFVB inference by using BRugs model code. Some discussion is

given in Chapter 8.
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Mean Field Variational Bayes

Variable Selection

2.1 Introduction

The selection of variables in regression problems has occupied the minds of many
statisticians. An important problem in statistical analysis is the choice of an opti-
mal model from a set of a priori alternative models. In most instances, we consider
how to select a subset of variables that should be included in the model. An ex-
tensive literature (e.g. George, 2000; Robert & Casella, 2004; Broman & Speed,
2002; Liang et al., 2008) introduces a variety of algorithms for searching the model
space and selection criteria for choosing between competing models. Given a set
of potential predictor variables z1,...,x,, the models My, k =1, ..., K, are alterna-
tive models containing the subsets X; of total potential predictor variables and
unknown parameters 6. For a given prior distribution of the unknown parameter

0., we can obtain the posterior model probabilities under the data:

(Y |M,) = / (Y| M, 6)p(60)d,

22
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known as the marginal likelihood of the data under the model. For given model

prior probabilities p(M}), we can obtain the posterior probabilities of each model:

p(M,[Y) = £(Mk)P(Y|Mk) _

> 1 P(Mi)p(Y | M)
For a simple or specific model, the approximate value of posterior model proba-
bilities can be obtained by integrating the likelihood function directly (Liang et
al., 2008). In the general case, several MCMC methods have been proposed for
estimating probabilities of models in the presence of model uncertainty (Kass &
Raftery, 1995; West, 2003; Drummond & Rambaut, 2007).

In the case of the mean field variational Bayes (MFVB) approximation, the
lower bound on the marginal likelihood, p(Y'|M}), can be derived more directly. For
MEFVB model selection, p(Y'|My) will be used to replace the marginal likelihood,

p(Y'|My), to obtain the posterior probabilities of each model:

p(M[Y) = I}()(Mk)]_j(Y|Mk) _
Zkzlp(Mk)p(ka)

Next, I will describe the general framework of variable selection for linear and

non-linear cases.

2.1.1 Linear variable selection

We consider the Gaussian linear regression model with response y and a set of
potential predictor variables x;,...,xz,. Variable selection will select a subset X, =

(Tk1, Tha, --., Tip, ) from the predictor variables and generate the alternative M, as:

My =150 + X8, + €,
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where y = (y1,¥2, ..., yn)" is the response vector and 3, is an intercept that will be
included in each alternative model. The error vector, € = (g1, €9, ...,&,)7, contains
terms that are independent and identically distributed from a normal distribution
with mean 0 and variance o2. (3, is a py-dimensional vector of nonzero regression
coefficients.

A Bayesian linear regression model is:

ylBo, B, 02 = N(16y + X B,021),
02 ~ Inverse-Gamma(A,, B.),
BO ~ N(07O-[230)7

B~ N(0,031),

(2.1)

where A, B., 03 and of > 0 are hyperparameters. Bishop (2006) shown a
conjugate prior structure exists that gives a closed form for the posterior of model
(2.1). Ormerod and Wand (2010) gave a pedagogical derivation of MFVB and
obtained the logp(y;¢q) expression. Assuming the prior probabilities p(M}) are
equal and using the lower bound p(y;q) instead of the marginal likelihood, the
variational approximate posterior probabilities of models are:

iq, M
p(Myly) = —2EeM) g

S p(yiq, M)

and the alternative model with the largest posterior probability is defined to be

the estimated optimal model.

2.1.2 Non-linear variable selection

In general, we are not only interested in whether a variable can be selected into
the optimal model with a linear structure, but also we are interested in whether

the selected variable is linear or non-linear. We use additive models with mixed
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model-based penalised splines to deal with non-linear effects. Similarly to the
linear case, we consider a set of potential predictor variables x;,...,x, and generate

the alternative M, as:

kl k?g
My, :yi = Bo + Zﬁjﬂﬁi,j + Zfr(:z:i,r) +¢&, 1<i<n,
j=1 r=1

where y; is the ith response and [y is an intercept that will be included in each
alternative model. The error, ¢;, is independent and identically distributed from a
normal distribution with mean 0 and variance af. The variables x; ;, 1 < j < Ky,
are linear effect variables and z;,, 1 < r < ky, are non-linear effect variables. The
quantities k; and ks are the numbers of linear and non-linear variables selected
into the alternative M. We will model each of the f,.(-) using low-rank smoothing

splines with a mixed model representation:
K
fo@) = B+ )ty pznn(z)
k=1

U ~ N(0, O'ZT)

where 2,5, 1 <k < K,, are O’Sullivan Penalised Splines (Wand & Ormerod, 2008)
functions over x. u,1, ..., u, x are random effect terms with the normal distribution

independently.
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Our Bayesian additive model is

ylBo, B,u, 02~ N(18, + XB + Zu,0’1,),
Bo ~ N(0,0%),

B~ N(0,0’%I),

wglow, ~ N(0,05,Ix,) 1 <<,

o2 ~ Inverse-Gamma(A,, B,) 1< (<,

Up

o2 ~ Inverse-Gamma(A., B.).

Here A., B., 01230’ A,, B, and 0% > 0 are hyperparameters and Z = [Z, ..., Z,]
where

ZZ,1<x1,Z> Zz,K(l“Le)

Z, = : " : , 1<t<m,

201(Tne) 0 2K (Tne)
is the spline basis design matrix and z;, 1 < k < K, is an O’Sullivan spline basis
(Wand & Ormerod, 2008). Using the MFVB inference method, we can obtain
the logp(y; q) expression (Ormerod & Wand, 2010). Similarly to the linear case,
the variational approximate posterior probabilities of the models can be obtained
using p(y; q), and the alternative model with the largest posterior probability is
the estimated optimal model.

In this chapter, we will consider the different model structures for the alter-
native model sets M, and examine the linear and non-linear variable selection
models. The results of variable selection under different prior distributions will be
compared. To make the variable selection fast, a stepwise method will be used for

variable selection.
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2.2 Prior Distribution for Fixed Effects

In general, we set the fixed effect parameters 3;, 1 < i < p, to be generated from a
normal prior distribution with mean 0 and variance o3, where 03 is a large number,
such as 108. This is a non-informative prior distribution and suitable for general
models. Liang et al. (2008) studied mixtures of g priors as an alternative to default
prior distribution for fixed effects for use in Bayesian variable selection. In this
chapter, a ridge penalty (Hoerl & Kennard, 1970) for the fixed effect parameters
and a corresponding Bayesian hierarchical model will be considered.

Ridge regression shrinks the regression coefficients by imposing a penalty on

their size. The ridge coefficients minimize a penalized residual sum of squares:

p

(o, B) = ang min { (y = Lo = XB)" (y — Ll = XB) + A D5}, (2
0, J=1

where the intercept [y has been left out of the penalty term. The ridge estimate can

be derived as a Bayes maximum a posteriori estimate under independent Normal

priors for each regression coefficient (Hastie, Tibshirani & Friedman, 2009). For

model (2.1) with given o2, the posterior distribution of 8, and 3 is given:

2
0¢

T
p(ﬁOaB‘ya (752) :(QWJE)_%eXp { (y — 1nfo — X,B) (y — 1,80 — X,B) }

P52
X (2%0%)_%exp {—%ﬁj} (2.4)

%8
T P 2
- {_ (v = Lnfo = XP)' = Lnf = X) _ 3 g } |

So the Bayes maximum a posteriori estimate for (5o, 3) is given by:

. T o’ - 2
ar%ofgm{(y—lnﬁo—Xﬂ) (y_lnﬁo_X'B)_Fa_%jZlﬂj}'
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It is similar to (2.3) when we set A = 02/05. If we set a non-informative prior
for 8, e.g. oj = 10", 02/0 will be close to 0. Then the Bayes maximum a
posteriori estimates for the regression coefficients are ridge regression least squares

estimators.

Linear regression with a ridge penalty in the fixed effect

The model for a Bayesian linear regression with a ridge penalty for the fixed effects

1s:

ylBo, 8,02 "% N(16y + X B, 021),

02 ~ Inverse-Gamma(A., B.),

BO ~ N(O> UZ’O>7 (25)
B~ N(0, 0’%[),

U?,» ~ Inverse-Gamma(Ag, Bg),

where A,, B, aéo, Ap and Bg > 0 are hyperparameters. We seek an approximate
inference to the posterior distribution corresponding to the model given in (2.5).

A tractable solution arises if we impose the product restriction:

q(ﬂo: ﬂ) 0527 Ué) - Q(/807 B)Q(Uga Ué)

The theory of induced factorizations (e.g., Bishop, 2006, Section 10.2.5) leads to

a solution with the additional product structure:

4(Bo, B, 02,05) = q(Bo, B)a(o?)q(0).
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Then, using the equation (1.1), the optimal ¢* densities for the parameters in

model (2.5) take the form:

q*(Bo, B) is a Multivariate Normal density function,
¢*(c2) is an Inverse Gamma density function, and (2.6)

q*(0p) is an Inverse Gamma density function.

Let g, and Xy, denote the mean vector and covariance matrix for
the Multivariate Normal density function ¢*(8y,3), and A2y and By(,2) denote

the shape and rate parameters for ¢*(0?). A similar definition is used for the

parameters in q*(cr%). Let C = [1, X]. Derivations for the optimal densities are

deferred to Appendix 2.A.
The convergence of algorithm (2.2.1)! can be monitored using the following

expression for the lower bound on the marginal log-likelihood:

n 1+p 1 1125, + 02
logp(yiq) = —glog(2m) + —5= — Jlog(a},) — ;=512
Bo

+Alog(B.) — log'(A.)

—(A. + g)log(Bq(gg)) +logT'(A. + g)
+Aglog(Bg) — log'(Ag)
—Aq(aé)log(Bq(U%)) + log F(Aq((,%))

1
+§10g\2q<ﬁoﬂ,u>|-

!For many semiparametric regression model, the order of update does not matter. When the
regression model includes indictor variables (Chapter 3), the order my matter.
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Algorithm 2.2.1: MFVB iterative scheme to obtain the parameters of the
optimal densities ¢*(5, 3), q*(af,) and ¢*(c?) for Bayesian linear regression

with the ridge penalized method in the fixed effect model (2.5).

Initialize fiq(1/02) and pig Jo3)i

Cycle

-1
Zy(s0.8) {Mqu/az)CTc + blockdiag | (o7,) ™", Mq(l/aEa)Ip} }

Hg(s0,8) <~ Mq(l/o?)zq(ﬁo,mCTy
A

n
q(o2) = 9 + Ae
Byo2) < B+ 3 {lly - Clys0.8) 1> +tr(CTCSy50,8)) }
Aq(o2)

Hq(1/02) <=
! By(o2)

Bq(gg) + Bg+ % {|| 1)) ||2 +tr(2q(ﬁ))}

i - Aq(o,%)
(1/03)
R BQ(U,%)

until the increase in log p(y; q) is negligible.

2.3 Prior Distribution for the Variance

The Inverse-Gamma( A, B) prior distribution is an attempt at non-informativeness
with A and B set to low values, such as 0.01 or 0.001. As a conjugate for the vari-
ance in the Normal response model, the Inverse-Gamma prior distribution is used
in a large number of Bayesian hierarchical models. In the previous section, we used
the Inverse-Gamma as the prior distribution to build a variable selection model.
However, alternative variance (scale) parameter priors are often discussed and con-

sidered in the hierarchical model. Gelman (2006) discussed non-informative prior
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distributions for scale parameters, such as Half-t prior distributions. As a special
case, a Half-Cauchy prior distribution is used for scale parameters (square roots of
variances), which are estimated from a small number of groups and have generated
good results. Polson and Scott (2012) used the Half-Cauchy prior for a global scale
parameter. Marley and Wand (2010) used the Half-Cauchy prior in robust non-
parametric regression via the t-distribution. In Bayesian variable selection, Cottet,
Kohn and Nott (2008) used a log-normal prior distribution for the variance of the
spline coefficient. I will begin by giving a brief introduction to those distributions

and the corresponding Bayesian model structure.

2.3.1 Half-Cauchy prior

The Half-Cauchy is a special case of the Half-¢ prior distributions. Figure 2.1
shows the Half-Cauchy density function with a scale parameter A. The density
function has a broad peak at zero and will be close to a Uniform distribution when

A — 0.

Probability density function

— A5
— A=25
— A=125

0.12
|

0.04 0.06 0.08 0.10
| | | |

0.02
|

0.00
|

0 20 40 60 80 100

Figure 2.1: The Half-Cauchy density function with different values of the scale
parameter A.
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To consider a scale parameter o ~ Half-Cauchy(A), we introduce the auxiliary

variables corresponding to Result 1.5. The model with auxiliary variables is
o? ~ Inverse-Gamma(1/2,1/a) and a ~ Inverse-Gamma(1/2,1/A?)

Linear regression model with a Half-Cauchy prior for o2

A Bayesian linear regression model with a Half-Cauchy prior is:

y|Bo. B, 02 "X N(18, + X B, 021),

Bo ~ N(O,aéo),

B~ N(0,03T), @)
U§|a ~ Inverse-Gamma(1/2,1/a),

a ~ Inverse-Gamma(1/2,1/A%).

Here 020, ag and A > 0 are hyperparameters. The product restriction that we

impose here is

qa(Bo, B 02, a) = q(Bo, B)a(o2)q(a).

Then, as shown in Appendix 2.B, the optimal ¢* densities for the parameters in

model (2.7) take the form:

q*(Bo, B) is a Multivariate Normal density function,

¢*(c?) is an Inverse Gamma density function, and (2.8)

¢"(a) is an Inverse Gamma density function.

Let pry(5,,8) and 2y(g,,8) denote the mean vector and covariance matrix for the
Multivariate Normal density function ¢*(5y, 3), and Ag,2) and By,2) denote the

shape and rate parameters for ¢*(02). The 1 and Bgy(a) denote the shape and rate
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parameters for ¢*(a). Let C = [1, X]. The convergence of algorithm (2.3.1) can
be monitored using the following expression for the lower bound on the marginal
log-likelihood:

2 2
Pa80) T T4(60)
20%0

1+p n

1
logp(y;q) = 5 Elog(zﬂ') - §1Og(<7§0) -

P 1
—§log(<ffa) — 5z e l” + tr(Zg)}
93

1
+5log 124(80.8.w)]
—log(m) — log(A) — log(By(a)) + Hq(1/a)H1(1/02)
—Aq(gg)log(Bq(gg)) + log F(Aq(gg)).

Algorithm 2.3.1: MFVB iterative scheme for obtaining the parameters of
the optimal densities ¢*(8y,3), ¢*(a) and ¢*(¢?) for model (2.7): a linear
regression model with Half Cauchy prior in o2.

Initialize fiq(1/02);
Cycle

. _ _ —1
Sa(s0.8) < {Ha(1/02C" C + blockdiag [(a5,) 7", (03) ' 1,] }

Pa(oo) < Fat1/a) D08 C" Y
n+1
2
Byozy < tot1/a) + 5 11 Y = Chganp) I +t2(CTCEya0)) }
Ag(o2)

Hq(1/o2) <~ 55
! By(o2)

Aq(U?) —

1
Baa) <= 75 + Hat/o2)

1
Kq(1/a) <
! By(a)

until the increase in log p (y; ¢) is negligible.
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2.3.2 Log-Normal prior

Cottet, Kohn and Nott (2008) used a Log-Normal prior distribution for the vari-

ance. The prior distribution for the variance o? is:

o? ~ Log-Normal(a, b),
o ~ N(0,0), 29)

b ~ Inverse-Gamma(A,, By),

where the 02, A, and B, > 0 are hyperparameters. In our study, I will follow the
result of Cottet et al. (2008) and set the hyperparameters values to o2 = 100,
Ay = 101 and B, = 10100. Figure 2.3.2 shows the density functions of the Inverse
Gamma, Log-Normal and Half-Cauchy distributions. The density functions are

similar in being flat-tailed but are significantly different around zero.

Probability density function Probability density function (Zoom in)
< <
c 7 — Inverse Gamma oS 7 — Inverse Gamma
—— Log-Normal —— log-normal
— half-Cauchy — half-Cauchy

0.3
|
0.3

0.2
0.2

Figure 2.2: The density functions of the Inverse-Gamma, Log-Normal and Half-
Cauchy distributions. The right figure is a enlarged portion of the left figure.
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2

Linear regression model with a Log-Normal prior for o

A Bayesian linear regression model with a log-normal prior for o2 is:

y|BU7/670-3 i:E' (160+X/670-?)7

o?|as,b. ~ Log-Normal(a,, b.),
a. ~ N(0,02),

(2.10)
b. ~ Inverse-Gamma(Ay, By),

EO ~ N(())O-go)a

ﬂwN(O,agI),

where 03, 03 Ay, By and 07 > 0 are hyperparameters. The product restriction

that we impose here is:

Q(ﬁm /67 0527 Qe be) = 0(50, ﬁ>Q(U§)Q(a€>Q<bE)'

Then, as shown in Appendix 2.C, the optimal densities of the parameters in model

(2.10) take the form:

q*(Bo, B) is a Multivariate Normal density function,

¢*(a.) is a Normal density function,

q"(b.) is an Inverse Gamma density function, and (2.11)

. _ C* .
(02)Cexp{~ S — Cjyllog 02}

J0,Ch, C, C)

q*(ag) = , 0. > 0.
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Here J is defined as in Definition 1.10 and

n

Ch=- 5 T Haae) Ha(1 /),

|
Gy = 311y = ChigippI° + :(CT CZyg3))

L1
Cp = 5 Ha(1/ve):

Let pry(5,,8) and gg,,8) denote the mean vector and covariance matrix for the
Multivariate Normal density function ¢*(8, 8), fg(.) and 02(%) denote the mean
and variance for the Normal density function ¢*(a.), and A,y and B,y denote
the shape and rate parameters for ¢*(b.).

Let C = [1, X]. The convergence of algorithm (2.3.2) can be monitored using

the following expression for the lower bound on the marginal log-likelihood:

2 2
2+p n+1 1 H + 055
logp(y;q) = — - log(27) — Elog(aéo) - —q(ﬁo)Q 5 4(o)
T 8o
p 2 1 2
—5los(g) — —20%{IIMq<ﬁ>|| + tr(Zym) }
1
+510g[Ey(s0,)|
2 2
1 1% T Py | 1
—§log(02) — 5% + §log<‘7§(aa)>

+Aplog(By) — logI'(Ay)
—Ay)108(Bys.)) + log I'(Ag.))
+logJ (0, C}y, Cfs, Cfy) — fg(ac) Hg(1/b2) H(log o2)

1
+§Mq(1/ba)ﬂq(uogozl2)-
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Algorithm 2.3.2: MFVB iterative scheme for obtaining the parameters of
the optimal densities ¢*(8o, 3), ¢*(a.), ¢*(b.) and ¢*(c?) for linear regression
with a Log-Normal prior in model (2.10) for 2.

Initialize fiq(1/02), Hq(1/6.)s Ba(ac)s Ka(ogo?) a0 Lg(llogo2)2);
Cycle

. _ _ —1
Sq60.8) < {Ha/oC" C + blockdiag [(05,) 7", (05) 7T, ] }
Ha(60.8) < Ha(1/02) Za(50.9C" Y

1
Aq(bg) < Ab + 5

1

By, < By + 5{,“3(@5) + 03(%) — 2/g(a.) Hg(log o2) T :“q([logaé’]?)}
Aqvo)
Hq(i/be) <= &
! B‘](be)

1 _
Oitar) < =5+ Haapp] ™

a

Hq(ac) <~ Ug(ag)ﬂq(l/ba)l‘q(log 02)
n

Ch 5 T Haa:) Ha(1/5:)

1
Cy = 51y = Caya ) + 1(CT CZyi5))]

.1
Cly + §,uq(1/b5)
0,C; — 1,0, Cp
patrgopy — LG = 1 Ciyy G
j(O,Cll, 0137 Cl2)
1,C,Cr, Cr
Hq(log o2) < L oy l"?)
T (2,05, Cr, CF)
M lo 0_?2 <_ * * *

until the increase in logp (y; ¢) is negligible.
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2.4 Stepwise Variable Selection

When we use the highest posterior probability as a criterion for the model choice,
all potential regression models need to be considered. If the number of variables
of interest in the regression model is p, we need to fit 2P regression models for
linear variable selection. We have to spend a lot of time dealing with the variable
selection if p is large, if we consider all possible models. Therefore a stepwise

procedure is used for variable selection.

2.4.1 Introduction to stepwise variable selection

In stepwise variable selection, we build models by adding new terms or dropping
a term and seeing how much this action improve the regression model fitting.
Because each candidate variable is added or dropped iteratively, the computation
can be time-consuming.

Generally, the stepwise variable selection process includes the following three

steps:
1. Start variable selection for initial candidate model.

2. Add or drop each term within the candidate model and calculate the value
of the criterion for variable selection. The “best” model will be used as a

new candidate model.
3. Stop when no new candidate model can increase the criterion.

In the gam package (Hastie, 2015), the AIC statistic is used as the criterion for
variable selection in the function step.gam(). In our MFVB variable selection, we
use the model posterior probability as the criterion value in the variable selection.
If we are just adding or improving a new term in the candidate model, this stepwise

search process is named “forward”; if we are only removing or reducing a term in
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the candidate model, this stepwise search process is named “backward”. If we
are adding or dropping a term in each step, this process of step-wise search is
named “both”. For the “forward” stepwise search, the NULL model (without any
variables) is always selected as the initial candidate model; for the “backward” and
“both” stepwise searches, the FULL model (including all of the variables) should
be considered as the initial candidate model. For a linear regression model with p
candidate variables, if we start with a NULL model by using the “forward” search
or a FULL model by using the “backward” search, the maximal number of fitted
model is p(p + 1)/2. It is always less than 27.

2.4.2 Stepwise linear variable selection

We have given an overview of stepwise variable selection. Now we focus on stepwise
linear variable selection. In the linear variable selection, we only need to consider
whether a variable should be in or out of the candidate model. Algorithm 2.4.1 is

a stepwise algorithm for linear variable selection.

Algorithm 2.4.1: Algorithm for stepwise linear variable selection

1 Initialize the candidate model (for the “forward” step-wise search, the
NULL model is selected as the initial candidate model; for the “backward”
and “both” stepwise searches, the Full model is selected as the initial
candidate model).

2 Add each candidate variable into the candidate model one at a time or
remove each variable from the candidate model one at a time. Calculate the
the posterior probability of each new model. The model with largest
posterior probability is set as the new candidate model.

3 Stop if the posterior probability model cannot be increased.
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Example of stepwise linear variable selection

We use a example to describe the stepwise linear variable selection. The data were

generated from the model

Yi=PBo+ T +2X 2 +0xw388;, 1 <t<n,

The number of observation is n = 400, and the number of predictor variables
of interest is p = 3. The predictors x1, ro and x3 are generated from uniform
distributions on (0, 1), where z; and x5 are linear terms and x5 is noise. The errors
g; are independent and identically distributed from a normal distribution with
mean 0 and variance 0.09. We use a “forward” stepwise search and set the NULL
model to be the candidate model. We let M,, denote the model including the
variable 7, and log p(y; M) denote the lower bound on the marginal log-likelihood,

which is the criterion value used to evaluate the variable selection.
initialization
[ ] B(y, MNULL) = —434.9

Step 1 Candidate model Myypr.

p(y; Ma:1) = —4024

p(y; sz) = —239.0

p(y; M,,) = —438.7

e M,, is new candidate model.
Step 2 Candidate model M,

o p(y; Myyn,) = —85.9

o p(y; My, p,) = —241.2
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o M, ., is the new candidate model.
Step 3 Candidate model M, ,,

o I_)(:% Mxl,xg,xg) = —88.9

e Stop. Model M,, ., is the estimated optimal model.

2.5 Simulation Study

Earlier, we listed a basic model framework that can be used in Bayesian variable
selection. In this section, a simulation study will be used to analyze the effect of

alternative parameter priors on variable selection.

2.5.1 Simulation for linear variable selection

The basic model for Bayesian linear regression has been given in Section 2.1.
Combining the alternative variance (scale) parameter and alternative fixed effect
parameter priors, we can get three derivative models: linear regression with the

ridge penalized method for the fixed effects, linear regression with Half-Cauchy

2

prior in 02 and linear regression with log-normal prior in 2.

Setup of the numerical simulation, and the result

We generated a series of simulations with different correlations between candidate
predictor variables and different signal-to-noise ratios (Hastie et al., 2009, page
649) to evaluate the performance of the linear variable selection. We consider the
linear model form:

yi=X]B+e, 1<i<n

The number of observations is n = 400, and the number of predictors of interest is

p=3. The X;, 1 <i < n, are generated from a Multivariate Normal distribution,
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N(0,X), where

I ps P
X 1 xX

s_ |7 | P
pa; px e 1

Then, p, = 0.2, 0.5, 0.8 correspond to low correlation, medium correlation and
high correlation. The ¢; is generated from the N(0,0?) distribution. Following
Hastie et al. (2009), the standard deviation, o, was chosen in each case so that
the signal-to-noise ratio (SNR) is equal to a fixed value. We set the SNR equal
to 1, 5 and 25 to represent low, medium and high values. The true value of 3 is

(0,0.5,0.3)T. In this Thesis, all data have be standardised.

SNR 1 1 1 5 5 5 25 25 25
p 02 05 08 02 05 08 02 05 08

OM 0.02 0 0 091 053 0.01 1.00 1.00 0.98
LN 002 0 0 090 053 0.01 1.00 1.00 0.98
HC 002 0 0 090 053 0.01 1.00 1.00 0.98
RP 090 0.73 0.32 097 092 0.83 098 0.98 0.97

Table 2.1: The correct rate of variable selection for the original linear model
(OM),the ridge penalized method in the fixeds effect model (RP), the Log-Normal
prior in 02 (LN) and the Half-Cauchy prior in ¢ (HC).

Table 2.1 shows that the correct rate (number of estimated optimal models that
are the same as the true model / number of simulations) of variable selection has
not significantly improved by updating the prior distribution of o2 from Inverse
Gamma to Log-Normal prior or Half-Cauchy prior. Correspondingly, the correct
rate has been significantly increased by using a ridge penalized method for the

fixed effect term.
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2.5.2 Simulation for non-linear variable selection

The simulation has shown that the correct rate of variable selection cannot be
improved by using a Log-Normal prior or a Half-Cauchy prior as the prior distri-
bution for the error variance 2. In this section, we will evaluate the performance
of non-linear variable selection by using various prior distributions on the random
variance term 2. The following model structure will be considered: (1) original
mixed model, (2) mixed model with the ridge penalized method for the fixed effects
and a Inverse Gamma prior for the random variance, (3) mixed model with the
ridge penalized method for the fixed effects and a Log-Normal prior for the ran-
dom variance, and (4) mixed model with the ridge penalized method for the fixed
effects and a Half-Cauchy prior for the random variance. (The corresponding low-
er bound of the marginal likelihood, Algorithm and derivation are in Appendices
2.D, 2.E and 2.F)

We consider the non-linear model form

1
Yi =x1; + §m](:x2,) +0xw3;+¢e, 1<i<n,

27.(.(1_’_21.870.8]‘)

P ), j =1 and 3 and z is a linear

where function m; = /(1 — z) 4 sin(
predictor variable, x5 is non-linear predictor variable and x3 is a noise variable.
The number of observations is n = 400. The vector (zy;, T2, 23,)" was generated
from a Uniform(0,1) distribution with fixed correlation p between the variables of
a triplet. Then, p = 0.2 and 0.8 correspond to low correlation and high correlation.

The ¢;, 7 = 1,2, ...,n, are independent and identically distributed from the Normal

distribution observations with mean 0 and variance o2, where 0. = 0.2 and 0.8.
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i 1 1 1 1 3 3 3 3
p 08 02 08 02 08 02 08 02
o 08 08 02 02 08 08 02 02

Model (1) z; 0.67 1.00 1.00 1.00 0.46 0.99 1.00 1.00
ro 0.23 1.00 1.00 1.00 0.80 0.81 1.00 1.00
3 092 099 098 1.00 0.93 0.93 1.00 1.00

Model (2) z; 097 1.00 1.00 1.00 1.00 1.00 1.00 1.00
re 0.89 1.00 1.00 1.00 0.99 0.99 1.00 1.00
zz 0.87 099 098 099 091 0.92 0.99 0.99

Model (3) z; 0.99 1.00 1.00 1.00 1.00 1.00 1.00 1.00
ry 089 1.00 1.00 1.00 0.99 0.99 1.00 1.00
xz 0.87 098 098 098 092 091 0.99 0.99

Model (4) z; 099 1.00 1.00 1.00 1.00 1.00 1.00 1.00
ry 089 1.00 1.00 1.00 1.00 0.99 1.00 1.00
r3 086 099 1.00 099 0.92 0.93 1.00 0.99

Table 2.2: The correct rate of non-linear variable selection when using four model
structures: model (1) is the original mixed model, model (2) is the mixed model
with ridge penalized method for the in fixed effects, model (3) is the mixed model
with ridge penalized method for the fixed effects and a Log-Normal prior for ran-
dom variance, and model (4) is the mixed model with ridge penalized method for
the fixed effects and a Half-Cauchy prior for the random variance.

Table 2.2 shows that the correct rate has not been significantly improved by
updating the prior distribution of o2 from the Inverse Gamma distribution to the
Log-Normal distribution or to the Half-Cauchy distribution. For the fixed effect
term, the correct rate can be significantly increased by adding a ridge penalized
method for the the fixed effects if the predictor variables have a strong correlation.
Therefore, we suggest that the model which includes the ridge penalized method
for the fixed effects and a Inverse Gamma prior for the random variance term is

best for MFVB non-linear variable selection.
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2.5.3 Simulation for stepwise variable selection

Similarly to simulation for linear variable selection, we consider the linear model
form

yi=XiB+e, 1<i<n.

The number of observations is n = 200, and the number of predictors of interest is
p = 10. The X;, 1 < i < n, are generated from a Multivariate Normal distribution,
N(0,X), where

L p p

1
2:/)' p

pp...l

Then p = 0, 0.2, 0.5, 0.8 correspond to non correlation, low correlation, medium
correlation and high correlation. The ¢; is generated from the N (0, o%) distribution.
Following Hastie et al. (2009), the standard deviation, o, was chosen in each case
so that the signal-to-noise ratio (SNR) is equal to a fixed value. We set the SNR
equal to 1, 5 and 25 to represent low, medium and high values. The true value
of Bis (1,2,0,0,0,1,2,0,0,0)7. The following two performance measures were

calculated:

1. The concordance rate (#P1): consider the stepwise model selection method

and MFVB full model variable selection method. then

4p] = number of predictors x that are selected/dropped in both method
- number of simulations ’

2. The accuracy rate (#P2): if potential predictor z is included in the true

model, then

4P2 — number of estimated optimal models that include x
- number of simulations ’

otherwise,

4P2 = number of estimated optimal models that exclude x
- number of simulations :
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P T1 T2 xs3 T4 Ts Te X7 Ts Tg Z10

#P1 099 1.00 099 099 099 1.00 099 0.99 0.99 1.00
#P2 094 98 098 095 096 095 098 0.96 0.97 0.95

True coeff. 1 2 0 0 0 1 2 0 0 0

Table 2.3: The concordance rate (#P1) and accuracy rate (#P2) over 400 simu-
lations for p =0, 0.2, 0.5, 0.8 and SNR =1, 5, 25, where p = 10 and n = 200.

The result is shown in Table 2.3. There is good agreement between the results
from the MFVB full model variable selection and the stepwise variable selection.
The effects of the correlation among the predictors and the signal-to-noise ratio for
variable selection are not significant. Therefore, we can use the stepwise variable

selection method instead of the full model method.

2.6 Variable Selection for a Binary Response

Binary response data can be fitted by using a probit regression model. Similarly
to variable selection for a Gaussian response, we obtain the MFVB algorithm for
Bayesian linear probit regression and non-linear probit regression model. Nextly,
the lower bound on the marginal log-likelihood, p (y|My), is used to obtain the
posterior probabilities of each model and to select the variables based on the best

posterior probabilities.

2.6.1 Linear variable selection for a binary response

We have shown that the results of variable selection can be improved by adding
the ridge penalized method for the fixed effects in the Gaussian response case. We

also use the ridge penalized method for the fixed coefficient of the probit regression
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model. The Bayesian linear probit regression is:

p(yil o, B) ™ Bernoulli(®((15 + X)),
~ N(0,0%

Po ~ N(0,5,). (2.12)

B~ N(0,031),

o3 ~ Inverse-Gamma(Ag, Bg),

where A., B., ago, > () are hyperparameters. Then, with the auxiliary variables a

as in Result 1.15, we can re-write model (2.12) as

p<yi|ai) = [<a¢ > O)yi[(ai < O)lfyi’
a|50,ﬁ " N(]-BO + XIB’ I),
Bo ~ N(0,0%,),

B~ N(0,031),

(2.13)

o ~ Inverse-Gamma(Ag, Bg).

The product restriction that we impose here is:
Q(ﬂ()a /37 0-?-3’ a’) = q(ﬁ(b 18>Q(0-,%‘1)q(a’)

Then, as shown in Appendix 2.G, the optimal ¢* densities for the parameters in

model (2.10) take the form:

q*(Bo, B) is a Multivariate Normal density function,

¢*(0p) is an Inverse Gamma density function, and

I{a;>0) |”
))i)

rlo) = [‘I’((C“q(ﬂo,ﬁ

1 - CI)«CH’Q(ﬁoﬁ

))Z)] ¢ ((C“q(ﬁo,ﬁ)>i) :
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Let prys,8 and Xy,p denote the mean vector and covariance matrix for the
Multivariate Normal density function ¢*(f5o,3), and Aq(ag) and Bq(ag) denote the
shape and rate parameters for ¢*(03). Let C = [1,X]. The convergence of
algorithm (2.6.1) can be monitored using the following expression for the lower

bound on the marginal log-likelihood:

1+p 1 Haeae) + Ta(s0)
logp(y;q) = —— — —log( T
- 2 2 01230
+y"log[®(Cay5, )] + (1 — y) log[L, — ©(Cpay(s, )]

+Aglog(Bg) —logT'(Ag) — Aq(0.2)].og(Bq(o%)) + log F(Aq(aé))

1
108;\2 G| — 3tT(CTC)S5.8)-

Algorithm 2.6.1: MF'VB iterative scheme for obtaining the parameters of
the optimal densities ¢* (5o, 8), ¢*(03) and ¢*(a;) for model (2.13)

Initialize 140 Jo3);

Cycle

-1

(80,8 < {CTC + blockdiag [(UZO)_I, ,uq(l/g%)Ip] }

T
Fo0.8) < 24(50,8)C Hy(a)

p
-+ A
2+ 3

Bq(02) <~ Bﬁ +3 {“ I‘l’q ||2 —}—tI‘(E (B ))}

Aq(UQ) <

Ha/o) < B

P((Clrg(s 8))i)
Hqla;) < Cu i T ; 7 Y
ate) < (CRa(pp)) O((Chryp,,3)i)" [1 — P((Chgsy p)i)] ¥

until the increase in logp (y; q) is negligible.
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2.6.2 Non-linear variable selection for a binary response

The Bayesian non-linear probit regression is:

(Y| Bo, B, u) e Bernoulli{®((15y + X8 + Zu);)},
/80 ~ N(O7 0%0)’
Blog ~ N(0,031),
f f (2.14)
0'% ~ IG(Aﬁ, Bﬁ),
Wy|oy, ~ N(Oaai/K@) 1<e<r,

ou, ~ Half-Cauchy(A),

where we use a Half-Cauchy prior on the standard deviation of random effect.
Then, with auxiliary variables @ as in Result 1.15 and b as in Result 1.5, we can

re-write model (2.14) as:

p(yila;) = I(a; > 0)¥"I(a; < 0)'7¥%, 1<i<n,

alfo, B,u ~ N(16, + XB + Zu, L,),

Bo ~ N(0,0%,),

B|aé ~ N(O,aé[), .
o5 ~ 1G(Ag, Bg),

Up|oy, ~ N(O,O'ZZIKE) 1<t<r,

oo, |b X Inverse-Gamma(1/2,1/b),

b ~ Inverse-Gamma(1/2,1/A?).

Here ogo, A, Ag, Bg > 0 are hyperparameters. The product restriction that we

impose here is:

0(Bo, B,u,a,05,b,00 ,....00.) = q(Bo, B, u)q(a)q(05)q(b)q(cs,)...a(os).
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Then, the optimal ¢* densities for the parameters in model (2.15) take the form:

q*(Bo, B, u) is a Multivariate Normal density function,

*

0y,) is an Inverse Gamma density function,

(
q* (0[23) is an Inverse Gamma density function,
q (o,
(

q*(b) is an Inverse Gamma density function, and (2.16)

q (a;) =

Ia;>0) " I(a; < 0) o
O((Cry(sypm))i) 1= ®((Creyesy 8.u)i)

% 6 ((Chy(sypa))i) -

Let py(5,,8.4) a0d g5, 8.4) denote the mean vector and covariance matrix for the
Multivariate Normal density function ¢*(5y, 3,u), and Aq(glz3 ) and Bq(g!za ) denote
the shape and rate parameters for ¢*(0%). A similar definition was used for the
parameters in ¢*(o,,) and ¢*(b). Let C = [1, X, Z]. The convergence of algorithm
(2.6.2) can be monitored using the following expression for the lower bound on the
marginal log-likelihood:

2 2
l+p+ K, 1 2y HaBo) T %4(80)

IOgQ(y;Q) = T §log(aﬁo 952
Bo

1 T
+§10g|2q(ﬂo,ﬁ,u)| + ) log ['(Agez,)
(=1

+Aglog(Bg) — logI'(Ag)
_Aq(o )lOg(Bq(Ué)) -+ lOg F<Aq(aé))

3
1+7r
5 108(7) — Aglog(Byw) + log I'(Ay))

—log(A) —

=D Ayosog(Byias, )
=1
—%tr(CTCEq(BO,,B,u)) + yTIOg[(D(C“q(Boﬁ,U))]

+(L, — y) log[l, — ©(Chtys, s))]-
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Algorithm 2.6.2: MFVB iterative scheme for obtaining the parameters of
the optimal densities ¢*(6o, 8,u), ¢*(03), ¢*(03,), ¢*(b) and ¢*(a;) for probit
non-linear variable selection model (2.15)

Initialize 114(1/02) Ha1/03,)5Ha(1/03,);
Cycle

3(Bo.B) {CTC + blockdiag[(ago)’l,
-1
Ha1/o2)Los Ha(1/oz ) T icrs -oos o102, ) I,

T
NQ(BO7/37’U') — EQ(507ﬂ7u)C Mq(a)

p
—+ A
2+ B

Bq(a?a) < Bg+ % {H 1)) 12 +tr(2q(ﬁ))}
A

Aq(dé) <

a(o3)

By(o3)
K

Hq(1/o2) <
aoz,) & 5 T3

Byoz,) < Koty + 3 Ul Bagu II” +tr(Sq) }
A
Ha/oz,) < g

A

a(o3,)

a(o3,)
1+7r
2

1 T
Boy = —5 D Hat1/3,)
=1

Ay
fa(i/) & o
! By

Aq(b) =

P(Chq(s0,8):)
Fq(a;) € CIJ’ 0 it d | s
o(e) < (Chyianp) Q((Crgpy )i (1 — P(Chaygy p)i)]

until the increase in log p(y; ¢) is negligible.
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2.6.3 Simulation study

The simulation will be carried out to evaluate the performance of variable selection
for a binary response.

Linear variable selection for binary response

Similarly to Hu and Johnson (2009), we consider the model:
y; ~ Bernoulli{ ®(XB),},1 <i < n.

We set the number of observations n = 100, and the number of predictors of
interest p = 10. The X;, 1 <1 < n, are generated from a Multivariate Normal

distribution N(0, ), where

. 1
== '

The true value of 3 is equal to (0.5,1,1.5,2,2.5,0,0,0,0,0)T, p, = 0, 0.2, 0.5 and
0.8 correspond to non-correlation, low correlation, medium correlation and high

correlation.

P I 4% I3 Ty Ts T x7 I Tg9  T10

0 034 09 1 1 1 0 0.02 0.03 0.01 0
0.2 021 0.72 0.99 1 1 0 0.01 0.01 0.02 0.01
0.5 014 044 088 097 099 0.01 0.01 0.03 0.02 0.01
0.8 0.08 0.28 052 073 0.86 0.06 0.04 0.08 0.04 0.04

True coeff. 0.5 1 1.5 2 25 0 0 0 0 0

Table 2.4: Marginal probabilities that variables are selected for various p,
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The results for a simulation size of 500 are in Table 2.4, which lists the esti-
mated marginal posterior probabilities that variables were included in a sampled
model. For the low correlation cases (i.e., p, = 0 and 0.2), the variables xq, x3, x4
and x5 were selected with high probability, and the variable x; was classified as
the noise variable and ignored. For the medium and high correlation cases (i.e.,
pe = 0.5 and 0.8), the variables x3, x4 and x5 were selected with high probability,
and the variable xy and x5 were classified as the noise variable and ignored. This
means that the variables with large value of their coefficients were easily selected
and that the correct rate of variable selection was decreased by increasing the cor-
relation between predictor variables. At the same time, the marginal probabilities
of variables x4 to z1yp shown the noise variable could always be ignored for any
values of the correlation. It means that the selected model contained fewer false

positive results.

Non-linear variable selection for binary Response

The data were generated from the model

y; ~ Bernoulli{ ®(z1; + sin(2mzy;))}, 1<i < n.

The number of observation was n = 400, and the number of predictors of interest
was p = 3. The predictors xy, x5 and x3 were generated from the uniform distri-
bution on (0, 1), where z; is the linear term, x5 is a non-linear variable and x3 is
noise. The accuracy rates, obtained using a simulation size of 500, for x;, x5 and
x3 were 1.00, 0.80 and 0.99. This means that 100% of the selected models included
that the z; is a linear predictor, 80% of the selected models included w5 as the
non-linear term, and 99% of the selected models correctly omitted z3. It can be
seen that the result of variable selection was quite good.

In linear variable selection for binary response models, we find that the result
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of variable selection will be affected by the values of the predictor’s coefficients.

We also generated another data set from the model

y; ~ Bernoulli{ ®(0.521; 4 sin(0.57xy;))}, 1 <i<n,

where the coefficients for each predictor has been reduced by a factor of 0.5. The
accuracy rate for x1, o and x3 were decreased to 0.57, 0.35 and 0.95. The perfor-

mance of variable selection was significantly reduced.

2.7 Discussion

In this chapter, based on the MFVB inference method, a framework of MFVB
variable selection was introduced, which used the lower bound of the marginal
likelihood to estimate the posterior probabilities of candidate models and facilitate
models selection.

For Gaussian response models, the accuracy of variable selection is significantly
increased by adding a ridge penalized method for the fixed effects. The simulation
result shows that MFVB inference can perform variable selection quite well. More-
over, the stepwise method can be used to speed up the variable selection when the
number of predictors is large. The simulations show that stepwise MF'VB variable
selection performs similarly to MF'VB variable selection with all possible subsets.

For the binary response case, the probit regression model can be used to select
the variables, but the simulation result shows that result will always be affected by
the value of a predictor’s coefficients. This phenomenon also appear in Bayesian

variable selection by MCMC (Hu & Johnson, 2009).
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2.A Appendix: Derivation of Algorithm 2.2.1

2.A.1 Full conditionals

Full conditional for 5, and 3

~ 9
1 -C 1-7_ .~
logp(fo Blrest) = — 10— FPL_ ZgTpo
o; 2
where
B = 50 ; C= [17X]
B8
and F~! = diag(aﬁ_f, a[;Q, s 052).
Derivation:
p(607ﬁ|reSt) X p(y|ﬁ07 703)p</8’0,(23)p<ﬁ0)
— 18, — X 3|
_ (27r)_”/20€_"exp _Hy BO /BH
202

2
205

-1/2 -1 3
x(2m)" /Fo, exp ~552

Bo

X (27r)_p/205pexp {—W}

Taking logarithms, we get

— 18, — XB|° 2 B
log p(Bo, Blrest) = Ny 502 Bl “'B‘l - 502 + const.
207 205 203,
2
ly-c8| 1
202 2

BTF_IB + const.
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Full conditional for o?

~ 2
2B+ |y - CB|

log p(o?|rest) = (—1 — A, — g)log(ag) 207 + const.
Derivation:
p(oZfrest) o p(y|fo, B, 02)p(o?)
2
-n/2 _—n Hy_]-ﬁo_X/BH
= (27)"*0 "exp {— 207

Taking logarithms, we get:

~ 2
_ 2B+ |y - CB|

n 2

logp(o?|rest) = (—1— A, — §)log(06) 207 + const.
Full conditional for o3
2Bs + |18))°
logp(af;\rest) =(—1—-Ag— g)log(aé) — ﬁQfZHBH + const.
B

Derivation:

ploglrest) o< p(Blog)p(op)

Taking logarithms, we get:

~ 9
_ 2B+ |y - CB|
20%

10gp(0%|rest) = (—-1—-Ag— g)log(ag) + const.
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2.A.2 Optimal ¢* densities

Expressions for ¢*(fy, 3), Hey(so,8 and Xy a)
q"(Bo, B) ~ N(Ky5,,8)> Za(50.8))

—1
Sa(s0.8) = {Mqu/az)CTC + blockdiag (Uéo)_17ﬂq<1/ag>1p”

and
T
Pa(0,8) = Ha(1/02)2q(60,8)C" Y
Derwation:
logq*(Bo, B) = E,[logp(Bo, B|rest)]
1-7 ) 3 N
= —56 blockdiag [(0?30) 1,/Lq(1/0%)1p} I¢]
1 -
_51“(1(1/03)”'!4 — CpB||" + const.
. T .
-1
- <'3 N “q(ﬂoﬁ)) Eq(ﬁo,g) <,3 - ﬂ'q(ﬂo’g)) + const.
Therefore,

- T -
q* (B0, B) = exp { (ﬁ - Mq(ﬁoﬁg)) Ec;(lﬁoﬁ) (ﬂ - “q(ﬁo,ﬂ)) + const} .

The results then follow from the definition 1.17 of the Multivariate Normal distri-

bution.

Expressions for ¢*(02)

q*(02) ~ Inverse-Gamma(Ay2), By(o2)),
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where
n
Aoty = 54
Bq(ag) - BS + % {H Yy — Cuq(ﬁo,,@) ||2 _’_tr(CTCEQ(ﬁOﬂ))}
and
Aq(az)
Hq(1/02) =
! By(o2)
Derivation:

logq*(0?) = E, [logp(o?Jrest)]

= (-1—A. - ﬂ)log(az) 2B+ Eq[ly — CBHQ]

> ; 203 -+ const.
n 2
= (=1= A = )log(o?)
2B.+ |y - C ? +tr(CTCD
_ 4B |y Fq(50,8) I ( (60.) + const.

2
20:

The results then follow from the definition (1.23) and results (1.7) for the Inverse-

Gamma distribution.

Expressions for ¢*(03)
q* (aé) ~ Inverse—Gamma(Aq(U%), Bq(gé)),

where

and
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Deriwation:

logq*(05) = E, [logp(c|rest)]

2

_ p oy 2Bg+ E,[||B]]

= (-1—-A— E)log(aﬂ) — 202 + const.
1 2Bs+ 2 ttr(Z

= (-1-A— —)log(aé) _ s | Hae) |2| ( q(B)) + const.
2 20ﬁ

The results then follow from the definition (1.23) and results (1.7) for the Inverse-

Gamma distribution.

2.A.3 Derivation of lower bound

We note that

logp(y;q) = E,{log p(y, bo,B,02,05) —log q(By, B,02,05)}
= E{logp(y|By, B,02) + logp(a?)
+log p(Bo) + log p(Blog) + log p(cs)

—log q(fo, B) — log q(a?) —log q(c3)}

Firstly,

Eq{log p(ylfo, B,02)}

n n
= —1og(2) — Shgtogo)
1

—§Mq<1/ag>{||y - Cﬂq(ﬁo,ﬁ) ||2 + tT(CTC)Eq(,Bo,ﬁ)}
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Secondly,

E,{log p(o?) —log q(c?)}
= Aelog(Ba) — log P(Ae)

n n
—(A. + E)log(Bq(gg)) +log (A + =)

2
n 1 9 T
+§“Q(10g03) + 5“(1(1/0?){“3/ = Cpgopll” +t1(CTC)Eg(s8)
Thirdly,
Eq{logp(aé) — log q(af,)}
= Aglog(Bg) — logI'(Ag)
—Ayo2)108(By(03)) +10gT'(Ay(02))
D 1
+5 Hattosoz) T 5Ha/o3) @) |I” + (g9}
Fourthly,

E{logp(fo) + log p(Blos) — logq(5o, 8)}

2 2
SR oo, - L O
2 2 Bl 9 o2

1
~SHatogoz) ~ ghac1/o) kI + tr(Bqe)}

1
+§10g|2q(,@oﬁ,u)|



Chapter 2 61

Substitution of these gives the lower bound:

n 14+p 1 Foe) T Tqa
log p(ysq) = —3log(2m) + ——+ — Slog(o,) — L)
Bo

+Aclog(B:) —logI'(A.)

~(Ac + )log(By2) + 1og T(A. + 7)
+Aglog(Bg) —logI'(Ap)
—Aq(aé)log(Bq(U%)) + log F(Aq(o,%))

1
+§10g|EQ(Bo7ﬂ7u)|

2.B Appendix: Derivation of Algorithm 2.3.1

In Algorithm 2.3.1, the MFVB calculations for 8y, 3 and ¢? are similar to the
Algorithm 2.2.1. We obtain them by using

(Ug)_l to replace Ha(1/0%)>

% to replace A.,
and fi4(1/a) to replace B:.

Therefore, I only show the derivation for a.

2.B.1 Full conditionals

Full conditional for «a

11 1
log p(alrest) = —2log(a) — . {0—3 + P} + const.
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Deriwation:

plalrest) o p(af!/a)p(a)
a”'/? 2\—3/2 1

= T /eXp{‘aoz}
AL, 1

“T(1/2)" /eXp{‘A_Za}'

Taking logarithms, we get:

1
logp(alrest) = —2log(a) — o {
o

mw"_‘
+
~——
+
8
=
&

2.B.2 Optimal ¢* densities
Expressions for ¢*(a)
¢"(a) ~ Inverse-Gamma(1, By()),

where

1 1
Baa) = 75 + Hatryo2) and pqa/a) = 5

q(a)

Derivation:

logq*(a) = E,[logp(alrest)]
1

1 1
= —2log(a) — o {Eq {;1 + E} + const.

1 1
= —2log(a) — - {,uq(l/gg) + ﬁ} + const.

The results then follow from the definition (1.23) and results (1.7) for the Inverse-

Gamma distribution.
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2.B.3 Derivation of lower bound

We note that

10g]_9(97 q) = Eq{logp(ya BO? ﬂ7 0-37 CL) - log Q(ﬁ(b /67 0-37 (I)}
= E{logp(y|By, B,02) +log p(cZ|a) 4 log p(a)
+log p(Bo) + log p(B)

~logq(5o, B) — loga(o?) — log g(a)}

Firstly,
Eq{logp(y|/807 a052>}
n n
= —Elog(2ﬂ') — §M(bgog)
1
—§Mq(1/a§){”y - Cﬂq(go,ﬂ) H2 + tr(CTC)Eq(Boﬁ)}
Secondly,

E{logp(c?]a) —log q(0?)}
1 1
= —5Halloga) — §log(ﬂ)
—Ay02)108(By(o2)) + log I'(Ay(o2))

n 1
5 Hatioso?) + SHa0/on 1Y = Chgs,p)” + tr(CT C) Zyga, 90}
Thirdly,

Ey{logp(a) —logq(a)}

1 1
= —log A — §log(7f) —log(By@)) + 5 Hatoga) * Ha(1/a)Ha(1/02)
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Fourthly,

E,{logp(fo) + logp(B) —log q(So, B)}

2 2
PaBo) T Ta(so)
BT

p 2 1 2
—510g(%) - E{Hﬂq(ﬁ)n + tr(Bys)) }

1
+§10g|2q(ﬂoﬂ7u)|

Substitution of these gives the lower bound:

1+p n

1
logp(y;q) = —5— — Flog(2m) — Slog(0,) — =57

P 1
—5log(o3) — 5= {llg 1> + tr(Zqe)}
2 205

1
+§10g| 3 (6o,

—log(m) — log A — log(Bya)) + Hq(1/a)t1(1/02)
—Ay02)108(By(o2)) +1og I'(Ay(o2)

2.C Appendix: Derivation of Algorithm 2.3.2

In Algorithm 2.3.2, the MFVB calculations for 5y and 3 are the same as those of

Algorithm 2.3.1. Therefore, I only show the derivation for o2, a. and b..

2.C.1 Full conditionals

Full conditional for o?

-2
1 - -C
log p(o?|rest) = — [log 03}2 (% )+ (—1 oy a_) log(af)—%—i—const.
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where

, C=1,X].

i)
Il

Derivation:

p(oZ[rest) o p(y|fo, B, 02)p(o7)

g - — 16— X B’
— 2 n/2 _—n . ”y
(2m) " 0 exp{ 207

1 (logo? — a.)?

Taking logarithms, we get:

Cly—cBI°  (log(e?) — a.)’

2 _ n 2
logp(oZ|rest) = (—1— §)log(05) 207 T + const.
o2
1 . -C
= — [log(af)}2 (Q_be) + (—1 - g + Z—8> log(a?) — % + const.

Full conditional for a.

1 1 log(c?
log p(a.|rest) = —a? <2b + Tﬂ) + aa% -+ const.

Derivation:

p(ac|rest) o p(a§|a€,b€)p(oz6
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Taking logarithms, we get:

(log(0?) +a.)” a2

log p(ac|rest) = — 5 - 2;2 + const.
3 a
1 1 log(c?)
_ 2
= —a (2—[)6 + QT‘Z) + asb—gs + const.

Full conditional for b,

1 3
log p(be|rest) = ~ 5 {QBb + (log(o?) — ag)Q} _ (5 + Ay)log(b.) + const.

Derivation:

p(be|rest) o< p(oZ|ac, b:)p(be)
(log(a2) —

Taking logarithms, we get:

log(c?) —a.)> B, 3
log p(b|rest) = L og(a;[)) a) _ b_b - (5 + Ap)log(b.) + const.

1 3
= {2Bb + (log(o?) — a5)2} - (5 + Ayp)log(b.) + const.

2.C.2 Optimal ¢* densities
Expressions for b.
q"(be) ~ Inverse-Gamma(Ay@.), Bye.)),

where

1
Aqve) = Ab + 2’
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1 2 2
By(v.) = By + 5{Hg(a.) T Tafa) — ZHatar) Hatiog o2) T Ha(ltog(o2))) }

and

Derivation:

logq"(b:) = £ [logp(be|rest)]

- —Qibg {28, + B, [(l08(0?) — a)’] } — (3 + Alos(b.) + const

1 2 2
= T {2By + 130 + Oatac) = 2Hatac) Fatomo2) + Ha(osto2)?) §

—(g + Ap)log(b.) + const.

The results then follow from the definition (1.23) and results (1.7) for the Inverse-

Gamma distribution.

Expressions for a.
¢"(ac) ~ N(fg(a.) Ogar)):

where

-1
2 _ i T d 2
O4(ac) = 2 Hq(1/be) and fg(a) = Og(a.)Ma(1/be)Hq(logo?)-

a

Derivation:

logg*(a.) = E,[logp(a.|rest)]
1 1 1 2
= —d’E, {% + —} + a.E, [ og(os)] + const.

202 be

az 1
= =5 |55 T Haam | F e [Haamo atoson) ]

The results then from follow the definition 1.14 of the Normal distribution.
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Expressions for o

(02)ChTexp{—% — Cj[log(02)]?}

*( 2\ __ .
q (Ua) - \7(07 C’l*l’ 01*3’ Cl*2) |
% — j(()? C’l*l - 1’ 0;3’ 01*2)
W) = 70, i i C)
M 2y = j(lacfl’clg’c;i)
q(logoz) j(o, Cl*p Cl?ﬂ CI*Q) 7

and
i (log(o2)]?) = j(27 Ci'(l?ClE? CI*Z)
ailogloe j<07 Ol*l’ Cl?ﬂ Cl*2>
where
. n
Cll - _5 + Mq(ae)ﬂq(l/ba)’
. 1
Cy = 5llly = ChagiooplI* + t1(CTCyis,.)],
. 1
Cpi3 = §/~Lq(1/bs)'
Derivation:

logq*(02) = Ey[logp(o?|rest)]
n Qe

— —[log(c?)]* E, {%} + (1 —5 B, {bD log o

By [ly - Bl

-+ const.
202

C*
= —Cj [log(aﬁ)}z + (G, — Dlog(c?) — al22 + const.

£
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Taking exponents, we get:

(02)C0~ exp{— % — Cjy[log(0?)]}
J(02)Cilexp{—5% — Cjllog(0?)]?} do?
(02)%0~ exp{— T} — Cjsllog(0?)]}

J(0,Cii. Gy, Cy)

q*(02)

Next, we get:

1 *
Ha(1/o?) = / 54 (02) do?
15

J(02)%i-2exp{~ & — Cjy[log(0?)]2} do?

J(0,Ch, s, Cs)
j(ov Cl*l — 17 C’l*?n 01*2)
J(0,Ch, Cs, Cy)

Similarly, we can get fig(og02) a0 flg([10g(02)]2)-

2.C.3 Derivation of lower bound

We note that

10g2_7(3/aQ) = Eq{logp<y7507ﬁaagaa€7b€>_logQ(B()wBao'?aaE;bs)}

= E,{logp(y|By, B,02) + log p(c?|ac,b.)

+log p(a.) 4 log p(b-) + log p(Bo) + log p(B3)

—log q(Bo,B) — log q(02) — log q(a.) — log q(b:)}
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Firstly,
Eq{logp(y‘ﬁoa /87 052)}
n n
= —§log(2ﬂ-) - §Nq(10g03)
1
—5Ha/en {1y = Chyiaop|I” + t1(CT C)Eggs0.)}
Secondly,
Eq{logp(a.) —logg(a)}
1 1 2 1 U‘?(as) ™ Mg(af) 1 2
=5 §log (0a) — 50—3 + élog(aq(%))

Thirdly,

E {logp(be) —logq(b.)}
= Ablog(Bb) — log F(Ab>

1
—Agb)l0g(Byp.)) + log T'(Ag.)) + S Hallog(b.))

1 : 2 ) — 20
5 Ha(1/5)  Ma(ar) T Tatan) — 2Ha(a)Hatioso?) F Ha(llogo2))2) }
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Fourthly,
E{logp(c2) —logq(a?)}
1 1
= —Elog(%r) - §Mq(logba)
1 2 2 2
—§uq<1/bg>{/~bq(ag) + Og(ar) — 2Hg(ac)Palloga?) T Ha(flog(o2)]2) }
* * * n
+Hog J(0, G, Tz, Ca) = [Hataer a1/00) = 5110105 02)
1
+§Mq(1/be>uq(uog o2]2)
1
+5Ha/e0 1Y = Chryanp|I* + t1(CT C)Zgqs0.)}
Fifthly,

E,{logp(Bo) + logp(B) — log (5o, B)}
l+p 1 2 LHaey + 0,
= —_— —1 - 7 AN

2 2 08(773,) 2 o2

P 1
—5log(o3) — 5= {llkg 1> + tr(Zqe)}
2 QUﬁ

1
+§10g| 3 a(Bo.Bw)|
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Substitution of these gives the lower bound:

24p n+1 1 oy Maso) T %as0)
logp(y;q) = —— — log(2m) — Slog(oj,) —
£ 9 9 2 o 202

P 1
—Zlog(03) — = {lltaw|I> + tr(Zqs)}
2 20,3

1
+§10g| DINTNEN

2 2
1 105, + ae 1
—log(o?) — 51 90D 4 Jog(g2 )

2 2 o2 2
+Aglog(By,) — log I'(Ay)
_Aq(bs)log(Bq(bg)) + log F(Aq(ba))
+log J (0, C}, Crs, Cha) — Hg(ac) Ha(1 /) H(log o2)

1
+§Mq(1/bs)NQ([log(0§)12)

2.D Appendix: MFVB Algorithm of model (2)

The mixed model with the ridge penalized method for the fixed effects and a

Normal prior for the random variance is given by:

y|507 ﬁ) u, 0-3 i?\(} N(]-BO + X,B + ZU, O-g-[n)

Bo ~ N(0,03,)

Blog ~ N(0,051)

Jé ~ Inverse-Gamma(Ag, Bg) (2.17)

wgloy, ~ N(0,02 Ig,) 1<l<r

9 wy

<

o2~ Inverse-Gamma(A,, B,) 1< /(<

uy =t =

o2 ~ Inverse-Gamma(A,, B.)
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where A,, B, 012307 Aw, Bu,Ag, Bg > 0 are hyperparameters. The product restric-

tion that we impose here is:

Q(ﬁ(b /67 u, 0-37 U[%v 0-121,17 ey Uir) = Q(ﬁ()u ﬁ7 u)Q<03)Q(Ué)Q<Uip sy Uir)'
Then, the optimal ¢* densities for the parameters in model (2.17) take the form:

q*(Bo, B,u) is a Multivariate Normal density function,

q* 03 ) is an Inverse Gamma density function,

(2.18)
q

(
(
*(0p) is an Inverse Gamma density function,
(0w

q*(oy,,) is an Inverse Gamma density function,

Let pry(5,,8,u) and Xg(s,,8) denote the mean vector and covariance matrix for the
Multivariate Normal density function ¢*(5y, 3, u), and Aq((,% ) and Bq(ag ) denote
the shape and rate parameters for ¢* (af,). A similar definition is used for the pa-
rameters in ¢*(o7,) and ¢*(0?). Let C = [1, X, Z]. The convergence of Algorithm

2.D.1 can be monitored using the following expression for the lower bound on the
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marginal log-likelihood:
2 2
L+p+ K 1 (02 ) — a0 T %40
2 2 Bo
+Alog(B:) — log I'(A¢)

n
logp(y;q) = —Elog(%) +

—(A. + )log(Byo) + log T(A + 7)
+Aglog(Bg) — log I'(Ap)
A 0’ log(Bq(a%)) + log F(Aq(aé))

+r(Aylog(B,) —log I'(A4))

— > Aoz )log(Byioz ) — log T(Ayez )]
=1

1
+§10g 1480,

The derivation of MFVB Algorithms is similar to the linear case. Therefore, I

only show the derivation of the lower bound.

Derivation of the lower bound

We note that

log]_?(y7q) = E{logp(y7ﬁ()7/87u7 570%7031’”'701214«)

_logQ(ﬁouﬂ u,o 57O-ﬂ70-121,17"'70-121¢)}
= E,{logp(y|B,, B, u,05)+10gp( 2) + log p(fo)

+logp(Blog) +logp(o) + Z log p(weloy,) + > logp(os,)
/=1 /=1

—log q(0, B, u) — log g(o?) —logg(o Z logg(o
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Algorithm 2.D.1: MFVB iterative scheme for obtaining the parameters of
the optimal densities ¢*(fo, 8,u), ¢*(03), ¢*(0,,) and ¢*(c?) for the mixed

model with the ridge penalized method for the fixed effects and Normal prior
for the random variance.

Initialize f1q1/03), Lq(1/03,)r-sHa(1/03,)}
Cycle

S a(8oBa)  {q(1/0CT C + blockdiag[(o3) ™",

-1
:U’q(l/crfa)I;H N’q(l/o%l)IKU ) Mq(l/a%l)IKJ }
T
Frg(8o.8,u) < 2q(80.8)C" Yhg(1/02)

n
Agoz) < 5 T 4

Byo2) 4 B: + 5 {1l 4 = Chgao ) |I* +11(C" CZys0 50 }
Ago2)
q(02)

+ Ag

Hq(1/02) <
p
2
Bq(gg) <~ Bg+ % {|| 1)) 12 +tr(2q(ﬁ))}
Aq(o,%)

2

Hq(1/0%) <=
! P B‘](Uﬁ)

AQ(GE) <

K,
Agezy & 5+ Au

By(o3,) < Bu + 5 Ul By 17 +t0(Bgqun) }
A
Hea/o3,) < 5

a(o,)

a(o3,)

until the increase in log p(y; q) is negligible.
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Firstly,
Eq{logp(y|607 /87 u, 0—3)}
n n
= _§log(27r) ~ 5 Hatogo?)
1
—5Ha/on {1y = Clgs pan|I” + t1(CT C) g g}
Secondly,

Ey{logp(o?) —logg(o2)}
= Aleg(Bs> - 10g F(Aa)

n n
_(Aa + §)log(Bq(a§)) + log F(Aa + _)

2
n 1 _C 2 Lt (CTO)S
+5 Hgiogo?) + 2uq(1/a§){||y ey 50,8 I =+ tr( )24 (50.8.u) }
Thirdly,
Eq{logp(cs) —logq(op)}
= Aglog(Bg) — log I'(Ag)
_Aq(aé)log(Bq(J%)) + 10g F(Aq(a%))
D 1

+5Ha0z02) + a1/ IR I° + 1(Zqe)}

Fourthly,

Ey{logp(os,) —logq(ol,)}
Au10g<Bu) - IOg F(Au)

—Ag(o2,)108(By(oz,)) + log T'(Ag(o2, )

Ky

|
5 Hattos(o2,) + 5Ha(1/03,) {lBgun |I” + 1 (B}
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Fifthly,
E{logp(c?]a) —log q(0?)}
1 1
~5Hqtloga) — 510g(7r)
—Ay02)108(By(o2)) + log I'(Ay(2)
n 1
+ 5 Haogo2) + SHan1/o2) Y — Criys,p)° + tr(CTC)Zy5.0)}
Sixthly,
E,{logp(a) —logq(a)}
1 1
—log A — §log(7r) —log(By@)) + 5 Hatoga) T Ha(1/a)H1(1/02)
Seventhly,

E,{logp(o) + logp(Blog) + Y logp(uslol,) —log q(Bo, B, w)}
/=1
1 K1 11550 + 05
tp+ iy — “log(0%) — = 4(Bo) i a(Bo)
2 2 27 3
0
~ 5 Hation(o3)) ~ 5Ha(1/a3) UlKgea)I” £ tr(Zges)) }
K, |
—5 Hatostoz, ) ~ Hatt/ot, ) U g I” + t0(Zgqun)}

1
+§10g’ Eq(Bo,ﬁiu) ’
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Substitution of these gives the lower bound:

1—|—p—|—Kg_1 2

n
logp(y;q) = —Elog(Zﬂ')JrT 5108;(%0)—

+A510g<Be) - log F(Ae)

2 2
1 Haea0) T Tq(80)
2 ag
0

~(A: + 3)log(Byoz)) + log T(A: + 3)
+Aglog(Bg) — log I'(Ap)
—Aq(U%)lOg(Bq(o%)) -+ lOg F(Aq(o'%))
+r(Aylog(B,) —log I'(A4))

— > Aoz log(Byioz ) — log T(Ayez )]
(=1

1
+§10g 14808

2.E Appendix: MFVB Algorithm of model (3)

The mixed model with the ridge penalized method for the fixed effects and a

Log-Normal prior for the random variance is given by:

Y| 6o, B, u, 02 X N(1By + XB + Zu, 01,

o2 ~ Inverse-Gamma(A., B.)

Bo ~ N(0,0%,)

,3|O'g ~ N(O,aéI)

af; ~ Inverse-Gamma(Ag, Bg) (2.19)

wlos, ~ N(0,00,1g,) 1<(<r

Y Uy

03£|au, by ~ log-normal(a,, by,) 1 <{<r
Aoy ™~ ]\/'(07 0‘2“)

by, ~ Inverse-Gamma(A,,, By,)
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where U?—»’o’ Ac, B., Ag, Bg, 0, , Ay and B, are hyperparameters. The product

QAo

restriction that we impose here is:

(607 ﬁ u,o 57 Uﬁ? Gy, bu7 Uu17 ceey 0-121,T> = q(ﬁ()? /67 u)Q(US>Q<U?3)Q(GU)Q(Z)U)Q(O-121,17 ceey 0-121,T>'
Then, the optimal ¢* densities for the parameters in model (2.19) take the form:

q*(Bo, B,u) is a Multivariate Normal density function,

*

q (o ) is an Inverse Gamma density function,

is an Inverse Gamma density function,
(2.20)

*

(
(
q"(o5)
q*(ay) is a Normal density functions,
(bu)

q"(by) is an Inverse Gamma density function, and

(02 ) = (02)%%~ exp{— 25 — Cp,llog(0?)]}
e J(UaCZ,17 05 Cis) '

Here J is defined in Definition 1.10 and

. Ky
Cﬁ,l = _7 _I_ H’(I(au)N(I(l/bu)’
Cia = [||Mq(u,g 12+ tr(Zg )]s

. 1
Cis= SHa(1/bu):

Let pyg, 80 and Xgs, 84) denote the mean vector and covariance matrix for
the Multivariate Normal density function ¢*(fo, 3, ), fig(a,) and ag(au) denote the
mean and variance for the Normal density function ¢*(a,,), and Aq(gé) and Bq(g%)
denote the shape and rate parameters for q*(a%). A similar definition is used

for the parameters in ¢*(b,) and ¢*(¢?). Let C = [1,X,Z]. The convergence

of Algorithm 2.E.1 can be monitored using the following expression for the lower
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bound on the marginal log-likelihood:

logp(y;q) =

24p+3 Ko ntr
2 2

1
+Adog(B.) —log I'(A.) — Elog(aéo)

log(2m)

1
+Aglog(Bg) —log I'(Ag) — 51055(0'2“)
+Aulog(Bu) - IOg F(Au)
~(Ac + 5)l0g(Byo) + log T(A. + 7)

r r
—(Ay + E)log(Bq(a%)) +log I'(Ay + =)

2
p * * *
_<Aﬁ + §)log(Bq(af_,)) + log j(oa CE,l? CZ,37 06,2)

1 1
+§1Og|03(au)| + §log|§3q(50,5,u)|
2 2 2 2
M) T %60 Hataw) T Pataw)
3 20?2
0 u

(1
+ Z o Ha(1/bu)Ha(flog o3, 12) — Valaw) Ha(1/bu) Ha(log o3,)
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Algorithm 2.E.1: MFVB iterative scheme for obtaining the parameters of

the optimal densities ¢*(fo, B, ), ¢*(03), ¢*(02,), ¢*(02), ¢*(au) and ¢*(bu)

for the mixed model with the ridge penalized method for the fixed effects and
a Log-Normal prior for the random variance.

Initialize Hg(1/02)s Hq(1/be)s Ha(ac) Hg(logo?) and Hg(llog 02)2)5
Cycle

So.8) & {CTCligai/oz) + blockdiag[(c7,) ™",
1
/qu(l/aé)Im /qu(l/oal)IKly X3 Mq(l/a%l)IKr} }
T
Feq(Bo,8:u) < 2q(80,8w)C " Yllg(1/02)
n
Aq(gg) — E —+ AE
B‘I(Ug) «— Ba + % {H Yy — Cllfq(ﬁ()”@’u) ||2 +tr(CTCEq(BO,ﬁ,u))}
Aq(UQ)
Ha(i/o2) S 7
! Bq(U?)
A2y ]—? + A
Q(Uﬁ) 2 B
Byoz)  Ba+ 5 {Il o) I” +t2(Zq()) }
A

0.2
Hq(1/0%) = os)
5 B

a(op)

1
Aq(bu) < Ab -+ 5

1 . 2 2
Bou) < Bot 5 D M) T Totan) — 2Matan)ato o) + Ha(llogod, 1) }
/=1

A (ba) 1 _
Ha(1/bu) ﬁ; Oataw) < (=5 + 1))
q(Oy (027}

Hq(au) Ug(au)/‘q(l/bu) Z Hq(loga2,,)
=1

* KZ * 1
Cin = =5 F ot Hgt1pu); Ol = §[Hu»q(w>H2 + (B (un))]

. 1
Crs € SHa(1/bu)
) j(O, CZI — 1, CZ3> ;2)
Hq(1/02,) 70, OZl’ 023’ CZ2)
j(L CZI’ 23, 22)' \.7(27 02:17 Z?ﬂ 22)

* * * ) H o2 12 — * * *
j(ov Cé,h 06,37 CE,Q) q([IOg "é] ) ‘-7(07 Cé,l? C€,3> 04,2)

(_

Hylogoaz,)

until the increase in log p (y; ¢) is negligible.
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2.F Appendix: MFVB Algorithm of m

odel (4)

The mixed model with the ridge penalized method for the fixed effects and a

Half-Cauchy prior for the random variance

Y| 6o, B,u, 02 X N(15y + X B + Zu,021,,)
Bo ~ N(O,UZ;O)

ﬁ]aé ~ N(O,aéI)

a% ~ Inverse-Gamma(Ag, Bg)

Wy|oy, ~ N(()’UZEIK/_/) 1<e<r

oo, la ~ Inverse-Gamma(1/2,1/a) 1 <{<r

a ~ Inverse-Gamma(1/2,1/A?)

o2 ~ Inverse-Gamma(A., B.)

(2.21)

where A., B, 0[230, A, Ag, Bg > 0 are hyperparameters. The product restriction

that we impose here is:

Q(BO) /87 u, 0-37 0-%7 a, 0-121,17 ceey 0-’121,7‘) - Q(ﬁ(% ﬂ7 U)Q(US)Q(U%)Q(GM(U

Then, the optimal ¢* densities for the parameters in model (2.21) take the form:

q*(Bo, B, u) is a Multivariate Normal density function,

q*(c?) is an Inverse Gamma density function,

*
g 74

q

(
(

q*(03) is an Inverse Gamma density function,
(02 ) is an Inverse Gamma density function,
(

q*(a) is an Inverse Gamma density function.

(2.22)
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Let pry(s,,8u) and g5, 8.) denote the mean vector and covariance matrix for the
Multivariate Normal density function ¢*(5y, 3,u), and Aq(a%) and Bq(ag) denote
the shape and rate parameters for ¢*(c%3). A similar definition is used for the

) and ¢*(02). Let C = [1,X,Z]. The convergence

£

2

parameters in ¢*(a), ¢*(oy,

of Algorithm 2.F.1 can be monitored using the following expression for the lower

bound on the marginal log-likelihood:

1l+p+ Ky n 1
logp(y;q) = — 5 Elog(2ﬂ') - §1Og(0§0)
2 2
Fage) t %aa) | 1
Do) T Tao) | Zyogrs g
20_%0 + 2 Og’ q(ﬂovﬁv )’

+A.log(B.) — log T'(A.)

—(A. + g)log(Bq(Ug)) +log T'(A: + g)
+Aglog(Bg) — log I'(Ag)
—Aq(ag)log(Bq(U%)) + log F(Aq(aé))

1+7r
—log A — log(m) — Ag(a)10g(By(a)) + log T'(Aga))

+ ) Ha/at0/oz,) = O Agoa)108(Byoz ) + Y 10g T(Ag(oz,))
/=1 =1

(=1
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Algorithm 2.F.1: MFVB iterative scheme for obtaining the parameters of
the optimal densities ¢*(5o, 8, ), ¢*(03), ¢*(03,), ¢*(02) and ¢*(a) for the
mixed model with the ridge penalized method for the fixed effects and a

Half-Cauchy prior for the random variance.

Initialize f1q(1/03)s Hq(1/03,)5 sl a(1/03,)5

Cycle

2 y(80,8u) = {Ha1/52)C" C + blockdiag|(o,) ™",
tat1/o3) Tps Ha1 oz, ) T -oos Bg1/03,) T, ] .

Fq(8o,8,u) (80,8 C Tyﬂq(l/a?)

Agor) « 5+ A

Bq(ag) — B& + % {H y— Cl“’q(,@gﬁ,u) ”2 +tr<CTCZQ(5On3»U))}

Ag(o2)

Hq(1/o2) <~ 55—
q(o2)

p
AQ(U%) — 5 + Alg
By(oy) < Bp + 5 Ul iy 117 +tr(Bg9) }
A

0.2
Hq(1/0%) S )
5 B

(o)
Uy

2

Byo,) < Hati/a) T 5 {1 gy 17 +00(Zqn) §
A
Hai/o2,) < g

1
Agoz,) + 3

a(03,)

a(o,)
1+7r
2

AQ(a) A

1 T
Boa) = 5 + > Hq(1/02,,)
/=1

Agta)
Ha(1/a) < -

q(a)

until the increase in log p(y; q) is negligible.




Chapter 2 85

2.G Appendix: Derivation of Algorithm 2.6.1

In Algorithm 2.6.1, the MFVB calculations for 5y, 3 and 0[23 are similar to the

Gaussian case (Algorithm 2.2.1). We obtain them by using
1 to replace /52

and g to replace y.

Therefore, I only show the derivation for a.

2.G.1 Full conditional for a

log p(a;rest) = —1[a; — (CPB)]?
+log [(I(a; > 0))¥ (I(a; < 0))' %] + const.

where

Derivation:

plag|rest) o< p(a;|Bo, @,)p(yi|a;)
= (2m) VPexp {— 2 = 502_ X.p] }
x (I(a; > 0))¥(I(a; < 0))'"¥
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Taking logarithms, we get

i — Bo — XiB)?
2
+log [(I(a; > 0))¥(I(a; < 0))'7¥] + const.

[ai — (CB).J?
+log [(I(a; > 0))¥(I(a; < 0))' %] + const.

logp(a;|rest) = —

N =

2.G.2 Expressions for ¢*(a) and p,,

i — (C i
P(a ( Nq(ﬂo,g)) )7 a; > 0,
CD((CHq(gO,g))i)

which is a truncated normal density function on (0, 00); and if y; = 0,

q(a;) =

P(a; = (Clrg(s, p))i)
1— (D<(C“q(ﬁoﬂ))i) ’

Q(az) = a; < 07

which is a truncated normal density function on (—oc, 0).
Derivation:

If y; = 1, then a; > 0 and

logq'(ar) = Eylp(ailrest)
= -1iE, {[ai — (CB),]Q} + const.

@i = (t1ycp))i)? + const.

N =

[a; — (Cpayg, py)il” + const.

N[

The results for y; > 0 then follow from the definition (1.27) for the truncated

Gaussian distribution. Similarly, we can obtain the result for y; < 0. Using Result
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(1.11) of the truncated Gaussian distribution, we obtain the expression

Hata) = Choganp) 37

O(Clys,.8)) '
Crryp,)? © [1 = 2(Crays, p)]' Y

2.G.3 Derivation of lower bound

We note that

logp(y;q) =

Firstly,

Secondly,

E{logp(y, fo, B, a) —logq(B, B, a}

E{logp(yla) +logp(a|By, B) + logp(fo) + log p(B)

—log q(Bo, B) — logq(a)}.

E,{logp(Bo) +logp(B) — logq(fo, B)}

2 2
l+p 1 2 1 Fg(80) + Ta(80)
S | _ —alBo) ~ "albo)

R U )

P 1
—5109;(0;23) - 2—2{Huq<5)HQ + t1(Xg(8))
e

1
+§10g! 3 4(Bo,Bow) |-

E{log(p(yla)) + log(p(alfo, B)) — logq(a)}

= —1tr(CTC) Sy,

+y"log[®(Chyis, )] + (Lo — y)Tlog[L, — D(Chyis, 8))]-



Chapter 2

88

Substitution of these gives the lower bound expression:

I+p 1 1 + 0o
logp(yiq) = —— = log(0f,) - qwo)%z a(60)
Bo

P 1
—Zlog(03) — =5 {llta@ > + tr(Zqs)}
2 20,3

1
+§10g‘EQ(50ﬁ,u)‘
— %tr(CTC’)Eq(gO,g) + yTlog[q)(C“q(ﬂoﬂ)m

+(1, — y)"log[1,, — D(Crys,0))-
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Mean Field Variational Bayes

Indicator Variable Selection

3.1 Introduction

In Chapter 2, we used the mean field variational Bayes method to obtain the pos-
terior probability of the candidate models My, 1 < k < 2P, where p is the number
of candidate variables, and to choose the best model based on the maximum pos-
terior model probability. However, we need to consider all of the possible subsets
of candidate variables and to compute the posterior probabilities of all candidate
models. In a regression model with p candidate variables, the limitation of this
method is that computation of the posterior probabilities for all 2P linear models
or 3P non-linear models would be required. In this chapter, instead of using global
searching, we conduct model selection using indictor variables.

The most direct approach to indictor variable selection is setting a spike-and-
slab prior. A spike-and-slab prior is a mixture of two distributions, a spike dis-
tribution and a slab distribution, where the spike is a distribution with its mass

concentrated around zero, and the slab is a flat distribution spread over the pa-

89
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rameter space. The generic form of a spike-and-slab prior is:

p(ﬁh) = 'Ypslab(ﬁ) + (1 - ’7)pspike(5)u

where the random variable 7 is the indicator variable. If v = 1 (i.e., the correspond-
ing variable 3 is selected), the prior distribution p(/3) is set to the slab distribution
Paan(0); alternatively, if v = 0 (i.e., the corresponding variable [ is not selected),
the prior distribution p(f) is set to the spike distribution p,,u.(f). This prior and
model section method was introduced by George and McCulloch (1996) and named
stochastic search variable selection (SSVS). This method has been extended to the
multivariate case and to various distributions for the spike-and-slab prior (George
& McCulloch, 1996; Chipman, Hamada & Wu, 1997; Brown, Vannucci & Fearn,
1998; Yi, George & Allison, 2003; Yi, 2004) and applied to the results of real-world
problems, such as gene research (Theo & Mike, 2004).

Dellaportas et al. (1995) and Kuo and Mallick (1998) used a point mass at
zero instead of a distribution concentrated around zero as their spike distribution.

The generic form is:

p(Bl7) = 1Paa(B) + (1 = 7)do(5),

where J, is the Dirac delta function.

Several research studies (Dellaportas et al., 1995; Kuo & Mallick, 1998; Liang et
al., 2008) have chosen a Gaussian density function as the slab distribution density
function (i.e., used the Gaussian-Zero density function as the prior of the candidate
variable). This approach to variable selection sets the slab, p(8|y = 1), equal to the
Gaussian density function and the spike, p(8|y = 0), equal to 0. In this chapter,
I use the same Gaussian-Zero prior in the candidate variable to build the indictor

variable selection models and derive a MFVB approximate inference algorithm.
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The Gaussian response linear model and the binary response generalized linear

model will be considered in the following two sections.

3.2 Gaussian Response Linear Models

Firstly, I will consider Gaussian response linear models. Chapter 2 showed that
the ridge-type, i.e. {5, penalization for linear coefficients can be used to improve
the results of model selection. I will preserve this penalization in the following

models.

3.2.1 Models

The ridge penalized linear model with the Gaussian-Zero prior takes the form:

ylBo. B, 02 ~ N(1fy + X B,021),

02 ~ Inverse-Gamma(A., B,),

Bo ~ N(0,0%,),

P(Bjlo5,15) = 1902 (B)) + (1 = 7)8(8;), 1< j < p, (3.1)
o ~ Inverse-Gamma(Ag, Bg),

vilp ™ Bernoulli(p),

p ~ Uniform(0, 1).

We introduce specially tailored auxiliary variables, ¢;, to facilitate more efficient

MFVB derivations for model (3.1). Suppose that 3; = v;6;, where

0,05 ~ (0,0%).
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Through application of Result 1.14, we have the equivalent model:

Y|B0.0,7.02 ~ N(15y + X (v © 6),021),

02 ~ Inverse-Gamma(A., B.),

Bo ~ N(O,UEO),

0,10% % N(0,0%), (3:2)
05 ~ Inverse-Gamma(Ag, Bj),

v;lp ™ Bernoulli(p),

p ~ Uniform(0, 1),

where v = (1,72, ...,7p) " is the vector of indicator variables; @ = (61,0, ...,0,)"
are auxiliary variables corresponding to Result 1.14; A., BE,Aﬂ,Bg,aéo > ( are
constant hyperparameters. Figure 3.1 shows the directed acyclic graph corre-
sponding to (3.2).

The full conditionals for the Markov chain Monte Carlo can be shown to be:

P(Bo, 0, lrest) = b1, (y — X40)pr(0)p7 (1 — p)P 7,
plrest ~ Beta(1 + 7, 1 +p — V),
o2|rest ~ IG(A, w0 , B + = ||y X0 %),

2’
2 p
06|rest ~ IG(Aﬁ + 5,85 + 5 ” (7] H ),
where
é = (507917 "'7 7 Yo = 27]7

X, =1, X]diag(1,7,...,7p) and F = diag(a%o,aé, ...,ag).
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y

Figure 3.1: Directed acyclic graph for model (3.2).

3.2.2 Mean field variational Bayes

We now seek a quick deterministic approximate inference approach for (3.2) based

on MFVB. A tractable solution arises if we impose the product restriction:

(B0, 0.7,02,05,p) = q(Bo, 0,7)a(c2, 0%, p).
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The theory of induced factorizations (e.g., Bishop, 2006, Section 10.2.5) leads to

a solution with the additional product structure:

0(Bo. 0,7, 02,05, p) = a(Bo, 0,7)a(o2)a(a5)a(p). (3.3)

Then, as shown in Appendix 3.A, the optimal ¢* densities for the parameters in

Model (3.2) take the form:

*

q*(p) is a Beta density function,

*

q*(0?) is an Inverse Gamma density function,

*

q aé) is an Inverse Gamma density function,

(
(
( (3.4)
q*(Bo, 0|7) is a conditional multivariate Gaussian density function,

q*(Bo, @) is a mixture of multivariate Gaussian density functions, and

(v,

*

q"(v5),1 < j <p, are Bernoulli probability mass functions.

Let 148,00 and V ,45,,6) denote the mean vector and covariance matrix for
the conditional multivariate Gaussian density function ¢*(f5o, 8]7), and Ay(,2) and
By(s2) denote the shape and rate parameters for ¢*(02). A similar definition was
used for the parameters in ¢ (0[23) The f4(..,) denote the weight parameters for

q* (5o, 0), which was formed as

Bo
" (o, 0 Z Hq(w~) ¢V7q(50 e)( - mﬁ‘](ﬁo,(’))a
YEB 0
where B denotes a p-dimensional space of {0,1}. The convergence of Algorithm

(3.2.1) can be monitored using the following expression for the lower bound on the

marginal log-likelihood:



Chapter 3 95

n 1+p 1
log p(y; q) = —§1Og(2ﬂ) t— 5108"(020)
+ Allog B. —log I'(A.)

— (A + g)log By(o2) + log ['(A: + E)

2
+ AglogBs — log I'(Ap) (35)
p p
— (Ag + 5)10g Bq(oé) + log F(Ag + 5)
1 o) T o5
+§§)MW{M$Gmwﬂ—7wigwmw—m%%m}-
~Y€EB Bo

3.2.3 Accuracy assessment

We now investigate the accuracy of the MFVB approximate inference scheme in
this context. I give three examples, including one simulation example and two real

data examples.

Simulated data

In this example, the data are generated from a simple linear model:

yi = Po + i1 + oo + &5, 1 <i <,

where the sample size is n = 100 and the true parameter values are 5, = 1,
B = 2 and fy = 0. This means that x; is in the model, and x5 is a superfluous
noise variable. The g;, x1; and x9;, 1 < i < n, are generated independently from
the standard Gaussian distribution. Figure 3.2 summarizes the MCMC inference
for the linear indicator variable selection model (3.2) for fitting this simulation

data set. Columns two to four indicate that the MCMC convergence is quite
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Algorithm 3.2.1: Iterative scheme for obtaining the parameters in the op-

timal densities ¢* (5o, 0]7), ¢*(50,8), ¢*(62), ¢*(03), ¢*(p) and ¢*(v;) for the
linear indicator variable selection model (3.2).

Initialize;
Cycle

-1
Vot < { X3 Xoptqq1/0 + blockdiag [ (03,) 7 o2 I |

T
Miyq(80.0) = Vya(50.0) X 5 Yllg(1/02)

Ny 4 exp{%log|V7q(go,e)| + Yo llq(rog(p)) T (p— %)Mq(log(p))

+%Mz(l/ag)yTX'VV’Yq(Bo,B)ng}
Ty

Ha(wy) <
e Z‘yGIBS Ty

IuQ('Yj) A § : IU‘I(W'Y)
v if ’inl
p

Hattog(p)) < V(L4 D t1gr) — ¥(2+p)

j=1
p
Hattog1—p) < U1 =D fig(sy)) — (2 +p)
j=1
n
Aq(og) — 5 + A,

By(o2) <= B: + % Z Ha(wny) {H Y — XyMeyg(5,,0) [& +tr(X£Xﬂ,V7q(5079))}
~€B

Ago2)
Ha1/o2) 5

q(o2)

Hq(6) < Z Hg(wy) Mlq(6)
~EB

Yq(e) < Z Hq(ewn) V vq(0) — “q(O)Mg(e)

~EB
p
A‘I(U?g) — 5 + Aﬁ
Byozy = Bs + 3 {l ttaco) I” +t(Zg(0)) }

Pt jony Aq(cr%)
(1/a3)
R BQ(UE)

until the increase in log p(y; q) is negligible.
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good. Figure 3.3 shows the approximate posterior density functions of the model
parameters obtained from both the MFVB inference and the MCMC approach. We
consider a predictor to be selected when the posterior probability of its indicator
variable v is bigger than 0.5. We see that the correspondence of the density
functions for the parameters is very good. The lower bound on the marginal log-
likelihood z_o(y; q) in the upper right panel of Figure 3.3 illustrates that the speed

of convergence of the MFVB inference is very fast.

parameter

trace

lag 1

acf

density

summary

Bo

o
-
o

posterior mean: 1
95% credible interval:

(0.81,1.19)

posterior mean: 1.89
95% credible interval:

(1.72,2.07)

40 -20 O 20 40

posterior mean: 0.0606
95% credible interval:

(-19.4,19.4)

posterior mean: 0.506

(0.712,1.25)

T[ 95% credible interval:
(0.0964,0.916)
0 0.5 1
2 posterior mean: 0.946
O' 95% credible interval:
€

Figure 3.2: Summary of MCMC inference for linear indicator variable selection
model (3.2).
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Figure 3.3: Upper right panel: successive values of lower bound on marginal log-
likelihood to monitor convergence of the MFVB algorithm. Other panels: MFVB
(blue) and MCMC (orange) approximate posterior densities for fitting (3.2) to a
simulation data. The percentage are the accuracies of the MFVB fit compared
with the MCMC fit.

Cheese data

In a study of cheddar cheese from the La Trobe Valley of Victoria, Australia,
samples of cheese were analyzed to determine the amounts of lactic acid, acetic
acid and hydrogen sulfide they contained. Then, overall taste scores for each

cheese were obtained by combining the scores from several tasters. The goal was
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to predict the taste score (taste) based on the lactic acid (lactic), acetic acid
(acetic) and hydrogen sulfide (H2S) contents.

Figure 3.4 shows the approximate posterior density function of the model pa-
rameters for fitting model (3.2) to the cheese data. There is good agreement
between the results of the MFVB inference and those of the MCMC approach.
The posterior probability of vgag and Yiactic Strongly suggest that both predictors
(lactic and H2S) should be selected. The predictor acetic will also be included in
the model for predicting the taste score, because the posterior probability of Vacetic
is slightly larger than 0.5. Moreover, it can be seen that the approximate poste-
rior marginal density functions of the intercept, and acetic and lactic predictors,
are slightly skewed (i.e., they do not have Gaussian distributions). The approxi-
mate posterior marginal density produced by the MFVB inference can handle this
skewed distribution, because the marginal posterior distribution for §y and 6 is
a mixture of multivariate Gaussian distributions, which can be used to fit any

continuous density function approximatively.

Prostate cancer data

The prostate cancer data come from a study that examined the correlation be-
tween the level of prostate specific antigen and a number of clinical measures in
men who were about to receive a radical prostatectomy. It is a data frame with
97 rows and 9 columns (Stamey et al., 1989). This data set can be obtained in the
R package lasso2 (Lokhorst, Venables and Turlach, 2014). The data has the fol-
lowing components: log(cancer volume) (lcavol), log(prostate weight) (Iweight),
age (age), log(benign prostatic hyperplasia amount) (Ibph), seminal vesicle inva-
sion (svi), log(capsular penetration) (lcp), Gleason score (gleason), percentage
Gleason scores 4 or 5 (pgg45) and log(prostate specific antigen) (lpsa). The re-

sponse variable is lcavol, and the predictors include lweight, age, 1bph, svi, lcp,
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Figure 3.4: MFVB (blue) and MCMC (orange) approximate posterior density
functions of model parameters in fitting (3.2) to the cheese data. The percentages
are the accuracies of the MFVB fit compared with the MCMC fit.

gleason, pgg45 and lpsa.

Figures 3.5 and 3.6 present the approximate posterior density function of each
coefficient and the approximate probability of selecting each variable. There is
good agreement between the results from the MFVB inference and the MCMC
approach. Figure 3.6 suggests that the variables svi and pgg45 should be selected.

These three examples show that the accuracy of the MF'VB approximate pos-
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Figure 3.5: MFVB (blue) and MCMC (orange) approximate posterior density
functions of coefficients in fitting (3.2) to prostate cancer data. The percentages
are the accuracies of the MFVB fit compared with the MCMC fit.

terior density function is very high. Next, a simulation is carried out to evaluate

the performance of variable selection.

3.2.4 Results for model selection

In Chapter 2, a series of simulations with different correlation between candidate

predictor and different signal-to-noise ratio (Hastie et al., 2009, page 649) were
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Figure 3.6: MFVB (blue) and MCMC (orange) approximate posterior probabilities
of selecting each variable in fitting (3.2) to prostate cancer data. The percentages
are the accuracies of the MFVB fit compared with the MCMC fit.

used to evaluate the performance of linear and non-linear model selection method.
In this chapter, we also use simulation with similar settings to evaluate the per-
formance of the MFVB indicator variable selection. We consider the linear model
form

vy = X;B8+¢g, 1<i<n.
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The number of observations is n = 100, and the number of predictors of inter-
est is p=10. The X;, 1 < ¢ < n, are generated from a Multivariate Gaussian

distribution, N(0,X), where

1 ps Pz
€T 1 €T
5 _ p p
px px “e e 1

Then, p, = 0, 0.2, 0.5, 0.8 correspond to non correlation, low correlation, medium
correlation and high correlation. The ¢;, 1 <1¢ < n, are generated from a Gaussian
distribution N(0,¢?%). Following Hastie et al. (2009), the standard deviation, o,
was chosen in each case so that the signal-to-noise ratio (SNR) is equal to a fixed
value. We also set the SNR equal to 1, 5 and 25 to represent low, medium and high
values. The true value of B is (2,2,0,0,0,—2,—2,0,0,0)T. We consider a predictor
to be selected when the posterior probability of its indicator variable « is bigger
than 0.5. Table 3.1 shows the simulation results of the marginal probabilities
that variables are selected for various p, and SNR for a simulation size of 200.
The accuracy results for the variable selection show that model (3.2) and the
corresponding MFVB inference algorithm (3.2.1) can perform the linear variable

selection effectively.
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SNR P 1 T9 x3 Ty Ts T T s Tg9  T1io
1 0 096 0.97 0 0 0.01 099 0.91 0 0.02 0

0 1 1 0 0 0.01 1 1 0 0.01 0

25 0 1 1 0.01 0 0 1 1 0 0 0

1 0.2 0.99 1 0.01 0.03 0 1 1 0 0 0

5 0.2 1 1 0.01 0 0 1 1 0.01 0.01 0

25 0.2 1 1 0.01 0 0 1 1 0 0 0

1 0.5 0.99 1 0 0.04 0.01 1 1 0.01 0 0.02

5 0.5 1 1 0 0 0 1 1 0 0 0

25 0.5 1 1 0 0 0 1 1 0.01 0 0

1 0.8 1 099 0.01 0.01 0.01 1 0.98 0.01 0 0

5 0.8 1 1 0.01 0 0 1 1 0 0.01 0

25 0.8 1 1 0.01 0 0.01 1 1 0 0.01 0
True coef. 2 2 0 0 0 -2 -2 0 0 0

Table 3.1: Marginal probabilities that variables are selected.

3.3 Non-Gaussian Response Linear Models

In this section we extend the Gaussian response linear model to binary response

models.

3.3.1 Models

The indicator variable selection model for a binary response is:

vil o, B ES) Bernoulli{®((158, + X8).)},
60 ~ N<Oa0-,(230)7
p(ﬁnga%’) = ’7JN(O7O-E) + (1 - 73)6(0)7 1 S] < b,

o ~ Inverse-Gamma(Ag, Bg),

(3.6)

7;lp "~ Bernoulli(p),

p ~ Uniform(0, 1).
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We introduce the same auxiliary variables @ = (6y,6,, ...,6,)" as in Result 1.15,
such that:

0ilo% ™ N(0,0%),

and a vector of auxiliary variables a = (a1, as, ..., a,)" as in Result 1.14, such that:
a~N(1p +X(y©0)1).

The full model with auxiliary variables is then:

yi|a; "~ Bernoulli{I(a; > 0)},

a~N1B +X(v©0),1I),

Bo ~ N(0,0%),

B3 " N (0,2, o0
U% ~ Inverse-Gamma(Ag, Bj),

ilp ind. Bernoulli(p),

p ~ Uniform(0, 1),

where 4 = (71,72, ...,7)" is the vector of indicator variables, and Ag, Bg, 03 >
0 are constants hyperparameters. Figure 3.7 shows the directed acyclic graph
corresponding to (3.7).

The full conditional distributions for the Markov chain Monte Carlo can be
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a

Figure 3.7: Directed acyclic graph for model (3.7).

shown to be:
P(B, 8, ylrest) ~ 61, (a — X0)¢r(0)p™ (1 — p)" 7,
p|rest ~ Beta(l + Yo, 1 +p — 7s),
2 p 1 2
oglrest ~ 1G(Ag + =, Bs + B 1617,

2

ajlrest = (I(a; > 0))%(I(a; < 0))' ¥ N(Bo + (X (v © 6));, 1).
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Here

é:(ﬁ(]?elw“u y Yo = Z’Y]a

X, =1, X|diag(1,71,....,7p) and F' = diag(ago, ag, s 0/23).

3.3.2 Mean field variational Bayes scheme

We now seek a quick deterministic approximate inference procedure for (3.7) based

on the MEFVB. A tractable solution arises if we impose the product restriction:

0(50,0.7,a,0%,p) = (B0, 0,7)a(a, 03, p).

The induced factorizations theory (e.g., Bishop, 2006, Section 10.2.5) leads to the

solution having the additional product structure:

(B0, 0,7, a,03, p) = q(fo, 0,7)q(a)q(a5)a(p)- (3.8)

Then, as shown in Appendix 3.B:

*

q*(p) is a Beta density function,

*

q*(a;) is a truncated Gaussian density function,

(3.9)

q*(Bo, B]7y) is a multivariate Gaussian density function,

q*(Po, @) is a mixture of multivariate Gaussian density functions, and

*

(
(
q*(ag) is an Inverse Gamma density functions,
(
(
(v,

¢"(7;),1 < j <p, are Bernoulli probability mass functions.

Similarly to the Gaussian response case, let 1m.4(s,,6) and V ,4(s,,6) denote the mean
vector and covariance matrix for the conditional multivariate Gaussian density

function ¢* (5o, 8]7), and Aq(g and Bq(gfé) denote the shape and rate parameters
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for ¢*(o ) The ji4(..) denote the weight parameters for ¢*(5y, 8), which is formed

as

Bo
4" (6o, 9) Z Hq(w-) (vaq(ﬁo e>< — Myy(5.6))-
~eB 0

The convergence of algorithm (3.3.1) can be monitored using the following expres-

sion for the lower bound on the marginal log-likelihood:

1+p 1
logp(y;q) = —— — 5loa(0%,)
+AglogBs — log I'(Ap)
~(As + )log(By(5) +log T(A; +3)
_HJTlOg Z Hq(ww)X’Ym’YQ(ﬁoﬂ))]
~eB
+(1 - )Tlog 1- Z Hg(wn) X 4TMyq(50,6))]
~€B
1
=5 2 ) {1(XTX 5 Vgso.0)) — 108 Vya(a0|}
~YEB
jz + o2
__ Z Hge { Y4 Bo)a2 R ICONE 21Og/46q(w.y)} '
WEB Bo

3.3.3 Accuracy assessment

We now investigate the accuracy of a mean field variational Bayes approximation
inference scheme in this context. Firstly, I will give one example of fitting model
(3.7) to simulated data. After the example, a simulation will be carried out to

compare the accuracies of the MFVB inference and the MCMC inference.
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Algorithm 3.3.1: Iterative scheme for obtaining the parameters in the op-

timal densities ¢*(5o, 0]7), ¢*(80,0), ¢*(a), ¢*(03), ¢*(p) and ¢*(;) for the
probit indicator variable selection model (3.7)

Initialize;
Cycle
—1
V ato6) — {XSXA, + blockdiag [(ago)—l, Hat /Jg)Ip} }
T
Moyg(0.0) < Vva(60.6) X 3 Ha(a)
Ty ¢ exp{ 21081 Vora(50.0)| + Yelation(e)) + (P = 7o) attone)

T T
5 g X~V va(50.0) X 4 Hq(a) }

T~
Holwy) & =
e Z'yeIB T]’Y
Haq(~;) < Z Haq(w~)
Y if ’yj=1

P
Hq(log(p)) < Y(1 + ZM’I(%‘)) —¢(2+p)

j=1

p
Hattog(1—p) < Y1 = fig(ry)) — V(2 +p)
j=1

Hq(e) < Z Heq(w~) Myq(0)

~eB
So0) < D Hatem)V va(6) — Ha(®) (o)
~eB
Ao LA
(1(05) 2 B
Byozy < Bs+ 5 {Il ie) I” +tr(Sq0) }
fhortro) AQ(UZ»)
(1/03)
TR By
Hy(x8) < Z Hq(eny ) X v Myq(50,0)
~yeB
Cb(ﬂq(xvé))

Pa(a) < Hy(x.5) T -
1 TR0 T P 51 O 1 — Dy x )] Y

until the increase in log p(y; q) is negligible.
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Simulated data

The data were generated according to:

logit{P(y = 1)} = Bo + Bix1 + Poxa + B3x3 + Paa + P55

where the sample size is n = 100 and the true values are gy = —1, 5, =0, 8 = 2,
B3 =0, By = —1 and [5 = 0. This means that x5 and x4 are in the model, and z1,
x3 and x5 are superfluous noise variables. The z;, 1 < j < 5, are independently
generated from the standard Gaussian distribution. Figure 3.8 summarizes the
MCMC results for the binary response linear indicator variable selection model
(3.7) to fit using these simulated data. Columns two to four indicate that the
MCMC convergence is quite good. The lower bound on the marginal log-likelihood
p(y; q) in Figure 3.9 shows that the convergence of the MFVB inference is very fast.
Figure 3.11 shows the approximate posterior density functions of the coefficients.
The strong correlation between the coefficient variable @ and the auxiliary variable
a results in decreased accuracy. Figure 3.11 shows the selection probability for each
variable obtained from both the MFVB inference and the MCMC inference. We

see that the correspondence is very good.
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summary

Bo

1114

>

posterior mean: ~1.04
95% credible interval:

(-1.4,-0.71)

g

posterior mean: 0.0461
95% credible interval:

(-19.3,19.1)

posterior mean: 2.08
95% credible interval:

(1.55,2.68)

posterior mean: ~0.124
95% credible interval:

(-19.6,19.4)

1114

posterior mean: ~0.988
95% credible interval:

(-1.36,-0.656)

posterior mean: ~0.0508
959% credible interval:

(-19.4,19.6)

B

posterior mean: 0.437
959% credible interval:

(0.119,0.794)

Figure 3.8: Summary of MCMC inference for linear indicator
model (3.7).
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lower bound on marginal log-likelihood
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Figure 3.9: Successive values of the lower bound on marginal log-likelihood to
monitor convergence of the MEVB algorithm for fit model (3.7).
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Figure 3.10: MFVB (blue) and MCMC (orange) approximate posterior density
functions of coefficients obtained by fitting (3.7) to simulated data. The percent-
ages are the accuracies of the MFVB fit compared with the MCMC fit.
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Figure 3.11: MFVB (blue) and MCMC (orange) approximate posterior proba-
bilities of selection of each variable by using model (3.7) to simulate data. The
percentages are the accuracies of the MFVB fit compared with the MCMC fit.

Simulation study for accuracy

The results using simulated data show that the approximate posterior density
functions of the coefficients have insufficient accuracy. In this part, I carry out a
simulation study to evaluate the accuracy of fits in fitting model (3.7) by using

the MFVB inference. The data were also generated according to:

logit{ P(y = 1)} = Bo + [r1x1 + Paa + P23 + Bata + P55,

where we set the sample size to be n = 100 and the true parameter values to be
ﬁoz_luﬁl20752:27ﬁ3:37/8420andﬁ5:0- Thex]71§j§57
are independently generated from the standard Gaussian distribution. I simulate

100 times, and the accuracy of the fits is shown in Figure 3.12. In spite of low
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accuracies in the posterior density functions of the coefficients, we can keep using
this model to perform the variable selection because of the accurate results of the

posterior probability of the indicator variable.

o
S* —_ —_ ——— —
8 — . : :
§ 8 o -+ '
o | 8 2 L
5] ° 8 8 8
8 o o 8
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o - o
> . ;
U('o '
®© °
e
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c 9 | :
53 ; o
o |
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o | ;

Bo B B2 Bz Bs B w1 \Z Y3 Ya Y5

Figure 3.12: The boxplots of accuracy values for the Probit linear indicator model
(3.7) study described in section 3.3.3.

3.3.4 Results for model selection

Similarly to the Gaussian response case, we consider the model:
y; '~ Bernoulli{ ®(X 3);},1 <i < n.

We set the number of observations n = 100, and the number of predictors of

interest p = 10. The X;, 1 < ¢ < n, are generated from a multivariate normal
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distribution N(0, X)), where

L ps Pz
x 1 xX

3 P | P
Pz Pz - 1

Then, p, = 0, 0.2, 0.5, 0.8 correspond to no correlation, low correlation, medium
correlation and high correlation. The true value of 3 is equal to (0.5,1,1.5,2,2.5,
0,0,0,0,0)T. The results for a simulation size of 500 are in Table 3.2, which
lists the mean posterior probability of each predictor’s indicator variable. For the
case of low correlation (i.e., p, = 0 and 0.2), the variables x3, x4 and x5 can be
selected into the sample model, and the variable x; and x5 will be classified into the
noise variable and ignored. The obtained result is similar to that obtain by Hu and
Johnson (2009), which used the MCMC for variable selection using similar models.
The right side of model (3.7) and the corresponding MFVB algorithm (3.3.1) are
such that the selected model has fewer false positive results. Unfortunately, the
accuracy of the variable selection decreases further when the correlation among

the predictors is stronger.

P T T2 T3 Ty Ts Tg T s Tg  Z10

0 0.02 0.09 0.60 0.92 1 0.00 0.00 0 0.01 0.01
0.2 0.02 0.08 0.35 085 098 0.01 0.00 0.01 0.00 0.00
0.5 0.03 0.09 0.23 057 086 0.01 0.01 0.03 0.01 0.01
0.8 0.03 0.09 0.16 024 0.52 0.03 0.05 0.01 0.01 0.02

True coeff. 0.5 1 1.5 2 2.5 0 0 0 0 0

Table 3.2: Mean posterior probability of each predictor’s indicator variable.
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3.4 Discussion

In this chapter we used indicator variables to perform the linear model selection
for the Gaussian response model and binary response model. The corresponding
models (3.7) and (3.2) and MFVB Algorithms 3.3.1 and 3.2.1 were carried out.
The accuracy of the MF'VB inference and the MCMC inference and the variable
selection results were presented and compared.

For the Gaussian response, the MFVB inference can perform model selection
accurately and efficiently. However, using the indicator model to perform the
model selection for a binary response model is challenging. The MFVB indicator
selection procedure generated an eclectic model, in which there was a trade-off
between selecting the correct variable and generating false positive results. The
reason for this has two aspects: (1) as in the simulation in Figure 3.12, the ac-
curacy of the MFVB inference for binary response model is lower than that for
the Gaussian case; and (2), the MCMC results of Hu and Johnson (2009) showed
that model (3.3.1) cannot perform the model selection faultlessly and that predic-
tors with small coefficients are always ignored. Other prior distributions, such as
the Laplace-zero (Johnstone & Silverman, 2005), can be considered instead of the

Gaussian-Zero in future research.
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3.A Appendix: Derivation of Algorithm 3.2.1

3.A.1 Full conditionals

Full conditional for j3;,, 68

ly - X0 T

1= .
logp(fo, 0, ~y[rest) = 2T_§0F ‘o

+7.10g(p) + (p — 7e)log(1 — p) + const.

where
é:(ﬁ()?gl)"'a y Yo = Z,Y_]v
X, =1, X|diag(1, 71, ...,7,) and F~! = diag(aﬁ_f, 05_2, .. 052).
Derivation:
p
p(60a077|r68t) S8 p(y|ﬁoa977a 5 H 0 |JB ’7j|p)
— 15— X(v© )|’
(2m)” exp{ 207

52
x(2m)~ 1/205 exp i
20 950

p 92
% H(QW) 1/205 exp {_ﬁ}pw(l _p)l—w‘
B

j=1
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Taking logarithms, we get

- 15— X 0)1? 2 P p2
log p(fo, @, y|rest) = —Hy Po (vo o) B b

2 2
202 205, ‘= 20
+ Zvjlog (1 —7;)log(1 — p) + const.
||y_X70H 17 p-1g
+7elog(p) + (p — 7e)log(1 — p) + const.
Full conditional for p
log p(plrest) = ~alog(p) + (p — 7e)log(1 — p).
Derwation:
P
p(p|rest) H (vilo)p(
f{
Taking logarithms, we get:
log p(p|rest) = Z%log (1 = ;)log(1 — p).
Full conditional for o2
2B. ~ X.,0|
log p(c2|rest) = (—1 — A, — g)log(US) - T Hi;l — | + const.
O-E
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Deriwation:

p(o?lrest) o< p(yl|Bo, 0,7, 02)p(o?)
_ ) rex {_ ly -~ 16 - X(v© e>||2}

2
20:

Bl 514 —B.
X ——(02) eXpy g (-

€

Taking logarithms, we get:

logp(c?|rest) = (—1— A, — g)log(of)

2B+ |y 15 - X(y20)|’
202

-+ const.

Full conditional for ag

-+ const.

2Bg + |0
10gp(d§|rest) = (—1 — Aﬁ — ‘g)log(gg) — ﬁ—”H

2
QUﬁ

Derivation:

p(o3lrest) o p(B|oj)p(o?)

A
— (2 )—LD/2 -p _H0||2 > B/Bﬁ ( 2)—1—14[1' — g
= (27 o_Pexp 2072 (4,) o5 exp U?—; .

Taking logarithms, we get:

_ 2B+ 6]

-+ const.
205

p
logp(a§|rest) =(—1—-As— §)log(ag)

3.A.2 Optimal ¢* densities

Expressions for ¢* (5, 3)

0" (B0;0,7) = Ha(wn) PV rasy.0) (0 — Mrya(50.6))



Chapter 3

120

where

-1
V a0y = {X':CX'YNQ(l/J?) + blockdiag [(J%o)_l>MQ(1/U§)IP} } ’

T
Moyg(80,0) = Vag(50,0) X 3 YHg(1/02)

Ny = exp{%longq(go,gﬂ + Yo lbqg(log(p)) T+ (p— %)Mq(log(p))

+%:ug(l/ag)yTX’YV"/Q(ﬁoﬂ)X'j;y}

and

Derivation:

lOg q* (ﬁ(ﬁ 07 7)

where

M) = Ty
A ZA/EB TI’Y

E, [log p(Bo, 6, ~|rest)]
~ 92
B L lly = X406

al=3

1.7 ~
- -0 F'0
o? 2
+7.10g(p) + (p — 7e)log(1 — p) + const]
~2 1T .-
—3han/o2) |y — X40|" — 56 F,'6

Ve llg(log(p)) T (P — Vo) Hg(log(1-p))»
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Note:

(y = X58)"(1/ g 100Dy — X,0) + 8" F,'0
— {0~ [XEX 000 + Fy'] Xzyﬂqu/az)}T
< A XX g1 /02 + Fy '}
% {0 = [XTX 000 + '] XDystgon }

_ —1
— oY Xy { X3 X ypiq0s02) + F;' ) XDy,
Then:

logq' (5, 0,%) = —4 {0~ [XTXpy00) + ;'] ngluq(l/ag)}T
<AXD Xttgrsoz) + Fy '}
< {0 XX 00 + ') XDystgson }
T3t/ X AKX X o + F 1} Xy

Ve lgog(p)) T (P — Vo) Hg(log(1—p)) + conSt.

This means that

q* (/807 07 7) S8 777¢V7q(,30,g) (é - m7q(5070))7

where

-1
Voagoo) = {XT/Xqua/ag)erlOdeiag (0/230)_17%(1/05)1:9” )

T
Meyg(50.0) = Voa(80.0) X 3 YHq(1/02)
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and
Ny = exp{%log‘qu(gmg)’ + Ve lbq(log(p)) T+ (p— VO)Mq(log(P))
+%Mg(l/ag)yTxvv’vq(Bo,G)ng}'
Because
//77'7¢V.7q(30,9) (0 — My (s0.0))dOdy = Z Thy>
~EB
hence
q* (ﬁ07 07 7) = Mq(W7)¢V7q(ﬂo,9) (0 - m’YQ(BOﬂ))’
where
Ty
He(wy) = <8 -
A Z'\/GB TI’Y

Expressions for ¢*(3,, 0]v)

From the expression of ¢*(f3y, @, ), we can obtain

q* (Bos 017) ~ N(Miyg(50.6)s V44(50.6))
where
T . 2 \—1 -1
Va0 = { X3 X yitq002) + Dlockdiag | (03) " 1y /0 1| }

and

T
Meyg(50,.0) = Vora(B0.0)X 4 Yhq(1/02)-
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Expressions for ¢*(5,0), tys,.6) and Xy, e)

From the expression for ¢*(/y, @, ), we can obtain

q (BO: 0) = Z I[’Lq(w‘y)qbv'yq(ﬂo,e) (0 - mWQ(5079)>>

~EB

which is a mixture of Multivariate Gaussian density functions by definition (1.29).

Using the results (1.12) for a mixture of multivariate Gaussian distribution,

Hq(50,0) Z Feq(w) TMyq(50,0)
~EB

and

24(80,6) Z Hg(ury) Vya(50,0) Nq(ﬁo,e)ﬂg(ﬂoﬂ)'
~EB

Expressions for ¢*(p), fiq1og(s) and Lig(iog1—p))

p p
q*(p) ~ Beta(l + > gty 1+D = D> fgry)):
i=1 j=1

Hq(log(p)) = 1+Z#q% (2 +p)

and

HgQog(1—p)) = ¥(1 — Z Ha(s) — ¥ (2 + p).

Derivation:

logq"(p) = Eq4[logp(plrest)]

p p
= D fg10g(p) + (P =D gy log(1 — p) + const.
=1 =1
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Therefore,

p p
f@)==@m{}j%%ﬂ%@%+@—§:mmmbﬂl—m+0m%}
j=1

Jj=1

The results then follow from definition (1.22) and result (1.6) for the Beta distri-

bution.

Expressions for ¢*(02)

q"(07) ~ Inverse-Gamma(A,(,2), By(2)),

n
Agory = 7+ A4,

2
Byo2y = B:+ % Z“q(wv) {H Y — XMy (5,,0) ”2 +tT(X£X'7V~/q(Eo,9))}
~eB
and
Aq(UQ)
Haq(1/02) =
! By(oz)
Derivation:

logg"(02) = B [log p(o?lrest)]
2B. + E, ||y - X,0|?]

2
207

= (—1—A.— 3)log(0?) -
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Using the iterated expectation method,

E, [Hy - X'yé”ﬂ
= o | Eya) [Ily = X501

= Z Hg(w~) {H Y — XyMoyy(5,,0) & +t7‘(X5Xvaq(ﬁo,9))} .

~EB
The results then follow from definition (1.23) and results (1.7) for the Inverse-
Gamma distribution.
Expressions for ¢*(03)

* 2
q (06) ~ Inverse—Gamma(Aq(o'é)’Bq("%))’

where
b
Agozy = 5+ 45
Bq(ag) = B/B + % {H Hq(o) ”2 +tr(24(9))}
and
Agoz)
Hq(1/02) By 2)'
%5
Derivation:
log q*(og) = E, [logp(aéhest)}
_ 2B + E,[|0]%]

+ const.

1
= (-1—-As— §)log(0§) 202

_ 2Bs+ [ 12g)|17 + tr(Xg))
20?3

1
= (=1—Az— E)log(o‘g) + const.
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The results then follow from definition (1.23) and result (1.7) for the Inverse-

Gamma distribution.

3.A.3 Derivation of lower bound

We note that

log]_?(y7 Q) - Eq{log p(/607 07 0-[237 0-52777p) - log q(/B(h 0777p7 0-297 U?)}

= E,log p(y|fo,0,7,02) + Eglog p(o?) + Eglog p(c3)
+E,log p(8|03) + E,log p(Bo) + E,log p(v|p) + Elog p(p)

—E,log q(B0,0,7) — Ejlog q(c3) — Eglog q(02) — Eglog q(p).

Firstly,

Eq[log p(y|507 Oa v, 052)]

n n 1 ~ 2
= T 5 Hallog(o?)) 510g(27r) - §“q(1/0§)Eq |y —X,0 | }
n n
— 5 Hallog(o2)) — 5108(2)
1
T oHai/e?) Z Hg(w~) {” Y — XMy (5,,0) [& +tr<X3X7V7q(ﬁo,9))} :

~EB

Secondly,

E,log p(02) — log q(0?)]
= AlogB. —logI'(A.)

n n n
_(Aa + §)log(Bq(U§)) + logF(AE + 5) + 5#’1(103(0&2))

1
o h1g1/02) D M) L Y = XyMgann) I H(XD XAV 0500} -

2
~YEB
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Thirdly,
E,[log p(a3) — log q(o3)]
= AﬁlogBﬁ — log F(Aﬁ)
—(Ag + )log(B (o2 2y) 4 log T'(Ag + g)
+§r“q(10g(0,23)) + Q/Lq(l/t7 {H tgeo) I +tr(Zq0)) } -
Fourthly,
E,[log p(7|p) +log p(p) — log q(p)]
= Z {Hato) Ballog(p)] + (1 = g(ry)) Eollog(1 — p)]}
p
{Z Bat) Eqllog(p)] + (0 = _ ty(sy)) Eqllog(1 — p)]}
j=1
—0.
Fifthly,

E,[log p(Bo) + log p(6]03) — log q(fo.6,7)]

L+p 1l 9 D
=5~ 518(0%) — 5H00s(03)

o2 1
(50)
2D Hafen) 1081 Va(ae)|
v€eB

) 2
2 T%,

2, 1
SHa/e) LI Hae) 1P +t0(Za) } = 5 D Mo 108Hg(w)-
~EB
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Substitution of these gives the lower bound (3.5):

n 1+p 1
logp(y;q) = —log(2m) + —— = ~log(c3,)

2
+A logB. —log I'(A.)
n n
—(Ae + 5)log(Byoz)) + log I'(A: + 7))

+AglogBs —log I'(Ap)

p p
—(Aﬂ -+ 5)10g(Bq(0§)) + log F(Ag + 5)
2 2
1 H5q(80) T T3as0)
+5 D Hafen) {10g|v79(50,9)| — = TR — 210g(fg(uwn)) ¢ -
~EB 0

3.B Appendix: Derivation of Algorithm 3.3.1

In Algorithm 3.3.1, the MFVB calculations for 3y, 6, 0[23, p and « are similar to
the Gaussian case (Algorithm 3.2.1). We obtain them by using

1 to replace /52

and ) to replace y.

Therefore, I only show the derivation for a.

3.B.1 Full conditional for a

log p(a;|rest) = —%[ai— (X,yé)z-]2

+log [(I(a; > 0))¥(I(a; < 0))' %] + const.
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Deriwation:

plailrest) oc p(ailBo, 8, v)p(yilas)
= (2m) Y2exp {— lai — Bo — ;(i(’V © 6)] }
X (I(a; > 0))*(I(a; < 0))'7*

Taking logarithms, we get

la; — Bo — Xi(v © 0)]?

logp(a;|rest) = — 5

+log [(I(a; > 0))¥(I(a; < 0))' %] + const.

= —ia; — (X,0);)

+log [(I(a; > 0))¥(I(a; < 0))'7¥] + const.

3.B.2 Expressions for ¢*(a) and Hy(a)

Plai — (yx.,5))i)
¢<(Mq(x79~)>i> ’

which is a truncated normal density function on (0, 00); and if y; = 0,

Q(al) = a; 2 07

P(a; — (Mq(xvé))i)
1 - Q((Nq(xvé))ﬁ ’

q(a;) = a; <0

which is a truncated normal density function on (—o0,0), where

Ho(x,0) = Z Hq(con) X 4 TMyq(50,0) -
~eB

Derivation:
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If y; = 1, then a; > 0 and

logq*(a;) = Eg[p(as|rest)]
- _%Eq {[ai - (X'yé)i]Q} + const.
- _%[ai - (Nq(x,yé))i]z + const.

where

Hq(x0) = E,[X,8].

Using the iterated expectation method,

Hax,) = L [Eq@ [X'VQWH

= > () Xy Mrg(30.0)-
~YEB

The results for y; > 0 then follow definition (1.27) for the truncated Gaussian
distribution. Similarly, we can obtain the result for y; < 0. Using the Result

(1.11) of the truncated Gaussian distribution, we obtain the expression

Cb(/ﬁq(x.,é))
Faxyi)? © [1 = P(pyx,)]' ¥

Hg(a) = Hg(x.6) T B

3.B.3 Derivation of lower bound

We note that

log]_j(y7 Q> = Eq{log p(ﬁﬂ? 07 O-ga Y P, CL) - lOg Q<607 07 Y P U%a a)}
= E,[log p(y|a) + log p(al|Bo, 8,7) + log p(c3)
+log p(8|03) + log p(5o) + log p(~lp) + log p(p)

—log q(o,6,~) —log q(03) — log q(a) — log q(p)].
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Firstly,
Ey[log p(yla) + p(alBo, 0,7) — q(5o, 0, 7)]
= yTlog Z Hg(w~) ’Ym‘yq Bo, 9))]
~EB
+(1 =) 0g[1 — DD fg(uo) X4 Myg(s0.0))]
~EB
1
—3 D g {tr(XT XV y(50.0) }
~EB
Secondly,
Eylog p(o3) — log q(03)]
= AglogBs — logI'(Ap)
p p
—(As + 5)log(By(ez)) +1ogT'(As +3)
p p
+5Hattox(o3) T 5Ha/o3) {1 a@) P+ (Zg0) } -
Thirdly,

E,[log p(vlp) +log p(p) —log q(p)]

—Z{um 2llog(p)] + (1 — fig(s;)) Eqllog(1 — p)]}

{Z Haq(v;) log Z Hq( ﬂ/] log 1 - P)]}

=0.
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Fourthly,

E,[log p(fo) + log p(O\Jé) — log ¢(50,0,7)]

1+p 1, p
= —5— —3los(05,) - §Mq<log<a§>>
L A3a(60) T Tap0)
D) T 2 =+ = Zluq ww)10g|vvq B0,6) |
Bo 7618
P 1
—5Ha(1/03) {11 1240y I* +t1(Zg0)) } — 5 > Hatem) 108 (Hg(un))-
~EB
Substitution of these gives the lower bound expression:
I+p
logp(y;q) = —5— —log(%)
+AglogBs — log I'(Ap)
~(Ag+ 2)log(Byo) +10g T(4g + £)
" 108[@ (D tg(wr) Xy Mrg(500))
~EB
+(1 —y)"log[1 — Z Hg(wny) X v TTlyq(50,0))]
~€B
1
—3 > gty {1 XEX LV y50)) — 108V yga0.0)|}
~YEB

2
Haqso) T O
_Z Zﬂq () { 4 0)02 v9(Bo) 210g#q(w.,)} '
7615% Bo
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Variational Bayesian Lasso

4.1 Introduction

The Least Absolute Shrinkage and Selection Operator (Lasso), attributed to Tib-
shirani (1996), is a regression method that involves penalizing the absolute size of

the regression coefficients. Consider a linear regression model:
y=15+ X3 + ¢,

where y = (y1,¥s,...,yn)’ is an n-dimensional vector of response variables, X
is an n X p matrix, and € = (£1,€9,...,6,)7 is an error vector of independent
and identically distributed normal random variables with mean 0 and unknown
variance, o2. [ is an intercept coefficient and 3 is a p-dimensional coefficient
vector. Lasso estimation is a form of penalized least squares that minimizes the

residual sum of squares when penalizing the ¢;-norm of 3:

A~ A

(B0, B) = ar% rgin (¥ — 1,80 — XB)" (y — Lfo— XB) + A Z 155, (4.1)
0, j=1

133
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where A is nonnegative. If A = 0, Lasso estimation is ordinary least-squares
estimation. The modification Least Angle Regression (LARS) developed by Efron
et al. (2004) can be used to compute the Lasso estimations. Zhao and Yu (2007)
proposed a boosted Lasso algorithm to produce the complete regularization path
for general Lasso problems. Lastly, lars (Hastie & Efron, 2013) is a convenient R
package that fits an entire Lasso sequence at the cost of a single least squares fit.

Shrinkage of the vector of regression coefficients toward zero via the ¢; norm
allows some coefficients to be set to identically equal zero. This key feature allows
Lasso to be used for variable selection. The Lasso method builds a sequence of
candidate models from which the final model is chosen. The sequence is controlled
by the value of A\. Zhao and Yu (2006) proposed the Irrepresentable Condition for
the model selection consistency of Lasso.

Tibshirani (1996) found a connection between the Lasso and Bayesian inference.
The Lasso estimate can be derived as the Bayes maximum a posteriori under

independent Laplace priors for each regression coefficient, 3;, as:

F(5) = Sep (MBI, G=12..p (12

Fernandez and Steel (2000) used this Bayesian Lasso model to deal with linear
regression under independent sampling from general scale mixtures of normals.
Balakrishnan and Madigan (2010) obtained a demi-Bayesian Lasso method to
deal with the sparse Bayesian learning problem (Tipping, 2001). Armagan (2009)
developed a variational approximation method for Tibshirani’s Lasso model.
Park and Casella (2008) indicated that using the unconditional prior (4.2) leads
to a bimodal joint density for 8 and o2, and the marginal posterior density of 3 is
also bimodal for the simplest linear regression model (one predictor). For MCMC

or Gibbs samplers, lack of unimodality results in slow convergence and leads to
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less meaningful point estimation. For MFVB, assumed independence between
and o2 will result in a unimodal posterior distribution for each parameter estimate.

Park and Casella (2008) introduced a conditional Laplace prior specification of the

A —ABY
f(ﬂj’O’?)—2\/J_€2€Xp< \/J—Zj),j—l,Z,...,p. (4.3)

The regression parameter depends on the variance of the model error, o2. The joint

form:

posterior distribution of 8 and ¢? is unimodal, under typical prior distribution of

2
€

o2 and any A > 0. Park and Casella (2008) also proposed a Bayesian regression
model with latent variables via Gibbs samplers. Based on this Bayesian Lasso
model, Hans (2009) recommended a direct characterization of the posterior using
two new Gibbs samplers that do not require the use of latent variables.

The Bayesian Lasso path of regression coefficients is smooth for shrinkage pa-
rameters A, and it is unable to achieve a sparsity in the regression coefficients
vector. Therefore, the Bayesian Lasso model cannot deal with variable selection
directly. Yuan and Lin (2005) used a method of combining stochastic model selec-
tion and Bayesian Lasso for variable selection and coefficient estimation in linear
regression models. Hans (2010) discussed the uncertainty of variable selection for
Bayesian Lasso regression.

A MFVB inference based on Park and Casella’s Bayesian Lasso model and
methods for obtaining hyperparameter will be presented in this chapter, and the
corresponding results will be compared with a MCMC method. The development

of MFVB methodology for high-dimensional linear regression model will also be

addressed in this chapter.



Chapter 4 136

4.2 Basic Bayesian Lasso Model

We firstly consider Park and Casella’s Bayesian Lasso for a linear regression mod-
el with given A. Next, two methods, the variational expectation-maximization
(VEM) algorithm and adding a prior distribution in A, will be presented to choose
the hyperparameter \.

4.2.1 Models

The Bayesian Lasso model with Laplace prior takes the form:

Yy~ N(lnﬁo + Xﬂvo-gIn)7
50 ~ N(O,O'[%O),
Blo? ™ Laplace(0,02, ), j=1,2,...,p,

Y g

2
oZ ~ Inverse-Gamma(A., B.),

where ago, A., B. > 0 and A > 0 are hyperparameters. We introduce the auxiliary
variables @ = (a1, as, ..., a,)" corresponding to Result 1.9 to avoid the irreducible

integrals in derivation of MFVB. The full model with auxiliary variables is then:

Yy~ N(lnﬁo + X/Bao-gIn)a

BO ~ N(0,0'g)o),

0.2

Bj‘aj i%‘ N(07 a_E)’ .7 = 1727 sy Dy (45)
J

‘ 2
a;|\* % Inverse-Gamma(1, ?),

02 ~ Inverse-Gamma(A., B.).

Figure 4.1 shows the directed acyclic graph corresponding to (4.5).
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Bo y R

Figure 4.1: Directed acyclic graph for model (4.5).

4.2.2 Mean field variational Bayes scheme

We now seek a quick deterministic approximate inference procedure for (4.5) based
on the MFVB method. A tractable solution arises if we impose the product re-

striction:

Q(ﬁﬂv /87 a, Ua2> = q(ﬁ07 ,6)(](0/, U?)

The theory of induced factorizations (e.g., Bishop, 2006, Section 10.2.5) leads to

a solution with the additional product structure:

p

q(Bo, B, a,02) = q(Bo, B) H q"(a;)q(a?).

j=1
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Algorithm 4.2.1: MFVB iterative scheme for obtaining the parameters of
the optimal densities ¢* (8o, 3), ¢*(a;) and ¢* (o) for the Bayesian Lasso model
(4.5).

Initialize fiq(1/02) and gy, j=1,...,p;
Cycle

Xa(80.8) < {Ha(1/02)CT C + blockdiag [(95,) 7, t1g(1/02) Dpy(a)] }

Patsos) < Zat508)C Yla(1/o2)

+n
AQ(Ug) A P 92 + Aa

Byo2) < B- + 5{ | Yy = Curyg, 9 I +12(CT CZys, )

T
(kg a(8) Dsg(a) + Za(8)Dsg(a) }
Ay
Ha(1o2) 4 22
q(o2)

\2 ,
Hq(ay) < j=1,2,....p
" \/Wg(ﬂi) + 035 Ha(1/02)

D, (a) < diag(tig(ar)s H(az)s - - - + Ha(ap))

until the increase in log p(y; ¢) is negligible.

Then, as shown in Appendix 4.A, the optimal ¢* densities for the parameters

in model (4.5) take the form:

q*(Po, B) is a Multivariate Gaussian density function,
¢"(a;) is an Inverse Gaussian density function, (4.6)

¢*(c?) is an Inverse Gamma density functions.

Let pryg,8) and Xy, 3 denote the mean vector and covariance matrix for the
multivariate Gaussian density function ¢*(fy, 3), and Ag,2) and By(,2) denote the

shape and rate parameters for ¢*(c2). The Hq(a;) denotes the mean parameter for



Chapter 4 139

q*(a;) and the shape parameter for ¢*(a;) is equal to A?. Let C = [1, X|. Then
convergence of Algorithm 4.2.1 can be monitored using the following expression
for the lower bound on the marginal log-likelihood:

p+1 p—n
logp(y:q) = —5— —plog(2) +

1
log(27) — §log(aéo)

2 2
Pao) T 40 | 1 p
o) _"aBo) | 5108 Zq(s0p)| + 510g(A2)

27,
+A510g(Ba) - logF(As) -
j=1 2'“"](”‘]')
n + n —+
_ (AE + Tp) log(By(s2y) + log’ (A8 + 5 p) )

4.2.3 Choosing the Hyperparameter A

The Bayesian Lasso method includes four hyperparameters: 01230 , A., B. and
A. Setting the values of the hyperparameters is an important part of Bayesian
inference. As general hyperparameters for the Normal prior and Inverse-Gamma
prior, aéo , A, B. were set to be non-informative hyperparameters. As a special
hyperparameter, A appears in the Lasso definition and is used to penalize the
regression coefficient 3. Selecting the value of A\ is an important part of the
algorithm for using the Lasso method. In the original Lasso, Tibshirani (1996)
suggested the use of k-fold cross-validation to choose A. For the Bayesian Lasso,
Park and Casella (2008) offered two uniquely Bayesian alternatives: empirical
Bayesian via marginal maximum likelihood, or use of an appropriate hyperprior.
In this section, we develop two MFVB approaches to choose A: variational EM for
empirical Bayesian via marginal a maximum likelihood, and an MFVB inference

for the Bayesian Lasso model with a specific prior on A.
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Empirical Bayesian via Variational EM

Compared with standard Bayesian methods, in which the hyperparameter is set
before the data are observed, the empirical Bayesian method estimates the pa-
rameters of the prior distribution based on the observation. In empirical Bayesian
analysis, the hyperparameters of the Bayesian hierarchical model are estimated
by some estimation procedure. Usually, estimation is done via maximum like-
lihood, and then one proceeds by obtaining the posterior distribution as if this
hyperparameter is fixed. Casella (2001) proposed a Monte Carlo EM algorithm
that complements the Gibbs sampler and provides marginal maximum likelihood
estimates of hyperparameters. Park and Casella (2008) used a Monte Carlo EM
algorithm to deal with the Bayesian Lasso model. In this section, a variational
EM is developed instead of the Monte Carlo EM algorithm to obtain the optimal

hyperparameter \.

Algorithm 4.2.2: TIterative scheme for a variational expectation-

maximization algorithm for estimating the hyperparameter, .

Initialize \°;

Cycle: For k=1,..., K.

Use Algorithm (4.2.1) to obtain ¢*(53, 3, a, 02; )\(k_l))

E—Step : Q()\|>\(k71)) - Eq*(ﬁo,ﬂ,a,a?;)\(kfl)){€<y; 607 /67 0-37 a’)}

M-step : A®) = arg max Q(A\|A*~D)
A

The EM algorithm is an iterative method. It alternates between performing
an expectation (E) step, which computes the expectation of the log-marginal-
likelihood evaluated by using the current estimates of variables, and a maxi-

mization (M) step, which computes parameters by maximizing the expected log
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marginal likelihood found on the E step.

The Variational Expectation-Maximization (VEM) algorithm 4.2.2 for estimat-

ing hyperparameters is a modified EM algorithm in the E-step. The variational

optimal posterior distribution is used to obtain the expectation of the log likelihood

using MF'VB inference. In the M-step, the optimal value of the hyperparameter

is computed by maximizing the expected log likelihood. Using the new hyperpa-

rameter, a new posterior distribution can be obtained by using MFVB inference

again.

The Bayesian Lasso log-likelihood is:

Uy: o B, 02, a) =

This leads to:

E-step:

QAN

M-step:

log {’N(y|ﬁ0> O H,/T B]‘aj CL]‘)\)}
7j=1

P
log H m(aj|A)) + term not depending on A
7=1

p 2
Z {log()\2) - 2>\ } + term not depending on .

i

J=1

- Eq* (Bo,B,a,02;A (k1)) [5(% 607 ﬁv 0-37 CI/)]

P
= plog(\?) — iA? Z Hq(1/a;) + constant.
j=1

(W)® = arg max Q)

2p
> 1 Hy(1/ay)
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If A is initialized at a small number such as 0.01, then the optimal posteri-
or distribution in the first cycle is close to the optimal posterior distribution of
ordinary least squares. The convergence of the EM algorithm is fast. However,
if a large number (10%) is used as the initial value of A, then all the coefficients
(B, 1 < j < p) will be close to 0 and convergence of the EM algorithms will be

slow.

Prior Distribution in A\

Another method is to choose a prior distribution 7(A) for A with a uninformative

hyperparameters. The adjusted Bayesian Lasso model takes the form:

Yy~ N(lnﬁo + X/gva—gIn)a

/BO ~ N(0,0’éo),

2
ind. U

/BJ‘GJNN(OJG) j:1727"'7p7

J 1 (4.7)
aj|y X Inverse-Gamma(1, %)’

v ~ Inverse-Gamma(A,, B,),

2
o ~ Inverse-Gamma(A., B:),

where v = 1/A? has the Inverse Gamma distribution, and the A,, B,, 03 , A and
B. > 0 are fixed non-informative hyperparameters.

We now seek a quick deterministic approximate inference procedure for (4.7)
based on the MFVB. A tractable solution arises if we impose the product restric-
tion:

p
(/BOJIB G;,O’E,”}/ _Q/B07 Hq )
7=1

Then, as shown in Appendix 4.B, the optimal ¢* densities for the parameters in
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model (4.7) take the form:

q*(Po, B) is a multivariate Gaussian density function,

(4.8)

7v) is an Inverse Gamma density functions,

(

q"(a;) is an Inverse Gaussian density function,
q(
(

¢*(c?) is an Inverse Gamma density functions.

Similarly, let p 5, ) and 35, g) denote the mean vector and covariance matrix for
the multivariate Gaussian density function ¢*(8o, 3), A42) and By(,2) denote the
shape and rate parameters for ¢*(0?), a similar notation is used for the parameters
in ¢*(7v), and let pi4(;) and pi41/4) denote the mean and shape parameter for the

Inverse Gaussian ¢*(a;). Let C = [1, X] and
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Algorithm 4.2.3: Iterative scheme for obtaining the parameters of the opti-
mal densities ¢* (5o, 3), ¢*(7), ¢*(a;) and ¢*(c?) for the Bayesian Lasso model
(4.7).

Initialize fiq(1/02), Heay) and pig1/a;), 5 =1, ;
Cycle

Xa(80.8) < {Ha(1/02)C" C + blockdiag [(05,) ™, ttg(1/02) D psy(a))] }

Pa(so8) < Ha(1/o2) S8 C" Y

p+n

Aq(gg) — + AE

Byo2) < B+ 3{ [l y — Cay, ) |I”

T T
+tr(CTCXy5,,8)) + tr(y(sy by Da(a) + Za8)Dyuy(a)) }
Ago?)
Hq(1/o2) <= 55
q(o2)

Agy < Ay +p

P
By) < By + 3> g1/ar)

j=1

Hq(1/7) < Ag()/ By
Hq(1/7) .
Hg(ay) < J=12,...p
' \/(“gwj) + 0408 Ha(1/02)
Dﬂq(a) A diag(,uq(al), Hg(az)s - - - 7Mq(ap))
1 1

,uq(l/aj) % +

Hq(az)  Hq(1/v)

until the increase in log p(y; ¢) is negligible.
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Then convergence of Algorithm 4.2.3 can be monitored using the following

expression for the lower bound on the marginal log-likelihood:

logp(y; q) =

p+1 -n 1
Pl log(2) + 2 log(2m) — Siog(e)
1 2 2
——Qgg (K T+ Taa0)
0

log(:uq 1/7))
—log I'(A)

+5 logIEq(ﬁo gl -
+Aclog(B:)
+A,log(B,) —log I'(A,)

—(A, + p)log(By(y)) +log T'(A, + p)

— (AE + %) log By(sz) + log I (A +

4.2.4 Diabetes Data

n—+p

)

The diabetes data is a classical example used in Lasso research (Efron et al.,

2004; Park & Casella, 2008).

predictor variables is p =

The sample size is n = 442 and the number of

10. The response variable is a continuous index of

disease progression one year after baseline, and the predictor variables include age

(age), sex (sex), body mass index (bmi), average blood pressure (map) and six

blood serum measurements (tc, 1dl, hdl, tch, ltg and glu).
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LASSO

Standardised Coefficients

T T
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|betal/max|betal

Standardised Coefficients

MFVB LASSO
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Figure 4.2: The trace plots of Lasso and MFVB Lasso for estimates of the diabetes

data regression parameters.

Figure 4.2 compares the MFVB estimates with the ordinary Lasso estimates.

The left panel shows the paths of the estimates as a function of their ¢; norm

relative to the ¢; norm of the corresponding least squares estimate. The right panel

shows the paths of posterior mean estimates using Algorithm 4.2.1. The paths of

the MFVB Lasso estimates are similar in shape to the path of the ordinary Lasso

estimates, but the paths of the MFVB Lasso estimates are smoother.
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--- MFVB
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)\2

Figure 4.3: Estimates of the hyperparameter A using empirical Bayesian via Vari-
ational EM (x), Inverse-Gamma prior via MCMC with mean (A) and Inverse-
Gamma prior via MFVB inference with mean (v/), and corresponding 95% credible
intervals for MCMC and MFVB.
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Figure 4.4: The posterior distribution of the Lasso regression estimates using an
Inverse-Gamma prior via MCMC (A), an Inverse-Gamma prior via MFVB (v7),
an estimate of A via VEM (), and corresponding 95% credible intervals. (x) is
the ordinary least squares estimate.

Figure 4.3 compares MCMC and MFVB for the estimation of A2. The empirical
Bayesian method via the MEFVB EM yields an optimal A? of approximately 0.05.
When A\? is given an Inverse Gamma prior distribution, the posterior distributions
are obtained by MCMC and MFVB inference. In the MCMC method, the posterior
mean for A\? is approximately 0.086, and a 95% posterior credible interval for \?
is approximately (0.020,0.226), and the corresponding values of MFVB are 0.073
and (0.036,0.122). The posterior medians and 95% credible intervals of coefficients

are shown in Figure 4.4. The approximate posterior density function computed in
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model (4.7) by using MFVB inference and MCMC for the diabetes data is shown
in Figure 4.5. Good to excellent accuracy of MFVB inference is apparent for all

posterior densities.
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Figure 4.5: The approximate posterior density functions produced by MFVB

(blue) and MCMC (orange) for fitting model (4.7) to the diabetes data. The
percentages are the accuracies of the MFVB fit compared with the MCMC fit.
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4.3 Bayesian Lasso in high-dimensional data

We have developed the MFVB algorithm for the Lasso linear regression model
and to choose the value of the hyperparameter . In this section, I will modi-
fy Lasso regression model to fit the high-dimensional data and perform variable
selection. High-dimensional data analysis has become increasingly frequent and
important in diverse fields. In classical statistical analysis and model selection,
the number of predictors (p) is a small value and always smaller than the num-
ber of observations (n). High-dimensional data analysis is used to deal with data
with dimensions larger than those considered in classical multivariate analysis.
Recently, researchers have become more interested in even larger dimension case,
i.e. p > n. The computational costs of MFVB should be increased significantly to
adapt to high-dimensional data. The correlation matrix with p dimensions need
to be calculated during each iteration until the algorithms converge, which makes
the increment of time or computational cost O(p?). To avoid a high-dimensional

correlation matrix, we can factorize the variable 3 as:

q(B) = q(B1)q(B2)---q(Bp)-

In the MFVB algorithm, the variance of each variable ; will be calculated re-
spectively. This factorization is based on the “incorrect” assumption that 3i,...,3,
are independent, but MCMC shows that there is correlation between fi,...,5,.
This creates a trade-off between accuracy and the computational costs of time and

memory to fit the models for high-dimensional data.
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Mean field variational Bayes inference

Consider the Bayesian Lasso model (4.7). For high-dimensional MFVB inference,

we impose the product restriction

q4(Bo, B, a,02,7) = q(Bo)a(B1)-.a(Bp)alar)...q(ay)q(a?)q (). (4.9)

The optimal densities take the forms:

q"(Bo) is a Gaussian density function,
q"(B;

(
(Bj), 1 <j <p, are Gaussian density functions,
q*(aj), 1 <j <p, are Inverse Gaussian density functions, (4.10)
(
(

q*(0?) is an Inverse Gamma density function,

*

q*(7v) is an Inverse Gamma density function.

Let fi4(8,) and 02( 5,) denote the mean and variance for the Gaussian density func-
tion ¢*(8p). A similar definition is used for the parameters in ¢*(3;). Let Ay2)
and By(,2) denote the shape and rate parameters for ¢*(02). A similar definition
is used for the parameters in ¢*(7y). Let fi4(,;) and pya/y) denote the mean and

shape parameter for the Inverse Gaussian density function ¢*(a;).
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Algorithm 4.3.1: MFVB iterative scheme to obtain the parameters of the

optimal densities ¢*(5o), ¢*(53;), ¢*(a;), ¢*(02) and ¢*(7) for the Bayesian

Lasso model in the high dimensional case

Initialize fiq(1/02), Heay) a0 fig1/a;), J =1, P ;
Cycle

1
Ig(1/02) + OF,

Ha(o) 4 TagoyHai/ony 1 (Y — X pig(s)
1

2
:uq(l/UE)ijH + Hq(1/02)Hg(ay)
T
Ha(®) < Tq(sHat1/o) X (y — Lpg(e) — X ﬁ“q(@))

2
Tg(Bo) <

2
Tq(8y)

P
1
Byoz) ¢ Be + 511y = Lqeey) — > X jttgep|?
j=1

P P
2 T 2 2 2
10y + O X Xous + D tata e, + oo}
j=1 j=1
n+p
2

Agoz) ¢ Ac +
A (0-2)

Ho(1/o2) < S
q(o2)

1

Byy) < By + ) Z Hq(1/ai)
=1

Agy) <~ Ay +p

Ag(a)
Hai/) < Bt

q(v)
Hq(1/~)
Hq(a;) <= 2 2 2
' \/“qu/az)[“q(ﬁj) + 05,

until the increase in log p(y; q) is negligible.
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Convergence of Algorithm 4.3.1 can be monitored using the following expression

for the lower bound on the marginal log-likelihood:

— 1
P nlog(27r) —plog(2) + ]%

logp(y;q) =

1
_§log 960 — 202 ('ug(ﬁo) + 03(50))
0
+Alog(B:) — log I'(A.)+ A log(B ) —log T'(A,)

p
_élog(ﬁbl/w) log q(ﬁo Z log(o

—(A, + p)log(By(y)) +log T'(A, +p)
(A + %) log(By(y)) +1og T’ (A + —2|-p)

Figure 4.6 shows comparisons of posterior density functions from the MFVB
high-dimensional Lasso algorithm 4.3.1 and the MCMC method to fit diabetes
data. The different variances of posterior distributions obtain from the MFVB
and MCMC methods. However, the means of the posterior distributions from the
MFVB and MCMC methods are very close. Therefore, we can use Algorithm 4.3.1
to fit the Lasso model for high dimensional data when we more interested in the

mean values of the coefficients.
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Figure 4.6: The approximate posterior density functions produced by MFVB
(blue) using high-dimensional Lasso algorithm (4.3.1) and MCMC (orange) to
the diabetes data. The percentages are the accuracies of the MFVB fit compared
with the MCMC fit.
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High-Dimensional Data Variable Selection

This study attempts to use the Bayesian Lasso method to select the variables for
high-dimensional data. As is well known, the Bayesian Lasso method cannot give
a coefficient that is exactly zero, so the a Z-value will be used to select the variables
for the high-dimensional data, where the Z-value is defined as:

T —p

Z = s
o

where the p is the mean of the population and o is the standard deviation of the
population.

Because the approximate posterior density function of coefficient of predictor,
q(8;), 18 N(iges,): 055,)), the Zi = |pg(s,)|/0q4(s,) can be obtained and used to
evaluate the corresponding predictor. A predictor in the model should be selected
when Z; > 2.

Similarly to the low-dimensional cases in Chapter 2 and 3, we consider the
linear model form

vy = X;B8+¢e, 1<i<n.

The high-dimensional data are simulated using the number of observation, n=
400, and the number of predictors of interest is p=1500. The X;, 1 <7 < n, are

generated from a Multivariate Normal distribution, N(0,X), where

1 px PR px
o1 e
N .
px p.I DR 1

Then, p, = 0, 0.2, 0.5, 0.8 correspond to no correlation, low correlation, medium

correlation and high correlation. The ¢; are generated from a Gaussian distribution
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N(0,0?). Following Hastie et al. (2009), the standard deviation, o, is chosen in
each case so that the signal-to-noise ratio is equal to a fixed value. We also set the
SNR equal to 1, 5 and 25 to represent the low, medium and high values. The true
value of 3; is 3 for j = 1,301,601,901, 1201 and 0O for remaining values of j.

Signal to

noise ratio T1 T301 Teolr Too1 L1201

P

1 0 1 1 1 1 1
0
0

) 1 1 1 1 1
25 1 1 1 1 1
1 02 094 096 095 096 0.96
) 02 1 1 1 1 1
25 02 1 1 1 1 1
1 0.5 022 0.16 0.13 0.09 0.19
05 1 1 1099 0.99
25 05 1 1 1 1 1
1 08 0 0 0 0 0
0.8 001 O 0 0.01 0.01
25 0.8 0.89 094 0.90 0.89 0.89

Table 4.1: Marginal probabilities that variables are selected for various p, and
SNRs by using MFVB inference for the Bayesian high-dimensional Lasso model.

Table 4.1 shows the simulation results of the marginal probabilities that vari-
ables, x1, X301, Teo1, Too1 and x199; are selected for various p, and SNR for a
simulation size of 200. In the uncorrelated and low correlation cases, the per-
formance of the variable selection is good for high-dimensional data with p > n
when using Algorithm 4.3.1. Unfortunately, the accuracy of the variable selection
will decrease when the correlation among the predictors is stronger and/or the

signal-to-noise ratio is lower.
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4.4 Discussion

The Bayesian Lasso estimate for a linear regression parameter can be interpret-
ed as a Bayesian posterior mode estimate when the regression parameters have
Laplace priors. This chapter presents a successful development of MEFVB method-
ology for the Bayesian Lasso model. Comparison between MFVB inference and
MCMC inference reveals that the posterior density functions of MFVB inference
are accurate. The VEM algorithm, which uses the MFVB method to replace M-
CMC in the E-step, can be used to choose \. We have also developed the MFVB
methodology for the Bayesian Lasso model with a prior distribution for A, which
also can estimate the value of .

A extended application for the Bayesian Lasso model are presented at the end
of this chapter. The MF'VB inference for a high-dimensional Bayesian Lasso linear
regression model reduces the cost of computational time and memory but sacrifices
accuracy to a certain degree. The simulation shows that the MFVB inference’s
ability to select variables is good for high-dimensional data with p > n when there

are not high correlation between predictors.
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4.A Appendix: Derivation of Algorithm 4.2.1

4.A.1 Full conditionals

Full conditional for 5, and 3

~ 92
-C 1- -
1ng(50a B|reSt) = _”y2—2ﬁH — éﬁTblockdiag [0’/30, J?D(;l} 3 + const.
O-E
where
aq 0 0
~ O a e 0
/8: BO ) C:[laX] and D, = . .2 . . )
8 : : o
0 O ap
Derivation:

p(Bo, Blrest) o< p(ylbo, B,02)p(Bla, o?)p(bo)
_ — X3l
— (QW)_n/QUQneXP{—”y 16223 &l }

62
x(2m) 2oy exp 4 — =

2
2050

- 2 1 1/2 ajﬁjg
X H(27T)_p/ 0'5_ a; GXP{—T‘_?}

j=1

Taking logarithms, we get

=18 - X810 B &b
logp(ﬁojﬁ’rest) = — 2‘752 - 20_[230 - Z TC? -+ const.

~ 2
ly=c8|” 1
202 2

J=1

BTblockdiag [0-/30, USD;I} B + const.
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Full conditional for o?

log p(co?|rest) = (—1 — A - #) logo?

1 -2
T 902 (Hy - CB| - BTDcﬁ) + const.

Deriwation:

p(oZlrest) o p(ylBo, B, 02)p(Bla, o2)p(o?)
— (27T)7n/20,7nexp {_ Hy — 160 - Xﬂ|‘2}

202
p 2
—p/2 _—1 1/2 _ajﬁj
X]]:[(Q?T) p 0. a; exp{ T"g}
B a4 —B:
XF(AE) (02) exp 2 [

Taking logarithms, we get

log p(o?|rest) = (—1 — A — b —iQ_ n) logo?

1 -9
T 952 (Hy - CB|l - ,BTDaff) + const.
Full conditional for a;, 1 <j <p

Deriwation:

plagrest) o< p(Bjlaj,02)p(a;)

a;3?
= (QW)’p/zagla;/QeXp {—J—ﬁ]}

202
2 I 2CLj
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Taking logarithms, we get

3 A
log p(a;|rest) = —3 log(a;) — =—— — % + const.

4.A.2 Optimal ¢* densities

Expressions for q*(ﬁ(]?ﬁ)’ Hq(80.8) and EQ(ﬂoﬂ)
q"(Bo, B) ~ N(Ky(50,8)> Za(50.8))s

S a(0.8) = {CT Clig1/o2) + blockdiag [(05,) ™", tg(1/02)Dug(a)) } »

and
Hq(50.8) = Ha(1/02) Zq(80,5C" Y,
where
:uq(al) 0 0
0 ,Uq(a2) 0
D,,(a) '
0 0 fiq(ap)
Deriation:
logq*(Bo, B) = Ey[logp(Bo, Blrest)]
1.1 ) 3 5
= —3f blockdiag (037" 1102 D)) B
1 ~ 9
_§“q(1/03)||y — CB||” + const.
N T _
-1
B <5 - “q(ﬁo,m) 4(60.8) (5 - Nq(ﬁo,m) + const.
Therefore,

~ T ~
¢*(Bo,B) = exp { (ﬁ - Nq(ﬁoﬂ)) 2 60) (5 B ”q(%ﬂ)) + ConSt} -
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The results then follow from definition 1.17 of the Multivariate Normal distribu-

tion.

Expressions for ¢*(02) and fi,(1/02)

q*(o2) ~ Inverse-Gamma(Ag o2y, By(s2)),

and
Ag(o2)
Hq(1/02) = Byor)’
where
p+n
Agory = 5 +4e
1
Byo2y = B.+ 5{ |y — Cypp II° +tr(CTCZys, )
T
+r(kga)q(8) Dtg(a) + Za(8)Dig(a)) }-
Derwation:

logq*(02) = E, [logp(c?|rest)]

= (—1— A= 2 i0g(02)
~ 2
2B. + E,[|ly — CB|" + B8"D,3
— + const.
202

= (—1- A= 2 og(0?)

_2Bs+ |y — Crysp II? +tr(CTCZy(4,,8))

20?2
- (g (e Piata) + Za8) Dpsy(a)
202

£

The results then follow from definition (1.23) and result (1.7) for the Inverse-
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Gamma distribution.

Expressions for ¢*(a;)

¢*(a;) ~ Inverse-Gaussian(fig(a,), A°)

and
22
Mq(a;) = .
o (Has;) + Tg(8,))Ha(1/02)
Derivation:
logq*(a;) = E,[logp(aj|rest)]
3 22 2
= 73 log(a;) — 2, ajFy, {2;&? + const.
3 A2 25y + 025 Mg(1/02
= —5 log(a;) — gj — aj alh) (12(5]) /oo + const.
Then,
2 A2 (as,) + () Hat1/o?)
¢ (a;) o a3 Pexp{ —— — a; J i
2aj 2

The results then follow from definition 1.18 for the Inverse-Gaussian distribution.
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4.A.3 Derivation of lower bound

We note that

logp(y:a) = Ellog ply, o, B, a,02) — (o, B, @, 02)]
= Ellog p(y|Bo, B,02) + 1og p(o)
+log p(Bla, 0?) + log p(a) + log p(o?)
—log q(Bo, B) — log q(o.) — log q(a)].

Firstly,
Ey{log p(y|fo, B, o2)}
n n
= —5108(2m) = S ft4010g02)
1 2
a1~ Oty [P+ 1(CTC 2y}
Secondly,

E{log p(c?) —log q(c2)}

= A.log(B.) —log I'(A;)

n-+p n-+p

_(Ae+

Nog(By(s2)) + log I'(A. +

)
n+p 1
g Hattoso?) T 5a1/en{ | Y = Ctyan ) I” +1(CT C3ys,9)

T
(g5 g3y Dgla) + Za(8) Dyg(a)) }
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Thirdly,

E.{log p(Bo) +log p(Bla,a?) —log q(BofB)}

1 9 1 2 2
= —§log(ffﬁo) - @(Nq(ﬁo) + Tg(60))
0
p+1

1
+— + 5108 Bam)|

P

D 1
~gHatloge?) T 5 D Hatoga,)
j=1

1 T
~ 5 Ha/o L () o) Dyt + Ba(e) Dys(a)) }-

= - 1 (2)+11 (\?) L +11 (27) A
= og 5 og 2Mq(logaj) 5 ogl4m 2lg(a)

Substitution of these gives the lower bound:

p+1 p—n
logp(y:q) = —5— —plog(2) +

1
log(27) — §log(a§0)

2 2
Pao) T 40 | 1 p
o) _"aBo) | 5108 Zq(s0m | + 510g(k2)

7,
+A510g<B5) - log F(AE) -
j=1 2M(I(aj)

= (AE + ”Tﬂ’) log(By(s2)) + log T (Ag + ”;p ) .
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4.B Appendix: Derivation of Algorithm 4.2.3

In Algorithm 4.2.3, the MFVB calculations for 3, 3, @ and ¢? are similar to those
in Algorithm 4.2.1. We obtain them by using

[tg1/,) to replace A2,

Therefore, I only show the derivation for a.

4.B.1 Full conditionals
Full conditional for ~

Derivation:

p(7[rest) oc p(v)Hp(ajlv)

Taking logarithms, we get:

1 p
logp(ajrest) = (—A, —p—1)logy — S (37 + Z —) + const.

4.B.2 Optimal ¢* densities

Expressions for ¢*(v) and /a4

q*(7) ~ Inverse-Gamma(Ag(y), By(y)) and fig1/,) =
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where

P
Agy) = Ay +p and By = B, + % Z Hq(1/ay)

j=1

Deriwation:

logg"(v) = Eq[logp(v|rest)]

1 b w
= (A, —p—1)logy — — (B7 + Z Ha(l/ ’)> + const.
Y -
7=1

2

The results then follow from definition (1.23) and result (1.7) for the Inverse-

Gamma distribution.

4.B.3 Derivation of lower bound

We note that

logp(y;q) = p(y,Bo.B,a,v,02) —logq(fo, B,a,v,02)}
= Ellog p(y|fo, B, 02) + log p(By) + log p(Bla,o?)
+log(aly) + log(a?) + log(7)

—log q(Bo, B) — log q(a) — log ¢(7) — log g(2)].

Firstly,

Eq{log p(y|o, B, 02)}

n n
= —5108(27) = T hq(i0g02)

1 2
—§/~bq(1/gg){|| Y- Cll’q(ﬁoﬁ) || + tT(CTCEq(Bo,B))}'
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Secondly,

E{log p(c?) —log q(c2)}
= Aglog(BE) — log F(Aa)

n-+p n—+p

—(A: + 5 Nog(By(s2)) + log I'(A. + )
n+p 1
g Hattoso2) + 511/ { | 4 = Chga ) IIP +0:(CT CZy5,9))

T
(g3 g3y Dgla) + Za8) Dyg(a)) }-

Thirdly,

Ey{log p(f) + log p(Bla,a?) —log (o)}
1 1
= —5log(03,) — 507 (ato0) F Tao0)
0
p+1

1
+T + §log|2q(50,l3)|

P
P 1
~oHa(loge?) T 5 Z Hq(loga;)

j=1

1 T
—5Ha e { () g Drsg(@) + X Dpy(a)) }-

Fourthly,

E{log p(a) —log q(a)}
p
1
= Z { —108(2) — pg(iogy) = Halogay) + §log(27r)
j=1

1 Haq(1/7)
—5log(pg/m) =5~
2 ‘1( /'Y) 2qu(1/aj) }
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Fifthly,

Eq{log p(v) —log q(7)}
= A,log(B,) —log I'(A;) + tg(og +)

— (A, + P)log(By(y)) + log I'(A, + P) + ZUQ (1/az)-

Substitution of those gives the lower bound expression:

p+1

logp(y;q) = T—plog(2)+

1

205 ('uq(ﬂo) + UQ(ﬁo))

-n 1
log(27) — élog(ago)

+%log!§3q(5o,ﬁ)! - gloguqum
+A.log(B.) —log T'(A.)
+A,log(B,) —log I'(A,)

—(A, 4+ p)log(By(y)) +log T'(A, + p)

n—+p n -+
(A + T) log(Bq(Ug)) + 10g T (A + Tp) .
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Using Infer. NET for Statistical

Analyses!

5.1 Introduction

Infer.NET (Minka et al., 2014) is a new computational framework for approxi-
mate Bayesian inference in hierarchical Bayesian models. The first beta version of
Infer.NET was released in December 2008. Infer.NET can be downloaded from
www.research.microsoft.com/infernet. At the time of this writing, the current ver-
sion of Infer.NET is 2.6 and all advice given in this article is based on that version.
Since Infer.NET is in its infancy, it is anticipated that new and improved versions
will be released quite regularly in the coming years.

Over the past 20 years, the BUGS (Bayesian inference Using Gibbs Sampling)
package has been the most popular software for the Bayesian analysis of complex
statistical models using Markov chain Monte Carlo (MCMC) methods. Infer.NET

is similar to BUGS in that both facilitate the fitting of hierarchical Bayesian models.

!This chapter is based on: Wang, S.S.J. and Wand, M.P. Using Infer.NET for statistical
analyses. The American Statistician, 65, 2 (2011), 115-126.

170
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They differ in their methods for approximate inference. BUGS uses Markov chain
Monte Carlo (MCMC) samples from the posterior distributions of parameters of
interest. Infer.NET instead uses deterministic approximation methods, known
as variational message passing (VMP) (Winn & Bishop, 2005) and expectation
propagation (EP) (Minka, 2001; Kim & Wand 2016) to approximate posterior
distributions. Deterministic approximate inference methods have the advantage of
being quite fast in comparison with the MCMC method, and they do not require
laborious convergence checks. However, they can be considerably less accurate
than MCMC with the latter having the advantage of improved accuracy through
larger samples. Infer.NET has a Gibbs sampling option, which means that it can
also perform MCMC-based approximate inference. However, this is for a much
narrower class of models compared with BUGS.

Variational message passing (VMP) is a special case of MFVB. VMP sends
messages between nodes in the Graphical model and updates posterior beliefs
using local operations at each node. Each such update increases a lower bound on
the log evidence (marginal likelihood).

Expectation propagation (EP) is a different class of deterministic approxima-
tion methods. An early reference is Minka (2001), although similar approaches
such as assumed density filtering and moment matching have a longer history. For
certain models, EP has been seen to achieve greater accuracy than VMP (e.g.
Bishop, 2006, Section 10.7.1). There are fewer models that admit EP analytic
solutions compared to VMP.

Infer.NET can be used from any of the so-called .NET languages, a family
that includes C#, C++, Visual Basic, and Iron Python. Unfortunately, however,
there are no R packages, which can provide an interface to Infer.NET and al-
low users to analyse Bayesian models by using Infer.NET in R. Hence I wrote a

tool, named InferNETSupport, to perform Infer.NET within the R environmen-
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t. In this chapter, all the model fittings were done in the R environment using
InferNETSupport.

In this chapter, we introduce the use of Infer.NET for statistical analyses via
four simple examples in Section 2. Five advanced examples are described in Section

3. Section 4 compares Infer.NET with BUGS. Section 5 presents a summary.

5.2 Simple Examples

We start with four examples involving simple Bayesian models. The first of these is
Bayesian simple linear regression. We then describe extensions to binary responses,
and to random effects. Our last example in this section is concerned with the
classical finite normal mixture fitting problem. The simplicity of the examples
allows the essential aspects of Infer.NET to be delineated more clearly.

All continuous variables are first transformed to the unit interval and weakly
informative hyperparameter choices are used. The resulting approximate posterior

densities are then back-transformed to the original units.

5.2.1 Simple linear regression
The first example is the Bayesian simple linear regression model
yi|5075177-e NN</80+BlXiaTe_1)7 1 SZ S’I’L,

607 61 ~ N<07 0-§>a (51)
7. ~ Gamma(A, B),

where A, B and 0'% are hyperparameters to be specified by the analyst. The joint

posterior density of the model parameters ¢(5o, 51, 7|y) does not have a closed
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form expression and Infer.NET will fit the product density approximation

q(Bos Br Tely) = asy (Bo)as, (B1) 4 (7e) (5.2)

or

q(Bo, Br,Tely) = 4so.p:1 (Bos B1)gr. (7e). (5.3)

Factorization (5.2) assumes the regression coefficients 5y and ; have independent
posterior densities. For the product restriction (5.2), the prior distribution for /3,

and [ are specified via:

Variable<double> betal Variable.GaussianFromMeanAndVariance
(0.0,sigsqBeta) .Named ("betal");

Variable<double> betal = Variable.GaussianFromMeanAndVariance

(0.0,sigsqBeta) .Named ("betal");

Let B = [B, £1]", where the alternative expression of model (5.1) that matches
the product restriction (5.3) is given by

yilB,7e ~ N(B"X;,77"), 1<i<n,

B~ N(0,031), (5.4)

7. ~ Gamma(A, B).

The prior for 3 is specified via:

PositiveDefiniteMatrix SigmaBeta =
PositiveDefiniteMatrix.IdentityScaledBy(2,sigsqBeta);

Variable<Vector> beta =

Variable.VectorGaussianFromMeanAndVariance/(
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new Vector(new double[]{0.0,0.0}),

SigmaBeta) .Named("beta");

We set 0?3 = 10% and A = B = 0.01 and fit the simple linear regression model for
data on the age and price of n = 39 Mitsubishi cars (Smith, 1998). Figure 5.2
shows the approximate posterior densities obtained from Infer.NET. The fitted
regression line, point-wise credible intervals and Bayesian prediction intervals are

shown in Figure 5.1.

95% credible intervals 95% prediction intervals
7 o
o
S
8 | - = [ and B, posterior independence
o —— o and B, posterior dependence
— © — o
& o 3
s - s ©
[} [}
O o S 8 4
~—~ 8 i St g
g~ g
s s 8|
o
N
o
o |
o
I3 o 4
T T T T T T T T T T
6 8 10 12 14 6 8 10 12 14
age (years) age (years)

Figure 5.1: Fitted regression line, pointwise 95% credible intervals and pointwise
95% Bayesian prediction intervals for data on the age and price of 39 Mitsubishi
cars. (source: Smith, 1998)

The error variance posterior approximation is unaffected by the type of varia-
tional Bayes restriction, but this is far from the case for the regression coefficients.
The comparisons with the accurate MCMC-based posterior approximations, giv-
en in Figure 5.2, demonstrate that variational Bayes approximation (5.3) is quite
accurate, but that variational Bayes approximation (5.2) is poor. The good per-

formance of (5.3) is to be expected for diffuse independent priors because of the
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Figure 5.2: MFVB approximate posterior density functions produced by
Infer .NET for the simple linear regression fit to the Mitsubishi car price/age data.

orthogonality between § and 7 in likelihood-based inference. However, 3, and (;
are far from orthogonal, and this affects the accuracy of (5.2). In particular, both
variational Bayes approximation (5.3) and the MCMC method lead to (for the
pre-transformed data)

COV(ﬁO? ﬁl) ~ 0927

but variational Bayes approximation 5.2 forces this value to zero, leading to poste-
rior density functions with incorrect amounts of spread and strange behaviour in
the 95% pointwise credible intervals. The prediction intervals are less affected by
the differences between (5.2) and (5.3) since the error variance posterior contribu-
tion dominates. In the following example, the regression coefficient should make a

block in the approximation factorization of the product density.

5.2.2 Binary response regression

When the response variable y; € {0, 1}, then the appropriate regression models

take the form:

P(y=1|B) = F(XB), B~ N(0,75'1)
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Figure 5.3: Pairwise scatter plots of MCMC samples and sample correlations be-
tween Sy, 41 and o2.

where F:R — (0,1) is an inverse link function. We can obtain the logistic regres-
sion model and probit regression model by choosing F' to be the logistic function
and probit function respectively. Infer.NET can accommodate both types of bi-
nary regression models by using different approximation methods.

For the logistic regression model, Infer.NET can perform logistic regression by
using the Jaakkola and Jordan (2000) trick (Result 1.18). Ormerod and Wand

(2010) also use this trick for variational approximations logistic regression. The
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logistic regression model works on the VMP method. The likelihood specification

for the logistic regression model is:

Range index = new Range(n) .Named("index");

VariableArray<bool> y = Variable.Array<bool>(index) .Named("y");

VariableArray<Vector> xvec = Variable.Array<Vector>(index) .
Named ("xvec") ;

y[index] = Variable.BernoulliFromLog0Odds (

Variable.InnerProduct(beta,xvec[index]));

For the probit regression model, we introduce auxiliary variables corresponding
to Result 1.15 of Albert and Chib (1993) to fit the probit regression. The probit
repression model uses the EP method. The likelihood specification for the probit

regression model is:

y[index] = Variable.IsPositive(
Variable.GaussianFromMeanAndVariance(

Variable.InnerProduct(beta,xvec[index]),1));
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Figure 5.4: Variational Bayes approximate posterior density functions produced
by Infer.NET (blue) and MCMC (orange) for the probit regression model fit to
the BPD data.
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Figure 5.5: Variational Bayes approximate posterior density functions produced
by Infer.NET (blue) and MCMC (orange) for the logistic regression model fit to
the BPD data.

We fit the binary response regression to the bronchopulmonary dysplasia (BPD)
data set (source: Pagano & Gauvreau, 2000). The predictor and response variable

are birthweight (grammes) and the indicator variable respectively. The hyperpa-
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rameter is set at ag = 10%. Figures 5.4 and 5.5 show the approximate posterior
density obtained from Infer.NET and MCMC for probit regression and logistic re-
gression. The fitted probability curves and pointwise 95% credible sets are shown

in Figure 5.6.

Variational Bayes logistic regression fits Variational Bayes probit regression fits
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Figure 5.6: Binary response regression fits to the bronchopulmonary dysplasia
(BPD) data using Infer.NET. The solid line is the posterior probability of BPD
for a given birthweight. The dashed lines are point-wise 95% credible sets.

5.2.3 Random intercept model

The random intercept model is a simple linear mixed model. We consider the

model:

ind.

Yii| By i, 7 ™~ N(B iy +ui, 7Y, 1<i<m, 1<j<mn,

wi = N(0,7, 1),

B~ N(0,7;'1), (5.5)
T ~ Gamma(A,, B,),

Tu ~ Gamma(A,, By),
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where y;; is the jth response measurement in the ¢th group and m is the number
of groups. The quantify n; is the number of observations in the ith group and w;
is a random intercept specific to the ¢th group.

To avoid the effect of correlations between regression coefficients, we use the

following factorization for approximate posterior density,

q8,u,rc, (;67 u, T, Tu) = d4B,u (/87 U’)QTE (TE)QTg (T€)> (56)

where u = (uy,...,un,)7 is a vector of random effect coefficients. The random

intercept model has the form:

y|67 u? TE ~ N(XB + Zu77—€71>
o2l 0
B T ~N {0, | 7
u 0 7,1 (5.7)
Ty ~ Gamma(A,, By)

7. ~ Gamma(A,, B.),

where X contains the z;; and Z = I, ® 1,, is the indicator matrix for matching
the x;;s with their corresponding u; (1 <i<m, 1< j <n).
In Infer.NET, we want to form 3 and u as a block to avoid the effect of

correlations between regression coefficients. We introduce an auxiliary variable, a,
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corresponding to Result 1.16. Then the model is given by:

y|B,u, 7. ~ N( X3+ Zu,Te_l),

o2l 0
CL|,8,U,,TU ~ N ﬂ ) f )
u 0 7,1
(5.8)
B ~ N(0,k1),
u

Ty ~ Gamma(A,, By),

T ~ Gamma(A,, B,),

where x is a hyperparameter with a very small value, and a is set to have an
observed value 0.

The input data correspond to four longitudinal orthodontic measurements on
each of m = 27 children (source: Pinheiro & Bates, 2000). The data are available in
the R computing environment (R Core Team, 2015) via the package nlme (Pinheiro
et al., 2015), in the object Orthodont. The y;; corresponds to distances from the

pituitary to the pterygomaxillary fissure (mm) and

5T37ij = fo + Bragei; + Bamale;

where age;; is the age of the child when y;; was recorded and male; is an indicator
variable for the child being male.
Figure 5.7 shows the approximate posterior density obtained from Infer.NET.

We make a transformation using 02 = 7, ! and 02 = 7, 1.
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Figure 5.7: Variational Bayes approximate posterior density functions produced
by Infer.NET (blue) and MCMC (orange) for the simple linear mixed model fit

to the orthodontic data.

5.2.4 Normal mixture model

Consider the Normal mixture density model:

k=1

7! ~ Gamma(A, B),
Mg ~ N(07 05)7

w ~ Dirichlet(x),

(5.9)

where a = (o, ...,ak), w = (w1, ...,wg ), A, B and ai are hyperparameters, and

xr;, 1 <4 < n is a univariate sample. This is the classic finite normal mixture
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problem and is the topic of an enormous amount of literature (e.g., McLachlan &
Peel, 2000). Ormerod and Wand (2010) described a MFVB algorithm for fitting
(5.9). We use Infer.NET to fit this model and choose the value of K, Section

10.2.4 of Bishop (2006), to introduce and choose K by maximizing

log p(x; q) + log(K!).

Here log p(z;q) is the MFVB approximation to the marginal log-likelihood. The
log(K!) term accounts for the K! configurations of (wy, g, 7%) that give rise to the
same normal mixture density function. We choose K € == {1,2,..., K;us }-

We use Infer.NET to fit a finite normal mixture to the data on the eruption
durations of a geyser. The geyser data are available in R via the MASS package
(Venables & Ripley, 2002), in the data frame entitled geyser. The hyperparameter
are set at A= B =0.01, a = (1,1,...,1) and o7, = 10°.

Infer.NET can compute logp(z; q) by creating a mixture of the current model
with an empty model. The learnt mixing weight is then the marginal log-likelihood.
Further details on this trick are given in the Infer.NET user guide, where the term
model evidence is used for p(r;q). We first need to set up an auxiliary Bernoulli

variable as follows:

Variable<bool> auxML = Variable.Bernoulli(0.5) .Named("auxML");

The code for the normal mixture fitting is then given by:

IfBlock model = Variable.If(auxML);

and

model.CloseBlock();

The quantify log p(z; ) is then obtained from:



Chapter 5 184

double marginalloglikelihood =

engine.Infer<Bernoulli>(auxML) .Log0dds;

100
|

marg. log-lik. + log(K!)
50
1

1.0

0.8

density
0.6

0.4

0.2

0.0

1 2 3 4 5

geyser eruption time (minutes)

Figure 5.8: Upper panel: log p(x;q) + log(K!) versus K, where K is the number
of components in the normal mixture fit to the transformed geyser duration data.
Lower panel: fitted normal mixture density for X = 3 (the K that maximizes the
criterion of the upper panel plot). The dashed curves correspond to pointwise 95%
credible sets.

Note that K = 3 maximizes log p(x; ¢) + log(K'!), as shown in the upper panel
of Figure 5.8. The lower panel shows the K = 3 Infer.NET fit. Also shown are
95% pointwise credible sets based on Monte Carlo samples of size 10000 from the

approximate posterior distributions.
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5.3 Advanced Examples

In this section, we describe some advanced examples that illustrate the capabilities
of Infer.NET for more challenging data analyses. Some complex models with non-

conjugate priors will be considered.

5.3.1 Normal additive model with Half-Cauchy prior

A three-predictor Normal additive model is

yi = Bo + fi(wu) + fo(@a) + f3(s3:) + &4,
&q N(OvTa_l)’

(5.10)

where, for 1 < ¢ < n, the y; are measurements on a continuous response variable
and (1,, oy, 3;) are triples containing measurements on three continuous predictor
variables. We will model each of the f;(-) using low-rank smoothing splines with

a mixed model representation:

K
filx) = Bix 4+ ujpzin(x),
k=1
Ujp ~ N(07 7-1;1)7

where zj;, 1 < k < K, are O’Sullivan penalised spline basis functions (Wand &
Ormerod, 2008) over z;. The vector u; = (uy 4, ..., ux ;)" is a random effect vector
with its elements having independent normal distributions. In the last section,
we use an Inverse Gamma distribution as a prior density for the random effects
variance. In this section, we use Half-Cauchy distribution (Gelman, 2006) as the

prior distribution for the standard deviation of the random effects. Then, the Half
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Cauchy distribution is given by
’l'u_jl ~ Half-Cauchy(A),

where A > 0 is a hyperparameter. We introduce an auxiliary vector a = (ay, as, az)”

corresponding to Result 1.5, such that:
Tu;la; ~ Gamma(1/2,a;) and a; ~ Gamma(1/2,1/A%),
where 1 < 7 < 3. The full model with auxiliary variables is then:

y|B,u, 77" ~ N(XB + Zu, 7' 1),
I 0 0
’U,|’7'1,7'277'3NN O, 0 T;lI 0 )

0 0 n'I
B0 021) (5.11)
» Y B4 )

7. ~ Gamma(A., B.),
rusla; ~ Gammal(1/2,a;), 1<j <3,

a; ~ Gamma(1/2,1/A?),

where

X = [1 21 09 T3] 1<i<n

and

Z = [Zlk(xlz’) | sz(xm‘) | Z3k(x3i>]1§i§n
1<k<K; 1<k<K, 1<k<Kj3
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Figure 5.9: Variational Bayes additive model fits as produced by Infer.NET for the
California ozone data. The dashed curves correspond to point-wise 95% credible
sets.

We fit this model to variables in the Ozone data frame in the R package m1bench
(Leisch & Dimitriadou, 2009). The response variable is daily maximum ozone
level and the predictor variables are the inversion base height (feet), pressure
gradient to the town of Daggett (mm Hg), and inversion base temperature (degrees
Fahrenheit) at Los Angeles International Airport. All variables were transformed
to the unit interval for Infer.NET fitting and the hyperparameters were fixed at
aé =10%, A, = 0.01, B. = 0.01, A = 25.

The fitted curves in Figure 5.9 shows interesting non-linear effects. Note that
the convergence speed of the Normal additive model with the half-Cauchy prior is

remarkably slower than with the Inverse-Gamma prior using Infer.NET.

5.3.2 Generalized logistic additive model
Infer.NET can fit the logistic regression model and the Normal additive model.

In this section, we illustrates binary response regression through the model:

y; ~ Bernoulli{logistic(8y + 121 + Boxai + 323
+ f(@a) + f(@5) + f(261)), }
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where, for 1 < ¢ < n, the y; are measurements on a binary response variable, and
xj, 1 < j <6, are six predictor variables. The effect of the variables x;, z and
xg are linear; the effect of variables x4, x5 and x¢ are non-linear. We will model
each of the f,(-), 1 < ¢ < 3, using low-rank smoothing splines with mixed model

representation. The binary response logistic additive model is given by

y|3, u, ~ Bernoulli (logit_l (XB+ Zu)) ,
L0 0
W Ty Tugy Tus ~ N | 0, 0 7-u—21[ 0 ,
0 0
B ~ N(0, O'é[),

7. /2 ~ Half-Cauchy(A), 1< j <3,

Uj

where the X and Z are defined as in the previous section. A and ag are hy-
perparameters. We introduce an auxiliary vector a = (ay, as, az)’ corresponding
to Result 1.5 and an auxiliary vector ¢ corresponding to Result 1.16. Then, the

actual model implemented in Infer.NET is:

y|3, u, ~ Bernoulli (logistic (X3 + Zu)),

1
T, 1 0
a‘ﬁ? u7 Tu ~ N IB 7 B Y
u 0 diag(t;!)
Al N(0,x71T),
u

T“j‘aj ~ Gamma(1/27aj>7 1<j5<3,

a; ~ Gamma(1/2,1/A?),
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where a is set as an observed value 0, and 7' = (7', 7.}, 7..))". We use the

union membership data set (Ruppert, Wand & Carroll, 2003).
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Figure 5.10: Variational Bayesian logistic additive model fits by Infer.NET for the
union membership data. The dashed curves correspond to point-wise 95% credible
sets.

The response is the indicator of union membership (union). The predictor
variables are: race (indicator of white race); gender (indicator of female); south
(indicator of living in southern region of the U.S.); wages (wages in dollars/ hour);
age (age in years); ed (number of years of education). The first three variables
(race, gender, and south) are all indicators, so they were modeled with linear
effects. The effects of the last three (wages, age, and ed) were modeled nonpara-
metrically using splines. The hyperparameters were set at 753 = 10719, A = 25,
and k = 107!, while the number of MFVB iterations was fixed at 100. Figure
5.10 illustrates that there is good agreement between the results from Infer.NET

and the MCMC method.

5.3.3 Bayesian Lasso regression

In Chapter 4, we fit the Bayesian Lasso mode using the MFVB method with an

auxiliary variables @ = (a1, as, ..., a,)” corresponding to Result 1.9. The full model



Chapter 5 190

with auxiliary variables is:

Yy~ N<1n50 + XIB’ Ino-z)a

60 ~ N(O,O'EO),

2
Ua i
Bilaj ~ N0, =) j=1.2,....p, (5.12)

J
/\2
(lj ~ IG(l, ?>,

o? ~1G(A,, B.),

where the prior and posterior distributions for the auxiliary variable a; are both
Inverse-Gaussian distributions. Therefore, there are not conjugate distributions
for variable a;, and Infer.NET is not able to handle those models. We introduce
the auxiliary variables b = (by, b, ..., b,)T corresponding to Result 1.17. The full

model with auxiliary variables is then:

y~ N(1,6y+ XB,7.'1,),
60 ~ N(OvTﬁT)IL

Bj‘a]‘ i’n\% N(O,Tﬁlajil), j = 1,2,...,]9,

£

(5.13)
a;|b; ~ Gamma(M, Mb;),

2
bj ~ Gamma(l, ?),

7. ~ Gamma/(A,, B;).
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After introducing an auxiliary vector, o, corresponding to Result 1.16, the actual

model fitted in Infer.NET is:

Yy~ N<1nﬁ0 + XﬁaTglIn)v

! 0
a|607/6a a’aTg_l NN 50 ) o )
16, 0 7. 'diag(a)
Bo _
5 ~ N(0,s7'T), (5.14)

ajlb; ~ Gamma(M, Mb;), j=1,2,...,p,
2
bj ~ Gamma(l,?),

7. ~ Gamma(A., B.),

where o is set to have observed value 0. We use M = 100, k = 1071, A, = B. =
0.01 and 75" = 1071,

We illustrate Lasso model fitting in Infer.NET using same diabetes data (Efron
et al., 2004; Park & Casella, 2008). The sample size is n = 442 and the number
of predictor variables is p = 10. The response variable is a continuous index of
disease progression one year after baseline. and the predictor variables include age
(age), sex (sex), body mass index (bmi), average blood pressure (map) and six
blood serum measurements (tc, 1dl, hdl, tch, ltg and glu).

Figure 5.11 compares Infer.NET Lasso estimates with estimates from the or-
dinary Lasso. The left panel shows the paths of estimates as a function of their
¢ norm relative to the ¢; norm of the least squares estimate. The right panel
shows the paths of posterior mean estimates using Infer.NET. The paths of the
Infer.NET Lasso estimates are similar in shape to the ordinary Lasso paths, but
the paths of the Infer.NET Lasso estimates are smoother.

Similarly to work in chapter 4, we can choose a prior distribution 7(\) for A
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Figure 5.11: The trace plots of the original Lasso and Infer.NET Lasso for esti-

mates of the diabetes data regression parameters.

with a uninformative hyperparameter. The actual adjusted Bayesian Lasso model

in Infer .NET is:

Yy~ N<1n50 + XﬁngilIn%

—1
T
a|507/8a a’aTg_l ~ N 50 ) o
B 0
ol N(0,x711),
B

ajlb; ~ Gamma(M, Mb;), j=1,2,...

)\2
b;]A* ~ Gamma(1, ?),

7. ~ Gamma(A., B.),

)\2 ~ Gamma(A)\, B)\)

(5.15)
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Figure 5.12: Bayes approximate posterior density functions produced by MFVB
inference using Infer.NET (blue) and MCMC (orange) for fitting model (5.15) to

the diabetes data set.
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We use M = 100, k = 1071°, A, = B. = 0.01, Ay = By = 0.01 and 7' =
1071°. The approximate posterior density functions computed in model (5.15) by
using Infer.NET and MCMC for diabetes data are shown in Figure 5.12. Good

to excellent accuracy of MFVB inference is apparent for all posterior densities.

5.3.4 Robust nonparametric regression based on the

t-distribution

Assuming that the response variable has a t-distribution is a popular model-based
approach for robust regression. Wand et al. (2011) presented an MFVB algorithm
for fitting Bayesian t-distribution model to a univariate random sample. In this
section, we illustrates robust nonparametric regression based on the ¢-distribution.
We consider a penalized spline mixed model approach to nonparametric regression

using the t-distribution (Staudenmayer et al., 2009):

yi ~ t(Bo + Brxi + fx:), 721 v), (5.16)

p(v) discrete on a finite set =,

where the f(-) is a low-rank smoothing spline with mixed model representation
as in previous examples, and v is a discrete distribution. Wand et al. (2011)
extended an ordinary MFVB method to discrete distribution. Since variational
message passing is a special case of MFVB, Infer.NET can fit Model 5.16 using
structured MFVB (Saul & Jordan, 1996). First, Model 5.16 can be fitted by using
Infer.NET for each v € =. Next, the results of each of these fits are combined.
Because the t-distribution is not supported by Infer.NET, we introduce an

auxiliary vector a = (ay, as, ..., a,)’ corresponding to Result 1.10 to deal with the
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t-distribution, such that:

yla ~ N(O,a_lT_l) and a ~ Gamma(g, g)a

L)

Similarly to the previous example, we introduce an auxiliary vector, a, corre-

implies y ~ t(z, 7~

sponding to Result 1.16 to handle the 3 and w. The prior distribution for v was
set to be a discrete uniform distribution between 0.5 to 10 on the set =, and the
interval was set to be 0.1. For each v € Z, the actual model fitted in Infer.NET
is:

y|B,u,a, 7" ~ N(XB+ Zu, 7 *diag(a™)),

a; ~ Gamma(v/2,v/2), 1 <i<mn,

;' 0
a‘ﬁ? u’ Tu ~ N IB ) /8 ?
u 0 r,'1
(5.17)
o ~ N(0,k71),
u

Tu ~ Gamma(A,, B,),

7. ~ Gamma(A., B.),
where Z and X are defined as in the previous examples. We set ac as an observed
value 0, and set K = 107°, A, = B, = 0.01, A, = B, = 0.01 and T[;Ol = 10710 as

the values of the hyperparameters.
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Next, for v € =, the approximate posterior densities are obtained from:

. p(v)p(ylv)
q(v) = >esP(W)p(ylv')?
v)q(B, ul|v),

v)q(Tulv),
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Figure 5.13: The robust nonparametric regression model (5.17) fits to the respi-
ratory experiment data using structured mean field variational Bayesian, based
on Infer.NET, and MCMC. Left: Posterior mean and pointwise 95% credible sets
for the regression function. Right: Approximate posterior mass for the degrees of
freedom parameter v.

Figure 5.13 shows the results of the structured MFVB analysis from Infer.NET
fitting of 5.17 to a data set on a respiratory experiment (Staudenmayer et al., 2009).
The log-adjusted response, y, is the log of a subject’s response for the experiment
minus her mean response at baseline, and x is equal to the time in seconds. The
right panel of Figure 5.13 shows the fitted curve and pointwise 95% credible sets
by using the MCMC method and Infer.NET. The Infer.NET fits and pointwise
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95% credible sets are quite close to those obtained by using the MCMC method.
The approximate posterior function of v is in the right-hand panel of Figure 5.13.
There is good agreement between the results of the Infer.net and those of the

MCMC approach.

5.4 Timing Comparison

Table 5.1 shows the relative computing times for the examples in this chapter using
Infer.NET and the MCMC method. In this table, we report the time elapsed
(and standard error) of the computing times over 100 runs with the number of
Infer.NET iterations set to 100 and the MCMC sample with 10,000 burn-in and
10,000 regular iterations. This was sufficient for convergence in these particular
examples. Table 5.1 reveals that Infer.NET is considerably faster than BUGS for
most of the examples. This is particularly the case for some advanced examples,
where the computing times are reduced from minutes to seconds when going from
BUGS to Infer.NET. The slowness of the robust nonparametric regression fit is
mainly explained by the multiple calls to Infer.NET, corresponding to the degrees

of freedom grid.

5.5 Discussion

In this chapter, eight examples were used to illustrate various types of statistical
regression model analysis via Infer.NET. Most example show that the inference by
Infer.NET is quite accurate. The first two panels of Figure 5.2 show that the pos-
terior density functions produced by Infer.NET can be overly narrow for stringent
product density restrictions. By adding the auxiliary variable, ¢-distribution and

Laplace distribution can also be fitted by Infer.NET, and there is good agreement
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Chapter 5
regression time in seconds time in seconds
model for Infer .NET for MCMC
Simple linear 0.05 (0.01) 0.18 (0.01)
Simple logistic 0.06 (0.01) 2.98 (0.03)
Simple probit 0.03 (0.01) 1.56 (0.02)
Random intercept 2.15 (0.01) 1.34 (0.03)
Normal mixture 11.2 (0.01) 25.5 (0.04)
Normal additive 7.59 (0.01) 2226 (1.03)
Logistic additive 8.56 (0.01) 5682 (1.74)
Bayesian Lasso 0.11 (0.02) 583 (1.02)
Robust nonparametric 90.8 (0.03) 23.7 (0.02)

Table 5.1: Average (standard errors) run times in seconds over 100 runs of the

methods for each of the examples in Chapter 5.

between Infer.NET and the MCMC method for those models.

Infer.NET is inherently inaccurate since it relies on deterministic approxima-
tion methods. Our examples demonstrate that Infer.NET can be use to fit some
part of current popular statistical models. Some useful distributions and models
cannot be defined in the current version of Infer.NET. We hope that this chapter

will lead to useful discourse on the confluence between Infer.NET and statistical

analyses.
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Asymptotic Normality and Valid

Inference for Gaussian Variational

Approximation?

6.1 Introduction

The generalized linear mixed models (GLMMSs) are an extension to the generalized
linear model in which the linear predictor contains random effects in addition to
the usual fixed effects (Williams, 1982; Breslow, 1984; Zeger, Liang and Albert,
1988). Maximum likelihood estimation for GLMMs always involves complicated
problems; including irreducible high-dimensional integrals. Bayesian inference can
be used to avoid the numerical integration by obtaining the posterior distribution
using the MCMC method (Zeger and Karim, 1991). However, there are significant
drawbacks involving time and computational costs. Breslow and Clayton (1993)

presented an approximation method based on the marginal quasi-likelihood using

!This chapter is based on: Hall, P., Pham, T., Wand, M.P. and Wang, S.S.J. Asymptotic
Normality and Valid Inference for Gaussian Variational Approximation. The Annals of Statistics,
(2011), 39, 2502-2532.
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Laplace’s method.

Recently, Hall, Ormerod and Wand (2011) and Ormerod and Wand (2012)
extended variational approximation technology to statistical settings, and intro-
duced a frequentist, rather than Bayesian, inference for GLMMs. This approach
was named as Gaussian variational approximation (GVA), which involves mini-
mum Kullback-Liebler divergence from a family of Gaussian densities. Ormerod
and Wand (2012) presented the algorithm of GVA for GLMMs and showed the
GVA to be quite accurate for n ~ 5, where n is the number of repeated measures in
each group. Hall et al. (2011) proved consistency of the variational approximate
estimators and established the rate of consistency of GVA for a simple Poisson
mixed model, i.e. the Poisson mixed model with a single predictor variable and
random intercept. Those theories pointed out that there exits the bounds for GVA
estimators and a consistency rate of m~'/24+n~!, where m is the number of groups
and n is number of observations in each group.

In this chapter, we improve upon Hall et al. (2011)’s results for the simplest
Poisson mixed model, i.e. the Poisson mixed model with a constant and a random
intercept, and obtain the asymptotic distributions of the estimators. The results
show that the estimators are asymptotically normal, have negligible bias and that

their constant parameter and variances decay at least as fast as m™*

, Where m is
the number of groups. Ormerod and Wand (2012) give the details about point
estimators for each parameter. Using the asymptotic normality result, confidence
intervals for all model parameters can be obtained directly, without any numerical
integration or MCMC simulation.

Section 2 describes the simplest Poisson mixed model and GVA. Section 3 intro-
duces an asymptotic normality theorem. In Section 4, we discuss the implications

for valid inference and perform some numerical evaluations. The proof is attached

in the Appendix.
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6.2 (Gaussian Variational Approximation for the

Simple Poisson Mixed Model

The simplest Poisson mixed model is a simple GLMM where the fixed effect is a
constant and the random effects correspond to a random intercept. The responses
conditional on the random effects, are assumed to be Poisson. The simplest Poisson

mixed model is:

v;;|U; independent Poisson with mean exp(/5y + U;) (6.1
6.1
U; independent N(0,0?)

The observed data y;;, 1 <7 < m, 1 < j < n, are non-negative integers, where
typically m > n. The quantify U; is unobserved latent variables for ith group.
The log likelihood function for the simplest Poisson mixed model (6.1) is given by:

(o) = o [ tlon U 00 )
= Z Z Boyi; — log(ysy) — 51082(27” ) (6.2)
m n 2
+ Zlog/exp {Z (4 Us) — ™0 — %} du;,
i=1 j=1
where Y = (Y11, -, Y1n, s Ymn) . and U = (U, ..., U,,)T. The maximum likelihood

estimates of B, and o? are:

(BO,QQ) = arg max {(f3y, 0?).

B fo,0?

The intractable integrals in (6.2) impede maximum likelihood estimation. The

GVA specifies that the density function of U; is a Gaussian density function with
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mean p; and variance ); (Ormerod & Wand, 2012). The integral term of 6.2 for

each 7, 1 <17 < m, can be re-written as:

n 2
log/exp {Z (yi;Us) — el — %} dU;

j=1
n (27 );) M %ex {(Ul ) }
U? p
=log / exp Y (yiUi) — et — - e Lo, (6.3)
= (27 \;) 1/Qexp{ s ’“ }

1 - U7 (Uz' — pi)?
— Bo+U; 3
=— §log(27r/\¢) + logEy, |exp { g (y;;U;) — et — P 2—)\1 .

Jj=1

The lower bound of the expected term in (6.3) can be obtained using Jensen’s

inequality. It is given by

- U (U= )
Bo+U; ) ? %
IOgEUi exXp {; (szUz> — € 0+ — ; — T
. W 2 (6.4)
1y = Pt _ P Ui T H)
- ; (i) =< o? 2 ] |
Then the lower bound of the likelihood function (6.2) is given by:
g(ﬁ(bo- ) > (ﬁ()? o, K, )7
where g = (1, .o i), A = (A1, ..., A\m), and
£(Bo, 0%, 1, A) = Z Z {3 (Bo + ) — 122 —og(yy) }
= izl - (6.5)
by (M?JF)\)——lOg ZlOg
i=1

In the GVA, the lower bound of the likelihood function, £(8y, o2, ., A), is used
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to approximate the likelihood function £(3y, c?). The GVA of 3y and o? are:

(&, %) = (Bo, 0*) component of a;rg Qmaxﬁ(ﬂg,az,u,)\).
0,0 7”’7>‘

The algorithm for GVA estimation is presented in Ormerod and Wand (2012).

6.3 Asymptotic Normality Results.

Our upcoming theorem relies on the following assumptions:
(1) m = m(n) diverges to infinity with n, such that n/m — 0 as n — oc;
(2) for a constant C' > 0, m = O(n®) as m and n diverge.

The precise asymptotic behavior of & and o2 is conveyed by:

Theorem 6.1. Assume that conditions (1) and (2) hold. Then:
EO — By =m 2Ny + 0,(n" + m™/?), (6.6)
where the random variable Ny is normal N(0, (6%)°);

G2 — (0 =m V2N, +o,(nt 4+ m7Y?), (6.7)

where the random variable Ny is normal N(0,2{(c?)}?).
Theorem 6.1 implies:
e GVA estimators, E 0 and &2, have asymptotically normal distributions;

e The bias of GVA estimators is 0,(n~! + m~'/2), which can be ignored as m

and n diverge;
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-1/2

. = ~92 . . .
e GVA estimators, 3 0 and ¢”, have variances of size m™"/%, as m and n diverge;

. > ~2 . . .
e the variance of ﬁo and ¢” can be decreased by increasing the group size m.

6.4 Asymptotically Valid Inference

Theorem 6.1 implies that E 0 and &° follow asymptotically normal distributions
and converge to the true parameter values, 3] and (62)°. Therefore, we can obtain

the following approximate 100(1 — a)% confidence intervals for 30 and (o?)°:

27y m (6.8)

where ®(-) denotes the cumulative distribution function of the standard normal
distribution. These confidence intervals are asymptotically valid since they involve
studentization based on consistent estimators of all unknown quantities.

We ran a simulation study to evaluate the coverage properties of the Gaussian
variational approximate confidence intervals (6.8). The true parameter vector

(80, (62)°)T was taken to vary over the four members of the following set:
{(2,1), (—0.02,0.5), (0.5,2), (1,0.09)}

The number of observations in each group, n, varied over 10, 20,..., 100 with
the number of groups, m, fixed at n? throughout the study. For each simulation
scenario, we generated 1000 samples and computed 95% confidence intervals based

on (6.8).
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n

Figure 6.1: Actual coverage percentage of nominally 95% Gaussian variational
approximate confidence intervals for the parameters in the simplest Poisson mixed
model. The percentages are based on 500 replications. The values of n are 10,
20,...,100. The value of m is fixed at m = n?.

Figure 6.1 shows the actual coverage percentages for the nominally 95% con-
fidence intervals. In the case of 30 for each simulation, the actual and nominal
percentages are seen to have very good agreement, even for (m, n) = (100, 10).
The actual coverage is close to 95% within 5% of the nominal level. For (02)°,
we get very good agreement between the actual and nominal percentages for the
first three simulations. For the fourth simulation, we see that n > 30 is required

to get the actual coverage above 90%, that is, within 5% of the nominal level.
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The similarity of the actual coverage of 8) and (02)° is in keeping with the same

convergence rate apparent from Theorem 6.1.

6.5 Discussion

We derived the asymptotic distributional behavior of GVA estimators of the pa-
rameters for the simplest Poisson model. The simulation result showed that GVA
confidence intervals possess a excellent coverage properties. Nextly, Hall, Pham,
Wand and Wang (2011) have derived the precise asymptotic distributional behav-
ior of Gaussian variational approximate estimators of the parameters in a single-
predictor Poisson mixed model. The main barriers is doing further detailed theory
of GVA, if we want to use the GVA methods to deal with a complex regression

model.
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6.A Appendix: Proof

Notation

Write 8 and (02)Y to denote the true values of the parameters in model (6.1), and
E 0 and &2 to denote their respective Gaussian variational approximate estimators.

The definitions of the Oy, k= 1,2,...,6, are in Table 6.1.

Notation Meaning

Op(m_l/2 + n_l)

w N

), uniformly in 1 § i g m, for each € > 0
O,(m~' +n==3/2) for each £ > 0
O, {(m=t 4+ n=1/2)3n}, for each € > 0

LSO00000

=)

Table 6.1: Definitions of the O() notation used in the proofs.

Expression of estimators

Firstly, we obtain the GVA estimators. We derive the lower bound of the likelihood

function (6.5), and get:

3

(50>86,H, ) o Zm: {yij _ 650+Mi+>\i/2} :
0

i=1 j=1
(ﬁ()? o7, K, ) _ 1 - 2 ) ﬂ
o2 ~ 2(02)2 ; {wi + A} - 952"

(ﬁ()a o, |, ) - Botii+Ai/2 Hi
Opti = 2wy e,

Jj=1

(607 07, K, ) _ EBBO+“i+)‘i/2_L+ 1
N, 2 202 2N,
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Then, the GVA estimators are E , and 5’ subject to:

Z {yij — exp <§0+Ei+zi/2>} =0
> AT A} et =0

Therefore,

We define:
1 [,
exp((;) = exp(=fy — Us) <ﬁ D yi— %) :
j=1 ne
and write (6.11) as:

exp (B, + 1, +A,/2) = exp (8 + Ui + G

Approximate formulae for U; and ),

The convergence in probability of n implies

1 n
Ejzlyij_E

j=1

1 — 1 —
—§ Ll =0 \Y —§ , — 0.
- 2 yJ] b ar (n y]> as n 0



Chapter 6 209

Here we use the Theorem 14.4-1 in Bishop, Fienberg and Holland (2007).
Let U; ~ N(0,(0?)") and m = O(n®). From the properties of extrema of

Gaussian variables, we get
max1§i§m|Ui| = Op {(10g n)l/Q} .

Then maxi<;<,,|exp(U;)| = O(n®) for any £ > 0. Therefore,
1 0
j=1

Then (6.11) implies

S i
(1+ Oexp (8 + Ui) = exp (B, + 7, +A,/2) + =5

Using Theorem 4 of Hall, Ormerod and Wand (2011),

~

B —B,= 0w,

and so we get

-~

R i,
1+0 Us) = exp (L, +A;/2) + ——"5. o
(1+ Og))exp (U;) = exp (Hz Aif ) n exp(f)a” o

Theorem 2 of Hall, Ormerod and Wand (2011) indicate that
Ei < §2 Z Yis-
j=1
Then, (6.13) implies

(14 Op))exp (U) = exp (7, +1,/2)
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and, taking logarithms,

Xi + 0(2). (6.14)

Next, we also use Theorem 4 of Hall, Ormerod and Wand (2011) and substitute
(6.14) into (6.12), and get

1

2= (140p) {n exp(B)+ U} .

Therefore,

A= {nexp(B) +U)} " + 0. (6.15)

Initial approximations to E 0 I

Note, taking logarithms of both sides of
exXp (Eo +Ei + 2z/2> = eXp (58 +U; + Cz) )

we obtain

§0+Ei+2i/2:58+Ui+Q- (6.16)

Combining (6.16) for 1 < i < m, we obtain
B,— B = lZ{UﬁQ—ﬁ.—X./Q}. (6.17)
2o m [ad [AY)

Using (6.15), we obtain

2 1 & 1 & _
By~ By = m Z; {Ui+ G} - o Z {nexp(8) +U:)} Ly Oy. (6.18)
i= i=1
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Using Elexp(—U)] = exp {3(c?)?}, we obtain

m —1
Eo_ :%Z Ui+ G) — {Znexp(ﬁo——( )0)} + O).

Approximation to (;

From the 2nd order Taylor’s Formula for exp(@ O), we obtain,

By = |1+ (B = ) + 50, - )| exp(38) + 0

Define

where §; = Oy from (6.14). Then, the left-hand side of (6.11) is equal to

|q23||p>

Zym neXP(ﬁ +7. +A/2>

7=1
- Ui+5i_%Xi

IR

j=1

g

—-n exp(g Yexp(U; + 6;)
U; + 6; — )\

= Zym A

~ 1
—n exp(ﬁ Yexp(U;) (1 + 6; + 5(512 + Ow)
2

0; — )
:Zym b

Y {1+(ﬁ )+ 5By~ B exp(4))

XeXp(Ui)(l + 5@ —|— 553 + 0(4)) —|— TLO(G,).
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Next define
A= Zyij —n exp(fy + Ui),

=1
and

xi=nl(B, — 68+ 58, ~ B lexp(58).

Then, (6.11) implies

A= SR (5 207 + O exp(A)exp(U)

1
= xi(1+6+ 553 + Oy)exp(U;) + nOg).

Therefore,

1 [n exp(B39) + xi] exp(Ui)

2" [n exp(B8) + xi] exp(Us) + (@°)
A; — x; exp(U;) — (6°)H(U; — Xz)
[n exp(59) + xi] exp(Ui) + (@°)

Y

+ 0(6) + 0(4).

This implies

Ai — Xi eXP(Uz‘)
5 = +0
[ exp(B9) + xi] exp(Uy) Y

= {n exp(ﬁg)}_1 exp(—U;)[A; — xiexp(Us)] — <§0 — B9) + O).
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Therefore, we deduce that

L= Ui+6 - %Xi
= U — % {n exp(B+ U}
+{n exp(8)} " exp(—Ui)[A; — x: exp(U)] — (B, — 83) + Og)
= Ui+ {nexp(8)} " exp(—Ui)[A; — x; exp(Uy)]

—(B, - B) + O

=)
I

Defining U = Eo — 3, we obtain
p,=U+ U+ {n exp(ﬁg)}fl exp(—U;)[A; — xi exp(U;)] + Ogg). (6.19)

Combing the definition of (; and (6.19), we obtain

1 & I
L+ G+ = exp{-F - Ui} (ﬁ > i — ?) + O

j=1

= exp{-8) - U;} (% Zyij —exp{A + U@}>

N exp(—=U;)[A; — x; exp(U;)] }
n exp(/3)

Fexp{—f — U} (ng?)" {U n

—i—exp{—ﬁg — Ui}(nQQ)’lUi + 1+ Oy.

Therefore,
G+ ¢ =n"rexp{—B) — Ui}[A; — (8°)'Ui] + O
and

G = nlexp{—8 — U}[A, — () 'U}]
—%nQexp{—Qﬁg — 2Ui}Af + O).



Chapter 6

214

Final approximations to Eo — 58

Note,

% Z G =n"texp(—B))E {exp(~U))[A; — (%) 'Ui] }

- Toi?exp(—%g)E [exp(—2U7)A7] + Op(n~")
= {Qn exp(ﬁo — %(0‘2)0)} + Op(n_l)'

Combining (6.20) and (6.18), we obtain,
~ 1 & B B
B~ LS o

Result (6.6) of Theorem 6.1 is a direct consequence of (6.21).

Final approximations to 5° — (¢))

Using (6.16), we get:

B —§0+Ui+9 —2,/2
= U+ ¢ — {2n exp(B) + Uz‘)}_l

_% d AU+ G+ % > {n exp(fy — %(02)0)}_

i=1 =1

=)
I

(6.20)

(6.21)
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Taking the squares and adding them together, we get.

1 m
i

2
i

=)

1
m

S (U600 622)
1 m 0 1 _ —
—EZ{[TL exp(8y + U;)] (Ui+Ci—U_C)}+O(5)
i=1

Combining (6.10), (6.15) and (6.22), we obtain

# e >0
_ %i (U + ¢ — U—E)ﬁ%i{n exp()+ Uy}
_ %i{[n exp(B + U]~ (Ui + ¢ —Z_J—f)} + O
- (6.23)
- %;(UﬁrQ—U—OQ
- {n exp (53 - %<a2>°) }_1 (1+(0%)°) + O
— %i U? + % i@? + % i UiGi — con™ " (14 (0%)°) 4+ Ogs),
P pa pa
where

o oo (- )}
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Note,
1 m
—> ¢
m “
=1
1 — _
i=1
. ) 2 1 (6.24)
= EE [exp(—2ﬁ0 — 2Ui)Ai] +o0,(n"")
1
— EE [exp(—ﬁg — UZ)] +o0,(n71)
=con '+ Op(n_l),
and
1 m
—> UG
m <
=1
1 - 2 0
= T n(e?) ; Uiexp(—y — U;)
1 m
—~ Uiexp(—B — U)A? + 0,(n 1)
2mn? ; g (6.25)
_exp(—58

(o2 )E [UZexp(—=U;)] + 0p(n)

~frew (%-300) ) (1+50) v o0

Combining (6.23), (6.24) and (6.25), we obtain

1 m
~2 2 —-1/2 -1
= E U: @)
a mi 1 i + p(m +n ),
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which implies
N 1 &
5> = (0°)° = => {U} = (")} + Op(m™* +n7). (6.26)

=1

Result (6.7) of Theorem 6.1 is a direct consequence of (6.26).
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A New Mean Field Variational

Bayes Inference Machine

7.1 Introduction

BUGS (Bayesian inference Using Gibbs Sampling) is a well-known Bayesian in-
ference software package. The BUGS user specifies a statistical model by simply
stating the distributional relationships between variables. The software then de-
termines an appropriate MCMC scheme for the specified model. BUGS includes
two main versions, namely WinBUGS (Lunn, Thomas, Best & Spiegelhalter, 2000)
and OpenBUGS. WinBUGS controls the Bayesian analysis by standard ‘point-and-
click’ operations. Many researchers from the statistical community are familiar
with OpenBUGS because it can run in other statistical environments, such as R and
SAS. The R package BRugs provides an interface to OpenBUGS and allows fitting
and inference for Bayesian models using MCMC techniques in R.

In the wake of developments in Bayesian inference for graphical models, a new
computational framework for approximate Bayesian inference, Infer.NET, was

launched (Minka et al., 2014). Infer.NET performs Bayesian inference by using

218
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deterministic approximations methods: MFVB and expectation propagation. We
showed how to using Infer.NET to deal with statistical models in Chapter 5.
Although a link tools, InferNETSupport, was coded to perform Infer.NET within
the R environment, there is an difficulty for users in the statistical community in
that they have to learn new programing languages, the so-called .NET languages.

In this chapter, I introduce a new R function, InferMachine(), which can
perform MFVB by using the same model specification syntax that BUGS uses.
Currently, InferMachine () only support the Gaussian and binary response models
with specific distributional forms. However, the principle applies to a much larger

class of models.

7.2 User Manual for InferMachine()

The R function InferMachine () reads BUGS model files and input data and per-
forms the MFVB inference. In this section, I will introduce the function’s usage,

arguments and output value. The manual page for InferMachine() is:

Usage

InferMachine(modelFile, data, numlIter)

Arguments

modelFile:
a character string giving the pathname of the model file that

specifies the BUGS model structure.

data:
a list including name-value pairs. The name specifies the name

of any hyperparameters or input data in the BUGS model
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structure file, and the value specifies the corresponding

value of any hyperparameters or input data.
numIter:

the number of mean field variational Bayes iterations.
Value

The InferMachine() return a list including variable names and para

-meters of its posterior density function.

7.3 Illustration for Gaussian Response Models

In this section, we will give some examples involving Gaussian response models,
including the simple linear model, the ridge penalized linear model, the nonpara-
metric regression model and the semiparametric mixed model. We also make some

accuracy comparisons between InferMachine() and BUGS.

7.3.1 Simple linear model
Consider the Bayesian simple linear model:

YilBos B, 7= '~ N(Bo + frzs, 721, 1<i<n,

| (7.1)
Bo. B1 '~ N(0,03), 7. ~ Gamma(A, B),

where A, B and O’Z > ( are hyperparameters. The BUGS model code file, 1inearModel . txt,

for specifying (7.1) is

linearModel

{

for (i in 1:n)
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mul[i] <- betaO+betal*x[i]
y[i] ~ dnorm(muli],tau)

}
betal0 ~ dnorm(0,tauBeta) ; betal ~ dnorm(0,tauBeta)

tau ~ dgamma(A,B)

The R code that processes the BUGS file, including the data and hyperparameters

specification, is as fellows:

# Set hyperparameters:
sigsqBeta <- 1e08 ; A <- 0.01 ; B <- 0.01

# Set up input data and hyperparameters:
allData <- list(n=n,x=age,y=price,

tauBeta=1/sigsqBeta,A=A,B=B)

The list allData stores the input data and hyperparameters. The variables
sigsqgBeta, A and B correspond to the hyperparameters Jg, A and B, which are
set at 05 = 10® and A = B = 0.01. We fit (7.1) for data on the age and price
of n = 39 Mitsubishi cars (Smith, 1998). The x and y are vectors containing the
observed values of age and price, and n is the number of observations. Fitting is

then performed by using

fit <- InferMachine("linearModel.txt",allData,200)
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For model (7.1), the function InferMachine() does the MFVB inference by

imposing the product restriction

Q(50, B, Te) = Q(ﬁoa 51)Q(Ts)-

The output is a list with the variable name and values of the approximate pos-
terior density function parameters. The names of the output list includes betaO,
betal, tau and muR. The function ¢(fy, 81) is the Multivariate Normal density
function with mean vector fit$muR[[1]] and covariance matrix fit$muR[[2]].
The posterior density function ¢(7.) is a Gamma density function, where the shape
parameter is the list entry fit$taul[[1]] and the rate parameter is the list en-
try fit$taul[2]1]. The marginal posterior density function ¢(f) is a Normal
density function with mean fit$betaO[[1]] and variance fit$betaO[[2]]. The
marginal posterior density function ¢(f;) is a Normal density function with mean
fit$betal[[1]] and variance fit$betal [[2]]

Figure 7.1 shows that the result for InferMachine() is the same as that from
Infer.NET. Compared with the MCMC, the function InferMachine () can obtain
highly accurate results for posterior density functions. Note that we use 6% = 1/7,

instead of 7, for the error variance.
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Figure 7.1: The posterior density functions produced by InferMachine () (blue),
Infer .NET (yellow) and MCMC (orange) for a simple linear regression fit to
the Mitsubishi car price/age data. The percentages are the accuracies of the
InferMachine () fit compared with the MCMC fit.

7.3.2 Ridge penalized linear model

The ridge penalized linear model was defined in (2.5). Consider a Bayesian ridge

penalized linear model

ylBo, B, 7= ~ N(1py + X B, 771),

Bo ~ N(O,U/zao),

Blrs ~ N(0,7;5'1), (7.2)
7. ~ Gamma(A., B.),

T8 ~ Gamma(AB, Bg),
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Figure 7.2:

The approximate posterior

density functions

produced by

InferMachine() (blue) and the MCMC method (orange) for a ridge penalized

linear model to fit diabetes data.

InferMachine() fit compared with the MCMC fit.

The percentages are the accuracies of the
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where A., B., 012307 Ap and Bg > 0 are hyperparameters. The BUGS model code

file, RidgeLinearModel. txt, for specifying (7.2) is

RidgeLinearModel
{
for (i in 1:n)
{
mu[i] <- betaO + inprod(betal],X[i,])
y[i] 7 dnorm(muli],tauEps)
}
for (j in 1:p)
{
betal[j] = dnorm(0,tauBeta)
}

beta0 ~ dnorm(0,tauBetal)
tauEps ~ dgamma(Aeps,Beps)

tauBeta ~ dgamma(Abeta,Bbeta)

The R code data and hyperparameters specification is

allData <- list(n=n,X=X,y=y,p=p,
tauBetal0=1/sigsqBeta0,
Abeta=Abeta,Bbeta=Bbeta,

Aeps=Aeps,Beps=Beps)

The variables Aeps, Beps, sigsqBeta0O, ABeta and Bbeta correspond to hyperpa-
rameters A., B., O’%O, Ap and Bg. The quantify n is the number of observations,

and p is the number of predictors. For the model (7.2), the MFVB inference
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imposes the product restriction

q(Bo, B, 7, 78) = q(Bo, B)a(:)a(7s).

We fit the ridge penalized linear model for the diabetes data, which have been
used in Chapter 4, and compare the results of InferMachine () and MCMC. The
hyperparameters were set at A, = 0.01, B. = 0.01, 03 = 10°, Az = 0.01 and

Bg = 0.01. Fitting is then performed using:

fit <- InferMachine("RidgeLinearModel.txt",allData,200)

The BUGS code for model (7.1) sets the 5y and [; separately, and the BUGS
code uses a vector B for model (7.2) and also sets By and B separately. In
InferMachine(), the (8o, f1) or (8o, 3) were blocked in the product restriction.
Similarly to the simple linear example, the parameters of the posterior density
functions q(5y, B) were stored in fit$muR, and the parameters of the marginal pos-
terior density functions ¢(f5y) and ¢(3) were stored in fit$beta0 and fit$beta.
Figure 7.2 shows that the function InferMachine() can get a high accuracy result
in the posterior density functions. Note that we use 0? = 1/7, instead of 7, for

the error variance and coefficients variance.

7.3.3 Simple nonparametric regression

Consider a one-predictor Gaussian nonparametric regression model:

yi = fx;) + e,
E; N(O, 0'?),

where, for 1 <4 < n, the y; are measurements on a continuous response variable

and the x; are continuous predictor variables. By using low-rank smoothing splines
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with mixed model representation, we can get

K
fl@)=Bo+ Pz + > wzi(z),
k=1

ind.

U ~ N(O,Ui),

where z;, 1 < k < K is an O’Sullivan basis spline (Wand & Ormerod, 2008).

Then, the Bayesian nonparametric regression model is

Y| 6o, b1, 7 ~ N(1Bo + xpy + Zu, 7. ' 1),

Bo, B1 = N(0,03),

u~ N(0,7, '), (7.3)
7. ~ Gamma/(A., B.),

Ty ~ Gamma(A,, By),

where A., B., O’%O, A, and B, > 0 are hyperparameters, and

z1(zy) o zr(xq)

is the spline basis design matrix. The BUGS model code file, fossilModel.txt,

for specifying (7.3) is

fossilModel
{

for(i in 1:n)

{

mul[i] <- betaO + betal*x[i] + inprod(u([],Z[i,])

y[i] = dnorm(muli],tauEps)
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}
for (k in 1:numKnots)
{
ulk] © dnorm(0,taul)
}

beta0 ~ dnorm(0,tauBeta)
betal ~ dnorm(0,tauBeta)
taulU ~ dgamma (AU,BU)

tauEps ~ dgamma(AEps,BEps)

Similarly, we store the BUGS data file, including the data and hyperparameters

specification, in allData as follows:

allData <- list(n=n,numKnots=K,
x=age,y=strontium.ratio,Z=Z,
tauBeta=1/sigsqBeta,
AU=AU,BU=BU, AEps=AEps, BEps=BEps)

We fit model (7.3) for data on the age and the strontium ratio of fossil (Ruppert
et al., 2003). The quantifies Aeps, Beps, sigsqBeta, Au and Bu correspond to
hyperparameters A., B, og, A, and B,. The quantify n is the number of obser-
vations, and K is the number of spline basis functions. The quantifies x and y are
vectors containing the observed values of age and strontium ratio, and Z is the
spline basis design matrix Z. For model (7.3), the MFVB inference imposes the

product restriction

Q(ﬁoy B, u, T, Tu) = Q(50, B U)Q(TE)Q(Tu)-



Chapter 7 229

The hyperparameters are set at A. = 0.01, B, = 0.01, o3, = 10%, A, = 0.01
and B, = 0.01. A fitting is performed by using:

fit <- InferMachine("fossilModel.txt",allData,200)

Figure 7.3 shows the fitted curves and pointwise 95% credible sets for the fossil

2

- and

data, and Figure 7.4 shows approximate posterior density functions for o

2 = 1/7, instead of 7, for the error variance and

o2 (Note that we also use o
random variance). It is seen that both the InferMachine() and MCMC fits are
quite similar in terms of point estimation, interval estimation and posterior density

functions.

strontium.ratio

0.70720 0.70725 0.70730 0.70735 0.70740 0.70745 0.70750

— InferMachine \ /
= = InferMachine 95% credible sets o0 -¢
| — MCMC
- = MCMC 95% credible sets °
\ \ \ \ \ \
95 100 105 110 115 120

age

Figure 7.3: Fossil data. Fitted regression line and pointwise 95% credible inter-
vals from InferMachine() and the MCMC method for a simple nonparametric
regression.
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Figure 7.4: The approximate posterior density functions produced by
InferMachine() (blue) and the MCMC method (orange) for a simple nonpara-
metric regression to fit fossil data. The percentages are the accuracies of the
InferMachine() fit compared with the MCMC fit.

7.3.4 Semiparametric mixed model

The nonparametric model based on penalized splines is in a mixed model frame-
work and hence can be performed by InferMachine(). In this section, I illustrate
the use of InferMachine () for fitting semiparametric mixed models, which include
a splines component and a random effect. It can be used to fit some longitudinal

data sets. The model has the form

K

vii |8, w, Ui, 07 % (/30 + B8 i + Ui+ ) wpz(syy), 062)7
k=1

Uilog, ™ N(0,03), 1<j<mn; 1<i<m,

where z;; is a vector of predictors that enter the model linearly, and s;; is another
predictor that enters the model non-linearly via penalized splines. For each 1 <

1 < m, U; denotes the random intercept for the ith subject. The corresponding
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Bayesian semiparametric mixed model is

y|B,u, 7. ~ N(XB+ Zu,7.'I),

T(le 0
u|ry, 7, ~ N0,
B~ N(0,031),
TU ™~ Gamma(AU, BU),
Tu ~ Gamma(A,, By),

7. ~ Gamma(A, B:),

0 7’u_1I

)

(7.4)

where 0%, Ay, By, A, B, Ac and B, > 0 are user-specified hyperparameters.

Introduction of the random intercepts results in

Ui

Un,

Uy

Ug

1 - 0 21(811)

1 --- 0 Zl<81n1)
. 4=

O e 1 21(3m1>

0 - 1 z(Smn,,)

ZK(SII)

ZK(Slnl)

ZK(Sml)

2k (Smnp )

I fitted this semiparametric mixed model for data from a study on spinal bone

mineral density (Bachrach et al., 1999). A population of 230 female subjects aged

between 8 and 27 was followed over time and each subject contributed either one,

two, three or four spinal bone mineral density measurements. Data on ethnicity

are available, and the entries for x;; correspond to the indicator variables for Black

(w145), Hispanic (x4;;) and White (z3;;), with Asian ethnicity corresponding to the

baseline. Age enters the model non-linearly and corresponds to s;; and x4;;. We
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respectively specify the random intercept term and smoothing term in the BUGS

code as _ -
1 0
Uy 1 0
Uobj — ) Zob] -
U 0 1
0 - 1
and ) )
21(311) ZK(SH)
Uq 21(81ny) 0 2 (S1ny)
Ugspl = 5 Zspl =
U 21(8m1) o Zr(Sm1)
_Zl(smnm) e ZK(Smnm)_

Note that an identification number can be used in BUGS to increase the speed of
Gibbs sampling. Unfortunately, InferMachine () does not support this approach.
I will use BUGS code without indictors for InferMachine () inference. The BUGS
model code file, SBMDfemModel . txt, for specifying (7.4) is

SBMDfemModel
{
for(i in 1:numObs)
{
mu[i] <- betal + betalx*black[i] + beta2*hispanic[i]

+ beta3xwhite[i] + betaAgexage[i]
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+ inprod(Uobj[],Zobj[i,])
+ inprod(uSpl[],Zspl[i,])

spnbmd [i] ~ dnorm(muli],tauEps)

}
for (iSbj in 1:numSbj)
{
Uobj [iSbj] ~ dnorm(0,taul)
}
for (iSpl in 1:numSpl)
{
uSpl[iSpl] ~ dnorm(0,tauu)
}

beta0 ~ dnorm(0,tauBeta)
betal ~ dnorm(0,tauBeta)
beta2 ~ dnorm(0,tauBeta)
beta3 ~ dnorm(0,tauBeta)

betaAge ~ dnorm(0,tauBeta)

tauu ~ dgamma(Au,Bu);
taulU ~ dgamma(AU,BU);

tauEps ~ dgamma(Atau,Btau);

The R code that processes the BUGS file, including the specification of the data

and hyperparameters, is

allData <- list(numObs=numObs,numSpl=numSpl,numSbj=numSbj,
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black=black,hispanic=hispanic,white=white,
age=age,spnbmd=spnbmd,Zspl=Zspl,Zobj=Zobj,
Atau=Atau,Btau=Btau,

Au=Au,Bu=Bu,

AU=Au,BU=BU,

tauBeta=1/sigsqBeta)

and the MFVB inference imposes the product restriction:

CJ(,B, U, Te, Tu, TU) = q(ﬁ, U)Q(TE)Q(TU)Q(TU)

After setting the hyperparameters at A. = 0.01, B. = 0.01, ag =108, A, = B, =
0.01 and Ay = By = 0.01, fitting is then performed by using

fit <- InferMachine("SBMDfemModel.txt",allData,200)

Figure 7.5 shows fitted regression lines and pointwise 95% credible intervals
produced by InferMachine() and the MCMC method. The estimated regression
lines and credible intervals from the InferMachine() and MCMC fittings are
highly similar. There exists a statistically significant difference in mean spinal bone
mineral density between Asian and Black subjects. The approximate posterior
density functions shown in Figure 7.6 can confirm this difference. It is also seen
that no statistically significant difference is found between Asian and Hispanic
subjects and between Asian and White subjects. The accuracy shown in Figure 7.6
also indicates that InferMachine() achieves high accuracy in the semiparametric

mixed model.
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Figure 7.5: Fitted regression line and pointwise 95% credible intervals produced
by InferMachine() and the MCMC method to spinal bone mineral density data.

7.4 Illustration for Binary Response Model

MFVB for the Gaussian response model can be extended to the binary response
probit models easily by using the ”trick” introduced by Albert and Chib (1993). By
using the Result 1.15 to add auxiliary variables, we perform the MFVB inference
for the Bayesian probit regression model with different mean structures. For this

reason, I only give a one simple example to show How to use the InferMachine ()
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to handle a binary response model.
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Figure 7.6: The approximate posterior density functions produced by
InferMachine () (blue) and MCMC (orange) estimation of ethnic group parame-
ters to fit a simple semiparametric mixed model to the spinal bone mineral density
data set. The percentages are the accuracies of the InferMachine () fit compared
with the MCMC fit.

how to build a probit model by using InferMachine().

7.4.1 Probit regression with ridge penalized

Consider the probit regression with the ridge penalized model

yil Bo, B '~ Bernoulli{®((8o + X 3):)}
BO ~ N(07 Ugo)

Bilms =~ N(0,751), 1 <j <p,

T8 ~ Gamma(Ag, Bﬁ),

where ago, Ag, Bg > 0 are hyperparameters. The BUGS model code file,
RidgeBinaryModel.txt, for specifying (7.5) is

RidgeBinaryModel
{



Chapter 7 237

for (i in 1:n)

{
mu[i] <- phi(betaO + inprod(betal],X[i,]))
y[i]l ~ dbern(mu([il)

}

for (j in 1:p)

{
betalj] ~ dnorm(0,tauBeta)

}

betal0 ~ dnorm(0,tauBetal)

tauBeta ~ dgamma(Abeta,Bbeta)

The R code that processes the BUGS file, including the specifications of the data

and hyperparameters, is

allData <- list(n=n,X=X,y=y,p=p,tauBeta=1/sigsqBetal,

Abeta=Abeta,Bbeta=Bbeta)

where sigsqBeta0, ABeta and Bbeta correspond to the hyperparameters O’%O, Ag
and Bg. The hyperparameters are set equal to ago =108, Ag = 0.01 and B = 0.01.
Fitting is then performed by using:

fit <- InferMachine("RidgeBinaryModel.txt",allData,200)

Note that the current version only perform the BUGS code for the probit re-
gression model, i.e. the link function should be ®(.) (the corresponding BUGS code

is phi(.)). Adding an auxiliary vector a, the probit regression with the ridge
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penalized model for MF'VB inference is

p(yila;) = I(a; > 0)Y1(a; < O)l_yi, 1< <n,

a’|60718 ifg‘ N(]'BO + Xﬂ?'[)?

Bo ~ N(0,03), (7.6)
ind.

leT/B ~ N<Oa7—5_1)7 1<j<p,

73 ~ Gamma(Ag, Bg).

For model (7.6), the MFVB inference imposes the product restriction:

q(Bo, B, 73, a) = q(Bo, B)q(75)q(a).

Figure 7.7 shows the approximate posterior density functions produced by
InferMachine() to fit a probit regression model to the ICU data set. The data
correspond to a study on the survival of patients following admission to an adult
intensive care unit (ICU). The binary response variable is died (0 = Lived, 1 =
Died). A subset of predictors include: age: patient’s age in years; cancer: is can-
cer part of the present problem? (0 = No, 1 = Yes); SBP: systolic blood pressure
at ICU admission; emergency: type of admission (0 = Elective, 1 = Emergency);
hiPH: pH from initial blood gases ( hiPH=1 if pH is bigger than 7.25; otherwise,
hiPH=0) and hiPCO2: PCO2 from initial blood gases (hiPCO2=1 if PCO2
is bigger than 45; otherwise, hiPCO2=0). Figure 7.7 suggests that the direct
relationship between age and death rate is remarkable.

Compared with the Gaussian response case, the accuracy of the approximate
posterior density of the probit regression model is considerably reduced. There
exists a strong correlation between auxiliary variable a and the linear effect variable

3, so the factorized approximations result in reduced accuracy.



Chapter 7 239

intercept age cancer
3 7
o
- 72% S 76% 76%
5 8 5 g 5
Q [] [}
2 3 2 2
a a © a S
T o : >
g o g 9 3
<3 e g 2
& 3 & 9 s °
St——— ° — St
-4 -3 -2 -1 0 0.00 0.01 0.02 0.03 0.04 -0.5 0.0 0.5 1.0 1.5
Bo Ba B2
SBP emergency hiPH
wn
@
o 79% 49% o 89%
8 = S &1 8
3] 3] 3]
3 o 7 o )
o 5 o o
o - o o
% X o %
e S - S
g 8 g . 2 s
© S S ©
o o
© T T T T S T T T T T S T T T T T T
-0.015 —0.005 0.0 0.5 1.0 15 2.0 -1.0 -05 0.0 0.5 1.0 1.5
Bs Ba Bs
hiPCO2 coefficient variance
©
86% 66%
. .
S & S
|3 S <
g o 8
a g Q o
% %
s, g o
g ° g .
-1.5 -1.0 -05 0.0 0.5 0.0 0.2 0.4 0.6
Bs OE

Figure 7.7: The approximate posterior density functions produced by
InferMachine () (blue) and the MCMC method (orange) to fit a probit regression
to the ICU data. The percentages are the accuracies of the InferMachine () fit
compared with the MCMC fit.

7.5 Timing Comparison

Table 7.1 shows the relative computing times for the examples in this chapter
by using InferMachine(), Infer.NET and the MCMC method. In this table,

we report the average time elapsed (and standard error) of the computing times
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over 100 runs with the number of InferMachine() and Infer.NET iterations set
to 100 and the MCMC sample with 10000 burn-in and 10000 iterations. This
was sufficient for convergence in these particular examples. Table 7.1 reveals that

InferMachine() is considerably faster compared with BUGS and is also faster than

Infer.NET.
regression time in seconds time in seconds time in seconds
model for InferMachine for Infer.NET for MCMC
simple linear 0.03 (0.01) 0.08 (0.01) 0.51 (0.03)
ridge penalized 0.06 (0.01) 0.11 (0.02) 583.13 (1.02)
nonpar. reg'n 0.08 (0.01) 1.12 (0.15) 58.71 (0.51)
semipar. mixed 10.08 (0.05) 581.23 (1.24)  1710.46 (1.58)
probit reg'n 0.11 (0.01) 0.15 (0.02) 99.52 (0.78)

Table 7.1: Average run times (standard errors) in seconds over 100 runs of the
methods for each of the examples in Chapter 7.

7.6 Discussion

InferMachine() can perform MFVB inference for Gaussian and binary response
model by using BUGS model code files. We obtain high accuracy for the Gaussian
response model. The accuracy of the binary response model was influenced by
the factorized restriction and is lower than the accuracy for the Gaussian response
model.

There are positive results in the timing comparison for the semiparametric
mixed model. The time taken by Infer.NET to build this model and run 100
iterations is about 10 minutes; however the InferMachine () only spends 10 sec-
onds building the same model and running 100 iterations. Therefore, the gains in
computational speed offered by InferMachine () make it a viable choice for larger

models and/or sample sizes.
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In the future, by adding more algorithms based on the MFVB, InferMachine ()

can be extended to include more responses and more prior distribution structures.
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Conclusion

The study explored variational approximation methods in semiparametric regres-
sion applications. In the Bayesian field, the study confirmed that the MFVB can
perform Bayesian inference quickly and accurately. We also extended variational
approximation methods into non-Bayesian fields and derived the asymptotic dis-
tributional behaviour of Gaussian variational approximate methods. We learned
many things about the deriving MFVB algorithm. Asymptotic for variational
inference was also visited.

In Chapter 2, MFVB methodology for Bayesian variable selection was estab-
lished, based on the posterior probabilities of the model. For Gaussian response
models, adding a ridge penalized technique for the fixed effect can improve the
performance of variable selection. The simulation also demonstrated that stepwise
MFVB variable selection performs similarly to MF'VB variable selection with all
possible subsets. However, for the binary response case, if the value of a predictor’s
coefficient is small, the accuracy of variable selection decreases.

In Chapter 3, MF'VB methodology for linear variable selection was established
using the indicator variable. We found that Gaussian-Zero models performed well

in linear variable selection. For the binary response case, the value of a predictor’s

242
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coefficient also affects the performance of variable selection.

In Chapter 4, we provided MFVB methodology for the Bayesian Lasso regres-
sion model. We focused on choosing the Hyperparameter A and considered two
MFVB approaches to choose \: variational EM for empirical Bayesian via marginal
maximum likelihood, and a MFVB inference for the Bayesian LASSO model with
a specific prior on A. We also extended the Lasso regression model to a high-
dimensional Lasso model and the ¢; penalization smoothing model. Generally, we
found that the MFVB estimation of Lasso was of high quality.

In Chapter 5, the new Bayesian inference software, Infer.NET, was demon-
strated and critiqued in terms of its capacity for statistical analyses.

In Chapter 6, the application of variational approximation methods in the
non-Bayesian field was studied. Hall, Ormerod and Wand (2011) introduced the
Gaussian variational approximation (GVA) method to fit the generalized linear
mixed models (GLMM). We derived the precise asymptotic distributional behav-
ior of the Gaussian variational approximate estimators of the parameters in the
simplest Poisson mixed model. The simulation study indicated that the coverage
properties of Gaussian variational approximate confidence intervals are very good.

In Chapter 7, a new R function, InferMachine(), was provided to perform
MFVB using the same model specification syntax that BUGS uses. This work is
quite promising for the viability of MFVB, because the end-user can use the MFVB
to fit the statistical model directly.

Overall, variational approximation methods, including MFVB and GVA, pro-
vide a fast, deterministic alternative for avoiding intractable integration in statis-
tical inference. There was a trade-off between accuracy and computational cost.
Even the accuracy of MFVB varies according to the various regression models
and applications, though they still allow the possibility of using Bayesian meth-

ods to deal with big data. The GVA provides a new alternative for non-Bayesian
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inference. I am the first to prove asymptotically valid inference for a variation-
al approximation method. This can be used to properly understand variational

approximation methods and to conduct hypothesis testing..
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