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Abstract

Generalized additive models (GAMs) offer a parsimonious, flexible and interpretable
framework for regression, particularly when handling a large numbers of candidate
predictors. This thesis addresses the GAM variable selection problem: categorizing
each candidate predictor’s effect type to be linear, non-linear or zero on the mean
response. We use Bayesian model selection paradigms and group least absolute
shrinkage and selection operator (LASSO) priors. Two types of priors are explored
for the sparse fits. The first, Laplace-Zero and Grouped Lasso-Zero priors, is applied
to Gaussian and binary responses. The second, (Grouped) Horseshoe priors, is used
for Gaussian, Poisson and Negative-Binomial responses. For both prior types, tai-
lored auxiliary variable representations enable develop practical implementation of
the Markov chain Monte Carlo (MCMC) sampling. Specifically, the sampling proce-
dure reduces to the Gibbs sampling for Gaussian and binary responses, and to slice
sampling for count responses. To improve computational scalability, particularly for
large datasets, we also derive the mean field variational Bayes (MFVB) algorithms
under the Laplace-Zero and Grouped Lasso-Zero priors. Although less accurate than
MCMC, this variational approach offers substantial gains in speed. The GAM selec-
tion framework is further extended to generalized additive mixed model (GAMM)
with random intercept, for Gaussian and binary responses using both MCMC and
MEFVB. Finally, the properties of the Grouped Horseshoe distribution and its use in
Bayesian GAM selection are investigated. While many characteristics of univariate

Horseshoe distribution are carried over, some distinctions arise in the grouped case.



Chapter 1

Introduction and Background

This chapter provides an introduction to the thesis, background information and
theory required for the upcoming chapters.

1.1 Introduction

The need for dealing with large and complex data sets will continue to grow with
rapid technological advancement. Continuous development of statistical method-
ologies is essential to keep pace with the growing variety and volume of data. Flex-
ible regression methods are crucial for deriving insights and guiding actions from
such data. Ongoing improvements are necessary due to the changing nature of large
data sets. Generalized additive models (GAMs) are powerful for regression, pro-
viding attractive solutions to the problem of obtaining parsimonious and easy to
interpret regression fits, with flexible predictor functions to reveal hidden patterns
in the data (e.g. Hastie and Tibshirani, 1990; Wood, 2017). GAMs are able to model
highly complex non-linear relationships when the number of potential predictors
is large. Whilst there has been great progress in the development of methodology
and software for GAMs in the past 40 years, there is still room for improvement in

achieving principled, scalable and reliable model selection.

The critical challenges when using non-linear regression methods, such as GAMs,
are categorizing each candidate predictor into one of three classes:

e zero effect,

¢ linear effect,
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* non-linear effect

on the mean response and determining the forms of their potentially non-linear ef-
fects. We call this the three-category GAM selection problem, which is the focus of
this thesis. Several approaches to this problem have been proposed, for instance,
Shively et al. (1999), Ravikumar et al. (2009), Reich et al. (2009), Scheipl et al. (2012)
and Chouldechova and Hastie (2015). Penalty-based model selection methods are
particularly useful for large data sets with many candidate predictors. The main
penalty-based model selection strategy uses the least absolute shrinkage and selec-
tion operator (LASSO) (Tibshirani, 1996). LASSO is for selecting a scalar coefficient,
to decide a predictor having a zero or linear effect. In contrast, Group LASSO is an
attractive mechanism for selecting a vector of coefficients corresponding to spline

basis functions, to decide a continuous predictor having a linear or non-linear effect.

We now summarize each of the existing approaches:

¢ Ravikumar et al. (2009) with the R package SAM is based on the regularization
path, which is a grid of regularization amounts, and k-fold cross-validation
idea. The methodology is for sparse additive models. It does not achieve the
three-category GAM selection.

¢ Reich et al. (2009) is with a Bayesian formulation and use of the Markov chain
Monte Carlo (MCMC).

¢ Shively et al. (1999) is with a Brownian motion approach.

¢ Scheipl et al. (2012) proposed a Bayesian approach for the three-category GAM
selection with the R package spikeSlabGAM, with use of the “spike-and-slab"
type priors for the sparse fit.

® Chouldechova and Hastie (2015) with the R package gamsel is a frequentist
approach, called regularization path approach and it supports Gaussian and

binary responses.

Both Reich et al. (2009) and Shively et al. (1999) are distinctly “beyond additive" in
flavour and motivation. In short, Ravikumar et al. (2009), Reich et al. (2009) and
Shively et al. (1999) do not consider a Bayesian three-category GAM selection. The
“spike-and-slab" type priors used in Scheipl et al. (2012) has a Gaussian density func-
tion being the “slab" and has a mean zero, very small variance normal distribution
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being the “spike", for selecting a scalar coefficient, to decide a predictor having a
zero or linear effect. spikeSIabGAM uses the grouped extension of its “spike-and-
slab" type priors, for selection a vector of coefficients corresponding to spline ba-
sis functions, to decide a continuous predictor having a linear or non-linear effect.
spikeSlabGAM uses Gibbs sampling on Gaussian responses and uses Metropolis-
Hasting sampling on binary responses.

The regularization path approach proposed in Chouldechova and Hastie (2015)
can be viewed as one possible extension of the LASSO to the additive model setting.
It does selection and shrinkage via convex optimization. There are four key features

in their regularization path approach:
¢ use of the group LASSO,
¢ use of the Demmler-Reinsch spline bases to maintain orthogonal property,

¢ use of the regularization paths to compute a family of selected models over a

grid of the regularization parameter values,

¢ use of the cross-validatory selection of the regularization parameter to choose
a single model.

Since the cross-validation mean function often being monotonic rather than U-shaped,
a lot of manual adjustment is required to the regularization parameter grids. Hence,
the users have practical difficulties of finding the cross-validation minima to choose
a single model. After running the simulation study, it was found that gamsel ap-
proach has a tendency to choose larger models. This leads to its poor classification
performance with considerably higher misclassification rate on the three-category
GAM selection compared to spikeSlabGAM. The misclassification rate is concerned
with the proportion of times that a predictor is misclassified as zero, linear or non-
linear effect based on the nature of the true effects according to how the data are
simulated.

Apart from the “spike-and-slab" type priors, there are other types of priors for
model selection. One of them is the Horseshoe-type prior. Xu et al. (2016) proposed
the univariate Horseshoe distribution. The univariate Horseshoe distribution is for
selecting a scalar coefficient, to decide a predictor having a zero or linear effect. Car-

valho et al. (2010) proved the univariate Horseshoe distribution having a pole at



1.2 Thesis Aim 5

the origin, its score function converges to zero for large signals and the risk of its
estimator is bounded. These features show that the univariate Horseshoe prior is
heavy-tailed in constructing robust estimators, to prevent overshrinkage of obvious
signals. Therefore, the ordinary Horseshoe distribution can be used as a prior. Car-
valho et al. (2010) also proved, in sparse situations, the univariate Horseshoe prior
will ensure the Bayes estimator for the sampling density converges to the right an-

swer at a super-efficient rate.

1.2 Thesis Aim

Although spikeSlabGAM (Scheipl, 2022) achieved the three-category GAM selection,
but it is comparatively slow and does not scale well to large data sets. Our method-
ology is inspired by the regularization path approach in Chouldechova and Hastie
(2015) using the group LASSO and the Demmler-Reinsch spline bases. To avoid
the practical difficulties of finding the cross-validation minima to choose a single
model in regularization path approach, and to traverse a bigger model space com-
pared with regularization path approach, this thesis presents a completely automatic
and accurate Bayesian three-category GAM selection methodology with improved
speed and scalability, on Gaussian and binary responses in the MCMC and the mean
field variational Bayes (MFVB) as a faster option, with use of the Laplace Zero/-
Grouped Lasso-Zero priors. We implemented the MCMC and MFVB algorithms in
public available R package gamselBayes, with application on mortgage data, car
auction data, educational data, Sydney real estate data and other areas. Further,
this thesis investigates the grouped extensions of the various Bayesian statistical in-
ference properties of univariate horseshoe priors in Carvalho et al. (2010) and the
Grouped Horseshoe distribution in Bayesian GAM selection. We explored the three-
category GAM selection with use of the (Grouped) Horseshoe priors on Gaussian,
Poisson and Negative-Binomial responses in the MCMC. Additionally, we extended
the Bayesian three-category GAM selection to generalized additive mixed model
(GAMM) selection with random intercept, with use of the Laplace-Zero/Grouped
Lasso-Zero priors to solve additional challenges arise with repeated measures in
grouped data, with application to the Australian Red Cross Blood Service data.
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1.3 Notations and Functions

The notations and functions used in this thesis are as follows:
e % is an abbreviation for “distributed independently as".
* For a logical proposition P, we let

I(P) =1,if P is true and
I(P)=0,if P is false.

¢ If v is a random vector then p (v) denotes the density function of v.

e If f is a smooth function that maps R? to R then V. f (z) denotes the d x 1 vec-
tor of partial derivatives of f (x) with respect to the entries of x.

For any column vector a, column vector b having the same number of rows as a and

square matrix A, we have:

a_; = the column vector a with the jth entry of a omitted,

a ® b = column vectors formed from @ and b by obtaining element-wise

products,

a /b = column vectors formed from a and b by obtaining element-wise

quotients, (1.1)

|a|| = (a”a)'/?, the Euclidean norm of @ and

diagonal (A) = the column vector containing the diagonal entries of A,

for any square matrix A.
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The main algorithms use the following functions:

logit(x)zlog< ’ )

11—z

1

=———— and
1 + exp(—x)

expit(x) = logit™" (z)

((z) =log {2®(x)}, thatleadsto ('(z) = ¢(z)/®(z), where ¢ isthe N(0,1)
density function and @ is the N (0, 1) cumulative distribution function.

(1.2)

Stable computation of {'(x) when x is a large negative number is not straightforward.
Azzalini (2021) and Wand and Ormerod (2012), for example, provide practical solu-
tions to this problem. Lastly, and expression of the form (’(v), where v is a column

vector, is such that function evaluation is element-wise.

1.4 Notation for Spaces

We denote spaces as follows:

R Set of real numbers.
R?  Real coordinate space of d dimensions.
Z>y Coordinate line with all positive integers (integers greater than or equal to

Zero).

1.5 Probability Distributions

We now present the distributions used in this thesis in Table 1.1.



Inverse Gamma

Inverse Gaussian

Half-Cauchy

Laplace

Normal-Zero

Laplace-Zero

Truncated-Normal ;

x>0k, A>0

T
Viexp { A N
V23 e
A >0
2
x> 0,0>0

o ((93/0)2—1— 1)
2—1Sexp (—@) ,>0

V2mo? o

+(1=p)do(z);0>0,0<p<1

Ty O el
20

+(1=p)do(2);0>0;0< p< 1

exp {— (z = u)*/ (20%)}
O (/o) V2mo? 7

x>0,0>0

1.5 Probability Distributions 8
distribution density /probability function in #  abbreviation
Bernoulli 0(1—p)'™™: 2=0,1;0<p<1 Bernoulli(p)

: : -1/2 T
Multivariate ‘27&]‘ exp {(ac — ﬁ) N (%)
Normal xX Nz — p,)}
Neg—r—le=e Inverse-

Gamma(x, \)

Inverse-
Gaussian(u, \)

Half-Cauchy(o)

Laplace(y, s)

Normal-
Zero(p, 0%, p)

Laplace-
Zero(u, a2, p)

Truncated-Normal ,
(1, 0?)

Table 1.1: Distributions used in this thesis and their corresponding density/probability functions.
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distribution density /probability functionin x  abbreviation

Truncated-Normal _

exp {— (z — )"/ (20°)}

Truncated-Normal — V/
O(—p/o)V2ro? (1, %)
z>00>0
A” -
Poisson Fe(};Ljfl)); ['(z)=(z—1)! Poisson(\)

['(z + k) v\ & \"
. : D(z+1D0(k) \ g+~ p+rK)
Negative-Binomial =01 k>0 NB(u, )
['(z)=(z—-1)!

e (54) /7

Horseshoe pus(x) = (27°) " exp (2/2) Horseshoe(u, o)
X By (22/2);
—t

Ey(z) = [ ert, x40

L5~ {1/} exp(—ptyde]
Moon Rock x {27 /T () }" exp(—Bz); Moon-Rock(a, 3)

r,a>0,0>«

Table 1.1 continued: Distributions used in this thesis and their corresponding density/probability func-
tions.

1.6 Useful Inverse Gaussian Density Function Results

Result 1.6.1 Suppose the density function of x takes the form
p(z) o< 273 % exp (=Sz—T/z), x>0.

Then
x ~ Inverse-Gaussian ( T/S, 2T> .
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Result 1.6.2 If x ~ Inverse-Gaussian (i1, \) , then

E(1)z) = %+§

1.7 Useful Truncated Normal Distribution Results

¢ and ® are defined in (1.2).

Result 1.7.1 Truncated-Normal. (p,1) = N(u, 1) with truncation over (0,400). If X ~
Truncated-Normal ;. (11, 1) , then the normalizing factor is ®(u), and

ole -, 1)
[ S e = B =n

Result 1.7.2 Truncated-Normal _(p1,1) = N (u, 1) with truncation over (—oo,0). If X ~
Truncated-Normal_ (1, 1) , then the normalizing factor is ®(—p), and

0
¢(x — 1)
P W =1, B(X)=pu—
= =
Result 1.7.3 If S ~ Truncated-Normal (1, 0%), then

—S ~ Truncated-Normal , (—, 0?).

1.8 Fundamental Auxiliary Variable Results

Using standard distributional manipulations, we have the following fundamental
auxiliary variable results listed in Result 1.8.1-Result 1.8.6, which are useful for the
models being considered in this thesis. Derivation of Result 1.8.2 is given in Ap-
pendix 1.A and Derivation of Result 1.8.3 is given in Appendix 1.B.

Result 1.8.1 Let x and a be random variables such that
z|a ~ Inverse-Gamma (3,1/a) and a ~ Inverse-Gamma (3,1/s%) .

Then
vz ~ Half-Cauchy (s) .
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Result 1.8.2 Let x and a be random variables such that

zla ~ N (0,6°/a) and a ~ Inverse-Gamma (1,1).

Then
x ~ Laplace (0,0).

Result 1.8.3 Let « be a d x 1 random vector and a be a random variable such that

xla ~ N (0,(1/a) 0’I;) and a ~ Inverse-Gamma (E 1) .

2 72
()

] .
<202) ﬂ-(d—l)/2r<%)

Then

p(x) =

Result 1.8.4 Suppose x ~ Laplace (j,0) and b ~ Bernoulli (p) and let = = bx.

Then
x ~ Laplace-Zero (u, 0%, p) .

Result 1.8.5 Suppose x|a ~ Poisson(a) and a ~ Gamma(k,k/u).

Then
x ~ Negative-Binomial (1, k) .

Result 1.8.6 Let x, f1, fo be random variables such that

zlfo~ N(0,1/fs),  fo|fi ~ Gamma (3, f1) and f, ~ Gamma (3,1).

Then
x ~ Horseshoe (0, 1) .

1.9 Directed Acyclic Graphs

Graphical models, known as probability graphical models, are diagrammatic represen-
tations of probability distributions. Graphical models combine ideas from graph the-
ory and probability (e.g. Bishop, 2006; Jordan, 2004). A graph contains a set of nodes
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connected by edges. Adapting the conventions of Bishop (2006), nodes are shown
as circles and edges are shown as line segments. Each node represents a random
variable or a set of random variables. Each directed edge represents a “parent-child"
relationship between the corresponding nodes.

There are two major types of graphical models: directed acyclic graphs (DAGs), also
known as the Bayesian networks, and undirected graphs, known as the Markov random
fields. DAGs are distinguished from the undirected graphs by their directed edges.
Of the two types, DAGs are more relevant to the theme of this thesis for our Bayesian
graphical models. Therefore, we restrict our attention to DAGs. A directed acyclic
graph requires all edges to be directed and free of cycles. Double-headed arrows are
not allowed in DAGs. No sequence of connected directed edges can lead back to the
starting point (see Figure 1.1b). The Markov blanket of a node is the set containing the
node’s parents, children and co-parents.

In a DAG, a parent node is the node connected away from the directed edge and
the child node is on the directed edge. For example, in Figure 1.1b, nodes a and d
are the parent nodes of node b and node b is the child of nodes a and d. The Markov
blanket of node a would be nodes b (child), ¢ (parent) and d (co-parent). The Markov
blanket of node ¢ would be nodes a (child) and d (child).

Figure 1.1c shows the moralization of directed acyclic graph of Figure 1.1b. To
moralize Figure 1.1b, we link nodes a and d with an undirected edge. However, no
further links are required for the parent node of a and d (node c) since it does not
have a co-parent. In Figure 1.1c, the Markov blanket of node a would be nodes b, ¢
and d, and the Markov blanket of node ¢ would be nodes a and d (Pearl, 1988).

Theorem 1.9.1 For each node on a probabilistic DAG, the conditional distribution
of the node given the rest of the nodes is the same as the conditional distribution of
the node given its Markov blanket (Dechter and Pearl, 1988).

Figure 1.2 is another example of a DAG. In the graphical models literature, the
variable X shaded in red is an observed (“evidence") node. The variables X3, Xy,
X5, X3, X9 and X, in shaded blue and X, X5, X7, Xi1, X1 and X3 in white are
all random (“hidden") nodes. Based on Theorem 1.9.1, the full conditional distribu-
tion of the observed node X4 denoted as p (Xﬁ‘rest) is the same as the conditional



1.10 Generalized Additive Models 13

@) (b)

© @

(c) Moralized DAG from Fig-
(a) A non DAG. (b) A DAG. ure 1.1b.

Figure 1.1: Three basic graphical models. Figure 1.1b is a directed acyclic graph (DAG) since all
edges are directed without cycles. Conversely, Figure 1.1a is not a directed acyclic graph, since it
contains a cycle, although it contains directed edges. The moralized version of the directed acyclic
graph from Figure 1.1b is Figure 1.1c. No edges have a direction and the parent nodes a and d are
linked.

distribution of X given its Markov blanket, where “rest" denotes all of the random
variables excluding Xg, i.e. {Xi,..., X5, X7,..., Xi3}. The Markov blanket of the
observed node X contains its parents nodes X3 and Xy, its children nodes Xy and
Xj0, and its co-parents nodes X; and Xg, which are the six shaded nodes in blue.
The observed node X is conditionally independent of every other node in white in

Figure 1.2 given its Markov blanket in Figure 1.3.

The Markov blanket of Xj is { X3, X4, X5, Xg, Xg, X109} . The full conditional dis-

tribution of X can be expressed as follows:

p (Xe|rest) = p (Xg|Markov blanket of X5) = p (X6| X3, X4, Xo, X10, X5, X5)

p (X3, Xy, X5, Xg, Xs, Xo, X10)
- X3, X4, X5, X6, Xs, Xo, X
b (X, Xs, Xa, Xa, Xo, Xrg) P (Koo Xa X5, Xo, X, Xo, Xoo)

xp (XG{X37X4) p (Xg‘Xsn Xﬁ) p (Xlo‘X(s, Xs) .

1.10 Generalized Additive Models

Generalized additive models (GAMs) are a flexible class of regression models that
extend generalized linear models (GLMs) by allowing for non-linear relationships
between the predictors and the response variable. GAMs achieve this by modeling
the response as the sum of smooth functions of the predictors, more flexible and in-

terpretable.



1.10 Generalized Additive Models 14

(X2

X &
&y

&g &

Figure 1.2: Directed acyclic graph involving thirteen random variables: X1, ..., X13. The shaded
node in red X is the observed node. The other open circles in blue and white represent the random
(“hidden”) nodes. The nodes in blue represent the Markov blanket of the observed node Xe.

We assume that the expectation of y, which is £ (y), denoted by p, via the rela-
tionship g (1) = 1, where g (+) is the link function and F' (-) = ¢g~' (-) is the inverse
link function, also called the mean function. z1, ..., x4 are all fixed. In other words,
although the mean is not directly the sum of smooth functions of the predictors,
some function of the mean is.

Traditional linear regression assumes a linear relationship between 7 and the pre-
dictors as:

n=g(Ey)) =B+ Bix1+ ...+ Baxqg.

To accommodate possibly non-linear relationships between 1 and the predictors,
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(X

Figure 1.3: The Markov blanket of observed node X¢, shown by blue shaded nodes.

GAMs use smooth function of z;, denoted as f; (z;),1 < j < d. Thus, the GAM

extension to model 7 is

n=gw) =g(EW) =700+ fi(x)+...+ fa(za). (1.3)

Since 7 in (1.3) can potentially be any real number, ideally g maps the domain of p
on to the entire real line. In a GAM, 7 is no longer linear in the predictor variables as
in a GLM, but instead 7 is an additive function of the predictors. The corresponding
smooth function model takes the form:

K;
fi(x;) = Bjz; + Zujkzjk (zj), 1<j<d,
k=1
for coefficients 5; and u; = (uj1,...,u;jk,) . Here {2, (-) : 1 < k < K;} is an appro-

priate spline basis over an interval containing the z;.
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1.10.1 Binary Response Models

For a binary response variable y, where y € {0,1}, then ;1 = E (y) is in the interval
(0,1) to the real line. The popular inverse link functions are as follows:

expit logistic inverse link,
F =
o probit inverse link

where expit and ¢ are defined in (1.2). The expit inverse link is the inverse of the
logit link. The probit link is the inverse of the cumulative distribution function. For
a binary response, the expected response is also the probability that the response
equals 1. The logit link transforms this probability to the log-odds. Hence, the expit
inverse link provides an log-odds interpretation and algebraic simplifications. The
probit links often facilitates more tractable solutions. However, their model coeffi-
cients do not have a direct log-odds ratio interpretation in the same way that logit
links do.

1.10.2 Count Response Models

Two models are commonly used to model count responses where y € Z>,. They are

the Poisson model and negative binomial model.

The Poisson model (i.e. the response is Poisson distributed), we have the inverse
link function being F' = exp . Since Poisson distributed variables are required to have
an equal mean and variance, it is not appropriate for over-dispersed data where the

variance is greater than the mean.

The negative binomial model is similar to the Poisson model, where the inverse
link function is F' = exp . Compared to the Poisson model, it includes an additional
parameter  to account for over-dispersed data. As the shape parameter x — oo the

negative binomial distribution converges to the Poisson distribution.

1.11 Generalized Additive Mixed Models

GAMs introduced in Section 1.10 only include fixed effects to model the response.
Generalized additive mixed models (GAMMs) extend GAMs by incorporating ran-
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dom effects, making them suitable for modeling complex data with hierarchical,
grouped, or repeated measures structures. GAMMSs combine the flexibility of GAMs
in modeling non-linear relationships with the hierarchical and random-effects mod-
eling capabilities of mixed models. The relationship between additive models (AM),
additive mixed models (AMM), GAMs and GAMMs is clearly demonstrated in Table
1.2.

Table 1.2: The relationship between four types of additive models, where AM refers to additive mod-
els, GAM refers to generalized additive models, AMM refers to additive mixed models and GAMM
refers to generalized additive mixed models.

Response is normally Response is not
distributed normally distributed
Fixed effects only AM GAM
Fixed and random effects AMM GAMM

The expected value of the response y conditional on the fixed and random effects
is related to the predictors using a link function g (-), where F (-) = g~* () is the in-
verse link function, also called the mean function. Although the mean is not directly
the sum of smooth functions and random effects of the predictors, some function of
the mean is. In Chapter 6 of this thesis, we investigate the GAMM selection with

random intercept.

GAMM extends GLMM (generalized linear mixed model) by allowing contin-
uous predictors to have a nonparametric functional impact on the mean response.
Suppose that, in a longitudinal data set, y;; is the jth measurement of the ith subject,
with 1 < j < n;, 1 <7 < m. Here, both ; and x, are fixed. A GAMM for the data is

yij|U,~ ~ Bernoulli (logi’c_1 (Ui + fi (z14j) + fa (2257))) , Us <N (1, 0%)

where U; is a random subject intercept, f; and f, are smooth functions of the pre-
dictors, capturing non-linear relationships. The notation ~ is defined in Section 1.3.
The Bernoulli distribution is described in Table 1.1. logit " (z) is defined in (1.2).
fi(z1) + f2 (x2) is modelled using mixed model-based penalized splines as follows:

L1 Lo
fi(@1) + fo(x2) = Bo + Boyx1 + Zuwzle (1) + Boyxa + ZU%Z% (x2)

/=1 /=1
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where u;y ~ N(0,02), 1< ¢ <L and wuy ~ N(0,02), 1 < ¢ < L,. Here
{ze (-) : 1 <€ < Ly, 1<k <2} isan appropriate spline basis over an interval con-

taining the .

1.12 Semiparametric Regression

Throughout this thesis, we use a direct generalization of smoothing splines, namely
the O’Sullivan splines (O’Sullivan, 1986, Section 3). O’Sullivan splines are a class of
penalised splines based on B-spline basis functions. They have the attractions of re-
quiring considerably fewer basis functions than the ones described in Wahba (1990)
and Green and Silverman (1994), in which the number of basis functions roughly
equals the sample size. In this thesis, the default value of number of basis functions
we used is 12. Moreover, they have the attractions of their smoothness, numerical
stability and natural boundary conditions makes them the most widely used class
of penalised splines in standard statistical software, for example, the smooth.spline(
) function in R. Wand and Ormerod (2008) give a detailed description of O’Sullivan
penalized splines. A brief sketch of description is provided here for reference.

Notations used in this subsection are as follows:
* = (xy,...,r,) = acontinuous univariate data set and n = sample size.

* ;5 correspond to values of a continuous candidate predictor, with 1 <i < n.

Integer K = the number of knots, with K <n and Ky = (k1,...,Kkx_2) to

be a set of interior knots.

B, =[B;(z),...,Bk+4(x)], cubic B-spline basis functions designed by knots.

B = design matrix, a n x (K + 4) matrix.

B, = design matrix B with (i, k)th entry, written as B;, = By, (2;) .
e v = the coefficients of B and v = the estimates of v.

* )\ = smoothing parameter, with A > 0.

Q = penalty matrix, a (K +4) x (K + 4) matrix.

Q. = penalty matrix Q with (k, £')th entry.
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e f(x) = an estimate of f.
* ny = the number of unique z;s.

Consider the simple non-parametric regression setting as follows:
yi=f(z;) +e, 1<i<n,

where (z;,y;) € R x R. Suppose we use a set of cubic B-spline basis functions as
follows:
B,=[Bi(z),...,Brgs(z)], for K <n

to estimate f over the interval [a, b] containing the z;s. The corresponding knot se-
quence is defined by:

a:K1:HQZK3:/i4<I{5<...<I{K+4<I{K+5:I{K+6:I{K+7:I{K+8:b.

The coefficients v can be estimated in a number of ways. One of the simple way is
the penalized residual sum of squares (PRSS). PRSS chooses the coefficients v by mini-

mizing:

PRSS (f,\) = Z{yz f ()} +>\/ 7o (1.4)

The second term A [ f* (z)” dz in (1.4) is referred to as the penalty term. It penalizes
overly rough fits, leading to a smoother result. A controls the amount of smoothing.
The solution to (1.4) is the O’Sullivan penalised spline as follows:

f (x) = Bw.
Therefore, (1.4) can be written as:
PRSS (v, )\) = (y — Bv)" (y — Bv) + A Qo (1.5)

where

" 1

b
By, = By (z;) and Qup = / By (z) By, (z) dz.

Straightforward algebraic manipulation results in the following fitted O’Sullivan pe-
nalised spline, which provides a solution to (1.5):

A~

f(z) = Bb, where v = (B"B + A\Q2)

-1

BTy. (1.6)
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The design matrix B is easy to compute and is readily accessible in the R environ-
ment. However, the calculation of the penalty matrix €2 requires an additional effect.
In Section 6 of Wand and Ormerod (2008), the penalty matrix €2 is derived using an
exact algebraic expression by applying the Simpson’s rule to each inter-knot interval
as follows:

"

Q= <1§N>Tdiag (w)B ,

where B is the 3 (K + 7) x (K + 4) matrix with the (i, j)th entry Ej (7;) and z; is
the ith entry of the vector given by:

~ K1+ K Ko + K3 KK+7 T KK+8
Z; = | k1, 2 , K2, k2, 2 a"i37"'7"€K+7a 9 yRK+8 )

and w is the 3 (K + 7) x 1 vector given by:
w = {é (Ak),, % (Ak),, % (Ak),, % (AK),y, % (AK),,
% VAV P % (AH)K+7 ) % (A"'")KH ) % (AK’)K-i-?} )

where (AK), = kxt1 — ki, 1 <k < K+7. A common default choice for the number
of knots is K = min (ny /4, 35) . The distribution of knots can either be quantile-
based or equally spaced (e.g. Ruppert et al., 2003).

1.13 Bayesian Inference

Bayesian inference focuses on determining the joint posterior distribution of the pa-
rameters of interest based on the observed data. In many cases, exact inference is
not practical since the posterior distributions are intractable. Therefore, it is neces-
sary to use the approximate inference methods in practice. Examples include BUGS
(Ligges et al., 2009) and Stan (Stan Development Team, 2015) , which are based on
Markov chain Monte Carlo (MCMC) methods. MCMC, described in Section 1.13.1,
is one of the standard methods for estimating Bayesian statistical models, which has
been proven effective across a wide range of problems. For large models with com-
plex posterior distributions, MCMC can be computationally demanding and prone
to poor mixing, resulting in slow convergence. We therefore propose an alternative
mean field variational Bayes (MFVB) approach as a faster option, which we will elab-
orate on further in Section 1.13.2. MFVB, whilst not as accurate as MCMC, this fast
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variational option enhances scalability to very large data sets.

Consider a generic Bayesian model with parameter vector § = {6;,....6,} € ©
and observed data vector y. Bayesian inference updates the probability of a posterior
0 based on prior knowledge and data. The posterior density function is as follows:

p(y,0) p(ylo)p(®)

b (Oly) = ply)  py)

For many practical models, the posterior density functions are intractable, mak-
ing it impossible to directly compute the marginal densities of parameters or other
quantities of interest.

1.13.1 Markov Chain Monte Carlo

The MCMC approach is used in Chapter 2, Chapter 3, Chapter 5, Chapter 6 and
Chapter 7 in this thesis.

For a long time, MCMC sampling techniques were the only broadly applicable
method available. A Markov chain is a sequence of random variables 0 ..., 0.

The following expression

P (9@)‘9(0)’ e, y> —p (9(0‘9@—1)7 y>

shows that for a Markov chain, the probability of transitioning to the current state
depends only on the preceding state.

We denote d as the number of predictors, 1 < j < d. Gibbs sampling is the most
basic component-wise algorithm in MCMC methods (Gelfand and Smith, 1990; Ge-
man and Geman, 1984; Robert and Casella, 2004). The Markov chain of samples
of 8,0 < t < T, is obtained by sampling from the full conditional distributions
p (ej(.”\e(j;l’t’ y) , which is the density of §; conditional on other parameters 6_;.
Here, 99;1’” denotes all variables except §,. It relies on the assumption that the con-
ditional distributions p (0]@ ‘99]-_1’”, y) are easier to sample from than the full joint
distribution p (01, ...,6,) .

Each 9]@ is the updated conditional on the latest value of the other parameters
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¢_;. For the parameters already updated, it refers to the iteration ¢ values for these
parameters. For the parameters not updated, it refers to the iteration ¢ — 1 values for
these parameters. The sequence of samples forms a Markov chain, where the next
state depends only on the current state. The chain eventually converges to the target

distribution. The iterative process is as follows:
e Starting with an initial guess for the variables: 00 00(10).
e Fort=0,...,T:
8" ~ p (el\egf‘”, 0 y)

o) ~p (0261”04, y)

o~ p (ed,1|9§t>, o ,ef;*”,y)
40~ p (060,00, )
until convergence reaches.

Gibbs sampling, by iteratively sampling from the conditional distributions of each
variable, is accurate and effective for models with tractable conditional distributions.
It can be efficient if conditional distributions are simple. It is computationally costly
and it may take a long time to converge to the target distribution for complex models.
It has applications in Bayesian inference, latent variable models, image processing,

spatial statistics and more.

1.13.2 A Brief Introduction to Variational Approximations

Variational approximations are a class of fast and deterministic methods. They are
originally used in the statistical physics and computer science literature (Bishop,
2006; Jordan et al., 1999; Titterington, 2004; Wainwright and Jordan, 2008). Since
around 2005, variational methods have gained increasing attention in the statisti-
cal literature. For example, McGrory and Titterington (2007), Wand et al. (2012) and
Wand and Ormerod (2011) propose variational methodology for a various rage of ap-
plications, from finite mixture models, complex models with elaborate distributions
(such as asymmetric Laplace and skew normal) to spline and wavelet regression

models. Moreover, Wang and Titterington (2006) prove convergence of variational
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algorithms for normal mixture models and You et al. (2014) present several infor-
mation criteria that are useful for model selection. Here, we offer a brief overview
of variational approximations and emphasize their key concepts. Comprehensive
summaries can be found in Bishop (2006) and Ormerod and Wand (2010).

Variational approximations are used to approximate complex probability dis-
tributions, such as the posterior distributions in Bayesian inference. MCMC pro-
duces random samples. Variational methods yield a fixed approximating distribu-

tion q (¢) , which is a deterministic output.

1.13.3 Mean Field Variational Bayes

The mean field variational Bayes (MFVB) approach is used in Chapter 4, Chapter 5,
Chapter 6 and Chapter 7 in this thesis.

MFVB is a specific type of variational approximation method used to approxi-
mate complex posterior distributions in Bayesian inference. The advantage is its sim-
plicity and scalability, making it suitable for large-scale data and high-dimensional

models.

The notation used in this subsection are as follows:

d = number of predictors, with 1 < j < d.

Observed data vector y, parameter vector 8 and parameter space ©.

p (B}y) = true posterior density function.
* (@) = variational distributions, also called approximating density function.

* O = mean field restriction or product restriction. The posterior q(0) can be
factorized into independent distributions of each parameter or groups of pa-
rameters, without any restriction on the functional form on the factors (Bishop,

2006), expressed as follows:

d
Q= {q (@) :q(0) = qu (0;) for some partition {6i,...,0,} of 0} .

j=1
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e KL {q (9) H p (0|y)} = the difference, also called the Kullback-Leibler (KL)
divergence, between the approximating density function ¢ (8) and the actual
posterior p (6|y) , as a measure of how well our approximation fits the true

posterior, expressed as follows:

KL{q(Q)H p(e\y)}z/@qw)log{%}

with KL {q (9) H p (O‘y)} > 0 for all densities q.

* q*(0) = optimal g-density function, a particular density function over the ele-
ments of the partition Q with minimum KL divergence, also called mean field

variational Bayes approximation to the actual posterior, expressed as follows:

q (0) = arg;xglin KL {q () H p (0|y)} .

* p(y;q) =lower bound on the marginal likelihood .
* logp (y) = marginal log-likelihood.

* Eye; = expectation with respect to the g-densities of all parameters except

The essence of variational inference is to search over q € Q, for some set Q of
density functions. The goal is to find out the optimal g-density function g* (0) , with
the minimum KL divergence with the actual posterior p (8|y).

MEFVB essentially assumes independence among parameters in the posterior, which
may not exist in the actual posterior distribution. The independence assumption,
based on the chosen parameter partition, can be unrealistic in cases with high pos-
terior correlations among parameters, resulting in poor approximations. The spe-
cific parametric families used for each approximating density factor q; (6;) are de-

termined through the variational approach.
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Since the marginal log-likelihood can be expressed as follows:

logp(y)zlogp(y)/eq(H)dﬁ’: ecl(‘9)10gp(y)d¢9

/
/
:/@q(@)log{pq(?z’g?)}d0—|—/®q(0)log{p?g?;)}d@

= logp (y;q) + KL {q (0) H p (0|y)} :

Therefore, minimizing the KL divergence is equivalent to maximizing the lower

bound on the marginal likelihood p (y; q) . With the product restriction being

q(0) = HCIj (6;),

the optimal g-density functions can be obtained via an iterative coordinate ascent
algorithm (Bishop, 2006; Ormerod and Wand, 2010). Define

Ey-a, {logp (4.0)) = [1ogp (v.6) [Ja (6 d6i.
k#j

to be the log posterior averaged over the current estimates of the approximating den-

sity functions for all but the i-th parameter vector.

An updated value of the lower bound on the marginal log-likelihood at the end
of each iteration is given by:

logp (y:q) = Eq[log {p (y,0)}] — E, [log{q(0)}].

The steps of MFVB algorithm are as follows:

* Select a parametric family for the variational distributions q; (6;), such as a
Gaussian with mean and variance as parameters and initialize the variational
distributions q; (61),...,94(04) .

e [terative updates are used:
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exp [Eq(—a,) {logp (y,0)}]
Jexp [Eq-a,) {logp (y,0)}] d6,

q1 (01) «—

exp [Ey(-a,) {logp (y,0)}]
Jexp [EQ(*ed) {logp (v, 9)}] dfg
until the increase in lower bound on the marginal likelihood p (y; q) is negligi-
ble.

qa (04) <—

Although the forms of the approximating density functions g, (6;) are not spec-
ified, the structure of the statistical model ensures that the solution falls within a
specific parametric family for each of the approximating density functions g, (6,).
If all parameters in a model are conditionally conjugate, the approximating density
functions can be expressed in closed forms. If the form of the approximating density
function g, (8;) can not be recognized as a standard distribution, numerical inte-
gration methods need to be used to estimate the marginal likelihood, making the

computation more demanding.

Upon convergence, the MFVB algorithm shows that the optimal occurs when

q; (8;) o< exp [Eq—0,) {logp (0,9)}], 1<j<d.

This implies that the logarithm of the optimal solution for each factor is obtained
by taking the logarithm of the joint density function over all random and observed
variables and calculating its expectation with respect to all other factors q; (01) , k # j
(Ormerod and Wand, 2010). An alternative expression for q; (6;) is

0} (0;) o< exp [Eqy_o,) {logp (6;]rest) }], 1< <d,
where
e “rest" = all of the random variables excluding 6,, i.e. {01,...,0;_1,0,+1, ...,04}
and

* p(6;|rest) = the full conditional density function of 6; based on DAG related

concept in Theorem 1.9.1.
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It immediately follows that
a5 (8;) o exp [Ey—o,) {logp (6;|Markov blanket of 6;)}], 1< j <d.

This is knows as the locality property of DAGs. For large DAGs, this property offers
significant algebraic advantages. In particular, it shows that the optimal g-density
function g7 (6;) rely solely on local computations on the model’s DAG.

For the description of the DAG, please refer to Section 1.9.

1.14 Matrix Results

From Searle (1982), we have the following matrix results using in this thesis.
Result 1.14.1 If A and B are m x n matrices, then tr (A" B) = vec (A)" vec (B).

Result 1.14.2 Let v be a random vector. Then

E (vv") = E(v)E(v)" +Cov(v) and E <H’UH2> = || E (v) H2 + tr {Cov (v)}.

Result 1.14.3 Let v be a random vector and let A be a fixed matrix with the same

number of rows as v. Then

E (v"Av) = E (v) AE (v)" +tr {ACov (v)}.

Result 1.14.4 Let A be a symmetric invertible matrix and  and b be column vectors
with the same number of rows as A. Then

%mTA:B +blx = —% (a: - A’lb)T A (:13 — A’lb) + %bTAlb.

Result 1.14.5 If a and b are vectors of the same length, then

la—b]" = la]" — 2075+ [|o]".

1.15 Thesis Structure

Having provided the necessary background information, we now proceed to present

our novel research on the three-category GAM selection. Chapter 2 explores the
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MCMC approach with use of the Laplace-Zero/Grouped Lasso-Zero priors on Gaus-
sian and binary responses and the application on real data sets with methodology
implemented. Chapter 3 investigates the Grouped Horseshoe distribution proper-
ties and explores the MCMC approach with use of the (Grouped) Horseshoe priors
on Gaussian and count responses with simulation study. Chapter 4 continuous from
Chapter 2 by applying the MFVB approach as a faster option and the application
on real data sets with methodology implemented. Chapter 5 shows the simulation
study of Chapter 2 and Chapter 4. Chapter 6 extends the work in Chapter 2 and
Chapter 4 to the three-category GAMM selection with random intercept in grouped
data with simulation study. Chapter 7 applies the methodology given in Chapter 6
to the Australian Red Cross Blood Service data.
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1.A Derivation of Result 1.8.2

1
Suppose that z|a ~ N (0,02 /a) ,a ~ Inverse-Gamma (1, 5) ., we will show that

b(r) = 5 xp (—‘%) ,

x ~ Laplace (0,0),

which is equivalent to

with 0 as location parameter and o as scale parameter.

Derivation:
Firstly,

zla ~ N (0,0%/a) ,a ~ Inverse-Gamma (1, %) .

is equivalent to

Then
—+oo “+o0
pie)= [ p@ayda= [ p(sla)pla)da
400 1
1 2\ (3) o\
— / s &P (— 2a02) (D) (a) exp (——) da
0
—+o0
1 _1 1 [ 22
= o CL( 2) eXp{—§ (—2+a)}da
0
1/ x? .. .
Let us look at the term AP + a | inside the integral. We have
ao

RYE N I G

2a02
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Therefore

1 (-3 (a0 —|o[)”
p(x )—2—exp - / \/_ (a) >exp< 53 )da.

The result is proven if we can show that, for all z € R,

\/12_7r (a)(_%) exp (—%) da = 1. (1.7)

In the next part, firstly, we show (1.7) for z = 0. Then we show (1.7) also holds for
x #0.

The z = 0 case:

When = = 0, the left-hand side of (1.7) becomes

\/12_7Ta(_%> exp (—%) da = \/% a@_ ) exp <—§> da
T ) (2] 2y
w| ) TO) 2 2
_ VG

N

3

11 1
Since the last-written integral is that of the Gamma (5, 5) distributionand I' (5) =

V7, (1.7) holds for x = 0.

The x # 0 case:

Make the following substitution for the integral in (1.7):

b=a""' then a =b""' and
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da_ 9 I
%——b then da = —b~“db.

The integral in (1.7) becomes:

L (- (a0 — |])”
\/%a< )exp <_W) da

+o0

0
1 1 — (bt — |2|)? N
= \/—2_Wb<2)e><p< ( 2b—10—2‘ ) ) (=07%) db
+o0
+oo

i V2rb? ()

The last-written integral is that of an Inverse-Gaussian density function with mean
7 Hence, the integral is 1. Therefore, (1.7) holds for all z # 0 as well.

]

1
Hence, p (z) = 55 &P (_M) , which is equivalent to = ~ Laplace (0, o).
g o

From the above two cases, the following is approved:

if z|a ~ N (0,02 /a) and a ~ Inverse-Gamma (1, %) , then

<]

z ~ Laplace (0,0) and p(z) = %exp (—7) :
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1.B Derivation of Result 1.8.3

Suppose that z|a ~ N (0, (1/a) 62I,) . z is a d x 1 vector and

d+1 1
a ~ Inverse-Gamma (%, 5) .

We will show that

where ||z||, = /a7 + 23 + ... + 22
Derivation:
Firstly,
2la ~ N (0, (1/a) 0I,) and a ~ Inverse-Gamma (% %)
is equivalent to
x|a ~ N (0,a0°1,;) and a ~ Gamma (%, %) .

p(x) :/+Oop(ac,a)da:/+oop(a:\a)p(a)da
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Now we make the claim that
h (00 — [1al},)’
L (-3) _\ag 7 1l _
/ \/%a 2) exp { 002 } da =1 (1.8)

0
for all d x 1 vector of x.
Let |h| = ||wH2, then (1.8) is equivalent to

h (a0 — [1)?
1 (_l) (a0 — h B
/ \/%a 2) exp { 570 } da =1 (1.9)
0

forall h € R.
(1.9) is approved (with z instead of k) in (1.7) for Result 1.8.2.

In summary,

where

Therefore

“”“”&ww

where ||z||, = /27 + 23+ ...+ 22 and

p (x) ~ Laplace (0,01,) .
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Chapter 2

Generalized Additive Model
Selection Via Markov Chain
Monte Carlo

Declaration = The method and results presented in this chapter are presented in the
paper Bayesian Generalized Additive Model Selection Including a Fast Variational Option
(He and Wand 2024). I certify that this publication was a direct result of my research
towards this PhD, under the supervision of my principal supervisor Prof Matt Wand,
and the reproduction in this thesis does not breach any copyright regulations.
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2.1 Introduction

Nowadays many data sets have a large number of predictors. When we use non-
linear regression analytic methods, such as generalized additive models, one of the
most important concerns is to find out which predictors impact to the response.
In this chapter, we aim to categorize each predictor’s effect type into one of three
classes: having zero effect, having a linear effect or having a non-linear effect on the
mean response, and the forms of their possibly non-linear effects. We call this as the
three-category model selection problem of generalized additive models.

For additive models, there are penalty-based model selection algorithms similar
to the least absolute shrinkage and selection operator (LASSO) that are available
in several R packages. For example, cosso (Zhang and Lin, 2013) uses component
selection and smoothing operation. It can determine predictor’s effect is either non-
linear or zero, but designation of linear effects are not part of the methodology.

Chouldechova and Hastie (2015) achieved categorizing predictors’ effect types
with the frequentist approach by the LASSO, Demmler-Reinsch spline bases, regu-
larization paths and cross-validatory selection of the regularization parameter with
R package gamsel (Chouldechova and Hastie, 2022). We call this as the regulariza-
tion path approach in this thesis. It has the attraction of obtaining a family of selected
models along the regularization path. If one wants to choose a single model then the
cross-validation needs to be used to get the global cross-validation minima, which is
not always easy in practice.

Our work is to produce new algorithms with two approaches under Bayesian
fitting and inference for both Gaussian and binary responses, for the three-category
model selection problem for generalized additive models. We build on the LASSO
and Demmler-Reinsch spline bases to maintain the orthogonality. The first approach
is Markov chain Monte Carlo (MCMC), described in Chapter 2. The second approach
is mean field variational Bayes (MFVB), which is the fast option for model selection,
described in Chapter 4. Our algorithms of both MCMC and MFVB are implemented
in an R package gamselBayes Simulation studies and application on actual data are
described in Chapter 5.

To make our methodology being independent of units of measurement, we use
standardization forms of the original input data in the Bayesian fitting and inference,
described in Section 2.2.2.

To allow sparseness of coefficient vectors and get the resulting sparse fits, we use
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the Laplace-Zero priors. However, the Laplace-Zero distribution is not amenable to
Markov chain Monte Carlo and mean field variational Bayes fitting algorithms. To
solve this problem, we use tailored auxiliary variable representations, described in
Section 2.3.4, Section 2.3.5 and Section 2.3.6.

For Gaussian responses, the description of the full model is described in Section
2.4.2. For binary responses, the description of the full model is described in Section
2.4.3.

To implement practical fitting algorithms for Markov chain Monte Carlo, we use
Markov blanket to work out the posterior distributions of each parameters in our
full model, described in Section 2.5.3. The posterior distributions are all in standard
forms for practical implementation. Therefore, the Markov chain Monte Carlo sam-
pling reduces to Gibbs sampling for the model. The MCMC fitting algorithm list-
ing is given in Algorithm 2 in Section 2.5.3 for implementation into R. The sufficient
statistic matrices described in Section 2.5.1 offers computational speed-ups. Notation
for fitting algorithms is described in Section 2.5.2. Based on posterior distributions
of MCMC, the model selection strategies and simulation studies for default value
of threshold parameter described in Section 2.6. Further simulation study of clas-
sification performance comparison among our MCMC, MFVB and other methods
described in Chapter 5.

Throughout Chapter 2, “rest" denotes the set of other random variables in model
(2.28).

The additive structure of generalized additive model (GAM) described in this
chapter is given in Section 2.3. The independence assumptions of GAM is given in
(2.28) for Gaussian responses and Section 2.4.3 for binary responses. The additive
part uses splines for non-linear effects. The predictors include binary predictors and
continuous predictors. The number of binary predictors is d,. The number of contin-
uous predictors is d,.

For generalized additive model described in Section 2.2-2.5, the sample size is
n. The response y is a n x 1 vector. The linear design matrix X is a n x (d, + d,)
matrix. The Z; matrix containing the canonical Demmler-Reinsch basis is a n x K
matrix, with 1 < 5 < d,, K, as the number of basis functions for the j-th continuous
predictor with default value of 12. Throughout this chapter, y vector, X matrix and
Z matrix are all fixed.

Our simulation study suggests a good default threshold value 7 as 0.5 for MCMC

given in Section 2.6.3. The data were generated with 30 continuous predictors, 10
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having “true" linear effects, 10 having “true" non-linear effects and 10 having “true"
zero effects. The sample size varied as n € {500, 1000, 2000} . The error standard de-
viation varied as 0. € {0.25,0.5,1,2} . The threshold varied as 7 € {0.1,0.3,0.5,0.7,
0.9} . For each combination of sample size and error standard deviation, we ran sim-
ulation on 100 independently generated data sets.

We applied Algorithm 2 to two real-world datasets — the mortgage and the ed-
ucational dataset given in Section 2.7, to demonstrate the practical applicability of
the approach. The mortgage dataset used in Section 2.7.1 contains 2, 380 observa-
tions and 18 predictors. The educational dataset used in Section 2.7.2 contains 420
observations and 9 predictors.

We conducted a simulation study on a prediction accuracy evaluation metric
given in Figure 2.4 of Section 2.6.3. The threshold varied as 7 € {0.1,0.3,0.5,0.7,
0.9} . The sample size varied as n € {500, 1000,2000} . The error standard devia-
tion varied as 0. € {0.25,0.5,1,2}. Moreover, hyperparameters sensitivity checks

are given in Section 5.4.

2.2 Original Input Data and Transformed Data
2.21 The Original Input Data
The original input data are as follows:

(z%, &7, y®), 1<i<n,

i 2% 0 Jg

where
z™ = d, x 1 vector of predictors that can only enter the model linearly
(e.g. binary predictors),
x"™® = d, x 1 vector of predictors that can enter the model either linearly
or non-linearly
and

orig

y;® = the ith entry of y, y is a n x 1 vector of original response data.
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For 1 < i < n, the jth original predictor data is denoted to be:

;3* = the jth entry of ™, the jth original predictor can only enter the model
linearly, 1 <j <d,

and

75 = the jth entry of &;", the jth original predictor can enter the model either

linearly or non-linearly, 1 < j <d,.

2.2.2 Standardization of the Input Data for Fitting and Model Se-
lection

Standardization of the original input data makes our methodology independent of
the units of measurement for fixed hyperparameter settings and also provides im-

proved numerical stability.
The full data to be used for fitting and model selection are

(ihdji’yi)’ 1 S l S n,

where

or1g

x, = standardized data versions of a x;

orig

. = standardized data versions of a x;

ong

y; = standardized data versions of y;

For 1 < ¢ < n, after standardization, the jth transformed predictor data is de-
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noted to be:

:%ij = the jth entry of ¢;,1 < j < d,, the jth transformed predictor can only enter the

model linearly
and

T, ; = the jth entry of z;,1 < j < d,,the jth transformed predictor can enter the

model either linearly or non-linearly.

Then for fitting and model selection we replace the #:* by z,; = (Z5;* — a;) /bs

where

n n

1 O ori: — 1 o,ori 2
= LY and b= Y () 2

with 1 < j < d, for predictors can only enter the model linearly, 1 <i < n.

And we replace the Z* by &,; = (I};* — ¢,) /d, where

n n

]- ® ori: — 1 ® ori
o = ﬁzxijg and d, = — 12 (e — Cac)Q, (2.2)

i=1 =1

with 1 < j < d, for predictors can enter the model either linearly or non-linearly,
1< <n.
For 1 < i < n, this transformation of the original predictor data implies that the

transformed predictor data are centred in that
» #;=0,1<j<d, and » #;=0, 1<j<d,. (2.3)
i=1 i=1

For Gaussian responses, the standardized response data for fitting and model

selection are made scale-free as follows:

n

) 1 , i .
U = 5y, sy = | (U )" 1<i<n, (2.4)

i=1

orig

is the sample standard deviation of the y;™s.
For binary responses, the y;s are not pre-processed and remain as values in {0,1}.
Algorithm 1 in Section 2.5.1 provides the operational details of the standardiza-
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tion process.

2.3 Design Matrices and Auxiliary Variable Represen-

tations for Parameters

2.3.1 Generalized Additive Model Form for the Full Model

For Gaussian responses, we have g () = p (referred to Section 1.10 for the choice
of g (+)). This is called the identity link. It directly models the mean of the response
without transformation. Here, g (+) is of the mean of y, with :%ij fixed, with1 <i<n
and 1 < j < d,, and with iij fixed, with1 <i<nand1<j <d,.

Generalized additive models involve linear predictors having generic form

Yij = Bo + Z Bty + Z i (i”) (2.5)

for scalar parameters S, ..., 54, and the f; are smooth real-valued functions over an
interval containing the i;ij data, 1 <i<n.

From (2.5), we have below detailed form for our generalized additive full model

K;
ﬁ0+z{ nﬁ] @CC]}—i—Z{ ”BJ ®$]}+Z{Z nu]k @Z]k}
k=1
do+de d [ K; ]
j=1 | k=1
de
:6O+X6+ZZ]"U,]'

j=1

de
=0+ X (v,08) + D2, () 26)
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where

X = the linear design matrix, a n x (d, + d.) matrix;

B=v,0 B, Bis the linear term coefficients vector for matrix X, a (do +ds) x 1
vector;

v, = auxiliary probability parameters for 3, a (d, + d.) x 1 vector;

B = auxiliary parameters for 3, a (d, + d.) x 1 vector;

Z; = matrix containing the canonical Demmler-Reinsch basis for z;, a n x K;

matrix , 1 < j < d,;
K; = The number of columns in Z;
u; = v,;u;, u;is the spline coefficients vector for matrix Z;, a K; x 1 vector,

1 <j<d;
Vu; = auxiliary probability parameters for u;, ascalar ,1 < j <d,
and

u; = auxiliary parameters for u;, a K; x 1 vector ,1 < j < d,.

Also denote

X. = XZ] Wlthlglgn, 1§j§do+d.,
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and

| Znjk |

Throughout Chapter 2, y vector, X matrix and Z matrix are all fixed.

The linear design matrix X, its linear term coefficients vector 3, and 3’s auxiliary
parameters 7,;, Bj, 1 <j <d,+d,, used in our full model are described in Section
2.3.2 and Section 2.3.4 respectively. The matrix containing the canonical Demmler-
Reinsch basis Zj, its spline coefficient vector u;, and u;’s auxiliary parameters v, ;,
u;, 1 < j <d,, used in our full model are described in Section 2.3.3 and Section 2.3.5

respectively.

2.3.2 The Linear Design Matrix

The linear design matrix is the following n x (d, + d.) matrix:

o e
Iy Iy

o
I

T 3T
L, Ty

Let B be the (d, + d.) x 1 vector of corresponding coefficients for linear effects. x; is
a d, x 1 vector, which stands for standardized predictors can only enter the model
linearly, and ; is a d, x 1 vector, which stands for standardized predictors can enter
the model either linearly or non-linearly, 1 <i <n.
From the standardization of original input data descried in Section 2.2.2 and (2.3),
it offers simplification to be
1”’X =0 (2.7)
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2.3.3 Canonical Demmler-Reinsch Basis Design Matrices

We denote :icj asan x 1 vector as follows, with 1 < j < d,:

.

The construction of Z; matrix, containing the canonical Demmler-Reinsch basis for
the predictor data ;, is described in Appendix 2.A,1 < j < d,. We will refer to the
columns of Z; as the canonical Demmler-Reinsch basis for the Z;s.

The Z matrix we construct according to Appendix 2.A satisfies:
ZjTln = Z]szj =0, and Z;FZJ» is a diagonal matrix, 1< j <d,. (2.8)

Spline bases satisfying (2.8) are referred to as having a Demmler-Reinsch form.
We require a version of Z; for &;, 1 < j < d,. Denote the canonical Demmler-
Reinsch basis matrices by
Zy,...,2Z,,.

with Z, having dimension n x K. Let

U, ...,Uyg

be the corresponding coefficient vectors, where u; has dimension K; x 1.

2.3.4 Linear Term Coefficients with Auxiliary Variable Representa-
tions

In our full model, let 8 denote a (d, + d.) x 1 vector of linear term coefficients for

the linear design matrix X described in Section 2.3.2. For each 5,1 < j < d, + d.,

it has the following Laplace-Zero family of prior distributions for the sparseness of
coefficients:

b (Bjlos, ps) = pa (208) " exp (—[B;]/os) + (1 = ps) 60 (B8;) , 1 < j < do+da  (29)
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for parameters o, > 0and 0 < p, < 1. §; denotes the Dirac delta function at zero. The
Laplace-Zero distribution is a “spike-and-slab" mixture of a Laplace density function
and a point mass at zero (e.g. Ishwaran and Rao, 2005).

When p; = 1, (2.9) corresponds to the Bayesian LASSO approach descried in Park
and Casella (2008). In that article it is pointed out Bayes estimation does not lead to
sparse fits for the purely Laplace situation. Therefore, we use Laplace-Zero priors
with the attraction of having a point mass at zero of posterior distributions that in-
duces a sparse solution. This aspect is further exploited in Chapter 4 for principled
model selection strategies.

The Laplace-Zero distribution is not amenable to Markov chain Monte Carlo and
mean field variational Bayes fitting algorithms due to its non-standard full condi-
tional distributions. We re-express (2.9) using auxiliary parameters b,;, and 7;;,1 <

j < d, + d., and auxiliary parameter fi In our full model, we set

B=~,08. (2.10)
~ 1

Bjlbsj, 02 ~ N (0,02/bs;) , by; ~ Inverse-Gamma (1, 5) , 1<ji<d,+d, (2.11)
755 ~ Bernoulli (p;) ,1 < j < d, + d.. (2.12)

From (2.11), using auxiliary variable representation stated in Result 1.8.2, we
have
Ej ~ Laplace (0,0,), 1 <j <d,+ d,. (2.13)

From (2.13) and (2.12), using auxiliary variable representation stated in Result
1.8.4, we have
B; ~ Laplace-Zero (0,02, p5), 1<j < do+ da. (2.14)

Therefore, (2.14) is equivalent to (2.9), which means each (; in linear term coeffi-
cients vector 3, having Laplace-Zero family of prior distributions, 1 < j < d, + d..
The scale and mixture parameters in (2.9) have the following prior distributions:

o, ~ Half-Cauchy(s;), (2.15)

1

for hyperparameters s, > 0, p; = -.
The Half-Cauchy distribution is not amenable to Markov chain Monte Carlo and
mean field variational Bayes fitting algorithms due to its non-standard full condi-
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tional distributions. In our full model, we set
2 1 1 2
o;las ~ Inverse-Gamma 3 1/as | and a, ~ Inverse-Gamma 2 1/s5 ). (2.16)

Using auxiliary variable representation stated in Result 1.8.1, (2.16) is equivalent
to (2.15), which means o, ~ Half-Cauchy (s;) .

2.3.5 Spline Coefficient Vectors with Auxiliary Variable Represen-

tations
In our full model, let w4, ..., uq, be the full set of spline coefficient vectors for the
canonical Demmler-Reinsch basis matrices Z1, ..., Z,,, described in Section 2.3.3,

where u; is a K x 1 vector for corresponding matrix Z;, where Z; is a n x K; matrix
with 1 < j < d,. For each wu;, it has the following group Laplace-Zero family of prior
distributions for the sparseness of spline coefficient vector:

P (ujlouj, pu) = pu (CKjauj)_l exp (—HujH/auj) +(1—pu)do(u;),1 <j<d,. (2.17)

for parameters o,; > 0 and 0 < p,; < 1 and with Cy, = 2575V (L(K; + 1)).
T
J
K; x 1 vector of zeros.

1
Here ||u;|| = (ufu;)2 and 6, denotes the Kj-variate Dirac delta function at O, the
When p, = 1, (2.17) is described in Kyung et al. (2010) using the phrase group
LASSO for the family of priors. In Yuan and Lin (2006), it describes the extension
of the ordinary LASSO is treating the elements of vector coefficients together as an

Y

entity. When penalty terms meet certain conditions, penalty terms of the form A||@

for some A > 0, all entries of the vector coefficients can be estimated as exactly zero.
Chouldechova and Hastie (2015) using the frequentist approach to generalized ad-
ditive model selection apply this idea to the spline coefficient vectors. Let u be an
estimate of u, and w is vector of spline coefficients. Then u = 0 or u # 0 allows for
smooth function effects to be categorized as either linear or non-linear.

In order to invoke the sparse fits, keeping with (2.9) in Section 2.3.4, we extend the
group LASSO distribution to a K;-variate “spike-slab-form", 1 < j < d,. Therefore,
we have the group Laplace-Zero priors with the attraction of having a point mass of a
K; x 1 vector of zeros.

The group LASSO distribution is not amenable to Markov chain Monte Carlo

and mean field variational Bayes fitting algorithms due to its non-standard full con-
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ditional distributions. We re-express (2.17) using auxiliary parameters b,;, 7,, ;, and
u;, 1 < j <d,. In our full model, we set

~ ind. ind. ]- ]-
W;|by;, 02, % N (0, (02,/by;) Ir;) ,bu; ~ Inverse-Gamma (5 (K;+1), 5) . (2.19)
Yu; ~ Bernoulli (p,),1 < j < d,. (2.20)

From (2.19), using auxiliary variable representation stated in Result 1.8.3, we
have
u; ~ Laplace (0, 0,1 g;) - (2.21)

From (2.21) and (2.20), using auxiliary variable representation stated in Result
1.8.4, we have

u; ~ Laplace-Zero (0,0. I, pu),1 < j < d.. (2.22)

? u]

Therefore, (2.22) is equivalent to (2.17), which means spline coefficient vector u;
having group Laplace-Zero family of prior distributions, 1 < j < d,.

The scale and mixture parameters have the following prior distributions:
Tuj £ Half-Cauchy(s,), 1<j <d.. (2.23)

for hyperparameters s, > 0, p,, = 1

The Half Cauchy distribution is not amenable to Markov chain Monte Carlo and
mean field variational Bayes fitting algorithms due to its non-standard full condi-
tional distributions. In our full model, we set

ind. ]- ind. 1 .
02;|a,; = Inverse-Gamma (5, 1/ auj) ,ay; ~ Inverse-Gamma (5, 1/s2),1<j<d,.
(2.24)

Using auxiliary variable representation stated in Result 1.8.1, (2.24) is equivalent
to (2.23), which means o, i Half-Cauchy (s,),1 < j < d,.
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2.3.6 Standard Deviation with Auxiliary Variable Representations

Our prior distribution for standard deviation o is:
0. ~ Half-Cauchy (s.), (2.25)

The Half Cauchy distribution is not amenable to Markov chain Monte Carlo and
mean field variational Bayes fitting algorithms due to their non-standard full condi-

tional distributions. In our full model, we set
2 1 1 2
oZ|a. ~ Inverse-Gamma 2 1/a. ) and a. ~ Inverse-Gamma 2 1/s2). (2.26)

Using auxiliary variable representation stated in Result 1.8.1, (2.26) is equivalent
to (2.25), which means 0. ~ Half-Cauchy (s.).

2.4 Essence of the Bayesian Model

In this section we describe, in essence, the Bayesian model.

2.4.1 The Likelihood of the Response

Based on the linear design matrix X and its linear term coefficients vector 3 de-
scribed in Section 2.3.2 and Section 2.3.4 respectively, and based on the matrix con-
taining the canonical Demmler-Reinsch basis Z; and its spline coefficient vector
u;,1 < j < d,, described in Section 2.3.3 and Section 2.3.5 respectively, and the
standard deviation 0. described in Section 2.3.6, the likelihood of the response of

our full model is:

de
y|60a16775717’17 ce 7{l’d.7/yu1a s 7rYUdo’0-§ ~ N <1n507+X(7B ®/6) + sz(vu]ﬂj)7o-€21—n> ’
j=1

(2.27)

2.4.2 The Full Bayesian Gaussian Response Additive Model Selec-
tion

For Gaussian response, based on the likelihood function in (2.27) given in Section

2.4.1 and model description described in Section 2.3, we set up the full model to be:
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" ~ ~ 2
y‘@OaVﬁaIBqula cees Vdey ULy -, Uy, O ™

de

N (Lﬂo + X(Vﬁ QB) + ZZJ(’YUJ,E’J')?O—?IH) s BO ~ N(O’O%O)’

J=1

o2|a. ~ Inverse-Gamma (3,1/a.), a. ~ Inverse-Gamma (1,1/s?)

755 * Bernoulli (p,) , §j]0%.bag ¥ N (0,03/by;) , 1< j < do+d,

bsj ~ Inverse-Gamma (1,3), 1< j <d,+d.,
Vuj % Bernoulli (p,), 1< j <d.,

w;|o2;, by © N (0,(02,/by)IK,), by ~ Inverse-Gamma (1(K; +1),1), 1<j <d.,

ujr U

o3|as ~ Inverse-Gamma (4, 1/a,) , a, ~ Inverse-Gamma (3,1/s%)

ool X Inverse-Gamma (1, 1/a,;) , a,; ~ Inverse-Gamma (1,1/s2), 1< j <d,.
(2.28)

The full set of hyperparameters in model (2.28) is:

og, = 10°, s, =5, =5, = 1000, p; = p, = 1.

The distributional assumptions on the parameters using tailored auxiliary vari-
able representations, stated in (2.28), enable Gibbs sampling for the MCMC. Gibbs
sampling is fairly straightforward since the full conditional distributions of param-
eters all have standard forms, which is a must for the derivation of the closed forms
updates for the MFVB algorithm described in Chapter 4. The specific values of hy-
perparameters and the initial value used enable non-informative priors, to ensure
that the posterior inference is driven primarily by the data, rather than subjective or
arbitrary prior assumptions.

Figure 2.1 shows the directed acyclic graph corresponding to model (2.28).

The directed acyclic graph (DAG) Figure 2.1 is useful for determination of the
full conditional distributions of parameters for Markov chain Monte Carlo fitting
algorithms. This is due to the fact that the full conditional distribution of any node

on the graph is the same as the distribution of the node conditional on its Markov
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Sy

Bo

Figure 2.1: Directed acyclic graph representation of Bayesian model (2.28) for Gaussian response.
Random variables and vectors are shown as larger open circles, with shading indicating to the observed
response data. The small closed circles are user-specified hyperparameters.

blanket (e.g. Pearl, 1988). The Markov blanket of a node consists of its parent node,
co-parent nodes and child nodes.

For example, when computing full conditional distributions of 3, we look for its
parent nodes: ag and by, its child node: y, and its co-parent nodes: /3y, v,, u, .. .,
Udy, Yurs - - - Yua,» and o2. Then we work out the full conditional distribution of B as

following;:

p(/6|re8t) = p(ﬁ‘ﬁ()?’Yma’la ce 7ad.77u17 te 77ud.70-52)

X p(y|ﬁ07/677ﬂ7;["17 s 7:l1d.7/7u17 s 77ud,703)p(ﬂ|037bﬁ)-
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2.4.3 Bayesian Probit Additive Model Selection

For binary responses, below is the adjustment to our likelihood to model (2.28) de-
scribed in Section 2.4.2, with 1 < ¢ < n:

yi’50773a/677u17 cee 77ud.7u17 <oy U,

| ( ( o (2.29)
% Bernoulli | & | 5y + (X(fyﬁ®ﬁ>+zzj(vujﬁj>> :

Jj=1

Following Albert and Chib (1993), we introduce an auxiliary random variables vec-

torc = (cy, ..., c,) such that

y;=1 ifandonlyife; >0, 1<i<n,

. (2.30)
yile; ~ Bernoulli (I (¢; > 0)).
and impose the following conditional distribution on ¢ = (c4, ..., ¢,) :
C‘@Oa757§77ﬂ17 v 77ud.a17'17 s 717'03.
~ de (2.31)
j=1

In Figure 2.2 for binary responses, the prior distributions on /3, 7, B, Yals -+ Vug,
and uy, ..., u,, are the same as in the Gaussian response case in Figure 2.1. However,

the error variance variables o2 and a. are not present for the binary response data
model in Figure 2.2. Therefore, our binary response model is modified to Figure 2.2
from Figure 2.1, where y distributional specification is replaced by (2.30) and (2.31).

2.5 Posterior Distributions for Markov chain Monte Carlo

Practical Fitting

We use sufficient statistic matrices described in Section 2.5.1 for both Markov chain
Monte Carlo and mean field variational Bayes fitting algorithms. These sufficient
statistic matrices offer computational speed-ups in implementation to facilitate scal-
ability to large data sets.
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Figure 2.2: Sub-graph of the directed acyclic graph for the binary responses adjustment to (2.28).
This graph is the same as that shown in Figure 2.1 except for locations near the response variables
node. The new graph has the following modifications: (1) the o2 and a. nodes are absent, (2) a hidden
node c corresponding to the the Albert-Chib auxiliary variables is added to the position held by y in
the Gaussian responses graph and the binary responses observed data node c is a parent of y.

Section 2.5.2 lists some notation used in our algorithm listing, for both Markov
chain Monte Carlo and mean field variational Bayes.

The most accurate practical approach is Markov chain Monte Carlo (e.g. Gelfand
and Smith, 1990). In order to implement the practical fitting algorithm of Markov
chain Monte Carlo, we need to work out the approximation of the posterior dis-
tributions of each parameter, which are the hidden nodes on the directed acyclic
graphs. Using Markov blanket, based on Theorem 1.9.1, we work out the full condi-
tional distributions of parameters. The full conditional distribution results are listed
in (2.36) — (2.48) in Section 2.5.3, with derivation details given in Appendix 2.B.

2.5.1 Pre-Processing and Storage of Key Matrices

Algorithm 1 in this subsection provides detailed steps of standardization of original
input data described in Section 2.2.2. It makes our methodology independent of

units of measurement. Conversion of final results to the original units is done after
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running our Bayesian inference algorithms.

Algorithm 1 also provides detailed steps in computing and storing the sufficient
statistic matrices for computational speed-ups. It helps to maintain our Bayesian
generalized additive models fitting in a stable and efficient manner. Once the linear
design matrix X and matrices containing the canonical Demmler-Reinsch basis Z
are computed, the sufficient statistic matrices, suchas X'y, X" X, Z"y, Z" X, Z" Z
are able to compute. These matrices appear a couple of times, in both posterior
distributions of parameters for Markov chain Monte Carlo described in Section 2.5.3
and g-density approximation for mean field variational Bayes described in Chapter
4. These sufficient statistic matrices only need to be computed once and stored, then
they can be used repeatedly when needed for computational speed-ups. Therefore,
pre-processing of the original data is an important part of our implementation.

2.5.2 Notation Used in the Fitting Algorithms

In this subsection, we define the notations used in Algorithm 2 in Section 2.5.3. The
notation in (2.32) in this subsection is used to locate a particular row or a particular
column of the sufficient statistic matrices described in Section 2.5.1. These notation
appear in the algorithm listings of our two approaches, Algorithm 2 in Section 2.5.3
for Markov chain Monte Carlo sample drawing, and Algorithm 7 in Chapter 4 for

g-density approximation of parameters for mean field variational Bayes.

K ; = the number of columns in Z;,1 < j < d,,

J
¢ is the (do + 1) x 1 vector with entries ¢; =0 and ¢;; = ZK"” 1<j<d,,
k=1
ZTy"" = the sub-block of ZTy corresponding to rows (¢; + 1) to ¢; 1,1 < j < d,

ZTXY = the sub-block of ZTX corresponding to rows (¢; + 1) to ¢; 1,1 < j < du,
ZTZY7") = the sub-block of ZTZ corresponding to rows (c; + 1) to ¢;;

and columns (¢;s + 1) to (¢;41),1 < 7, 5" < d..
(2.32)
Note that, according to the notation in (2.32),

ZTXY) = Z'X and ZTZY9) =Z'Z,.
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Algorithm 1: Pre-processing of original data and creation of key matrices for input
into Bayesian generalized additive model algorithms.

Inputs: y*¢(n x 1); aoz‘;-’ig(n x1),1<j<d,; :Tc;rig(n x1),1<j<d,

mean(y°®) «— sample mean of y°'¢; st.dev(y°®) «— sample standard dev’n of y°
If y°¢ is continuous then y <— {y°® — mean(y°¢)1,,}/st.dev(y°®)

If y°'8 is binary then y «— y°"®

Forj=1,...,do:

O orig

mean(z*)«— sample mean of &™;

O orig

st.dev(ﬁc;“gy— sample standard dev'n of x
x; +— {7° — mean(x}*)1,}/st.dev(z]"™)
Forj=1,...,d,:
® orig ® orig

mean(:;:;rigy— sample mean of 7™ st.dev(é;ﬂg)% sample standard dev'n of x;

&; «— {7 — mean(& ™)1, } /st.dev(Z]™)
X <_ [:%1 ...aojdoii'l ...d.fd.]
Forj=1,...,ds:

Z; +— n x K; matrix containing canonical Demmler-Reinsch basis for the

data vector Z;, predictor using the construction described in Appendix 2.A.
Z < [Z1...2,)); XTy+— XTy; XTX +— XTX; ZTX +— Z'X; ZTZ «+— Z7 Z;
Outputs: y, X, Z1, ..., Z,,, XTy, XTX, ZTX, ZTZ, mean(y°'s),st.dev(y°),

{(mean(:%;rig)7st.dev(:%;ﬁg)) 1< < do}, {(mean(a?z;’ig)), st.dev(2™®):1<j < d.}

The notational convention e, will be used in our algorithm listings of two ap-
proaches.

e, = a column vector of appropriate length with rth entry equal to 1 and zeros
elsewhere. (2.33)
For example, the kth row of ZTX"” is e} ZTX~’> where e}, is the K; x 1 vector
with kth entry 1 and 0 elsewhere.

The implementation of MCMC following Algorithm 2 in Section 2.5.3 and the
implementation of MFVB following Algorithm 7 in Chapter 4 both would not require
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explicit calculation and storage of e, vectors. The use of notation e, is for array
subsetting code specific for programming steps in algorithm listings, and it avoids
further subscripting in our algorithm listing.

In the binary response case, we use the Albert-Chib auxiliary variables vector ¢ to
replace vector y described in Section 2.4.3. Then the notation of (2.32) for extraction
of sub-blocks of ZTy is replaced by ZTy,gj-

Algorithm 2 for MCMC in Section 2.5.3 and Algorithm 7 for MFVB in Chapter
4, handle both Gaussian response and binary response together. In order to show
programming steps for both responses, we use notations yTlad]-, XTYadj and ZTyad]-
denoted to be:

17y for Gaussian responses,
yT1ag; = adjustment of yT1 =
17c for binary responses,

X"y for Gaussian responses,
XTYadj = adjustment of XTy = (2.34)
X"c for binary responses,

Z"y for Gaussian responses,
ZTy,qi = adjustment of ZTy = . .
Z" c for binary responses.

The main algorithms also uses the following functions:

logit(x)zlog( ’ >

1—=x

expit(z) = logit™" = et (2.35)

¢(z) =log {2¢(x)}, ('(x) = ¢(x) /()

where ® is the N (0, 1) cumulative distribution function and ¢ is the N(0, 1) density

function.

2.5.3 Markov Chain Monte Carlo

For Gaussian response, based on full model description in Section 2.4.2 and Figure
2.1, for binary responses, based on full model description in Section 2.4.3 and Figure
2.2, both provide full algorithmic details for Markov chain Monte Carlo-based ap-
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proximate full conditional distributions of parameters. Using Markov blanket, we

obtain the full conditional distributions of parameters, which are the posterior dis-

tributions, given in (2.36) — (2.48) in Section 2.5.3, with derivation details given in

Appendix 2.B.

1
— 1T
2l (¥) )

Bolrest ~ N (nfo?) + (1/0%) (njo?) + (1/o2) |

~ 1 1 -1
B|rest ~ N( (;(XTX) ® (v 7)) + U—gdlag(bﬂ))

)

X —
2
O-E

Ve © {(XT?J) - E(XTZj)(’Yuﬂj)}] ,

(%(XTX) & (v,47) + %diag(b@) ) ) ,

O¢

bﬂj{rest ~ Inverse-Gaussian (@, 1) , 1 <5 <d,+d,
J

d,+do+1 B diag(b,)8 1 )
) + — y
2 2 ag

o’ ‘rest ~ Inverse-Gamma (

2

1 1
aﬁ}rest ~ Inverse-Gamma (1, — + —) ,
g
B

1
1 + exp(—n;)

(5?\\)%!\2 — 20, X[ [y = X {(7,)-5 © (B) -5}

de
- Z%’(%ﬁ%’)]) ;
=1

fyﬁj‘rest ~ Bernoulli ( ) , 1<j<d,+d,, where

1
202

£

ns; = logit(ps)

-1

Yuj®z; | byl 1 ~
= +0_;) (=) | i (2y— 27X (v, 0 B)
€ uj €

uj|rest ~ N (diag (

(2.36)

(2.37)

(2.38)

(2.39)

(2.40)

(2.41)
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de -1
N 77z, (%j,uj,))},dlag (73 Zs 4 Ju ) ) 1<j<d, (242)

J'#i & uj
buj|1‘est ~ Inverse-Gaussian (Hii”, 1) , 1 <5 <d,, (2.43)
uj
Kj+1 byl 1
03j|rest ~ Inverse-Gamma J 5 5 +— 1, 1< <d,, (2.44)
Ay 5
1 1 .
a,;|rest ~ Inverse-Gamma ( 1, 5 + — |, 1< <d, (2.45)

and

1
1 4 exp(—n;)

fyuj‘rest ~ Bernoulli( ), 1<j<d,, where

_ 1
1y = 10git(pu) — 5

N—

202
de
1 (%j,faj,)} : (2.46)
J'#i
If y is Gaussian response, then
11 1 ~
og‘rest ~ Inverse-Gamma (n ; ) + 5|1y~ 1,80 — X (v, ©B)
de 2
= " Z;(yus) (247)
j=1
and
1 1
ag‘rest ~ Inverse-Gamma (1, — + —2) . (2.48)
UE SE

If y is binary responses, then

yilci % Bernoulli (I (¢; > 0)), 1<i<n,

¢i|rest ~ (2y; — 1) Truncated-Normal.,
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(2y; — 1)

d.
1,60 + X ('YB @[3) +> 7, (%jﬂj)] 1), yi=1or ;=0 (249)
=1

i

The full conditional distributions all have standard forms for practical imple-
mentation of the Markov chain Monte Carlo approach. These include Multivariate
Normal, Inverse Gamma, Bernoulli and Beta distributions. Some full conditional
distributions are Inverse Gaussian, Michael et al. (1976) provides an algorithm for
drawing from Inverse Gaussian distributions. Some full conditional distributions
are Truncated-Normal, similarly, Robert (1995) provides effective solutions for draw-
ing from Truncated-Normal distributions. Therefore, the posterior distributions for
Markov chain Monte Carlo are fairly straightforward. The Markov chain Monte
Carlo sampling reduces to Gibbs sampling for our model.

Algorithm 2 in this subsection lists the full set of steps needed to draw samples
from the posterior distributions of the model parameters. The fact that most of the
draws only require the sufficient statistic matrices from Algorithm 1 given in Section
2.2.2 means that the sampling can be done quite rapidly regardless of sample size.

Following Algorithm 2, the Markov chain Monte Carlo algorithm is implemented
as the R package gamselBayes.
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Algorithm 2: Markov chain Monte Carlo generation of samples from the posterior
distributions of the parameters in (2.28) using Laplace-Zero priors.

Data Inputs: y(n x 1); X (n x (do+ds)); Zj(nx Kj),1<j <d,.
Response Type Input: responseType € {Gaussian, Bernoulli} .
Sufficient Statistics Inputs: XTy, XTX, ZTy, ZTX, ZTZ.
Hyperparameter Inputs: o4, 55, 5:, 5, > 0, 0 < pg, p, < 1.

Chain Length Inputs: NV, and N, both positive integers.

Initialize: 'yg)] — %1do+d.§%&0}

. ~10]
— L 1<j<de; B 04, 4a,

0]
J

0,1 < j < de; (02)9 — 15 0 15 (02— 1; o) 1

u
BY ¢ L4 4a,; D) 1,1 < j < da;

[0]

t,; <— 1,1 <j <de; (02))1 +— 1,1 <j <d..

yTladj +—0; XTyadj +— XTy ; ZTyadj «— 71y

Forj=1,...,de: wyz, +— diagonal <ZTZ<j7j>)
Forg = 17 o '7Nwarm + Nkept :

w1 < yTladj

wr e {nf (@4 (1/03)} 0 A~ N (1)

(02)0 Dy 2

2 (VW) o xx) / (03)7Y + diag (b ) / (02) "

de
wy «— XTy,g; - A (WL%—llﬁgg—l])
j=1

Decompose Q = Ugdiag(do)Uf where UUh =1

_ T Ul 'y[g*l] O ws
2o N(O,D((do+do) x 1) ; BY —Uq (Uﬂz (0! )

_|_
Vg dg (02)l71

(bég])j ~ Inverse-Gaussian (a}f’”/‘ (,é[g]>j D , 1<j<do+d,

continued on a subsequent page . . .
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Algorithm 2 continued: This is a continuation of the description of this algorithm
that commences on a preceding page.

(ag)[g} ~ Inverse-Gamma (;(do +de + 1), 1/a[gg71] + ;ﬁ[g]Tdiag(bEg})B[Qg

ap ~ Inverse- Gamma( {1/ } (1/s )) ; BT — ’ng 1 @5[9}

ug-g_l]

Forj:j[,.”,d.: <:urrF’.y1[f‘]7 1}

Forj=1,...,do +ds:
o g ) (57) S (e

1

j
s +— logit (p,) — 5 { (1T XTXe; — 257on} [ (o2)is-
(,Yég})j ~ Bernoulli (expit(ws))

IBcurr - ,yg]] @B[g} 7 FOI‘j — 17 o 7d. . curr « uj
Forj=1,...,ds:

w6<—ZTyg21] ZTXY) geur ZZTZ i) < lo- 1]1~Lcm)
J'#i

Wy — {fyk‘;—”wzj/(ﬁ)[g_l]} + { b / )l 1]}

z2~N(,Ig;) ; uj™<«— (/\ﬁ) [%J }w6/{w7 Yo— 1]}]
Forj=1,...,d,: ﬁg.g]
Forj=1,...,d,:

b9 ~ Inverse-Gaussian ( l9=1] / H al

~curr
— U

uj

Y

(Uij)[g] ~ Inverse-Gamma <2(Kj +1), {1 lg— 1]} + 1 H Q]H bu]>

Duj
ak‘]} ~ Inverse—Gamma< {1/ } I (1/5%))
Forj=1,...,ds: ,y;l:l]rr<—/yq[‘fji

continued on a subsequent page . . .
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Algorithm 2 continued: This is a continuation of the description of this algorithm
that commences on a preceding page.

Forjzl,...,do:
oy X - S ()
J'#i
. L 1 (=l =l ~o\T 2yl
wg <— logit(p,) — B {wzj (uj O u, ) -2 (uj ) ws} / (%)

Ve ~ Bernoulli (expit (wy))
Forj =1, de 2% gy

w1 —— 1, ([)g] +X(7£;"] @B[9]> +ZZ 71[3] gg
If responseType is Gaussian then

(62)l9) ~ Inverse-Gamma <§(n +1), (1/“?_1}) * %Hy - meQ)

a9 ~ Inverse-Gamma ( { / [9]} + (1 / s?))

If responseType is Bernoulli then
(@2 1
Fori=1,...,n
w11 — Truncated-Normal; ((2y; — 1)(w10)i,1); ¢ +— (2y; — w1y

yTlad]- — 17¢; XTyadj — XTe; ZTyadj «— Z7¢

Outputs: All chains after omission of the first N,,., values.
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2.6 Model Selection Strategies with Laplace-Zero Pri-

ors for Markov Chain Monte Carlo

After obtaining the full conditional distributions of parameters for Markov chain
Monte Carlo, we need to set up the model selection strategies to decide the effect
type of a predictor is zero, linear or non-linear effect. The general rule is that zeroing
of coefficient corresponds to E (ys;]y) < 1 — 7, with 1 < j < d, + d, or E (7, |y) <
1 —7,with1 < j < d,. 7 is the threshold parameter, 7 € (0,1).

2.6.1 Deciding Between an Effect Being Zero or Linear

For Gaussian and binary response generalized additive models described in Section
2.4, recalling that (2.10) in Section 2.3.4tobe 3 = v, ©® B, where B is continuous and

7, is binary. Therefore
P(B; =0y) = P(ys; = 0]y) = 1 = E(vsly), 1<) < do+da. (2.50)

We can use the posterior distribution of y,; todecide 8; = 0or 5; # 0, 1 < j < do+d,.
We use a general rule to be:

1
B; =0 ifand only if P(v,; =0|y) > 7, and 7 = 3 1<i< dy + da, (2.51)
which is equivalent to
1 .
E(yly) <1-7 and 7=, 1<j<do+d.

Our “effect is zero" rule between zero effect and linear effect is

the effect is zero if E(%j‘y) <l—-7, 1<j<d,+d,,
(2.52)

otherwise the effect is linear.

For Markov chain Monte Carlo approach, E(ys,|y), 1 < j < d, + da, is approx-
imate the sample mean of W[i] in Algorithm 2, 1 < g < N,. Simulation study of
deciding default values for 7 for the Markov chain Monte Carlo approach are de-
scribed in Section 2.6.3.
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2.6.2 Deciding Between an Effect Being Zero, Linear or Non-Linear

For Gaussian and binary response generalized additive models described in Section
2.4, recalling that (2.18) in Section 2.3.5 to be u;, = v,;u;,1 < j < d,, where u, is
continuous and =, ; is binary. Therefore, we can use the posterior distribution of v,
to express the posterior distribution of u;:

P(u; = 0ly) = P(yu; = 0ly) = 1 = E(yyly), 1<j<d.,
We use a general rule to be:
u; =0 if and only if P(v,; = O‘y) > 7, and 7 = %, 1<j<d,, (2.53)
which is equivalent to

1
E(vjly)<1-7 and 7=5, 1<j<d..

Recalling that 8 is a (d, + d.) x 1 linear coefficient vector, and u;,1 < j < d,,
being a K; x 1 spline coefficient vector attached to ;, 1 < i < n, under the Bayesian
group LASSO approach to deciding between linear and nonlinear effects based on
the maximum a posteriori estimate of u;, our strategy of deciding between an effect

being zero, linear or non-linear is:

E(vly) <1—7, 1<j <do+ds, and
the effect is zero if E(%j|y) <l-7 1<j<d.

E(ysly) >1—7, 1<j <d,+ds, and (2.54)

the effect is linear if
E(yyly) <1—7, 1<j <d,,

otherwise the effect is non-linear.

For Markov chain Monte Carlo approach, £ (VBj ]y), 1 <j <d,+ d,, is approxi-

mate the sample mean of ,Yg;] in Algorithm 2,1 < g < Ny E (y5]y) . 1 < j < do, is

kept*

approximate the sample mean of 75;] in Algorithm 2,1 < g < N,
From the rules (2.52) of Section 2.6.1 and (2.54) of this subsection, we know that
the lower values of 7 producing sparse fits, which means 7 controls the degree of

sparsity in the model selection. Therefore, we call 7 as the sparsity threshold pa-
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rameter. Even though different values of 7 can be used in model selection, for a
completely automatic model selection methodology, a reasonable and good choice
of default value of sparsity threshold parameter 7 is desirable. We will discuss this
problem in the next subsection.

2.6.3 Choice of Default Value of Sparsity Threshold Parameter

We use the misclassification rate to measure the classification performance of Markov
chain Monte Carlo. For each simulation run, the misclassification rate is the pro-
portion, expressed as a percentage, of the predictors that are misclassified by the
methodology into the classes: zero, linear and non-linear. The lower of the misclas-
sification rate, is the better.

Using both Gaussian and binary response generalized additive models data sets

for simulation, we have
30 continuous predictors:
10 having zero effect;
(2.55)

10 having linear effects;

10 having non-linear effects.

For each simulation run, the misclassification rate is the proportion, expressed as a
percentage, of the 30 predictors that are misclassified by the methodology into the

classes: {zero, linear, non-linear} . The generation of data are as following;:

Each of the predictors were generated from independent Normal distributions.
The non-linear effects corresponded to quintic polynomials with (2.56)

random generated coefficients.

The design of simulation run for each combination of sample size n and error stan-

dard deviation o, to be:

Running simulation on 100 data sets generated; 257)
2.57
Involving generation of new coefficients.
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The settings of the number of continuous predictors d,, sample size n, error standard

deviations o, and sparsity threshold parameter 7 are to be

d, =0, do = 30,

n € {500, 1000, 2000},

o. € {0.25,0.5,1,2} for Gaussian response,

7€{0.1,0.3,0.5,0.7,0.9} .

(2.58)

For each combination of sample size n and error standard deviation 0., we run sim-

ulation on 100 data sets generated. For Markov chain Monte Carlo approach, we use

N,

warm

=N

kept

follow (2.52) of Section 2.6.1 and (2.54) of Section 2.6.2.
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= 1000 from Algorithm 2 in Section 2.5.3. The rules of model selection

Figure 2.3: Side-by-side boxplots of the misclassification rates for the Markov chain Monte Carlo
Algorithm 2 for the simulation study described in the text. Each panel corresponds to a different
combination of sample size and error standard deviation. Within each panel, the side-by-side boxplots
compare misclassification rate as a function of the sparsity threshold parameter 7.
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Figure 2.3 shows the misclassification rate as a function of sparsity threshold pa-
rameter 7 under Markov chain Monte Carlo. Each panel corresponds to a different
combination of sample size n and error standard deviation o.. Within each panel,
the side-by-side box plots show the misclassification rate under different values of
sparsity threshold parameter 7. For low noise level with 0. < 1, there is not much of
a difference in misclassification rates. However, for high noise level with 0. > 1, it
has the advantages of having 7 being 0.5 for lower misclassification rate. Therefore,
the default value of sparsity threshold parameter 7 for Markov chain Monte Carlo is
0.5.

Our simulation study that suggests a good default threshold value of 0.5 for the
MCMC is conducted on a somewhat restricted set of data generated. We list some
trouble-shooting tips that may aid successful use of our R gamselBayes to minimize

the possibility of model misspecification:
¢ Ensure that the input data are free of missing values and non-numerical objects.

¢ Predictors containing gross outliers can lead to problems with penalized spline

titting, so checks and pre-processing to avoid such an issue may be worthwhile.

e If a predictor is strongly skewed then problems with penalized spline fitting
are also more likely. Hence, depending on the strength of the skewness, pre-
transformation of such predictors may be beneficial.

¢ In theory, continuous variables have a large number of unique values. How-
ever, if its measurements have been discretized to the point that the number of
unique values is smaller than around 15-25 then this can lead to problems with
penalized spline fitting. Such a predictor should be restricted to zero or linear,
but not non-linear.

¢ [If the sample size is smaller than around 15-25 then all candidate predictors
have the limitation described there and it may not be feasible to include them
in the input.

To achieve interpretable and parsimonious models, the effect type misclassifica-
tion rate is one of the measurements for model selection. Another measurement is
relative test error, which is one of the five evaluation metrics from the simulation
studies of Hastie et al., 2020.
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The settings of the number of continuous predictors d,, sample size n, error stan-
dard deviations 0., and sparsity threshold parameter 7, are as in (2.58). The contin-
uous predictors generation for data sets are as in Section 2.6.3.

Then we re-ran the Gaussian response simulation studies of Section 2.6.3. Sup-
pose

selected model based on data set 2 corresponds to some additive function 7,
true model corresponds to fi., (2.59)

continuous predictor x is a d, x 1 random vector with density function p(x).

Then the relative test error is

E {{y = f(w)}2

In (2.60), the expectation is over the predictor distribution corresponding to p(x).

&g 3

9] /02 where y ~ N(fuu(x),02). (2.60)

The denominator o2 is the Bayes error, corresponding to the situation where f: firve-
Therefore, the relative test error measures the expected test error relative to the Bayes
error rate. The perfect score is 1 when f,,,. is estimated perfectly.

Our simulation study used 100,000 draws from the predictor distribution. To aid
visualization, we use the log,, transformation to the relative test error values. Figure
2.4 shows that the relative test errors are lower for higher sample sizes under the
same noise level. And it also shows that the relative test errors are lower for higher
noise level under the same sample size. However, we cannot just simply compare
the relative test errors across different noise levels by o.. As the estimators are subject
to bias, there is no clear-cut comparisons of relative test errors across various noise
levels. Figure 2.4 shows that the choice of sparsity threshold parameter 7 does not
affect the relative test errors.

The simulation study in this subsection replace the effect type misclassification
rate used in Section 2.6.3 with the relative test error. It does not change our rec-
ommendation concerning the choice of sparsity threshold parameter 7 being 0.5 for
Markov chain Monte Carlo described in Section 2.6.3.
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Figure 2.4: Side-by-side boxplots of the algorithms, to base 10, of relative test error for the Markov
chain Monte Carlo Algorithm 2 for the simulation study described in the text. Each panel corresponds
to a different combination of sample size and error standard deviation. Within each panel, the side-by-
side boxplots compare relative test error as a function of the sparsity threshold parameter .

2.7 Data Illustration for Markov Chain Monte Carlo

We implemented our MCMC approach as given by Algorithm 2 in Section 2.5.3 in
our R package gamselBayes. In this subsection, we apply our MCMC approach to
two real data sets. The first data illustration involves a relative small mortgage ap-
plication data set using the MCMC approach. The second data illustration involves
data concerning schools in California. For the linear effects variables, we want to
know their positive or negative impacts on the response. For the non-linear effects,
we want to know their forms. These are achieved by using our R package gamsel-
Bayes.
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2.7.1 Application to Mortgage Applications Data

The data frame BostonMortgages within the HRW package (Harezlak et al., 2018)
contains a data set from the Federal Bank of Boston, U.S.A.. There are 2,380 records in
the mortgage application data. There are 18 predictors, some of which are obtained
by conversion from categorical variables to indicator forms. Fourteen are binary
predictors and four are continuous predictors. The fourteen binary predictors can
be categorized as having linear or zero effects. The credit score ranges from one
to six, where a low value indicates low credit risk. The remaining four continuous
predictors can be categorized as having linear, non-linear or zero effects. One of the
continuous predictor has only 10 unique values. As penalized spline models have
borderline viability, this predictor can only be considered having linear or zero effect.
The binary response variable is the indicator of whether the mortgage application
was denied.

Since the number of predictors is not large, we use the MCMC approach as given
by Algorithm 2 in Section 2.5.3 for model selection, using default warm-up and kept
chain sizes both as 1, 000, and with the threshold parameter 7 being 0.5 described in
Section 2.6.3.

Using gamselBayes, we obtained the categorization results shown in Table 2.1. It
shows that 7 predictors have linear effects, and 2 predictors have non-linear effects.
Note that 9 predictors were discarded.

We obtained an inferential summary in Table 2.2 for all the selected linear fits. It
shows that being self-employed, single or African-American denoted as self, single
and black respectively, each have positive impacts on the probability of mortgage
denial. Of potential interest from a social justice standpoint is whether there is a
significant effect on mortgage denial probability for applicants that are either black
or single. It also shows that an applicant having bad public credit record is more
likely to have their mortgage application denied, which is in keeping with financial
common sense.

There are two predictors having non-linear effects on mortgage denial, which
are ratio of the debt payments to the total income and ratio of the loan size to the
assessed value of the property. We obtained Figure 2.5 for the non-linear effects of
these two predictors on mortgage denial. The left panel of Figure 2.5 shows the ef-
fect of debt payment to income ratio is quite a striking non-monotonic curve. Both
low debt payments to income ratios and especially high values of this ratio increase
the probability of mortgage application denial. The left curve shows that the prob-
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Predictors selected as having linear effects:

credit score being 1, credit score being 2, is the applicant black?
was the applicant single?

was the applicant denied mortgage insurance?

did the application have a public bad credit record?

was the applicant self-employed?

Predictors selected as having non-linear effects:

ratio of the debt payments to the total income,

ratio of the loan size to the assessed value of property.

Table 2.1: Categorization results obtained from Boston mortgage application data set using MCMC
approach as given by Algorithm 2.

posterior mean 95% credible interval

credit score being 1 -0.6906 (—0.898, —0.4513)
credit score being 2 -0.3238  (—0.5869, —0.0000)
is the applicant black? 0.3461 (0.08425,0.5404)
was the applicant 2.762 (2.143,3.517)
denied mortgage insurance?

did the application have

a public bad credit record? 0.735 (04926, 0.9848)
was the applicant self-employed? 0.1703 (0.0000, 0.4327)
was the applicant single? 0.1368 (0.0000, 0.3417)

Table 2.2: Inferential summary of the linear coefficients obtained from Boston mortgage application
data set using MCMC approach as given by Algorithm 2.

ability that a mortgage is denied is decreasing in the range from 0 to 0.3 of the debt
payments to income ratio, and is increasing beyond 0.3. It indicates that the best
chance of not being denied a mortgage is when one’s debt payments to income ratio

is between 0.2 and 0.4 and the loan size to assessed valued is low, between 0.2 and
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Figure 2.5: The two estimated non-linear effects for the Boston mortgage example from application
of Algorithm 2 and effect type estimation rules of Section 2.6 with T = 0.5. Each curve is the slice of
estimated probability of mortgage denial as a function of the predictor, with all other selected predictors
set to their median values. The shade region corresponds to pointwise approximate 95% credible
intervals.

2.7.2 Application to California Schools Data

The data are from R package Ecdat (Crossaint, 2020) in the data frame named Cash-
chool. The data frame contains 9 predictors for 420 school districts in the state of
California, U.S.A.. We use the average mathematics score for the district as the re-
sponse. The Gaussian assumption seems reasonable. We choose the data for schools
have grades spanning from kindergarten to year 8.

Using the MCMC approach in our R package gamselBayes, as given by Algo-
rithm 2 in Section 2.5.3 for model selection, using default warm-up and kept chain
sizes both as 1,000, with the threshold parameter 7 being 0.5 described in Section
2.6.3, we obtained the results shown in Table 2.3. It shows that 4 predictors out of 9
were selected and considered having linear effects.

We display the inferential summary of all the selected linear fits in Table 2.4.
It shows that, predictor district average income has the largest positive effect with

mean mathematics score.
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Predictors selected as having linear effects:

average income of the district, percentage of English learners.

percentage of students qualifying for reduced-price lunches,

school has grades spanning from kindergarten to year 8.

Table 2.3: Categorization results obtained from California Schools application data set using MCMC
approach as given by Algorithm 2, with defaulted warm-up and kept chain sizes of 1, 000.

posterior mean 95% credible interval

average income of the district 0.7158 (0.525,0.8946)
percentage of English learners -0.1391 (—0.2241, 0.0000)

percentage of students qualifying

for reduced-price lunches ~0.3504 (—0.4322, =0.2532)

school has grades spanning

from kindergarten to year 8 —3.088 (=6.571,0.0000)

Table 2.4: Inferential summary of the linear coefficients obtained from California Schools data set,
with defaulted warm-up and kept chain sizes of 1, 000.

We may consider increasing the warm-up and kept chain sizes from 1,000 as
default to 2,000. It leads to a new MCMC fit with a two-fold increase in the chain
sizes compared to their default values. We obtained the coefficient summary in Table
2.5.

It shows that variables percentage of students qualifying for reduced-price lunches,
percentage of English learners and school going up to Year 8, all have significant neg-
ative effect on mean mathematics score. The average income of the district denoted
as avginc has a significant positive effect on mean mathematics score.

Three continuous predictors: total enrolment, average income of the district and
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posterior mean 95% credible interval

average income of the district 0.7189 (0.5284,0.9122)
percentage of English learners -0.1387  (—0.2197,—-0.03157)

percentage of students qualifying

for reduced-price lunches ~0.3516  (~0.4383,-0.2519)

school has grades spanning

from kindergarten to year 8 —3.026 (=6.553,0.0000)

Table 2.5: Inferential summary of the linear coefficients obtained from California Schools data set,
with increased warm-up and kept chain sizes of 2, 000.

percentage of English learners for analysis via the MCMC fitting are quite skewed.
We use the logarithmic transformations on these three predictors to see if skewness
would be reducing.

We obtained Table 2.6 for the categorical results with logarithmic transforma-
tions. Compared to Table 2.3 without logarithmic transformation, the main changes
of Table 2.6 is the presence of a non-linear effect for the logarithm of the district aver-
age income. Table 2.6 shows that 5 predictors out of 9 were selected. Four predictors
were considered having linear effect on the mean response of mathematics score.
We display the summary for all the selected linear fits in Table 2.7. Figure 2.6 shows
the logarithm of predictor the district average income denoted has two increasing

steadily ramps and a plateau.
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Predictors selected as having linear effects:

percentage of students qualifying for the CalWORKS welfare program,

logarithm of percentage of English learners,

logarithm of percentage of students qualifying for reduced-price

lunches,

school has grades spanning from kindergarten to year 8.

Predictors selected as having non-linear effects:

logarithm of average income of the district.

Table 2.6: Categorization results obtained from California Schools data set with logarithmic trans-
formations for MCMC fitting as given by Algorithm 2.

posterior mean 95% credible interval

percentage of students qualifying

for the CalWORKS welfare program ~0.08745
logarithm of percentage of

. -1.848
English learners
percentage of students qualifying for

. -0.3888

reduced-price lunches
school has grades spanning from 4584

kindergarten to year 8

(—0.26,0.0000)

(—2.93,-0.7177)

(—0.4344, —0.2933)

(—7.582,0.0000)

Table 2.7: Inferential summary of the linear coefficients obtained from California Schools data set,
with logarithmic transformation on three predictors, using MCMC approach as given by Algorithm

2.
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Figure 2.6: The plot produced from the MCMC approach as given by Algorithm 2 on California
Schools data set. The shaded regions correspond to pointwise 95% credible intervals. The rug at the
base of the plot show values of each predictor.
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2.A The Canonical Demmler-Reinsch Spline Basis

Letx = (z1,...,7,) be a continuous univariate data set. In the context of this thesis,
the z;s correspond to values of a continuous candidate predictor. Let [a,b] be an
interval containing the z;s. For an integer K’ < n — 2, let Kyye. = (K1,...,KkK_2) be a

set of so-called interior knots such that
a<k <...<Kg_g<b.

A reasonable default value for K is around 30, or smaller values if the number of
unique ;s is lower. It is common to place the interior knots at sample quantiles of
the x;s.

We now list steps for construction of the matrix Z containing the canonical Demmler-
Reinsch basis functions of the entries of x. The justification for Steps (3)-(6) is given
in Section 9.1.1 of Ngo and Wand (2004).

(1) Use the steps described in Section 4 of Wand and Ormerod (2008) to obtain the
matrix denoted by Z in that section’s equation (6), which contains canonical
O’Sullivan spline basis functions. Denote this matrix by Z.s and note that it

has dimension n x K.
(2) Form the matrix Cos = [1,, * Zs] and set D = diag(0,0, 1).
(3) Obtain the singular value decomposition of C :
Cos = U diag(d.) V! where U isn x (K +2) and Vi is (K +2) x (K +2)
such that UIU. = VIV = Ik .

(4) Form the symmetric matrix diag(1/d.)V! DV .diag(1/d.) and obtain its sin-
gular value decomposition:

diag(1/d.)VI DV  diag(1/d.) = U pdiag(dp)V}, where Up is (K + 2) x
(K +2)

and Vpis (K +2) x (K +2)suchthat UL Up = VLV p = I o
(5) Set the full canonical Demmler-Reinsch matrix as follows: Cy «+— UcU p.

(6) The next steps assume that the singular value decompositions follow the con-

vention that dp is a (K + 2) x 1 vector with its entries in non-increasing order.
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Adjustments to the singular value decompositions are needed if this conven-

tion is not used.

(7) Setthe (K + 2) x 1 vector sp as follows:

Wop \/Kth entry of dD, ;0 8Sp (JJ211K+2/\/ dD

and then set the last two entries of sp to equal 1.

(8) Set the full canonical Demmler-Reinsch design matrix as follows:

CCDR <— CDRdiag(SD)

(9) Set the O’Sullivan to canonical Demmler-Reinsch transformation matrix as fol-
lows:
LOS.to.cDR — Vcdiag(l/dc)UDdiag(sD).

This (K + 2) (K + 2) matrix has the following property:
COSLOSAmAcDR - CcDR

and is very useful for prediction and plotting purposes. This is because grid-
wise analogues of C are readily computed using the structures described in
Wand and Ormerod (2008) involving cubic B-spline basis functions.

(10) Reverse the order of the columns of C ;. Reverse the order of the columns of

L OS.to.cDR *
(11) The matrix containing canonical spline basis functions of the inputs x and ;..
is

Z <— the n x K matrix consisting of columns 3 to K + 2 of C .

A function in the R language for computing Z and Leg,,x for given « and K.
can be accessed by downloading the accompanying gamselBayes package. Assum-

ing that the gamselBayes package is installed, the relevant function is gamselBayes: : :

ZcDR ().
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2.B Derivations of Full Conditional Distributions

2.B.1 Full Conditional Distribution of j

First note that
60|rest OCP y|507/6 ’Yga a’Yuv 5) (/80)

Recalling that

d.
y|B07/377ﬁ7677u703 ~ N <1n60 + X(FYB © /6) + ZZ](’YUJ{”]%O—?I”>

=1

and
ﬁO ~ N(070%0>7
~ d.
if we definerg, =y — X(v,©0) — ZZj(vujﬁj), we have

=1

y— 1,60 — X(v, @B ZZ VujUs)

J

~ - 1
p(y|ﬁ07/6a737u77u703) o exp { (_20_2>

2
X exp { (— 2(172) } X exp { (— 2;) ( 25T1Tr50 + nﬁg)} .

Therefore

rﬂo - 1n60

- Bo
p(y|607 16’ 75a 'Zi, Yo 0-52) X €Xp
B4

Also we have
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Then

p(Bo|rest) o< exp
52 1 n 1
’ “2\oz 2

(2.61)

Therefore p(/3y|rest) has a Normal distribution with natural parameter vector

(v x(.08) - Sz /o

-n 1
202 203,
The variance is )

(n/o?) + (1/03,)

The mean is

%ﬁ(g X(v,08) - ZZ %juj)
(n/o2) + (1/%0) '

In summary, we obtain (2.36) in Section 2.5.3 to be

£

1
(n/o?) + (1/050) "(n/o?) + (1/0F,)

1
;12 (y 75 Q/B ZZ /VUJ'U'] >

Bg‘rest ~ N

If we define
wp = ]-Z; (y 7;3 ®/6 ZZ '7u]uj > )

recalling that (2.7) of Section 2.2.2 to be 17X = 0 and (2.8) of Section 2.3.3 to be
Zfln = 0g,,1 < j < d,, we have w, = 1]y. If define w, = (n/0?) + (1/03,), then

Bo|rest ~ N (

w1

1
7 ) is given in Algorithm 2 in Section 2.5.3.
o u}2 W
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2.B.2 Full Conditional Distribution of 3

To aid the calculations of the full conditional distribution of 5’ we note that

X(v,© B) = Xdiag('Yﬂ)B =X,,8

where
X, = Xdiag(v,).
Then note that
p(B|rest) o< p(y|Bo, B, ¥us Uy Vs 02)p(Blo2, by)
where
bs = (b5 -5 054 1as))-

Recalling that

de

Y[Bo. BV sr Uy ¥y 02 ~ N <1nﬁo + X (v5,08) + > Zi(vu;), Uffn>

j=1

and

Bilo%,bg, ~ N(0,02/bs,), 1< < do+d,

da
if we definerz =y — 1,5 — sz(’yujaj), we have
j=1

d
~ ~ 1 ~ - ~
p(y|ﬁ07/87757u77u703) X exp { (_20_2> y— 1,5 — X‘YBIB - ZZJ(’VUJU’]>
5 Jj=1

ol brm]

X exp { (—Qi_?) (—QBTX%TB + (VQC(,BBT)>TVQC (X:BXM)) } :

TE’ — X,ygﬁ

J
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Therefore

p(y|ﬁ07 /67 Vs ﬁa Yus 0_?)

~ T de
B X7, (y — 1,60 — ZZJ‘(%U‘&J‘))
= (1/o

X exp

~~T 1
vec(B8 ) —évec(X';F/ﬂX%)

We also have

2
2%

X exp [ §~T ]T 1 ° (1/02) 3.
vec(BB ) —§Vec(diag(b,3)

~T -
p(B|U§,b5) X exp (-M)

Therefore

p(y‘50a67737ﬂ77u70-52)

( 'XT de )
~ Y ~
J¢; ’ UQﬁ <y — 1,00 — sz(%juj)>

[ j:1

X exp

VGC(BBT) —lvec (X’I;BX’M L diag2(b5)>

2
\ I 2 o o

Then the first component of the natural parameter vector of p (Blrest) is
de
X7, (y — 1,580 — ZZJ'(%J'%)> (1/a2).
j=1
The inverse vec of the second component of the natural parameter vector is

11 p I
-5 <0—3X76X76 + U—gdlag(bﬂ)) .
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It follows that the covariance matrix of B\rest is
1 1 -
(EX%XM + ﬁdiag(bﬁ)> ,
€ B

and the mean vector is
1 1 1 e
(;X%ng + U—gdiag(ba)) ;X?@ (y — 1.6 — sz(’yujﬂj)> -
£ S j:l
Therefore

" 1 1 -1 de N
B|rest ~ N( (;X%Xw + ;dlag(bﬂ)) =X, <y — 1.5 — ) jzj(%juj)> ,
€ B € j=1

1 oo 1, -
(J—EX_YBX.,ﬁ—i—U—gdlag(bﬁ)) )

Next note that X X, = diag(v,) X" Xdiag(v,) = (X" X) © (v,7])- Also
de
X7, <y — 1,60 — Z%’(%ﬂj))
j=1

=7, {(XT?J) — (X"1,6) — Z.(XTZJ‘)(%J‘%)} :

j=1

Then
~ T
B

p(ﬁ‘rest) X exp
vec(BB )
L " -
<;> Vs © {XT (y - ]-nBO - ZZj<7ujﬂ’j)> }]
y = 262

2 2
2 (o= o;

e ((%ﬂ) © (X'X) | diag <bﬁ)>
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Recalling that (2.7) of Section 2.2.2 to be X”1,, = 0, and the matrices
X"y, X'X and X"Z;, 1<j<d,,

only need to be computed once and can be stored and not re-computed inside Markov
chain Monte Carlo iterative algorithms, then the full conditional distribution of Bis
then obtained to be (2.37) of Section 2.5.3

~ 1 L. !
B|rest ~ N((—(XTX) © (v,75) + ;dlag(ba)> s [’m © {XT?J

2
(o B

€ B

—é (x7z,) (%jﬂj)}}’ (% (X"X) © (v,47) + %diag (b@)) _1).

If we define .
w3 = XT’y — Z (XTZJ> (’Yujﬂ]) s
j=1
and define

1 ..
Q=— (X"X)o (vh) + ;dlag (bs),

1
52
lop= ;

then decompose Q = Ugqdiag (do) U, where U{Ugq = I. Draw
2~ N(0,I)((do+do) x 1);

then

UQ Ug;z + U?z (’Yﬁ © (—IJ3)
Vda dq (02)

given in Algorithm 2 of Section 2.5.3.

) has the same distribution as é ‘rest,

2.B.3 Full Conditional Distribution of u;

To aid the calculations of the full conditional distribution of u;,1 < j < d,, we note
that
Z; (Vujuy) = Z~,

where
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First note that

p (ﬂ’j‘reSt) X p <y}607/§7737a77u70—a> (u]‘o_uga bu]) .

Recalling that

de
y|6076a7576a7u70-62 ~ N <1n60 + X(’Yﬁ © /6) + ZZ](’YUJ’ZI:]),O'?I”>

j=1
and
|02, buj ~ N<0, (agj/buj)I), 1<j<d.,
~ d.
if we definery, =y — 1,60 — X(v, ©8) — ZZJ" (Yujwj ), we have
J'#7
p <y|507 /87 757 a’v Yus 0?)
. 2
coxp ] (~gog) |~ 1b X, 0B~ 3524 o) 21,7
€ J'#3
2
1 ~
X exp _2052 Ta, — Z,yu],'u,j
o< exp { (— 2) ( 2u; Z, ra, +vec <uj > vec (ZT Z., ))} :
of J
Therefore
_ T
u;
p (y‘ﬁoaﬁafy,ea ’lj,"}’m Ug) X exp
Vec(ﬂjﬁ?)

J'#j

Zzuj (y - 1n60 - ’7/3 © /3 ZZ fyu_]'uj )
(1/02)

1
—5vec (ZAT/ujZA,uJ
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We also have

1 o~
p (w;]or, bu;) o< exp {— 52 (uj'u,;r> vec (bujIKj)}

_ T
’U,j 0
X exp 1 (1/‘75]')
vec ( ] > —§bujvec (Ik,)
Then
u; |rest)
( r T T3
Z
T Yuj
{l,j 7ﬂ (y - 17150 - 7/3 © /8 ZZ ’yufuj )
€ J'#3
~ exp 4
T
~ ~T 1 Z, Zy. by
VeC (ujuj> _§Vec ( 7uj 5 it J + —QJIKJ>
\ i o;Z Tuj 1)

(2.63)

Therefore, the first component of the natural parameter vector of p(u,|rest) is
21, (v=1- X031 5200 ) 11
J'#3
The inverse vec of the second component of the natural parameter vector is
It follows that the covariance matrix of ;|rest is:
-1
Lgr oz lug
0-2 ’Yu] 7“.7 0—2 . KJ '
uj

The mean vector is

1 by 1/
(bt 1) (3) 5 o xoo $3m0,00).

uj J'#3
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1 b+ \ o .
Next, we simplify < ZT Lyt J — Ik, ) . Note that Z Z; is a diagonal matrix
uj

from (2.8), if we define Z] Z; = diag (wz,), 1 < j < d,, and note that 7%, = v,;,
then

Z%, Zy,, = (1) Z] Z () = (nuy)diag (wz,) (1) = 1wz,

This implies that
1 by Yui¥ Z byl
=7 Z 4+ I, =dia et L
g2 e " ‘712“‘ o g( o? " UZJ‘ 7
and therefore
0_2 Z,YuJZA/uj + O'_ZJIKJ — 1ag

{niwsz, [o2} + 1) /(02)

In summary, for each 1 < j < d,, the full conditional distribution of u; is

1
_ZT (y - 1n60 - ’7/3 © IB ZZ ’}/’Ll,]/uj )

0-2 ’yu]
~ '#j
u;|rest ~ N J
! ( {%jwzj/ag} + (bujl)/ggj

Y

diag({%jwzj/ag}i (buj]-)/(O-Zj))) |

Recalling that Z7 =2 (7uj), we have

~ wjZ . bul -1 1
uj|rest ~ N(diag (’y ik AT ) (—) {fyuj (Z]Ty -Z,5-Z X

2 2
lop T lop=

de -1
2 ~ . Yuj® zZ,; byl
X <’7B ® B) - ZZ?Zj/ (quj/’u,j/))} ,dlag ( jO_QZ + O'; ) > . (264)

i#i “
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Recalling that (2.8) of Section 2.3.3 to be erln = 0, then

p(ﬂj|rest)
( r[1 N & 1)
u = [%j{zfy ~-Z'X (yﬁ ® [3) -y 71z, (%j,aj,)}]
c §'#i
X exp
7L 1 ujW z; bu]_
vec(d, i} _Lyec ((diag (24497 4 bu
\ L 2 0—? qu 1 )

(2.65)

Therefore, we obtain (2.42) in Section 2.5.3 to be

~ uj ] bul - 1 2
uj‘rest ~ N(diag <7 197, + = ) (—) {’Vuj (Z]Ty - Z;FX (’m @ﬁ>

o2 Ouj o?
de |
T ~ . Yuj®Z; bu]-
_ZZj Zj (Vuj’uj’)ﬂ ,diag ( = iy U; ) )
i 2 z

If we define

de
we = Z]Ty — ZJTX(')/B ®B) — ZZJTZJ"(%J""NLJ”)
J'#i

and

_ Yuiwz; | byl
w7 = 2

uj

o? o
and generate the (K; x 1) Multivariate Normal random vector z ~ N(0, I'g,) then

z Yuje

Vw7 wro?

has the same distribution as u; ‘rest, given in Algorithm 2 of Section 2.5.3,1 < 5 < d,.

(2.66)

2.B.4 Full Conditional Distribution of v,;

First note that, for 1 < j < d, + d,,

p(WﬁjlreSt) (8 p(:’J‘BO: Ba Vs ’Zl:, Yus Jg)p(/yﬁ])
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Recalling that

de
y|5076a7576a7ua03 ~ N (17150 + X(’Yﬁ © /6) + ZZ](’Yu]a])’ggIn>

j=1
and
Ys; ~ Bernoulli(p,), 1< j <d, + d.,

do
if we definer, =y — 1,06 - X_; {(’yﬁ)_j ©) (,@)_J} — ZZJ" (Yujrwy), as a function
J'=1

of 745, and noting that ,; € {0, 1} implies 77, = ,;, we have

P(y|50> /67 Y aa Yus 0—3) X eXp(’Yﬁjnﬁjl)

1
X exp{ 5,2
&€

de
i'=1

1
X exp {rﬂ
€

y — LB — X708 — X, {(’Yﬁ)—j ® (E)—j}

N
}

VeiBiXi = Ty,

1 ~ 2 ~
where
1

T 50

—~ 2 ~ —~ d.
X <5j2 X,|| —26;X7 [y — 1,6 - X {(’YB)—J' ® (5)—j} - ZZ]"(%jfujf)D :
/=1
Also
p(7s5) o< exp {7s;logit(ps)} -
Therefore

(75 rest) o< exp |5 {nn + logit(p,)} |. (2.67)
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It follows that

1

v |rest ~ Bernoulli (—
ol 1 + exp(—1;)

), 1<3<d, +d,
where

R
202 J

€

X

Nsj = logit(pa) - J

—ézjf gen) ) .

2K [y L - X () 5 © (B}

(2.68)
Recalling that (2.7) to be X JTln = 0, then (2.68) becomes (2.41) of Section 2.5.3 to be

X

1~ 2 ~ & _
Nej = 10git<pﬁ)__202 <ﬂ? —26; X7 {y—X A)—0B) =D Z; (’Yuj’uj’)} > :
£ j’:l

If we define
o~ d.
o= X" {y X )0 B} - 2, (%j,aj,>] and s = 1,
=1

then

) 1 (=
ws = logit (p,) — 252 (5]2 X

2 ~
- 25j°~’4)

is given in Algorithm 2 of Section 2.5.3.

2.B.5 Full Conditional Distribution of v,;

First note that, for 1 < j < d,,

p(q/uj|re8t> X p(y|507 Ba Vs ﬂ’a Y Ug)p(’)/u])

Recalling that

de
y|6076a7576a7u703 ~ N <1n60 + X(’Yﬁ © /6) + ZZ](vu]a])’ggIn>

j=1
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and
Yuj ~ Bernoulli(p,), 1<) <d.,

as a function of v,;, and noting that ~,; € {0,1} implies ;; = 7,;, and note that
Z]TZ ; is a diagonal matrix from (2.8), if we define Z]TZ ; = diag (w Zj) , we have

(y‘ﬁoa ﬂ7 757 ﬂ’? 7u7 0-3) X eXp (%ﬂ]ujl)
2

Yy — 1,60 — X (v, © /8 ZZ Vuj i) — Zj (Vujty)
€ J'#3

5 Vo (NTZTZ u; —2u; ZT'P%J.)}

1 -
X exp {@ Vuj Z iU — L

~ ~T
—Yuj (ng (u; © uy) — 2u; Z]Tr%]) } ,

|
)
Q)
™

if we define

r'yuj =Yy — ]-nﬂO - 73 O] /6 ZZ Vu]’u]

J'#j
and define
1 - - -
it = =308 (“’z (0 ) — 280 2] |y~ L X, ©B) — 32 (100) D |
€ J'#J
Also
P(7uj) o< exp { vy logit(py)} -
Therefore
P(7ug|rest) oc exp [y {71 + logit(pu)}] -
It follows that

1
Yuj|rest ~ Bernoulli| —
Jl 1 + exp(—1u;)
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where
. 1 - _
Nuj = logit(p,) — 252 <w§j (u; ©u;) — QufZ? [y — 1,06
X (v,©B) ZZ Yugr Ty D (2.69)
J#i

Recalling that (2.8) of Section 2.3.3 to be Z;Fln = O, then (2.69) becomes (2.46) of
Section 2.5.3 to be

. 1 ~
M = 10git(pu) — 252 <w2 (u; ©uy) - 2UTZT [y X(v,0 ﬁ ZZ Vuj Wjr) ])
c 3'#3

If we define

wg — ZT |:y X 75 @ ﬁ ZZ ")/uj/’u,] ] al’ld define WQ = 77u]7
J'#3

then
. 1 T /[~ ~ ~T
wo = 1y = 10git (puy) = 55 (wzj (u; © uy) - 2u, w8)

3

is given in Algorithm 2 of Section 2.5.3.

2.B.6 Full Conditional Distribution of o>

First note that
(oZ|rest) o< p(y|Bo, B, 7, U, Vo, 02)p (02 ac).

Recalling that

de
y|607/6a757&/’a7u70-3 ~ N <1n60 + X(’Yﬁ © /6) + ZZ](’YUJaJ>’O-§In>

Jj=1

and

1
o2|a. ~ Inverse- Gamma( 1/a.),
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we have

P(y|Bo, B, s Yy 02)

1\ 1
X ey ex —_
gg P 20’?

(@2 o (1) * e ().

2

y—1,5—X(v,0 5 ZZ Vuj W)

and

a.02

Therefore

(02|rest) o< (02) %

2
1 1
_+_

0_52 a. 9 Yy - 1n60 - 7/3 © /8 ZZ ’Yu]u]

exp § —

In summary, if the response type is Gaussian, we obtain (2.47) in Section 2.5.3 to be

2
9 n+1 1 1
o ]rest ~ Inverse-Gamma 5 a2 y—1,6— X(v,0 B ZZ (Yujwj)

If we define

de
wio = 1,0+ X (’Yﬁ ® E) + ZZj (Vuj®j) »

then . . ,
o2 |rest ~ Inverse-Gamma (2 n+1),(1/a.) éHy — me )

is given in Algorithm 2 of Section 2.5.3.
If the response data is binary, note that y; = (w1o), , following (2.29) and (2.30) in
Section 2.4.3, we have

y; = 1 if and only if ¢; > 0;
yi|cl- e Bernoulli(/(¢; > 0));

Ci‘607ﬂ7757677u ~ N(MZ71)71 < i <n.
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Then
~ ~ ¢(ci — pi)I(c; > 0);
p(ci|rest) o< p(yi|ci)p(ci| Bo, B, 750 1, y,) ox
¢(ci — pi)I(e; < 0).
Therefore
Truncated-Normal, (u;,1), v = 1;
C; ‘rest ~ (2.70)

Truncated-Normal _ (;,1), y; =0.
Recalling that Result 1.7.3, we have

¢i|rest ~ Truncated-Normal_ (y;, 1) equivalent to

—c;|rest ~ Truncated-Normal, (—p;, 1).

Therefore

Truncated-Normal ; (p;, 1), y; = 1;
G ‘rest ~

—Truncated-Normal, (—p;, 1), y; = 0.

In summary, for 1 <i <n,

¢i|rest ~ (2y; — 1)Truncated-Normal, ((2y; — 1), 1).

If define
w1 ~ Truncated-Normal, ((2y; — 1) p;, 1),

then
C; = (Zyz — 1) w11

is given in Algorithm 2 of Section 2.5.3 for the binary responses.

2.B.7 Full Conditional Distribution of a.

First note that
p(aglrest) o p(af‘ag)p(ag).
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Recalling that

11 11

02‘% ~ Inverse-Gamma | -, — | and a. ~ Inverse-Gamma | -, — |,
€ 2" a. 2’ 52
€

we have

: 1NE
p<a€\a5>o<(a) exp( 0) and p(a) o (as)

)

1.1 1 1 1
b(azrest) oc () exp (‘ai (0— " _)) |

Therefore, we obtain (2.48) in Section 2.5.3 to be

@
"
o}
/?
N
m@w —
m
~_

Then

1 1
a€|rest ~ Inverse-Gamma <1, — + —2) .
O’E 3

2.B.8 Full Conditional Distribution of b,;
First note that, for 1 < j < d, + d,,
(b rest) oc p(3; by, 5P (bs5).
Recalling that
Ej}ag, bsj ~ N(0,02/b,;) and b,; ~ Inverse-Gamma(l,1), 1< j <d, +d.,

for b;; > 0, we have

p(bﬁj‘rest) o b;f exp [—%Bﬁ/(ag/bﬁj)} b;jl_l exp {—1/(%@)}

~ 2
_3 gzbgj 1 3 (bﬁj - (Ua/ﬁj))

byi) 2exp | ——2— — — b,?exp — — . (271

e p( 203 2%'> N e, [T

Therefore, we obtain (2.38) in Section 2.5.3 to be

bgj‘rest ~ Inverse-Gaussian (&, 1) , 1 <5 <d,+d,.
J
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2.B.9 Full Conditional Distribution of b,
First note that, for 1 < j < d,,
p(bus|rest) oc p(a@;|bu;, oo )p(bus)-
For 1 < j < d,, recalling that
w;|o2;, by =~ N(0, (02,/by)Ik,) and b,; < Inverse-Gamma (3 (K + 1), 3),

for b,; > 0, we have

p(bugrest) o (W) Kj exp {_W} oo (_21)1uj>

bugllwsl? 1 ) _3
e — o (by;) 2exp | — 5
2UUj 2buj 2 ( Tuj > buj

X (buj)_% exp <—

Il

Therefore, we obtain (2.43) in Section 2.5.3 to be

buj |rest ~ Inverse-Gaussian (H(iuj Tk 1) .
u;

2.B.10  Full Conditional Distribution of o2

First note that
p(o2|rest) o p(B|o7, by)p(07|as).
Recalling that
Bj|o? 2 ; 2 1 1
Bilo2,bs; ~ N (0,03 /bs;), 1<j<ds+ds and o3|as ~ Inverse-Gamma 5 )
8
we have

~T N ~
p(ﬁ\ag,bﬁ) x (Ug)_% exp (——B dlag(me) , p(a§|aﬁ) x (gg)_i‘lexp (_ 1 2) .
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Then o )
ploZlrest) o (07) 5 exp (‘i (w + i>> |

2
o3 2 ag

Therefore, we obtain (2.39) in Section 2.5.3 to be

d,+d,+1 B diag(b,)B ., l)

o3 |rest ~ Inverse-Gamma ,
p 2 2 a
B

2.B.11 Full Conditional Distribution of a,

First note that
p(aﬁrest) x P(U?\%)P(aa)-

Recalling that

1 1 1 1
o3|as ~ Inverse-Gamma | -, — | and a, ~ Inverse-Gamma | =, — | ,
2" ag 2" 52

following the steps in Appendix 2.B.7, we have

(as|rest) o (a;) " exp <—i < L i)) |

2 2
as \o;  s;

Therefore, we obtain (2.40) in Section 2.5.3 to be

1 1
aﬁ}rest ~ Inverse-Gamma (1, — + —) :

o
B

2.B.12  Full Conditional Distribution of 57

First note that, for 1 < j < d,,
p(aij‘rest) o p(ﬁj‘aij, buj)p(aij|auj).
Recalling that

u;lon,, by ~ N (0, (02,/by;) I) and o,|a,; ~ Inverse-Gamma (%, ai) 1< 5 <d,,
uj
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we have

P\ | (bl

~ 2 p S | e | B 2\~ 3 A el |
p(uj‘au],buj) X Uij exp ( 9 (U?Lj/buj) I) X (ng) 2 exp < 205;‘ )

and 1

p(or]au) o (o7;) 2 exp <_aujaﬁj) '
Then 2

_ K+ 1 bu ’zi’ 1
o st o o) o (< (4 L)),

Therefore, we obtain (2.44) in Section 2.5.3 to be

Kj+1 by L
2 ’ 2 Qo

aiﬂrest ~ Inverse-Gamma ( ) 1<j<d.

2.B.13  Full Conditional Distribution of a,;

First note that, for 1 < j < d,,

P(@uj‘res’f) x P(Oij}auj)lﬂ(%j)-

For 1 < j < d,, recalling that

1 1 1 1
oai|au; ~ Inverse-Gamma (—, —) and a,; ~ Inverse-Gamma (—, —) ,
u, 2 32

uj u

following the steps in Appendix 2.B.7, we have

b(aus]rest) o (auy) ™" exp (—i (i? " i)) |

. 2
CLUJ Oy J Su

Therefore, we obtain (2.45) in Section 2.5.3 to be

1 .
— —>71§]§d.-

uj U

az|rest ~ Inverse-Gamma (1,
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Chapter 3

Generalized Additive Model
Selection via Markov Chain

Monte Carlo with
Horseshoe-type Priors

Declaration  The method and results presented in Section 3.2 and the parts of Sec-
tion 3.3 — 3.8 for Gaussian responses, are presented in the paper The Grouped Horse-
shoe Distribution and Its Statistical Properties (He and Wand 2025). I certify that this
publication was a direct result of my research towards this PhD, under the supervi-
sion of my principle supervisor Prof Matt Wand, and the reproduction in this thesis

does not breach any copyright regulations.
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3.1 Introduction

For parsimonious predictor selection, it is desirable to impose sparsity on coefficient
vectors. This can be carried out with LASSO priors for Gaussian responses and bi-
nary responses, e.g. Laplace-Zero priors, described in Chapter 2. The Laplace-Zero
distribution used in Chapter 2 is a “spike-and-slab" mixture of a point mass at zero
(the spike) and an absolutely continuous Laplace density function (the slab). LASSO
performs explicit selection by making some of estimates 0 and producing a sparse
solution.

Alternatively, selection can be carried out by Horseshoe-type shrinkage priors
(Carvalho et al., 2010). The name “horseshoe" arises from the shape of the Beta prior
density of the shrinkage weight. The shrinkage weight has the same function as the
posterior mean obtained under LASSO. Both can be treated as the posterior inclusion
probability for recovering a sparse signal. Shrinkage methods such as Horseshoe-
type prior shrink towards 0 by thresholding the shrinkage weights that behave like
posterior inclusion probabilities to achieve variable selection (Bhadra et al., 2019).

The horseshoe prior is frequently used in Bayesian analysis for high-dimensional
models, and it is designed for the sparse setting. The Horseshoe prior has tail ro-
bustness and super-efficient convergence properties (Bhadra et al., 2019). There are
two types of Horseshoe-type priors: the Horseshoe distribution prior with 2 levels
of Gamma variable conditioning and the Horseshoe distribution prior with 4 levels
of Gamma variable conditioning (Bhadra et al., 2019). In this chapter, we use the
Horseshoe distribution prior with 2 levels of Gamma variable conditioning.

We have found that several properties of the univariate Horseshoe distribution
are present in the grouped case. For instance, the robustness of large signals of horse-
shoe priors is a property that is known in the univariate case but we demonstrate that
a similar notion is present for the grouped case. However, the super-efficiency prop-
erty (based on risk-rates convergence), does not extend to the grouped situation.

The attraction of Horseshoe distribution prior is that each of the conditional dis-
tributions in its equivalences belongs to Normal and Gamma families, described in
Section 3.4.4 for linear term coefficients and described in Section 3.4.5 for spline co-
efficients, with extending the Horseshoe prior to the case of grouped variables. This
translates to the full conditional distributions being standard distribution and Gibbs
sampling being exact for the Markov chain Monte Carlo for Gaussian responses.

For Poisson responses based on the model described in Section 3.5.3, Negative-
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Binomial responses based on the model described in Section 3.5.4 and for Gaus-
sian responses based on the model described in Section 3.5.2, we work out algo-
rithms given in Algorithm 4, Algorithm 5 and Algorithm 6 respectively, for the
Markov chain Monte Carlo approach, and this is described in Section 3.6.3. It is
noted that, the auxiliary parameters ~,,~y, and parameters p;, p, described in Sec-
tion 2.3.4 and Section 2.3.5 respectively, no longer exist in the full models using
Horseshoe/Grouped Horseshoe priors, compared to the full models using Laplace-
Zero/Grouped Lasso-Zero priors in Chapter 2.

In the fitting algorithm, we use slice sampling for Poisson responses and Negative-
Binomial responses, described in Section 3.6.2. We are able to obtain the logarithm of
the unnormalised density function of some parameters. Slice sampling is an efficient
way of drawing samples based on the parameter’s unnormalised density function.

In Section 3.8, for Gaussian responses, we compare the classification performance
with the use of Horseshoe/Grouped Horseshoe priors described in Section 3.5.2, to
the use of Laplace Zero/Grouped Lasso-Zero priors described in Chapter 2.

The classification performance comparison for Poisson responses and Negative-
Binomial responses are given in Section 3.9 and Section 3.10 respectively.

Throughout Chapter 3, “rest" denotes the set of other random variables in model
(3.23) for Gaussian responses, in model (3.24) for Poisson responses and in model
(3.25) for Negative-Binomial responses.

In Section 3.2, x is referred to a generic random vector unrelated to the data. We
aim to investigate the properties of Grouped Horseshoe distribution. This part of
the thesis is not dealing with generalized additive model selection. In Section 3.3
3.10, y vector, X matrix and Z matrix are all fixed. X is referred to the data, for
model estimation and to explore the application of the (Grouped) Horseshoe priors
via MCMC for the Bayesian three-category GAM selection.

The additive structure of generalized additive model (GAM) described in this
chapter is given in Section 3.4. The independence assumptions of GAM is given in
(3.23) for Gaussian responses, (3.24) for Poisson responses and (3.25) for Negative-
Binomial responses. The additive part uses splines for non-linear effects. The pre-
dictors include binary predictors and continuous predictors. The number of binary
predictors is d,. The number of continuous predictors is d,.

For generalized additive model described in Section 3.3-3.7, the sample size is
n. The response y is a n x 1 vector. The linear design matrix X is a n x (do + d.)

matrix. The Z; matrix containing the canonical Demmler-Reinsch basis is a n x K
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matrix, with 1 < j < d,, K, as the number of basis functions for the j-th continuous
predictor with the default value of 12.

In Section 3.8.2, we conducted a simulation study for classification performance
comparison in terms of accuracy for Gaussian responses, between the use of (Grouped)
Horseshoe priors described in this chapter and the use of Laplace-Zero/Grouped
Lasso-Zero priors described in Chapter 2. The data were generated with 30 contin-
uous predictors, 10 having “true" linear effects, 10 having “true" non-linear effects
and 10 having “true" zero effects. The sample size varied as n € {500, 1000, 2000} .
The error standard deviation varied as 0. € {0.25,0.5, 1,2} . For each combination of
sample size and error standard deviation, we ran simulation on 100 independently
generated data sets.

In Section 3.9, we conducted a simulation study for classification performance
comparison in terms of accuracy for Poisson responses, among the use of (Grouped)
Horseshoe priors with fixed border of 0.5, the use of (Grouped) Horseshoe priors
with k-means clustering to determine the classification border and the default ver-
sion of the spikeSlabGAM described in Section 3.9. The data were generated with
15 continuous predictors, 5 having “true" linear effects, 5 having “true" non-linear
effects and 5 having “true" zero effects. The sample size varied as n € {1000, 2000} .
For each sample size, we ran simulation on 15 independently generated data sets.

In Section 3.10, we conducted a simulation study for classification performance
comparison in terms of accuracy for Negative-Binomial responses, between the use
of (Grouped) Horseshoe priors with fixed border of 0.5 and the use of (Grouped)
Horseshoe priors with k-means clustering to determine the classification border. The
data were generated with 30 continuous predictors, 10 having “true" linear effects,
10 having “true" non-linear effects and 10 having “true" zero effects. The sample
size varied as n € {500, 1000,2000} . The shape parameter varied as x € {1,2,4}.
For each combination of sample size and shape parameter, we ran simulation on 50
independently generated data sets.

In Section 3.2.2, we derived the explicit expression of a standard grouped Horse-
shoe density function corresponding grouped Horseshoe variable selection. Based
on this, in Section 3.2.3, we showed the grouped Horseshoe density function has a
pole at the origin for any dimension. The (Grouped) Horseshoe prior’s behaviour
near the origin relates to its efficiency of handling sparsity. Therefore, the grouped
Horseshoe distribution can be used as a prior density function for model selection. In

Section 3.2.4, we explored the score function behaviour of (Grouped) Horseshoe dis-
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tribution relates to its tail robustness to large signals. In Section 3.2.5, we derived the
Bayes estimator’s asymptotic rates of convergence, for both sparse and non-sparse
situations. In Section 3.2.6, we derived the posterior mean in a Bayesian model, us-
ing Grouped Horseshoe distribution. Throughout these sections, x is denoted as a
generic random vector unrelated to the data. These properties allow us to explore
the application of the (Grouped) Horseshoe priors via MCMC for the Bayesian three-
category GAM selection in Section 3.3-3.10.

3.2 Grouped Horseshoe Distribution and Its Statistical

Properties

Carvalho et al. (2010) investigated the properties of the Horseshoe prior, which are
well-established in Bayesian statistical inference. Now we investigate the properties
of the horseshoe prior within its grouped situation. We use the Bayesian method-
ology with Grouped Horseshoe distribution arises from hierarchical structures for
selection of groups of regression coefficients. We established five main results in
Section 3.2. We find that most, but not all of the properties of the univariate Horse-
shoe distribution are present in the grouped case.

Based on the behaviour of Grouped Horseshoe distribution near the origin stated
in Result 3.2.3.1 in Section 3.2.3 and its robustness to large signals stated in Re-
sult 3.2.4.1 in Section 3.2.4, the Grouped Horseshoe distribution can be used as a
prior function for model selection for count responses and Gaussian responses, as
described in Section 3.5.

3.2.1 Horseshoe Prior

Since around 2010, several types of continuous distributions have been proposed for
use as prior distributions of coefficients in Bayesian regression-type models. There
are seven types of priors listed in Table 1 of Bai and Ghosh (2018). They are well-
known as global-local shrinkage priors. These priors are represented as scale mix-
tures of Normal density functions with different types of polynomial-tailed density
functions. Among these seven priors, one of them is the Horseshoe prior, which is
the focus of this chapter.

The Horseshoe prior is defined hierarchically for individual coefficients. This hi-

erarchical structure makes the Horseshoe distribution (Carvalho et al., 2010) a mul-
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tivariate scale mixture of normals, with the mixing distribution for variance com-
ponents being related to F'(1,1) distribution, or with the mixing distribution for
standard deviation components being related to Half-Cauchy distribution.

The Horseshoe prior achieves scale mixing by introducing heavy-tailed priors on
global and local scale parameters. The local scale is unique to each coefficient and al-
lows for individual coefficients to have a flexible level of shrinkage. The global scale
ensures overall sparsity across coefficients. The mixing of global and local scales in-
troduces flexibility and heavy tails, making it ideal for sparse and robust regression
modeling.

There are many articles have discussed selecting a scalar coefficient via the Horse-
shoe prior, to decide a predictor is having zero or linear effect. Grouped variable
selection in additive model (e.g. Scheipl et al., 2012; He and Wand, 2024) is an attrac-
tive mechanism for selecting a vector of coefficients corresponding to spline basis
functions, to decide between the continuous predictor having a linear or non-linear
effect, such as Group LASSO methodology. Our focus in Section 3.2 is the grouped
extension of the horseshoe prior as proposed by Xu et al. (2016).

3.2.2 Density Function Explicit Form

Firstly, we determine the underlying multivariate density function corresponding to
the grouped horseshoe variable selection. Section 2.2 of Xu et al. (2016) introduced
the grouped horseshoe model. The underlying distribution is called the Grouped
Horseshoe distribution. Equation (6) of Xu et al. (2016) uses the setting o =7 = G =
1 and s; = d. This leads to a d x 1 random vector x having a (standard) Grouped
Horseshoe distribution if and only if

_2I(A>0)

Let E, denotes generalized exponential integral function, given by
E, = / exp(—xt)/t”dt, x,v €R
1

(e.g.8.19.3 of Olver et al., 2023).

Result 3.2.2.1 Let x be a d x 1 random vector having a Grouped Horseshoe distribution as
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defined according to (3.1). Then the density function of x, denoted by pus.a(x), is

pusa @) = 2 Dy (ol 2) Erarns (J/2) el = < R

The derivation of Result 3.2.2.1 is given in Appendix 3.A. For d = 1, a simple conse-
quence of Result 3.2.2.1 is

(z) 1 x? 5 x? R
p x) = exp | = — r € R.
HS,1 —s 5 {5 )

This matches the expression given in the appendix of Carvalho et al. (2010) for the

ordinary Horseshoe distribution. For d = 2, we have

2 2 2 2
T+ 75 T + 75
e (o) — L eXP( 2 )E@)( 2
T1,Ta) =
HS,2 \T1, L2 /2.3 T%+x§

pus,2 is displayed in Figure 3.1. This perspective plot shows that pyg» has a pole at

) y (1'1,1’2) € RZ.

the origin. We formalise this behaviour for general case d € N in Section 3.2.3.

3.2.3 Pole at the Origin Existence

We now investigate various statistical properties of the Grouped Horseshoe distri-
bution. We apply the Grouped Horseshoe prior in Bayesian inference to estimate a
parameter vector.

In Carvalho et al. (2010), it shows pys 1 has a pole at the origin. Therefore, the or-
dinary horseshoe distribution can be used as a prior density function. Result 3.2.3.1
shows that the Grouped Horseshoe density function has a pole at the origin for any
dimension. The prior’s behaviour near the origin relates to its efficiency of handling
the sparsity (Carvalho et al., 2010). Result 3.2.3.1 indicates the the Grouped Horse-
shoe distribution can be used as a prior density function and has good potential for
shrinkage of noise.

Result 3.2.3.1 Foreach d € N, lir% Pus.a (x) = oo.
T

The derivation of Result 3.2.3.1 is given in Appendix 3.B.
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Prs,2(X1,X2)

Figure 3.1: Perspective plot of the bivariate Grouped Horseshoe density function: pys ».

3.2.4 Score Function and Tail Robustness

We consider the following model (3.2). Note, y here is a generic random variable,
unrelated to the observed data defined in Chapter 2.

y|0 ~ N(0,1;) withprior p(0) = pusa (0/7') /Td (3.2)

with 7 > 0. 7 is fixed and known. In Section 2 of Carvalho et al. (2010), the d = 1 case
of (3.2) is considered. The score function for d = 1 case is shown as follows:

dlog {p(y)}

2 convergesto 0 as |y| — oo. (3.3)

Carvalho et al. (2010) stated that (3.3) implies a type of robustness for large signals
which is called tail robustness. A prior’s tail robustness is given in terms of the score
function. Result 3.2.4.1 shows that grouped horseshoe priors also possesses this

property.
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In Result 3.2.4.1, the redescending score function shows that the grouped horse-
shoe priors are heavy-tailed in constructing robust estimators, to prevent overshrink-
age of obvious signals. We proved the score function converges to zero for large
signals and the risk of the grouped horseshoe estimator is bounded. Result 3.2.4.1
shows that the score function behaviour and robustness to large signals property of
horseshoe priors extend to grouped situations. The proof of Result 3.2.4.1 is given
in Appendix 3.C.

Result 3.2.4.1 For model (3.2), the tail behaviour of the score function is given by

(d+1)y

Il

Vylog{p(y)} ~ — for ||y|| > 1.

Consequently

Jim Yy log {p(y)} = 0 and |y~ £(0ly) | <b.

for some b, < oo that depends on 7.

The first displayed equation in Result 3.2.4.1 uses the common “~" and “>"
notations. The precise result, without these notations, is

w7 -

3.2.5 Risk Convergence Rates

lim
lyll—o0

We are aiming to derive a general result in risk convergence rates, to be applied later
to our specific data and model, stated in Section 3.3-3.10.

Consider the following model

Yy,...,Y,|0 independently distributed as N (6,0°I,) with prior p () = pusa (0).

(3.4)
Suppose that the true sampling distribution of the y, is N (6°,0%1,) . For the d = 1
case, Theorem 4 of Carvalho et al. (2010) states that rates of convergence results is
called the Cesaro-average risk of the Bayes estimator of # and is denoted as R,,. The
risk quantity R, is specifically referred to the estimator’s asymptotic rates of con-
vergence, measured by the Kullback-Leibler divergence between the true sampling
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model and the Bayes estimator of the density function (Carvalho et al., 2010). The
rates of convergence are different in the case of #° = 0 and 6° # 0. 6° is the value of
6 according to the sampling distribution of the y,. #° is the true value of parameter.
Carvalho et al. (2010) shows that the horseshoe prior leads to a super-efficient risk
rate when 0° = 0.

We derived the risk rate bounds stated in Result 3.2.5.1 for the sparse situation
(0° = 0) and the non-sparse situations (0° # 0). Theorem 4 of Carvalho et al. (2010)
states the risk rate bounds for horseshoe prior (d = 1) in the sparse situation. Our
established Result 3.2.5.1 investigated the risk rate bounds of Grouped Horseshoe
distribution, which is the extension of Theorem 4 of Carvalho et al. (2010). The defi-
nition of R, for the Grouped Horseshoe distribution is analogous to that as given in
Section 3.3 of Carvalho et al. (2010). In the derivation of Result 3.2.5.1, we consider

the d-variate extension of the set-up as stated in Section 3.3 of Carvalho et al. (2010).

Result 3.2.5.1 Consider model (3.4) and suppose that y, have a sampling distribution given
by N (6°,0%1,) . Let R, be Cesaro-average risk of the Bayes estimator of 6. When 6° = 0,

we have | Lo {1
og(n) og{og(n)}JrO(l)’ fd =1,
2n n n
R, <
log (n) 1 .
oV - > 9.
o + 0 (n) , ifd>2

When 6° # 0, we have R,, < dlozgn(n) +0 (%) forall deN.

The full derivation details of Result 3.2.5.1is given in Appendix 3.D. For thed = 1
and 6° = 0 case, the super-efficiency of risk rates corresponds to the presence of the
term — log {log (n)} /n in the upper bound on R,,. It implies that the horseshoe prior
(d = 1) will ensure the Bayes estimator for the sampling density converges to the
right answer at a super-efficient rate. Result 3.2.5.1 shows that this term only arises
in the d = 1 case for horseshoe prior. This super-efficiency property based on the risk
rate of convergence does not extend to grouped situation. The Bayes estimator is not
super-efficient for d > 2. The grouped horseshoe prior does not ensure the Bayes
estimator for the sampling density converges to the right answer at a super-efficient
rate, whether sparse or not.

The super-efficient rate terminology is used in Carvalho et al. (2010), to describe
this phenomenon in risk rate bounds. In the d = 1 case, even though the log {log (n)} /n
term is negligible compared to the log (n) / (2n) term, the negative sign in front of the
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log {log (n)} /n term means that there is a lower asymptotic risk in the d = 1 case in

the sparse situation.

3.2.6 Thresholding

From Section 3.2.3 — 3.2.5, we note that most properties possessed by the univariate

horseshoe priors extend to the grouped situation, such as
* having a pole at the origin
and
¢ the score function behavior and robustness to large signals.

However, the super efficient risk rate does not extend to the grouped situation. The
Grouped Horseshoe distribution can be used as a prior density function for model
selection as it has a pole at the origin and due to its robustness to large signals.
To obtain the sparse fits, we use (Grouped) Horseshoe priors as sparse signals pri-
ors for count responses and Gaussian responses in Section 3.5. In this subsection,
we derived the posterior mean in a Bayesian model using the Grouped Horseshoe
distribution as stated in Result 3.2.6.1. Based on Result 3.2.6.1, we obtained the ex-
pression of posterior mean of v3 and v, for thresholding using (Grouped) Horseshoe
priors in Section 3.7.
Consider a Bayesian model as the following form

6|0y has density function pysq(6/0¢) /oj where @isd x 1. (3.5)

From results in Section 3.2.2, (3.5) is equivalent to

21 (A>0)
(1422

We introduce the auxiliary variable A, which is very important for the upcoming

6|og, A ~ N (0,0X°1,), p(N) (3.6)

approach to thresholding. In the scalar case, Carvalho et al. (2010) develop a thresh-
olding approach for deciding between

0=0 and 0#0, 6 €R.

In this subsection, we describe and evaluate the extension of the approach in scalar
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case to deciding between
=0 and 6 #0, 6 cRL

The approach stated in Carvalho et al. (2010) involves the following result con-

cerning a “‘side" model:

Result 3.2.6.1 For the Bayesian model

21 (A>0)
(14 A2)

o

The full derivation of Result 3.2.6.1 is given in Appendix 3.E.

yltp ~ N (¢, 7714), P|A~N(0,\°751,), p(N) . 1,7 >0 fized
(3.7)

the posterior mean of 1 is

2,2

£l - £ (17

2 2.2
Ti + A%75

Based on Result 3.2.6.1, for deciding whether or not a coefficient parameter in a
Bayesian model is set to zero using (Grouped) Horseshoe prior, we have the follow-

ing rule:

2 2
Ao

—— (3.8)
02 + Ao}

decide that @ = 0 if and only if £ (fyGHs‘y) < 1—171 where vo =
where 7 is the threshold parameter, described in Section 2.6.

For Gaussian responses in model (3.23), we ran a simulation study for compar-
ative performance, as described in Section 3.8, between use of the Laplace Zero/-
Grouped Lasso-Zero priors described in Chapter 2 and use of the (Grouped) Horse-
shoe priors described in this chapter. The threshold parameter 7 used for Gaussian
responses is the same as that decided in Section 2.6.3 for MCMC approach, being 0.5.

Therefore, for Gaussian responses in general Bayesian models containing (3.5),
or equivalently, (3.6) forms Result 3.2.6.1 suggests the following rule

2 2
Aoy

2 1 V252
oz + Moy

1
decide that 6 = 0 if and only if E (yeus|y) < 3 where Vo = (3.9)

Bhadra et al. (2019) stated that instead of placing a prior on the model space to
yield a sparse estimator, which is referred to v, or -y, described in Chapter 2 with use
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of the Laplace-Zero/Grouped Lasso-Zero prior, (Grouped) horseshoe prior models
the posterior inclusion probabilities P (6 # 0|y) directly.

We use (3.8) to set up the model selection strategies on generalized additive
model, with use of the (Grouped) Horseshoe priors, for count responses and Gaus-
sian responses, described in Section 3.7. Using these model selection strategies,
we ran simulation study for comparative performance on Gaussian responses, de-
scribed in Section 3.8, and comparative performance on count responses, described
in Section 3.9 - 3.10.

3.3 Original Input Data and Transformed Data

For Horseshoe-type priors, the original input data and transformed data follow the
model described in Section 2.2.

3.3.1 The Original Input Data

The defmltlons of @™, &)™, 275, 27, do, ds, 1 < i < n, are as in Section 2.2.1, with
1 < j <d, i referring to original predictors can only enter the model linearly,
and with 1 < 5 <d,, :L"“g referring to original predictors can enter the model either

linearly or non-linearly.

3.3.2 Standardization of the Input Data for Fitting and Model Se-

lection

The definitions of x;, x,, %’ xw, az, by, s, d, are as in Section 2.2.2. Standardization
of x T, and z;; follows (2.1) and (2.2), with 1 < j < d,, %ij referring to standard-
ized predictors can only enter the model linearly, with 1 < j < d,, i;; referring
to standardized predictors can enter the model either linearly or non-linearly. No

standardization is required for the count responses data y;,1 < i < n.
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3.4 Design Matrices and Auxiliary Variable Represen-

tations

3.4.1 Generalized Additive Model Form for the Full Model

In this chapter, the linear predictor given by (2.5) of Section 2.3.1 takes the following
form

3

ﬁo+2{ 1A @w}+z{ 1,8) @w}+z{z i) ® 2, }

k=1
do+de de K; .
= By + Z { 1,5;) @X}+Z{Z(1nujk)®zjk}

de
=B+ XB+> Zju,; (3.10)
j=1

Note that (3.10) differs from (2.6) due to differences between Horseshoe and Laplace-

Zero priors. The definitions of X, 3,Z;, K i Ui with1 < j < d,, the definition of
X with 1 < 5 < d, + d,, and the definition of ij with1l <j <d, 1<k <Kj,areas
in Sectlon 2.3.1.

3.4.2 The Linear Design Matrix

It follows Section 2.3.2 to form the Linear Design Matrix X. Following (2.7), the
feature of X matrix for count responses also offers simplification to be 17 X = 0.

3.4.3 The Canonical Demmler-Reinsch Basis Design Matrices

It follows Section 2.3.3 to form the canonical Demmler-Reinsch basis design matrices
Z;,1 < j <d,.Following (2.8), the feature of Z matrix for count responses also offers
simplification tobe 12 Z; = 0 k;,1 <j<d, and Z]-TZ ; is a diagonal matrix.



3.4.4. Linear Term Coefficients with Auxiliary Variable Representations 111

3.4.4 Linear Term Coefficients with Auxiliary Variable Representa-

tions

In our full model, for count responses, using Horseshoe priors, let 3 denote a (d, + d,) %
1 vector of linear term coefficients for the linear design matrix X described in Section
2.3.2. For each 3;,1 < j < d, + d,, based on Result 3.2.6.1 for thresholding, it has the

following Horseshoe-type prior distributions for the sparseness of coefficients:
P(ﬁj‘%) = Pus,1 (ﬂj/%) /Uﬁv 1<j<ds+de. (3.11)
o, ~ Half-Cauchy (s;) . (3.12)

Pus,1 (Bj/0s) in (3.11) is the ordinary Horseshoe distribution, described in Section
3.2.2. Following Model Il in Table 1 of Neville et al. (2014), (3.11) is equivalent to

ﬁj|027f2ﬁj N N (Oaag/fZ,Bj) 71 S] <d, + doa

| | (3.13)
fos;| fis, ~ Gamma (3, fig,) , fis, ~ Gamma (3,1),1 < j < do + d..
(3.12) is equivalent to
o3|as ~ Inverse-Gamma (3,1/a,) , a, ~ Inverse-Gamma (3,1/s%) . (3.14)

Therefore, (3.13) and (3.14) are used in our full model setting for Poisson responses
described in Section 3.5.3, for Negative-Binomial responses described in Section 3.5.4
and for Gaussian responses described in Section 3.5.2.

3.4.5 Spline Coefficient Vectors with Auxiliary Variable Represen-

tations
In our full model, for count responses, let u4,...,uq, be the full set of spline co-
efficient vectors for the canonical Demmler-Reinsch basis matrices Z, ..., Z,,, de-

scribed in Section 2.3.3, where u; is a K; x 1 vector, for corresponding matrix Z;,
where Z; is a n x K; matrix with 1 < j < d,. For each u;, based on Result 3.2.6.1 for
thresholding in Section 3.2.6, it has the following grouped LASSO extensions of the
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Horseshoe-type prior distribution:

p(uj‘auj) = Pus,K; (uj/o_uj) /Ui;j (3.15)
o4 ~ Half-Cauchy (s,),1 < j < d.. (3.16)
Pus,k; (uj/0y;) in (3.15) is the Grouped Horseshoe distribution, described in Section

3.2.2. Following Model III in Table 1 of Neville et al. (2014), (3.15) is equivalent to:

ind.

Uj|03j7f2uj ~ N (07 (Ugj/f2uj) IKj) 1 <5 <d,,

) 'ind. l ] 'ind. l . (317)
fouj| fruj ~ Gamma (3, fiu;) , fiu; ~ Gamma (3,1),1 < j < d..

(3.16) is equivalent to

azj‘auj ~ Inverse-Gamma (1,1/a,;) , ay; ~ Inverse-Gamma (1,1/s7) , 1 < j < d..
(3.18)
Therefore, (3.17) and (3.18) are used in our full model setting for Poisson responses
described in Section 3.5.3 , for Negative-Binomial responses described in Section

3.5.4 and for Gaussian responses described in Section 3.5.2.

3.5 Essence of the Bayesian Model

In this section, we describe, in essence, the Bayesian model for Gaussian and count

responses.

3.5.1 The Likelihood of the Response

For Gaussian responses, the likelihood function of the response is

da
y|Bo, Boua, ..., ug, ~ N (1nﬁo +XB+ )Y Zju;, osln) . (3.19)
j=1
For Poisson responses, the likelihood function of the response is

de
yi|ﬁo,ﬁ,u1, cee, Ug, ind. Poisson (eXp {ﬁo + (X,B)Z + Z (Zjuj)1}> , 1<e<n.

Jj=1
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For Negative-Binomial responses, from Result 1 of Luts and Wand (2015) in Ap-
pendix A.2, also described in Result 1.8.5 in Section 1.8 in this thesis, in our case, we
have

de
/ﬁ_eXP{BU‘F(Xﬁ)i‘FZ(ZjUj),}7 a=gi, T=y, 1<i<n.

j=1
Therefore

yi|g: = Poisson (g;), 1<i<n, and

de
gi‘ﬁo;ﬁaula sy Ugy, R i;lg Gamma <"£7 R €exp {_ (50 + (Xﬁ>z + Z (ZJu])z> })
j=1

(3.21)
is equivalent to

dc
yi‘ﬁo,,@, Ul, ... Uy, Ko Negative-Binomial (exp {Bg +(XB), + Z (Zj'u/j)i} ,/i) )
j=1

(3.22)
Therefore, (3.21) is the likelihood function of the response for Negative-Binomial
responses described in Section 3.5.4. The ¢;,1 < i < n, and & are the auxiliary

parameters.

3.5.2 The Full Bayesian Gaussian Response Additive Model Selec-
tion

For Gaussian responses with Horseshoe-type priors, we set up the full model to be
(3.23) in this subsection. Figure 3.2 shows the directed acyclic graph corresponding
to (3.23):

de
y‘ﬂo,ﬁ,ﬁl,...,ﬁd.,of ~ N <1nﬁo+X,8+ZZjuj>UzIn> } BO ~ N(()?O%O)a

J=1

1 1
ola. ~ Inverse—Gamma(§7 1/ac), a.~ Inverse—Gamma(E, 1/s%),

5j|“§vf2ﬁj ~ N(Oagg/f%j); 1<j<d,+d,
f25j|f16j ind. Gamma(%,fwj), f1s; < Gamma(%, 1), 1<j<d,+d,,

'U/j‘aij,fmj = N(o, (02;/ f2ui)Ik,), 1<j<d,
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BO y ()'2 ag

€

Figure 3.2: Directed acyclic graph representation of Bayesian model (3.23) for Gaussian response
using Horseshoe-type prior. Random variables and vectors are shown as larger open circles, with
shading indicating to the observed response data. The small closed circles are user-specified hyperpa-
rameters.

f2uj‘f1uj ~ Gamma(s, fiu;), fius ~ Gamma(3,1), 1< j <d.,

o2|a, ~ Inverse-Gamma(3,1/a,), a, ~ Inverse-Gamma(1,1/s?%),

o2 ]a,; * Inverse-Gamma(3, 1/a,;), a,; ~ Inverse-Gamma(%,1/s2), 1< j < d..
(3.23)

The full set of hyperparameters in model (3.23) is:

0g, = 10°, s, = 5. = 5, = 1000.
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o, O
Bo y

Figure 3.3: Directed acyclic graph representation of Bayesian model (3.24) for Poisson response using
Horse-type priors. Random variables and vectors are shown as larger open circles, with shading
indicating to the observed response data. The small closed circles are user-specified hyperparameters.

3.5.3 The Full Bayesian Poisson Response Additive Model Selec-
tion

For Poisson responses with Horseshoe-type priors, we set up the full model to be
(3.24) in this subsection. Figure 3.3 shows the directed acyclic graph corresponding
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to (3.24).

de
yi|Bo, B, 1, ..., uq, ~ Poisson (exp {ﬁo +(XB), + Z (Zjuj)z}> . 1<i<mn,

j=1
2 2 1
Bo ~ N(0,03,), o2|ac~ Inverse—Gamma(§, 1/a.),
1 ind. .
(g ~ Inverse-Gamma(§7 1/s%), Bj‘ag,fggj ~ N(O,Jg/fggj), 1<j<d,+d,

f2ﬁj|flﬁj N Gamma<%7flﬁj)v flﬁj N Gamma(%v 1)7 1<j<ds+d,

’u’j’(jij’f2uj ~ N(O’ (Uij/f%ij)IKj)? 1 S] < do;

ind.

f2uj‘f1uj if\dj Gamma(%,fluj), fluj ~ Gamma(%, ].), 1 S j S d.,

o3|as ~ Inverse-Gamma(3,1/a,), a, ~ Inverse-Gamma(3,1/s3),

02|a,; ~ Inverse-Gamma(},1/a,;), a,; ~ Inverse-Gamma(1,1/s2), 1< j <d..
(3.24)

The full set of hyperparameters in model (3.24) is:
o, = 10°, s, = 5, = 1000.

3.5.4 The Full Bayesian Negative-Binomial Response Additive Model
Selection

For Negative-Binomial responses with Horseshoe-type priors, we set up the full

model to be (3.25) in this subsection. Figure 3.4 shows the directed acyclic graph

corresponding to (3.25). In (3.25), the auxiliary parameter « is of Moon Rock (McLean

and Wand, 2019) exponential family distribution, to form the equivalence of likeli-

hood for Negative-Binomial responses.

yz‘|gi % Poisson (¢;), 1<i<n,

de
9i|Bo, B,ur, ... U, K ~ Gamma (n, K exp {— (60 +(XB), + Z (ZjUj)i> }) ;
j=1
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Bo g K

Figure 3.4: Directed acyclic graph representation of Bayesian model (3.25) for Negative-Binomial
response using Horseshoe-type priors. Random variables and vectors are shown as larger open circles,
with shading indicating to the observed response data. The small closed circles are user-specified
hyperparameters.

1<i<mn,

1
Bo ~ N(0,03,), o2|a.~ Inverse—Gamma(ﬁ, 1/ac),

1 ind. .
Qe ~ Inverse-Gamma(§, 1/s2), Bjlo2, fas, = N(0,02/ fag,), 1< j<do+da,
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k ~ Moon-Rock (0, b,,) , f2/8j‘f15j g Gamma(}, fi5,), 1<j <d,+d.,
fig, ® Gamma(z, 1), 1<j <do+d,

w02, fauj ~ N(O, (02 faui)Ix;), 1<) <da,

fous| frug © Gamma(3, fiu;), fiu; ~ Gamma(3,1), 1< j <d.,

o3|as ~ Inverse-Gamma(3,1/a,), a, ~ Inverse-Gamma(3,1/s3),

02;|a,; ~ Inverse-Gamma(},1/a,;), a,; ~ Inverse-Gamma(1,1/s2), 1< j <d..
(3.25)

The full set of hyperparameters in model (3.25) is:

og, = 10°, s, = s, = 1000, b, = 0.001.

3.6 Posterior Distributions for Markov Chain Monte Carlo

Practical Fitting

3.6.1 Pre-Processing and Storage of Key Matrices

The pre-processing of linear design matrix X and storage of Key Matrices X"y,
XTXx, Zz%y, Z' X, Z* Z for Poisson responses and Negative-Binomial responses
follow Section 2.5.1, and corresponding detailed steps of standardization follow Al-
gorithm 1 described in Section 2.5.1. However, no pre-processing for response data

y for Poisson responses and Negative-Binomial responses.

3.6.2 Slice Sampling

For Poisson response and Negative-Binomial response using Horseshoe prior, we
need to use slice sampling in Markov chain Monte Carlo approach. The "stepping
out" slice sampling strategy of Neal (2003) has a particularly simple implementation.
For random variables s; € R, s, > 0, as well as random vectors s3 and sy, of the same
dimension, let

I"Sl, S92, 83,84 ~~ H (Sla S92, 83, 84)
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Algorithm 3: Slice sampling generation of samples.

Function to compute the logarithm of the unnormalised density function that arises in
slice sampling for Poisson responses and Negative-Binomial responses called

logUnnDens( ).

Data Inputs: x, s1, s2, 83, 84,

Outputs: zs; — 2%/ (2s2) — 17 (z83 + s4)

Function to execute slice sampling for Poisson responses and Negative-Binomial
responses called sliceSampling, needs to use function logUnnDens.

Slice Sampling Data Inputs: z, s1, s2, 83, 84, g, sumDists.
Initialize: sumDists <— 0.
wy «— logUnnDens (z, s1, s2, 83, 84) .
if (9 =2) w+— 1.0; if (9 >2) w+— sumDists/(g — 1)
u <— a draw from the Uniform (0, 1) distribution
a<+—w+log(u); L+«—xz—wu; R+— L+w
ws «— logUnnDens (L, s1, s2, 83, S4) -
while (a < w3)
L +— L —w; w3 <«— logUnnDens (L, s1, s2, s3, S4)
wy <— logUnnDens (R, s1, s2, 83, S4)
while (a < wy)
R +— R+ w; w4 +— logUnnDens (R, s1, s2, 83, S4)
L+ L; R +— R; newPointFound +— FALSE
while (newPointFound = FALSE)
TNew %Z+u(§—z)
if (a < logUnnDens (zyey, S1, S2, S3,84)) newPointFound <+— TRUE
if (Tnew < ) L+ Tnew; I (Tnew > ) R+ TNew

Outputs: Zyey-
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denote that random variable z, conditional on (s1, s, 83, s4) has density function
p(m‘sl, So, 83, 84) X €Xp {slx — .T2/<282) — 17 exp (285 + 84)} , —oo < x < oo, (3.26)

where 1 denotes a vector of ones having the same number of rows as s3 and s, and
exp (zs3 + s4) is evaluated element-wise.
Algorithm 3 in this subsection provides steps of function called logUnnDens, to

obtain logarithm of unnormalised density function to be

{s12 — 2 /(2s5) — 1" exp (x83 + 84) } .

Algorithm 3 also gives detailed steps of slice sampling in the function called
sliceSampling for us to draw samples for some parameters for Poisson responses
and Negative-Binomial responses. Function sliceSampling needs to call function lo-
gUnnDens.

3.6.3 Markov Chain Monte Carlo for Horseshoe-type Priors

For Gaussian responses using the Markov blanket, based on the full model descrip-
tion in (3.23) and Figure 3.2, we obtain full conditional distributions in standard
forms. The full conditional distributions of parameters listed in (3.27) — (3.39), with
derivation details given in Appendix 3.F. Based on these, Algorithm 4 gives detailed
steps of sample drawing for Markov chain Monte Carlo using the Horseshoe-type

prior.
1 de
0—3125 (y - X8 - jzlzjuj> 1
folrest ~ N WD T W) el w W) | (27)

st ~ N( (4 0ex) + Lang (1) ((XTy) S (x7z) uj) |

€ B 7j=1

(i (XTX) + i?diag ( f25)> : ) , (3.28)
03

2
O¢
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B3 .
f25j|rest ~ Gamma | 1, 202 + figi ), 1 <7 <d,+d., (3.29)
o
5
f15j|rest ~ Gamma (1, fos; + 1), 1 <j <d,+d., (3.30)
do +do +1 B'dia 1
a§|rest ~ Inverse-Gamma et , a 8lf2)P +—1, (3.31)
2 2 ag
1 1
a5|rest ~ Inverse-Gamma | 1, — + — |, (3.32)
5 S5
f2u 1 T T
u3|rest~N(dlag< 2 U?jj 0—3 (ij—(ZjX)ﬂ
. AN
—Z Z Z u]ﬂ dlag(w?—i—h; ) ), 1 <5 <d,, (3.33)
o g
§£] € uj
K41
fouj|rest ~ Gamma | —— "=+ fi; |, 1<j<d., (3.34)
2 20,
fluj|rest ~ Gamma (1, fo,; + 1), 1 <7 <d,, (3.35)
K;+1 f2uj”uj||2 1
aij|rest ~ Inverse-Gamma | —Z 5 5 +— |, 1<7<d., (3.36)
Qo
1 1 .
auj|rest ~ Inverse-Gamma (1, — + 3_2) , 1 <7 <d,, (3.37)
qu u
n+l 1 1 de
a§|rest ~ Inverse-Gamma 5 o + Sy~ 1,60 — X3 — ZZjuj (3.38)
3 jzl
and
1 1
ag‘rest ~ Inverse-Gamma (1, — + —2) . (3.39)
o

3 3

For Poisson responses, based on full model description in (3.24) in Section 3.5.3

and Figure 3.3, for Negative-Binomial responses, based on full model description

in (3.25) in Section 3.5.4 and Figure 3.4, using Markov blanket, we obtain full con-
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ditional distributions of parameters or full conditional expressions of parameters in
the form of (3.26) for logarithm of unnormalised density function.

For Poisson responses, full conditional distributions of parameters listed in (3.40)—
(3.50), with derivation details given in Appendix 3.G. Based on these, Algorithm 5
gives detailed steps of sample drawing for Markov chain Monte Carlo, using func-
tion sliceSampling described in Algorithm 3.

2 de
p(ﬁo‘rest) X exp {n@ — 25% — 1 exp <1nﬁo + X8+ ZZJ'“J) } , (3.40)
0 j=1
2
P rest) o« exp{lzj (v© X,) 8~ 2228 1T ewp (X5, 1 + (X0, (91
B

de
Yz } (341)

j=1
| 32
f25j|rest % Gamma (1, 2—j2 + fmj) , 1< <d,+d,, (3.42)
0%
fig,|rest © Gamma (1,1 + fag,), 1 < j <do+da, (3.43)
dy +d, +1 B"dia 1
ag‘rest ~ Inverse-Gamma et ,'6 8258 +—1, (3.44)
2 2 agp
1 1
aﬁ‘rest ~ Inverse-Gamma ( 1, — + — |, (3.45)
05  Ss
T faujuiy T
p(ujk’rest) xexps 1, (Y © Zji) ujp — 5,7 1, exp| Zrujr + 1,60 + X3
uj
K; de
+ > Zju + Zijuj/) } 1<j<d, 1<k<K;,  (346)
Kk i'#i

2
u;

K;+1 ‘
2 ’201%

fous|rest © Gamma + fii |, 1< < d,, (3.47)
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flu]‘rest "Gamma (1,1 + fo,;), 1 <j <d., (3.48)
f’ . 2
K:+1 J2uj||Uj 1
az-‘rest ~ Inverse-Gamma it , — |, 1<5<d, (3.49)
J 2 2 Qo
and
1 )
auj‘rest ~ Inverse-Gamma (1, — + S—2> , 1<y <d,. (3.50)
uj u

For Negative-Binomial responses, full conditional distributions of parameters
listed in (3.51)—(3.63), with derivation details given in Appendix 3.H. Based on these,
Algorithm 6 gives detailed steps of sample drawing for Markov chain Monte Carlo,
using function sliceSampling described in Algorithm 3.

To ensure auxiliary parameter s being positive, we use x = exp(\) for sample
drawing with slice sampling method, using function logUnnDensLambda to obtain
logarithm of unnormalised density function, described in Algorithm 6.

g‘rest ~ Gamma (y +exp(A),1+exp { ( B0+ X8+ ZZ u]> }) , (3.51)

p(Bo]rest) o eXP{ 2532 n €XP [—lnﬁo + 1, log (k) +log (g)
Bo
de
— (X8 + ZZjuj)} } (3.52)
j=1
n de
log {p()\‘rest)} = A+ n(klog (k) —log (I —K [ <B0+Xiﬁ+ZZijuj>
i=1 j=1
n de n
+b, + Z <gi exp {— (Bo + X8 + ZZijuj) }) - Z log (¢;) | + const,
i=1 j=1 i=1
(3.53)

n 2
p(ﬁj’rest) o exp{ (—mZXi])ﬁj — % — 1 exp [_Xjﬂj + 1, log (k) +log (g)
i=1

2
2%
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de
- <1nﬁ0 + (X)—j (/8)—]‘ + ZZJUJ')] }a 1< ] <d,+ dn (3-54)

ind. /B2 .
fwj‘rest ~ Gamma (1, r‘]g + f15j> , 1< <d, +d,, (3.55)
fis;|rest X Gamma (1,1 + fop,), 1< j < do+ d, (3.56)
dy +d, +1 B'dia 1
o3 |rest ~ Inverse-Gamma ( et , B diag(f5,)8 + —> : (3.57)
2 2 Qg
1 1
aﬁ|rest ~ Inverse-Gamma (1, — + —2) , (3.58)
o2 2
Ty fourtiy g1 Z 1 1
p(ujk}rest) X exp (—mln jk) Uik — 5 1, exp|—Z,u i, + 1, log (k) + log (g)
uj

Kj de

Kk J'#d
2
fguj|rest ~ Gamma it eyt fug |, 157 < d., (3.60)
2 20,
fluj|re5t if‘\‘% Gamma (17 1 + f2uj) ) 1 S ] S dn (361)
il 2
K; +1 J2uj||U; 1
ai-|rest ~ Inverse-Gamma it , —|,1<5<d, (3.62)
J 2 2 CLuj
and
1 1 .
auj|rest ~ Inverse-Gamma (1, oy 3_2) , 1 <5 <d,. (3.63)
uj u
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3.7 Model Selection Strategies with Horseshoe-type Pri-

ors

After obtaining the full conditional distributions of parameters described in Section
3.6.3, we need to set up the model selection strategies to decide the effect type of a
predictor. Specifically, whether it is zero, linear or non-linear effect.

Recalling the results obtained in Section 3.2.6, which is the derived posterior
mean in a Bayesian model, using Grouped Horseshoe distribution, in this section, we
obtained the expression of posterior mean E (vcHs‘y) and selection rules for Gaus-
sian responses of model (3.23) stated in (3.74), for Poisson responses of model (3.24)
and Negative-Binomial responses of model (3.25), both stated in (3.75).

3.7.1 Overview

From Result 3.2.6.1 in Section 3.2.6, we have

E(’Ab‘y) =yE< Ny y) =yE ((1— 7124:—12/\2722)

=y (1 — FE (ﬁ‘g)) =Y (1 — Kpayes) -

’

If we define )

_ 71 =hr
“= g P () =
we then have
E ()
1-— /I%BaYes = T (364)

(3.64) matches equation (8) of Bhadra et al. (2019), for scalar coefficient case. The
Bayes estimator of x with respect to squared error loss is denoted as Ky,,... The shrink-
age weight is denoted as 1 — Ks,,... The Bayes estimator of x and shrinkage weight
1 — Rpayes are as follows respectively:

_y-E(¢ly) E(dly)

Roes = E (r|y) = — and 1 — Ry = =, —F (Yas|y)  (3.65)
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where 7, is defined in (3.8). The (Grouped) Horseshoe estimator &,,., is a shrinkage
estimator, with the relative amount of shrinkage that equals E (x

y) . The greater
value of the shrinkage parameter %y, the greater shrinkage power it has. The
Horseshoe shrinkage estimator E (x|y) for the signal is small, and the Horseshoe
shrinkage estimator F (x|y) for the noise is big. Overall, the shrinkage weight
E (1|y) /y for the signal is big, and the shrinkage weight E (1 |y) /y for the noise
is small.

The general selection strategy is based on the zeroing of a coefficient ¢ corre-
sponds to the shrinkage weight E (yeus|y) below a classification border.

For Gaussian response, according to (3.9), with the threshold parameter 7 being
0.5, we have the following rules of zeroing of ¢ :

if £ (yans|y) < =, then 6 =0,

(3.66)

if & (P)/GHS}y) > —, then 6 # 0.

N[ = N~

For Poisson responses in model (3.24) and Negative-Binomial responses in model
(3.25), according to (3.8), with the threshold parameter 7 decided by simulation
study, we have the following rules of zeroing of 0 :

if £ ('yGHS’y) <1-—r7, thenf =0,

(3.67)
if £ (Yous|y) > 1— 7, then 6 # 0.
From (3.8), we then have the expressions for s as follows:

272 ¢ . . 1
Yons = m or Gaussian responses in model (3.23), and

A\272 (3.68)
Yous = T/éQ for Poisson responses and Negative-Binomial responses

T2

in model (3.24) and (3.25).

From the first case in (3.68), for Gaussian responses using (Grouped) Horseshoe
priors in model (3.23), we have the following expressions for -y for linear coeffi-
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cients and spline coefficients vector respectively:

1 )\%_Ug o?
A= ——, Vams = : = 2 , 1<) <do+de,
% fag, P o + A%j 02 fop,02 + 02
(3.69)
A2 o2 ol
)\Zj— 1 _ uj g uj 1 S] <d,.

- » Yuj,GHs 2 5 92 2 2
fQUj O¢ + )‘uj qu f2uj O¢ + Ouj

From the second case in (3.68), for Poisson responses in model (3.24) and Negative-
Binomial responses in model (3.25), using (Grouped) Horseshoe priors, we have the

following expressions for 7gys for linear coefficients and spline coefficients vector

respectively:
1 A%U § o2
Ny = o Vs =g 5 = 7 157 <do+d,,
Pi Jos, VB = + )\%j 02 fap, + 072
(3.70)
2 2
1 Ay Ouj &

— Y 1<j<d,.
1 + )\%jaij f2uj + Ugj

2 _
)\uj = 7 TujcHs =
f2uj

Overall, the expression of posterior mean £ (%Hs ‘ y) for Gaussian responses stated
in (3.69) and for count responses stated in (3.70) are very similar. The only dif-
ference is that the o2 term only appears in the Gaussian response case. The ex-
pression of E (yeus|y) is used in Section 3.7.2-3.10 to explore the application of the
(Grouped) Horseshoe priors via MCMC for the Bayesian three-category GAM selec-

tion on Gaussian responses and count responses.

3.7.2 Deciding Between an Effect Being Zero or Linear

Let 3 being a (d, + d.) x 1 vector of linear effects coefficients, described in Section
3.4.4. d, is the number of candidate predictors that may have a zero or linear effect
and d, is the number of candidate predictors that may have a zero, linear or non-
linear effect. Based on (3.66), our "effect is zero" rule between zero effect and linear
effect is

the effect is zero if E (yeus|y) <1—7, 1 <j < do +da,

otherwise the effect is linear.

For Gaussian responses in model (3.23), using Horseshoe priors, from (3.66) and
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the first case in (3.69), our "effect is zero" rule between zero effect and linear effect is

given as

0.2

ﬁ .
Vojs = 75 5 1 < J < do + d,
BjHs fop, 02 + 02

(3.71)

the effect is zero if E(ygjﬁHs]y) <, 1<j<d,+d,,

N —

otherwise the effect is linear.

For Poisson responses in model (3.24) and Negative-Binomial responses in model
(3.25), both using Horseshoe priors, from (3.67) and second case in (3.70), our "effect
is zero" rule between zero effect and linear effect is given as

2

B .
m, 1 <5 <d, +d,

VBj.Hs =

the effect is zero if E(75j7Hs|y) <l-71, 1<j<d,+d,, (3.72)

otherwise the effect is linear.

3.7.3 Deciding Between an Effect Being Zero, Linear or Non-linear

Below notations are used in this subsection:
* d, = the number of candidate predictors that may have a zero or linear effect.

* d, = the number of candidate predictors that may have a zero, linear or non-

linear effect.
e 3=a(d,+ds) x 1linear coefficient vector, as described in Section 3.4.4.

* u; =a K, x 1 spline coefficients vector 1 < j < d,, as described in Section 3.4.5.
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Based on (3.67), our "effect is zero" rule between zero, linear or non-linear effect is

given as

E(ygjus|y) <1—7, 1<j <d+d,, and

the effect is zero if .
E(yuyans|ly) <1 -7, 1<) <d.,

E(ygjusly) >1—7, 1<j <ds+d,, and (3.73)
the effect is linear if _
E(’Yuj,GHs’y) <l-71 1< <d,,

otherwise the effect is non-linear,

For the Gaussian responses in model (3.23) using (Grouped) Horseshoe priors,
from (3.66), (3.69) and (3.73), our strategy of deciding between an effect being zero,

linear or non-linear is given as:

2

o
ﬁ .
Voms = ————, 1 <7 <do+d,
J fap,02 + 02
YujcHs = 7 5 . o5 1<j<d,,

2 20
faujo? 4+ 03y

, 1<j<d,+d,, and

1
E(Vﬁj,ﬂs | y) < )

the effect is zero if (3.74)

1 :
E('Vuj,GHs|y) < 2 1 <5 <d,,

the effect is linear if
E(”Yuj,cﬂs‘y) <

otherwise the effect is non-linear.

For the Poisson responses in model (3.24) and the Negative-Binomial responses
in model (3.25), both using (Grouped) Horseshoe priors, from (3.70) and (3.73), our
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strategy of deciding between an effect being zero, linear or non-linear is given as:

2

o
ﬁ .
=T i<i<d +d.,
’YﬂJ,HS fQBj —I-O-[% _.] ~
o2,
Vuj,GHs = m, 1<y <d.,
U, uj

E(ygjmly) <1—17, 1<j <d,+d., and

the effect is zero if (3.75)

E(Vujans|y) <1 =7, 1<j <d,,

E(ygjmsly) >1—7, 1<j<d,+ds, and
the effect is linear if
E('Yuj,GHs|y) <l-71 1<75<d,,

otherwise the effect is non-linear.

3.8 Comparative Performance of Gaussian Responses

In this subsection, we compare the classification performance on Gaussian responses
in model (3.23), via the Markov chain Monte Carlo (MCMC) approach, between use
of the Laplace-Zero/Grouped Lasso-Zero prior described in Chapter 2 as Algorithm
2, and use of the (Grouped) Horseshoe priors described in Section 3.6.3 as Algorithm
4.

3.8.1 C(lassification Between Linear Effects and Non-linear Effects

To better illustrate the effect of (3.9), we ran three simulation studies on a general-
ized additive model selection, with the simulation settings stated in (2.56), (2.57) and
(3.76) given as follows:

30 predictors;

10 predictors having zero effect, for j € {1,2,...,10} (376)
3.76

10 predictors having linear effect, for j € {11,12,...,20}

10 predictors having non-linear effect, for j € {21,22,...,30}.
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Figure 3.5: The results of the linear versus non-linear effect classification for six replications of the
simulation study, described in Section 4 of He and Wand (2024), with n = 500 and o. = 2. The blue
symbols correspond to the Markov chain Monte Carlo-approximate values E (yujcns|y) for 11 < j <
30, which are the predictors that are simulated to have linear effects (left of the vertical dashed line)
and non-linear effects (right of the vertical dashed line). A blue circle denotes the correct classification
using (3.74), whilst a blue cross indicates a misclassification. The red symbols are similar, but for the
E (vuj|y) statistics corresponding to strategy described in (2.54). The classification border of 5 is
shown by the horizontal purple line.
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Figure 3.6: Similar to Figure 3.5 but with a higher sample size, n = 2,000, and lower error standard
deviation, o, = 0.25.

We ran three simulation study to compare the linear effect versus non-linear ef-

fect classification performance on Gaussian responses, between the use of (Grouped

Horseshoe) priors in model (3.23) with selection rules on £ (’yuj GHS ] y) stated in (3.74)

and the use of Grouped Lasso-Zero prior in model (2.28) with selection rules on
E (%j ‘y) stated in (2.54). We used 20 predictors generated from (3.76), 10 having
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Figure 3.7: Similar to Figure 3.6 but with the thresholding of the Grouped Horseshoe E (Vu; cus|y)
statistics based on k-means clustering. For each replication, the horizontal blue line shows the classi-

fication border arsing from k — means clustering. The horizontal red line at % is the threshold for the
Grouped Lasso-Zero statistics.

linear effect and 10 having non-linear effect, which implies 11 < j < 30. The choice
of the threshold parameter 7 = % is on both of the rules (3.74) and (2.54). In short, for
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the use of the Grouped Horseshoe priors, 11 < j < 30, the classification rule is:

the effect is linear if £ (7, aus|y) < 1, 577
3.77
the effect is non-linear if £ (7, ais|y) > 3.

For the use of the Grouped Lasso-Zero priors, 11 < j < 30, the classification rule is:

the effect is linear if £ (v,,|y) < 3
(3.78)
the effect is non-linear if £ (v,,|y) > 3.

In Figures 3.5, 3.6 and 3.7, the horizontal axis corresponds to j = 11,12,...,30,
which is concerned with linear versus non-linear effect classification for six replica-
tions in the simulation studies. Among these 20 predictors, the first ten predictors are
simulated to have a linear effect, corresponding to the left of the vertical dashed line.
The last ten predictors are simulated to have a non-linear effect, corresponding to the
right of the vertical dashed line. The classification border of 0.5 is shown by the hor-
izontal purple line. The vertical axis corresponds to the threshold statistic. Correct
classifications are shown as circles and incorrect classifications are shown as crosses.
The blue circles and blue crosses correspond to the use of Grouped Horseshoe prior.
The red circles and red crosses correspond to the use of Grouped Lasso-Zero prior.
For each replication, we have 20 blue symbols correspond to 20 candidate predic-
tors using the Grouped Horseshoe prior, and we have 20 red symbols correspond to
20 candidate predictors using the Grouped Lasso-Zero prior. In total, for 6 replica-
tions in each figure among Figure 3.5 — 3.7, we have 120 blue symbols and 120 red
symbols. From the rules stated in (3.77) and (3.78), for the classification of the linear
effect, the threshold statistics are below the classification border of 0.5, as shown in
the bottom left part in each replication. For the classification of the non-linear effect,
the threshold statistics are above the classification border of 0.5, as shown in the top
right part in each replication.

For the simulation study in Figure 3.5, we have the sample size being n = 500 and
the error standard deviation being 0. = 2. Figure 3.5 shows that, for the use of the
Grouped Lasso-Zero prior, the misclassification rate is 10%, as we had 12 red crosses
over 120 red symbols in six replications. For the use of the Grouped Horseshoe prior,
the misclassification rate is 39.2%, which is about four times worse, since we had 47
blue crosses over 120 blue symbols in six replications. Figure 3.5 shows that most
of the Grouped Lasso-Zero threshold statistics are close to 1 when the true effect is
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non-linear and close to 0 when the true effect is non-linear. In contrast, most of the
Grouped Horseshoe threshold statistics are close to 1 when the true effect is non-
linear, but scattered between 0.4 and 0.8 when the true effect is linear, which means
many predictors that have a linear effect are misclassified as having a non-linear
effect when the Grouped Horseshoe prior is used.

For the simulation study in Figure 3.6, we increased the sample size to n = 2,000
and lower the error standard deviation to 0. = 0.25, compared to the simulation
study of Figure 3.5. The higher sample size and the lower error standard deviation
should make this linear effect versus non-linear effect classification much easier. The
result shows that, for the use of Grouped Lasso-Zero prior, it leads to a perfect clas-
sification performance with no red crosses associated with misclassification in six
replications. However, for the use of Grouped Horseshoe prior, the more favourable
simulations conditions do not seem to help lower the misclassification rate, and most
of the Grouped Horseshoe threshold statistics are still scattered between 0.4 and 0.8
when the true effect is linear, leading to a 40.8% misclassification rate, since we had
49 blue crosses over 120 blue symbols in six replications.

For the simulation study in Figure 3.7, we have the same sample size being
n = 2,000 and the same error standard deviation being 0. = 0.25 as the simulation
study of Figure 3.6. To improve the poor classification performance for the use of
Grouped Horseshoe prior, instead of thresholding the F (7, 7GHS|y) at 3,11 < j < 30,
as stated in (3.77), we applied k-means clustering (e.g. MacQueen, 1967) to the
E ('yuj ,GHs|y) observations, with the number of clusters fixed at 2, to obtain 2 clusters
and corresponding classification rule. We used the function kmeans () within the R
computing environment (R Core Team, 2024), which aims to partition each thresh-
old points into 2 groups, such that the sum of squares from threshold points in each
vector to the corresponding assigned cluster centers is minimized. The threshold
for the Grouped Horseshoe statistics is based on k-means clustering. For example,
for the analysis corresponding to replication 1 in Figure 3.7, the k-means threshold
shown by horizontal blue line is 0.8031. The classification border of 0.5 shown by the
horizontal red line is the threshold for the Grouped Lasso-Zero statistics. The result
shows that with the use of this k-means alternative to Figure 3.6, the misclassifica-
tion rate for the use of Grouped Horseshoe prior drops from 40.8% shown by Figure
3.6 to 10.8% shown by Figure 3.7, since we had 13 blue crosses over 120 blue symbols
in Figure 3.7, compared to 49 blue crosses in Figure 3.6.

The remedy of k-means clustering approach to thresholding for generalized ad-
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ditive model selection helps lower the misclassification rate for classification per-
formance. We need to note this remedy relies on situations where there are many
candidate predictors of various effect types. For example, if there are only three to
six candidate predictors and most of them have strongly non-linear effects, then the

k-means clustering approach to thresholding choice may not be viable.

3.8.2 Classification Among Zero, Linear and Non-linear Effects

Figure 3.5, 3.6 and 3.7 in Section 3.8.1 are based on six replications and omit the
zero versus linear effect classification based on the E (vs, 1s|y) statistics with the use
of Horseshoe prior and based on the F (yg,|y) statistics with the use of Laplace-
Zero prior, with 1 < j < 20 from (3.76). To get a more complete picture, we ran
a bigger simulation study, relative to the one conducted in Section 3.8.1, for zero
versus linear/non-linear effect classification on Gaussian responses among the use
of 3 types prior distributions with different combinations of sample size and error
standard deviation in this subsection. The simulation settings are stated in (3.76),
(2.56), (2.57) and (3.79) as follows:

sample size n € {500, 1000, 2000} ,
error standard deviation 0. € {0.25,0.5,1,2} for Gaussian responses, (3.79)

threshold parameter 7 = 0.5.

In Figure 3.8, the performance measure was a misclassification rate for 30 candi-
date predictors stated in (3.76) being classified into one of three classes: zero effect,
linear effect or non-linear effect. Within each panel, the blue side-by-side boxplots
compare the misclassification rates among the use of three types of prior distribu-
tions given as follows:

A. the Laplace-Zero/Grouped Lasso-Zero prior approach based on model (2.28)
with the classification border set to 1 on rules (2.54),

B. the Horseshoe/Grouped Horseshoe prior approach based on model (3.23) with
the classification border set to 5 on rules (3.74),

C. the Horseshoe/Grouped Horseshoe prior approach based on model (3.23) with
the classification border based on k-means clustering.
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Figure 3.8 shows that the use of type A prior distribution is clearly superior to type
B with a much lower misclassification rate. The use of type C prior distribution of-
fers a big improvement compared to the use of type B. It shows that in our Bayesian
generalized additive model selection setting stated in (3.76), (3.79), (2.56) and (2.57),
the use of the (Grouped) Horseshoe priors does not compete very well with the use

of the Laplace-Zero/Grouped Lasso-Zero priors. Perhaps this can lead to the devel-

A. Laplace-Zero/Grouped Lasso—Zero priors with classifn border = 1/2
B. (Grouped) Horseshoe priors with classification border = 1/2
C. (Grouped) Horseshoe priors with classif'n border via k—means clustering
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Figure 3.8: Side-by-side boxplots of the misclassification rates for the comparative performance sim-
ulation study described in the text in the case of the response variable being Gaussian. Each panel
corresponds to a different combination of sample size and error standard deviation. Within each
panel, the side-by-side boxplots compare the zero, linear, non-linear effect misclassification rate across
each of the three methods: A. Laplace-Zero/Grouped Lasso-Zero priors with classification border at
3. B. (Grouped) Horseshoe priors with classification border at %, C. (Grouped) Horseshoe priors with
classification border determined via k-means clustering.

In summary, for Gaussian responses, using the (Grouped) Horseshoe priors with
fixed border of 0.5 with model selection rules stated in (3.74) and using the (Grouped)
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Horseshoe priors with k-means clustering used to determine the classification bor-
der with model selection rules stated in (3.74), both generally underperform relative
to the Laplace-Zero/Grouped Lasso-Zero priors with model selection rules stated
in (2.54) with threshold as 0.5. Therefore, in general, the recommendation for model
selection on Gaussian responses, is using the Laplace-Zero/Grouped Lasso-Zero pri-
ors with model selection rules stated in (2.54) with threshold as 0.5.

3.9 Comparative Performance of Poisson Responses

For the three-category generalized additive model selection on Poisson response, we
conducted a simulation study to evaluate the comparative performance of three ap-
proaches: A. (Grouped) Horseshoe priors described in Algorithm 5 with classifica-
tion border set to % in selection rule (3.75), B. (Grouped) Horseshoe priors with clas-
sification border via k-means clustering, as described in Section 3.8.1, and against C.
an existing Bayesian approach spikeSlabGAM (Scheipl, 2022) as described in Scheipl
et al. (2012). Details on use of the spikeSlabGAM package are given in Scheipl (2011).

In the case of spikeSlabGAM, we used the default call to its spikeSlabGAM ( )
function. The model having highest posterior probability in the spikeSlabGAM( )
output object was selected. spikeSlabGAM uses a N (0,0.00025%) mass as the “spike"
and a Gaussian density function as the “slab". For Poisson response models, spike—
SlabGAM uses Metropolis-Hastings sampling.

The data were generated with 15 candidate predictors, 5 having “true" linear ef-
fects, 5 having “true" non-linear effects and 5 having “true" zero effects. The sample
size varied as n € {1000,2000} . Each of the predictors were generated from inde-
pendent Normal distributions. The non-linear effects corresponded to quintic poly-
nomials with random generated coefficients. We used the misclassification rate to
measure the accuracy of the methodologies, defined as the proportion of times that
a predictor is misclassified as zero, linear or non-linear effect based on the nature
of the true effects as determined by the data generating process. For each sample
size n, we ran simulation on 15 independently generated data sets. Each replication
involved the generation of new coefficients.

The side-by-side boxplots in Figure 3.9 facilitate comparison of

A. the (Grouped) Horseshoe priors with a classification border at %,

B. the same as A., but with the classification border based on k-means clustering,
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C. the “spike-and-slab" priors in spikeSlabGAM with default settings.

For A. and B. in Figure 3.9, we used N, .., = Ny = 1000 for the MCMC. Figure
3.9 shows that B. outperforms A. and C. with lower misclassification rate.

It is noted that using the (Grouped) Horseshoe priors, both A. and B., for Pois-
son responses in the three-category GAM selection, the slice sampling method as
described in Algorithm 5 was successfully drawing samples in approximately 30%
to 50% of 50 replications. It shows the numerical instability of the slice sampling
method in Algorithm 5 for Poisson responses. Possible reasons for numerical insta-
bility on Poisson responses via slice sampling are summarized as follows. Firstly,
the Poisson response assumes the variance and the mean are equal, which may not
hold in some data sets simulated. If the data is overdispersed, the model does not
fit well, leading to poor convergence. Secondly, slice sampling requires evaluating
the likelihood and prior densities at various points. If the likelihood or posterior
distribution has very steep gradients or is poorly conditioned, some seeds may lead
to numerical underflow or overflow. Moreover, slice sampling works by defining an
interval around the current value and drawing samples uniformly from within that
region, known as a slice. However, if the interval extends into areas where the like-
lihood is extremely low or effectively zero, the sampler may become stuck and fail
to explore the distribution efficiently. To improve the use of (Grouped) Horseshoe
priors via slice sampling for Poisson responses for the three-category GAM selection
is one of future research goals.

3.10 Comparative Performance of Negative-Binomial Re-

sponses

We now repeated the same procedure as described in Section 3.9 for the three-category
generalized additive model selection on Negative-Binomial response. We conducted
a simulation study to evaluate the comparative performance of two approaches: A.
(Grouped) Horseshoe priors described in Algorithm 6 with classification border set
to 1 in selection rule (3.75) and B. (Grouped) Horseshoe priors with classification
border via k-means clustering, as described in Section 3.8.1.

The data were generated with 30 candidate predictors, 10 having “true" lin-
ear effects, 10 having “true" non-linear effects and 10 having “true" zero effects.
The sample size varied as n € {500, 1000, 2000} and the shape parameter varied as
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A. (Grouped) Horseshoe priors with classification border = 1/2 .
B. (Grouped) Horseshoe priors with classif'n border via k-means clustering
C. spikeSlabGAM with default settings
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Figure 3.9: Side-by-side boxplots of the misclassification rates for the comparative performance sim-
ulation study described in the text in the case of the response variable being Poisson. Each panel
corresponds to a different sample size. Within each panel, the side-by-side boxplots compare the mis-
classification rate across each of three methods: A. (Grouped) Horseshoe priors with a classification
border at 1, B. (Grouped) Horseshoe priors with classification border determined via k-means cluster-
ing. C. spikeSlabGAM with default settings.

k€ {1,2,4} . For each combination of sample size n and shape parameter s, we ran
simulation on 50 independently generated data sets.
The side-by-side boxplots in Figure 3.10 allow direct comparison between the

two approaches:
A. the (Grouped) Horseshoe priors with a classification border at %,
B. the same as A., but with the classification border based on k-means clustering.

For A. and B. in Figure 3.10, we use N,,mm = Ny, = 1000 for the MCMC. Figure
3.10 shows that B. outperforms A. with lower misclassification rate.
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Algorithm 4: Markov chain Monte Carlo generation of samples from the posterior
distributions of the parameters in (3.23) for Gaussian responses using Horseshoe-type
prior.

Data Inputs: y(n x 1); X (n x (do +ds)); Zj(nx Kj),1<j<d,.
Response Type Input: responseType € {Gaussian} .

Sufficient Statistics Inputs: XTy, XTX, ZTy, ZTX, ZTZ.
Hyperparameter Inputs: og,, s, s, sy, > 0.

Chain Length Inputs: N, and N, both positive integers.

Initialize: B1% «+— 04, 4,

0]
J

[0] [0]

u;’ +— Ok, 1 < j < d; (0?)[0] +—1; ac’ +— 1 (og)[o} — lya; «—1

0 0 0 0 .
féé  Lag+ds; f[lé — Ligtd; fz[u]j — 1, fl[u]j 1, 1<j<d;

0
uj

@y ¢ 1,1 <j<de; (7)) = 1,1 < j < da.
Forj=1,...,ds: wyz, +— diagonal (ZTZ<j’j>)
Forg=1,..., Nuam + Niep :

wi <— yT1

- . Ald w1 1
v o)) s A (i )

Q — (XTX) /(21 + diag (£, / (2o

de
w3 +— XTy — ZZTme <uggfl])
=1

Decompose €2 = Ugdiag(dQ)Ug where UQU4 =1

ng Ug (w3) >

z~N(O,I)((do+da) x1) 5 pY«—Ugq <\/@ + dq(c2)ls—1]

Forj=1,...,d; + ds:
B 52)ldl
f2[%]j ~ Gamma <1,f1[%j Uy 7( i
2 (cr

continued on a subsequent page . . .
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Algorithm 4 continued: This is a continuation of the description of this algorithm
that commences on a preceding page.

fl[%]j ~ Gamma (1, fggﬁ]j + 1)

(62)l9) ~ Inverse-Gamma (;(do +de +1),1 /a[ﬁg—ll + % BT diag ( f[fg] ) B[zﬂ)

al9! ~ Inverse-Gamma| 1,{1/ (o2 9 + (1/s2 5 B — ,8[9]
8 B /85

FOI'j = 1,...,d. . u;urr « ’U/E-g_l}
FOI‘j =1,...,d:

de
w +— ZTyD — ZTX) g — 321209 (wsyr)
Iy

w7 {ij/ (Ug)[gil]} * {fé‘i}”l;{j/ (Ugj)[g_l]}

2~ N(0,Ik,) 5 uf™<— <z/\/u77> + [wa/ {w7 (og)[g‘”}]

(9]

Forj=1,....ds: U — u,;

Forj=1,...,ds:

[l

£~ Gamma | L (K, +1), £ +

#9° . Gamma (1, £y 4 1)

luj 2uj

1 2
(agj)[g} ~ Inverse-Gamma (é(KJ +1), A7) + %Hugﬁﬂ H f%)
uj

agfj- ~ Inverse-Gamma | 1, VERNT + 2
(0.2j> U

de
wio +— 1,88+ X891+ Zulf
j=1

(Ug)[gl ~ Inverse-Gamma (%(n +1), (1/a£:971]) + %Hy - w10H2>

a9 ~ Inverse-Gamma (1, {1/(0?)[9]} + (1/5?))

Outputs: All chains after omission of the first N,,., values.
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Algorithm 5: Markov chain Monte Carlo generation of samples from the posterior
distributions of the parameters in (3.24) for Poisson responses using Horseshoe-type
priors.

Data Inputs: y(n x 1), X(n X (do + ds)), Zj(n x Kj),1 < j < d,.

Response Type Input: responseType € {Poisson} .

Hyperparameter Inputs: 03,, 53, s¢, Su, Ag, Bg, Ay, By > 0.

Chain Length Inputs: N, and N, both positive integers.

Initialize: B ¢— 04, 4q,; ul) ¢ Og;; 1<j<de, (62)0 ¢—1; o «—1;

(02)0 +— 1; a1, f[goﬁ] — Lg,4d.; f[log} — 14, 4d.;

ot La; Fi—La (02)0 1, a1, 1<j<d.,

sumDists(3y) «— 0; sumDists(3;) «— 0; sumDists(u;) «— 0.
FOI'g = 17' . 'anarm +Nkept :
s1(Bo) +— ng; s2(Bo) +— 05,; 83(Bo) — 1

de
s4(fo) «— X Bl + szug'gil],
=1

AU« sliceSampling ( ¥, 51(80). 52(B0). 83(Bo), 34(50)7975umDiStS(/80)> ’
sumDists(fy) «— sumDists(8p) + ‘5([)9_” - ﬁ([)g]’-
Forj=1,....do +d

s108)) «— 11 (y © X;);5 2(8)) «— (@D)V/ 151, s3(8)) «— X

de
sa(By) e 1 0 (897)_ 4 3z
j=1

ﬁ][g] +— sliceSampling (Bj[,g—ﬂ, 51(B;), 52(B;), 83(8;), 34(Bj),g,sumDists(ﬁj)) ,
sumDists(;) «— sumDists(5;) + ‘ Bj[g—ll _ 6]['9]"

2\[g]
19 (55) -1\ . 9]
f2/8j ~ Gamma (1, 2(02)[%1] + fl,Bj ) : flﬁj ~ Gamma <1, 1+ f25j> .

(o—g)[g] ~ Inverse-Gamma <% (do + +de +1), 1/a£;971] + %ﬂ[g}Tdiag(fggg)ﬁ[g])

continued on a subsequent page . . .
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Algorithm 5 continued: This is a continuation of the description of this algorithm
that commences on a preceding page.

as NInverse—Gamma( {1/( )[g]} (1/s? )) sa(ujp) <— B[g] + x 89
Forj=1,...,ds:

sa(ujp) — (2l FT s (ugp) — salugn) + Zz ult ™,
J'#j
Fork=1,...,K;:
s1(uje) «— 1% (y © Zji) 5 s3(ujp) <— Zji,
K;
1]

S4(Ujk) — S4(Ujk> + ZZ]krugng ,
K%k

¥ +— sliceSampling ( U sy (ugn), so (i), s3(uin), s4(un), g,
sumDists(u;y,)) -

sumDists(u;,) <— sumDists(u;) +‘ lo=1) _

fQ[i]ijamma( (K;+1), fl° 1]—1— Hu[g]H/ )

112 ~ Gamma (1,1+ £

luj

[g] ‘

(agj)[g} ~ Inverse-Gamma <§ (Kj+1) (1 / a ) + 3 fQ[f’jj

o ~ Gamma (1, {1/ (v%) ’ } + (1/33)) '

Outputs: All chains after omission of the first N,,., values.

<)
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Algorithm 6: Markov chain Monte Carlo generation of samples from the poste-
rior distributions of the parameters in (3.25) for Negative-Binomial responses using
Horseshoe-priors.

Function to compute the logarithm of unnormalised density function of A for

Negative-Binomial responses called logUnnDensLambda( ).
de

7=1

Data Inputs: A, Bo,n, bk, g, M3, M-

K +— exp (A).

Outputs: A +n{xlog (x) —log (T (k))}

—5 Y (Bo+tmg+m,) +be+ Y {giexp (= (Bo+ms+m,))} - log(g:)

i=1 =1 i=1

Slice sampling for Negative-Binomial responses:

Data Inputs: y(n x 1), X(n x (do + ds)), Zj(n x Kj),1 < j < d,.
Response Type Input: responseType € {Negative-Binomial} .
Hyperparameter Inputs: 03,, 53, S¢, Su, Ag, Bg, Au, Bu, b > 0,

Chain Length Inputs: N, and N, both positive integers.

[0]

Initialize: 8% +— 04, +dy; ug-o] +—0g;; 1<) <d,, (02)[0] +—1; az’ +—1;

(00— 1; all e—1; f[z(}l s Lagvdes f[f); — Ligpan; A e—1,

w e Lo fiue—as (@)% e 1 a1, 1<j<d,,
sumDists(5y) «— 0; sumDists(8;) <— 0; sumDists(u;z) <— O0;
sumDists(A) «— 0;

Fors=1,..., Nyam + Niep :

de
g <— x4l n, «— ZZjuBS_l]

j=1
gl ~ Gamma (y +exp(AL=1), 1 4 exp (A1) exp (/6’([)5_” +na+m,))
s1(B0) +— —nexp (A1) 5 55(80) «— 033 83(80) — —1Lns

continued on a subsequent page . . .
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Algorithm 6 continued: This is a continuation of the description of this algorithm
that commences on a preceding page.

54(B0) <— 1oAY +log (g1) + 15+,
Bl «— sliceSampling (658_”, 51(Bo), s2(Bo), 83(5o), 34(50),9,SumDiStS(50)>

sumDists(5y) «— sumDists(Sy) + ‘5([)8_1] - B([JS}

w; <— logUnnDenslLambda ()\[S—ll,ﬁ([f*”, n, b, g, Mg, nu)
if (s=2) t +— 1.0; if (s >2) ¢ +— sumDists(\) /(s — 1).
u <— a draw from the Uniform(0, 1) distribution

wo ¢— wy +log (u); Ly +— AU —tu; Uy «— Ly +t.
wsz <— logUnnDensLambda (Lx,ﬁ([f], n, by, g, mg, nu) .
while (w2 < ws)

Ly +— Ly —t; w3 +— logUnnDensLambda (LA,B([)S],n, bn,g[s],nﬁ,nu> .

wy +— logUnnDensLambda (UA, ([f], n, bmg[shng, m) .
while (wa < wy)
Uy +— Uy +t; wy +— logUnnDensLambda (U,\,,B([f],n, bﬁ,g[s],nﬂ,nu) .
Ly +— Ly; Uy +— Uy; newPointFound +— FALSE.
while (newPointFound = FALSE)
)\new<_-z\;+u<ﬁ)/\_i;>'
if (wg < logUnnDensLambda (Anew, ﬁ([f},n, bmg[s],’ng,m»

sl «— )\..; newPointFound +— TRUE.
lf (Anew < m) I/j)/\ — )\new; lf ()\new Z x) (/J\/’)\ — Anew

sumDists(\) «— sumDists(\) + ‘)\[5_1} — )l

Forj=1,...,do + ds:
s1(8)) «— —exp (\I) 11X 55 50(8)) — (02711355 s3(8)) «— —X;

s4(8;) «— 1Al + log (g — (1n o0 (B0Y) +nu>

B — sliceSampling (8", 51(8;), 52(8;), s3(8;), 81(8;), g, sumDists(8;))

sumDists(f;) «— sumDists(5;) + ‘BJ[-S*H - Bj[s] :

continued on a subsequent page . ..
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Algorithm 6 continued: This is a continuation of the description of this algorithm
that commences on a preceding page.

2\ [s]
((B))[S”+flﬂ] ) fi5, ~ Gamma 1,1+ /35, ).

(02)l] ~ Inverse-Gamma ( (do + +de + 1) l/a s=1 %B[S}Tdiag(fgsg)lg[81>
aEf] ~ Inverse-Gamma (1, {1/ (02) g]} + (1/5%)) :

sa(ujr) «— 1, Al + log (g[s]) — (1nﬁ([f] + Xﬁ[S]) :
Forj=1,...,ds:

fQ[ng ~ Gamma <1

so(ujp) ¢— (02 1/t sa(ugy) <— sa(un) Zz,u[s 1
J'#5
Fork=1,...,K;:

s1(ujk) <— —exp ()\[ }) 1T Z]k, s3(uji) «— —Z i,

4(u]k) — 84 ujk ZZ k/u]k/
k'#k

[ ] — sllceSampllng ( [s U sl(ujk), Sg(uj'k), Sg(uj'k), S4(Ujk),

sumDists(u;,))

sumDists(u;) «— sumDists(u;j) + ’ug,sk—l] - ugs,l

fau; ~ Gamma <5 (K1) Ho o 3l (agj)[su> ’
71y ~ Gamma (1,1 + f51,),

2
(03].)[81 ~ Inverse-Gamma <5 (1/a[s 1]) . %fz[ij ’U;E-S] ) |

ok ~ Gamma (1.{a/ (22,) "+ (1/52)).

Outputs: All chains after omission of the first N,.., values.
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Figure 3.10: Side-by-side boxplots of the misclassification rates for the comparative performance
simulation study described in the text in the case of the response variable being Negative-Binomial.
Each panel corresponds to a different combination of sample size and shape parameter. Within each
panel, the side-by-side boxplots compare the misclassification rate across each of two methods: A.
(Grouped) Horseshoe priors with a classification border at 1, B. (Grouped) Horseshoe priors with
classification border determined via k-means clustering.
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3.A Derivation of Result 3.2.2.1

From (3.1), for z € R? we have

1 2
[  lomr ] % e [ 12] 2
pusa () = [ plalVpar = [ 2y exp( 2A2>W<1+A2)dk
d 2
O T O O 3
— (2r) /0)\ exp< 2>\2>7T(1+)\2)d>\.

1 1
The change of variable ¢ = 2 leadsto A = (t)"2, d\=—3(t)"

2\ g ! 2
| = o (1 ||
<T) exp (_T> (t) 2 exp| — 5 t
dt. (3.80)
0
For the following term stated in the last step of (3.80)

()" ) oo ),
I s
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we use 8.19.4 of Olver et al. (2023) as follows:

E(2) = 2Pl exp(—2) /OO tP~L exp(—2t) i
0

['(p) 1+t
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3.B Derivation of Result 3.2.3.1

We will look at the derivation of Result 3.2.3.1 by separately considering the follow-
ing cases:
d=1 and d > 2.

The d =1 Case
From Theorem 1 of Carvalho et al. (2010), we have

1
Vo3

K 4
pus(x) > 7110g (1 + —2) where K, =
x

Then % .
. 1 . o
ilg(l)PHs,l(fB) > log (1 +4lim (ﬁ)) = 0.
Therefore
lim pys1(x) = 00
x—0

and Result 3.2.3.1 holds for d = 1.

The d > 2 Case
From Result 3.2.2.1, we have

2 2
1 I(id+1
pusa(x) = Kqexp <@> Eran (H‘BH ) — Wwhere K; = (2(2?%2))-

2

Then

2 2
sngonsate) 5 { oy (150 ) o sy (1510 | iy o).

Note that )
lim exp <M> = 1.
x—0 2

From 8.19.6 of Olver et al. (2023) as follows:

»(0) = 7 forallp > 1,
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we then have

2
] 1 2
i d+1 = = > 2.
i%E(;)( 5 > TdT 1) =1 d_le[(),oo) forall d>2
Also note that
lir% Ha:”l*d =oo0 forall d> 2.
Therefore

hr% pusd(x) =00 forall d> 2.
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3.C Derivation of Result 3.2.4.1

Result 3.2.4.1 implies various properties of the bivariate confluent hypergeometric
function. We will start with its definition and key results. Then we show how these
results link to our Result 3.2.4.1 statement.

3.C.1 The Bivariate Confluent Hypergeometric Function

The bivariate confluent hypergeometric function

) (o, B,7,2,y) for o,fB,7v,2,y,€C

is defined via a pair of partial differential equations in Section 9.262 of Gradshteyn
and Ryzhik (1994). In Appendix 3.C.1, for demonstrative purposes, ®; (o, 3,7, 2, y)
defined in Gradshteyn and Ryzhik (1994) is denoted as ®; ¢ (o, 8,7, z,y) and &4 («, 5,7, x,y)
defined in Gordy (1998) is denoted as ®;_ o, (v, 5,7, 2, y) .

As stated in Section 9.261 of Gradshteyn and Ryzhik (1994) the following series
representation applies when |z| < 1:

Dy o (o, B,7,2,Y) ZZ m+" m'n' Y where (), =T (a+k)/I(a)
(3.81)

m=0n=0

Result 3.385 of Gradshteyn and Ryzhik (1994) states that

C(v)I'(A)

T 1) 2 0o H A0 ) (382)

/000 P 1 =2 (1= Ba) P exp (—px) de =

for complex numbers A\, v, p, 5 and p ranging over various subsets of the complex
plane. If these parameters are restricted to be real numbers then the restrictions
reduce to

Av>0 and B,p,ueR.

Equation (6) of Gordy (1998) is given as follows:

®1_Gordy(avﬁ777x y ZZ m+n m'ﬂ‘y ’

m=0n=0

The error in equation (6) of Gordy (1998) is (53),, stated in (3.81) being wrongly re-
placed by ()., even though Result 1 of Section 9.261 of an earlier edition of Grad-
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shteyn and Ryzhik (1994) is given as a reference for the series representation of ®;.
This error leads to the roles of # and y being reversed between ®; ¢, and ®; .
Therefore

(I)l_GR (Oé, /87 v, T, y) = (I)I_Gordy(aa ﬁ? Y Y, x) (383)

For0 <z <land0 < a < v, (T4) of Gordy (1998) is the following series representa-

tion of ®; in terms of univariate confluent hypergeometric function ; F; :

(7 0) = expl) 3 O i oyt a). @8

n=0

We refer to Result 1 of Section 9.261 of Gradshteyn and Ryzhik (1994) and use ®;
for @, in the rest of this thesis. According to (3.83), we have the following series
representation of ®; in terms of the univariate confluent hypergeometric function
1F1 .

n

Oy (a, 5,7, x,y) = eXp(y)Z%dﬂ(’y —a,y+n,—y). (3.85)

n=0

The error in equation (6) of Gordy (1998) leads to (T1) — (T4) of Gordy (1998) con-
taining an incorrect variant of (3.85) with respect to the ¢4, 1} and ,F functions as
defined in Gradshteyn and Ryzhik (1994).

3.C.2 Marginal Density Function Simplification

The marginal density function of y according to model (3.2) is

o) = [ { [ pwlowome i where s = 2521, @89

Note that model (3.2) is equivalent to the set-up as follows:

yl@ ~ N (6,1,), ]A~ N (0,)>r*1,), A~ Half-Cauchy (1), (3.87)
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for some 7 > 0 that is fixed and known. If we define ¢ = 1 + 1/ (A*7%) and the
symmetric matrix A = £1,, then p(y|0)p(0|)), stated in (3.86) for p(y), becomes

_ 1 0
p(ylO)p(6])) = (277) exp <—§||y o) - 2[—”)

— (2 exp (—%HyHQ ry'o- L (1 - Id0)>

)\27—2
—d 1 2 T Lor
= (2n7A) “exp —§HyH exp |y 0 — 50 (€1,)0
and
T 1 T 1 T A—1 1 —1.\T -1
Y 0—50 A9:§y A y—§(0—A y) A(O—A y)
Therefore, the term p(y|@)p(0|)), stated in (3.86) for p(y), becomes

p(ulO)p(O) = (2572) "exp (5 o]l

on (3 (30 ()2) ()5) (- (2))
16|
(- () 6-() e

Note that
(o) *

is the N ((1/¢) y, (1/€) 1,) density function in 6 and ‘ (1/¢) 1,
term [, p(y|0)p(0|\)d0, stated in (3.86) for p(y), becomes

() e (3 () ) (2)

1

B = (-0 (D) (- ))

1
2

(]I~

. The

= (1/9)

NI

[ piwiorpende = (2r)
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24101 272 1 1
Tt = T d-—-1=—-————, wethen have

Recalling thatS = W, Z = m an f _)\27_2 1

2
4 vl

2 1
P(ylO)p(BINO = (27) “exp | — | 5= d
» (2 AL ez 1)t

Moreover, since A ~ Half-Cauchy(1) and p(\) = , (3.86) becomes

2
T(1+ )

9l

d—2, \d+2\ "2 N 9 1
p(y) = ((2) (7) +> 0 exp(<A2T22+1)>()\27—2—'_1)%(1—}_)\2)(1)\. (3.89)

3.C.3 Score Function Simplification

The score function is given as the following d x 1 derivative vector:

[9log {p(y)} ]
ayl
v, {logp(y)} = : . (3.90)

dlog{p(y)}
Ya

The marginal density function p(y) stated in (3.89) in Appendix 3.C.2 is

| 2

|y
1 LA i B
_= 00 1
p(y) _ <(2)d72 (T)d+2> 2 / exp _ )\27_22+ 1 d d)\
0 (N2 4+1)2 (14 A?)
Observe that
2
1l —Hy ’ 1
dyply) = (@2 (0") 7 [ e | - | 52 T
0 (N2724+1)2 (14 A2)
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We then have

dylogp(y) = §£§§dyp(y)

1 0o |y_ 1
((2>d_2 (7T>d+2> i f dyexp | — )\27-22+ 1 d dA
0 (N2 +1)2 (14 2?)
- 2
o vl 1
(@ (@) f v |~ | way 7 a\
0 (N272+1)2 (14 2?)
(3.91)
Noting that
dy?+...+132) d(y?+ ... +92)
d< 2):d Ty) = [ o 2 )| _ o
v (l9l) =dy (") i ™ y
and
2 2
gl 9l 1
2 _ _ 2
fy xp ezl | |- YR el | | e

then the integral in the numerator of d,, log p(y) stated in (3.91) becomes

00 2
Iyl 1
dy exp 2 . dA
AT ez 4 1)2 (14 02)
0
0o 2

vl 1
2

- exp |~ | 55 I d\dy (—y) .

(A2 41) 2 (14 2)
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Therefore, d, log p(y) stated in (3.91) becomes

2
. ||l 1
f exp | — 2 22 d+2 dA
0 AT e o )% (14 02)
dylogp(y) = —y ‘ H2 dy.
()
> T 1
f exp | — 5 22 7 dA
0 AT G2 1)2 (14 02)

Hence, the score function stated in (3.90) becomes

N gl 1
f exp | — 2 22 d+2 dA
0 AT ez )T (14 02)
> S 1
f CXp | — 2 22 d dA
0 AT ez 1)z (14 02)

(3.92)

3.C.4 Bivariate Confluent Hypergeometric Function Representations

In this subsection, we derive expressions for marginal density function p(y) and
score function V,, {logp(y)} using the bivariate confluent hypergeometric function
P, as defined in Appendix 3.C.1. The marginal density function p(y) is stated in
(3.89) in Appendix 3.C.2. The integral stated in (3.89) is as follows:

2
)

o0 a 1
C(a,b) = exp <— ) dA. (3.93)
/0 LHXD) (0 eyt (2 +1)

The change of variable

¢ (a,b) = (4l

where

%D

=T
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1 1
in (3.93) leads to \2 = ——— d\= — dr and
399 b(1—x) Vb2, = (1 — )
1
1 1 1
C(a,b) = exp | —a+ax y — = sdx
: ( > <L>§ <b—:c(b—1)> Vb2 /=5 (1 - )
1-z b(l—zx)

1 (-9
exp (~a) (-0 (1-2)
= [2)—\/1_) 0 (x) <1 - (1 - %) x) exp ( — (—ax) >dx. (3.94)

For the integral stated in the last step of (3.94), we use 3.385 from Gradshteyn and
Ryzhik (1994) stated in (3.82) in Appendix 3.C.1 as follows:

1
/ l’y_l <1 - I)A_l (1 - ﬁx)_p e "dx =B (Va )‘) o, (Va PV + )\,ﬂ, _'U’) :
0

Inour case, wehaver =1/2, A= (d+1)/2, 8=1-1/b, p=1, v+A=(d+2)/2
and p = —a. Then C (a, b) stated in (3.94) becomes

d 1
exp (—a) /7T (— + —)
1 2 1

C(a,b): d2 2 q)l (5,1,%,1—E,a) . (395)
dv/bI (5)

Note thata = %Hy”2 and b= 7% ThenC (a,b), the integral stated in (3.89), becomes
2

o vl 1
C(a,b) = exp e 2 . _ )\
: Tt (272 4+ 1)2 (1+ A?)

1 2 d 1
oo (5 v (543) 0w
z w15l
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Therefore, the marginal density function stated in (3.89) becomes

(o (w)d“)% exp (—%H?Af) vl (g + %) o, (1  4*2, % %Hym

277 9
d 1

2 5) 1 d+2 11
1 (57177, - oy §H?JH2) -

(3.96)
For the d = 1 case, (3.96) reduces to a similar expression, but not identical to equation
(A1) of Carvalho et al. (2010). Equation (A1) of Carvalho et al. (2010) is as follows:

2 y? 1.5 4° 1
- e (21,2, L1 =
m(y) exp( 2) 1(27 727 27 7_2 9

T
7 (27%)2

with m(y) denoted the marginal density. The main difference is the order of the
fourth and fifth arguments of the ®; function. This discrepancy is attributable to an
error in Gordy (1998) described in Appendix 3.C.1.

Next we seek an analogous expression for the score function V,, {logp(y)} stated
in (3.92) in Appendix 3.C.3. The analogous expression is as follows:

D (4" )

Vy {logp(y)} = —y

(3.97)

¢ (sllul”. )
where
% }yTH? 1
D (a,b) = 0 exp 1 | | are s i (HA?)CM

Calculations of D (a, b) are similar to those given in the previous section for C (a,b) .
The change of variable
A
NP
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T 1 1

b(1—1x) dA_%z\/%u—x)

in D (a, b) leads to \? = sdz and

1 1 1
D (a,b) = exp| —a+ax — dx
0 ( ) ( 1 >%+1 (b—a&(b—l)) \/52 \% _:vil (1 - x)Q
1-z b(l1—z)

1 ()
eo-a) [ (G (1-7)
- I2)—\/Z_) 0 (m) (1 N x) exp ( — (—ax) )dx. (3.98)

For the integral stated in the last step of (3.98), we use 3.385 from Gradshteyn and
Ryzhik (1994) stated in (3.82) in Appendix 3.C.1 as follows:

1
/ l’y_l <1 - I)A_l (1 - ﬁx)_p e "dx =B (Va )‘) o, (Va PV + )\,ﬂ, _'U’) :
0

Inour case, wehaver =1/2, A= (d+3)/2, 8=1-1/b, p=1, v+A=(d+4) /2
and p = —a. Then D (a,b), the numerator of score function V,, {logp(y)}, stated
in (3.97), becomes

D(a,b) — exg\(/_ga) fi%g%j) B, (% At 1 a)
exh (—a \/%l(d+1)1“ d+1
: 2&5) (§+1>F(i+21)>@1(1 T _17a>'

Note that C (a, b) stated in (3.95) in Appendix 3.C.4, which is the denominator of
score function V,, {logp(y)} stated in (3.97), is as follows:

eXp(a)ﬁF(g+%)®l(1 d+2 1 )

a) ]-7 P 1— -, a
dv/br (g) b

C(a,b) = 15
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Then the score function stated in (3.97) becomes

1 d+4 11
5 (d+1)® | 5,1, ——,1— —2»‘H1'/H2
(a,b) 2 2 T2
Valos{p(y)} =~y o0 = -y T drz. 11, &y O
’ (d+2)d, (571,771—5’5}@“ )

For d = 1, the score function stated in (3.99) becomes

1
2(1)1 (5’ )

5
2
Vylog{p(y)} = —y
31 (511 ,2 = 1>| H)

matching equation (A2) of Carvalho et al. (2010) except for the interchanges in the
fourth and the fifth arguments of the ®; equation. An error in Gordy (1998), de-
scribed in Appendix 3.C.1, provides an explanation for this discrepancy.

3.C.5 Large HyH2 Approximation of the Score Function

Result 3.2.4.1 in Section 3.2.4 concerns the limiting behaviour of the score function
when ||y|| = oc. To keep the consistency with Result 3.2.4.1, we assume that ||y|| >
1. By the degree of complexity, we treat the following cases separately

7=1, 7>1 and O0<7<1.

In each case, we need to use the following results from Abramowitz and Stegun
(1968), for the right-tail asymptotic behaviour of the univariate confluent hypergeo-

metric function

( | %exab{l_’_O(l {1)} forz >0 and |z| > 1,
1F1 CL,b,Q? =
(b —a -
ﬁ(—x) {1—|—O(}x{ 1)} for <0 and‘x}>>1.
(3.100)
The T = 1 Case
Note that

D (a,b)

Vylog {p()} = =y 51
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is stated in (3.97). Let us look into D (a, b) and C (a,b) . 7 = 1leads to 1 — % =1- % =
0. Then D (a, b) stated in (3.98) in Appendix 3.C.4 becomes
1 ()
_ exp(—a) (- (1-2) e
D (a,b) = i (a:) (= (=1a) exp (—ax) |dx
0
1
1_ i3 _
= % (x) (2-1) (1 - x) ( ? 1) exp (ax) dx (3.101)
0
and C (a, b) stated in (3.94) in Appendix 3.C.4 becomes
1 (%_1)
_ exp(-a) (-9 (1-2)
C(a,b)—Q—\/E <x> (= (=1a) exp(—(—aa:))da:
0
1
_ e (-a) G (5
= 2—\/1_) (m) <1 — x) exp (a:c) dz. (3.102)

0

For the integrals stated in the last step of (3.101) and (3.102) , we use equation (1) in
Section 3.383 in Gradshteyn and Ryzhik (1994) as follows:

/ 2 (u— )"V Py = B (u, v) u T (v 4 v Bu)  [Rep >0, Rev > 0].
0
In our case, for D (a,b) ,wehaver =1/2, u=1, p=(d+3)/2, f=a= Hsz/Q,

p+v=_(d+4)/2, pu= HyHZ/Z. Then D (a,b), in terms of univariate confluent
hypergeometric function, becomes

1 1 1
- taenr (_ (d+1))F (_)
D(a,b) = exg\(/l_)a) 2 1 2 4 /d 2 11 (1 1(d"“l)» 1”'!/”2) :
For C(a,b), wehave v = 1/2, w =1, p = (d+1)/2, B =a = HyH2/2,
p+v=_(d+2)/2, Pu= ||y||2/2 Then C (a,b), in terms of univariate confluent
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hypergeometric function, becomes

1 1
Cla.b) = exg\(/—ga)r <§ (‘;:E)d))r (5) o (% %(CHQ _||y|| )
2 \2

Therefore, the score function V, log {p(y)}, stated in (3.97), in terms of univariate

confluent hypergeometric function is

- (d+1>1ﬂ(1 (d+1). ||yH)
Clah) =Y . (3.103)

Vylog{p(y)} = -y
(d+2),F, (% L) Sl )

In (3.103), since the third argument of the | F; function being

Syl >0 and |3

we use the first case stated in (3.100) in Appendix 3.C.5 as follows:

1Fi (a,b,z) = L (b) "0 {1 + 0 <|$’71>} )

Therefore, the ; F} function in the numerator of score function V, log {p(y)} stated
in (3.103) becomes

11
R <§§d+4 Liy ||>

l _1 d+3
c - ) o (3l1°) (3107 2 {0 (1)}
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and the | F; function in the denominator of score function V, log {p(y)} stated in
(3.103) becomes

F (% Lav2) Ly ||)

! L
G o ) o (biwl) CGlwl) 2" {1 0 (ol )}
" (3)
Then the | F; functions stated in (3.103) becomes
(@ nglel?) o (Gaen) ol {0 (vl )}
11 =2 1 o
(33w ﬂyu) r(3a+2) {1+ 0 (™))

)y {1+0 (Hsz)}‘
1+ 0 (Jlu] ™)

In summary, for 7 = 1, the score function stated in (3.103) becomes

sl o (W)
1+ 0 (|lyl| )

Vylog {p(y)} = —

The T > 1 Case
7> 1leads 0 < 1— (1/b) = 1 — (1/7?) < 1. Note that the expression for score

function V,, log {p(y)} , stated in (3.99) in Appendix 3.C 4, is as follows:

1 . d+4 L1
(d+1)D, (5,17771 - g@\\ym

1 d+2 11 '
e (31520 L )

Vylog{p(y)} = —y

For the ®, function stated in (3.99), we use (3.85) in Appendix 3.C.1 as follows:

Oy (e, 8,7, 2,y) = eXP@)Z(a)(—nn
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Then the ®; function in the numerator of V,, log {p(y)} stated in (3.99) becomes

1 d—+4 1 1
1 <§, 1, — 1- ot §HyH2>

SONGE:

— exp (;Hy\f) > (d+4>)n) B (; (d+3).3 (d+4)+n. _%Hyuz) |

Since the third argument in the ; F; function stated in (3.105) being

1 1
JulF <0 and | - Ljul?| > 1

we use the first case stated in (3.100) in Appendix 3.C.5 as follows:

1F1(a,b,x) = F(l;)(f)a) (—z)™ {1 + 0 <‘x}_1>}

Then the | F; function stated in (3.105) becomes

1 1 1
¥al (5 (d+3),5(d+4) +n, —gHyHQ>

1
r <— (d+4) +n> —3(d+3)
2 1 2 —
- s (alel?)  {reo (1wl )}
'in+ -
(+3)
and the ®; function stated in (3.105) becomes

1, d+14 11
1 <§, L, 5 1- 2 §HyH2>

72 (2309 1 (‘—Z +2

(3.105)

_ Bk ) e (5ll) (Il ) {1+ 0 (Jul *)}-

(3.106)
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Similarly, using (3.85), the ®; function in the denominator of V,, log {p(y)} stated in
(3.99) becomes

1 d+ 2 1 1
O] (57 1, — 1- oy §H?JH2>
1

= exp (%Hy\f) g <§(>f(gl+2;)2) R (% (d+1), % (d+2)+n, —%HyH2> .
2 n

Using the first case stated in (3.100), the ; F; function stated in (3.107) becomes

(3.107)

1 1 1 2

F(%(d+2)+n>

1
1 ) —§(d+1) L
o) (3l01) © {0 (1)}
'in+ =
2
and the ®; function stated in (3.107) becomes

1 d+2 1 1
D, (57 1, 5 - 2 QHZ/W)

2@ (4
_ - () e (31917) (Il ™) {0 (Jwl )}

(3.108)

Note that ®; function in the numerator of V, log {p(y)} stated in (3.99) becomes
(3.106) and the @, function in the denominator of V, log {p(y)} stated in (3.99) be-
comes (3.108). In summary, for 7 > 1, the expression for score function V, log {p(y)}
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stated in (3.99) in Appendix 3.C.4 becomes
1 . d+4 11

(d+1)®, <§, 1’7’ L= §7§Hy”2)

Vylog {p(y)} = —y 1. d+2 1 1, 2

e (31570 L )

(d+1)ylly “2l1+0 Yy -
B |yl { _2<H | >} for ||y|| > 1. (3.109)
10 (Jlvl™)

The 0 < 7 < 1 Case

Note that the expression for V,, log {p(y)}, stated in (3.99) in Appendix 3.C.4, is

1 . d+4 11
(d+1)®, (5,17771 - gagHym

1 . d+2 11 '
are (L1520 L )

Moreover, an analogous expression for V, log {p(y)}, stated in (3.97) in Appendix
3.C4,is

Vylog{p(y)} =~y

23kl )
Vy {logp(y)} = yC (%”yHQ’TQ)

where D (a,b) stated in (3.98) and C (a, b) stated in (3.94) in Appendix 3.C.4 as fol-

lows:

1 (50)
exp (—a Tyl U
D (a,b) = I;\(/l_a ) [ (w>( ) ((1 — (2 D exp ( - (—ax))d:v

S =

and
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Note that the common term in the denominator of D (a, b) and C (a, b) is as follows:

1—(1—%)35:%(1—(1—19)(1—@).

The change of variable v = 1 — 2 in (3.98) and (3.94), leads to =1 —u, dx = —du,

0 ()
_on(-a) L)
D (a,b) = N | (1 “) <%(1_(1—b)u)>

exp (a (1-— u)) (—du)

1

— g <u>( 2 1> (1 — u) <§71) (1 —(1-0) u)l exp (—au) du, (3.110)

and

exp (a (1-— u)) (—du)

= @ (u) (T_l) (1 - u) (2-1) (1 —(1-10) u) B exp (—au) du.  (3.111)

For the integrals stated in the last step of (3.110) and (3.111), we use result 3.385 of
Gradshteyn and Ryzhik (1994), stated in (3.82), as follows:

T()T(\)

> v— A—-1 —p _—ux _
/0 2 M1 —2)" 7 (1 - Ba) pe“da:——r(y+/\)

(I)l(y7p7y+)\767_,u)‘

In our case, for D (a,b), we have v = (d+3)/2, A =1/2, B=1-b, p=1,
v+A=(d+4)/2 and p = a. Then D (a,b) stated in the last step of (3.110) becomes

d+3
VI (_)
4
2 <1>1(d+3,1,d+ ,l—b,—a). (3.112)

oF (d;r4> 2 2

D (a,b) =
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ForC(a,b),wehaver = (d+1) /2, A\=1/2, B=1-b, p=1Lv+A=(d+2)/2
and p = a. Then C (a, b) stated in the last step of (3.111) becomes

d+1
\/b?TF( )
2 P, (d+1,1,d+2,1—b,—a). (3.113)

o7 (d + 2) 2 2

2
Note thata = HyH2/2 and b = 72. Moreover, D (a, b) in the numerator of V,, log {p(y)}
becomes (3.112) and C (a,b) in the denominator of V, log {p(y)} becomes (3.113).

Therefore, for 0 < 7 < 1, the score function stated in (3.99) in Appendix 3.C.4 be-

comes

C(a,b) =

~ D(a,b)
d+3 . d+14 1 2
B y(d+ 1) q)l (Ta JTal 7-27_§HyH )
o d+1 _ d+2 1
(d+ 2) cI)l (Ta 1a Ta 1 - 7_27_§HyH2)

(3.114)

For the ®; function stated in the last step of (3.114), we use (3.85) in Appendix 3.C.1
as follows

B)n

Oy (a, 8,7, ,y) = exp(y Zn—lFl(v—Oz,%Ln, —y).
n=0

(Vn

Then the ®; function in the numerator of V, log{p(y)} stated in the last step of
(3.114) becomes

d+3  d+4 1
o (T )

43 () ap
exp(;ny;f)i( 22;1;1 >1F1(§,(‘”4) slvl’).

(3.115)
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Since the third argument of the ; F; function stated in (3.115) being

1 2 1 2
sllyl" >0 and ‘§||y|| > 1,

we use the first case stated in (3.100) in Appendix 3.C.5 as follows:

1Fi(a,b,2) = ;‘Ez))exxa_b {1 + 0 <|x‘71>} .

Then the | F; function stated in (3.115) becomes

1 [d+4 1 2
A (5 (55) + gl
1
r <— (d+4) +n)

_ Qp(l) o () (o)™ 0 (1ol )

2

Therefore, the ®, function stated in (3.115) becomes

d+3  d+4 1
o (S gl

F(#)ﬁ |~ {1+ 0 (|ly] )}; e
dis3 (d+4
(@2 (==
é : )y“”){w(y?)}. (3116)

Similarly, using (3.85), the ®; function in the denominator of V, log {p(y)} stated in
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the last step of (3.114) becomes

d+1 _ d+2 1
o (G = )

e A
— e (%llyHQ)i( : 2;(; Ln (3 (57) +n5ul).
(3.117)

Using the first case, stated in (3.100) in Appendix 3.C.5 as follows

\Fy (a,b,7) = 11_—:((2))6333;11—1) fiv ol ™)},

the | F} function, stated in (3.117), becomes

1 [(d+2 1
(5 (557) + gl
F(l(d+2)+n>
5 1 ) — d+1) n L
—ry oo (o) (gvI) T {10 (i)}
2
Therefore, the ®; function stated in (3.117), becomes

d+1 d+2 1
o (S S5l

@)% T (#) o el (E 4 n) (1—72)"om
= (%> e )~ {1+ 0 (Jlul )}; e
a1 (42
o (L2
_ \/g 2 )y(d+1){1+0<y2>}. (3.118)

Note that the ®; function in the numerator of V, log {p(y)} stated in (3.114) becomes
(3.116) and the @, function in the denominator of V, log {p(y)} stated in (3.114) be-
comes (3.118). In summary, for 0 < 7 < 1, the score function stated in (3.99), in
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Appendix 3.C.4, becomes
@rye (R e )
v, log {p(y)} = v 2 :
+ +
(d+2)dy (77 L, 5 1—72 —§HyH2)
@+ Dyllyl {1+ 0 (vl ™)}

= for |y[|>1. (3.119)

3.C.6 Tail Limit of the Score Function

The expressions for the score function in three cases are described in Appendix 3.C.5.
The expression stated in (3.104) is for the 7 = 1 case. The expression stated in (3.109)
is for the 7 > 1 case. The expression stated in (3.119) is for the 0 < 7 < 1 case. The

three expressions for score function, for all cases of 7, is given as:

(d+1)yllyl|” {1 +0 (H?J||_2)}
1+ 0 (Jlul )

Vylog{p(y)} = — for |ly[| > 1.

These results imply that, for all 7 > 0, the score function has the following leading

term tail behaviour:

d+1
Vylog {p(y)} ~ —% for |ly|| > 1. (3.120)

|y

We then have

lim Vylog{p(y)} = 0.

lyll—=o0

3.C.7 An Explicit Expression for I (H}y)

In the first part of this subsection, we will show the derivation of the first version

expression for E (0|y) as follows
3 .1 5 1 2
<I>1(§,1,§(d+4>71—7 »§Hyll)
1

(d+2) @, (5

E(0ly) = (3.121)

1 1
A2 1=l



3.C.7. An Explicit Expression for E (8|y) 174

Consider the model stated in (3.2):
y‘O ~ N(0,1;) withprior p(0) = pusa (0/7) /Td
which is equivalent to (3.87):
y|0 ~ N (0,1,;), 6|~ N (0,X*71,), X~ Half-Cauchy (1).

Then note that

E (6]y) :/Rdep(aly)dez/RdOPEj;J?)J)dO—%/ {/ p(y, 0, )\)d)\} 40

:@/}Rda{/jp(y|9)p(e|A)p(A)dA}de

= @/Ooo {/Rd Op (y|0)p (6|7) dO}p (A) dA. (3.122)

Let us look into the term p(y‘e)p(O‘)\) in the inner integral of E (6|y), stated in the
last step of (3.122). Note that the expression for p(y‘@)p(@]k) stated in the last step
of (3.88) is as follows:

plulo)p(o}) = 2n) 5 oo (5 (3 -1) Iol”) | (5) 7
(o)) (()) (o= (2)9).

1
2

1
\272
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isthe N ((1/€) y, (1/€) I,;) density function in 6. The inner integral of E (8|y) stated
in the last step of (3.122) becomes

/Rd Bp (y]6) p (6]) d6

oo (3 (L) ) (2)

i (el 2 ey
2 exp Nr? 11 a5z
(N2712+1) 2

1

(&)

= (271)” (3.123)

Recalling that A ~ Half-Cauchy (1) , then the numerator of E (6 |y) stated in the last
step of (3.122) becomes

/Om{/wep (4]6) p (6] de}p
—|ly|l"/2 N

. d2 d+2 5
= (@ ( /exp 1+>\272> S
(L+A272) 2 (A2+41)
d+2 5 /exp

/\2

d
Ly x
1*“’ (1+A2) 2 (\2+1)

<(2)d 2

- <(2)d 2 (7r)d+2> 2 y¢2c* (a,b), (3.124)

if we define

R Iyl /2> N
C*(a,b) = exp ( 55 5 dA, (3.125)
/0 LHXT2 1 er) B (2 4 1)

where a = %Hy”2 and b= 72. The change of variable

%D
L4 A6

Tr =
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T —a 1

in (3.125) leads to \? = ba—a) T —a+ar, 1+ N = T N+1=
et o L ! dr and
b(1—x) ' b2 —ﬁ(l—x)Q
. —a A2
C* (a,b) = exp | T )\Qb) P dA
A (1222 (A24+1)
1
b(lgi:v) 1 1
= exp| —a+azx — dx
P < ) (L)d% (b_xa,_l)) Vvbh2,/—Z (1 —2)
0 1-z (1—=x)
1 dt1
&t 4
- 3. (1 — ( 2 )
_epla) [ () U=a) : exp(— (—ax))da:. (3.126)
205 —0-D9

0

For the integral stated in the last step of (3.126), we use 3.385 from Gradshteyn and
Ryzhik (1994) stated in (3.82) in Appendix 3.C.1 as follows:

1
/ .Tyfl (1 - x)A_I (1 - ﬁx)_p e "dr =B (Va )\) q)l <V7 P,V + )\7 57 _lu) .
0

Inourcase, wehaver =3/2, A= (d+1) /2, 3=1-1/b, p=1, v+A=(d+14) /2
and p = —a. Then C* (a,b) in the numerator of £ (0|y) stated in the last step of
(3.124) becomes

- d+1 d+4 1
(o) = P g (%L) P, (5,17;71_%)
207/b 2" 2 2 2 b

1 2 3 d+1
exp <—§Hy|| )F(§)F(—2 )@ (3 d+4 1 1H?JH2)

- 2
2727 F(%Z—I—Z)

(3.127)
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Note that the expression for p(y) stated in the last step of (3.96), which is the de-
nominator of the £ (0|y) stated in the last step of (3.122), is as follows:

p(y)

L) (4 L
_ <(2)d*2 (w)d“)% exp (%iﬂ 25)(2 T 2) o, (%’ 1, #, 1— %, %HyHQ) .

The numerator of £ (0|y) stated in the last step of (3.124) is as follows:

1

/OOO {/R Op (y[0) p (6])) dO} ()= (272 (m)™2) 7 yre (a.b),

with C* (a, b) stated in (3.127). We then have

(2)d72 (W)d+2 7% y7‘2
( )
<<2)d—2 (W)d—&-l) -

E (6]y) = @/j {/R op (y]6) p (6])) de} p(\) dA =

3 d+4 11
(I)l (57 17 T? 1- ﬁa _HyH2>

Y.
1 d+2
are (31 L)

This matches the first version expression for E (6|y) to be derived, stated in (3.121).
For d = 1, E (0|y) stated in (3.121) becomes

3 .5
¢1(§,1,2,1 uyu)

E0ly) = —7 5
o (312 )

(3.128)
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Equation (9) in Bhadra et al. (2019) is given as follows:

3 .5 11
o (3150 % 5ll)

2
Y
1 3 11
3q)l (57 17 57 - ﬁ? §||yH2)

1.3 11 3,95, 11
31 (5151 S lulf) 20 (5150 S5l

— Y.
1 3 1 1
3P, (57 L 2 1 - ok §HyH2>

(3.129)

E0ly) =

For the d = 1 case, it implies that

13 11 3,095, 11
s, (51,50 Zglvl’) ~200 (3150 gl

3 5 11 2

The left-hand side of (3.130) is the numerator of £ ((‘)ly) of Bhadra et al. (2019), as
stated in the last step of (3.129). The right-hand side of (3.130) is the numerator of
E (0y) of our first version expression, as stated in (3.128).

In general case, it implies

1 d+2 11 3 d+4 1 1
(d+2) P, (57177,1 - ﬁaEHyHQ) —(d+1)Py (5,17771 - ﬁ,iHsz)

3 . d+4 11

The left-hand side of (3.131) is the numerator of our second version expression for
E (6]y) , which will be derived in the next part. The right-hand side of (3.131) is the

numerator of our first version expression for £ (0|y) , as stated in (3.128). (3.131)
implies the second version expression for E (6|y) to be derived as follows:

1 d+4 11
(d+1)®, (5, Lyl - 575}}?/\\2)

1. d+2 L1
(d+2)®, (5, Ly l- ggHsz)

E(6ly) =<1- Y. (3.132)
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In the second part of this subsection, we will show the derivation of the second
version expression for F (Oly) stated in (3.132). Next note that

£ (©ly) = [ ovoluio— [ 6" Pao— [ oy (sl0)p(6)ds

p(y) p(y)
- (/ (v - <y—e>>p<y}e>p<e>) 10

:(L( /pOydO)—@/Rd(y—O){/ooo (y|0)p (6]) p d)\}da

1 oo
:y—@/o {/R (y—0)p (y|0)p(6])) dO}p()\)d)\. (3.133)

Our model is as follows:
y|0 ~ N (6,1,;), 6|]A~ N (0,X*71,), X~ Half-Cauchy (1).

Introduce the following notation defined immediately after equation (4) of Wand
and Jones (1993):

os (z) = (2r) 2|2 exp (—%wTE_lw) .
We then have
p (y|0) =¢r,(y—0) and p (9‘)\) = ¢r2r2p, (0) .
Using multivariate integration by parts, the differentiation results as:

Veor, (y—0)=(y—0)¢r,(y—60) and

Vodreror, (8) = — (A7) > 0¢yo,21, (0),
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the inner integral in E (6|y) stated in the last step of (3.133) becomes
/ (y—0)p(y|0)p(6]\)do = / (y —0) b1, (y — 0) droror, (6) dO
R4 Rd
— [ (Vbr, (0= 00} 6301, 000 = — [ 1,5~ 0) Voo, ) d0
R4 Ré
= (M)~ / 1, (y — 0){0¢x2,21,(0)} dO = (A7)~ / p (y|6) 6p (6]1) do.
Rd R

Then E (8|y) stated in the last step of (3.133) becomes

E(8ly) = —le)/ooo(m?{/wep (y|0)p(0|>\)d0}p()\)d)\. (3.134)

The inner integral stated in (3.134), with £ = 1+ 1/ (A*7?), is stated in (3.123) as

follows:

/Rd o (y|6) p (6]1) d6

o (3 (1) 1) ()

= (27T)7% exp <_HyH /2> ( )‘272yw.

2.2
AT 41 A212 4 1) 2

)

Therefore, the double integral stated in (3.134) becomes

/000 )™ {/Rd 0p (y]0) p (6])) 9} P (V) dA

- a2 ey !
= (A1) 72 < (27) 2exp( 3 T SdA

Ll WE:

1
-3 1 1
d—2 d+2 2
= d\
(@) exp(”T”l)<A2Tz+1>—d§21+k2
0

= (@7 (@) *ye (a,b), (3.135)
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if we define

C** (a,b) = exp ( : H+ ﬂzi 2 ) - i, (3.136)
i (14 222) 2 (A2 1 1)
a= %HyH and b= 72. The change of variable
A%
TR
in (3.136) leads to \> = — "0 itam 14Mh= 1 i —
‘ b(1—x) 14X ’ S 1-2a B
b—a(b—1) | 1
i VR WS _dr and
b(1— ) Vb2~ (1—a)
C™ (a,b) = exp (1 _i26> ! d\
: * (1+A2) 2 (\2+1)
1
1 1 1
= exp| —a+ax — dx
( ) (L)d# (bfx(b71)> Vb2 ——=(1 —x)2
0 1-z (1—=x)
1 d+3
1 — —1
ewi-a) [ (3EDa-alF)
= —" — (= dx. 3.137
—~ (x) (1_(1_%)x)exp< ( ax)) T ( )

0

For the integral stated in the last step of (3.137), we use 3.385 from Gradshteyn and
Ryzhik (1994) stated in (3.82) in Appendix 3.C.1 as follows:

1
[t @ @ ) e = B X) @ (4 A ).
0

Inourcase, wehaver =1/2, A= (d+3) /2, 3=1-1/b, p=1, v+A=(d+14) /2
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and p = —a. Then C** (a, b) stated in the last step of (3.135) becomes

exp (—a) 1 d+3 1 d+4 1
“ah) = PV W p (2 8T g (2,002 2
C (CL,) Qb\/i) <2a 9 1 2a ) 9 ) b,a

e (<5 lu%) T (3)

T
2T r (ﬂl
2

(3.138)

Then E (8|y) stated in (3.134) becomes
L[ =2
E (6]y) —y—m/o (A7) {/RHp (y\o)p(e\A)e}p(A)dA

—y— —— <(2)d—2 (W)d+2>_% yC** (a,b)

B i e Ly ok NI
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Therefore, E (6|y) stated in (3.134) becomes

<(2)d72 (W)d+2> _%

E@ly) =y - !
(@ @)
- (jny»f) i (1%)(2 Edﬁ) o (L L )

d+4 11
[ Gt )|
1 d+2 11 ’
(d+2) &, (57 L, 5 L= §’§HyH2)

matching the second version expression for E (0|y) stated in (3.132) to be derived.
Comparing the second version expression for E (6|y) stated in (3.132) with the first
version expression for E (0]y) stated in (3.121) as follows

3 1 1
—1,=(d+4),1—712 =]yl
L@+ 1= 5l

@1(
E(O’y) = 1 1 1
@+ 2@ (313 @421 o)

Y

we note that, for general case, the following expression stated in (3.131) holds

1 d+2 1 1 3 d+4 1 1
(d+2) Py (5717771 - §,§HyH2) —(d+1) P, (5717771 — ﬁ’iHyW)

3, d+4 1 1
= &, (57177, I =y §H?JH2> -

In summary, the first version expression for £ (G‘y) stated in (3.121) is derived in
the first part of this subsection. The second version expression for £ (8|y) stated in

(3.132) is derived in the second part of this subsection.
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3.C.8 Bounding of Hy — E(0ly) H

Recalling that the second version expression for £ (0 ‘ y) , stated in (3.132), as follows
1 d+4 11 2
@+ (31501 Sl

Y,
1 . d+2 L1
(d+2) b, (5, gl - ngsz)

E(9|y) =< 11—

and recalling that the score function has the following leading term tail behaviour
stated in (3.120)

d+1)
v, log {p(y)} ~ (H ; Y for ]| > 1.
we then have
|y~ 26y | = v} | (3.139)
From (3.120), we have
_(d+1y
Vylog{p(y)} =0 at y=0 and V,log{p(y)} ~ iy H for |ly|| > 1.
(3.139) then provides
d+1
Hy—E(G‘y) H:O at y=0 and Hy—E(G!y) H ! )Y for |ly|| > 1.

This result and the fact that Hy — E(8ly) H is a continuous in y implies that EHy —
E(8ly) H is bounded by some b, < oo that depends only on 7.
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3.D Derivation of Result 3.2.5.1

Consider the Bayesian model

n

.4,|0) =[] p (v:]6). 6 has prior density function pys () ,

i=1

Py,

where, for 1 <i < n,
2
‘ y,— 0
e . . S—
P 202

d
2

p (yi‘H) = (27T02)

Suppose 8" is the true value of 8. For each 8 € R?, the Kullback-Leibler divergence

of p (y,]0) from p (y,]6") is
6—6°|
KL (p (u)6") [ (w)0)) = 1221

For each ¢ > 0, let
A = {0 : KL (p (yi’00) Hp (yz‘9)> < 5} = {HO — 00H2 < 2026} .

Using Proposition 1 of Bhadra et al. (2017), which is attributed to Clarke and Barron
(1990), with € = 1/n leads to the risk quantity as follows

1 1 1 1
R, < —— —log / prsa (0)dO | = — — —log / Prs,a (0)dO
non Ai/n noon 10-6°]|<o/2/n
(3.140)

3.D.1 The 6° =0 Case
For the 8° = 0 case, the risk quantity stated in (3.140) becomes

1 1
Ry <*—Liog ( / i (0) de) . (3.141)
non 16]|<o+/2/n
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To work out the order of magnitude of the right-hand side of (3.141), we consider

the following two cases separately: (a) d = 1 and (b) d > 2.
The d = 1 Case
For d = 1, we have

(0) = 1 6> I 6*
pHS,l - \/2—7_‘_3 exp 92 1 9 .
Then the risk quantity stated in (3.141) becomes

o= ([ e (5 (%)) o
([ (5)a(9)) o

The change of variable
U= —,

2

2 _1
in the last step of (3.142), leads to 6 = V2u, df = guﬁdu and

R, < % - %log ((71’)% /07 (u)_% exp (u) Ey (u) du) :

(3.142)

(3.143)

For the term E (u) stated in (3.143), we use Section 8.214 of Gradshteyn and Ryzhik

(1994) as follows
00 00 k+1 (u)k
Ey (u) = —vy —log (u Z k — log (u) + Z
k=1 k=1
w?  uwd ot
=~ —1 L
v —log (u) + u 4+18 96+

where v = —digamma (1) . Recalling that

u
exp(u) =14+ —=+—+—=+...,
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then the integral in R,,, stated in (3.143), becomes

3%

3
Note that the term log | (7)"2 [4™ (u)~

R, as stated in (3.143), becomes

Let
a, = log (2 ()~

= log (01 log (n) (n)”

N |
_|_
3
—
=
M‘h—t
N————
N————

= —% log (n) + log (log (1)) + log (C1) +

log (n) 2 \ log (n)

/O 1 ((12/01>2+
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N

o and Cy; = 1. Then

a, = log ((7r)g /07 (u)_% exp (u) By (u) du)

where C) = 2 (7))~

- _% log (n) + log (log (n)) + O (1).

Then for 8° = 0 and d = 1, the risk quantity R, stated in (3.143) becomes

o2

1 1 3 [
R,< L Lig (wz /
n o n 0

_log(n) _logflog(n)} ( > :

1
2n n n

()72 exp (u) By (u) du)

The d > 2 Case
For d > 2, to analyze

J(d,n,o) = / ns.q (0) de, (3.144)

p
[6ll<c+/2/n

we switch to hyper-spherical coordinates as follows:

01 = rcos (¢1),
Oy = rsin (¢1) cos (¢9),

05 = rsin (¢1) sin (¢2) cos (¢3),

Og—1 =rsin(¢r)...sin(Ppg_2) cos (Pg_1),

04 = rsin(¢q)...sin(Pg_2)sin (dq_1)

wherer >0, 0< ¢1,09,...,040 <7 and 0 < ¢4_1 < 27. Note that H@H =r and
the determinant of the Jacobian of the transformation is

dO = r*1sin?2 () sin? ™3 (¢2) . . . sin (Gg_s) drdeoy . .. dg_;.
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Also note that pyg 4 () stated in (3.144) is derived in Result 3.2.2.1 in Section 3.2.2 is
as follows:

w0 = D e (o 2) B (J011/2) /0]

The change of variable
lol/2 =

in (3.144) leads to ||6|| = V2u =r and dr = (v2/2) (u)_% du. Using Wallis’s Theo-

rem as follows:
r(*5)r(3)
W, = sin” (z) dz = :
0

n
2F(— 1)
5+
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the integral stated in (3.144) becomes

J (d,n,o) = ns.q (0) do
anoy=f o pwa®
I (3(d+1)) 2
—_2\7 7/ > exp | ||0 /2 (d+1)/2 / -
\/27]_7_,_ HOHSU\/Q/_TL (H H ) )/ (H H )HOH
x sin™2 () sin? ™3 (@) . . . sin (¢g_s) drdoy . . . dog_,
I(id+1 > 2 1
SR o (11712 B (101/2) (520 )

6ll<o/2/n
s

X (2/0% sin®” (¢1)d¢1> ( /05 sin?" (¢2)d¢2>

« (2 /0  in (¢d_2)d¢d_2> ( /0 " d¢d_1)

I(3(d+1 w1
= %ﬂw (/o (u)”2 exp (u) Egr1)/2 (u )du) (2W4_2) X ... (2WW7)

' ({ —— o
(3 [
=— - 7 (u)”2 exp (u) Egi1y/2 (u) du.
r(Z
(2) ”

In summary,

1
J (d,n,o) = pus.a (0)dO = (u)”2 exp (u) Ergi1)/2 (u) du.

/enga\/?/_n
(3.145)

The d > 2 Case, d Odd Case
If d is odd, then (d+ 1) / 2 € N. For the term E4,1)/2 (u) stated in the last step of
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(3.145), we use 8.19.8 of Olver et al. (2023) as follows:

Bu(2) = o gy (W () —In2) Zk'l—nJrk;)

k;én 1

where 1) (n) is digamma () function, n = 1,2, 3, .... Then E441)/2 (u) stated in the last
step of (3.145) becomes

d—1  d—1 [ digamma <d%> — log (u)

()

1
Note that the term (u)~ 2 exp (u) stated in the last step of (3.145) becomes

()73 exp (u) = (u)"2 (% " 11‘— o ) (u)"2 + (u)? +
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Then the integral stated in the last step of (3.145) becomes
=
/ (u)"2 exp (u) Egr1)2 (u) du
0
a? d-1 = d-1
n (=1) 2 (u) 2 digamma (ﬂ) — log (u)
- < — 1) du (3.146)
0 — !

2

|
——
=9
(]
—~ M
i
—_
S~—
>
—~
I
SN—
T
[N
QU

=)

(3.147)
B i k‘ ( )k+2 "
(2k — d + 1) k!
0 39
773
+.... (3.148)
For the integrals stated in (3.146), we use the integral results as follows
o*fn 1 1
/ (u)"2du =20 (n)" 2
0

b2 {Blog (7) ~ 2} 0 (n) 2,
/U " )b du = %as (n)"2 (3.149)
0
- 21 du= 2671 - 101 2} 0 (n) 2
| w0 0g () du = o og () (n)7F + - {10105 (0) =2} (n) 2,
and U/n(u)% 2
0
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For d = 3, the integral stated in the last step of (3.145) becomes

»

a

|

a?/n 1 a?/n 1 a?/n 1
= / (u)”2 du — digamma (2) / (u)2 du + / (u)2 log (u) du
0 0 0

D=

exp (u) Eat1)/2 (u) du

1 a?/n 3 a?/n 1 a?/n 3
—5/‘ (uPdu+.”%1/ (m2du—dgmnma@X/ (u)? du
0 0 0

+Aﬁmw>

%+Oo%mxm3>.

N

log (u) du + . ..
=20 (n)"

For d = 5, the integral stated in the last step of (3.145) becomes

a?/n 1 a?/n 1 : 1 a?/n 5
:1/ mrum—l/ ()2 du + —939@ﬂ9+—‘/ (u)? du
3/, 6/, 6 2)

(=}
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Application of (3.149) to the early terms in these series of integrals stated in (3.146),
for d = 3,5,7, reveals that the leading term of the integral stated in the last step of
(3.145) as follows:

3%

N
[\
q
[N}
~
3
—~
N
~—
|
N |
QL
IS
I
e~
q
—~
S
~—
|
N |

)k
N Z 2k d+1k: YTa
k;é—

The second term of the integral stated in the last step of (3.145) is

0 (log(n) (n)§> ifd—3 and O ((n)%) if d=570, .

Therefore, for 8° = 0, the integral stated in the last step of (3.145) is

o2

/On (u)_% exp (u) Egy1)/2 (u) du = d4—01 (n)—% +0 (<<n)—%) {log (n)}f(d3)) 7

(3.150)

for all odd integers d exceeding 1.

The d > 2 Case, d Even Case
If d is even, for the term E 4,1/ (u) stated in the last step of (3.145), we use 8.19.11
of Olver et al. (2023) as follows:

Ep(z)zr(l—p)((z) — exp ( Zpg p+k>

=0
Then E(441/2 <u> stated in the last step of (3.145) becomes

Elgi1)/2 (U> =T (%) ((u) 2 exp (—u) Z#&;&)) :

k=0 2

We then have

(r(55)) e () = ()T o0 (0) - oty
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and

_1 d—1 0 1 2 3 00
2 = fu U U
= (u) ((u) 2 <0'+F+§+_+ > ) P +3d> u

k=0

v d=2 T T 4w
:/ (u) 2 du+/ (u)2du+/ —(u) 2 du+...
0 0 0o 2

Then, for all even positive integers d, the integral stated in the last step of (3.145) is

: o (122 ()2 |
/07 (1) 2 exp (u) Egayny 2 (u) du - ;El j 1)2<d>) +0 ((WW)

_ (d4—01) ()3 0 ((n)—w> . (3.151)

In summary, for 8° = 0 case, the risk quantity R, is stated in (3.140). For d > 2,
and d is odd, the integral of R, is stated in (3.150). For d > 2, and d is even case, the
integral of R, is stated in (3.151). Overall, we have the following expression for R,
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when 8° = 0, foralld > 2 :

3.D.2 The 8° +# 0 Case

In the 6° # 0 case we have:

Ro<o—tog( [ pusa(6)d6 (3.152)
n n S(Go,a,n)

S(6°.0.n) = {0: lo—6°| < a\/2/7}

If C (6°,0,n) is the largest hypercube inscribed in S (6°, o, n) then
8 yp

where

/( prs,a (6) dO > / pus.a (0)d6. (3.153)
S5(6°,0,n

C(Oo,o,n)

To obtain fc(oo,a,n) pusa (0)dO for d = 1,d = 2 and d = 3 cases, we investigate the
rates of convergence of integrals of smooth d-variate functions over hypercubes with
O (n~'/?) rate of convergence in each direction.

Let function f : R? — R be a smooth function. Then we use the following nota-

tion for partial derivatives of f :

67‘1+...+T‘d

—(%v? adef(xl,...,xd).
e

froeTd (... xg)

The d = 1 Case
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Consider the interval
C (xo, 1,a, n) = [930 —an~V? 2% + an_l/Q]

where z° € R,a > 1 and n € N. Suppose that the function g : R — R is very smooth
over C (2°,1,a,n) and the function G is such that G = g. Using Taylor expansion

for one variable, we then have

:c0+an*1/2
/ g(x)de = / g(x)de =G (2°+ an™'?) - G («° - an~/?)
C(‘Tovlaavn) x

0_aqn—1/2
=G (2°) +an g (2°) + %&znlg(l) («°) + %a3n3/2g(2) («°) + 0 (n7?)
— {G (xo) — an_l/zg (xo) + %CLQn_lg(l) (xo) — éa?’n_gﬂg(z) (JL‘O) + 0 (n_g)}

= 2cm_1/29 (J:O) + §a3n_3/2g(2) (a:o) + 0 (n_g)

= 2ag (2°) n V2 {1+ 0(1)}.

The d = 2 Case
Consider the square

C(2°,2,a,n) = {(z1,22) : 2] — an 'V < gy <2 +an"V?,

Ty — an~V? <z, < 9 + anil/Q}

where 2,29 € R, 2% = (29,29),a > 1 and n € N. Suppose that the function

g:R* =R

is very smooth over C (z°,2,a,n) and the function G is such that GI'Y = g. Using
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Taylor expansion for two variables, we then have
zg+an_1/2 r?+an_1/2
/ g(x)dx = / / g (x1,x9) dxq p de
C(x9,2,a,n) z9—an—1/2 29—an—1/2
1’2+an
/ / 0,1) (:)3(1) + an_1/2,x2) GO ( —an™V ,xg)}dxg
x) 0_an—1/2
x9-+an=1/2 29+an—1/2
=/ » {G(O’l) (x(l] + an_1/2, xg)} dxy — /O » {G(O’l) (x? — (m_l/Z, mg)} dxs
xz—an* J:Q—an*

=G («) + anY? 19 + cm_l/Q) — G (27 + an™V? 2f — an_l/Q)
—G (2 - an~V? a) + an_1/2) + G (2 — an~'? 29 — an_l/Q) .
Next note that for each s, s € {—1,1),
G (29 + syan 2, 23 + span™?)

=G (29, 29) + syan~Y2GH0) (29, 29) + span~Y2GOD (29, 29)

2
+O (n92).

1 1 1
+=a’n 'Y (x(l), mg) + §a28132n_1G(1’1) (x(l), xg) + §a2n_1G(0’2) (w

0 .0
12

)
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This result leads to

/ g(x)dz =G (29,29) + an 2 GMO (29, 25) + an PG (29, 29)
C(x9,2,a,n)

1(1211_167'(0’2) (a:(l), 938) + O (n_?’/Q)

1 _ 1
+3 a’n 'GP (29, 29) + = 5

a7 GO (2, a8) +

G (29, 29) + an —12q0) (a:(l),xg) —an~2G0OD (29, 29) + ;a n- G0 (29, 29)

2 —1G11 ( 1,$8)+

%aQn_lG(m) (:E?, 938) + 0 (n_3/2)}

L
2
{G a9, 29) — an —12q0) (x(l),xQ) + an~Y2GOD (x(l],xQ) + ;a n- G0 (29, 29)
1 1

5@ G (2, 4) 4 20 GO (18,49) + O (m —3/2)}

+G (29, 29) — an~2G10) (29,29) — an~2GOD) (29, 29) + ;azn 1G9 (29, 29)

FEFE RS PR (a:l,:cg)Jr1

5 2a2n_1G(0’2 (x1,$2) + 0 ( _3/2) .

After some simplifications, we obtain

/ g (z) dx = 2a’>n~'GHY (29,29) + O (n 3/2)
C(z0,2,a,n)
=2a’n""g () (29, 29) {1+ 0 (1)}.

The d = 3 Case
Consider the cube

C’(a:o,?),a,n) = { (21,29, 23) : 2 —an” 12 < g, < 2 +an” 172
Ty — an~V? <z, < ) + an’l/z,xg —anV? <3< x5+ cm’l/Q}

where 29, 29, 25 € R, 2" = (29, 23,29) ,a > 1 and n € N. Suppose that the function g :

R? — R is very smooth over C (z°, 3, a, n) and the function G is such that G111V = g.
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Using Taylor expansion for three variables, we have

mg—l-cm_l/Q x8+an_1/2 m?—l—an_l/g
/ g (x) dw :/ / / g (x1, 2, 23) dy ¢ dws| dus
C(x9,3,a,n) z9—an—1/2 r9—an—1/2 29—an—1/2

acg—&-cm’l/2 czc(Q)—i-arfl/2
0,1,1 0 —-1/2
:/ / {GOID (2 + an™ ', 2y, 23)
T T

0_gn—1/2 0_gn—1/2
9—an—1/ S—an—1/

—G(O’Ll) (x(l] - anil/Za Z2, '1'3)} dmﬂ dzs

zg+an_1/2 $8+an_1/2
= / / GO (:17? + an~ 2, z,, xg) dxs | dxs
29 —an—1/2 z9—an—1/2
a:g+an’1/2 x8+an*1/2
—/ / GOLY (x(f - an’l/Q,xQ,xg) dxo | dxs
z)—an—1/2 zJ—an—1/2
:L"g+0m_1/2
= / [G(O’O’l) («F + an™ 2 23 + an™V? 3)
z§—an—1/2
— —1/2
—Gon (2 + an V2 29 —an™V ,x3)] dz;
acg—l—an’l/Q
- [G(O’O’l) (x(l) —an~'2, Ty + an~ 12, xg)
z)—an—1/2

— 00,1 (x(l) _ Cm—l/27xg — an—l/Z, xg)} dzs

:Eg+0m_1/2
= / GO0V (20 + an™V2 23 + an™V? x3) dry
x

g—an*1/2

xg—&-an’l/?
- / GO0 (29 + an™V2 2 — anV? x3) day
xX

9—an—1/2
0 -1/2
w3+an
— T, —an x an x
(0.0.1) ? 1/27 (2)+ 1/2, 5) das
xg—an*1/2
J;g—i-an’l/?
—1—/ GO () — an~'? 29 — an=1/?, z3) dws.
zJ—an—1/2
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This leads to
/ g(x)dz = {G (27 +an '? 25 + an™'? 28 + an1/?) (3.154)
C(x9,3,a,n)
—G (27 + an Y2 2 4+ anV? 2§ — cm_l/Q)} (3.155)
—{G (2 + an ' 2 —an %, 25 + an?)  (3.156)
—G (27 + an™Y? 2y —an™V? 29 — cm_l/Q)} (3.157)
—{G (2 —an %20 + an %, 25 + an?)  (3.158)
—G (2 - an Y2 2y 4+ anY? 23 — an_l/Q)} (3.159)
+{G (29 —an %28 —an ™%, 25 + an™?)  (3.160)
—G (2 - anY? 2y —anY? 29 — an_l/g)} . (3.161)

Next note that for each s, 55,53 € {—1,1},

0 ~1/2 .0 ~1/2 .0 ~1/2 0.0 0
G(:L‘l—f—slcm 2 29+ span /,x3+s3an /):G(:pl,mQ,x?))

~1/2+(1,0,0) (.0 ,0 0 ~1/2+(0,1,0) (.0 0 0 ~1/2+(0,0,1) (.0 0 0
+sian” /G (29,29, 23) + s2an™*G (20,29, 23) + szan™'*G (2, 29, 23)

1
2

—i—%azslsinG(l’l’o) (x?,xg,xg) + ;a23153n 100 (x?,xg,xg)
—l—%azszsgan(o’l’l) (a:(l), :cg, xg)
—l—éa sin —3/2G(3.0.0) (:L’(l),:z:g,xg,) + (13a3$3n3/2G(030 (:L’(l),xg,xg)
—l—éa 3371 —3/2(00.3) (x?,xg,xg)
+éa352n3/2G(2’1’0) (x?,xg, :Ug) + %a333n3/2G(2’0’1) (x(l), xg,a;g)
+éa351n3/2G(1’2’0) (x(l),xg, :Ug) + %a?’sgn?’/QG(o’Q’l) (x(f, xg,xg)
—i—%a?’sln_?’/zG(l’o’Q) (x?,:tg, :Ug) + éagsgn_3/2G(0’l’2) (3:(1), a:g,xg)
1

+6a3815233n_3/2G(1’1’1) (x?,xg,xg) + 0 (n_2) .

gt GO0 (08 af) + Lot GO (a8, 08, o) + Za%n IGO0 (

0 0
x17x27x3)

(3.162)
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Note that for (3.154): {s1,s9,s3} = {1,1,1}; for (3.155): {s1, 2,53} = {1,1,—1};
for (3.156), {s1, s2,s3} = {1,—1,1}; for (3.157), {s1, s2, 53} = {1,—1, —1}; for (3.158),
{51, 82,83} = {—1,1,1};for (3.159), {s1, 2,53} = {—1,1, —1}; for (3.160), {51, 2, s3} =
{—1,—-1,1}; for (3.161), {s1, $2, 83} = {—1,—1,—1}.

It is clear from (3.162), the coefficient of G (29, 9, 29) is

1-1)-(1-1)-(1-1+(1-1)=0.

Hence, the O (1) term corresponding to G (29, z3, 23) cancels.

Similarly, the O (n~'/?) term corresponding to the following terms all cancel:
an~2GI00) (29 29 29), an2GOL0 (29 29 29) and an~/2GO0D (29 29, 29).

The O (n~') term corresponding to the following terms all cancel:

1 1 1
§a2n_1G(2’070) (29, 29, 29), §a2n_1G(072’0) (29, 29, 29), §a2n_1G(0’0’2) (29, 29, 29),
1 1 1
éazn’lG(l’l’O) (29, 29, 29), §a2n’1G(1’0’1) (29,29, 29) and §a2n’1G(0’1’1) (29, 29, 29).

The O (n~*/?) term corresponding to the following terms all cancel:

éa3n3/2G(3’0’0) (29, 29, 29), éa?’n?’/QG(O’S’O) (29, 29, 29), éa3n3/2G(0’0’3) (29, 29, 29),
Ly ~3/2(3(2,1,0) (40 40 2.0 L ~3/2(3(2,0,1) (40 40 40 L ~3/2(3(1,2,0) (10 40 2.0
g (2, 23, 23), g4 (27, 23, 73), gt " (@7, 75, 23)

1 1
Ea?’n’?’/QG(O’Q’l) (29, 29, 29), Ea?’n’?’/QG(LO’m (29, 29, 29)

1
and 6(1371_3/2@(0’1’2) (29, 29, 29).
1
The coefficient of 6a3n_3/2G(1’1’1) (29,29, 29) is
141 —(-1-1)—(-1-1D)+(1+1) =8

1
Hence, the O (n=3/2) term corresponding to 6(1371*3/ 2GLY (29, 29, 23) does not can-

cel.
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Therefore
4 _ _
/ s 8@ e = GO (108,08 4 0 (n7)

= Zgagn_gﬂg (29,29, 2%) + O (n7?) = §a3n_3/29 (z°) {1+ 0 (1)}.

In summary, for 0° £0,d=1,
/ g (x)dr =2ag (2°) n * {1+ 0(1)};
C(zY,1,a,n)
for8° +£0,d =2,
/ g(x)dr =2a"n""g (x°) {1+ o (1)};
C(x9,2,a,n)
and, for 8° #0,d = 3,

4
/ g(x)dr = §a3n_3/2g (°) {1+ 0 (1)}.
C(x9,3,a,n)

These results show that for sufficiently large n, pusq (€) is a very smooth function

over C (8°,0,n) and Taylor series arguments can be used to establish that
/( Prsa (0)d0 = K (d,6°,0) n {1+ o (1)}, (3.163)
c(6°%0,n
for some positive constant K (d, 90,0) . Application of (3.153) and (3.163) to the

bound in (3.152) then leads to

log (K (d,6°,0) n~ {1+ o0 (1)} = dlog (n) + 0 (l> .

R, <
- 2 n n

S|
S|

Therefore, for 8° # 0, the bound of risk quantity R, is as follows:

R < dlog (n)
- 2n

+O(l>, forall d € N.
n
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3.E Derivation of Result 3.2.6.1

We have the model as follows:

21 (A>0)

ylw ~ N (7L, A~ N (ONEL) 2O = T

In this subsection, we will show the derivation of the posterior mean of ). Firstly,

we obtain the explicit expression for the posterior density function of A. Note that

p (M) = 28N _ Jeab (0. Ny foap (y]) p (¥]A) p (V) dep
Y p(y) p(y) p(y)

_—Y Jeap (y]#) p (4]2) dyp.

) (3.164)

Let us look into the terms p (y 1)) and p (10| )) stated in the last step of (3.164). Note
that

§ '

P Y
P (y‘gb) = (27?7'12)7[1/2 exp (—HQyTL > exp (1/7'12) [ } 1
1 vec (ypy’) —5vec (I,)

and

) 0
p ()N = (20X%72) P exp{ (1/2%72) '
vec (py’) —5vec (I,)
Then
2
(1) P (¥]A) = (2778) " exp (—”5’—”) (2mx2r) "
v 17 (1/i)y
Wl T
vec (1/)1/)T) -3 (7—12 + )\2—722) vec (I,)
2 w g
n
= (27r712)_d/2 exp <— ||y|| (27T>\2T22)_d/2 exp [ 1] ,
Up)

vec (py’)
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where

1/1 1
n = (1/7)y and n, = -3 (7—12 + )\2—7_22) vec (I,).

Then the integral stated in the last step of (3.164) becomes

Lrwtom s | () e (15) gty

Rd
o 1 (1)) v
< exp o i
vec (¢apT) -3 <72 v 22) vec (1)
T
NTES O [ W v "
= (271'7'1) exp | =7 (27r)\ 72) exp dip.
! R4 vec ("/”lpT) N2

(3.165)

Note that the term inside the integral as stated in the last step of (3.165) is as follows:

T

( n
| | B S Y Ce P}
V€C<’lb1/) ) 1 2 1

Up)

For the integral stated in the last step of (3.165), we use the following result for

n-dimensional and functional generalization
1 1
/ exp <—§azTA:c + b + c) d"x = +/det (2rA~1) exp (§bTA1b + c> :
R4
In our case, we have
1 1 Yy
A=|5+—==1s b=5
(G 5) e 0=

1 1\ 2
¢=0 and \/det(2r A7) = (2m)"" (—2+ % > |
T

T
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Then the integral stated in the last step of (3.165) becomes

Lol 1
exp d
R vec () 7,

1 1\ Y2 1/y\" /1 1\ y
_an2 (L HEANEIE IR AEARY
S C) exP{?(T%) (F5) 1(3)

Therefore, the integral stated in the last step of (3.164) becomes

2
[ o () (1) v = (2mrd) ™ exp (_ ] ) amér)™
R4 1
—d/2 T -1
(1, 1 L)' (1, 1 v
<" (5 5a) exp{2(712) (7 5g) (2

T R
= (271'7'12) (1 + TQQ) exp —m .

Hence p (A|y) stated in (3.164) becomes

Jaa® (y|9) p (¥|)) dep
W p(y)

p(My) =»p

21 (A>0) s g oy ) 92 HyH2
T (1+A2)p(y) <27T (7 + A 7’2)) €xp {—m . (3.166)

The posterior density function of ¥ is

Py Jop e )dx [T e (ye) p (%[A) p () d

Plly) =) b (@) o)
() Joop (]A) p (V) dA
p(y) '

Then

p(9)p ($]y) = p (3]%) /Ooop (4] A) p (A) dA. (3.167)
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Let us look into the expression for p (y|+) and p (¢|)) stated in (3.167). Introduce
the following notation after equation (4) of Wand and Jones (1993):

1

—d/2) _|~1/2 rer1 )\ . .
ox () = (27r> X exp (—iw X zc) is the N (0, X) density.

In our model, we have
p(yle) = ¢r2r, (W —y) and p(|X) = drerzp, (¥ —0).
Then (3.167) becomes
(e (l9) = (ul) [0 () )N

1
. A1
ST dA (3.168)

9 oo
- ;/0 ¢7121d (’l,b - y) ¢)\27221d ("’b - O)

Let us look into the term ¢ 21, (¥ — y) dx2,21, (1 — 0) inside the integral in the last
step of (3.168). From equation (A.1) of Wand and Jones (1993), we have

272
¢7'121d <¢ - y) (b)\2722[d (’(p - 0) = ¢(7’12+>\27'22)Id (y)¢ T12>\27—22 <¢ o T12 + )\27'22 y)
T2 4+ X272 )

2

a2 ly N
= (2 () e (—m ¢(A_) Yoy )

T2 4+ \272
Then p (1/J|y) stated on the left-hand side in the first step of (3.168) becomes

o0

P (¢|y) = % (ﬁ) (27r (7'12 + )\2722) >_d/2 exp <—%>

X P — Xy Lo
(TWTQQ ')Id g Tt

2+ \272
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Recalling that p (A|y) stated in (3.166) as follows:

p o) = ZEZ B o)) e -

we then have

N 272
P<¢|y) = p(A!y)gb T2\272 . T/J—W?J dA.
0 T2 4 X272 )
Therefore
E(Wly) = [ v (wly) dv
R
)\27_2
e P(Mw)o( prers (d"m—fmy)“ W
)\27_2
= [ #(A) Yo, 222 <¢—my>d¢ d).(3.169)

The inner integral stated in the last step of (3.169) is the mean of multivariate normal

N( ()\27'22/ (7’12 + )\27'22)) Y, (7'12)\27'22/ (7'12 + )\27'22)) Id> .

Hence, the posterior mean of v is
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3.F Derivations of Full Conditional Distributions

3.F1 Full Conditional Distributions of 3, for Gaussian Responses

First note that
p(ﬁo|rest) X P(ymo,ﬁ, u, 02)p(So). (3.170)

Then note that

d.
y‘ﬁo,ﬁ,u,ag ~ N <1nﬁo + Xﬁ + ZZj’LLj,O'?In> and BO ~ N(O,O%O).

j=1
2}

2
1
T3, — 1,50 } X exp {—@ (—255157"60 + ”53)} )

€

For p(y|fo, B, u, 0?) stated in (3.170), we have

1
202

de
y—1.6 - XB-) Zu,
j=1

p(y|/807/37u70-§) X exp {

1
X exp {@
€

de
if we definerg, =y — X3 — ZZjuj. Therefore

Jj=1

T de
Bol 17 (y-XB-3 Z,u;
p(y|Bo, B, u,0?) o exp [ ] " <y & ; ]u) (1/02)
B4 —n/2

For p(f,) stated in (3.170), we have

60 ! 0 2
oo {[3] [ ] i}
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Then

p(Bo|rest) o< exp
BS 1 n X 1
2\ 02 o}
0

Therefore p(/3y|rest) has a Normal distribution with natural parameter vector

(3.171)

] . ]
1, (y - XB- ZZJ‘%) /052
j=1

-n 1
202

2
2050

The variance is )

(n/o?) + (1/03,)

The mean is .
1 { ]
215 <y - XB— szuj)
£ j:1

(n/o2) + (1/03,)

Therefore
1 de
Fﬁ (y - XB— szuj> 1
€ ':1
Bo|rest ~ N ! ,
o I T W) e + (o)

If we define .
wy =17 (y - X8 - szuj> ,
j=1

recalling that (2.7) of Section 2.2.2 to be 17X = 0 and (2.8) of Section 2.3.3 to be
Z11, = 0k,,1 < j < d., we have w; = 17y. If define w, = (n/0?) + (1/0% ), then

1
Bo|rest ~ N YL ") isas given in Algorithm 4 in Section 3.6.3.
& &

(02) wa” w
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3.FE2 Full Conditional Distributions of 3 for Gaussian responses

First note that
p(Blrest) oc p(y|fo, B, u, 02)p(B0?3, fap)- (3.172)
Then note that
de
y|6o, B,u, 02 ~ N <1n50 +XB+> Zjuy, agrn)
j=1
and

Bjlo2, fasj ~ N(0,07/ fag;), 1< <do+ d.

For p(y’ﬁo, B, u,c?), stated in (3.172), we have

d.
1 L]
p(yﬂO,B,U,O’?)OCGXp{ y_lnﬂo_X/B_ZZjuj
j=1

2
202 }
2
1
ocexp | —5—
3

X exp {—2(172 (—QﬁTXTrg + (Vec(,@ﬁT))Tvec (XTX)) } ,

’I“g—X,B

do
if we definerg =y — 1,,6) — ZZjuj. Therefore

J=1

de
B TloxT (y — 1,6 — ZZjuj)
=1 (1/02)

p(y‘ﬂoa/@>u7 052) X exp
vec (88") —%VGC (XTX)
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For p(B|o?, f,) stated in (3.172), we have

T 1.
P(ﬁ|02, fop) X exp <_’B diag (-fQB) 5)

2
2(7[3

X exp [ p ] ' 1 X (1/‘72)
vec (ﬁﬁT) —§V9C(diag (fw) e

Therefore p(,3|rest) stated in (3.172) becomes

( r d T )
X7 :
IB T 02 (y — ]-nﬁ() — Zjuj)
j=1

)

p(,@‘rest) X exp
vec (B8")

1 <XTX , diag (fw))

——vec
2 o? o

\ L B

Then the first component of the natural parameter vector of p(3|rest) is

d
X7 <y — 1,80 — ZZjuj> (1/02).

The inverse vec of the second component of the natural parameter vector is

1/1 1 .
-5 (—XTX + ;dlag (fm)) .

2
O; 3

It follows that the covariance matrix of 3|rest is

O¢

1 oo 1 -
<—2X X + U—gdlag (f26)>
and the mean vector is

1 1 ' —1 1 d.
(—XTX + ;dlag(fzﬁ)) a_§XT (y — 1,6 — ;Zj%) :

2
gz 3



3.E.3. Full Conditional Distributions of u; for Gaussian responses 213

Therefore

1 - -1y de
B|rest ~ N( (;XTX + ;dlag (fz,@)) ;XT (y — 1,00 — szuj> ;

€ B € ]:]_
2
(O 3

(iXTX - %diag (f2,8)>_ )

Recalling that (2.7) in Section 3.4.2 to be X”1,, = 0, then the full conditional distri-
bution of 3 is then obtained to be (3.28) in Section 3.6.3:

1 1 -1 1 de
Blrest ~ N( (;XTX + —diag (f2,8)> = (XT?J - (X7z)) Uj) :

€ B 7=1

If we define

and define . |
_ T .
Q= U_§X X + U—gdmg(fw),

then decompose Q = Uqdiag (dq) Uy, where ULUgq = I.1f
2~ N (0, 1) ((do + da) x 1);

then

U, (ng UlLws
Vdq  dq(02)

as given in Algorithm 4 in Section 3.6.3.

) has the same distribution as 3|rest,

3.F3 Full Conditional Distributions of u; for Gaussian responses

First note that, for 1 < j < d,,

p('u,j‘rest) X p(y‘,@o,ﬁ,u,af)p(uj‘aij,fguj). (3.173)
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Then note that

J=1

de
y|6o, B,u, 0% ~ N <1n50 +XB+ ) Zjuy, a?h)

and
uj|012Lj7f2Uj ~ N(O, (O'gj/fguj).[>, 1 S j S d.,

For p(y|fo, B, u, 0?) stated in (3.173), we have

p<y’607/37u70-3>

2

de
1
X exp —20_2 y—lnﬁo—Xﬂ—ZZj/uj/ —Zjuj
€ J'#]
1 2
X exp ~ 552 Tu, — Zju;
€

X exp {— Qig (—QuJTZJT'ruj + vec (uju] ) vec (Z;FZj))} ,

de
if we definer,, =y — 1,60 — X3 — ZZj/uj/. Therefore
J#i
T
U
p(y|/807 /87 u, 0-3) X exp
vec(u;ju; )

de
X J'#j (1/02)

1
—§VeC (Z;‘FZ])
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For p(u; ‘Ugj, f2u;) stated in (3.173), we have

() vee (Fa T, |

1
2
Wi |07, foui) OX ———vec
p( J|O'u]7f2 i) exp{ QUzjV

T
O 1 (1/‘753')
vec(u;ul) —5fausvec (Ik,)

Then

p(u; |rest) ~ exp

\

~T
vec (ujuj )

T
r| 4;
2
0-5

(

de

Yy — ]-nﬂO — Xﬁ — sz/uj/
J'#]

1
—vec
2

T
Z;

g

77,

2
€

f2uj

2

IKJ)

)

(3.174)
Therefore, the first component of the natural parameter vector of p(u,|rest) is

de
z! (y —1,8,— X8 — sz/uj) (1/02).
3'#3
The inverse vec of the second component of the natural parameter vector is

f2_2ujIKj) :
o

5 uj

11,

It follows that the covariance matrix of u;|rest is

1 f2u' -
(—ZTZj + U—JIKj)

277
O¢ uj

and the mean vector is

1 we (1 &
(EZJTZJ- - %IKJ) (;> zZ (y — 1,8 — XB - sz,uj,> :

£ uj 3 ]/;é]
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1 uj - . . .
Next, we simplify (—QZ;‘-FZ i+ f2—2jI Kj) . Note that Z Z; is a diagonal matrix
lop= ot

uj
from (2.8) in Section 3.4.3, if we define Z;FZ j =diag (wz,), 1< j <d,, thisimplies
that

1 T f2u' . Wz, f2uj1
;Zij+O_—2JIKj:dlag<o_2]+ 02 R

5 uj € uj

and therefore

1
fon f o2} - G [

In summary, for each 1 < j < d,, the full conditional distribution of u; is

52
Oz uj

1 T f2uj - .
Zij+O'_2IKj :dlag

de
1
;Z]T (y —1,8,— X8 — sz,uj,)
€ 33
{wz,/02} + (fauil) [0 7

diag({wzj/ag} :(fzujl) /03]'))

Recalling that (2.8) of Section 3.4.3 to be Z;Fln = 0, we then have

. nys wil 171
uj‘rest ~ N (d1ag ( UZ2] + f;;‘ ) (?) [(Z]Ty) — (ZjTX) B
€ uj 5
de -1
. il
> (27 z;) uj,] ,diag (“Z + fz; ) > : (3.175)
' d uj
In (3.175), we define
de
we=Zly— (Z]X)B-> (Z]Z;)uy
J'#7
d
an _wz, fol
w7 = o2 + o2
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and generate the (K; x 1) Multivariate Normal random vector z ~ N(0, I'g,). Then

z Weg

A/ W7 + CU7U£2

has the same distribution as u;|rest, as given in Algorithm 4 in Section 3.6.3, for
1<j<d..

(3.176)

3.F4 Full Conditional Distribution of o2 for Gaussian responses

First note that
p (o?|rest) o< p (y|fo, B, u,02) p (02 ]ac) . (3.177)
Moreover,
de
y‘ﬁo;ﬂ u, 052 ~ N <1nﬁ0 + X,B + ZZ]"U,]', O'?In>
j=1
and

1
o2|a. ~ Inverse-Gamma (5, 1/ ae) .

For p (y|fo. B, u, 0?) stated in (3.177), we have

2

de
y—1.5 - XB-Y Zu,
j=1

o (—L) e d —L
p(y’607ﬁ7u70-5) X (\/0_—3> exp 20'?

For p (02|a.) stated in (3.177), we have

p(o2la) o (02) 2 e (<15 )

Therefore, p (02|rest) stated in (3.177) becomes

2

, ES I 11 1 X8_N\"z
p (o2 |rest) o (02) i e w2 Yy — 1,5 — ﬁ—; iUj

In summary, for Gaussian responses, we obtain (3.38) in Section 3.6.3 to be

2
n+1 1 1

5 a2

de
y—1,6—XB— szuj

J=1

03|rest ~ Inverse-Gamma
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If we define .

wio = 1,00 + XB + szujv
j=1

then 1 1
a§|rest ~ Inverse-Gamma (2 n+1) (1/%) §Hy — Wi

)

3.E5 Full Conditional Distribution of a. for Gaussian responses

is as given in Algorithm 4 of Section 3.6.3.

Following the steps in Appendix 2.B.7, we obtain (3.39) in Section 3.6.3 to be

1 1
a5|rest ~ Inverse-Gamma | 1, — + — | .
o2 s

3.F.6 Full Conditional Distributions of f;5; for Gaussian responses

First note that, for 1 < j < d, + du,
P (fos; |rest) ocp (8|03, fas,) 0 (fos,] 1s,) -
For 1 < j < d, + d., note that
Bilo2, fag, = ( ,(Uﬁ/fzﬂj)> and fag,|f15, ~ Gamma (3, fi,) .

We then have

[\DI»—t

P (fas,[rest) o< (fos,) 2 ex { et }(fzﬂ]) exp {—fig, f2s, |

1-1 ﬁQ
x (fm,-) exp { Jos; ( + fw]) }
[3

2

fas,|rest X Gamma (1 25]2
B

Therefore

+f1ﬁj)71§j§do+do

is obtained to be (3.29) in Section 3.6.3.
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3.E7 Full Conditional Distributions of f;3; for Gaussian responses

First note that, for 1 < j < d, + d,,
P (fis,[rest) oc p (fas, | f16,) 0 (f15,) -
For 1 <j <d, + d,, note that
fog;| fip; ~ Gamma (3, fig,) and  fi5, ~ Gamma (3,1) .

We then have

N[ =

1 _
p (flﬂj’reS’t) X (fl/ﬂ’j)Q eXp{_flﬁjfZBj} (flﬁj)
X (flﬁj)l_l exp {_flﬁj (1 + f25j)} :

eXp {—flﬁj}

Therefore
fwj‘rest ~ Gamma (1, 1+ fzﬁj) 1< 5 <d,+d,

is obtained to be (3.30) in Section 3.6.3.

3.E8 Full Conditional Distributions of f5,; for Gaussian responses

First note that, for 1 < 5 < d,,

p (fzuj|rest) xXPp (ujlaij, f2uj> p (f2uj|f1uj) .

For 1 < j <d,, note that

ind.

Uj|03j7 f2uj ~ N(O; (Uij/f%j) IKJ) and f2uj’f1uj ~ Gamma (%,fmj‘) .
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We then have

K; 2 1
p(fou, |rest) L exp ‘uj (f >7§ exp {— f1uj fous }
Qu; X | —F/— - 2uj —J1uj J2uj
J \/1/f2uj 2(03;/ fous) I,
2
K];rl_ Huj ‘
x (f2uj) exp § —fauj 2053' + fiu
Therefore
2
in K;+1 ‘ u; ,
fouj|rest " Gamma | —Z + 52 + fry | 1< < ds
o

uj
is obtained to be (3.34) in Section 3.6.3.

3.F9 Full Conditional Distributions of f;,; for Gaussian responses

First note that, for 1 < j < d,,
p (fruj|rest) o< p (faus| frug) p(frus)-
For 1 < j < d,, note that
Foug| Frus % Gamma (L, f1.;) and fi,; % Gamma (1, 1).

We then have

€xp {_fluijuj} <f1uj> 2 €xp {_fluj}

N [—=

P(fluj‘feSt) X (fluj)
1-1
x (fluj) exp{—fiuj (1 + fou;) }-

Therefore
fluj|rest i Gamma (1,1 + fo,;),1 < j <d,

is obtained to be (3.35) in Section 3.6.3.
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3.F10 Full Conditional Distribution of o2 for Gaussian responses

Following the steps in Appendix 2.B.10, we obtain (3.31) in Section 3.6.3 to be

2
o, |rest ~ Inverse-Gamma ,
g { ( 2 2 ag

%+m+1ﬁﬁ%ﬁmﬁ+i>

3.F11 Full Conditional Distribution of a, for Gaussian responses

Following the steps in Appendix 2.B.11, we obtain (3.32) in Section 3.6.3 to be

1 1
as|rest ~ Inverse-Gamma ( 1, — + = | .
5 Sp

3.E12 Full Conditional Distribution of o, for Gaussian responses

Following the steps in Appendix 2.B.12, we obtain (3.36) in Section 3.6.3 to be

Ki+ 1 foullu,|? 1
J f2JH JH +

2
Tui |rest ~ Inverse-Gamma ( 5 5

),1§j§d..

uj

3.F13 Full Conditional Distribution of a,; for Gaussian responses

Following the steps in Appendix 2.B.13, we obtain (3.37) in Section 3.6.3 to be

1 1
auj‘rest ~ Inverse-Gamma (1, — + —2> 1< <d,.
g

uj u
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3.G Full Conditional Distributions Derivation for Pois-

son Responses

3.G.1 Full Conditional Distributions of j, for Poisson Responses

First note that

p(fo|rest) o {Hp(yi‘ﬁo,ﬂuh o ,Ud.)} p(5o).

=1

Recalling that

de
yi‘ﬂOaﬁaulv R % Poisson <exp {50 + (Xﬁ)z + Z(Z]uj)l}> ) 1 S ? S n,

=1
and
Bo~ N (0,0%,)
then
. d Yi
p(Bolrest) o H { (eXp {ﬁo +(XB), + Z (Zjuj)i}>
i—1 j=1

X exp (— exp {50 +(XB); + Z(Zjuj)i}> } =P <_2§§3 )

2

da
o exp {nﬂﬁo - 2502 — 1, exp <1n50 + X0+ szuj> }
j=1

Bo

is obtained to be (3.40) in Section 3.6.3, if we define Zyl = ny. Following the form
=1
of (3.26) for logarithm of unnormalised density function, we have

de
51(Bo) = ny, s2(Bo) = U?—;O, 83(fo) = 1, and s4(fy) = X B + ZZjuj
j=1

for B slice sampling for Poisson responses described in Algorithm 5.
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3.G.2 Full Conditional Distributions of 3; for Poisson Responses

First note that, for 1 < j < d, + d,,

p(f;|rest) o {Hp<yi}ﬁ0w87ul7 - ,Ud.)} (8502, fos,).
=1

Recalling that for 1 <i <n,1 <j <d, +d.,

de
yi‘ﬁOaﬁaula cee,Ugy ™~ Poisson <6Xp {50 + (Xﬁ)@ + Z (ZJU’J)Z}> ) 1 S 7 S n,

Jj=1

and
Bj‘gga fQﬁj ~ N (07 (Ug/fQﬁJ)) ’ (X/H)l = XZ]B] + (XZ)—] (ﬁ)—j7 1 S.] S do + dh
where

(Xi)_; denotes the 1 x (d, + d.) vector X; with the jth entry removed, and

(8)_ ; denotes the (do + do) x 1 vector 3 with the jth entry removed,

then

p(ﬁj‘rest) x ﬁ [(exp {Bg + (Xijﬁj + (X)) (/6)—j> + Z (Zj“j)z}>

J=1

X exp (— exp {50 + (Xijﬁj +(Xi) (6)—J> * 2 (Zjuj)z}>] =P ( %

J=1

)

fap,07
O(eXp{lg(y@X])ﬂj—?Qj—lgeXp jﬁ]‘f’lnﬂo +ZZ Uu;

B

is obtained to be (3.41) in Section 3.6.3. Following the form of (3.26) for logarithm of

unnormalised density function, we have

s1=1 (y© X;), sa=02/fs, s3=X,; and s; = 1,6+ (X +ZZ u;
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for g, slice sampling for Poisson responses described in Algorithm 5,1 < j < d,+d,.

3.G.3 Full Conditional Distributions of v, for Poisson Responses

First note that, for 1 < j <d,,1 <k < Kj,

p(ujk|re8t) X {Hp(yilﬁ())/@auh cee ,’U,d')} p(u]k‘o-ij7fQUJ)
=1

For1<i<n, 1<j<d, 1<k<Kj, recalling that

da
Yi|Bo, B, w1, . .., uq, ~ Poisson <exp {,60 +(XB), + Z (Zjuj)i}) ;

Jj=1

de Kj de
ujk|0'12“'; f2uj ~ N (O, (O'Zj/fguj)) and Z (Zjuj)i = ijklbjk + ZZijk’ujk/ + ZZU/’U,]‘/,

Jj=1 k'#k J'#7
then
n Kj du Yi
p(ujk’rest) X H exp BO + (X/8>z + Zijku]'k + ZZijk’ujkz’ —+ ZZij/uj/
i=1 k'#k J'#J
K; de
xexp | —exp Q Bo+ (XB); + Zijrujn, + ZZz'jk’ujk’ + Zzij’uj’
k' #k J'#J
u2
7k
xXexp | ————F——=
( 2(03;/ fauj))
K.

f2u‘u2' d
X exp 12 (y ® Z]k) ’Lij — 2;2jk — 12 exp ijujk —+ ]-nﬁO —+ X/B + Zij/Ujk/

uj k' £k

o))

J'#I

is obtained to be (3.46) in Section 3.6.3. Following the form of (3.26) for logarithm of
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unnormalised density function, we have

s1=1, (YO Z), s2= Uij/f%jv $3 = Zjk,

K de
and Sy = ]-nﬂO + Xﬁ -+ Zij/Ujk/ + Zzij/uj/
K'#k J'#3

for u,y, slice sampling for Poisson responses described in Algorithm 5,1 < j < d,,1 <
k< K.

3.G.4 Full Conditional Distributions of f»5 for Poisson Responses

Following the steps in Appendix 3.F.6, we obtain (3.42) in Section 3.6.3 to be

2

f%‘rest * Gamma (1, % + fmj) 1 <7 <d,+d,.
B

3.G.5 Full Conditional Distributions of f3 for Poisson Responses
Following the steps in Appendix 3.F.7, we obtain (3.43) in Section 3.6.3 to be
f15j|rest ~ Gamma (1, 1+ fggj) 1 <5 <d,+d,.

3.G.6 Full Conditional Distributions of f5,; for Poisson Responses

Following the steps in Appendix 3.F.8, we obtain (3.47) in Section 3.6.3 to be

2

K;+1 ‘“J’

ind.
fouj|rest ~ Gamma , —p
2 20uj

+ fruj |1 < J < d.

3.G.7 Full Conditional Distributions of f;,; for Poisson Responses

Following the steps in Appendix 3.F.9, we obtain (3.48) in Section 3.6.3 to be

f1uj]rest i Gamma (1,1 + fo,;),1 < j < d,.



3.G.8. Full Conditional Distribution of o3 for Poisson Responses 226

3.G.8 Full Conditional Distribution of o2 for Poisson Responses

Following the steps in Appendix 2.B.10, we obtain (3.44) in Section 3.6.3 to be

do + do + 1 lBleag(fQ,B)/g 1 >
) + —
2 2 ag

o’ |rest ~ Inverse-Gamma (

3.G.9 Full Conditional Distributions of a, for Poisson Responses

Following the steps in Appendix 2.B.11, we obtain (3.45) in Section 3.6.3 to be

1 1
as|rest ~ Inverse-Gamma ( 1, — + = | .
5 Sp

3.G.10  Full Conditional Distributions of 7, for Poisson Responses

Following the steps in Appendix 2.B.12, we obtain (3.49) in Section 3.6.3 to be

Ki+ 1 foullu,|? 1
J f2JH JH +

2
Tui |rest ~ Inverse-Gamma ( 5 5

),1§j§d..

uj

3.G.11 Full Conditional Distributions of a,; for Poisson Responses

Following the steps in Appendix 2.B.13, we obtain (3.50) in Section 3.6.3 to be

1 1
auj‘rest ~ Inverse-Gamma (1, — + —2> 1< <d,.
g

uj u



3.H Full Conditional Distributions Derivation for
Negative-Binomial Responses

3.H Full Conditional Distributions Derivation for

Negative-Binomial Responses

Throughout this appendix, additive constants with respect to the function argument

are denoted by ‘const’.

3.H.1 Full Conditional Distributions of g for Negative-Binomial

Responses

First note that

p(g’rest) X {HP(M%)} {Hp(gi|ﬁo7ﬁau1,~-,ud.vﬁ)} .

=1

For 1 <i < n, recalling that

Yi .
gi ~ Pois (g;), Pois(g;) = M,
Yi-

de
and gi‘ﬁo,,@, u, k ~ Gamma (/@', K €Xp {— (60 +(XB), + Z (Zjuj)i) }) ,

Yi

then we have

p(g‘reSt) X {HP(MQJ} {Hp(gi|607/8’u17'"vud-vﬁ)}

=1

n

oc [ [ 97 exp (=) ()" " exp [—Qﬂf exp {— (50 +(XB), + Z (Zjuj)Z) }]

=1

j=1

=1

- H (gi)ymm—l exp [—gi (1 + Kexp {— <50 +(XB), + Z.: (Zj'u,j)Z) })] )

Therefore

de
gi|rest ~ Gamma (yZ + K, 1+ Kexp {— <ﬂo +(XB); + Z (Zjuj%) }) ;

j=1
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which is equivalent to

d.
g|rest ~ Gamma (y + K, 1+ Kexp {— <1n o+ X8+ szuj> }) :

J=1

Recalling that x = exp () , we obtain

de
g|rest ~ Gamma (y +exp (A), 1+ exp {)\ — (1nﬂo + X8+ ZZJ'U’J) })
j=1
to be (3.51) in Section 3.6.3.

3.H.2 Full Conditional Distributions of \ for Negative-Binomial

Responses

Conversion from s to A = log(x) for Negative-Binomial responses is to ensure x

always being positive, we have

Kk = exp(N), % = exp (A\) and k ~ Moon-Rock (a, b,) .
Then
p (k) x {F (FL)} exp (—bxk) , k > 0.
Therefore
ex exp(1) ] K
PN {%} exp (=0 exp() 5
excn ()P ) ¢
x {%} exp (A — by exp(N)) .
First note that

n

p()\}rest) x {Hp(giwo,ﬂ,ul, R TR )\)} p(N).

i=1
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Recalling that

de
gi\ﬁo,ﬁ,u,HNGamma(mmexp{ <ﬁo+ XB),+> (Zuy) )}) 1<i<n,
7=1

and

Kk =-exp (),

we have

de
9i|Bo, B, u, A ~ Gamma (exp()\),exp{ (604— XB), +Z Z ju;) )})
7=1

Therefore

p(9i] Bo. B, u, \)

de exp(A)
[exp {)\ — (ﬁo +(XB), + Z (Zjuj)i> H (gi)exp()\)—l

I (exp (X))

de
X exp [—gi exp {)\ - (50 +(XB), + Z (Zjuj)i> }] )

Then we have

p(A|rest) o H
i=1

X exp |:_gz‘ exp{A - (50 +(XB), + i <Zj'ufj)i) }} } {%}M

x exp (A — by exp(N)) .
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After simplification, we have

{exp IO f0 oy
{ F(exp()\)) } {szl(g”L) w }

de exp(\)
I, [{exp (ﬁo+ Xp), +Z (Zu;) )} ]

X exp [—i{gﬁxp( <ﬁo+ Xp), +Z Zu;) ))}—l—)\—b,{exp(/\)].

i=1

p(A|rest) o

Therefore

ex exp(\) n
log {p(/\|rest)} = (n+ ay) log { { T?e(;\;}ék)) } + exp (A) Z log (g;) — exp ()

in: (Bo +(XB), + Z (Zjuj)i>

i—1 j=1

de
—Z{glexp <)\— <ﬁo+ XP), +Z Zu;) >)}+)\—b,{exp()\)—|—con5t.
7j=1

Note that

log { {exp ()}

T (exp (A) } = Aexp (A) —log {T"(exp (A))}-

And note that

{exp ()}
T (exp (A))

(n + ax)log { } = (n+ax) (Aexp (A) —log {T" (exp (A))}) -
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Therefore

log {p()\‘rest)} = (n+a,) Aexp (A) — (n+ a,) (log {T" (exp (A))}) + exp (N)

n de
XZ [log (9:) — (ﬁo +(XB), + Z (Zj“j)i)

j=1

+ A — b exp (A) + const.

de
—gieXP{ (504‘ XB), +Z Zju;) )}
7=1

If we define a, = 0, then
n de
A) bk + Z <gi exp {_ (ﬁo +(XB), + Z (Zjuj)i) })
i1 j=1

—Zlog (9i) —nA+ Z (50 +(XB); + Z (Zjuj)i>]

j=1

log {p(A|rest)} = —exp (

+A —n (log{T (exp (A\))}) + const.

Recalling that
exp (A) = k, and A = log (k)

then

n de
log {p()\‘rest)} =A+n(klog (k) —log (T (k))) — k [Z <60 +(XB), + Z (Zjuj)Z)

=1

-+ const

+bn+i(9iexp{ (504— XB); +Z Zju;) >}>—Zlog(gi)

=1 i=1

is obtained to be (3.53) in Section 3.6.3.

3.H.3 Full Conditional Distributions of j, for Negative-Binomial

Responses

First note that

p(Bo]rest) o {HP(Q@WO, Biui, ... U4, 'f)} p(Bo)-

i=1
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Recalling that

de
gi|ﬁ07/87u7li ~ Gamma (Iivﬂexp {_ (BO + <X/3)z + Z <ZJU'J)Z> }) 5 1 S 1 S n,
j=1

and
Bo ~ N (0,0%,)
then
; (HGXP{—(ﬁo +(XB), + Z.:(Zjuj)i)}) g
p(Bolrest) o H[ - (K)J=1

X exp (—gm exp{—(ﬁo +(XB), + dz (Zju));) })] exp (‘2@1 )

95,

2

de
X exp {—nnﬁo - 2502 — 1l exp [—lnﬁo + 1, log (k) +1og(g) — (XB + ZZjuj>] }
Bo j=1

is obtained to be (3.52) in Section 3.6.3. Following the form of (3.26) for logarithm of

unnormalised density function, we have

s1=—nk=—nexp(\), sy = ago, s3 = —1,, and

de de
sq4 = 1,log (k) +1log(g) — (XB + ZZju]) =1,\A+log(g) — (X,B + ZZju])
j=1

j=1

for f slice sampling for Negative-Binomial responses described in Algorithm 6.

3.H.4 Full Conditional Distributions of 3; for Negative-Binomial

Responses

First note that, for 1 < 5 < d, + d.,,

p(ﬂj’reSt) X {Hp(gi‘ﬁ(]aﬁaula <oy Udy, "{)} p(ﬂj}aéﬁﬁj)-
=1
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Recalling that

de
gilﬁ())/@auy’l{’ ~ Gamma (K'yl’{’exp {_ (60 + (X/B)z + Z (Z]'U:])Z> }) s 1 S ? S n,
j=1

and
Bilo2, fas, = N (0,(03/ fa5,)) , 1< < do+d,

then

Jj=1

(ool v Eam))
p(B;|rest) o H [ e

X exp <—ginexp{—(ﬁo +(XB), + dz. (Zjuj)i) })] exp {_%}

j=1

X exp {—/{i (Xﬁ)z} exp{—/izn: |:gi exp{—(ﬁo +(XB), + i (Zj'U/j)i) }} }

i=1 j=1
{ fzﬁ]ﬂ?}
X exp ——2-2L b

2
205

Using (X 8), = X;;8; + (Xi)_; (B)_; , we obtain (3.54) in Section 3.6.3 to be

2
p(B;|rest) oc GXP{ (—r1,X;) B — % — 1, exp {_Xﬂﬂj + 1o log (x) + log (g)
B

_<1n60 + (X)—j (/6)_j + dZ.ZjuJ')] }

j=1

Following the form of (3.26) for logarithm of unnormalised density function, and
recalling that (2.7) of Section 2.3.2 tobe 17X = 0, then 17X, = 0,1 < j < d, + d.,,
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we have

s1=—kl1lX; = —exp(\) 12X, =0, Szzag/fgﬂj, s3 =—X; and

de
sy = 1,log (k) +log(g) — (Lﬁo +(X)_;(B); + szuj)

J=1

=1,A+1log(g) — (1n50 +(X)_,;(B)_,; + Z.Zjuj>

for 3; slice sampling for Negative-Binomial responses described in Algorithm 6, 1 <
J < do+d.

3.H.5 Full Conditional Distributions of v, for Negative-Binomial

Responses

First note that, for 1 < j <d,,1 <k < Kj,

p(“jk’reSt) X {Hp(gi‘ﬂmﬁaula <oy Udy, K’)} p(ujk’03j7 f2Uj>-
=1

Recalling that

de
9i| Bo, B, u, k ~ Gamma (n, K exp {— (ﬁo +(XB),+ ) (Zjuj)i> }) , 1<i<n,
j=1

and
wir|0%y, fou; N (0, (0%;/ fous)) , 1S5 < dotdoy 1<k <K,
then
de K
o (ren{ =0 X+ X Zu)})
p(ujx|rest) oc ]1[ - (H;:l
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Therefore

p(ujk|rest) o< exp {—nz:: (i:: (Zju;) )}

X exp {—HZ [gi exp {— (50 +(XB), + Z. (Zjuj)i) }] } oXp {_fzu;g]k} '

de K; de
Recalling that Z (Zju;), = Zijrujie + ZZZ‘jk/Ujk/ + ZZij’uj’u then
=1 Kk 1%
T f2Uju?k: T
p(ujk]rest) o< expq (=K1} Zjp,) wjy, — 5,7 1, exp | —Zjpuj, + 1, log (k) + log (g)
uj

K; de
- <1nﬁo +XB+ ) Ziujw + sz'uj’>] }

Kk J'#

is obtained to be (3.59) in Section 3.6.3. Following the form of (3.26) for logarithm of
unnormalised density function, and recalling that (2.8) of Section 2.3.3 to be Z jrln =
Ok,,1 < j <d,, then1!'Z ;. = 0, therefore

S1 = —/i].ngk = —exp ()\) ]_EZ];C = O, S9 — Uij/fQuja S3 — —ij and

Sy = 1n IOg (KJ) + log (g) — nﬁ() + X/B —+ Z k/ujk/ —+ ZZ /’Ll,]
k'#k J'#3

K de
Kk J'#i

for uj; slice sampling for Negative-Binomial responses described in Algorithm 6,
l1<j<ds,1<k<K;j
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3.H.6 Full Conditional Distributions of f55 for Negative-Binomial

Responses
Following the steps in Appendix 3.F.6, we obtain (3.55) in Section 3.6.3 to be

2

fas,|rest X Gamma (1, by + fmj) 1 <7 <ds+d.

2
206

3.H.7 Full Conditional Distributions of f13, for Negative-Binomial

Responses

Following the steps in Appendix 3.F.7, we obtain (3.56) in Section 3.6.3 to be

f1. |rest = Gamma (1,1 + fo5.),1 < j < ds + do.
/Bj ﬁ]

3.H.8 Full Conditional Distributions of f,,; for Negative-Binomial

Responses
Following the steps in Appendix 3.E.8, we obtain (3.60) in Section 3.6.3 to be

2

Kj+1 ‘“j

2 7 20

fouj|rest = Gamma +fg | 1<) <d..

3.H.9 Full Conditional Distributions of f;,; for Negative-Binomial

Responses

Following the steps in Appendix 3.F.9, we obtain (3.61) in Section 3.6.3 to be

fluj’reSt ifn\% Gamma (17 1+ f2uj) ) 1 < ,] < dr

3.H.10 Full Conditional Distributions of 2 for Negative-Binomial

Responses

Following the steps in Appendix 2.B.10, we obtain (3.57) in Section 3.6.3 to be

o’ |rest ~ Inverse-Gamma (

do+do+1 B diag(fy)B8 1 >
) + -
2 2 ag
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3.H.11 Full Conditional Distributions of a, for Negative-Binomial

Responses

Following the steps in Appendix 2.B.11, we obtain (3.58) in Section 3.6.3 to be

1 1
aﬁ}rest ~ Inverse-Gamma (1, — + —2) :
5 5

3.H.12 Full Conditional Distributions of azj for Negative-Binomial

Responses

Following the steps in Appendix 2.B.12, we obtain (3.62) in Section 3.6.3 to be

Kj+ 1 foujllu? L1
2 2

aij‘rest ~ Inverse-Gamma ( ) 1 <5 < Ad,.

CLuj

3.H.13 Full Conditional Distributions of a,; for Negative-Binomial

Responses

Following the steps in Appendix 2.B.13, we obtain (3.63) in Section 3.6.3 to be

1 1
auj‘rest ~ Inverse-Gamma (1, — + —2) 1 <5 < d,.
0,

uj u



238

Chapter 4

Mean Field Variational Bayes

with Laplace-Zero Priors

Declaration = The method and results presented in this chapter are presented in the
paper Bayesian Generalized Additive Model Selection Including a Fast Variational Option
(He and Wand 2024). I certify that this publication was a direct result of my research
towards this PhD, under the supervision of my principal supervisor Prof Matt Wand,

and the reproduction in this thesis does not breach any copyright regulations.
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4.1 Introduction

Variational methods (e.g. Ormerod and Wand, 2010) have utilized in many areas
such as machine learning and pattern recognition. Since the early 2000s there has
been an increasing recognition of their use in mainstream Statistics (e.g. Titterington,
2004).

Consider a generic Bayesian model with observed data vector y and continuous
parameter vector 8 over the parameter space ®. The essence of variational inference
is to approximate the posterior density function p(0|y) with an approximating density
function q(@). To make this approximation as close as possible, we search over g € Q,
for some set Q of density functions, to find a particular density function with the
minimum Kullback-Liebler (KL) distance/divergence from the actual posterior

a'(6) = argmin KL {a(6]y) || p(6]s) @1)

KL {a(6ly) | »6lw)} = [ ace) 1og{%}d0.

We denote d as the number of predictors, with 1 < j < d. The parametric forms

where

of the g-density functions are determined from the form of the Bayesian model and
the minimum Kullback-Leibler optimisation problem, determined through (4.1). For
instance, Chapter 10 of Bishop (2006) explains this aspect of mean field variational
Bayes. The optimal variational factor g (¢;) is proportional to the exponential of
the expectation (under the other factors), of the the joint log-density. Therefore, an
expression for g7 (;) is:

q; (6;) o< exp [Ey—o,) {logp (0,9)}], 1<j<d.

If p(0,y) is conditionally conjugate, then q; (¢;) ends up in the same exponential
family as the full conditional p (6;|6_;,y) . For instance, if p(6,y) is Gaussian in 6,
the optimal q; (6;) will also be Gaussian.

A common approach to aid tractability is to impose a product density restriction
on (@), without any restriction on the functional form of the factors (Bishop, 2006):

d
Q= {q(e) 1 q(0) = qu(ej) for some partition {0y,...,6,4} of 0} (4.2)
j=1
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The resultant q*(@) is known as the mean field variational Bayes approximation
(MFVB) to the actual posterior, and we refer to it as the optimal q-density.

In this chapter, we work with the mean field variational Bayes (MFVB) approach,
to overcome the heavy computational cost of the Markov chain Monte Carlo (MCMC)
approach described in Chapter 2, for generalized additive model selection for Gaus-
sian and binary responses. MFVB is a faster, deterministic, but less accurate fitting
and inference alternative (e.g. Wainwright and Jordan, 2008). Same as Chapter 2,
throughout Chapter 4, y vector, X matrix and Z matrix are all fixed.

We introduce the product density restrictions on approximating density func-
tions in Section 4.2.1. Benefiting greatly on the Gibbsian full conditional distributions
of the parameters, the g-density approximation and the implementation for MFVB
involve straightforward algebraic calculations, described in Section 4.2.2. Moreover,
MFVB algorithms are often very simple to implement. The MFVB approach is im-
plemented as the R package gamselBayes, described in Algorithm 7 of Section 4.2.2.
We also work out the marginal log-likelihood approximation, which is useful for
monitoring convergence, described in Section 4.2.3.

In practice, either the Markov chain Monte Carlo samples or the MFVB g-densities
can be used for approximate posterior-based decision making. Based on the approx-
imation of relevant parameters, we set up the selection strategies for MFVB using
the threshold parameter, to classify variable effect type being nonlinear, linear or
zero, described in Section 4.3.1 and Section 4.3.2. Simulation studies aim at find-
ing a good default value of sparsity threshold parameter for MFVB are described in
Section 4.3.3.

We demonstrate that the MFVB algorithms achieve a good level of accuracy and
improved speed with simulation studies result given in Chapter 5.

The additive structure of generalized additive model (GAM) described in this
chapter is given in Section 2.3. The independence assumptions of GAM is given in
(2.28) for Gaussian responses and Section 2.4.3 for binary responses. The additive
part uses splines for non-linear effects. The predictors include binary predictors and
continuous predictors. The number of binary predictors is d,. The number of contin-
uous predictors is d,.

For the generalized additive model described in Section 4.2, the sample size is
n. The response y is a n x 1 vector. The linear design matrix X is a n x (d, + d,)
matrix. The Z; matrix containing the canonical Demmler-Reinsch basis is a n x K;

matrix, with 1 < 5 < d,, K; as the number of basis functions for the j-th continuous
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predictor with default value of 12.

Our simulation study suggests a good default threshold value 7 as 0.1 for MFVB
given in Section 4.3.3. The data were generated with 30 continuous predictors, 10
having “true" linear effects, 10 having “true" non-linear effects and 10 having “true"
zero effects. The sample size varied as n € {500, 1000, 2000} . The error standard de-
viation varied as 0. € {0.25,0.5,1,2} . The threshold varied as 7 € {0.1,0.3,0.5,0.7,
0.9} . For each combination of sample size and error standard deviation, we ran sim-
ulation on 100 independently generated data sets.

We applied Algorithm 7 to two real-world datasets — the car auction and the Syd-
ney real estate dataset given in Section 4.4, to demonstrate the practical applicability
of the approach. The car auction dataset used in Section 4.4.1 contains 72,983 ob-
servations and 49 predictors. The Sydney real estate dataset used in Section 4.4.2
contains 37, 676 observations and 39 predictors.

We conducted a simulation study on a prediction accuracy evaluation metric
given in Figure 4.2 of Section 4.3.3. The threshold varied as 7 € {0.1,0.3,0.5,0.7,
0.9} . The sample size varied as n € {500,1000,2000} . The error standard devia-
tion varied as 0. € {0.25,0.5,1,2}. Moreover, hyperparameters sensitivity checks
are given in Section 5.4.

4.2 Mean Field Variational Bayesian Inference for

Laplace-Zero Priors

4.2.1 Product Density Restrictions

Consider the Bayesian inference for the parameters in (2.28) of Section 2.4.2 and in
Figure 2.1 of Section 2.5.3 for Gaussian responses. The essence of our MFVB ap-
proach involves approximation of the full joint posterior density function of the

form

2 ~ 2 2 2
p(607737/3’7uau7 b57057aﬂv buao-u7a’u70-57a5‘y)

~ q(5077/37 /87 7u7 17’7 bBJ Uga aﬁ? bu7 0-121,7 Ay, 0-527 (15). (43)
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(4.3) is subject to

2 ~ 2 2 2
q(ﬁm’yﬁw@a’yuaua b,@70,(37a57 bu?a-u7a’u7057a£)

= q(Bo)a(v,)a(B)al(v.)a(@)a(bs)a(o?)a(as)a(b,)q(ol)d(a.)q(o?)q(ac). (4.4)

Therefore, the mean field approximation of the joint posterior density function of the
model parameters to (2.28) in Section 2.4.2 for Gaussian response is

2 ~ 2 2 2
p(/8077ﬁ7677u7ua bﬁ70ﬁ7a[37 bua o-u7a'u7o-57a€‘y)

~ q(Bo)a(v,)a(B)a(v.)a(@)q(bs)a(o?)a(as)a(ba)a(or)q(a.)q(o?)q(ac)

~ 9(60) {TT50™ )} a(B) { Ty avp) § { T3 ) § { T3 a(b) §
xa(o2)alas) { T albuy) } { Tz a(02) {5 alaw) } a(e?)aac).
(4.5)
Restriction (4.5) involves the induced product results (Bishop, 2006, Section 10.2.5),
which contains additional factorization in the g-density product restriction form.
A less stringent product restriction as (4.6), which will not scale well to high d.,
but may have accuracy advantages. (4.6) keeps all of the basis function coefficients
together is

2 ~ 2 2 2
p(6077,87 /87 Yu: W, bB7 Uﬁu Qg, bu7 O, Qy, 0g, a6|y)

- 4.6
~ (60, B, @a(v,)a(r)abaDa(aabalea@)alea(@).

There are numerous stringency levels of the product restriction. The choice in-
volves trade-offs concerning tractability, accuracy and speed. In this thesis, we will
use the simpler mean field variational Bayes scheme based on (4.5).

The optimal g-densities, which are the mean field variational Bayes approxima-
tion to the actual posterior, are chosen to minimize Kullback-Leibler divergence be-
tween the right-hand side of (4.4) and the full joint posterior density function, which
is the left-hand side of (4.3) (e.g. Wainwright and Jordan, 2008). The optimal g-
density forms can be expressed in terms of the full conditional density functions as
given by equation (6) of Ormerod and Wand (2010). Since all the full conditional
distribution of parameters having standard forms described in Section 2.5.3, the op-
timal g-density functions are relatively simple and the coordinate ascent updates
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have closed forms.

4.2.2 MFVB Practical Fitting for Laplace-Zero Priors

Based on full conditional distributions of parameters for Markov chain Monte Carlo
given in Section 2.5.3, for the Gaussian and binary responses models, we obtain g-
density approximation of parameters for mean field variational Bayes in this subsec-
tion. Some examples of the resulting optimal g-density forms are:

q(B0) has a N(piq(s,), 0o(s,)) density function,

q(B) has a N(p,5), X, ) density function,

q(u;) has a N(pgq,), Xqa,)) density function, 1< j <d,,

q(7s;) has a Bernoulli probability mass function,

1+exp {Eq(nﬁj)}
1 <j<ds+d,

1
1+ exp { By, }

q(7u;) has a Bernoulli ( ) probability mass function,
1<j<d,
q(b,)is a product of Inverse-Gaussian <uq(b 57)’ 1) density functions,
1 <j<ds+d,
q(b,) is a product of Inverse-Gaussian (“q(buj)’ 1) denstiy functions,
1<j<d,

q(0?) has an Inverse-Gamma(kg(,2), Aq(o2)) density function,

q(02) has an Inverse-Gamma </<q(0§ ) Aao? )> density function,

q(aﬁj) has an Inverse-Gamma (mq(gz ) Aq(ffﬁﬂ) density function, 1 < j < d,.

uj

(4.7)

For example, the optimal Inverse Gamma shape parameter r,(,2) has explicit so-

lution 1(n + 1). However, the equations for the optimal values of p a(B)» 2q(p) and
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A\q(02) are interdependent and iteration is required to obtain their optimal values.

The Bayesian graphical model for wavelet regression described in Section 3 of
Wand and Ormerod (2011) is similar in nature to the generalized additive selec-
tion model (2.28). Hence, the relevant details on the requisite mean field variational
Bayes calculations for (2.28) can be gleaned from the g-density derivations given in
Appendix D of Wand and Ormerod (2011). The g-density approximations of param-
eters for MFVB are listed in (4.8)—(4.31), with derivation details given in Appendix
4.A. The results are:

q(6o) has a N (iq(s,), 02 (5,)) density function where

-1
1
Tath0) = (”Mq(l/ag> + —2) , (4.8)
0130
Ha(Bo) = Ta(s0)Ma(1/o2) 10 Y (4.9)

q (,B) hasa N <uq<5), Eq(é)> density function where

o) = 4108 {1, © (1= o) )} + a0, (.10
Zy(a) = {baen) () © (X)) 4y ding ()} 61D

de
x* (y - ZZj(Mq(wuj)Mq(aj))>]> , (412)

J=1

Ha(B) = Ha(1/o2)2iq(B) (“q(vﬁ) ©
q (bgl, e bB(do+d.)> is a product of
I Gaussi 2 2 % 1) density functi
nverse-Gaussian { Ha(1/02) (uq (3) + aq(gj)>} , ensity functions
over 1 < j <d, + d., The g-density means are
~1/2
atosy) = ety (W) +o0a)) ) (413)

q (¢2) has an Inverse-Gamma (I{ a(02)’ A q(o§)> density function where

do +de + 1
Fa(o2) = g (4.14)

Ae2) = 3Pa(en) {Pa(a) © @) *+ dingonal () |+ gy (419)
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q (as) has an Inverse-Gamma </~$ a(as)’ A q(&s)) density function where

Kq(aﬁ) = 1, (4.16)

)‘q(aﬁ) = ,uq<1/0§) + 1/8123, (4.17)

1
1+ exp {—Eq (13,) }

1<j<d,+d,, where

q (7s;) is the Bernoulli < > probability mass function for each

. 1
Eq (T]ﬂj) = IOglt ()0/3) - §,U/q(1/o'§){q (M?I(E]) + Ui(a») X?X]
de
T T
-2 {Mq(gj) {Xj Y- ZXJ‘ Zjy (Mq('yuj/)“q(ﬁj/))}
J'=1

= XTX { (y(0,) 5 © (By(a) s + 1403 (13) ) }] } (418)
q(u;) hasa N <Hq(aj)> Eq(g].)) density function, 1 < j <d,,

where wz, = diagonal(Z] Z;),

Yo, = diag (03@))
= diag llKj / {Mq(l/og)ﬂqmj)wzj + Mq(l/agj)ﬂq(buj)l&}] ) (4.19)

T T
Ha(ay) = Ha(1/o?) [quj){zj y-Z2;X (Hq(vﬁ) © %(5))

de
- .Z]Z; (“q(m')“q(ﬁﬂ))}

J'#i

q (bul, oy by d.)> is a product of Inverse-Gaussian

2 —1/2 . .
({ﬂq(l/a2 ) [Huq(ﬁj)H + 1%0-3@_)]} ,1) density functions

wg

over 1 < j < d,. The g-density means are
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2 T 9 —-1/2
Ha(by;) = {“q(l/ogj) [H%(@)H +1Kj0q(aj)]} , 4.21)

q (o7;) has an Inverse-Gamma </€q(02 ) A (02_)) density function, 1 < j <d,,

Y
uj q ug

where Fo(o2,) = Kj;_ 1’ 122)
M(oz,) = %“q(bua‘) (Huq(ﬁj)H2 + 1%“3@)) + Ma(1/au;)> (4.23)
q (ay;) ~ has an Inverse-Gamma (Kq(a, ;) Aq(a,;)) density function, 1 < j < d.,
where Hq(gij> =1, (4.24)
Aq(oz,) = Ha(1so2,) T 1/ 50 (4.25)
and

1
1+ exp (—Ey (145))

q(7u;) is the Bernoulli ( ) probability mass function for each

1 <j<d,, where

_ 1
Eq (15) = logit (pu) — 5 Haq1/02) {ng (“q@) © Hqeay) + ‘73@))

de
— 24 %] {y = X k() © () - %;ZJ" (“q(m“q(aj/)ﬂ }
(4.26)

If y contains Gaussian responses, q (0?) has an Inverse-Gamma (mq(gg), )\q(gg))

1
density function where kg,2) = TL—2|— , (4.27)
1 de 2
T
Aq(o2) = Ha(1/a:) T §Hy — Lo tta(s) — X (Mq(m) © Mq(za)) -2.Z (qujwq(aj))
j=1

1, 1 T L
+ 57%4(80) + itr {X X (Qq('m) © {Eq(ﬁ) + :“'q(fa)”’q(,é)} ) }
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-5 (XX (g @ i )} |

de
1 T 2
+ Ezwzj (/"Lq(’Yu_j) [Uq(aj) + {1 — /Lq(«/uj)} (lJrq(ﬁj) © Hq(ﬁj)>] ) (428)
j=1

and

q (a.) has an Inverse-Gamma (K(a.), Aq(a.)) density function where
Ka(a:) = 1, (4.29)
Aatac) = Ha(1/2) + 1/ 2. (4.30)

If y contains binary responses, for1 <i<n, y; =1 or y; =0,

q (¢;) has a Truncated-Normal, ((uq(c)) , 1) density function where

%

¢ ((2y: — 1(1y):)
@ ((2yi — 1) (1))

(o), = ()i + (29 — 1) (4.31)

de
X (o) © o) + D25 (Hatru o)

Jj=1

(ll’q)l = Ha(Bo) +

i

Using the optimal g-density results listed in (4.8)—(4.31), we can now assemble the
mean field variational Bayes algorithm, given in Algorithm 7, implemented within
the R package gamselBayes, to minimize the Kullback-Leibler distance g-density
parameters, with notation used in Section 4.2.2 for the other g-density parameters.

We proceed by initialising each of the g-density parameters and updating each
parameter successively using the current estimates of the other parameters. At the
end of each iteration, an updated value of the lower bound on the marginal log-
likelihood is computed, and the algorithm is iterated until convergence of the lower
bound on the marginal log-likelihood to its maximum. The approximate marginal
log-likelihood, also known as the evidence lower bound, is given in the next subsec-
tion.

4.2.3 Variational Marginal Log-Likelihood Approximation

A final aspect of Algorithm 7 in Section 4.2.2 is determination of good stopping cri-
teria for the coordinate ascent scheme. As is common in the mean field variational
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Bayes literature, we monitor relative increases in the approximate marginal log-

likelihood, which we denote by log p(y; q). Minimizing the Kullback-Liebler diver-
gence is equivalent to maximizing the lower bound on the marginal log-likelihood
log p(y; q).

Appendix 4.B contains the explicit expression for the approximate marginal log-
likelihood for Chapter 2 models under product restriction (4.5). By computing the
log-likelihood after each iteration, we obtained its corresponding relative error. Refer
to R package gamselBayes, the setting of the tolerance of relative error is €. =
1078. As shown in Algorithm 7 of Section 4.2.2, we checked the relative error after
each iteration. Once the relative error of log-likelihood is lower than the tolerance
level, the iteration stopped. The variational marginal log-likelihood approximation
is implemented as the R package gamselBayes.

4.3 Model Selection Strategies with Laplace-Zero pri-

ors for Mean Field Variational Bayes

After obtaining the g-density approximation in Section 4.2.2 for mean field varia-
tional Bayes, we need to set up the model selection strategies to decide whether the

effect type of a predictor is zero, linear or non-linear.

4.3.1 Deciding Between an Effect Being Zero or Linear

For Gaussian and binary response generalized additive models described in Section
2.4, for the MFVB approach, our “effect is zero" rule between zero effect and linear
effect is as in (2.52) of Section 2.6.1 for Markov chain Monte Carlo. For mean field
”s,) in Algorithm 7,1 < 5 < d,+
d.. Simulation studies of deciding default values for sparsity threshold parameter 7

variational Bayes approach, we have E (v3,|y) = Fa(

for mean field variational Bayes described in Section 4.3.3.

4.3.2 Deciding Between an Effect Being Zero, Linear or Non-Linear

For Gaussian and binary response generalized additive models described in Section
2.4, for the MFVB approach, our “effect is zero" rule for MFVB between an effect
being zero or linear or non-linear is as in (2.54) of Section 2.6.2. For mean field vari-

ational Bayes approach, we have E (v, ‘y) = Ha(s, ) in Algorithm 7,1 < j < d, + d,,

VB,
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and E (7u;|y) = Hg(y,) in Algorithm 7, 1 < j < d,. Simulation studies of deciding
default values for sparsity threshold parameter 7 for mean field variational Bayes
described in Section 4.3.3.

4.3.3 Choice of Default Value of Sparsity Threshold Parameter

In this subsection, we use the misclassification rate for simulation study of default
value of sparsity threshold parameter 7 for MFVB. The settings of the number of
continuous predictors d,, sample size n, error standard deviations ., and 7 are as in
(2.58). The generation of data sets and design of simulation are as (2.56) and (2.57)
respectively in Section 2.6.3.

For mean field variational Bayes, we use ¢,,.. = 1078 from Algorithm 7 in Section
4.2.2. The rules of model selection follow (2.52) of Section 2.6.1 and (2.54) of Section
2.6.2.

Figure 4.1 shows the misclassification rate as a function of 7 under mean field
variational Bayes. The difference of misclassification rate between 7 < 0.5 and 7 >
0.5 is very noticeable, recalling that 7 = 0 corresponding to maximum a posteriori
estimation of coefficient being zero described in Section 4.3.1 and 4.3.2. Therefore,
the default value of the sparsity threshold parameter 7 for mean field variational
Bayes is 0.1.

The range of the sparsity threshold parameter is 7 € (0, 1). Both Figure 2.3 of
Section 2.6.3 and Figure 4.1 show that, tweaking the sparsity threshold parameter 7
among {0.1,0.3,0.5,0.7,0.9} has the desired impact on misclassification rates.

In this subsection, we also use relative test error to replace effect type misclassi-
fication rate for simulation study of default value of sparsity threshold parameter 7.
The settings of the number of continuous predictors d,, sample size n, error standard
deviations 0., and sparsity threshold parameter 7, are as in (2.58). The continuous
predictors generation for data sets are as in Section 2.6.3.

To aid visualization, we use the log,, transformation to the relative test error val-
ues. Similar to the simulation study for MCMC in Section 2.6.3, Figure 4.2 shows that
the relative test errors are lower for higher sample sizes under the same noise level
and the relative test errors are lower for higher noise levels under the same sample
size. The choice of 7 does not affect the relative test errors. Therefore, it does not

change our recommendation concerning the choice of 7 being 0.1 for MFVB.
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Figure 4.1: Side-by-side boxplots of the misclassification rates for the mean field variational Bayes
Algorithm 7 for the simulation study described in the text. Each panel corresponds to a different
combination of sample size and error standard deviation. Within each panel, the side-by-side boxplots
compare misclassification rate as a function of the sparsity threshold parameter 7.

4.4 Data Illustration for Mean Field Variational Bayes

We implement our MFVB approach as given by Algorithm 7 in Section 4.2.2 in our R

package gamselBayes. In this subsection, we apply our MFVB approach to two real

data sets. The number of predictors in the first illustration for car auction data and

in the second illustration for Sydney real estate data is large. This motivates the use

of MFVB fitting as the fast option for model selection.

For the linear effects variables, we want to know their positive or negative im-

pacts on the response. For the non-linear effects variables, we want to know their

forms. These were able to be obtained by our R package gamselBayes.
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Figure 4.2: Side-by-side boxplots of the logarithms, to base 10, of relative test error for the mean field
variational Bayes Algorithm 7 for the simulation study described in the text. Each panel corresponds
to a different combination of sample size and error standard deviation. Within each panel, the side-by-
side boxplots compare relative test error as a function of the sparsity threshold parameter .

4.4.1 Application to Car Auction Data

The data set was obtained from the kaggle Internet platform (https://www.kaggle.
com). There are 49 variables on 72,983 observations of cars purchased at car cau-
tion by automobile dealership in U.S.A.. The origin of these data is a classification
competition titled “Don’t Get Kicked!" that ran on the “kaggle" platform. The data
set with all categorical variables converted to binary variable indicator form can be
found in R package HRW Harezlak et al. (2018).

The binary response is the indicator of whether the car purchased at an auction
has serious problems that prevent it being sold. We refer to such a car as a “bad buy".
In the car auction data set, there are 44 binary predictors and 5 continuous predictors.
We checked the unique values of the predictors and found the predictor “age at sale"
only has 10 unique values. It is not conducive to spline-based estimation of non-
linear effects. Therefore, we exclude age at sale variable from having non-linear
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effect.

We use the fast option MFVB approach in our R package gamselBayes, with the
threshold parameter 7 being 0.1 as given in Section 4.3.3, with the stopping criteria
being 10~%, described in Section 4.2.3. Nineteen predictors were selected as having
linear effects and three predictors were selected as having non-linear effects. Twenty-
seven predictors out of forty-nine, which is 55% of all predictors, were discarded.

Table 4.1 shows estimation and inferential summaries for the selected linear fits.
We found most of the predictor effects are intuitive. For example, with the predictor
“age at sale", it shows that the older of the cars, are more likely to be a bad buy. The
presence of wheel covers, lowered the probability to be a bad buy. It is interesting
to note that cars purchased in some particular states, would make it more or less
likely for the car to be a bad buy. For example, cars purchased in Florida and North
Carolina are less likely for the car to be a bad buy. Cars purchased in Texas are more
likely to be a bad buy.
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Figure 4.3: The estimated non-linear effects for the car auction from application of Algorithm 7 and
effect type estimation rules of Section 4.3.3 with T = 0.1. The curves are slices of estimated probability
of bad buy as a function of the predictor, with all other selected predictors set to their median values.
The shade regions correspond to pointwise approximate 95% credible intervals, but are subject to
considerable mean field approximation error. The rug at the base of each plot is based on a random
sample of 2,500 cars.

Figure 4.3 shows 3 predictors having non-linear effects. They are odometer read-
ing in miles, acquisition cost paid for the car at the time of purchase in U.S. dollars
and warranty cost in U.S. dollars. The middle panel in Figure 4.3 shows that the pur-
chase cost being around 10,000 U.S. dollars has the least probability of being a bad
buy. The purchase cost below or above 10,000 U.S. dollars both increase the prob-
ability of being a bad buy. The shaded area in Figure 4.3 corresponds to pointwise
approximate 95% credible intervals. However, we also need to consider considerable
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mean field variational approximation error that tends to make the credible intervals
overly narrow.

We also apply the MCMC approach as given by Algorithm 2 in Section 2.5.3 on
this car auction data set. The categorical result shows that 14 out of the 19 predic-
tors were selected from Table 4.1. Three predictors were not selected by the MFVB
approach, but they were selected by the MCMC approach, such as indicators of the
auction provider. The odometer reading predictor was considered having a non-
linear effect by the MFVB approach, but was selected as having a linear effect by the
MCMC approach. In summary, using the MFVB approach as given by Algorithm
7, 22 predictors were selected. Using the MCMC approach as given by Algorithm
2, 20 predictors were selected. Among those 20 predictors selected by the MCMC
approach, 17 predictors were in common from the two approaches. This suggests

reasonable accuracy of the MFVB approach as the fast option for this example.

4.4.2 Application of Data on House Sales in Sydney, Australia

The data set is obtained in R package HRW, which accompanies the Harezlak et al.
(2018) book. There are 37,676 records and 39 variables for Sydney house sales in
2001.

The majority of the potential predictor variables are well-behaved. The histogram
shows that predictor crime rate measure for the suburb in which the house is located
is highly skewed and with a small fraction of the house having a large outlying
value, which is not shown on histogram. Therefore, we apply the logarithm of crime
rate plus one transformation to make the data of predictor crime rate measure for
the suburb in which the house is located more amenable to our methodology.

Three predictors: nephelometer suspended matter measurement recorded at the
air pollution monitoring station nearest to the house, particulate matter with a diam-
eter of under 10 micrometers level recorded at the air pollution monitoring station
nearest to the house, and sulphur dioxide level recorded at the air pollution moni-
toring station nearest to the house are quantitative but have low numbers of unique
values. To avoid problems with spline fitting, these predictors are only considered
as having linear or zero effects, and not considered as having a non-linear effects.

We use the fast MFVB approach in our R package gamselBayes, with the thresh-
old parameter 7 being 0.1 as given in Section 4.3.3, The categorical predictor results
are shown in Table 4.2 and 4.3. Table 4.2 shows that 12 predictors were selected as

having linear effects and Table 4.3 shows that 15 predictors were selected as having
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non-linear effects. It implies 12 predictors were selected as having zero effects.

For the 12 predictors selected as having linear effects, we obtained the linear co-
efficient summary in Table 4.4. For example, among predictors financial quarter 2
in which sale took place, financial quarter 3 in which sale took place and financial
quarter 4 in which sale took place, it indicates that houses sold in the 4th quarter
period of October to December tend to have higher sales prices.

For the 15 predictors selected as having non-linear effects, Figure 4.4 shows that
their effects on mean logarithm of house sales price. For example, the first panel
shows that the effect of predictor lot size in square meters but with some imputation
is quite a monotonic increasing curve, with some ramps and plateau. The fourth
panel for predictor logarithm of crime rate plus one indicates that there is a sharp
decrease for house sales price when predictor logarithm of crime rate plus one be-
ing around 0.32, and a sharp rise for house sales price when predictor logarithm
of crime rate plus one being around 0.6 after decrease. The fifth panel shows that
the predictor average weekly income of the suburb in which the house is located is
mainly monotonically increasing with some ramps and plateau. The last panel for
the predictor distance from house to the nearest school (kilometers) indicates that
there is a sharp rise in mean house price when the distance to the nearest school is
beyond 8 kilometers. This effect may due to homes in semi-rural areas being more

expensive.
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Figure 4.4: The graph was produced by using the MFVB approach as given by Algorithm 7. The
curves are vertically centred estimates of the effects of each predictor selected as having a non-linear
effect. The shaded regions correspond to pointwise 95% credible intervals. The rugs at the base of each
plot show values of each predictor. Due to the very large sample size, random subsets of size 1,000 are
used in the rugs.
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Algorithm 7: Iterative determination of the optimal parameters according to a mean
field variational Bayes approximation of the posterior distributions for model (2.28).

Data Inputs: y(n x 1); X (n x (do+ds)); Zj(n x Kj),1 <j <d,.
Response Type Input: responseType € {Gaussian,Bernoulli} .
Sufficient Statistics Inputs: XTy, XTX, ZTy, ZTX, ZTZ
Hyperparameters Inputs: og,, 5, 8¢, 5, > 0, 1 < pg, py, < 1.

Convergence Criterion Input: €, : a small positive number such as 1078,
cie 1. 1
Initialize: faq(y,) <— 51d0+d.5 Po@) € Odotdes Ho(r/ae) < 15 Ha(1o2) < 15
1
Fa(1/ag) € 15 Hg(1/02) € 13 figoz) ¢ 5(do +da +1); Kgrag) +— 1

1
Fgo2) ¢ 5+ 1) Kga) ¢ 1 Homy) ¢ Ldo+ds

yT1, g 0; XTy, G XTy; ZTy, G ZTy
Forj=1,...,d,:

1 .
27
Fa(lfaw) € 5 Ha(yo2) < 13 Baeuy) < 15

Ha(a;) + OK,5 o

a@@;) € 1K Hang) €

1
2j) — E(KJ + 1); Kq(au;)

a(o +— 1; wyz; «— diagonal (ZTZW))

Cycle:

w12 < yTladj

Tata) 1/ {”“qﬂ/ff?) +(1/ Ugo)} P HaBo) € Oq(sn)Ha(1/o2) w12
i T

QCI('Y[}) — dlag {Nq(qﬁ) © <1 — uq('yﬁ)>} + Mq("/ﬁ)“q(’yﬁ)

-1
T .
EQ(E) — {Mq(l/ag)ﬂq(‘)’ﬁ) © (X X) + Mq(l/ag)dlag <l'l’q(b/3)>}
de
i ¢ Xy, = > ZTX (g o))
j=1
Po@) < Ha1/o2)Zq(B) (Hq(w) © w13>

. —1/2
Wt My © Hygg) + diagonal (Zy5)) gy — (q/02010)

continued on a subsequent page. . .
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Algorithm 7 continued: This is a continuation of the description of this algorithm
that commences on a preceding page.

1
)‘q(afg) S Bq(1/ap) T §“qT£bﬂ)“’14 o Ha(1/02) (03 /)‘

) .
Adag) € Ha/od) 557 5 Ha1/ag) < Ralas) / Ag(as)
Forj=1,.ide: Hq(u;) € Ha;)Ha(@))
Forj=1,...,d. + ds:

de

no\T
wis — e]TXTyad]. - Z (ZTXU >ej> )
j=1

T
W15 S Ha(5,) @15 — (XTXej>_j

('U'CI(‘Y/J)>_]~ © {(EQ(E)e])_j tHq(3) (NQ(E))—J}

. . 1
Hr(ygy) < expit (loglt(ﬁ’ﬁ)) ~ 5Ha(1/02) {< M) +o (Bg)) ejTXTXej

—2wi5})
FOI'j = 17 o 7d0 : p’q(uj') — 'U’q("/uj)uq(ﬁj)
Forj=1,...,ds:

de

wig e— ZTyY) = 20X (g @ gz ) = S ZTZ0 g,
J'#3

Ui(faj) — lKj/ {“q(l/vg)“q(wuj)""zj + “q(l/ffﬁj)”q(bu]’)lf{j}
Ha(a) < Ha(1/o2) gy (w016 @ 02 ) )

Forj=1,...,de:
2 T 2 . —1/2
wi7 ¢ [lgp|* + 15,02, Hawai) < (Haqrjoz y017)

1
Aq(o2,) € Ha(/aus) T 5Ha0u)@17 5 Ha(1/02)) € Fa(o2) / Aq(a2;)

May) < Haqrjoz) + (1/52) 5 Ha(t/any) < Fatany) /(o)

continued on a subsequent page. ..
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Algorithm 7 continued: This is a continuation of the description of this algorithm
that commences on a preceding page.

FOI'j = 17 o 7d0 : uq(Uj) A 'U'q(’)’uj)uq(ﬁj)
Forj=1,...,de:

de
) ; '
wis «— ZTyY — zTXY) (uqm) © uq@> DA AR
J'#7

T 2 T
w1y ¢ Wz, (“q(ﬂj) © i) + Uq(%)) = 2,y @1

. . 1
Ha(y, ;) < expit (loglt(pu) - iuq(l/gg)wlg)

de
wao <— Lnpggy) + X(”q(vﬂ) © “q(ﬁ)) + sz (’uq(”“j)”q(ﬁj))
=1

If responseType is Gaussian then

Q(v,) ¢ diag {“q(ws) © <1 - “q(m))} + ”fJI(‘m)”;F('vﬁ)

1 2 1,
Aq(o2) < Hq(1/ac) + §Hy - wgoH + 5700 4)

it XX {804 © (B + i) ]

_%tr {XTX (“qm) © “q@) (“’qWB) N q@))T}

de
%Z“’% (“q(wy‘) ["3@) * {1 - Mq(vm} (Hq@) © Hq@-)ﬂ )

j=1

Ha(1/02) € %(ﬁ)/%(ﬁ)% M(as) € Ha(1/o2) + (1/85);

Ha(1/ac) € Ka(ac) / Ag(ac)

If responseType is Bernoulli then

:uq(l/(rg) +— 1 ; l’l’q(c) — wyo + (23! - 1n> (O] C/ <<2y - 1n) O] w20>

yT1,, «— ,u,qT(c)ln P XTy, — X gy 5 ZTy,, — Z7 g0

adj
until the relative change in the log(p(y; q)) is below &yger-

Outputs: All g-density parameters.
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predictor posterior mean 95% credible interval
indic. made in U.S.A. -0.04605  (-0.06925, —0.02323)
age at sale (years) 0.09344 (0.08771, 0.09896)
indic. color is red 0.0513 (0.02498, 0.07713)
indic. make is Chevrolet -0.1103 (-0.1358, —0.08426)
indic. make is Chrysler 0.09517 (0.0691, 0.1217)
indic. make is Dodge —-0.03093  (-0.05385, —0.006961)
indic. purchased online —0.06229 (-0.1117, -0.0000)
acquisition price (U.S. dollars) -6.014 x 107%  (-9.352, -2.603)x10~°
indic. purchased in 2010 0.1085 (0.0929, 0.1242)
indic. purch. in Florida -0.1173 (-0.1391, -0.09529)
indic. purch. in North Carolina -0.1074 (-0.1326, —0.0819)
indic. purch. in Texas 0.09706 (0.07799, 0.1162)
indic. medium-sized vehicle -0.07368  (-0.09095, —0.05622)
indic. sports utility vehicle 0.1899 (0.1646, 0.2153)
indic. manual transmission —0.1574 (-0.197, -0.1168)
indic. trim level is ‘Bas’ 0.05521 (0.0355, 0.07477)
indic. trim level is 'LS’ —-0.06153 (-0.0918, -0.03176)
indic. has alloy wheels -1.513 (-1.546, —1.48)
indic. has wheel covers —-1.585 (-1.619, -1.551)

Table 4.1: Approximate posterior means and approximate 95% credible intervals for the coefficients
of each of the selected linear fits based on the mean field variational Bayes optimal q-densities obtained

from Algorithm 7 for the car auction example.
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Predictors selected as having linear effects:

nitrous oxide level recorded at the air pollution monitoring station nearest
to the house,

particulate matter with a diameter of under 10 micrometers level recorded at the
air pollution monitoring station nearest to the house,

sulphur dioxide level recorded at the air pollution monitoring station nearest
to the house,

distance from house to the nearest highway (kilometers),
distance from house to the nearest medical services (kilometers),
distance from house to the Sydney Harbour Tunnel (kilometers),
degrees longitude of location of house,

nephelometer suspended matter measurement recorded at the air pollution
monitoring station nearest to the house,

ozone level recorded at the air pollution monitoring station nearest to the house,
financial quarter 2 in which sale took place,
tinancial quarter 3 in which sale took place,

tinancial quarter 4 in which sale took place.

Table 4.2: Predictors selected as having linear effects from Sydney real estate data set using MFVB
approach as Algorithm 7.
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Predictors selected as having non-linear effects:

distance from house to the nearest ambulance station (kilometers),
distance from house to the nearest bus stop (kilometers),

distance from house to the nearest factory (kilometers),

distance from house to the nearest hospital (kilometers),

distance from house to the nearest main road (kilometers),

distance from house to the nearest park (kilometers),

distance from house to the nearest school (kilometers),

distance from house to the nearest sealed road (kilometers),
distance from house to the nearest unsealed road (kilometers),
proportion of foreigners in the suburb in which the house is located,
average weekly income of the suburb in which the house is located.
inflation rate measured as a percentage,

degrees latitude of location of house,

logarithm of crime rate measured for the suburb in which the house is located
plus one,

lot size in square meters but with some imputation.

Table 4.3: Predictors selected as having non-linear effects from Sydney real estate data set using
MFVB approach as Algorithm 7.



4.4.2. Application of Data on House Sales in Sydney, Australia 262

posterior mean 95% credible interval

nitrous oxide level recorded
at the air pollution monitoring 0.01213 (0.01081,0.0135)
station nearest to the house

particulate matter with a

diameter of under 10 micrometers

level recorded at the air pollution 0.01388 (0.01111,0.01672)
monitoring station nearest

to the house

sulphur dioxide level recorded at
the air pollution monitoring -1.526 (—1.722, —1.326)
station nearest to the house

distance from house to the

nearest highway (kilometers) 0.001718  (0.0006906, 0.002848)

distance from house to the nearest

medical services (kilometers) ~0.003672  (~0.006384, ~0.001)

distance from house to the Sydney

Harbour Tunnel (Kilometers) 0.008914  (0.007736,0.01006)

degrees longitude of location of

house 2.579 (2.501,2.659)

nephelometer suspended matter
measurement recorded at the air
pollution monitoring station
nearest to the house

—0.4299 (—0.5201, —0.3398)

Table 4.4: Inferential summary of the linear coefficients obtained from Sydney real estate data set
using MFVB approach as Algorithm 7.
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posterior mean 95% credible interval

ozone level recorded at the
air pollution monitoring station 0.3396 (0.3139, 0.3656)
nearest to the house

tinancial quarter 2 in which 0.01908 (0.008528, 0.02939)
sale took place
tinancial quarter 3 in which 0.06412 (0.05468,0.07339)
sale took place
financial quarter 4 in which

sale took place 0.1311 (0.1219,0.1404)

Table 4.4 continued: Inferential summary of the linear coefficients obtained from Sydney real estate
data set using MFVB approach as Algorithm 7.
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4.A The g-Density approximation of parameters with

Laplace-Zero priors

Throughout Appendix 4.A, “const" denotes a constant that does not depend on any

g-density parameters.

4.A.1 The g-Density of 3, with Laplace-Zero Priors

First note that
log {q (60)} = Eq [log {p (Bo|rest) }] + const.

Recalling the expression for p(/|rest) in (2.61) of Appendix 2.B.1, we have

T
m

Bo
log {p (Bo|rest) } = { ] ! ] + const
53 2

1

[ﬁ()]T ;12 (y '7,36)6 ZZ ’Yujuj>

1 n+1
2\ o2 o3

+ const

where
N
= gln Yy — ’Yﬁ ®/6 ZZ qufu']

and

1 <n L1 )

m="5\lz2Ta2 |

2\ o2 o3

Moreover,

T

] + const.
72
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We then have

1 (n 1 1 1 1, , 4
Eq(112) = =5 Eqy (02 + g) =3 (nﬂqumg) + %) =5 (95(a0)
0 0

and therefore .
9 1
Tatge) = | MHa/o2) 5
Bo

is given in (4.8) and Algorithm 7 of Section 4.2.2. And note that

| 1
Eq (m) = ——Ha(an) = Eq {;15 (y (v, ©B8) - ZZ Vst )}
)

%480 €

. (4.32)

= pg(1/on 1 [y—X<u( ) O bys)) - ZZ (Hatru ) )

7j=1

Recalling that (2.7) in Section 2.3.2 to be 17X = 0 and (2.8) in Section 2.3.3 to be
17Z; =0,1 < j <d.,in (4.32), if we define

de
Wig = ]_Z <y — X([.L ( ) © [,l, ZZ Nq(%u)“q(u]))>

7j=1

then wy, = 17y. Therefore

2 2 2 T
Ha(Bo) = Oq(s)Ea (1) = 040 Ha(1/02)W12 = Oq(a0)Ha(1/o2)1nY

is given in (4.9) and Algorithm 7 of Section 4.2.2.

4.A.2 The g-Density of 3 with Laplace-Zero Priors

log {q (B)} — E, [log {p <B|rest> }] + const.

First note that
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Recalling the expression for p(B ‘rest) in (2.62) of Appendix 2.B.2, we have

~ - T

,3 ™m

log {p (B[rest) } = + const
vee(BB )| |

_ _ . ;
1 * ~
. T ﬁ <’Yﬁ © XT (y - 1nﬁ0 - ZZJ (f)/u]uj))]>
3 : ! =
— + const
T T
— Y55 ) © (XX ) .
Vec(ﬁBT) —lvec <( 77) ) n diag (by)
2 o? o2
where
1 do
m = 2 (’Yﬂ o | X" (ZI - 1,50 — sz (%j%))])
3 j:1
and
N2 = —EVeC 03 + O'g
Moreover,
B T
~ T
E, [log {p (Blrest) H = E, [ ] + const.
~~T
vec(88 ) M2
If we define Q, (vs) = Eq (v,7Y) , then
T T
B, (n2) = 1 E <(7ﬂﬁ) ° X X)) diag (b,) 1 -1
a(M2) = —g5vec | Ly = + o = —gvec a(3)
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Therefore

Q(,,) = Cova (v,) + Eq (v5) Eq (v2)

T

= diag {“q<7ﬁ) ® <1 - Mq(,yﬁ))} + Nq('m)l‘l'q(‘m)

and
2,3) = 070 {2 (0) © (XX} + 1y i ()]

are obtained to be (4.10), (4.11) and given in Algorithm 7 of Section 4.2.2. Note that

XT <y - lnﬁO - Z.:ZJ'(%LJTI’J'))] ) }

do
X" (y - 1n:“q(ﬁo) - ZZj(Nq(%j)“’q(ﬁj))>]> - (4.33)

Jj=1

Eq(m) = E;(%wq(;;)

1

= Ha(1/o2) (Nq(a,ﬁ) ©

Recalling that (2.7) of Section 2.3.2 to be 17 X = 0, in (4.33), if we define
d.
wiz = X" (y — Lnptq(sy) — ZZJ (Mq(vuj)#q@))) :
j=1
then
de
Wiz = XT (y - ZZJ(,Uq('qu)N’q(ﬁ]))>
j=1

and

de
X" (y - ZZj(quuj)Mq(aj)))] )

=1

Fq(3) :“q(l/UE)Eq(E) <p,q(7ﬁ) ©

= 1102 243 (o) @ 10)

are given in Algorithm 7 and (4.12) of Section 4.2.2.
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4.A.3 The g-Density of u; with Laplace-Zero Priors

First note that
log {q (u;)} = Ey [log {p (u;|rest) }| + const, 1< j <d,.

Recalling the expression for p(w;|rest) in (2.65) of Appendix 2.B.3, we have

T T

Uu; T U
log {p (u;|rest) } = + const =
vec(u,u; ) 2 vec(a;u;)

de 7]
1 ~ N
- (W [ZJT y— 27X (vﬁ ® 5) -5 77z, (%j,uj,)D

J'#3

X -+ const.

1 ) YujWz,; byl
_ - d J J
| pec(amg (2224 28))

where

1 N

= (%j Z?y - ZjTX <76 ®ﬂ> B ZZjTZJ/ (%J"ﬂjl)])

€ J'#5

and
o 1 . Vujwzj bu]‘
= e (dlag ( iz o )) |

And note that

Eq {log (p (w;|rest)) } + const.

I

1
<
[¢0)
a0
s &
3
Nl
1

e
1
IS
N =
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We have

1 ) TujWz,; byl
Ey(n2) = —gvec (dlag (Eq { JUQZ + o;. }))
€ uj

1 1 g\ 1 o
—gvec (d1ag( u3)>) = —5Vec <d1ag<a_2 N )) = —5Vec (Eq(aj)>(4~34)

q(u;)

1
5 (”q(l/ag)”q(vug) Wz, + Ha(1/02,) Pa(b, )1K->-

Then
_ Lk;
Ta@;) = Ha(t/o2)Hatu)@z; + Ho(1/02 ) Ha(s,;) LG = P
a(d;
Therefore
2
Tq(u;) = 1K7'/ {“q(l/ag):“q(vuj)wzj + 'u’q(l/aij)uq(buj)lKj}
and

dlag( ) diag [1K / {Ma(l/aswqmnwzj+Mq(1/ggj)uq(buj)1f<j}]

are given in Algorithm 7 and (4.19) of Section 4.2.2 respectively.
If we define Ho(u,) = Ha(n,, ) Pa(iy): then

Eq(m) = E, { (%) (’Yuj [ZJ‘Ty —Z;X (W © E) - izfzj/ (%j'aj')] ) }

J'#7
) (4.35)

T T T
= Ha(1/02) (#q(%j) [Zj y-7Z,X (uq( © (5 ) ZZ Z 1y
J'#i

1k,
=Xy (u])l“l’q d1ag< )'“’q(ﬁj)'

q(u )
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In (4.35), if we define

de
— 7T T T
0= 23y = Z1X () © ba)) = 221 Zybh, )
J'#3

then
Eq (M) = Ha(1/02) Ha(r) @16

Therefore
I‘l’ dlag< q(u )E ( ) dlag< q(u )MQ(l/Ug)MQ(’Yuj)ww
= Hq(1/02) Ha(vuy) (0-’16 ® Uﬁ(aj))
is given in (4.20) and Algorithm 7 of Section 4.2.2.

4.A.4 The g-Density of v,; with Laplace-Zero Priors

First note that, for 1 < j < d, + d.,,

log {q (7))} = Eq [log {p (7s;]rest) }] + const = Eq(1,;)7s; + const.

Recalling that (2.41) in Section 2.5.3 to be

5 = logit(ps)— (5 :

2 X] |y X - { )0 B) ) S 7, (i D

7'=1

and note that under product density restriction (4.5) in Section 4.2.1, we have

de
> X ZIE i) = 3 X] 2y (e b))
=1
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If we define Fo(u,) = Ha(r,, ) Ha(a,) then
E — logit (p,) — 250 T ) X5 X
a (n3,) =1ogit (ps) = SHq0/02) Ha3) T %(5,)) it
d.
T T
j'=1

XI5 ()@ (BB)-) }

. 1
= logit (ps) — §Nq(1/0?)

de

. { (i) * o5)) X5 X5 =2 {Mq@-) (XTy = 32X 25 (mya,))

j'=1

“XTX () @ (Bg()) s + Mq(@)wq(ﬁ))—j))} } (4.36)

where (Eq(ﬁ)>

In (4.36), if we define

~denotes the jth column of 3 a(B) with the jth row removed.
—2J

de
Wis_1 = XjTy — ZX?ZW (I‘Lq<uj/)> (4.37)

j'=1

and further define

de
W15 = /‘q(gj) (X;‘Fy - ;X?Zj/ (“‘1(”]"))> - X;.FX_j{ <Hq<7ﬂ))—j © ((2‘1(,5))_”
+Mq(/§j) (“‘K@)j) }7

then

wis = fry(5) 151 — X X ((MQ(76)>J‘ N (<Eq(5)>m’ T Ha(3) (%(g)),))
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Therefore

Eq (ns,) = logit (p,) — %Nq(l/a?){ (’LLQ(BJ) + 0? (3 )> XTX

- {“q@j) {(XTy =3 X120, e )

=1

“XTX 3 (b)) =5 © (B30 + () () ) }} } (4.39)
. 1 2 r
= logit (ps) — §/Lq(1/gg){ (u (5) + o2 a3 )> X X 2w15}. (4.40)

(4.37), (4.38) and (4.40) are given in Algorithm 7. (4.39) is obtained to be (4.18) in
Section 4.2.2. In summary, for 1 < j <d, + d,, Ha(ys;) = expit(E, (ngj)),

1
1+ exp {—Eq (13,) }

q (74;) is the Bernoulli ( ) probability mass function.

4.A.5 The g-Density of ,; with Laplace-Zero Priors

First note that, for 1 < 5 < d,,

log {q (7u)} = Eq [log {p (fyuj|rest) } + const = Eq(1,;)7u; + const.

Recalling that (2.46) in Appendix 2.B.5 to be

. 1 ~
= logit(p,) — 552 (wg (u; ©u,;) — 2uTZT [y X(v,© ﬁ ZZ Vot Uy ])
© 3'#i
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and note that Z] Z is a diagonal matrix from (2.8), if we define Z] Z; = diag (wz,) ,
Ly {w% (u; © ﬂj)} = E, {ﬂ?diag (wz,) ﬁj}
= o, diag (wz;) pea,) + tr {diag (wz,;) Covya,) }
= wy, (diagonal <uq(ﬂj) ug@)> + diagonal (Zq(aj)))
=wg, (“q@) © Kqea;) T U?(%))

then

, 1
Eq (n;) = logit (pu) — §ﬂq<1/az>{ (M( ) © B + o, ) —~ 2hya) {Z;Ty

~Z7X (1) Zz Z, (uq wJ“q(ﬁy))”' (4.41)

J'#j

In (4.41), if we define H(u,) = Fa(r,, ) Ha(ay): and define

o= =B X ) ) = 22 (1))
J'#3
da
then w;g = ZTy - ZTX( () O H (~)) - ZZ;‘-FZJ»/ (,u,q(uj/)) is given in Algorithm
i'#i

7 in Section 4.2.2. In (4.41), we further define

— T T
Wiy = Wz, (“q( ) © By + o )) — 2qa,)

25y = Z3 X () © ()

D2 (1o i) ] |

- : J
J'#7

Then

wig = Wy, (“q(u>@ﬂq< )T o >) 2tq(, @1
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and

, 1
Eq (15) = logit (pu) = 5 Ha01/02) {ng (Mq@) © Hqq@,) + "3@-)) — 2Hq@,)

x{ny—Z]TX(uq( ZZTZ (1 w)]}

J'#3
. 1 T
= logit (pu) = S Haq1/e2) | @ (Nq(u» © Hoqa,) + f’q<u]->> = Mg, @is

. 1
= logit (pu) — SHa1/02)w19
are both given in Algorithm 7 in Section 4.2.2. In summary

1
1+ exp (_Eq("]uj))

q(Vu;) is the Bernoulli ( ) probability mass function.

, 1
Eq (n;) = logit (pu) = S Haq1/o2) {w% (Nq@) © Kaga;) T C’i@))

—2pul, )ZT[y X(u( ZZ (“q (g ) (ﬁj')>]}

J'#7

obtained to be (4.26) of Section 4.2.2.

4.A.6 The g-Density of o2 with Laplace-Zero Priors

For Gaussian response, recalling that (2.47) in Section 2.5.3 to be

n—+1 1+1
2 Ta. 2

o2|rest ~ Inverse-Gamma y—1,60— X(v,08) - ZZ (Vujj)

then g (02) has an Inverse-Gamma (mq(03)7 )\q(gg)> density function. where

n+1
H"I(Ug) = 2
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and

de
1 ~ 2
Aa(2) = Ha(1/ac) + 5 {Hy — 1,60 — X(v,08) - sz(%juj) } : (4.42)

j=1

d.}

- Hy = Lo = X (y(y,) @ 1y3)) = D Zs (Hatrubaga)

7j=1

de
Cov, {y ~Lb- X (v,08) -2 (maﬁ} ] . (449)

Now note that, in (4.42), we have

Eq {Hy - 1n50 - 7,@ O, /3 ZZ 'Vu]u]

2

+tr

Recalling that the product density restriction in (4.5) in Section 4.2.1 to be

a (Bo.B.tin, . G, ) = a (o) (B) a(@)...q (@),

the the second term o (.43 becomes

tr [cqu{y 10— X (7, 8) - de.IZj <vujﬂj)}
- o () bl o, x (3,0} + S {2, 0
e o ()17} + e o, (1,08) 7+ S ed o 1) 2

Jj=1

do
= noz g, + tr{XTXCovq (’yﬁ © 6) } + Ztr{ZijCovq <%jﬁj> } (4.44)
j=1
Let us look at the second term of (4.44). Starting with Cov, <'y 5O B) . We define

Qq(—yﬁ) =Ly (%ﬂg) = Cov, (713) + Eq (’75) Ly (75) :
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Then

=900, © {Zy) + alia)} — {1 © e } {1 © i)}

and so the second term of (4.44) becomes

tr{ X" XCova (v, © 6) } = tf{XTX (*%(-,ﬂ) o {Zy3) + e | ) }

. T
—ff{X X i) @@ iy @@} [ @49
Next, let us look at the third term of (4.44). Starting with Cov, <%jﬁj> :

~ T T
Cov, ('Yujuj> = M) Zaa;) T Halg) Fatag) Haga;) — <“q(7uj)“q(ﬁj)> (“‘1(%3‘)“‘1(%)> '

and so the third term of (4.44) becomes
tr{ Z?ZjCOVq <’)/uj’lj]> }
= tr{Z;"FZj (Mq(wzq(ﬁj)) } tr

Z;Z; (Mq(wﬂ%@)) <#q(wuj)ﬂf(aj)>] : (4.46)

T T
Z,Z; {/’Lq(’Yuj)Mq(ﬁj)MQ(ﬁj) }]

—tr

Recalling from (4.35) that
Yy, = diag (Ug(ﬁj)>
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and from (2.8) note that
wz, = diagonal(Z? Z),

then the first term of (4.46) becomes

tr{ZJTZj (Nq(m)zq(ﬁj)) } = tr{diag (wz,) Koy diag ( T q(a, ) }
= [lq(,;) W7z, diagonal {diag (oﬁ(ﬂj))} = llg(1))W 7, o(a,)- (4.47)
The second term of (4.46) becomes
[Z Z; {:“q m)“q(uy)“’q(ug)}] = ()t [diag (wz,) {l”q(aj)ﬂqT(ﬁj)H
= lg(vay) wZ diagonal (uq uj)u:f(ﬁj)> = uq(m)wz (uq(uj) © Mg, )) . (4.48)

The third term of (4.46) becomes

T
T
tr{Z] Z] (MCI('Yuj)H'Q(’Ej)> (/’Lq(')’uj)l“l'q(ﬁj)) } - luCI(’Yu])'uCI(’Yu])wZ (l“l’q(u]) © l'l'q(’uj)> .

(4.49)

After obtaining (4.47)—(4.49), we have (4.46) equalling
tr {Z;Z]COVq (/yu]aj>} = Mq(wuj)ngo-g(’ljj) + /'Lq('Yuj)w,ZZ1j (“q(ﬁj) @ l‘l’q(ﬁJ)) - /’Lq('Yuj)

Xuq(m)wz (“q(ug) © ’“”q(u]))

T 2
itz [MCI('Yuj){UCI(ﬁj) + (1 - Mq(m)) (#q(aj) © Mq(aj)> }] : (4.50)

In summary, for Gaussian responses, the second term of (4.44) becomes (4.45), and
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the third term of (4.44) becomes (4.50), then we have (4.42) being

1 2
A(o2) = Ha(1/a) T §Hy ~ 1,6 - X (“ () © Ha( ) ZZ (Mq m)#q(ug)) H
d=1

—i—%nag(ﬂo) + %tr {XTX (Qq(‘m) ®© {Eq(,@) + uq(g)llqu(@} > }
5 X% {uy) i} oo O}

2
+3 Z [Mq (Vus) { T gy T (1 - ”q(wg‘)) (“q(ﬁj) © “q(ﬂj)> }] ’

which is given in (4.28) and Algorithm 7 in Section 4.2.2. Then jiq(1/52) = Kq(02) / Ag(o2)-
For 1 <i < n, if we define

de

wan = g = Luttq(ao) + X (o) © o) + 3 Z5 (ot Hoca)
j=1

in mean field variational Bayes, we have

de

X (ru’q('m) © K3 ) + ZZ (Uq wug)“’q(u])>

7=1

(Bq)i = Ha(so) +

%

For binary responses, 1 < i < n, if we define p,.) as an x 1 vector, recalling that the
full conditional distribution of auxiliary parameter ¢; in (2.70) of Appendix 2.B.6 to
be

Truncated-Normal, ((py()), - 1), i =1;
c;|rest ~

Truncated-Normal _((tty)),,1), % =0

where
(), = (s sy, =1
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using Result 1.7.1 and Result 1.7.2.
(x)
®(z)

In summary, for 1 <i <n,y; =1ory, =0, if define {'(x) =
(4.31) of Section 4.2.2 to be

, then we obtain

¢ ((2yi — 1) (pq)s) won). o
B (29 — 1) (1ay):) — (wao)i + (25 — 1)C'((2y; — 1) (wa0)s)

(Nq(c))i = <I‘l’q)i + (Qyi - 1)
equivalent to

Bae) = w20 + (29 — 1,) © ¢ ((2y — 1) © wao) . (4.51)

(4.51) is given in Algorithm 7 of Section 4.2.2 for binary responses.

4.A.7 The g-Density of a. with Laplace-Zero Priors

First note that
log {q (a.)} = E, {log (p (a-|rest))} + const.

Recalling that a.|rest in (2.48) of Section 2.5.3,

1 1
Eq {log (p (ac|rest))} = (=1 —1)log (a.) + aiEq <§ + 3_2) + const.
Therefore
q (a:) ~ Inverse-Gamma (K,q(ag), )\q(as)) ,
where

Raae) = 1, Ag(as) = Ha(/o2) + 1/57 and pig1/a.) = Kq(a) /Aa(ac)
given in (6.80), (4.30) and Algorithm 7 in Section 4.2.2.

4.A.8 The g-Density of b,; with Laplace-Zero Priors

First note that

log {q (bs;)} = Eq [log {p (bsy|rest) }| + const, 1< j <d,+d..
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Recalling that p(b,;|rest) in (2.71) of Appendix 2.B.8, we have

B

~ 2
3 1 ; 11
log {p (bsj|rest) } = -3 log (bsj) — {5% (%) + 5?] + const.
y)

Using Result 1.6.1, we have

q(bsj) ~ Inverse-Gaussian (Eq (%) ,1> :
J

Then the g-density means in (4.13) of Section 4.2.2 are obtained to be

~\2)1 V2
Ha(byg) = Fo (%_j\) - {Eq{@_i) }] —{aget) (£25) + )}

Therefore
T (B Do)

is a product of

—~1/2
Inverse-Gaussian ({ Ha(1/02) (”3(5’}) + 03@))} , 1) density functions

over 1 < j <d,+d,. If define wy, = “q(ﬁ) ® ,uq@) + diagnal (Eq@)) , then

(o) = [1aoset) {11y © paga) + ingmal (243)) 1] = (iyqugyore)

as given in Algorithm 7 of Section 4.2.2.

4.A.9 The g-Density of b,; with Laplace-Zero Priors

First note that

log {q (buj)} = Eq [log {p (buj|rest) }] + const, 1< j <d..
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Recalling that p(b,; |rest) in (2.72) of Appendix 2.B.9, we have

DO | —

O'uj

1
— const.
buj ] +

Using Result 1.6.1, we have

q (by;) ~ Inverse-Gaussian (Eq (ﬁ) ,1) :
U;

Recalling that (4.35) to be ¥5,) = diag ( T, ) , we have

{Covq @)}] .

2
u;

Eq ( Ouj ) :lu’ 1/0

tr {Cov, (u;)} =tr {diagonal (Eq(aj))} =tr {diagonal (diag (o’%ﬁj)>> } — 1T q('u,7)

HE u]

Note that

Then

2 -1/2

o ‘ﬁj -1/2
uj o
Eq ‘ﬁ = | Fa Ous {“q (1/02, [H”q(u)‘ + 1,0 q(u)]} :
j u,
O ~1/2
7o, then jiaw, ;) = Eq (‘ — ) - (“q(l/oij)w”>

U;

is given in Algorithm 7 of Section 4.2.2. Therefore

q (bul, . ,bu(d.>>

is a product of

—1/2
Inverse-Gaussian ({ Ha(1/02, {H,u,q(u]) + 1% KT (u )} } : 1) density functions
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over 1 < j < d,, obtained to be (4.21) in Section 4.2.2.

4.A.10 The g-Density of o2 with Laplace-Zero Priors

First note that
log {q (O’Z)} = k| [log {p (Ug‘rest) }] + const.

Recalling the result for o7 |rest in (2.39) of Section 2.5.3, we have

B

~T . -~
Eq {log (p (o2 |rest))} = (_M - 1) log (02) — aigEq <—5 diag(b,)5 1

2 2

Therefore
q (¢2) has an Inverse-Gamma (/4; a(03)7 Ma(o2 )> density function.
And note that
Py (B ding (6:) ) = sy ding (14, ) ty(p) + tr {log (1(,)) Zo(a) )
- p,qT(bﬁ)diagonal (”’q(ﬁ)“qT(B)) + uf(bﬁ)diagonal (Eq(ﬁ))

T

(o) {14(p) © ) + clingonal (25)) |-

We have
do+de +1

Fa(o2) = 2

and
1

M) = 540 {44(3) © () + lingonal (3y5)) } + i)
given in (4.14) and (4.15) of Section 4.2.2. Recalling that

wig = “’q(ﬁ) ® #’q(,@) + diagnal <Eq([§)>
in Appendix 4.A.8, then

1 T
Aa(a3) = Fa(1/as) T gHa(ns)@1s AN fgaod) = Kyoz) /[ Ay(o2)

given in Algorithm 7 in Section 4.2.2.
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4.A.11 The g-Density of a, with Laplace-Zero Priors

First note that
log {q (as)} = Eq [log {p (as|rest) }] + const.

Following the steps in Appendix 4.A.7, we have

q (az) has an Inverse-Gamma (/@ a( A (a@)> density function

(lﬁ)’ q
where
Fala) = b Ng(ag) = Ha(1jo2) T 1/85 a0 fia1/as) = K0,/ Ny ar)

are given in (4.16), (4.17) and Algorithm 7 of Section 4.2.2.

4.A.12 The g-Density of o2, with Laplace-Zero Priors

uj
First note that

log {q (02,)} = Eq [log {p (02;|rest) }] + const, 1< j <d..

Recalling that o7; |rest in (2.44) of Section 2.5.3, we have

2
K, +1 1 buj ||y 1
£ o 9 (o eest)) } = (55 1)t ) = oty | I
Note that
= |17 ? 2 4T 2
Eq (’ u; ) = H”’q(ﬁj) +1tr {EQ(TM)} - ‘ Fa;) || + 1KjUQ(ﬂj)'

Therefore

q (07,) has an Inverse-Gamma </<;q(02_) A (02_)> density function, 1 < j <d,,

ui) Ty
where

Kj+1

1 2 T _2
and A2y = SHatbu) (Hﬂq(aﬂ ‘ T 1Kj0q<aj>) T Ha(1/au;)

q (Jij) - uj
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are given in (4.22) and (4.23) of Section 4.2.2. Recalling that w;; = Huq(ﬁj)

in Appendix 4.A.9, we have

1

Aa(o2,) = Ha(1/au) + SHau)@rr and fgaoz ) = Ko,z /Ao

uj

given in Algorithm 7 in Section 4.2.2.

4.A.13 The g-Density of a,; with Laplace-Zero Priors

First note that

log {q (au;)} = Eq [log {p (ay;|rest) }] + const, 1< j<d..

Following the steps in Appendix 4.A.7, we have

2
T 2
RRILECH

2
uj

q (ay;) has an Inverse-Gamma (K(a, ), Aq(a,;)) density function

where

2
Faaw) = 1 Mtay) = Hy(1jo2,) + 1/80 a0 flg1/a,) = Fa(au)/ Mo

given in (4.24), (4.25) and Algorithm 7 of Section 4.2.2.
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4.B Marginal Log-Likelihood Expressions

A final aspect of Algorithm 7 is determination of good stopping criteria for the coor-
dinate ascent scheme. Asis common in the mean field variational Bayes literature we
monitor relative increases in the approximate marginal log-likelihood, also known
as the evidence lower bound, which is denote by logp (y; q) . Appendix 6.C contains
an explicit expression for the approximate marginal log-likelihood for the Section 2.4
models under product restrictions (4.5).

4.B.1 Marginal Log-Likelihood Approximation
For the Gaussian responses, the mean field variational Bayes approximate log-likelihood
is
logp (y;q) = logp (y;q,C) + E, [log {p (y}ﬁomg, B, 4,7, 03) H
+Eq [log {p (0z]a-) }] — Ej [log {a (o2) }]

+Eq [log p{(ac)}] — Eq [log q {(ac)}] (4.52)

For binary responses, the mean field variational Bayes approximate log-likelihood
is
logp (y;q) =logp (y;4,C) + £, [log {p (y|c) }]

+Eq |log {p (e|to. 7, 8.7, @) || - Exllog {a(e)}].  (4.59)

where

log p (59, C) = By log {p (80)}] — Eq [{a (50)}) + Eq [log {p (v,)}] — Eq [log {a (+,)}]
+Eq |og {3 (BIb,,02) }| = By [log {a (B) }| + Eq llog {# (b,)}] — Ey[log {a (b,)}
8y [log {p (o2]as) }] — By [log {a (02) }] + By llog {p (a,)}] ~ By [log {a (a,)}]
+Ey [log {p (7,,)}] — Eq [log {a (v,)}] + Eq [log {p (@|b., o3) }] — Eq [log {q (@)}]
+Eq [log {p (b,)}] — Eq log {a (bu)}] + Eq [log {p (02]au) }] = B, [log {a (¢) }]

+Eq [log {p (au)}] — Eq[log {q (a.)}]. (4.54)
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Here “C" signifies the fact that (4.54) is common to log p (y; q) expressions for both
Gaussian response case and binary response case.
Explicit expressions for logp (y; q) in each case can be obtained by simplifying

each of the g-density moment expressions. For example, the first term of (4.54) is

F, log {p (4)}] = — 5 los (2m) — S 10g (o3,) — 35y () /%,

1 1 2 2 2 2
= —5 log (27) — 5 log (05,) — 5 {“q(ﬁo) + a0} /%-

The second term of (4.54) is

1 1 1
—E} [log {q (80)}] = 5 log (27) + 5 log (o34)) + 5 Fa [(ﬁo ~ agon)” / 050]

1 1
=5 {log (27 + 1)} + 5 log (o5(4,)) -
The third term of (4.54) is

do+de

Ey [log {p (v,)} ZE {75108 (ps) + (1 = 75) log (1 — ps)}

dotde

—10git (02) 3 iy, + (da -+ o) log (1= p,).

The fourth term of (4.54) is

dotde

—F, [log {q (’)’B)}] = - Z Eq [log {q (7)}]

_ _d:ij.Eq [log { <uq<7ﬁj)>wﬁj (1 — Mq(W)) o H

2 198 (5(00) (1= ) 108 (1= s )|
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The fifth term of (4.54) is

oo (302} - 55 o o ()]
— df. [—%log (2m) — %Eq {log (67) } + %Eq {log (bs;)} — ;u (1/02) Ea ( ﬁjﬂ2):|

| dotde
1 1
:—§(do+d.)log(27r)—§(d + do) Eq {log (o }—l— ZE {log (bs;)

do+de
%Mq(l/"%) ; Ha(bsy) <’u§(51) + 03(51)) '
The sixth term of (4.54) is
£, oz {a (B) }] = 3 roe[2n= )| + 550 { (B me)) By (B 1e) |

og { 2m)+% 23|} + 510 |2y { (B~ ) (B ) )]

1
log { (2" ]2 . )} + 5t (L ia,)

1
2
1
2
110g‘2 ‘4— {(ds + do)log (27) + (do + da)} .

Using Result 1.6.2, the seventh term of (4.54) is

dotde

Ballog 9 ()] = 3 |10 5 ) - 26, (o <bﬁj>}_%Eq (1/0.)]

j=1

do+de

= — (do + ds)log (2 QZE{log )t — 5 H /'uq } ]

do+de do+de

:—(do—l—d){log( } ;Z{/M } QZEq{log(ij)}.
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The eighth term of (4.54) is

— B, [log {a (b,)}] = —2 {% log (27) — 5 E, {logs (b)) — { (bzbﬁj:;(@))) H
N _doié [——log(27r) a 3E {log (b bs; /ﬂ a(bg;)
by = 550 (1 bm’)}

- _ Z [—— log (27) — gEq {log (bs;)} — /{2'% } /,uq (bs5)
5 {1/ 1}}

_ Z [_% log (2) — gEq {log (bs)} — %]

J=1

— % (do +ds) {log (2m) + 1} + ;ZEq log (by;) -

j=1

The ninth term of (4.54) is

E, [log {p (aﬂaﬁ)}} =k [log{(l/aﬁ)l/2 /F ( ) — —log — 1/ o2 205 }}
= —% log (7) — %Eq {log (as)} — gE"' {log (Ug)} ~ Ho(1/as)Ha(1/02)-

The tenth term of (4.54) is

~Fu[og {a (7)) =~ [ (0 e 17105 (3 ) —lom {T (G 0.+ 1)) }
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The eleventh term of (4.54) is

Eylos (p (0} =, (102 | { 0/5) /7 (5 ) i feso (1 () )
_ _% log () — log (s5) — ;Eq 1108 (@)} = tg(1/0y) /52
The twelfth term of (4.54) is
~E, llog {0 (@)} =~ Ey [log { A0,y 052 exp (<A /) }]
=108 { A0, | + 20 {108 (@)} + Ay, g1/

The thirteenth term of (4.54) is

Eq [log {p (7.,)}]

g [Yuj {108 (pu) } + (1 — Yuy) log (1 — pu)]

.lma

de

= logit (p.) Z,uq(%j) + dJJog (1 —py) -

j=1
The fourteenth term of (4.54) is

de

—Eyllog{a(v)} = =) _E, {log {“ZZiuj) (1 B q(%ﬂ)l_MH

Jj=1

de

= _Z [Mq(w) log (”ﬂm)) + {1 B Mq(%j)}log <1 B 'uq(”w‘)ﬂ '

j=1
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The fifteenth term of (4.54) is

de

B, [log {p (@fb.0%)}] = 3 [—%Eq (108 | (27) S,

Jj=1

) - 3 {5 g )3}}
_ ——log (27) (ZK) ZKE {log (02,)} + ZKE {log (bu;) }
z oty (it P+ 1 o).

The sixteenth term of (4.54) is

—Ey [log {q (u)}]
- Z [ K;log (2m) + = ilog( (ﬁjk)) + %Eq { (’aj - Nq(ﬁj)>2® (aj - “q(ﬁj)) }]

T q(a))

:—{log(27r +1}ZK +3 Zilog< W)

7j=1 Jj=1k=1

The seventeenth term of (4.54) is

Fatos o) = 5 [L 06+ 01es (1) —rog {1 (2 1) )

J=1

- {% (K;+1) + 1} E, {log(by;)} — %Eq (1/buj)}

de
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The eighteenth term of (4.54) is

—Eq [log {q (bu)}] = —2 [—%log (27) — gEq {log (b))} — E, { (bus M;(bm) }]

=1 2bujbtg, ;)

de
3
Z [——log (27) — E {log (buj)} — 1/ {28tqwu,) } + 1/ Ha(buy)

j:

—

1
5 1/ +1}]

—-y {——log (2r) — 3E {log (buy)} — 1} _ %d. {log (27) + 1} + ;Eq {log (bu)}

]:

—

The nineteenth term of (4.54) is
Ey [log {p (o au) }]
_ ZE [log{ )" /r( )} S 1og (%)) -1/ (%aw)}

de

= ——d log (7 Z

Jj=1

By o (aus)} + 5 5 {log (%)} — a1 /auj)“q(l/ozj)]'

The twentieth term of (4.54) is
d.

—Eq flog {a (o3)}] = -3 _F, B (K5 + Dlog (A ) —log {F G s+ ”) }

Jj=1

_ {% (K;+1)+ 1} Ey {bg (Uij)} - )‘q("zj)/ggj]
:_%Z(KjJrl)lOg( > Zlog{ ( K+1))}

{; (K, +1) —|—1}E {log( u])} +u ( /qu>)\q(gij)] )
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The twenty-first term of (4.54) is
E,log{p(a,)} ZE [log{ 1/5,) /F ( )} - gEq {log (au;)} — Eq {1/ (aujsi)}]

:—%d.log( ) — de log (s4) ——ZE {log (au;)} 1/5 ZM( a )
J=1 N

The twenty-second term of (4.54) is

de

—E, [log{q (a.)}] =) [_ log (Aq(a.,)) + 2 {log (au;)} + )‘q(““ﬂ')“q(1/auj)] :

j=1

4.B.2 Collection of Logarithmic Moments of Variance Parameters

In this subsection we collect the contributions to log p (y; q, C) of each of the logarith-

mic g-density moments of variance parameters.

The E, {log (¢?) } Terms

1
The fifth term of (4.54) contains: -5 (do + do) Eq {log (c2) } .
| 3 )
The ninth term of (4.54) contains: —§Eq {log (c2) } .

1
The tenth term of (4.54) contains: {5 (do +dy +1) + 1} Eq{log (62)}.

Since |

S d+d) -2
g (dotde) =5
the E, {log (02) } contribution to logp (y; g, C) is zero.

1
+§(do+do+1)+1:0,

The E, {log (02,) } Terms, 1 < j < d,

de
1
The fifteenth term of (4.54) contains: —§ZK iEq {log (02,) }.
=1

de
3
The nineteenth term of (4.54) contains: _§ZEC' { log (Uzj)} .
j=1
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de
1
The twentieth term of (4.54) contains: Z {5 (K;+1)+ 1} Eqy{log (02,) }.
j=1

Since

1 3
i
2 2+

the E, {log (¢2,) } contributions to log p

(K;+1)+1=0,

~~ N =

y;q,C) are zero for each 1 < j < d,.

4.B.3 Collection of Logarithmic Moments of Variance Auxiliary Pa-

rameters

The E, {log (a;)} Terms

1
The ninth term of (4.54) contains: _§Eq {log (a,)} .

The eleventh term of (4.54) contains: —;Eq {log (as)} .
The twelfth term of (4.54) contains: 2E; {log (a,)} .

Since

1 3
)
S !

the E, {log (as)} contribution to log p (y; q, C) is zero.

The E, {log (a,;)} Terms, 1 < j < d,

d
1 (]
The nineteenth term of (4.54) contains: —3 E Eq{log (a.;)} .

Jj=1
3
The twenty-first term of (4.54) contains: _§ZE"I {log (ay;)}-
j=1
de
The twenty-second term of (4.54) contains: QZEq {log (@)} -
j=1
Since
B +2=0
2 2 ° 7

the E; {log (a,;)} contributions to log p (y; q, C) are zero for each 1 < j < d,.
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4.B.4 Collection of Logarithmic Moments of Laplace Auxiliary Pa-

rameters

The E, {log (bs;)} Terms, 1 < j < d, + d,

do+de
The fifth term of (4.54) contains: % Z Eq{log (bs)}-

j=1

do +do
The seventh term of (4.54) contains: —2 Z Eqy{log (bs;)} -

j=1

d.
3
The eighth term of (4.54) contains: §ZECI {log (bsj)} -

j=1

Since
! 2+3—0
2 2 7

the £, {log (bs;)} contributions to log p (y; q, C) are zero for each 1 < j < d, + d,.

The E, {log (b,;)} Terms, 1 < j < d,

do
1
The fifteenth term of (4.54) contains: 52}( ;i Eq{log (buj)} -

J=1

d
* 1
The seventeenth term of (4.54) contains: —Z { (5 (K, + 1)) + 1} Eq{log (by,)} .

Jj=1

3
The eighteenth term of (4.54) contains: §Eq {log (by;)} -

o {(hmen) )

the E, {log (b.;)} contributions to log p (y; q, C) are zero for each 1 < j < d,.

Since

4.B.5 Collection of Constants

The constant contributions to each of the terms of log p (y; q, C) are as follows:
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: 1 1 2
first -5 log (27) — 3 log (03,)  twelfth 0
second % {log (27 + 1)} thirteenth de log (1 — py)
third (do + ds) log (1 — py) fourteenth 0
fourth 0 -
our fifteenth ——log (27) (ZKJ)
j=1
1 d.
fifth —5 (do + du) log (27) sixteenth S {log(2m) + 1} ) K,
j=1
——dq {log (2) + 1}
1 de
sixth 2 {(do + d.)log (27) seventeenth ——log (2) ZK f
+ (do + do)} j:l
do 1
—Zlog {F (5 (K + 1)) }
j=1
1 ) 1
seventh — (d, + d.) {log (2) + 5} eighteenth §d. {log (27) + 1}
. 1 . 1
eighth B (do +ds) {log (2m) + 1}  nineteenth _§d° log ()
1 & 1
ninth ~5 log () twentieth ; log {F (5 (K, + 1)) }
1 . 1
tenth log {F (§ (do + de + 1)) } twenty-first _§d° log (m) — de log (s4)
1
eleventh ~5 log () — log (s4) twenty-second 0

Table 4.5: Constants that do not depend on any g-density parameters of (4.54), denoted

as const;.
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Therefore
logp (y;q,C)
do-+d
= const; — = {Nq(ﬁo + 0360} /050 + S 1og (075)) + logit(ps) D 1t (187)
7=1
do-+d

=22 Yo () + (1= g ) 108 (1= 1)

do-+ds
1 2

~gha(1/mt) 2 Faln) (“i(ﬁj) * "q(@)) * % log ‘Eq(ﬁ)’

J=1

d+d

-5 Z {1/ 051} = Haasonypatiey = 5 o+ o )10 (Ay)

(13 No(o2)  Ha(rsas) /55 Moo ) ~ 108 { M)}

= (i 198 (o)) * {1 = ey o8 (1= )]

de
+1Ogit(pu)z:ﬂq(7uj) Zﬂq (1/02,)Ha(b,;) (H“’q (u;) H + 1 ( ))
%22108; (Uj(ﬁjk)) - %; {1/ vy} — ;Mq(l/%j)”q(l/agj)
d de d
300 (K + 1)log (A2 )) + Zuq(l/aij)%(gg]) ~ (1/s2) Z“q(l/aw)
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For Gaussian response, the second term of (4.52) is
Eq [1Og {p (y|507 Vs 157 ﬂ’a Yus Ug) }]

= —%nlog (2m) — %nEq {log (o2) }

1

T2t(1/er) {Hy L - X (v, @8) - ji;Zj ) 2} |

The third term of (4.52) is
B, [log {p (02|a.) }] = &, {log {1/a)"* /L1y - Dog (o2) - 1/ (agas)]
1 1 3 2
= _§Eq {log (ac)} — B} log () — §Eq {10g (‘75)} - Hq(l/as>ﬂq(l/ag)~
The fourth term of (4.52) is

—Eq [log{q(02)}] =~ E,

% (n + 1) log (Ageo2)) — log {F (% (n+ 1)) }]
_ {% (n+1)+ 1} Ey {log (02)} — Aq(a?)/"?]

_ _% (n +1)log (Ao2)) +log {F G (nt 1)> }

n {% (n+1)+ 1} Ey {log (02) } + Ha(o/2) {“qu/ag)

)}

de
t3Ea( [y 160 - X, 0 B+ 302, (s
j=1

The fifth term of (4.52) is

2

Ey [log {p (a.)}] = —% log () —log (s:) — gEq {log (a.)} — “q(l/ae)/sf'
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The sixth term of (4.52) is

—Eq [log{q(ac)}] = —log ()‘q(as)) +2Eq {log (a.)} + Aq(aawq (l/as)

Therefore, for Gaussian response, we have

logp (y;q)=logp (y;q,C) + E; [log {p (ylﬁo, AT 03) }]
+E, [log {p (0Z]ac) }] — Eq [log {q (07) }]
+Eq [log {p (a:)}] — Eq [log {q (ac)}]

1 1
=logp (y;9,C) — Enlog (2m) — §nEq {log (c2) }

I}

—%Eq {log (ac)} — %log (m) — §Eq {log (US)} - 'uq(l/ag)uq(l/ag)

gyl x () - 5220

_% (n + 1) log (Aqo2)) + log {F (% (n+ 1)) }

T {% (n+1)+ 1}Eq {log (‘752)} +/’Lq(1/o,g)'uq(]./ae)

de
3oy B =00~ X0, 08+
j=1

22>

—% log (m) — log (s.) — ;Eq {log (ac)} — Mq(l/ae) /88

—log ()‘q(as)) +2E; {log (a)} + )‘q(as):“q (1/(15)

1
=logp(y:9,C) — 5 (n +1)1og (Ag(o2))

—Mq(l/%) /Sg —log (Aga.)) + )‘q(ae)ﬂq<1/as) + consty.

where const; are constants that do not depend on any g-density parameters.
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In the binary response case, recalling that (4.53) to be

logp (y;q) =logp (y;9,C) + E [log {p (y|c) }]

+E, [log {p <C|50» Vs B, T ﬁ) }]

and recalling that

p(yle) = [[1(ei = 0" 1(c < 0)'

then the second term of (4.53) becomes

n

Eqy [log {p (y[e)}] =D (i log {I(ci = 0)}] + (1 — )

=1

The third term of (4.53) is
Ey [1og {p (¢]f0,7.B. 7., @) }]

2

Recalling that

log {q (e)} = — log(2m) + >

+(1 —yi)log {I(c; <0)} = (1 —wi)log {@(—m)}]

1
_EHC_]-nﬁO_ 756/6 ZZ ’7uyu]

where
de

n 1
= ——log(2m) — §Eq (Hc — 1,60 — X(v, @B ZZ Vuj ;)

— Eq[log {q (c)}],

Eq flog {1(c; < 0)}])-

yilog{I(c; > 0)} — y;log {®(n,)}

0" = Luttaiso + X (o) © Py + D Zi (gt o))

=1
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then the fourth term of (4.53) becomes

~ By log {a()}] = 5 log(2m) — 3 (yE [{I(e = 0)}) + (1 — ) By [{I(c: < 0))]

=1

—yi g [log {®(n)}] — (1 — i) Eq [log {q)(—n?)}])

1
+§Eq (Hc - ]-nﬁ() - '7[3 © IB ZZ VUJUJ

logp (y;q) = logp (y;9,C) +Z(yz [log {1(ci = 0)}] + (1 — y;) Eq [log {1(c; < O)H)

)

Therefore, for binary response, we have

_g log(27) — %Eq <Hc — 1,60 — 'yﬂ ® ,8 ZZ Vuj W)
+g log(2m) = (yiEq [{1(ci = 0)}] + (1 —wi) By [{1(c;: < 0)}]

=1

—yiEy log {@(n)}] — (1 — i) g [log {‘1)(—"7?)}]>

de
1
+§Eq (HC - ]-nﬁO - 7[3 © /6 ZZ] P)/ufu'j
7=1

)

=logp(y;q,C) +Z<yz log {®(n})}] + (1 — ;) E, [log{—<b(—n?)}]>
= logp (y;9,C) + ) _log {® ((2y; — 1))}

=logp(y;9,C) + ilog{q) {(2% —1) <1nﬂq(ﬂo) +X (’“”q(va) © /"l’q(B))

i=1

+izj (oo o)) ] }

=1
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Chapter 5

Simulation Studies

Declaration  The figures and results presented in this chapter are presented in the
paper Bayesian Generalized Additive Model Selection Including a Fast Variational Option
(He and Wand 2024). I certify that this publication was a direct result of my research
towards this PhD, under the supervision of my principal supervisor Prof Matt Wand,
and the reproduction in this thesis does not breach any copyright regulations.
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5.1 Introduction

We have mainly focussed on the usefulness of the presented model selection tool, in
the context of generalized additive models (GAM), which is a quite popular fitting
procedure, and that comes with a friendly computational interface in the form of
R package gamselBayes for the Laplace-Zero prior described in Chapter 2 and 4.
Our goal is to arrive at a default algorithm and R package that is both scalable and
possesses good three-category classification performance, whereby each predictor is
determined to have either a zero effect, a linear effect or a non-linear effect.

For Gaussian and binary responses generalized additive model selection, we de-
scribe Markov chain Monte Carlo (MCMC) approach in Chapter 2 and mean field
variational Bayes (MFVB) approach in Chapter 4. By imposing sparseness-inducing
priors on the coefficients, the construction of the graphical model structure and the
use of group absolute shrinkage and selection operator priors, ensures that the full
conditionals belong to known parametric families of distributions and hence allows
the implementation of MCMC in a Gibbsian setting. Our scalability goals benefit
greatly from Gibbsian full conditional distributions. Exploration of the orthogo-
nality advantages of Demmler-Reinsch spline bases and closed form expressions of
the MFVB also imply that MFVB has a non-negligible computational advantage and
thus it is convenient for inference in applications involving big data sets.

We demonstrate Algorithm 2 in Section 2.5.3 for the MCMC approach and Algo-
rithm 7 in Section 4.2.2 for the MFVB approach, using these two different approaches
to approximate the posterior distributions associated to the nodes of the directed
acyclic graph in Figure 2.1 and 2.2 that represents the Bayesian model in (2.28). Cat-
egorization proceeds through a Bayesian graphical model whereby the effect of each
predictor is categorised as being linear, or a non-linear or zero. We implement both
approaches and optimise with regards to default choices of the thresholding param-
eter 7, in a fully documented and performant R package gamselBayes that is com-
pletely automatic, ready-to-use and publicly available on CRAN page. To improve
the computational speed, our implementation used the Rcpp interface (Eddelbuettel
and Francois, 2011) to the C++ language. We also develop a vignette (available on
the CRAN page) to explain the usage of the package routines in simple settings. We
evaluate both MCMC and MFVB approaches to perform meaningful “zero effect",
“linear effect" and “non-linear effect" variable selection in this chapter.

There are other R packages concerned with generalized additive model analysis.
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Some of them also apply LASSO-type approach. For example, such packages are
BayesX (Umlauf et al., 2022b), bamlss (Umlauf et al., 2022a) and bmrs (Biirkner,
2022).

We describe the simulation study to corroborate the performance of our pro-
posed Bayesian model selection approaches as compared to the frequentist approach
of Chouldechova and Hastie (2015) accompanied with R package gamsel and a
Bayesian approach of Scheipl et al. (2012) accompanied with R package spikeSlabGAM.
Our main comparative performance measures are misclassification rate and compu-
tational time taken in seconds, described in Section 5.2.2 and Section 5.2.3 respec-
tively.

We also explore how the computational time of our two proposed GAM selection
approaches (MCMC and MFVB) scale with sample size and the number of predictors
in Section 5.3, which shows the real benefit of the variational approach.

In (2.28), a set of default values are chose for the model hyperparameters. The
sensitivity of the misclassification rate for the two proposed approaches (MCMC
and MFVB) are assessed against a set of different hyperparameter values, given in
Section 5.4. The simulation study in this section shows low sensitivity to the Half
Cauchy distribution scale hyperparameter values.

In Section 5.2, we conducted a simulation study for classification performance
comparison in terms of accuracy and speed, among our MCMC given in Algorithm
2 as described in Chapter 2, our MFVB given in Algorithm 7 as described in Chapter
4 and the default version of the spikeSlabGAM described in Section 5.2.1, for the
three-category GAM selection on Gaussian and binary responses. The data were
generated with 30 continuous predictors, 10 having “true" linear effects, 10 having
“true" non-linear effects and 10 having “true" zero effects. The sample size varied
as n € {500, 1000, 2000} . The error standard deviation varied as 0. € {0.25,0.5, 1,2}
for Gaussian responses. For each combination of sample size and error standard

deviation, we ran simulation on 100 independently generated data sets.

5.2 Comparative Performance

In this section, we describe a simulation study that compares the classification per-
formance, measured by misclassification rate and computational time taken in sec-
onds, of our two proposed approaches MCMC and MFVB, with other alternative
existing approaches in the three-category generalized additive model selection.
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5.2.1 Introduction of Other R packages for Model Selection

The other approaches with R packages used in this section for comparison are:

1. spikeSlabGAM (Scheipl et al., 2012) is a Bayesian approach. According to Scheipl
(2011), spikeSlabGAM uses blockwise Gibbs sampling for Gaussian response
models. However, non-Gaussian responses require Metropolis-Hasting sam-

pling.

2. gamsel (Chouldechova and Hastie, 2022) implements the frequentist approach
described in Chouldechova and Hastie (2015).

For binary responses, spikeSlabGAM and gamsel approaches, the logit link function
is used, in contrast to the probit link function employed by Algorithm 2 and Algo-
rithm 7. As a result, it is necessary to apply the corresponding inverse link function
to generate binary response data appropriately in this simulation study.

For spikeSlabGAM, we used the default version of the spikeS1abGAM () func-
tion. For the linear components, the form of the prior distributions imposed on the
coefficients by spikeSlabGAM is

p(B1]os. p) = eXp{_ﬁf)/l/(fag)} L opdew |5/ {21/(2%%) } (5.1)

(2703 {27 (voo,)"}

where vy < 1,1 < j < d, + do, with vy = 0.00025, replaced (2.9) of Section 2.3.4
for our MCMC approach. The “slab" of (2.9) refers to a Laplace density function,
compared to the “'slab" of (5.1) referring to a Gaussian density function. The “spike"
of (2.9) refers to the point mass at zero compared to the “spike" of (5.1) referring to
a N(0,0.00025%) mass. Therefore, (5.1) is an alternative to the “spike-and-slab" prior
used in (2.9).

For the spline components, an extension of (5.1) is the alternative to (2.17) of
Section 2.3.5 for our MFVB approach. Figure 1 of Scheipl (2011) demonstrates the
normal mixture of Inverse Gammas with parameter expansion.

For the gamsel package, the main function is cv.gamsel (), which uses a reg-
ularization path approach. The user obtains a family of generalized additive model
fits over a grid of regularization parameter values. To choose a single model, find-
ing the global minima of cross-validation mean function is needed, which requires a

lot of manual adjustment to the regularization parameter grids. This process is not
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automated in the current version of gamsel. It should be possible to automate this
process through extra coding beyond what provided in the current gamsel.

In our experiments, we found if using cv.gamsel () to obtain default regular-
ization grid, the shape of the cross-validation mean function is often being mono-
tonic rather than U-shaped. Therefore it does not lead to very good three-category
classification performance.

To avoid this default grid problem of gamsel and aim for good three-category
classification performance, we tried various choices provided by gamsel to mini-
mize a k-fold cross-validation function over the grid. We found that a geometric se-
quence of size 50 between 0.01 and 2 often leads to U-shaped cross-validation mean
functions. Therefore, this regularization grid with 10-fold cross-validation for model
selection is used throughout our comparative performance in this section.

We consider two cross-validation-based choices:

1. The regularization parameter matching the absolute minimum of the mean val-

ues.

2. The largest regularization parameter value with mean minus one standard de-

viation below the absolute minimum.

After running the simulation study, we found the gamsel approach has a tendency to
choose larger models which leads to higher misclassification rate for three-category
classification than the other approaches. Therefore, we exclude the gamsel approach
for the upcoming performance comparisons with graphical summaries in Section
5.2.2and 5.2.3.

5.2.2 Performance Comparison by Misclassification Rate

Figure 5.1 in this subsection, compares misclassification rates for Gaussian responses
of generalized additive model selection, for our MCMC approach described in Chap-
ter 2 as Algorithm 2, our MFVB approach described in Chapter 4 as Algorithm 7,
with the default version of spikeSlabGAM described in Section 5.2.1.

The settings of the number of continuous predictors d,, sample size n, error stan-
dard deviations o, are as in (2.58). The threshold parameter 7 is set to be 0.5 as
described in Section 2.6.3. The generation of data sets and design of simulation are
as (2.55), (2.56) and (2.57) in Section 2.6.3.
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Figure 5.1 shows that, for the lower noise level situations with error standard de-
viation 0. € {0.25,0.5, 1}, the classification performance of these 3 methods is simi-
lar. For the higher noise level situation with error standard deviation 0. € {1, 2}, the
fast option approach of Algorithm 7 demonstrates lower accuracy with higher mis-
classification rate. The price of lower accuracy in classification performance needs to
be mitigated against computational run time taken in seconds, described in Section
5.2.3.
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Figure 5.1: Side-by-side boxplots of the misclassification rates for the comparative performance sim-
ulation study described in the text in the case of the response variable being Gaussian. Each panel
corresponds to a different combination of sample size and error standard deviation. Within each panel,
the side-by-side boxplots compare misclassification rate across each of three methods: spikeSlabGAM
with default settings (sSG), Algorithm 2 (Alg.2) and Algorithm 7 (Alg.7).

Figure 5.2 in this subsection compares the misclassification rates for binary re-
sponses, for our MCMC approach described in Chapter 2 as Algorithm 2, our MFVB
approach described in Chapter 4 as Algorithm 7, with the default version of spikeSlab
-GAM described in Section 5.2.1.
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The settings of the number of continuous predictors d,, sample size n are as in
(2.58). Threshold parameter 7 is set to be 0.1 as described in Section 4.3.3. The gener-
ation of data sets and design of simulation are described by (2.55), (2.56) and (2.57)
in Section 2.6.3.

Figure 5.2 shows that our Algorithm 2 and Algorithm 7 has better three-category
classification performance, compared with spikeSlabGAM for the binary response

simulation study:.
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Figure 5.2: Side-by-side boxplots of the misclassification rates for the comparative performance sim-
ulation study described in the text in the case of the response variable being binary. Each panel
corresponds to a different sample size. Within each panel, the side-by-side boxplots compare misclas-
sification rate across each of three methods: spikeSIabGAM with default settings (sSG), Algorithm 2
(Alg.2) and Algorithm 7 (Alg.7).

5.2.3 Performance Comparison by Computational Time

In this subsection, we show the computing time in seconds for the four methods, our
MCMC approach described by Algorithm 2, our MFVB approach described by Al-
gorithm 7, compared with gamsel and spikeSlabGAM as described in Section 5.2.1.
Table 5.1 shows the elapsed times in seconds. The laptop that we used for sim-
ulation study is a MacBook Air laptop computer with 16 gigabytes of memory and
a 3.2 gigahertz processor. Algorithm 2 and Algorithm 7 were implemented in the R
package gamselBayes using the Rcpp interface (Eddelbuettel and Frangois, 2011) to
the C++ language, with the use of Rcpp package and RcppArmadillo package in R for
coding, to improve the computational speed. Also, the sufficient statistics described

in Section 2.5.1 offers computational speed-ups for our Algorithm 2 and Algorithm
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gamsel spikeSlabGAM  Algorithm 2 Algorithm 7

10th percentile 3.69 84.9 1.78 0.326
50th percentile 8.12 167.0 2.14 0.466
90th percentile 17.50 339.0 3.03 0.768

Table 5.1: 10th, 50th and 90th percentiles for the number of seconds required for each generalized
additive model selection approach across all settings and replications for the comparative performance
simulation study.

7. The Markov chain Monte Carlo samples size values corresponding to the default
of spikeSlabGAM and gamselBayes are 1,500 and 2,000 respectively.

Table 5.1 lists the 10th, 50th and 90th percentile number of seconds took for each
approach across all settings and replications. Even though spikeSlabGAM can be
seen to have a very good classification performance from Figure 5.1 of Section 5.2.2,
Table 5.1 in this subsection shows that spikeSlabGAM is comparatively slow and
does not scale well to large data sets. Our MCMC approach as Algorithm 2 took less
than 3 seconds for 90 percent of the fits in the simulation study. Our faster option
MFVB as Algorithm 7, only required less than a second of computing time for most
of the fits. Therefore, our new approaches with in R package gamselBayes scale well
to large data sets for the generalized additive model selection problem.

The impact of sample size and number of predictors on computing times for our
approaches as Algorithm 2 and Algorithm 7 will be described in Section 5.3.

5.3 Detailed Computing Time Results

The computational dimension is crucial as illustrated by the large algorithms. In
this section, we present the results of simulation studies that convey an idea of the
computational budget required to implement our MCMC and MFVB approaches in
our R package gamselBayes.
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5.3.1 Assessment of the Effect of Sample Size

We looked into the computational time versus sample size, as our first detailed com-

putational time simulation study in this subsection, with the settings

10 continuous predictors,
5.2)
Sample size n = 10* with k = 2,3, 4, 5,6,

We generated the data in a manner similar to that for the simulation studies de-
scribed in (2.56) of Section 2.6.3.

Threshold parameter 7 was set to be 0.5 as described in Section 2.6.3 for Algo-
rithm 2 and 7 was set to be 0.1 as described in Section 4.3.3 for Algorithm 7. To aid
visualization the log,, transformation was applied to both the number of seconds
and sample size.

Figure 5.3 shows the comparison with computational time of seconds and sam-
ple size both in logarithmic form, using the side-by-side box plots, for Gaussian and
binary responses of our MCMC approach as given by Algorithm 2 and our MFVB
approach as given by Algorithm 7. The relationship between mean logarithmic com-
putational time and sample size is shown to be a linear as power law such that the
power is close to 1. Therefore, mean computational time is roughly proportional to
the sample size.

For example, Figure 5.3 shows that, for sample size n = 10°, for binary responses,
our MCMC approach as Algorithm 2 took about 100 seconds, while our MFVB ap-
proach as Algorithm 7 took about 10 seconds. Therefore, our MFVB approach has
an approximately 10-fold reduction in computational time, compared to the MCMC

approach.

5.3.2 Assessment of the Effect of the Number of Candidate Predic-
tors
In this subsection we look into the computational time as a function of the number

of candidate predictors. We generated the data in a manner similar to that for the
simulation studies described in (2.56) of Section 2.6.3, with the settings of sample
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Figure 5.3: Side-by-side boxplots of computing time in seconds versus sample size for generalized
additive model selection via Algorithm 2 and Algorithm 7, for the first simulation study described in
Section 5.3.1. Each axis uses a log, scale.

sizes and predictors to be

sample size n = 5000,
(5.3)
number of continuous predictors d, = 2¥ with k = 1,2,3,4,5,6.

Figure 5.4 shows results in similar way to Figure 5.3 in Section 5.3.1. To aid vi-
sualization, the log,, transformations is applied to the number of seconds and the
log, transformations is applied to the number of candidate predictors. Within each
panel, there is an approximate linear relationship with logarithmic scales. Within
each panel, the mean computing time is approximately proportional to df, with x
within the interval (1.2,1.5) , dependent on the combination of response distribution
and fitting algorithm.
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Figure 5.4: Side-by-side boxplots of computing time in seconds versus number of candidate predictors
for generalized additive model selection via Algorithm 2 and Algorithm 7, for the second simulation
study described in Section 5.3.2. The horizontal axis uses a logy scale and the vertical axis uses a
log, scale.

5.4 Hyperparameter Sensitivity Checks

Figure 5.5 and Figure 5.6 show the effects of the scale hyperparameters s, sc and s,
on the misclassification rates. The scale hyperparameters are for the Half Cauchy
prior distributions in model (2.28). The scale hyperparameters range over the set of
{10": k =1,2,3,4}.

The setting of this simulation study is the same as the one for choice of threshold
parameter 7 in (2.55), (2.56) and (2.57), with 7 being 0.5 as our recommended default
value for MCMC described in Section 2.6.3 and 7 being 0.1 for MFVB described in
Section 4.3.3.

Figure 5.5 and Figure 5.6 show that Algorithm 2 and Algorithm 7 are both not
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sensitive to the Half Cauchy distribution scale hyperparameter values. In summary,
low sensitivity of misclassification rate to the Half Cauchy distribution scale hyper-

parameter values is apparent for each of our MCMC and MFVB approaches.
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Figure 5.5: Side-by-side boxplots for varying values of the Half Cauchy distribution scale hyperpa-
rameter for the Gaussian response version of Algorithm 2, for the first simulation study described in
Section 5.4.
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Figure 5.6: Side-by-side boxplots for varying values of the Half Cauchy distribution scale hyperpa-
rameter for the Gaussian response version of Algorithm 7, for the first simulation study described in

Section 5.4.
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Chapter 6

Extensions to Generalized
Additive Mixed Models

Selection

6.1 Introduction

In Chapter 2 and 4, we introduced the Laplace-Zero/Grouped Lasso-Zero priors for
generalized additive model selection using the Markov chain Monte Carlo (MCMC)
approach and the mean field variational Bayes (MFVB) approach as faster option. We
only have the fixed effects for both of the linear coefficients and spline coefficients
vector. Nowadays, many datasets have the form of grouped or hierarchical structure.
Such structure may come from repeated measurements of individuals over time,
such as students grouped within classrooms and schools, gene data of individuals,
linked health records, house pricing grouped in suburbs and districts, or friends
grouped within networks in LinkedIn or Facebook. In biomedical applications it
is common for the groups to be subjects and the term longitudinal data analysis is
relevant. However, many other areas have similar types of data such as multilevel
data and panel data.

To meet this fundamental interest of grouped data and to best understand the
effects of predictors of grouped data, we introduce a groupswise random effect into
the Bayesian generalized mixed model.

In this chapter, we introduce a random intercepts vector denoted as U vector, as
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described in Section 6.4.2, and obtain the MCMC and MFVB algorithms for variable
selection for generalized additive mixed models (GAMM).

Data standardization for GAMM in this chapter is similar to the one for gener-
alized additive model (GAM) in Section 2.2.2. To implement practical fitting algo-
rithms for MCMC, similar to Section 2.4.2, we use least absolute shrinkage and se-
lection operator (LASSO) ideas, the orthogonality advantages of Demmler-Reinsch
spline bases, and tailored auxiliary variable representations to set up the full model
described in Section 6.4.2 and work out the posterior distributions of each param-
eter in our full model described in Section 6.5.3. The posterior distributions are all
in standard forms for practical implementation. Therefore, as with MCMC in Chap-
ter 2 for GAM selection, the MCMC sampling for GAMM selection with random
intercept also reduces to Gibbs sampling. The MCMC fitting algorithm listing for
GAMM is given in Algorithm 9 in Section 6.5.3 for implementation into R. The suffi-
cient statistic matrices described in Section 6.5.1, similar to those in Section 2.5.1 for
GAM, offer computational speed-ups. Notation for fitting algorithms is described
in Section 6.5.2, similar to the one in Section 2.5.2 for GAM. Based on posterior dis-
tributions of MCMC, the model selection strategies and simulation studies for good
default value of threshold parameter for MCMC described in Section 6.7.

Since each of the full conditional distributions have standard forms for sample
drawing in MCMC described in Section 6.5.3 for GAMM selection, the mean field
variational Bayes g-densities are all closed forms. We introduced the product den-
sity restrictions on approximating density functions in Section 6.6.1. MFVB algo-
rithm for GAMM is given in Algorithm 10. We work out the marginal log-likelihood
approximation, which is useful for monitoring convergence, described in Section
6.6.3. The simulation study for good default value of threshold parameter for MFVB
is described in Section 6.7.

Our comparative performance measures by misclassification rate described in
Section 6.8.1. Application of real grouped data for GAMM selection using MCMC
and MFVB is described in Chapter 7.

Throughout Chapter 6, “rest" denotes the set of other random variables in model
(6.25).

The additive structure of generalized additive mixed model (GAMM) with ran-
dom intercept described in this chapter is given in Section 6.3. The independence
assumptions of GAMM is given in (6.25) for Gaussian responses and Section 6.4.3
for binary responses. The additive part uses splines for non-linear effects. The pre-
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dictors include binary predictors and continuous predictors. The number of binary
predictors is d,. The number of continuous predictors is d,.

For the generalized additive mixed model with random intercept described in
Section 6.2-6.6, the number of groups is m. The sample size in the i-th group is n;,
with 1 <4 < m. The response y isa N x 1 vector, with N = Z n;. The linear design

=1
matrix X isan X (d, + d,) matrix. The Z ; matrix containing the canonical Demmler-

Reinsch basis is a n x K; matrix, with 1 < j < d,, K; as the number of basis functions
for the j-th continuous predictor with default value of 12. Throughout this chapter,
y vector, X matrix and Z matrix are all fixed.

Our simulation study suggests a good default threshold value 7 as 0.5 for MCMC
and as 0.1 for MFVB given in Section 6.7.3. The data were generated with 30 con-
tinuous predictors, 10 having “true" linear effects, 10 having “true" non-linear effects
and 10 having “true" zero effects. The number of groups varied as m € {100, 200, 300} .
The number of observations within each group is fixed at m /10. The error standard
deviation varied as 0. € {0.25,0.5,1,2} . The threshold varied as 7 € {0.1,0.3,0.5,0.7,
0.9} . For each combination of number of groups and error standard deviation, we
ran simulation on 100 independently generated data sets.

In Section 6.8, we conducted a simulation study for classification performance
comparison in terms of accuracy for Gaussian and binary responses, among our
MCMC (Algorithm 9), our MFVB (Algorithm 10) and the default version of the
spikeSlabGAM described in Section 5.2.1. The data were generated with 30 contin-
uous predictors, 10 having “true" linear effects, 10 having “true" non-linear effects
and 10 having “true" zero effects. The number of groups varied as m € {100, 200, 300} .
The number of observations within each group is fixed at m /10. The error standard
deviation varied as 0. € {0.25,0.5, 1,2} for Gaussian responses. For each combina-
tion of sample size and error standard deviation, we ran simulation on 100 indepen-

dently generated data sets.
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6.2 Bayesian Gaussian Response Additive Mixed Model

Selection

6.2.1 The Original Input Data

The original input data are as follows:

(@5 ), 1<i<m
where, for each 1 < i < m,1 < j < n;, Z;* denotes a d, x 1 vector of predictors
that can only enter the model linear (e.g. bmary predictors) and Z{;* denotes a d, x
1 vector of continuous predictors that can enter the model either linearly or non-
linearly.

The number of groups is m and the number of observations within the ith group
is n;. Then, for example,

orig

y;;° is the jth response within the ith group.

6.2.2 Standardization of the Input Data for Fitting and Model Se-
lection
Same as Section 2.2.2 for GAM, standardization of the original input data for GAMM

is necessary. For fitting and model selection we replace the {7 by Z,;, = (275 — az) /ba

where

ng Uz

1 O ori: _ 1 O ori,

' =1 ’ j=1

with 1 < k < d, for predictors can only enter the model linearly, 1 <i <m,1 < j <

n;.
® orig

And we replace the 7}

by &, = (I — ¢z) /d. Where

® Ori. 1 ® Ori;
Z iy and d, = J — 12 (5 — cx)27 (6.2)

with 1 < k < d, for predictors can enter the model either linearly or non-linearly,
1<i<m,1<j<mn,
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For1 < i < m,1 < j < n,, this transformation of the original predictor data

implies that the transformed predictor data are centred in that
» %, =0, 1<k<d, and » &, =0 1<k<d.. (6.3)
j=1 j=1

For Gaussian response, 1 < ¢ < m,1 < j < n;, the response data for fitting and

model selection are made scale-free as follows:

g

ori; 1 ori 27ori
Yij = yijg/sya Sy = . — 12 (yz‘jg -y g)2
7 j=1

orig

is the sample standard deviation of the y;;*s.
For binary responses, the y;;s are not pre-processed and remain as values in {0, 1}.
Algorithm 8 in Section 6.5.1 provides the operational details of the standardiza-
tion process.
Throughout this thesis, we define, for each 1 <i < m,

Yi1

Y;

Yin;

6.3 Design Matrices and Auxiliary Variable Represen-

tations for Parameters

6.3.1 Generalized Additive Mixed Model Form for the Full Model

For Gaussian responses, we have ¢ (1) = p (referred to Section 1.10 for the choice
of g (-)). This is called the identity link. It directly models the mean of the response
without transformation. Here, g (-) is of the mean of y, with %ijk fixed, with 1 < i <
m,1<j<njand1 <k < do,andwithiijk fixed, with1 < i <m, 1 < j < n; and
1 <j<d..

Similar to Section 2.3.1 for generalized additive model, in this section for gener-
alized additive mixed model with random intercept, for response data y;;,1 < ¢ <
m,1 < j <ny, the generalized additive mixed models involve linear predictors hav-
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ing generic form
do de
Yij = o+ Ui + Z ﬁk%ijk + Z Jr (3.3”1@) (6.4)
k=1 k=1

for scalar parameters /i, ..., 84, and the f; are smooth real-valued functions over an
data, 1<i<m,1<j<n;l1<k<d,.
From (6.4), the detailed form of our generalized additive mixed full model is

interval containing the 7,

E(y;) = (B + Ui 1,, +Z{ w3 @wlk}+z{ Lo,Bk) © &}

+Z.{Z 1, uk) Zikl}
=1

dotde

Ly,
—50+U+Z{ n: Ok ®sz}+2{zliukl)®zikl}

=1

de

=06+ U;+ X8+ Zzikuk

k=1

=B+ Ui+ X; ('7;3 O] ,B) + Z.:Zik (Yurtr) (6.5)
o

where x,, is the following n; x 1 vector and denotes the k-th predictor that can only
enter the model linearly in the i-th group:

'%ilk
where 1 <i<m,1 <k <d,, (6.6)

Ko
.
ol

Il

'%inik
Z,, is the following n; x 1 vector and denotes the k-th continuous predictor in the
i-th group:
T
where 1 <i<m,1 <k <d,, (6.7)

e
o
Il

xin,-k

Z 1y is the following n; x 1 vector and denotes the I-th basis function of Demmler-
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Reinsch matrix Z;;, :

Zitke
Zw=| : |wherel<i<m,1<k<d,1<(<L,

Zinike

Z,;, is the following n; x Lj matrix, and Ly, is the number of columns in Z,;, for the

k-th continuous predictor in the i-th group:

Zitkl - ZilkLy
Z = N : where 1 <i<m,1 <k <d,, (6.8)

Zinikl s ZinikLk

X i is the following n, x 1 vector denotes the k-th binary/categorical and continuous

predictors in the i-th group:

Xitk
X = : wherel <i<m,1 <k <d,+d,,
Xinik

and for the ith group, the linear design matrix X is the following n; x (do + d,)

matrix:

o o ° °

Li1x - Tid, i1 -+ Liid,
X, = oL oL where 1 <i <m, (6.9)

o o [ [

Ling1 -+ Tingdo Lingl -+ Lingde
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X is the following N x (d, + d,) matrix, N = Z n;

i=1
B o o ° ° N
Ty11 T11de T111 -+ T1id,
(e} (e} [ ] [ ]
Tipi1 - Pingde Lingl -+ Tingde
o o [ ] [ ]
Ti1r -+ Liid, Ti11 -+ Liid
X = : :
(e} (e} [ ] [ ]
Tingt -+ Lingdo  Tingl -+ Tingde
o o [ ] [ ]
Tl - Tmide Tmil -+ Tmide
(e} o [ ] [ ]
B xmnml ce xmnmdo xmnml s xmnmd._

Let 3 be the (d, + d.) x 1 vector of corresponding fixed effects vector. From the
standardization of original input data described in Section 6.2.2 and (6.3), it offers

simplification to be

15X = 0 where N = an (6.10)

i=1
Z i, defined in (6.8), partners the y; and X, matrices in the sense that they all have

n; rows and correspond to data for the ith group, with 1 <1 < m. Note

Z;; = matrix containing the canonical Demmler-Reinsch basis for &,,, a n; x Ly
matrix, 1 <i<m,1 <k <d,;

L;, = the number of columns in Z;

U, = YupUi, Uy is the spline coefficients vector for matrix Z;;, a Lj x lvector,
1<k <d.;

Yur = auxiliary probability parameters for uy, a scalar ,1 < k < d,;

uj, = auxiliary parameters for u, a Ly x 1 vector ,1 < k <d,.

In (6.5), the definition of linear term coefficients vector 3, auxiliary probability pa-
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rameter vector 7y,, auxiliary parameter vector E, are the same as the ones in Section
2.3.1.
Throughout Chapter 6, y vector, X matrix and Z matrix are all fixed.

6.3.2 The Fixed Effects of Linear Design Matrix

The linear design matrix X is the following <an> X (do + do) matrix:

i=1
X
Xm
where, for each 1 < i < m, X; defined in (6.9).
In the linear design matrix X, the kth column of matrix X is the following N x 1

vector, with V = an
i=1

X, = : with1 <i<m,1<k<d,+d.. (6.11)

Xmlkl

L anmk ]

6.3.3 Canonical Demmler-Reinsch Basis Design Matrices

The construction of Z » matrix, with 1 < k < d,, containing the canonical Demmler-
Reinsch basis for the predictor data &, for generalized additive mixed model with

random intercept, is the same as the construction of matrix Z,,1 < j < d, for gen-
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eralized additive model selection in Section 2.3.3, described in Appendix 2.A. We

define Z « is the following (Zn,) x L; matrix:

i=1
Zikl - 2kl
Zinikl -+ Linika
Zikt - ZitkL,
Z, = : wherel <i<m,1 <k <d,, (6.12)
Zinikl cee ZznlkLk
Zmikl -+ ZmlkLy,
| Zmnmkl CIE Zmnkad. ]
m
and define x,, is the following (an) x 1 vector:
i=1
L1k
xlnlk
Ltk
T, = : withl1 <i<m,1<k<d,.
xinik
xmlk
L xmnmk’ h
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We will refer to the columns of Z . as the canonical Demmler-Reinsch basis for the

1,8. The Z matrix we construct according to Appendix 2.A satisfies:

Z;le = Zfa:k =0, and Z{Zk is a diagonal matrix, 1 <k <d,, N = an
1=1

(6.13)
Spline bases satisfying (6.13) are referred to as having a Demmler-Reinsch form.
We require a version of Z . for each set of 7,5, 1 < k < d,. Denote the canonical
Demmler-Reinsch basis matrices by

with Z , having dimension (Z nl-) x L. Let

=1

U, ...,Uyg

be the corresponding coefficient vectors, where u;, has dimension L; x 1.

6.3.4 Linear Term Coefficients with Auxiliary Variable Representa-

tions

Similar to Section 2.3.4 for GAM, we have the following for GAMM
B=~,08. (6.14)
Ek‘bgk, o5 ~ N (0,03/bgy) , bgr ~ Inverse-Gamma (1, %) , 1<k<d,+d,. (6.15)
v ~ Bernoulli (p,),1 < k < d, + d,. (6.16)

equivalent to

By, ~ Laplace-Zero (0,07, p;) ,1 < k < do + da. (6.17)

» Y B

The settings of scale and mixture parameters of 5,1 < k < d, + d, are the same as
(2.16).
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6.3.5 Spline Coefficient Vectors with Auxiliary Variable Represen-

tations

Similar to Section 2.3.5 for GAM, we have the following for GAMM
U = Yarty, 1<k <d,. (6.18)
Up|bur, 02, ~ N (0, (02/buk) I1,.) , buk % Inverse-Gamma (% (Ly + 1), %) . (6.19)
Yur ~ Bernoulli (p,),1 < k < d,. (6.20)
which is equivalent to
uy, ~ Laplace-Zero (O, aZkILk, pu) A<k <d,. (6.21)

The settings of scale and mixture parameters of u;,1 < k < d, are the similar to

(2.24) as following:

ind. ]- ing 1
O] tur % Inverse-Gamma (5, 1/auk> . aur ~ Inverse-Gamma (5, 1/s2),1 <k <d,.
(6.22)

6.3.6 Standard Deviation with Auxiliary Variable Representations

As in Section 2.3.6, we have settings for the standard deviation with auxiliary vari-

able representations the same as (2.26).

6.3.7 Scale and Mixture Parameters for Random Intercept with Aux-

iliary Variable Representations

In addition, in the generalized additive mixed model with random intercept for this
chapter, we have the scale and mixture parameters for the random intercept U with

auxiliary variable representation as follows:

1 1
ot lay ~ Inverse-Gamma <§, 1/ aU) and ay ~ Inverse-Gamma (5, 1/ 32U> . (6.23)
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6.4 Essence of the Bayesian Mixed Model

In this section we describe the Bayesian mixed model with random effect intercept.

6.4.1 The Likelihood of the Response

The likelihood of the response of our full model is:

yilﬁ()a Uia/éalyga ’17,1, s aﬁka Yuls -+ s Yude>s U? i’?\% <1n7j60 + anUZ + XZ (76 © 3)

de
+Zzz’k (Vur i) 70-§Ini> , 1<i<m. (6.24)
k=1

6.4.2 Gaussian Response Model Selection

For the Gaussian response case, based on the likelihood function in (6.24) given in
Section 6.4.1 and model description described in Section 6.3, the full model is:

3 ~ ~ 2
yi’ﬁOana757/677ula'"77d.7u17---7ud.705

de
k=1

Bo ~ N(0,0%,), o-|a. ~Inverse-Gamma(},1/a.), a. ~ Inverse-Gamma(3,1/s?2),
Ui|cr[2] ~ N(O,O'ZQJ) 1< <m,

oplavy ~ N (3,1/av) ,ay ~ Inverse-Gamma (3,1/s7,),

Yo ~ Bernoulli(p,), Ek‘ai, b ~ N(0, o2 /bar), 1<k <do+d,

bak s Inverse-Gamma(1, %), 1 <k<d,+d,

Vuk ™ Bernoulli(p,), 1<k <d,,
Wy, by ~ N (0, (02,/bu)I1,), bu, ~ Inverse-Gamma(3(Ly +1),3), 1 <k <d.,

o3|a, ~ Inverse-Gamma(3,1/a,), a, ~ Inverse-Gamma(3,1/s?),

o2 |aue = Inverse-Gamma(L, 1/a,1), au ~ Inverse-Gamma(3,1/s2), 1 <k < d..
(6.25)
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The full set of hyperparameters in model (6.25) is:

08, :105, Sp = Sc = sy = 5, = 1000, p,g:pu:%.

Figure 6.1 shows the directed acyclic graph corresponding to model (6.25). The open
circle U at the bottom of Figure 6.1 is the random intercept for each group. It is a
m x 1 vector. The mixed model terminology is due to the fact that model (6.25) is a
statistical model containing both fixed effects and random effects.

As in Section 2.4.2, the directed acyclic graph in Figure 6.1 is useful for the de-
termination of full conditional distributions of parameters for Markov chain Monte

Carlo fitting algorithms.

6.4.3 Binary Response Model Selection

For binary responses, below is the adjustment to our likelihood to model (6.25) de-
scribed in Section 6.4.2, with1 <i<m,1 < j < m,;:

yij|607 Ui7757/37’7u1> cee 7/yud.7’u’17 <o, Ug,

d.
~ Bernoulli | @ | o + U; + (Xz‘('>’5 ©B) + ZZZk(%kak)>
J

k=1
(6.26)
Similar to Section 2.4.3, we introduce an auxiliary random variables vector ¢ =
(c1,...,cm), withe; = (¢q,...,¢,),1 < i <m,such that
yi; =1 ifandonlyifc; >0, 1<i<m, 1<j<n,,
- (6.27)
and impose the following conditional distribution on ¢ = (cy,...,¢,),1 <i<m:
ci‘ﬂ()? Ui77g7/337u17 s 7ﬁ)/ud.7a17 cee 7ad.
de (6.28)

k=1
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Su

Sy (O—()

dy {Jf_, U

Figure 6.1: Directed acyclic graph representation of Bayesian model (6.25) for Gaussian response.
Random variables and vectors are shown as large open circles, with shading indicating to the observed
response data. The vector y = (Y15 > Ypmn,, ) is represented by a single shaded node. The small
closed circles are user-specified hyperparameters.

6.5 Posterior Distributions for Markov Chain Monte Carlo

Practical Fitting

As in Section 2.5.1, we use the sufficient statistic matrices described in Section 6.5.1
for Markov chain Monte Carlo fitting algorithms for generalized additive mixed
model selection. This aids computational speed-ups and scalability to large data
sets.

In order to implement the practical fitting algorithm of Markov chain Monte
Carlo, we need to work out the approximation of the posterior distributions of each
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Su OnaOna®

ay qu U

Figure 6.2: Directed acyclic graph representation of Bayesian model (6.26) to (6.28) for binary re-
sponse, adjustment to (6.25). This graph is the same as that shown in Figure 6.1 except for locations
near the response variables node. The new graph has the following modifications: (1) the o2 and a.
nodes are absent, (2) a hidden node c corresponding to the Albert-Chib auxiliary variables is added to
the position held by y in the Gaussian response graph and the binary response observed data node y
is a child of c.

parameter, as in Section 2.5.3. The full conditional distribution results are listed in
Section 6.5.3.

6.5.1 Pre-Processing and Storage of Key Matrices

For the same purpose as described in Section 2.5.1, Algorithm 8 in this subsection
provides detailed steps of standardization of the original grouped input data de-
scribed in Section 6.2.2, and also the storage of sufficient statistics matrices such as
X"y XTX. 2"y, Z"X,Z" Z for computational speed-ups .
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Algorithm 8: Pre-processing of original data and creation of key matrices for input
into Bayesian generalized additive mixed model algorithms.

Inputs: N = an Y5 (N x 1); &8 (N x 1),1 <k <do; 23* (N x1),1 <k <d,
=1

mean(y°8) «— sample mean of y°¢; st.dev(y®®) «— sample standard dev’'n of y°
If y* is continuous then y «— {y** — mean(y"*)1y}/st.dev(y™)

If y°¢ is binary then y «— y°

Fork=1,...,d.:

O orig 0 ori

mean(z; *)«— sample mean of Z%; st.dev(z;

mean(z; *)1y }/st.dev(z;®)

O orig

#)<— sample standard dev’'n of z;
wk « {Oorlg
Fork=1,...,d,:

orig ® orig

mean(Z; ®)«+— sample mean of &} ®; st.dev(&; *)«+— sample standard dev'n of &},

z), +— {Z,® — mean(Z; )1y }/st.dev(z]®)
X <_ [%1 ...%doil ...id.]
Fork=1,...,ds:
Z i <— N x Lj matrix containing canonical Demmler-Reinsch basis for the
data vector z,, predictor using the construction described in Appendix 2.A.

Z [21 . éd.} . XTy «— XTy; XTX «— XTX; ZTX +— 2ZTX; 2TZ +— 2" Z;

Outputs: y, X, Z Lr-ves Z 4v> XTy, XTX, ZTX, ZTZ, mean(y°¢), st.dev(y°),

{(mean(x}®),st.dev(z}®)) : 1 <k < do}, {(mean(x}®)),st.dev(z;®) : 1 < k < do}

6.5.2 Notation Used in the Fitting Algorithms

The notations used in Algorithm 9 and Algorithm 10 are similar to those used in
Section 2.5.2. With 1 < k, k¥’ < d,, we have
ZTY< =Z] kY
X = ZTx (6.29)
ZTZ%) = 777,
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to locate a particular row or a particular column of the sufficient statistic matrices
described in Section 6.5.1, with Z  described in (6.12). Their definition are similar to
the definitions of ZTy<j ), ZTXY), ZTZ97), with 1 < j < d, in Section 2.5.2. We have:

L;, = the number of columns in Zk, 1 <k <d,,

el ZTX*> = the (th row of ZTX~">, where e, is th L; x 1 vector with /(th entry 1

and 0 elsewhere, with 1 < ¢ < L,
k

¢ is the (dy + 1) x 1 vector with entries ¢; = 0 and ¢4 = ZLZ, 1<k<d,,
=1

ZTy'*) = the sub-block of ZTy corresponding to rows (c; + 1) to ¢z, 1 < k < d,,
ZTX* = the sub-block of ZTX corresponding to rows (¢, + 1) to cpp1,1 < k < d,
and ZTZ**" = the sub-block of ZTZ corresponding to rows (¢, + 1) to ¢z

and columns (¢, + 1) to (cxr41), 1 < k, k' < d,. (6.30)

With N = Z n;, we use notations yTladj, XTyad]- and ZTyad]- denoted to be:

=1

y’1y for Gaussian responses,

yT1ag = adjustment of yT1 =
c"1y for binary responses,

X"y for Gaussian responses,

XTyad]- = adjustment of XTy = . . (6.31)
X" ¢ for binary responses,

Z"y for Gaussian responses,

ZTyad]. = adjustment of ZTy = . .
Z" ¢ for binary responses.

6.5.3 Markov Chain Monte Carlo

For Gaussian response, based on the model in Section 6.4.2 and Figure 6.1, we pro-
vide full algorithmic details for Markov chain Monte Carlo-based Bayesian infer-
ence. Using Markov blanket theory, we obtain the full conditional distributions of

parameters, which are the posterior distributions, given in (6.32) — (6.48) in Section
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6.5.3, with derivation details given in Appendix 6.A. The results are:

() ((yT1> - i (WZ.)) 1

<1m +1) 1 & L1 ’
22T 5 22 T

Ug i=1 95, 03 i=1 T80

U, ‘rest

ng 1\ /1\.,
~ N ((‘752 + %> (0_52> Lo (yl — Luifo — Xi(v,©B) — Zzzk Vuk U )

Bo|rest ~ N (6.32)

A
(%+—2) ),1§iSm, (6.33)
O¢ i
m+1 U] 1
U?J‘rest x Inverse-Gamma | ———, —— + — |, (6.34)
2 2 ay
1 1
aU]rest ~ Inverse-Gamma (1, — + —2) , (6.35)
9o Su

2
B ¢

Blrest ~ N ( [% (v A7) © (XTX))} + %diag (bﬂ)} B (i)

Uil,, . .
v, @4 (XTy) - X" : _ Z (ZZX) (YurUr) P |
Unl k=t
1 T T L. -
Sl e (7)) + Sding (b ) (630
. . 7uk(.{)2k buk]-Lk -1
Uy |rest ~ N (dlag ( p + - )
Uil,, e
e 2y =200 (Z0X) (w0 B) - 3 (2D80) Q)

Ul K £k
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VukW g 1, \ *
diag Ze y burli, 1<k <d., (6.37)
o? o2,

1
1+ exp (—7p,)

Y8y ]rest ~ Bernoulli < ) 1<k <d,+d, where

Ul 1n1

5, = 1ogit(ps) — 2%2{52‘ \ H2 - 2§k(<5ffy) - X7

Unl

Nm

() {0 () ) - 55 (255 )}

(6.38)
and
. 1
%k]rest ~ Bernoulli ( ) .1 <k <d,, where
1 + exp(—"ur)
Nuk = logit(pu) — 902 (wgk (ﬁk ©O) ﬂk) — 2&:{Z{y
U11n1 de
u| | Exeen -S4 Wam}). 639)
U,l, K7k
If y contains Gaussian responses, with N = Z n;,
i=1
14N 1 1 Uil
o2 ‘rest ~ Inverse-Gamma +T, —+ 3 y—1y00 —
a€
Umlnm
de 2
X(7,08) =Y Zi(vutis) (6.40)
k=1

and

1 1
a€|rest ~ Inverse-Gamma <1, — + —) : (6.41)
g
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If y contains binary responses, then
yij’cij i:\d*- Bernoulli (I (Cij > 0)) s 1 < 1 < m, 1 S] < n;,

¢ij|rest ~ (2y;; — 1) Truncated-Normal

de
(2y;; — 1) llniﬁo +1,,U; + X; (’YB © ﬁ) + Zzik (’Yukﬁk)] o1
k=1 j

(6.42)
bs, |rest ~ Inverse-Gaussian (%, 1> , 1<k <d,+d, (6.43)
k
buk‘rest ~ Inverse-Gaussian (Hii”, 1) A<k <d,, (6.44)
Uy,
do+do+1 B diag(b,)8 1
[ [ ] 1
o’ |rest ~ Inverse-Gamma : BT, : (6.45)
2 2 Qg
1 1
aﬁ‘rest ~ Inverse-Gamma (1, — + —2> , (6.46)
Os  Ss
L+ 1 bylag? 1
aik‘rest ~ Inverse-Gamma ( k; , kH;kH + —) , 1<k <d,, (6.47)
Ay
1
auk‘rest ~ Inverse-Gamma (1, — —2> , 1<k <d,. (6.48)
Uuk Su

The full conditional distributions all have standard forms for practical implemen-
tation of the Markov chain Monte Carlo approach. These include Multivariate Nor-
mal, Inverse Gamma, Bernoulli and Beta distributions. Some full conditional dis-
tributions are Inverse Gaussian, Inverse Gamma, Bernoulli, Multivariate Normal,
Truncated Normal distributions. Michael et al. (1976) provides an algorithm for
drawing from Inverse Gaussian distributions. Robert (1995) provides effective so-
lutions for drawing from Truncated-Normal distributions. Therefore, the posterior
distributions for Markov chain Monte Carlo are fairly straightforward. The Markov
chain Monte Carlo sampling reduces to Gibbs sampling for our model.

Algorithm 9 in this subsection lists the full set of steps needed to draw samples
from the posterior distributions of the model parameters. The fact that most of the
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draws only require the sufficient statistic matrices from Algorithm 8 given in Section

6.5.1 means that the sampling can be done quite rapidly regardless of sample size.
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Algorithm 9: Markov chain Monte Carlo generation of samples from the posterior
distributions of the parameters in (6.25).

Data Inputs: N = > _n;, y (N x1); X (N x (do +da)); Z; (N x Lg), 1< k < du.
=1

Response Type Input: responseType € {Gaussian, Bernoulli} .
Sufficient Statistics Inputs: XTy, XTX, ZTy, ZTX, ZTZ.
Hyperparameter Inputs: og,, 55, s, su, su > 0, 0 < pg, py < 1.
Chain Length Inputs: N, and N, both positive integers.

~[0
Initialize: 77 «— 114 0710 «— L1 <k < do: B +— 04 sa,

TLLO] «—0p,,1 <k <d,; (a?)[o] +— 1; aLO] — 1; (Ug)[o} +— 1 ag]] «—1

bg)] < Laotds; bg?ll — L1I<k<dy;

% 1,1 <k <de (02)0 — 1,1 <k < da,

U e 01<i<m; e+ %1N
yTladj +—0; XTyadj «— XTy ; ZTyadj «— LTy

If responseType is Gaussian then Yadj < ¥

If responseType is Bernoulli then Yadj ¢ ¢

Fork=1,...,ds: wp diagonal (ZTZUfJf))

k

Forg=1,..., Nyam + Niept :

w1 — yTladj — i (niUi[gfl])

i=1

(N @ (1R) ) N (it )
Fori=1,...,m:

w3 <— lgi (yad]-) - niﬁ([)g} - (Xz'Tlm')T (7,[89_1] © B[g_”)

de
S (#)" ()
k=1

continued on a subsequent page . . .
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Algorithm 9 continued: This is a continuation of the description of this algorithm

that commences on a preceding page.

o (o 6207 (1 1)) 09 N (it

m+ 1 HU[Q]HQJr 1 )

21\ [9] -
(UU) +— Inverse Gamma( 5 ' 9 l9—1]

1 1
a9 < mverse-Gamma [ 1, ——— +
U o2 )[9] 52

1 (5l ) 0 (X1 / (02 ¢ g (81 / ()"

U1,
ws — XTyog; — | X7 : ZZTX ( la=11519 ”)
Ui,

Decompose Q = Ugqdiag (do) U where UUh =1

UL Ul (,y[g ”@w)

2~ NO,T)((do+do) x 1) ; B« Uq (

bg’] ~ Inverse-Gaussian Jég -1 B[g} , 1<k<d,+ds
k k

(Ug)[g} ~ Inverse-Gamma (;(do +de + 1), 1/a£39—1] I ;B[Q]Tdiag(bgg}),’é[gg

ap Inverse- Gamma( {1/(cH))} + 1/53)> BT — 'ng 1 @ﬁ[g}

Fork=1,...,d,: ““”%’yl[tgk % gcg 1

Fork=1,...,do+ ds :

U1[g] 1, .
o el XTygq X[ | 1| - (xmxe) | (8)
v,
de
= (ZTx<’“’>ek>Tu;;"

k=1
continued on a subsequent page . . .

+
Vdo do (o )[9 1]
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Algorithm 9 continued: This is a continuation of the description of this algorithm
that commences on a preceding page.

wr «— logit (ps) — % {( ][Cg})2 TXTXey, — 2ﬁ[9] }/ (052)[971]

( 7[69}) ~ Bernoulli (expit (w7))

/Bcurr « ,.Yg]] ® B[g] ; For k = 17 ceey d’ : ""]?:rr A U'ECg 1]

Fork=1,...,ds:

Ul[g] 1n1
<k> > . Curr [ 1] ~curr
ws +— ZTyy — 7] : — zTX* ZZTZ ) (515 ez
v, Kotk

wy ¢— {%“’k o / } {1, / (0201
z~N(,Ip,) ; uy™ «— ( /F) [uk hdg/{(.dg( )[g HH

curr

Fork=1,...,d,: ukg]<—u
Fork=1,...,d,:

bELg;]g ~ Inverse-Gaussian ( l9—1] / H ~lg]

)

(02 k)[g] ~ Inverse-Gamma ( (L, +1) {1/ Lo 1]} + ;Hﬁ%l‘rbﬂ)

o8] ~ Inverse-Garmma1, {1 / oY1 (1/:2))

Fork=1,...,ds: Vob ’yuk
Fork=1,...,ds:
Ul[glln1
win—ZTyey ~Zf | | —zTXVpe ZZTN ) (v
vl =

T
o —togittp) — 3 . (@0 a) 2 (a) ) / (02
k

74 ~ Bernoulli (expit (w11))

continued on a subsequent page . . .
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Algorithm 9 continued: This is a continuation of the description of this algorithm
that commences on a preceding page.

9]

Fork=1,...,de: 7y < Vo
Ul[g]lnl
w12 INB([)g} + : + X(’)’Eag] © ﬁ[g]) sz %kukg]
9]
m 17’Lm

If responseType is Gaussian then

(03)[9] ~ Inverse-Gamma < n+1), / l9— 1]) " %Hy B w12H2>

a[Eg} ~ Inverse-Gamma ( {1 / [g]} +(1 / Sg))

If responseType is Bernoulli then
(o2 —1
Fori=1,...,m
Forj=1,...,n;
wi3 «— Truncated-Normal, ((2y;; — 1)(wi2)ij, 1); cij <— (2yi5 — Dwis

yTlad]- +—17¢; XTyadj — XTe¢; ZTyadj — Z7¢; Yadj —c

Outputs: All chains after omission of the first N,.., values.




6.6 Mean Field Variational Bayes Model Selection 340

6.6 Mean Field Variational Bayes Model Selection

6.6.1 Product Density Restrictions

Consider the Bayesian inference for the parameters in (6.25). Similar to Section 4.2.1,
the essence of our mean field variational Bayes approach involves approximation of
the full joint posterior density function of the form

p(ﬂOa U77ﬁ7 /67 7u7 17’7 bﬁa O'ga aﬁa bu> o-qzu Qy, 0'527 @€|y)

~ q(/807 77@aﬂ 7u7’u’ bﬂa ﬁvaﬁubu>0- a7L7U2 aa)‘ (649)

(6.49) is subject to

2 ~ 2 2 2
q(ﬁ()? UJ 757 ﬁf)/w u, b[ﬂ 037 aﬁ7 bu7 O'u, Qy, ng CL€>

—q(ﬁo)q(U)q(%)q(ﬁ)cn('ru)q(ﬁ)q(bﬁ)q(ai)q(aa)q(bu)q(ai)q(au)q(af)q(ae)(. |
6.50

Therefore, the mean field approximation of the joint posterior density function of the

model parameters to (6.25) for Gaussian response is

p(ﬁﬂv 7757:3 7u7u bﬂv ﬁ7aﬂvbuaai>a’u70§7a€‘y)
~ q(Bo)a(U)a(v,)a(B)a(v.)a(@a(bs)a(0?)a(a,)a(b.)a(o?)a(a,)a(o?)a(a.)

~ q(o) (T2 (Ui} { T m} (8) {ITi atvue) } { Tt a@ie) §
< bﬁk}q (a) {TTies abn) | { T a(02) }

< {ITie 1q<auk>}q< 2)a(ac).
(6.51)

6.6.2 g-Densities Forms

Based on full conditional distributions of parameters for Markov chain Monte Carlo
given in Section 6.5.3, for the Gaussian and binary responses models, we obtain ¢-
density approximation of parameters for mean field variational Bayes in this subsec-

tion. Some examples of the resulting optimal g-density forms are:

q(Bo) has a N (fiq(s0) afl( 5,)) density function,
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q(U;) has a N (pqws), Uc2|(U¢)) density function, 1 <i <m,

o7 has an Inverse-Gamma (mq(g?}), )\q(UIQJ)) density function,
q(8) has a N(pqyp) 2qp)) density function,

q(ur) has a N (g, ), Xq@,)) density function, 1 <k <d.,

1
14 exp {Eq(nﬁk)}

q(vsk) has a Bernoulli ( > probability mass function,

1<k<d,+d.,

1
1 4-exp {EQ(??uk)}

q(Yur) has a Bernoulli ( ) probability mass function,

1<k <d.,

q(b,)is a product of Inverse-Gaussian (f1q(,,), 1) density functions,

1<k <ds+d,
q(b.) is a product of Inverse-Gaussian (j1q(,,), 1) denstiy functions,

1<k <d,,
q(0?) has an Inverse-Gamma k2, Aq(o2)) density function,
q(o2) has an Inverse-Gamma (ﬁq(og ) Aao? )> density function,
q(c2,) has an Inverse-Gamma </€q(gik), )‘q(aﬁk)) density function, 1 < k < d,.

(6.52)

The g-density approximations of parameters for mean field variational Bayes are
listed in (6.53)—(6.82), with derivation details given in Appendix 6.B. The results are:

q (Bo) has a N (iq(s,), 05s,)) density function, where

-1
“ 1

chl(ﬁo) - ((Z m) Hq(1/02) T+ g) ) (6.53)
=1 0
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Ha(Bo) = (o) Ha(1/o2) <1Zy - (ZnU>> : (6.54)
=1

q(U;) hasa N (pqw,), 05,)) density function, 1< <m, where

-1
2
Taui) = (an/o—z) + Mq(l/ag)) ) (6.55)
2 T T T
Ha(Us) = Tq(u;)Ha(1/o?) (yi Ly, = Niftgao) — (X5 Ln,) (Nq(w) © Nq(g))

de
- Z (Zzz/;lm)T (Mq(vuk)ﬂq(ak))) ) (6.56)

k=1

q (¢7) has an Inverse-Gamma </<a (o) q(a?,)) density function where
m+ 1
Fooz) =~ (6.57)

2 m
Moty = aor]| + 2t (6.58)

q (ay) has an Inverse-Gamma (nq(aU), )\q(aU)) density function where

Kq(ay) = 1, (6.59)

A(av) = Fa(1/02) + 1/3(2]7 (6.60)

q (B) hasa N (u,q(@, Eq(ﬁ)) density function where

() = diag {#y0,) © (1= by(o))  + ol B (6.61)
q(8) = {#q(l/@ [Qq(qﬁ) © (XTX)] + Ho(1/02)diag (uq(bﬁ)”i ) (6.62)
fq(r) Ln,
Ha(B) = Ha(1/2) 2(5) (“q(va) © (XTy -Xx :
Ha(U) L,

de T
_ Z (ZkX> (/’LCI(’Yuk)l'l’q(ﬁk)))> ) (6.63)

k=1
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q <b51, . ,bﬁ(do+d.>> is a product of

—1/2
Inverse-Gaussian ({ Ha(1/02) <u§(5k) + O'?‘(Ek))} , 1) density functions
over 1 <k <d, + d., The g-density means are

Ha(ba) = {“q(l/a§> (“3(@) + "5(@)) }_1/2> (6.64)

q (¢?) has an Inverse-Gamma ( %_; »y, A ( »\ ) density function where
’ a(e3)’ "a(o3) y

do + do

Fa(o3) = . 2—+ - (6.65)
1 T .

Aq(gg) = §Hq<bﬁ) {Nq(g) O] ,U:q(g) + diagonal (Zq(ﬁ)>} + ,uq(l/aﬁ), (6.66)

q (as) has an Inverse-Gamma (m a(as)’ A q(aﬂ)> density function where

Kq(a;;) = 1, (667)
Aq(ag) = Mq(l/a%) + 1/8?3, (6.68)

1
I +exp {_Eq (nﬁk)}
1<k<d,+d, where

q (7sk) is the Bernoulli ( ) probability mass function for each

. 1 Ld
Eq (1g,) = logit (p;) — §Mq(1/a§){ (Nz('gk) + Uj(gk)> Xi X,

Pa(uy)1n, de e U NT
_9 |:’UC|<BI@>{ng Xi : — Z ZZXk) (“q(vuk/)“q(ﬁk/))}
pawm o, |77
= (X0 {(10) , © (a0} }

q(u) hasa N (“q(ﬁk)a Eq(ﬂk)) density function where I < & < d.,
w; = diagonal(Z} Z,),

Y@, = diag (‘7 ﬁ(ak))
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= diag llLk / {Mqu/ogwq(wwik +Mq(1/ggk)ﬂq<buk>1Lk}] : (6.70)
Hawn) Ln
Fqgay) = Ha(1/02) <(NQ(7uk){Zzy - ZZ 5 - (ZiFX) (Hq(qﬁ) © Mq(@))
Ha(Um) L,
de
_ ZZ;}FZW (Nq("/uk/)ﬂq(ak,)> }) O] 0'5(1%)? (6.71)
K £k

q (bul, . ,bu(d.)) is a product of
. 2 T 92 —1/2 . .
Inverse-Gaussian { Ha(1/02,) [”uq(ﬂk) || +1 Lkaq(ak)} } ,1 | density functions

over 1 <k < d,. The g-density means are

— 2 T 2 -1/2
Ha(bar) = {“q(l/azk) [H“q(ak)H + 1Lk‘7q<ak)}} : (6.72)
q (2;,) has an Inverse-Gamma <l€q(02k), )\q<02k)> density function, 1 <k < d,, where
Lip+1
Fa(o2) =~ 2 (6.73)
1 2 T _2
Ma(02,) = ZHatbur) (Hﬂq(aw” + 1Lk°’q<ak>> + Ha(1/au) s (6.74)

q (aux) has an Inverse-Gamma (mq(auk), /\q(auk)) density function, 1 <k < d,, where

Fa(o2,) = 1y (6.75)
_ 2
Ag(o2,) = Ha(102,) + 1/ 50 (6.76)
and

1
1+ exp (_ECI (nuk»

q(Yuk) is the Bernoulli ( ) probability mass function for each

1 <k <d,, where

: 1 T 2 T
Eq (1) = 10git (pu) = 5 1tq01/02) {“’ z, (Fa@n © Mo + Tan) = 2
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,uq(U1)1n1 de
L4 T . 7
x Z1 (y — : — X(uq(ﬁ/ﬁ) © uq(g)) - sz, (%(wyﬂ"q(%ﬂ)) }
:uq(Um)]'Tlm o

(6.77)
If y contains Gaussian responses, ¢ ( ) has an Inverse-Gamma (nq(ag), )\q(gg)>

density function where
1 m
faon) = 5 (N +1), N=) oy, (6.78)

. Ha(wn) Ln,
— — 17 — : — ~
M(o2) = Ha(1/az) + §Hy L Ha(s0) : x (“q(vﬁ) © “q(@)

/’Lq(Um) 1nm

de . 2 1 1 m
= D2 (Mo Paan) H + 5 N0 + 52 (niogw,)

k=1 i=1

+ %tr {XTX (Qq(’m) ® {Eq(ﬁ) + I-‘Iq(ﬁ)ﬂqT(g)} ) }
-5t {XTX {1y ©@ 1)} {11y © “q@}T}

+ Zw- (Nq o) (o + {1 = 11q wuw}(ﬂq(aw@“q(ak))]) (6.79)

and
q (a.) has an Inverse-Gamma (Kq(a.), Aq(a.)) density function where
Ka(ae) = 1, (6.80)

M) = Ha(1/o2) + 1/ 2. (6.81)

If y contains binary responses, thenfor1 <i:<m, 1<j<mn; y; =1 or y; =0,

q(c;;) has a Truncated-Normal ;. <(HQ(C))1‘j : 1) density function where
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¢ <(29ij —1) (“q)ij)

o ((2,%‘]' —1) (“‘1)1‘]) 7 (6.82)

(I‘l’q(c))ij = (Nq)z‘j + 2y — 1)

(“’q)ij = Hq(go) + Ui +

de
X (qu) © “q(5)> + Y Zy (Bt BaGan)
k=1

ij

Using the optimal g-density results listed in (6.53)—(6.82), we can now assemble
the mean field variational Bayes algorithm, given in Algorithm 10.

We proceed by initialising each of the g-density parameters and updating each
parameter successively using the current estimates of the other parameters. At the
end of each iteration, an updated value of the lower bound on the marginal log-
likelihood is computed, and the algorithm is iterated until convergence of the lower
bound on the marginal log-likelihood to its maximum. The approximate marginal
log-likelihood, also known as the evidence lower bound, is given in the next subsec-

tion.

6.6.3 Variational Marginal Log-Likelihood Approximation

A final aspect of Algorithm 10 in Section 6.6.2 is determination of good stopping cri-
teria for the coordinate ascent scheme. As is common in the mean field variational
Bayes literature, we monitor relative increases in the approximate marginal log-
likelihood, which we denote by log p(y; q). Minimizing the Kullback-Liebler diver-
gence is equivalent to maximizing the lower bound on the marginal log-likelihood
log p(y;q).

Appendix 6.C contains the explicit expression for the approximate marginal log-
likelihood for Chapter 6 models under product restriction (6.51). By computing the
log-likelihood after each iteration, we obtained its corresponding relative error. The
setting of the tolerance of relative error is &,,, = 107°. As shown in Algorithm 10
in Section 6.6.2, we checked the relative error after each iteration. Once the relative
error of log-likelihood is lower than the tolerance level, the iteration stopped.

6.7 Model Selection Strategies

After obtaining the full conditional distributions of parameters for Markov chain
Monte Carlo described in Section 6.5.3 or obtaining the g-densities approximation
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described in Section 6.6.2 for mean field variational Bayes, for generalized additive
mixed model selection with random intercept, we need to set up the model selection
strategies to decide between the effect type of a predictor being zero, linear or non-
linear. In practice, either the Markov chain Monte Carlo samples or mean field vari-
ational Bayes g-densities are used for approximate posterior-based decision making.
However, we will demonstrate our selection strategies in terms of exact posterior

distributions — starting with the zero effect versus linear effect decision.

6.7.1 Deciding Between an Effect Being Zero or Linear

For predictors that can only enter the model linearly (e.g. binary predictors), as in
(2.52) in Section 2.6.1 for generalized additive model selection, our rule for deciding

between a zero effect and a linear effect is

the effect is zero if E(ys|y) <1 -,
(6.83)
otherwise the effect is linear.

For Markov chain Monte Carlo approach, £ (7/3|y) is approximate the sample

mean of fy[[f Vin Algorithm 9,1 < g < N,.,,. For mean field variational Bayes approach,

we have F (vﬁ‘y) = Ha(ss) in Algorithm 10.

6.7.2 Deciding Between an Effect Being Zero, Linear or Non-Linear

For predictors that can enter the model either linearly or non-linearly, as in (2.54)
in Section 2.6.2 for generalized additive model selection, our strategy of deciding

between an effect being zero, linear or non-linear is:

E(vﬁ‘y) <1-7, and

the effect is zero if E(v ‘y) <1-1

E("}/g"y) >1—7, and (6.84)
the effect is linear if

otherwise the effect is non-linear.

For Markov chain Monte Carlo approach, E(ys|y) and E (v,|y) are approximate

the sample mean of w[ﬁg] and %[f’} in Algorithm 9, 1 < g < N,,,,. For mean field varia-
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tional Bayes approach, we have E (y5|y) = o
10.

jand E (Vu|y) = t4(n) in Algorithm

VB

6.7.3 Choice of Default Value of Sparsity Threshold Parameter

To assess the effect of the sparsity threshold parameter 7 for selection of a generalized
additive mixed model with random intercept, we ran a simulation study similar
to the one described in Section 2.6.3 for generalized additive model. We use the
settings as stated in (2.55), (2.56), (2.57) and the settings of the number of continuous
predictors d,, number of groups m, total number of observations N across all groups,

error standard deviations 0., and sparsity threshold parameter 7 are to be

de = 30, number of groups m = {100, 200, 300} ,

the value of n;, 1 <i <m, being the number of observations within each group,

is fixed at m /10,

6.85
error standard deviation 0. € {0.25,0.5,1,2} for Gaussian response, (6.85)

standard deviation for random intercept: oy = 0.5,

7€{0.1,0.3,0.5,0.7,0.9} .

For each combination of number of groups m and error standard deviation 0., we
simulated 100 replicated data sets generated. For the Markov chain Monte Carlo
approach, we use N, ,m = Ny, = 1000 from Algorithm 9 in Section 6.5.3. The rules of
model selection follow (6.83) of Section 6.7.1 and (6.84) of Section 6.7.2.

Both Figure 6.3 and Figure 6.4 show the misclassification rate as a function of
sparsity threshold parameter 7 under Markov chain Monte Carlo in generalized ad-
ditive mixed model with random intercept. The performance measure was misclas-
sification rate for 30 candidate predictors being classified into one of three classes:
zero effect, linear effect or non-linear effect. Each panel corresponds to a different
combination of number of groups m and error standard deviation o.. Within each
panel, the side-by-side boxplots compare the misclassification rates under differ-
ent values of sparsity threshold parameter 7. Figure 6.3, for Gaussian response, low
noise level with o, < 1, there is not much of a difference in misclassification rates
for 7 € {0.1,0.3,0.5,0.7} . However, for Gaussian response, high noise level with
o. > 1, it has the advantages of having 7 being 0.5 for lower misclassification rate.
Figure 6.4 shows that having 7 being 0.5 is the best choice for threshold parameter
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Figure 6.3: Side-by-side boxplots of the misclassification rates for the Markov chain Monte Carlo
Algorithm 9 for Gaussian response for the simulation study described in the text. Each panel corre-
sponds to a different combination of group size and error standard deviation. Within each panel, the
side-by-side boxplots compare misclassification rate as a function of the sparsity threshold parameter
7. The value of m is the number of groups. The number of observations within each group is fixed at
m / 10.

for binary response. Therefore, the default value of sparsity threshold parameter 7
for Markov chain Monte Carlo in generalized additive mixed model with random
intercept is 0.5.

For MFVB, we have E (y3;) = Ha(s) 1 <k <ds+ds,and E (Vur) = fgyur), I <
k < d,. For binary or categorical predictors, the selection rule is the same as (6.83) for
MCMC. For continuous predictors, the selection rule is the same as (6.84) for MCMC.

To make our methodology completely automatic, a good default value of 7 as
threshold is desirable. The simulation study settings of the best sparsity threshold
parameter 7 for MFVB, are the same as the one for MCMC in Section 6.7.3, stated in

(2.55), (2.56), (2.57) and (6.85).
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Figure 6.4: Side-by-side boxplots of the misclassification rates for the Markov chain Monte Carlo Al-
gorithm 9 for binary response for the simulation study described in the text. Each panel corresponds
to a different number of group size. Within each panel, the side-by-side boxplots compare misclassifi-
cation rate as a function of the sparsity threshold parameter . The value of m is the number of groups.
The number of observations within each group is fixed at m /10.

Both Figure 6.5 and Figure 6.6 show the misclassification rate as a function of
sparsity threshold parameter 7 under mean field variational Bayes in generalized ad-
ditive mixed model with random intercept. The performance measure was misclas-
sification rate for 30 candidate predictors being classified into one of three classes:
zero effect, linear effect or non-linear effect. Each panel corresponds to a different
combination of number of groups m and error standard deviation o.. Within each
panel, the side-by-side boxplots compare the misclassification rates under different
values of sparsity threshold parameter 7. Figure 6.5 for Gaussian response shows
that it has the advantages of having 7 being 0.1 for lower misclassification rate. Fig-
ure 6.6 shows that having 7 being 0.1 is the best choice for threshold parameter for
binary response. Therefore, the default value of sparsity threshold parameter 7 for
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Figure 6.5: Side-by-side boxplots of the misclassification rates for the mean field variational Bayes
Algorithm 10 for Gaussian response for the simulation study described in the text. Each panel corre-
sponds to a different combination of group size and error standard deviation. Within each panel, the
side-by-side boxplots compare misclassification rate as a function of the sparsity threshold parameter
7. The value of m is the number of groups. The number of observations within each group is fixed at
m / 10.

mean field variational Bayes in generalized additive mixed model with random in-

tercept is 0.1.

6.8 Comparative Performance

In this section, we describe a simulation study comparing the classification perfor-
mance, measured by misclassification rate and computational time in seconds, of the
default version of the spikeSlabGAM approach, our MCMC approach described in
Algorithm 9 and our MFVB approach described in Algorithm 10, in the context of the

three-category generalized additive mixed model selection with random intercept in



6.8.1. Performance Comparison by Misclassification Rate 352

Binomial response

m=100 m=200 m=300
[e]
40 - : : : : -
: : : : : o , , , ,
) : : : : : e 5 5 5 e e e
- ! ! ! ! ' 1 Ll Ll 1 1 1 Ll il
© ' ' ' ' ' i ! ! ! ! i : '
30 7 i ; i i : e . -
< : : : : : : : : : :
2 A N
- ] ' ] i ] N N ] '
© ! : : : : ! ! !
kS) : ! !
= ' : :
8 20 : : B
©
O
@ : : : : : : :
S A e s e i e A
LT Y S N A S N SR S
0.1 0.3 0.5 0.7 0.9 0.1 0.3 0.5 0.7 0.9 0.1 0.3 0.5 0.7 0.9
T

Figure 6.6: Side-by-side boxplots of the misclassification rates for the mean field variational Bayes Al-
gorithm 10 for binary response for the simulation study described in the text. Each panel corresponds
to a different number of group size. Within each panel, the side-by-side boxplots compare misclassifi-
cation rate as a function of the sparsity threshold parameter . The value of m is the number of groups.
The number of observations within each group is fixed at m /10.

model (6.25).

6.8.1 Performance Comparison by Misclassification Rate

Figure 6.7 compares the misclassification rates for Gaussian responses in generalized
additive mixed model selection with random intercept, among the default version of
the spikeSlabGAM approach as described in Section 5.2.1, our MCMC approach de-
scribed in Section 6.5.3 (Algorithm 9) and our MFVB approach described in Section
6.6.2 (Algorithm 10). The performance measure is the misclassification rate when 30
candidate predictors are classified into one of three classes: zero effect, linear effect

or non-linear effect.
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The number of continuous predictors d,, the number of groups m, the number of
observations within each group n;,1 < i < m, and the error standard deviations o.
are as in setting (6.85). The threshold parameter 7 is set to 0.5 as described in Section
6.7.3. The generation of data sets and simulation design are as (2.55), (2.56) and (2.57)
in Section 2.6.3.

In Figure 6.7 for Gaussian responses, 25 replicated data sets were generated, for
each combination of number of groups m and error standard deviation o.. The re-
sults show that when the number of groups m is 100, these three methods perform
similarly across all error standard deviations. However, when the number of groups
increases to m € {200,300}, our MCMC and MFVB approaches demonstrate better
classification performance with lower misclassification rate.

Figure 6.8 shows the misclassification rates for binary responses, based on the
same simulation settings used for Gaussian case in Figure 6.7. That is, 25 repli-
cated dataset for each group. The comparison includes the default version of the
spikeSIlabGAM approach (Section 5.2.1), our MCMC approach (Algorithm 9) and
our MFVB approach (Algorithm 10). Threshold parameter 7 is set to 0.1 as described
in Section 6.7.

For the binary responses simulation study, Figure 6.8 shows that our MCMC
and MFVB approaches have better classification performance when the number of
groups m is 100. For the number of groups increases to m € {200,300}, these three

methods all have similar classification performance.

6.8.2 Performance Comparison by Computational Time

In this subsection, we show the computing time in seconds among the three meth-
ods, the default version of the spikeSlabGAM approach (Section 5.2.1), our MCMC
approach (Algorithm 9) and our MFVB approach (Algorithm 10).

Table 6.1 reports the elapsed computing times in seconds. The laptop used for
the simulation study was a MacBook Air with 16 gigabytes of memory and a 3.2 gi-
gahertz processor. Algorithm 9 and Algorithm 10 were implemented in the R pack-
age using the Rcpp interface (Eddelbuettel and Frangois, 2011) to the C++ language,
specifically with the Rcpp package and RcppArmadillo package in R, to improve the
computational speed. Additionally, the sufficient statistics described in Section 6.5.1
offered computational speed-ups for Algorithm 9 and Algorithm 10.

Table 6.1 presents the 10th, 50th and 90th percentile computing time in seconds

for each approach across all settings and replications as described in Section 6.8.1.
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Figure 6.7: Side-by-side boxplots of the misclassification rates for the comparative performance sim-
ulation study described in the text in the case of the response variable being Gaussian. Each panel
corresponds to a different combination of group size and error standard deviation. Within each panel,
the side-by-side boxplots compare misclassification rate across each of three methods: spikeSlabGAM
with default settings (sSG), Algorithm 9 (Alg. 9) and Algorithm 10 (Alg. 10). The value of m is the
number of groups. The number observations within each group is fixed at m/10.

Despite exhibiting very good classification performance, spikeSlabGAM is compar-

atively slow and does not scale well to large problems. Our MCMC approach (Algo-

rithm 9) took less than 42 seconds for 90 percent of the fits in the simulation study.

The faster alternative MFVB (Algorithm 10), only required less than 10 seconds of

computing time for most fits. Therefore, both the MCMC and MFVB approaches

scale well with large data sets for the generalized additive mixed model selection

problem with random intercept, with MFVB approach being the faster option.
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Figure 6.8: Side-by-side boxplots of the misclassification rates for the comparative performance sim-
ulation study described in the text in the case of the response variable being binary. Each panel
corresponds to a different group size. Within each panel, the side-by-side boxplots compare misclassi-
fication rate across each of three methods: spikeSlabGAM with default settings (sSG), Algorithm 9
(Alg. 9) and Algorithm 10 (Alg. 10). The value of m is the number of groups. The number observa-

tions within each group is fixed at m/10.
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Algorithm 10: Iterative determination of the optimal parameters according to a mean
field variational Bayes approximation of the posterior distributions for model (6.25).

Data Inputs: N = > _n;, y(N x1); X(N x (do+da));  Zx(N x Ly),1 < k < da.
=1

Response Type Input: responseType € {Gaussian,Bernoulli} .
Sufficient Statistics Inputs: XTy, XTX, ZTy, ZTX, ZTZ
Hyperparameters Inputs: og,, 55, S¢, 5, > 0,50 >0, 1 < pg,py < 1.

Convergence Criterion Input: €, : a small positive number such as 1078.

e 1 1
Initialize: pog(y ) <— 5 Ldotdes Moy < Odotdes Ha(1/ae) < 13 (/o) < 15

1
Ha(i/ag) € 1 Hq(1/02) € L3 Rgoz) ¢ 5(do +de +1); Fgeay) < 15

1
Kq(o2) S i(N +1); Ky $— L Bgpy) < Ldotdes

m+1 1
2) € 5 3 Kalar) S 15 M) ¢ 5l

yT1, g 0; XTy, G XTy; ZTy, G ZTy;
If responseType is Gaussian then Yadj ¢ ¥

If responseType is Bernoulli then Yadj ¢ Hae)
Fork=1,...,d,:

%1[%; ,uq( <—

. 2 .
Paqy) < 0 o5, Yur) T Q)

Ha(t/aw) S 1 Haajo2) 1 Hep,) < 1

2 )¢ %(Lk +1); Kqlaw) < 1 Wy diagonal (ZTZ<"7”">>

k

Cycle:
w1 < yTladj — anUz
=1

Tatp) < 1/ {N Ha(1/o2) + (1/%230)} P HaB0) € Ta(ay)Ha(1/o2) @12

Fori=1,...,m:

Taw) < 1/ {”Z’“q“/"?) + “’q(l/c%)}

continued on a subsequent page. . .
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Algorithm 10 continued: This is a continuation of the description of this algorithm
that commences on a preceding page.

Hq(uy;) € O-g(Ui)MCI(l/U?)lgi ((yadj)i - Xi (“q(w) © ”q(ﬁ))

de
_Zzik (Mq(wk)“q(ak)))

k=1
RKa(1/02) € kg ” + ;“q(ggi); Ha(1/a3) € Fa(o3)/ Pa(o)
M(ar) € Ha(1/02) T 1/505 Ha(1/av) < Fa(av) /Aaan)
Qq(y,) ¢ diag {“q(w) © (1 - “q('m))} + “q(vg)“qT(vB)

T : -1
@ {Mqa/az)Qq(wﬁ) O (XTX) + p1q(1/02)diag (quﬁ))}

Ha(un)Lny 4
T ) k)T
wig «— XTy,, — X : = > ZXOT (g3 B )
k=1
Ha(Un) Lnm

@) < Fa1/o2) (5 (“qm) . ‘*’13)

. 12
Wit My © by + diagonal (Sy5)) 1 sgey) — (11g01/02)w14)

1 T .
Aa(o2) € Ha(1/ap) T 5l @1a 5 Ha(1/e3) S Rao?) / Aq(o2)
—92 .
Aqap) € Hq(1/o2) TS5~ 3 Ha(1/ag) < Ka(ap) / Aq(ap)
Mq(U1)1n1 Nq(Ul)lnl
XTU, +— X7T : . ZTU, +— Z7T : :

Ha(Unn) L Ha(Un) L
Fork=1,...,d,: Pg(ug) S Ha(yar) Pa(a)
Fork=1,...,d, +ds:

U )

de
, T
w15 efXTyad]. — e;{XTUq — eZXZ (ZTX<k >ek> o
k=1

T
wis < /Lq(gk)wm — (XTXek>7k

(quﬁ))_k ® {(ch,é)ek)_k + Ha(y) <“q<ﬁ>>_k}]

continued on a subsequent page. ..

X
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Algorithm 10 continued: This is a continuation of the description of this algorithm
that commences on a preceding page.

. : 1
Ha(ys,) < expit (logﬁ(pﬁ)) — 5Ha(1/02) {<M§(§k) + ai(Ek)) el XTXey,

—2w15})
For k = 17 ceey do : /J’q(uk) — Mq(’Yuk)uq(ﬁk)
Fork=1,...,de:
de

wig +— ZTyh — zTUl® — ZTX™) (uq(w) O 1y ) D4 VAN
k' #k

Ui(ak) — 1Lk/ {/‘q(l/ofﬁ)ﬂq(%k)wék + ”q(l/aik)”q(buk)lLk}

Fork=1,...,d,:
—1/2
W17 s H“q (ug) H + 1Lk q(uk). Ha(buk) < (MQ(l/Uﬁj)w”)

1
Ag(o2,) € Ha(1/au) T 5Habu) 1T 3 Ho(1/o2,) ¢ “q(oiw/ Aa(o2,)

2 .
Maw) € Haqifoz,) + (1/82) Mq<1/auk><—'fq<auk)/ Ad(aur)

For k = 1, ey d. : uq(uk) — /'Lq(’Yuk)uq(&k)
Forkzl,...,do:

wig «— ZTy% — zTU — ZTX®) (uqh ) O by ) ZZTZ““ M) by

k' #k
T T
wig <— wék (“q(ﬂk) © Kq(a,) + Ui(ﬁk)) ™ 2y W8
: : 1
Hg(ry) S expit <log1t(pu) - §,U/q(1/ag)w19)
Ha(r) 1y d
w20 — Inpigey) + | + X(/Lq(.m) © Ky ) sz (Nq wuk)“q(w))
k=1
Hq(Um) 1n

continued on a subsequent page. ..
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Algorithm 10 continued: This is a continuation of the description of this algorithm
that commences on a preceding page.

If responseType is Gaussian then

Qq(y,) < diag {“qw © (1 - “qm)) } + Mgy ) F (o )

A(o2) < Ha(1/ae) T %Hy - “’2°H2 + %N %460y T ;i (”iaiwn)
5t XX {0 © (B3 + il ) ]
_%tr {XTX (a0 © b)) (Hatr © “q@)T}

1 de
+§Zw§k (Mq(m) (02 + {1 = ot} (ot © oy )| )
k=1 ’

Ha(1/02) € Fq(o2) / Aa(02)} Ma(az) € Ho(1/02) T (1/ 5?);
Ha(1/ac) < Fa(ac) / Ag(ac)
If responseType is Bernoulli then
Ka(1/o2) $— 15 Hge) $— w20 + (23! - 1N> © (’((21/ - 1N> © wzo>
yTladj — ,un(c)lN ; XTyadj — XTqu(c) ; ZTyaclj — ZTuq(c); Vi < Hq(e)
until the relative change in the log(p(y; q)) is below eger-

Outputs: All g-density parameters.

spikeSlabGAM  Algorithm 9 Algorithm 10

10th percentile 218.1 5.66 1.12
50th percentile 1384.7 15.90 3.35
90th percentile 5261.8 41.42 9.86

Table 6.1: 10th, 50th and 90th percentiles for the number of seconds required for each generalized
additive mixed model selection approach with random intercept across all settings and replications
for the comparative performance simulation study.
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6.A Derivations of Full Conditional Distributions

The const in Appendix 6.A is a constant that does not depend on any parameters.

6.A.1 Full Conditional Distribution of j,

First note that

m

p(50|re8t) X H {p (yz‘ﬁ()a UiaB:737 17’7711,7 U?) } p (60) .
=1
We have

ﬁ {p (60U By vo?) )

=1

(LB

J

1 m
X exXp {_ Z Y, — 1n150 1an7, X ’YB © /8 Zzzk ’7uk:uk

2024
1=1
2}

(—2%15{”2‘&0 + mBS) }

™ N

1 m
X €xp {20 Z Tigy — 1,50

=1
{ 1
X exp ] —
[0

if we define

[\
(LR )

gt

riﬁo =Y, — ]-anz X 75 O, /8 Zszz r)/ukuk

and note that

m

Z rzﬁo Z ( ( 1mUz X 75 @ﬁ Zzzk Vukuk ))

i=1 =1

m do

—y1- Y ) - (X (v,08) -3 (21) (i)

i=1 k=1
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where Z . defined in (6.12). Then
H p <yz|/807 Ui7 Ba 7[37 :[l’u Yus 052)
i=1
( i m de T 1)
T ~ . ~
T yTl - Z (anz> - (XT]-) <7ﬁ © /8> - Z (Z%l) (P)/ukuk)
Bo i=1 k=1
X exp o?
5 1 <&
942 an
\ L € =1 d )
Since p(/) is the N (0, 03 ) density function, we have
G ] [ o
0 2
p(Bo) o< exp { [ 52 ] [ 1/ ] (1/%)}‘
Therefore
p(Bo|rest)
( r m _ de T T )
2 v =Y ) - (X)) (v, 08) = 30 (201) (i)
Bo i=1 k=1
X exp o?
2
0 11 1
i (6.86)

Therefore p(f, ]rest) has a Normal distribution with natural parameter vector

i=1 k=1

(Z/Tl - zm: (n:U;) — (XTl)T <’)’5 © E) - i.: <251>T (%kﬁk)) /Uf

The variance is
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The mean is

€ =1 k=1
1 — 1
Therefore
Bo|rest ~
m T N de . T
;(yTl—Z(W-)—(XTl) (v.0B) -3 (201) wukak))
N & =1 k=1
1 & N 1 ’
22T 5
0-52 i=1 050
1
1 — . 1
22T 5
0-52 =1 Jﬁo
We define
m T _ de . T
wi=y"1- Y () — (X1)" (v, 08) = Y (201) (ruiia)
=1 k=1

= (yTl) — Z (n;U;) .

i=1

The last step above is using feature of X matrix in (6.10) to be 1, X = 0, N = Z n;
i=1
and Z matrix in (6.13) to be Z;{1 =0p,,1 <k <d, Wealso define

1 & 1
Wy = —5 nl+—2
ngz:; 950

1
Then f|rest ~ N ( —) is as given in Algorithm 9 in Section 6.5.3.

(02)wy wo
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6.A.2 Full Conditional Distribution of U;

First note that, for 1 <i < m,
U }reSt X p yz|507U17/6 73a 771},7 5 U ‘O_U
We have

p(yz}ﬁ(b Ui> Bv Vs ﬁa Yus 0-3)

J

2
1
} X exp{—2g82 ( 2U1TT'U1 +nlU2)}.

1
X exp {20_2 Y — ]'mBO 1,,U; — X 75 © /3 Zzzk 7ukuk
€

1
€

If we define
ry, =Y, — 1nilfo — ’75 O, 5 Zsz Yk W)
then
p (yz‘ﬁ()a Uia ﬂv 7/}7 iiv Yus 052)

T
1., i lnzﬁ 7 O, 6 E Zz Yu u/ 9

From U;|0? ~ N (0,0%),1 <i < m, we have
U U

v, 1] o
p(Ui}a?]) X exp ] 1 (1/0(2])
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Then

U}rest ocp(yl|ﬁo,Uzﬁ Ys U ’7u’ a U‘OU
T

1
Ui 2 — 1 (yz — Lniflo — Xi(v, © B) — Zsz (Yuuk Wi )

X exp €

2 1/ n; 1
U, (B =
2\ op

Therefore p(U; ‘rest) has a Normal distribution with natural parameter vector

(6.87)

17 ( Y — Lo — Xi(v, @,3 Zzzk Yk Wk > /
I 2\o? o} |

The variance is

1
2 2
oz oy

The mean is

1
;17{2 ( Yy, — mﬁo Zzzk ’yukuk >

In summary, for 1 <i < m,

2
o Oty &

n; 1\
_Zzzk Yok Wi, } (—2 + —2) )
O¢ UU

;o1\ 1 ~
U|rest~N((n +—2) 02121{ i_]-m'BO_Xi<7B®ﬁ>
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If we define

wy=1" (yl — 1,8 — Xi(v,08) — Zzzk Vuk Uk )

de

b
Il
—

and

1
—) , 1 <i<m, asin Algorithm 9 in Section 6.5.3.
o CU4 W4

then U; |rest ~ N (

6.A.3 Full Conditional Distribution of o7

First note that
p(o? rest) o {Hwa@} p(ot]a)
i=1
From
Ui‘aUT\d»N(O JU) 1<i<m
we have
m m 2
—— U
[Il U‘O‘U (0(2]) 2 exp( ”20[! >
From .
o |ay ~ Inverse-Gamma (5, 1/ aU> ,
we have

plotfou) ~ (at) 2 exp (< s ).

Then we obtain

_mi 1 (|lUlf 1
plof[rest) o< (o) 2 ' exp (“ (@ + —>> |
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Therefore

m+1 HUH2 N i)

o ,2]|rest ~ Inverse-Gamma
2 2 ay

6.A.4 Full Conditional Distribution of a;;

First note that
P(GU‘TGS’C) x P(U?J}GU)P(GU)~

In our full model, we have

1 1
o |ay ~ Inverse-Gamma (5, 1/ aU) and ay ~ Inverse-Gamma (5, 1/ s%) :

Then
1
_1 1 1
p(av|rest) oc (ar) 2 exp <—QUUQU> (ay) 2 exp <_aUs%,)
(av) i LI
exp| —— | —
S\ P ay \o5  s%
Therefore 1
aU}rest ~ Inverse-Gamma (1, — + —2>
oy Su

6.A.5 Full Conditional Distribution of B

First note that

m

p(Blrest) o [T {p(y, |60, Uis B, 8,7, 02) | #(Blo2,b,).

=1

If we define .

5= Ui — Luifo — Lnili = Y Zik(yuntin)
k=1

and
Xi‘yﬂ = delag (’Yﬁ)
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then we have

ﬁ {p(yi\@o, Ui B @ Yo aﬁ)}
1=1

J

™ N

1« L & N
o exp {2 D lYs = Lnibo — 1nil; — Xdiag (v,) B = > Zin(yurtin)

o
k=1
2
{ 1 }
X exp{ —
o

X exp [— L i {—2BTXZYB”'¢B + <V€C (BET»Tvec (XfyﬁXi,yB> }] .

2024
=1

i=1

T'Z-ﬁ — Xi’yﬁ/g

[

(LN N)

=1

(LN )

Then

Hp(yz‘ﬁ(% U’i7/§7757:‘177u703)
=1

( [ m XT de T
R o £ S (RN R ) )
€ k=1

=1

X exp o «
vec <Bﬁ ) ——ZVGC ( ivp Z’YB)
\ L d 7
as well as
B ' 0
b(Blo2.b,) ox exp N (1/0%)
vec (ﬁﬁ ) —gvec (diag (b)) -
Therefore
p(fi|rest)
m T de
- T Z Xi'Yﬁ ._1‘ﬁ_1,U4_ZZ.( 7&)
,3 2 yz niM0 niYe ik\ Yuk Wk
k=1

X exp 7 = .
vec (5ﬂ ) ——vec {i? (ZX% mg) dl%gbﬁ)}
e B

=1
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The first component of the natural parameter vector of 3 |rest is:
de
= Z [ s {yz — 1000 — LiUi — Zzzk(%kak)}] :
€ k=1

The inverse vec of the second component of natural parameter vector is

9 {02 (ZXZM Z'Yﬂ) diaiz(bﬁ) } :

It follows that the covariance matrix of §|rest is

-1
diag(b )
{02 (ZXWB ’“m) Ug : }
=1

and the mean vector is

E (zx% ) + 28017 (1)

de

k=1

This leads to

-1
~ diao (b Lo
B|rest~N<{ (me m) 1a§2( 5)} EZ{X;{’B{%_%BD

de m . -1
i~ > Zuin)} {% (Zxaﬁxm) + B } )
i= B

k=1
Note that

ZXWB g = Zm:{(Xidiag('yﬁ))TXidiag('yﬂ)}

=

= diag(y,) (ZX X, > diag(vy,) = (v,7)) © (X" X)

=1
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and note that
m do
Z [ s {yz — 1,80 — 1,,U; — Zzzk(%kak)}]

=1 k=1

de
k=1

Ul,,

:Z 'Yﬁ@

i=1

where Z  defined in (6.12). If we define

Uil,, d
ws = (XTy) — B (XT1) — X7 : (Z (ZTX) %k’%))

Unl =1
Uiln, o, T
Um]-nm k=1

the last step above is using the feature of the X matrix in (6.10) that X”1 = 0.
Therefore, we obtain

B|rest ~ N({ () © (X7 X) + diag (b,) } % {’75 © {(XTZI) - X7

o2 o2

€ B €

U11n1

A e vuka@)}},{(%”g) ®2(XTX>+diag2<bﬁ>}l>.

k=1 O¢
Um]-nm

We also define

1 .
Q= (X"X)o(vh)+ —diag(by),

1
52
lop :

then decompose Q = Uqdiag (dq) Uy, where UsUq = I. 1f

~ N(0,I)((do +da) x 1),



6.A.6. Full Conditional Distribution of

370

then

U~ UL (v, © ~
Uq it 4+ -2 (7’8 5 w5) has the same distribution as ,B‘rest,
V dQ dQ (Ua)

which is as given in Algorithm 9 in Section 6.5.3.

6.A.6 Full Conditional Distribution of u;

First note that, for 1 < k < d,,

p (wy|rest) o {HP (%!50, Ui, B, 5, s Y O 5> } p (w|oly, bur) -

If we define
'r‘iﬁk =Y, — ]-mﬁO ]—mUz X '75 ® /6 Zszz’ 7uk’uk’
k' £k

and define

Zi'yuk, = sz(ﬁ)/uk%

we have

m _ N 1 m
HP(%‘WO, Ui, B,75, u, 7y, 0?) exp{—2ggz

i=1 =1

)

—ZZW ('Yuk"ak’) — Zi (%k)ﬁk
k' #£k

m 2

x exp _12

€ i=1

TZUk - Z’Yuk

I & o T
X exp {— pe ( 2uk T+ <Vec (uku@) vec (ZlT,Y kZi‘Yuk->) } )
1

€ =

Y, — 1o — 1,,U; — Xz'(’)’ﬁ © B)
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Then
- T
Wy,
H p(yz}ﬁ(]? Ui? /67 7137 ’EH 7u7 0-3) X €exXp
=1
vec (ﬂkﬁf)

Z { —} } (yz - ]-mﬁO ]-anz X 7& © ﬂ Zzzk’ ’Yuk’uk:’ )
% =1 k'#k
__ZVGC < Yuk ZWuk)

as well as
_ T
Uy 0
P(ak|05ka buk) o exp . 1 (1/o%)
vec (ﬁkﬁk> —gvec (diag (burIr,)) -
Therefore
_ T
Uy
p(ﬁk}res’c) X exp
vec (aka}f)
Z ;’;uk yz — ]-nl/BO ]-n7,UZ X ’Yﬁ @ IB ZZW ’)/uk/’u,k/
k' #k

E
buk
__Vec{a2 (;Zw X Wuk) O_ZkILk}

The first component of the natural parameter vector of @ |rest is:

1 m
_QZ [Zguk (yz — 11“50 1anz X ")/6 @,@ ZZlk/ %k/uk/ >] .

& =1 k'#k



6.A.6. Full Conditional Distribution of 372

The inverse vec of the second component of natural parameter vector is

buk:
5 {0-2 <ZZZ’Y ke k) O._ZkILk} :
i=1 .

It follows that the covariance matrix of uy|rest, 1 < k < d,, is

1 [ b B
T uk
{E (ZZW kZVYuk> O._QILk}
€ \i=1 uk
and the mean vector is

-1
]- i T buk’ 1
{‘(ZZZ) —I} ()
Z [ Yok (yz - 1mﬁ() 1mUz X '75 @,6 Zsz/ %k/uk/ )] .

K #k

Next, we simplify the covariance matrix. Recalling that

Zi‘yuk - sz (7uk) )

then

m

ZZZ'y e LY = Z ik 'Vuk Z, ('7uk>) = ('Vuk) Zgzk ('Vuk) = 'Vukdiag <w2k)

=1

where
diag <w2 > = (Z;;FZ,J and Zk is defined in (6.12).
k
Then
buk ) Tuk® 5 burlr
Therefore

1 b o Tuk®y o pa1y \
uk . uk L+ L

{—2<§ ka i, k>+—02 ILk} :dlag( g ko4 g k) .
O¢ i=1 uk € uk



6.A.6. Full Conditional Distribution of 373

Note that

m

2

i=1

de
Zquuk (yi - 1m‘50 - ]-niUi - Xi(")’g © B) - ZZik/(vuk/ﬁk,)>]
k'#£k
U11n1
Z%k{z{y—ﬁo (Zfl) ~zl : - (Z}fX) <7B@B>
Unl

d.
-> (2 20) (i) }
k' #k
The required result follows if we define
Ul 1n1

o= By o (Z0) - 2| ¢ |- (20X) (0 B) - 3 () i)
Um]-nm k'#k

Using the feature of the Z matrix in (6.13) that Zfl =0,1 <k <d,, we obtained wg
in Algorithm 9 in Section 6.5.3 to be

U1, d
ws=Zyy—7Z; : - (ZfX) (’75 © 5) - Z (Zgzk’) (Vukr g ) -
U1, K7k

Therefore, we obtain (6.37) in Section 6.5.3 to be:

bW s b 1 1 Ullnl
i],k‘rest ~ N(diag ( QZI“ + ng Lk) |:7uk'{Z£y - Zy
Ua Juk
Um]‘nm
_ da Yuk®y po1, O\
o ° . - . uk L+ L
- (21%) (v.08) = 3 (B120) O }] o (e + 23} )
K2k 5 uk
We also define
k@ byl
wo = 02 Uik
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and generate the L), x 1 Multivariate Normal random vector z ~ N (0, I, ). Then

z Yuk@Ws

\/ W9 QJ90'52

has the same distribution as @y,|rest, which is given in Algorithm 9 in Section 6.5.3,
1 <k <d,.

6.A.7 Full Conditional Distribution of 3,

First note that, for 1 < k£ < d, + d.,

p(’)/ﬁk ’reSt) X {Hp(yz‘ﬁ()’ Ui)B77ﬂ7 a’77u7 03)} p(75k>
i=1

If we define
~ d.
Ti'Y/:?k =Y, — ]-niBO — 1mUz — (X1>_k {(')’ﬁ)_k © <,3> —k} - ZZik’(quk’ak’)u
k'=1

and note that as a function of 73, , using 75, € {0,1} implies that 73 = v3,, we have

m

Hp(yz}ﬁﬂ7 Ui7 Bv 75) ﬁa Yus 0-3) X exp (7,31@77,3)@1)

Y; — LiBo — 1,U;s — (X)), {(’Yg)_k © (5) _k} - Xiﬂﬁkgk

)

2

o exp{—Q;Z

de
> Zi (Yuw i)

k'=1

1 & ~
o exp —2032 Vo B X it — Tings,

1 _m 9 _m
€ i=1 i=1
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This implies that

m

~ _ 1 ~
Hp(yi|/607Ui716776au77u70-52) X exp [_ﬁ/yﬁk {/BI%ZHX“C
€ i=1

=1

9
— 203

S X (y ~ Luifho — Ll = (X0)_, {(%)_k ® (B)_k} - sz mk/am) H

where
po, = —— g}gi”xik
k1 20_3 —

— (X)), {(vﬁ)_k © (E’)_k} - ézi,@, (m,a,@,)) }

Also, for each 1 < k < d, + d., we have p(y3,) o exp {ys.logit(ps)} . Therefore,
p(vs,|rest) o exp [y, {ns,, + logit(ps)}] . It follows that

2 . m
— 25kZXg;€ (’!Ji — 1,80 — 1,U;
i1

1
1+ eXp(_75k)

VB ‘rest ~ Bernoulli ( ) A <k<d,+d,

where

) 1 . m 2 . m
ng, = logit(ps) — 252 [5;32”)@% — 25kZng;{yi — 1,60 — 1uU; — (X)
€ i—1 i1

()@ (8) }- de:le (Vuk,ak,)}] ,

If we define

m de
We = ZX,ZII; (yz - ]-m/BO - ]—mUz - (Xz)_k {<75)—k ®© (B) —k} - ZZW ('Yuk:’ak’)) s
i=1 k'=1

using the feature of the X matrix in (6.10) that X MM =0,1<k<d +d,, with
X . defined in (6.11) and Z , defined in (6.12), we obtain ws in Algorithm 9 in Section
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6.5.3 to be:

Uil,,

s (Ktv) - (ki) - %1 | |- (3%) {000 (B) ]
Unly,,

Note that

- () R (67

5.
=1

and we define

Xk

. 1 . m 2 . m
wr = logit(p,) — 557 [5,32’ — ZQkZXf,;{yz — 1,00 — 1iU;
N i=1

o (Xl)fk {('7&)4C © (B) 7}{} - izm (’Yuk'ﬂk/)}] .

Then we obtain w; in Algorithm 9 in Section 6.5.3 to be:

1 ~ ~
? {Bgef (XTX) €L — 2ﬁkw6} .

wr = logit(p;) — 5
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Then we obtain (6.38) in Section 6.5.3 to be:
Ul ]—n1

= tosito) oty e 28 () - 2
Unl,,,

N (X?k)XIJT {(75)7]{ © (B) 7k} - klz.l (ngj(k>T (Vuk/ﬁk’)) }

6.A.8 Full Conditional Distribution of v,

First note that, for 1 < k < d,,

p(’YUk‘reSt) X {Hp(yz‘ﬁ()? Ui) B: Vs ;Lvl'7 Yu U?)} p(’yuk)
i=1

If we define

Tivee = Yi — lm’ﬁo 1,,U; — X ')’5 ®© ,6 ZZW ’yuk/’u,k/
k' £k

and note that
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As a function of v, and noting that v, € {0, 1} implies that 72, = v,x, we have

m

HP(%‘@O, Ui7 /67 Vs ﬂ'a Yu Ug) X exp (quk:nukl)

Yy, — ]-m/BO ]—mUz X 73 ®© ﬁ Zzzk’ ’yuk:’uk/

k' £k
2}

Tinur — Yuk Ziuy,

—Z i} Yuk W

2

=Y

=1

1 ~ _ _ m
X exp [— 52 {%k <w2 (up © ug) — 2ufz ZZ,;TZ-,M> }]
€ k %

with Z  defined as in (6.12). Using the feature of the Z matrix in (6.13) that A =
0,1 <k<d,, wehave

X exp{ —

Z Zjl;eruk Z (Zgl; <yz - ]-niBO 1mUz X 75 © /3 Zzzk’ Vuk’uk’ >>
i=1 i=1 k' £k
Ul ]-n1 .
=Zyy—Z 160~ Z;, | - Z X (% ® B) > Z{Zy, (ywtnr)
U.1, k£k!
U11n1 .
=Zly-Z{| i+ | -Z[X(v,0B) =Y Z[Z ().

Um]-nm k#k!
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379

This implies that

=1
Ul]-n1 d.
(Zly-21| ¢ |- ZIX(v.0B) - Y2 Zy (i)
U1, k#£k!

X €exp (%knum)

where
Ul 1n1
1 ~ . .
Mukl = — 55 {wgk (U © @) — 2uy, (ny ~-Z :
) Upln,
d' .
_ZZX <7/3 © /8 - sz Zk’ (’Vuk"uk’>>
k£k!
Also, foreach 1 < k < d,,
P(Yuk) o< exp {7uk10git(pu)} .
Therefore
p(Yur|rest) oc exp [yur {nur1 + logit(pu)}] -
Hence, (6.39) is obtained in Section 6.5.3 to be:
|rest ~ Bernoulli ( ! ) 1<k<d
T L+exp(—yu)/) =~ °

- ~ 1 . .
Hp(yz|507 Ui7/8a757u77u7 0-52) X exp [_@fyuk{wg (uk © u’k) - 2“’5
£ k
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where
1 ~ T
Nuk = 10g1t(Pu) - @ We (uk ®© uk) - 2uk Zky
Uil,, de
g s | -2ix(v0B)- Yz, mk/ak/)}] .
U1, kA k!

Therefore, wyy and wy; are defined and obtained in Algorithm 9 in Section 6.5.3 to
be:

U1, d
wo=Zly-Z| | -ZIX(7.08)- Y2 Z, (i)
Unl, s

and

wi1 = Nuk = logit(p,) —

U11n1 de
2| |- Zix(v0B) - Y2z, W@)H
Unl, k7K
} 1 ~
= loglt(pu) — 902 {U) o (Uk ® ’U,k) — 2’Ll,k wlO}

6.A.9 Full Conditional Distribution of o2

First note that, for 1 < < m,

p<g§‘re5t) (S8 {Hp(yzlﬁoa U’i) Ba Vs ’lj, Yu O-?)} p(ag‘aé‘)

i=1
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with N = Z n;, where

N
m _ N 1 1 m
Hp<yi’507Ui7/8775>u77u70-§) (&8 ( ) exp{_ﬁz (yz_lmﬁo_an
Xi(v, ®B) - Zzzk Yok Wk, )}

U11n1

N
o<< 103) exp{—Qig(y—lNﬁo— : —X(’Yg@B)

Um]-nm

_izk(Vukak)>}

and

(020 o ()2 exp (-5 ).

Therefore

N
(0§|rest) o (02)_7_1

U1, de
Yy —1nbo— : ~ X(7,08) =) _Z(yutiy)
Unl k=t

2

1
exp ) — 4+
o; a

In summary, if the response type is Gaussian, we obtain (6.40 ) in Section 6.5.3 to
be:

1+N 1 1 Uil
af}rest ~ Inverse—Gamma( Z ,— + =

y— 16 —

Um]-nm
2)

a. 2

(75 GB) sz VukUr,)
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If we define

Uil,, du
wiz = 1n5 + : + X ('Yﬁ © 5) + sz (Yurr)

U1 k=1
)

then LN X
o2 |rest ~ Inverse-Gamma (+T, (1/a.) + §Hy — Wiy

If the response data is binary, note that p;; = (wlg)ij ;1 <i<m,1<j <ny, following

(6.26) and (6.27) in Section 6.4.3, we have
y;; = lif and only if ¢;; > 0;
yij‘cij N Bernoulli(/(c;; > 0));
¢ii] B0, Ui, B, 30 8y ~ N (i5,1), 1<i<m, 1<j <,
Then

P(cij — pig) I (cij > 0);

p(cij|rest) o< p(yis|eii)p(cis| Bo, U, Byt 7,) o
P(cij — pij) I (cij < 0).
Therefore

Truncated-Normal, (11,5, 1), v = 1;
Cij !rest ~

Truncated-Normal _ (p;;,1), vi;; = 0.
Using Result 1.7.3, we have
¢;j|rest ~ Truncated-Normal_(;;, 1) equivalent to
—cj|rest ~ Truncated-Normal, (— g, 1).
Therefore

Truncated-Normal, (11,5, 1), vy = 1;
c;j|rest ~

—Truncated-Normal, (—px;5,1), y; =0.
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In summary, for 1 <i <m, 1<j <n,,
¢ij|rest ~ (2y;; — 1)Truncated-Normal,, ((2y;; — 1)pij, 1)
is as given in Algorithm 9 in Section 6.5.3 for the binary responses. Then we obtain
(6.42) in Section 6.5.3 to be
yz-j‘c,-j £ Bernoulli ({ (¢;; >0)), 1<i<m, 1<j<mn,,
¢ij|rest ~ (2y;; — 1) Truncated-Normal ;.

d'
(295 — 1) llniﬁo +1,,Ui + X, (’Yﬁ © 5) +) Zy, (%kﬁk)] 1
j

k=1

yij =1 or yU = O
Recalling that

U11n1 de
pi = (wi)y = QWb+ | 1 [+ X (7,08) + D2, (i)

k=1
Um]-nm .
) ij

de
_ llmﬂo +1,Ui + X, (75 © B) +> Zy (%kﬂk)]
k=1 j

then
cij‘rest ~ (2y;; — 1) Truncated-Normal | ((2y;; — 1) p1i5,1),y;; = Lory;; = 0.
If we define
(w13);; = Truncated-Normal, ((2y;; — 1), 1),

then

cij‘rest ~ (2’!/” - 1) (wl?’)ij

is as given in Algorithm 9 in Section 6.5.3 for the binary responses.
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6.A.10 Full Conditional Distribution of a.

Following the steps in Appendix 2.B.7, we obtain (6.41) in Section 6.5.3 to be

1 1
a5|rest ~ Inverse-Gamma ( 1, — + — | .
0-6 88

6.A.11 Full Conditional Distribution of bg,

Following the steps in Appendix 2.B.8, we obtain (6.43) in Section 6.5.3 to be:

bs, |rest ~ Inverse-Gaussian (%’ 1) , 1<k<d,+d,.
k

6.A.12 Full Conditional Distribution of b,,

Following the steps in Appendix 2.B.9, we obtain (6.44) in Section 6.5.3 to be:

buk}rest ~ Inverse-Gaussian (&, 1) 1<k <d,.
[

6.A.13 Full Conditional Distribution of 52

Following the steps in Appendix 2.B.10, we obtain (6.45) in Section 6.5.3 to be:

+

do+do+1 B diag(b)8 1
2 ’ 2 as |

O'g ]rest ~ Inverse-Gamma (

6.A.14 Full Conditional Distribution of a,

Following the steps in Appendix 2.B.11, we obtain (6.46) in Section 6.5.3 to be:

o2 g2

1 1
aﬁ}rest ~ Inverse-Gamma (1, — + ) .
8 8
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6.A.15 Full Conditional Distribution of o2,

Following the steps in Appendix 2.B.12, we obtain (6.47) in Section 6.5.3 to be:

Ly + 1 byl n 2N
2 ’ 2 Ay k

oo |rest ~ Inverse-Gamma ( ) 1<k <d,.

6.A.16 Full Conditional Distribution of a,;

Following the steps in Appendix 2.B.13, we obtain (6.48) in Section 6.5.3 to be:

1 1
auk‘res’c ~ Inverse-Gamma (1, — + —2> 1<k <d,.
g

uk U
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6.B The g-Density approximation of parameters

Throughout Appendix 6.B, “const" denotes a constant that does not depend on any
g-density parameters.

6.B.1 The g-Density of /5,
Similar to the approach of used to obtain the g-density of 3, in Appendix 4.A.1, and
recalling that p (fy|rest) in (6.86), we have

q (Bo) having a N (piq(sy), 05(s,)) density function

where the g-density parameters are determined from

f]
Eq [log {p (Bo|rest) }] = { }
o5

m do

% (yTl =S ) - (X)) (v, 08) - (2;51)T (%kak)>
xEq | ° =l k=1

If we continue to define N = Z n;, note that
=1

1 1 — 1 1 1 1, 5 -1
_§Eq (J_?;nz + U_EO) =3 ( Hq(1/02) T _2> ~ 9 (Uq(ﬁo)>

95,

and therefore
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is given in (6.53) and Algorithm 10 of Section 6.6.2. The other g-density natural

parameter is

A [yTl = 2 (niptquny) - (x"1)" (“’q(vs) © “q(5)>
=1
d T
> (Z11) (araotgian) | (6.88)
k=1

Recalling that (6.10) has 15, X = 0 and (6.13) in Section 6.3.3 has Z£1N =0,1<k<
d,, in (6.88), if we define

m de
[J

wir =y 1= (nipgwy) — (x71)’" ('u’q(ws) © ""q(ﬁ)) -2 (Zfl)T (Hatrun) )

i=1 k=1

m

then wiy, = y7'1 — Z (niptqw) ) - Therefore

=1

2 2 T
Ha(Bo) = Oq(Bo)Ha(1/02)W12 = Oq(8,)Hq(1/02) (y 1- Z (n@-qui)))

=1

matches the expression given in (6.54) and Algorithm 10 of Section 6.6.2.
6.B.2 The g-Density of U,
Noting the expression for p (U;|rest) in (6.87), 1 < i < m, we have

q (U;) having a N (pq,), 05,)) density function,
where the g-density parameters are determined from

Eq [log {p (Ui|rest) }]

d
T 1 ~ i _
Ui ﬁla (yi —1,,60 — X; (’Yﬁ ® ﬁ) — ZZ““ (%kuk)>
= Eq ¢ k=1
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Note that

1

1 7 1 1 1
—§Eq (0_3 + %) = -3 (nzluq(l/crz) + ( /Uu>) = "9 (UUQI(Ui))

and therefore

—1
Oau) = (ni#qu/az) + ﬂq(l Jo2 ))

is given in (6.55 ) and Algorithm 10 of Section 6.6.2. The other g-density natural

parameter is
T 1 \T
Ha(1/o?) (% L = ity = (XT10)" (by(r,) © ()

_Z (Zian)" (kg m)ﬂq(uk))> (6.89)

Then
KgU;) = o 2 y-Tln- — Nilq(Bo)
a(Us q(Us) q(l/ag) it 4(Bo

—(x71,)" (qu) © uq(g)) - (Za1,)" (quuk)liq(ak)))

k=1

which matches the expression given in (6.56) and Algorithm 10 of Section 6.6.2.

6.B.3 The g-Density of ¢},

Recalling the expression of o7 |rest in (6.34), we note that

1
g-density of o7, is the Inverse-Gamma (% A a(o? )) density function where

1 m
>\q(0'2U) = Hq(1/av) T 9 (”“q(U)”2 + Zag(Ui)) '
i=1
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6.B.4 The g-Density of a;

Recalling the expression of ay|rest in (6.35), we have
q (ay) has an Inverse-Gamma <1, Ha(1/02) + SQU) density function.
6.B.5 The g-Density of 3
Recalling the expression for [~3 \rest in (6.36), the g-density of B is the
N (uq@), Eq(3)> density function

where the g-density parameters are determined from

~ T
B
E, [log {P ([N‘i‘rest> }] = o (BBT>
[ U | T
e Xy - X7 - Z (fo)T (YurTin)
X g E Unl,,. =
_ —%VGC { (Oig) (vh) o (XTX) + —diaigbﬂ)} |

As in Appendix 4.A.2, we define
Qq('yﬁ) = E, (71372) = Covy (7,) + Eq (7,) Eq (75)

= diag {1y(3,) © (1= 43 ) } + #4040,

Note that
1 1 T T diag (b;) | _ 1o
_5 q{g_§(757ﬁ)®<X X)—i_O'—g __§2q<5)
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Then

2y(s) = [10so0 {2400 © (X)) + b g ()]

The other g-density natural parameter is

Hawy) Ln,
-1 T T .
a(B)Pa(B) = Hat1/2) (Hq(vﬂ) © ( Y — o) (X71) = X
/"Lq(U'm)lnm
do -
-3 (2ix) wq(wuk)uq(a,@)))) - (6.90)
k=1
Recalling that (6.10) has 15X = 0, we have
Pa(uy)n,
T T
Ha() = 0% ) (“qm) o (xu-x

de . T
-2 <Z£X> Wq(m)“q@ﬂ)) :
k=1

6.B.6 The g-Density of u
For the g-density derivation given here, we have the induced product restriction
q(,...,uq,)=q(ur)...q(Wq).

Recalling the result for u|rest in (6.37), 1 < k < d.,, the g-density of (u,...,u,,) is
the product of

N (”’q(ﬁk% EQ(ﬁk))
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density functions over 1 < k < d, where the g-density parameters are determined

from
- T
Uk
Py o {p (i rest)}] =
vec (ﬂkﬁ;;F)
[ Ul]-nl ;
(2 g2 | ¢ |- (%) (n0B) - 3 (B2) i
: KAk
X Eq Unl,,,

1 Tuk@g byl
——vec{ diag % 4 £
L 2 O—g Ouk

Note that
1 . Tuk® 5 blp 1 . 1,
—gvec (dlag (Eq ( g £+ o7 k))) = —5vec d1ag<0_2~’° ) :
€ U q(u)
Therefore

2
Og(a) — ]'Lk/ {/ﬁq(l/crﬁ)/ﬁq(%m)wék + Nq(1/agk)“q(buk)1Lk} :

If we define p(,,, ) = fg(7,) Ha(a,, ), then the other natural g-density parameter is

Pa(y)1n,
° T ° T . ° T
Ha(1/02) (quk){zw —Z : —Z X (uq('YB) © “q(ﬁ))
Ha(Um) Ly
de
T 5T L
_szzk’#’q(u /)}) :dlag 2~k I""’I(ak)'
k'+k q(ar)
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6.B.7. The g-Density of 75,
We define
Hq(tr) 1n,
wie=Zy— Z, : -z X (“q(’v ) ZZTZk’“q ()
K £k
:U/q(Um)]'"m
Then

2
Fqay,) = dlag( )“q(l/ﬂ)“q(vuk)""lﬁ Hq(1/02)Ha(~y,) (""16 © Uq(ﬂk)) '

6.B.7 The g-Density of 3,

Recalling the expression of 73, in (6.38), for 1 < k < d, + d,, we have
log {q (7s,)} = Eq [log {p (75, [rest) }] + const = Eq(np, ), + const.
Hence,

1
1 +exp (_Eq(mak)>

As in Appendix 4.A 4, if we define

q(7vs,) is the Bernoulli probability mass function.

Bauy) = PaGranBaa,), 1<K < d,

we have
. 1 2 2 v |1

Eq (ns.) = logit(ps) — 5 1a0/02) (Nq(m) ”q(ék)) X

Ha(wn) Ln, de -
[ T L4 T .
—2 {Mq(gk) (Xky - X5 : - Z <Z Xk) “q(w))
k'=1

Ha@m) L

- (&%) BB ) 0 (3) )] }
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We define

Ha(u) L, de T
wis = Xy — Xp : -> (foxk> Fo(u,)
k'=1
/"Lq(U'm)]‘nm

and note that

E, {Bk (), @ (B) } = (M), © ((Eq@)k,k T Hq(a) (“q@)k) '

Therefore

. 1 v |
Eq (ns,) = logit(ps) — 5”«1(1/03){ (“i(ﬁk) + Ui(ﬁk)) XkH —2 [Nq(fjk)wm

- (x0%) (e (5m) i () )] }

6.B.8 The g-Density of v,
Recalling that 7, in (6.39), for 1 < k < d,, we have

log {q (Yur)} = Ey [log {p (yur|rest) }] + const = Ey(nux)yur + const.
Hence,

1
1 +4-exp (_EQ(ﬁuk))

q (Yuk) is the Bernoulli ( ) probability mass function.

As in Appendix 4.A.5, if we define

/,l,q(uk/) = Mq('yuk/)u’q(ﬁk/)7 1 < kla k < d'a k/ 7é ka
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we have

. 1 :
Eq (1ur) = logit (pu) — 5%(1/03){‘"% (Fa(an) © Hogay) = 2Haga) lzfy

'LLCI(UI lnl )

>T T
~Zi ~ ZIX (s,

Nq(Umlnm)

6.B.9 The g-Density of o2

Noting the result for o2 ‘rest in (6.40), we have

q (¢2) has an Inverse-Gamma (kq(02), Aq

where
N
Fa(o2) = T+ with N =

and

Ul ]-n1

1

)‘q(U?) = Mq(1/ac) T §Eq y—1n06o —

Um]-nm

© Hq(a)

S (A2 )| }

K £k

(02)) density function,

an

(6.91)
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As in (4.43) obtained in Appendix 4.A.6, now note that, in (6.91), we have

Uyl ) ,
Edlly—tho—| | =X, 08 — D Zy(yutia)
Umlnm k=1
Haw) Lny ] )
= |ly — 1nbo — : - X (Nq(.yﬂ) © %(3)) - sz (Mo @)
Ha(Um) Lnm -
Uyl
e [Covdy—Inbo— | i |-X(v,08)- sz i) p | - (692)
Upnln

Recalling that the product density restriction as follows:

a (B0, U, B, i, ) = a(fo)a (U)a (B)a@)...q @),
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the second term of (6.92) becomes

Ui
tr |Covy ¢ y — 155 — blockdiag (1,,) | : | — X (75 ©) E) — sz (Vurr)
Un

= tr {CovCI (INBO)} + tr{Cova| (blockdiag (1,,) U)} + tr{CovcI {X ('yﬁ © B) }}

de

—I—Ztr {CovCI {Zk (Vurtr) }}

k=1

= tr {1NCOVq (6()) 1%} + tr{blockdiag (1,,) Covywblockdiag (17 ) }

+tr {X Cov, (»yﬁ ® B) X T} + dz.tr {2kCOVq (mﬁk) Zf}

k=1

= NO'?(ﬁO) + Z (nZO-c2|(U1)) + tr {XTXCOVq (’)’B ® B) }
i=1
de ..
Y {Zg Z,Cov, <7ki2k) } . (6.93)
k=1
As in (4.45) obtained in Appendix 4.A.6, the third term of (6.93) becomes
w{xrxeon,(1,08)} = e 37 (11, o {5 o} )}

(XX i g i o) | 699

As in (4.50) obtained in Appendix 4.A.6, the fourth term of (6.93) becomes

tr{ 21 Z,Covq (vunitr) } = wy [qum {Uﬁ(ak) + (1= paera) (B © Hq@k))} :
(6.95)
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In summary, for Gaussian responses, (6.91) becomes

Ha(u) Lny
Aa(02) = Ha(1/az) + % Y —1nfo— 3 - X (“q(wﬁ) © "'q(ﬁ))
Ha(Unn) Ln,
de 2 m
_;Zk (e Baan) || + %Nag(ﬁo) + %Z; (ni“qﬂ/o?) + ”q(l/a%))
= i

ryedarx(n,  fmgs meia) ) |
-5 {XTX {4 © e} (g © “q@}T}

de
1
+§Z"’Ek [“m) {"3@) (1= o) (Mo © Boy) }] :
k=1

Then
[a(1/02) = Fq(o2)/ A(o?):

If we define

Han) Ln, J
w20 = flq(a) v + : + X (o) © i) + D Z1Haa o))
k=1
Ha(Um) L

we have, for1 <i:<m,1 < j <n;,

(wW20)ij = Ha(so) + Haws) +

de
X <“q(va) © “q(fﬂ)) + D2 (Mot HoGan))
k=1 i

= ij

For binary responses, we define c and p ., both as N x 1 vector. Recalling that the

full conditional distribution of the auxiliary parameter ¢;; in (6.42), we have

Truncated—Normah((y,q(c))ij 1), oy =1,
the g-density of ¢;; is the
Truncated-Normal_((y,q(c))ij 1), y; =0
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where
(wQO)i‘
(IJ’Q(C)>Z’]’ (w20>zg + (I)(wm);, Yij 17
<_(w20)i‘>
(Nq(c))ij = (wap)ij — @(—(wgo);)’ yij = 0,

using Result 1.7.1 and Result 1.7.2.
In summary, for 1 < i <m, 1< j <mn;, y; = lory; = 0, if define {'(z) =
log {2® (x)}, then

¢ ((2yij — 1)(w20)i)
P ((2yij — 1)(wa0)ij)

= (wa0)ij + (2y55 — D) ((2y35 — 1)(w20)i5),

(Kae));; = (wa0)ij + (2555 — 1)

which is
Poe) = w20 + (2y — 1) © ¢ ((2y — 1) © wa) -

6.B.10 The g-Density of a.
As in Appendix 4.A.7,

q (a-) has an Inverse-Gamma (Kq(a.), Aq(a.)) density function,

where

Fgtaz) = 1, Aqlas) = Ha(1/o2) +1/52 and pig1/a.) = Fa(as)/Ma(as)-

6.B.11 The g-Density of b3,

As in Appendix 4.A.8, we have

q <bﬁl7""b/3(do+d.))

is a product of

—1/2
Inverse-Gaussian ({ Ha(1/03) <p§( B) + 0§< Bk)) } , 1) density functions
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overl <k<d,+d,. Ifdef1new14_uq( >®uq< )~|—d1agnal< a(P )>,then

~1/2 ~1/2

Ha(vs) = [“q(l/ff%) {“q(fi) © Hq(p) T diagnal <Eq(5)> H - (“q(l/a;‘é)“’l“)

6.B.12 The g-Density of b,,

As in Appendix 4.A.9, we have

q (bul, o ,bu(d.))

is a product of

~1/2
Inverse-Gaussian <{ Ha(1/02, [H“’q(“k +1t 1.0 q(uk)l } , 1) density functions

over 1 < k < d,. If define w7 = H”q(Uk + 1Lk 2(Eix) then
Ouk -1/2
) = (—~ = (o)
o]

6.B.13 The g-Density of o2
As in Appendix 4.A.10, we have

q (¢2) has an Inverse-Gamma (/{ a(02) Ma(o2 )> density function

where do 4+ de + 1
i) T T 2
and .
_ —,,T _ _ 3 -
M(e2) = 3Pa(os) 1a(3) © () + dingonal (Zy5)) } + syt
Recalling that
Wwig = “’q(ﬁ) ® l‘l’q(ﬁ) + diagnal <Eq(,5)>
in Appendix 6.B.11, then

1 T
/\q(ag):p’q(l/aﬁ)—}_EIJ’q( )UJ14 and ,uq(l/c, —Ii 0 /)\ U
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6.B.14 The g-Density of a,

Asin Appendix 4.A.11,
q (as) has an Inverse-Gamma (/4; a(as)’ Ay (aﬁ>> density function
where
_ _ 2 _
Falas) = b Aa(ap) = Ha(rjo2) T 1/55 and hiqujas) = Ky(a)/Ny(as)-
6.B.15 The g-Density of o2,
As in Appendix 4.A.12, we have
q (02;,) is the Inverse-Gamma (m a(02,) A (ggk)> density function, 1 <k < d,,

where

Lp+1 1
Fa(e2) = 7 2 and Aq(aik) = HHatbur) Hl“l’q(ﬁk)

2
T 2

2
+17,07% 4, in Appendix 6.B.12, we have

Recalling that w7 = H“q(ﬁk)

1
Aq(crik) = Hq(1/auk) + §MCI(buk)w17 and Mq(l/"ﬁk) - I{q(oﬁk)/Aq(aik)'

6.B.16 The g-Density of a,;
As in Appendix 4.A.13, we have
q (au) is the Inverse-Gamma (Kq(a,.)s Ag(ane)) density function, 1 <k <d,

where

Hq(auk) = 17 )\q(auk) = Mq(l/gik) _'_ 1/53 and 'uq(l/auk) = Hq(auk)/)\q(auk)'
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6.C Marginal Log-Likelihood Expressions

A final aspect of Algorithm 10 is determination of good stopping criteria for the
coordinate ascent scheme. As is common in the mean field variational Bayes litera-
ture we monitor relative increases in the approximate marginal log-likelihood, also
known as the evidence lower bound, which is denote by log p (y; q) . Appendix 6.C
contains an explicit expression for the approximate marginal log-likelihood for the
Section 6.4 models under product restrictions (6.51).

6.C.1 Marginal Log-Likelihood Approximation

For the generalized additive mixed model with random intercept and Gaussian re-
sponses, the mean field variational Bayes approximate log-likelihood, similar to
(4.52) for generalized additive models, becomes

logp (y;q) =logp (y;49,C) + Ej [log {p (y|ﬁo7 U,v,.8.%,%,, 0?) H
+Ey [log {p (02|ac) }] — Eq [log {a (o2) }]

+Eq [logp {(a:)}] — Eq [log g {(ac)}] (6.96)

For the binary responses, the mean field variational Bayes approximate log-likelihood,
similar to (4.53) for generalized additive models, becomes

logp (y:q) = logp (y:9,C) + Eq [log {p (y|c) }]

+E, [log {p (c‘ﬁo, U,'yﬂ,,@,fyu, ﬂ) }] - B [log{q (c)}} . (6.97)
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The expression of logp (y;q,C), similar to (4.54) for generalized additive model,

becomes

logp (y;9,C) = Ey[log {p (60)}] — Eq [{a (Bo)}] + Eq [log {p (7,) }] — Eq [log {a (v,) }]
+ 8, [1og {p (Blbs,0%) }] = Fq [log {a (8) }] + F log {» (5,)}) — B, log {a (b,)}]
+E, [log {p (03]as) }] — Eq [log {a (o7) }] + E; [log {p (as)}] — Eq [log {q (a,)}]
+Eq [log {p (7.)}] — Eq llog {a (7v,)}] + Eq [log {p (w[b., 02) }] — By [log {q (@)}
+Ey [log {p (b,)}] — Eq [log {q (bu)}] + Eq [log {p (o ]a.) }] — E, [log {q (o2) }]
+E, [log {p (a.)}] — Eq log {q (a.)}]
+Eq [log {p (Ulo7) }] — Eq[log {a (U)}]
+£, [log {p (o7 |av) }] — Ey [log {a (o7) }]

+Eq [log {p (av)}] — Eq [log {q (av)}] . (6.98)

Here “C" signifies the fact that (6.98) is common to log p (y; q) expressions for both
Gaussian response case and binary response case.
Explicit expressions for logp (y;q) in each case can be obtained by simplifying

each of the g-density moment expressions. For example, the first term of (6.98) is

By o {p ()] = 5 low (2m) — 3 lox (03,) — £ B () /%,

1 1 2 1 2 2 2
= —5 log (27) — S log (05,) — 5 {#aan) + oaisn } /%-

The second term of (6.98) is

—E, log {q (B)}] = 2 log (2) + ~ log (625,)) + = By (B0 — ttatan)” /7%,
2 2 2

1 1
b {log(2m+ 1)} + 3 log (024, -
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The third term of (6.98) is

Eq [log {p (v,)}] = OZ.Eq {7sr10g (ps) + (1 — ypx) log (1 — ps) }
—logit(p) Y siy,,,) + (o + d) 05 (1~ p.).
The fourth term of (6.98) is
do+de
—E, [log {a (v,)}] == _ Eyllog {a (var)}]

k=1

dotde Bk 1=7pk

- Z Eq {log { (’uq wg)> (1 - /“Lq(“mk)) H
do+de

- Z [“q (vn) (“q(m)> + (1 - “‘K’Yﬁk)) log (1 a ”q(W))} '

The fifth term of (6.98) is
do+de

£ [los { (Blbuo3) ] = 3 s [loa {p (el 3) }

do

= > |G log(2n) = 5, {log (02)} + 3 (g )} — 3yt B (b %)

+

e
Il
—_

—%(doer.)log (27) — ;(d +da) Ey {log (o }+ ZE {log (bsr) }

do+de

a(1/02) Zu (be) ( A) +o‘2<§k)>.
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The sixth term of (6.98) is

£, oz {a (B) }] = 3 roe[2r )| + 50 { (B me)) By (B 1e) |

= gl {en oy} g [ (B ) (B )]
— %1 og {(QW)d"er' ‘Eq(ﬁ)’} + %tr (Ldyta,)
_1 10g (E)‘ + % {(do + do) log (27) + (do + da)} .

Using Result 1.6.2, the seventh term of (6.98) is

By log 1 (b,))] = Z o (5 ) - 26 ow 600} — 552 (1)

dotde 1 Gotde
= —(do + d4)log (2) — 2 Z Eq{log (bsx)} — 2 Z [{1/%(1&%)} + 1}
k=1

do+de do+de

:—(do+d){log —}—%Z{l/ﬂqbﬁ } QZEq{IOg(bﬂk)}'

=1
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The eighth term of (6.98) is

do+de bk — b 2
—Eq [log{q (b,)}] = — Z |:%10g(27r) - gEq {log (bgx)} — E, { ( ’ 2( )) }]

—1 Qbﬁkuq(bﬁk)

do+de

- Z {——log(27r) - §E {log (bsr)} — _E (bsr) /,u (b))

+1//“Lq(bzak) B %Eq <1/bﬂk>}
=3 [ghsen - 3 el -1/ {ngn } 1 /i
5 {1/ +1}

==Y |- gtontem) - 35 Qg () - 3]

k=1

de
1 3
= 5 (do+do) {log (27m) + 1} + 5 " E, log (bs)
k=1

The ninth term of (6.98) is

B, [log {p (02]a)}] = E, {log{(l/aﬁ)lm /r( ) 1o (o) ~1/ (%, H

1

— Lok ) = L Qo8 00} = 2, (08 (02)) = i)

The tenth term of (6.98) is
B, [log {a (02)}] =~ E, E (da +du+ 1)log (Ay3)) — Iog {r (g (do+dut 1>) }
_ {% (do +de + 1)+ 1} log (ag) — )\q(gé)/ag}

+ log {F (% (do + de + 1))}

1
= =3 (do+du+ 1) log (A,
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The eleventh term of (6.98) is

Ballog {p ()] = £ (10 [{ (1/5) /7 (5) 02" foww (1/ (20))])
— _% log () — log (s5) — ;Eq {log (as)} — uq@/aﬁ)/S?-

The twelfth term of (6.98) is

~Ey llog {a (as)}) =~y [log { A,y exp (<Ay(o,) fas) }]
= —log {)\q(aﬁ)} + 2E, {log (as)} + )‘q(ag)“q(l/aﬁ)'

The thirteenth term of (6.98) is
Eq [log {p (v.)}]

_ Z.Eq [k {log (pu)} + (1 = yur) log (1 — pu)]

de
= 10git (pu) > _Ha(r,s) + delog (1= pu) .
k=1

The fourteenth term of (6.98) is

eatostatr) =50 o { () ™ (1) ]
de
Z [/lq (var) ('uq(“fﬁk)> + {1 B 'uq(Vﬁk)} log <1 B /”Lq(wk))} ’

k=1
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The fifteenth term of (6.98) is

de

B, [log {p (@b, 0%)}] = 3 [—%Eq (108 | (2) Sy

k=1

)—%E { k) U }]

- Z“ (1/02,) Halbur) (Iqu aoll” + 11,0 q(uk)>
The sixteenth term of (6.98) is
—Eq [log {q (u)}]
= Z [ Ly log (27) Zlog fan) + ;E { (2 — Nq(ak)‘;@i (e — o) }]

q(ug)

= {log (2m) + 1} ZLk + ZZ log (o Ukl
= 2 0S
The seventeenth term of (6.98) is

By llog (o (b)) = 3 5 e iog (5) 1o {r (G e+ )|

k=1

- {% (L, +1) + 1} Eq {log(bur)} — %Eq (1/buk)]

(d +2Lk>log Zlog{ ( Lk+1)>}

de

_Z { (Lp + 1) + 1} Eq {log (buk)} — %Z [{1/%(%)} + 1}

k=1

:—%d.{log(2)+1}—%10g ZLk—Zbg{ (; L’“H))}
_Z{< (Ly +1) ) + 1}Eq {log (bur)} — %g{l/ﬂqwm}
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The eighteenth term of (6.98) is

—Eq [log {q (bu)}] = —2 [—% log (2) — gEq {log (bux)} — Eq { (b — “;@uk)) H

=1 Qb“k'ufJ(buk)

d
- 1 3
== [—5 log (2m) — 5 Eq {log (bur)} = 1/ {2ttqwu) } + 1/ Mo
k

—5 (1m0 + )]
- _i {—%log (2m) — ;Eq {log (bu)} — %} - %d, {log (27) + 1} + ;Eq {log (bus)}
The nineteenth term of (6.98) is
Ey [log {p (o3| a.) }]
_ZE [bg{ 1/a,) 1/2/F< )} . —log( D=1/ (o kauk):|

de

= ——d log (7 Z

k=1

E {log (auk }—i— E {log (02,)} — uq(l/auk)pq(l/aik)] .

The twentieth term of (6.98) is

de

B, [log {q(c2)}] = —;Eq E (Li+1)1og (Ay(z,)) —log {r (% (Ly + 1)) }
{5 0 )+ 1 By om (020} = My S
53 e e (1) + S {r (5100

de
>
k=1

de
k=

1

{% (L +1)+ 1} Eq {log (o) } + ( /Uuk>)‘q(gik)] '
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The twenty-first term of (6.98) is
E,log{p(a,)} ZE {log { 1/su /F ( )} - gEq {log (auk)} — E4 {1/ (auksi) }]

de
— —%d.log( ) — dolog (su) ZE Hlog (@)} = (1/s. ZM“( o)

k=1
The twenty-second term of (6.98) is
de
E, [log {q(a.)} Z[ 10g (Aq(ans)) + 2Eq {10g (aur)} + Aq(ans q(l/a )] .
k=1 uk

The twenty-third term of (6.98) is

m

= Z {_1 log (27) — = E, {log (O'U)} uq(l/U%)Eq (UE)}
= —% log (2m) — —Eq {log (o7) } 2%(1/05)2 (Lwy + o2wy)

~Eylog {a (U)}] = 3 (% log (2m) + 3 Tog (020,) + 5 By [ (U — aw)” / aa])

- %{log (2m + 1)} + %Z (log (@?(Uﬂ))’

The twenty-fifth term of (6.98) is

B, [log {p (o2|av)}] = E, llog{(l fau)” /1 (%) 1o (03) 1/ (haw H

1 1 3
= —5log (m) — 5o {log ()} = 5By {108 (08)} = sty /au (1703
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The twenty-sixth term of (6.98) is

—Eq [log {a (07) }]

- _F, B (m+1)log (Aq%)) — log {F (% (m+ 1))}

_ {% (m+1)+ 1} log (07,) — Aq(ggj)/aff]

=L+ 1108 (3g)) + s {r (Som )}

+ {% (m+1)+ 1} By {log (07) } + Ha(1/03) Ma(o)-

The twenty-seventh term of (6.98) is
Eq [log {p (av)}]
1\ _
= E, <log [{ (1/SU) /F (5) aU3/2} exp (1/ (s?]aU)ﬂ)
1 3 ,
= —glog(m) —log (sv) — 5 By {log (av)} — Mq(l/au)/SU«
The twenty-eighth term of (6.98) is

—Eq [log {q (av)}]

= By [1og { Aytawnag exp (~Nygar /a0 ) }]

= —log { M) } + 2B {log (av)} + Ag(ap) (1 fav)-

6.C.2 Collection of Logarithmic Moments of Variance Parameters

In this subsection we collect the contributions to log p (y; q, C) of each of the logarith-

mic g-density moments of variance parameters.

The E, {log (¢2) } Terms

1
The fifth term of (6.98) contains: ) (ds + da) Eq {log (c2) } .
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The ninth term of (6.98) contains: —;Eq {log (c2) } .

The tenth term of (6.98) contains: {% (do +dy +1) + 1} E,{log (c2)}.

Since ) 5
- = o o) — = = o ° 1 1_—7
2(d+d) 2+2(d+d+)+ 0

the E, {log (02) } contribution to logp (y; g, C) is zero.

The E, {log (¢2,)} Terms, 1 < k < d,

de
1
The fifteenth term of (6.98) contains: —§ZLqu {log (¢2,)}.
k=1

d.
3
The nineteenth term of (6.98) contains: _§ZECI {log (¢2,)}.
k=1

de
1
The twentieth term of (6.98) contains: Z {5 (Lp+1)+ 1} E, {log (c2,)} .
k=1

Since . 5
——Lp——+—-(L,+1)+1=
5 Lk 2+2(k+)+ 0,

the E, {log (02;)} contributions to log p (y; q, C) are zero for each 1 < k < d,_.

The E, {log (¢7,)} Terms

The twenty-third term of (6.98) contains: —%Eq {log (c3)} .

The twenty-fifth term of (6.98) contains: —;Eq {log (c7)} .

The twenty-sixth term of (6.98) contains: (mTH + 1) E,{log (c})},

Since

m 3 m—+1
2 o471 =
! 2+( . +) 0,

the E, {log (c{;)} contributions to log p (y; g, C) is zero.
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6.C.3 Collection of Logarithmic Moments of Variance Auxiliary Pa-

rameters

The E, {log (as)} Terms

The ninth term of (6.98) contains: —%Eq {log (a,)} .

The eleventh term of (6.98) contains: —;Eq {log (as)} .
The twelfth term of (6.98) contains: 2E; {log (a,)} .

Since
L 3+2—O
2 2 7

the E; {log (as)} contribution to log p (y; q, C) is zero.

The E, {log (ay;)} Terms, 1 < k < d,

d
1 L]
The nineteenth term of (6.98) contains: _§ZECI {log (auk)} -
k=1
3 do
The twenty-first term of (6.98) contains: _QZE‘] {log (auk)} -
k=1

d.
The twenty-second term of (6.98) contains: ZZEq {log (auk)} -
k=1

Since L3
—— ——4+2=0
2 2Jr ’

the E, {log (au)} contributions to log p (y; q, C) are zero for each 1 < k < d,.

The E, {log (ay)} Terms

The twenty-fifth term of (6.98) contains: —%Eq {log (av)}.

The twenty-seventh term of (6.98) contains: —;Eq {log (ay)} .
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The twenty-eighth term of (6.98) contains: 2E; {log (ay)} .

Since
L 3+2—0
2 2 o

the E; {log (ay)} contribution to log p (y; q, C) is zero.

6.C.4 Collection of Constants

The constant contributions to each of the terms of log p (y; q, C) are as follows:
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—1log (2m)
first tifteenth —1log (2m) S Ly
—3log (o7,)

second 3 {log (2 + 1)} sixteenth 5 {log(2m) + 1} S Ly

—5da {log (2) + 1}

. (do + do) _ 1 de
third X log (1 — py) seventeenth 510g(2) > 0 L
T 2ik= 1log{F( (Lr+1))}

fourth 0 eighteenth sde {log (2m) + 1}
fifth —3 (do + da)log (2m) nineteenth —3d, log ()

1
sixth 7 (do + da) log (27) . 1

+ (do + da)} twentieth * log{T (3 (Lp +1))}

(do + da) : 1
seventh x {log (2) + 1 twenty-first —5delog (m) — d4 log (sy,)
: 1 (ds +do)

2 \do " (o .
eighth % {log (27) + 1} twenty-second 0
ninth —1log () twenty-third —3 log (2m)

log {T" (5 m
tenth % (do+d+1))} twenty-fourth % {log (27) + 1}
eleventh  —Zlog(m) —log(s,) twenty-fifth —3 log ()
twelfth 0 twenty-sixth log {T" (™)}
thirteenth  d, log (1 — p.) twenty-seventh  —1log () — log (sy)
fourteenth 0 twenty-eighth 0

Table 6.2: Constants that do not depend on any g-density parameters of (6.98), denoted as
const;y.
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Therefore
logp (y;q,C)
1 1 do+de
= consti — 5 {Hq(a) + O4(a0) } / o T 5108 (04(a)) +10git(ps) > Haty)
k=1
do+de
N ; |:'uCI('7ﬁk) log <“q(wk)> T <1 - 'uq(vsk)> log <1 - “q(wgk)ﬂ
1 do+de
2 2
“2Pe) 2 M) (i) * 72a) + 218 [Z9)
1 dotde )
_5 2 {1/“q(bﬁk)} - /J’q(l/aﬁ):uq<1/o.§) - 5 (do + d. + 1) log <>\q(a§)>

de
) (M) 108 (tar)) + {1 = Hatr } 108 (1 = tg(y,)]

k=1
de 1 de
HOgit(0) Y o) = 53D _Ha(1/2, ) Hathus) (Iqu anll’ + 15,0 q(uk>>
k=1 k=1

_{_%Z.Zklog (Ug(gkl)) — %2 {1/Nq(buk)} - ;Mq(l/auk)uqO/a? )

k=11=1 uk

__“( )Xm: Haws) + o Zlog oaws)

m—+1

(/) (1)) T 2 log (Ay(sz)) + 4 (1 /UU>Aq(U%)

—ta(t/ar)/ St — 108 { M) } + Aq(aUﬂg(l/aU)'
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For the Gaussian responses, the second term of (6.96) is

E, [log {p (y}ﬁo, U, v, 8,87, 0?) }]

N

— — log (m) - gEq {log (2)}

Ay (2

The third term of (6.96) is

de

Yy, — 1,60 — 1,,U; — X (’Yﬁ © B) — Zzik (YurWr)
k=1

Ey[og {p (o2]ac) 1) = i [log 1) /1 (1) = S oz (02) =1/ (o2a.)
=~ By log (@)} — 5 log () — S, {log (o2)} — 1 (/o)1)
The fourth term of (6.96) is
B, [log {a(02)}] = B, B (N + 1) log (Aqeoz)) — log {r (% (N + 1>) }
{5 014 1] By 10w (02)) — A /7]
= 5 (N4 1)10g () +log {r (% (N + 1)) }

1 2
+ {5 (N+1)+ 1} Eq{log (02)} + “q(l/gg> {Mq(l/as)+

m de

i=1 k=1

The fifth term of (6.96) is

2

B, [log {p (a.)}] = —% log () — log (s:) — gEq {log (a<)} — Ya(1/a:) /sf‘
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The sixth term of (6.96) is
—Eq [log {q (a)}] = —log (Ag(a)) + 2E} {log (a)} + Aq(aa)“q(l o)

Therefore, for the Gaussian responses, we have

logp (y;q) =logp (y;q,C) + E; [log {p (y|ﬁo, U. 9,5 8,8, 7., 03) H
+E, [log {p (0Z]ac) }] — Eq [log {q (02) }]
+Eq [log {p (a:)}] — Eq [log {q (ac)}]

N N
=logp(y;9,C) — 5 log (27) — EEq {log (0?)}

_%“q(l/ag)Eq {;

_%Eq {log (a.)} — %log () — ;Eq {log (02)} — #q(l/%)ﬂq<1/oz)

de

k=1

J

_% (N + 1)log (Aqo2)) +log {F (é W+ 1)) }

+ {% (N+1)+ 1} E, {log (‘752)} +“q(1/gg)uq(1/ae)

de

Y, — Lo,fo — 1,Ui — Xi(v, © B) + > Zi(urtix)
k=1

m

+%Mq (1/03) Eq (Z

=1

g

_%mg (7) — log (5.) — gEq {log (a-)} —Mq(l/%)/se

—log (Aqga.)) + 2Eq {log (a2)} + Aq(%)uq<l /)
1
=logp(y:9,C) — 5 (N +1)log (M(o2))

—Nq<1/as> /53 —log (Ag(a.)) + )‘q(ag)/iq (1/%) + consty.

where const; denotes constants that do not depend on any g-density parameters.
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In the binary response case, recalling that (6.97) is

logp (y;q) =logp (y;4,C) + E, [log {p (y|c) }]

+Eq [1og {p (¢80, U7, B.7,,8) }] = By llog {a()}],

and recalling that
= [[11(cs = 0y 1(ci; < 0)' ¥,
i=1j=1

then the second term of (6.97) becomes

ng

Eq [log {p (y[e)}] =D Z YijEq log {I(cij = 0)}] + (1 — i) Eq [log {1 (c;; < 0)}]).

=1

The third term of (6.97) is

E, [log {p (c!ﬁo, U. 5 B,V 'E) H
= —glog(%r) — %Eq (i

=1

de
¢ — 1n,Bo — 1,Ui — Xi(v, © B) — Zzik(%kﬂk)‘r) :
k=1

Recalling that

m  ng

log { ()} =~ loa(2m) + > [y log {7{cy; > 0)) — gy los {®(m,))}

i=1 j=1

+(1 = i) log {I(ci; < 0)} — (1 — yij)log {®(—m;;) }]

_1nB0_1 U X 7[3@,3 Zzzk Vukuk

where
Ha(ur) Ln, d
N" = fa(so) In + : +X <#qm) © “q(ﬁ)> + D2 (Hatu Hagare)
k=1

Ha(Unm) ]‘TLM
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then the fourth term of (6.97) becomes

~ B, log {a (e)}] = = log(2n) ZZ v Ea [{I(cy; > 0} + (1 = i) By [{I(cs; < 0))]

—yij Bq [log {®(n) }] — (1 — yi;) Eq log {@(—ni;) }])
o Ey ( & = Lufio — 1. = Xi(v, © B) - ijikmkﬁk)HQ) .

=1 k=1

Therefore, for binary response, we have

logp (y;q) = logp (y;q,C)

+ ZZ (i Eq [log {1 (cij = 0)}] + (1 — i) Eq [log {(ci; < 0)}]) — glog(%)

~ de 2
¢; — 1,00 — 1,,U; — Xi(v, © B) — Zzzk(%kﬁk)H )
k=1

+ 2 0m(2m) = 30 (0 By [ ety > 0]+ (1~ ) By [{T ety < 0))]

i=1 j=1

—yi; Eq [log {<I>("7?j)}} —(1- yz’j)Eq [log {q)(_ngj)}D

L& 2
c; — 1o, 0 — 1, U = Xi(v, © B) — ZZz‘k(%kﬁk)H )

=1 k=1
= logp (y:9,C) +ZZ vii Eq [log {@(n{;)}] + (1 — yi;) Eq [log {—®(-n)}])

i=1 j=1

m N

~logp (y;q,C) + ZZIog {®((2y;; —1)mi) }

i=1 j=1

=logp (y:4,C) +Zzlog{ ( 245 = 1) [0 + o

=1 j5=1

+ (Xi (a(a) @ Ho(3)) +gzzk (T uk))> D }

J
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Chapter 7

Application to the Australian
Red Cross Blood Service

Datasets

7.1 Introduction

Blood donation is currently one of the few methods to collect blood for therapeutic
purposes and is essential for healthcare worldwide. Due to the typically voluntary
nature of blood donations, donor attendance rates can vary significantly. As a re-
sult, these variations affect both the financial and human resources of the healthcare
system (Boksmati et al., 2016). Consequently, blood collection services aim to under-
stand the factors influencing donor attendance, such as Charbonneau et al. (2015),
Bagot et al. (2013) and Gemelli et al. (2017). However, most studies rely on small
datasets and lack the use of modern statistical tools for analysis.

Our dataset, provided by the Australian Red Cross Blood Service, has over 3 mil-
lion donation records, collected in Queensland between 2015 and 2017. Table 7.1 pro-
vides the descriptions of 37 relevant recorded variables. Our goal is to identify the
key factors influencing blood donors” appointment outcomes, such as whether they
attend their scheduled donation, while incorporating more variables and a larger
sample size than previous studies. Computationally efficient methods are necessary

due to the large size of the dataset.
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The Bayesian model selection paradigm is used to facilitate the GAMM selec-
tion with random intercept described in Chapter 6, with accuracy and tremendous
flexibility to achieve the scalability when handling large data sets. We apply the
methodology described in Chapter 6 for the GAMM model selection with random

intercept to the Australian Red Cross Blood Service dataset in this chapter.

We aim to categorize each candidate predictor’s effect type to be linear, non-linear
or zero on the mean response, to identify the contribution of variables to the response
data, via the MCMC approach and the MFVB approach as the faster option. For the
linear effect predictors, we need to know they are having positive or negative im-
pacts on the mean response by the posterior mean and the 95% credible intervals of
all the selected linear coefficients. For the non-linear effect predictors, we display
relevant slices of the additive model fit, for which each of the other functions are
evaluated at the median value of their predictor. For the zero effect predictors, they
can be discarded, making the selected model parsimonious.

The data cleaning process of the Australian Red Cross Blood Service data is de-
scribed in Section 7.2.1. We simplify the data for the three-category GAMM selection
with random intercept in grouped data. The selection result is given in Section 7.2.2,
using the MCMC approach, as described in Algorithm 9 in Section 6.5.3. Further,
the selection result is given in Section 7.2.3, using the MFVB approach, as the faster
option as described in Algorithm 10 in Section 6.6.2.

7.2 Analysis of the Australian Red Cross Blood Service
Dataset

Table 7.1 provides a description of each of the 37 relevant variables recorded. These
37 variables will be used in Section 7.2.2-7.2.3 for GAMM selection with random

intercept.
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Table 7.1: A table that shows each of the variables in the analysis, explains what they mean

and lists the type of data they are.

Variable name

ID

attendance

age

Sex

bloodType

pltDon

WBDon

plsDon

apptTime

apptWkday

apptMth

apptSeas
apptYear

Description
A multilevel factor variable with each donor’s ID number.

A two-level factor whether the donors either attended or
were absent in their appointment. Didn’t attend is the ref-

erence.
A continuous variable with the donor’s age in years.

A two-level factor variable with the donor’s gender. Female

is the reference.

A nine-level factor variable with donor’s blood type. It can
be A+, A—, AB—, AB+, B—, B+, O—, O+ or Unknown.

A count variable with the number of platelet donations the
donor has had.

A count variable with the number of whole blood donations
the donor has had.

A count variable with the number of plasma donations the
donor has had.

A continuous positive variable with time of the appoint-
ment, converted to proportion of a day measured from mid-
night in hours.

A six-level factor variable with weekday of the appoint-
ment from 2 to 7, where 2,3,4,5,6,7 are weekdays Monday,
Tuesday, Wednesday, Thursday, Friday, Saturday respec-
tively.
A 12-level factor variable with the month of the appoint-
ment.

A four-level factor variable with season of the appointment.

A three-level factor variable with the year of the appoint-

ment.

Continued on next page
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Table 7.1: A table that shows each of the variables in the analysis, explains what they mean

and lists the type of data they are. (Continued)

Variable name

apptPubHolRad

apptCreDelta

apptBookType

colTypeSched

colTypeTaken

centreType

centreLoc

Description

A five-level factor variable with the number of days either
before or after the appointment to the nearest public holi-
day. If a public holiday is not within seven days of an ap-
pointment, this variable takes the value 0. If an appoint-
ment is one day from a public holiday, this variable takes
the value 1. If an appointment is two days from a public
holiday, this variable takes the value 2, etc.

A continuous variable with the difference between the date

of creating the booking and the actual donation date.

A seven-level factor with the type of booking made. In cen-
tre bookings are those made after the previous donation.
NCC inbound is where the donor calls the centre. NCC out-
bound is where the centre calls the donor. NCC unknown is
a booking made over the phone, but it is unsure who called
who. Community relations are bookings made through com-
munity outreach. Portal are bookings made using the portal
software and Webbooking are those made over the web.

A four-level factor variable with the type of blood collec-
tion procedure scheduled to be conducted. It can be either
plasmapheresis, plateletpheresis, whole blood or no blood.

A four-level factor variable with the type of blood collection
procedure conducted. It can be either plasmapheresis, platelet-
pheresis, whole blood, no blood taken during appointment.

A two-level factor with the type of centre where the col-
lection of blood was scheduled, i.e. whether it was a static
collection room or a mobile blood van. Here mobile is the ref-

erence category.

A two-level factor whether the scheduled collection centre

was regional or metro. Here regional is the reference category.

Continued on next page
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Table 7.1: A table that shows each of the variables in the analysis, explains what they mean

and lists the type of data they are. (Continued)

Variable name

lastDefLen

lastDefEndLen

inbndSMS

inbndPhone

inbndEmail

inbndUnknown

inbndInternet

outbndPhone

outbndSMS

outbndEmail

outbndUnknown

outbndInternet

Description

A continuous variable given as the length of time in weeks
since the donor last deferred an appointment. This is set to
0 for when the donor has not had a previous deferral.

A continuous variable with length of time in weeks since
the donor last deferral ended. This is set to 0 for when the

donor has not had a previous deferral.

A count variable with the number of messages sent to the

Red Cross from the donor.

A count variable with the number of phone calls made to
the Red Cross by the donor.

A count variable with the number of emails sent to the Red
Cross by the donor.

A count variable with the number of unknown communica-

tions sent to the Red Cross by the donor.

A count variable with the number of internet communica-

tions sent to the Red Cross by the donor.

A count variable with the number of phone calls made to
the donor by the Red Cross.

A count variable with the number of messages sent to the
donor by the Red Cross.

A count variable with the number of emails sent to the
donor by the Red Cross.

A count variable with the number of unknown communica-

tions sent to the donor by the Red Cross.

A count variable with the number of internet communica-

tions sent to the donor by the Red Cross.

Continued on next page
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Table 7.1: A table that shows each of the variables in the analysis, explains what they mean
and lists the type of data they are. (Continued)

Variable name Description

lastTTC A continuous variable with the time it took in the last ap-
pointment before the donor was on the couch ready for the
phlebotomist to take blood.

lastBleedTime A continuous variable with the time it took in the last ap-
pointment from needle in to needle out. This is linked to

collection type.

lastDonMultiArm A two-level factor variable which indicates whether or not
the donor was punctured in one or both arms. True if one
arm and False if both.

lastDAEVVR A two-level factor variable indicating whether or not the

donor had a vasovagal reaction in their last visit. True if one
did happen and False if one did not.

lastDAEnonVVR A two-level factor variable indicating whether or not the
donor has a non-vassalage reaction in their last visit. True if

one did happen and False if one did not.

7.2.1 Data Cleaning

The Australian Red Cross Blood Service dataset was obtained from various sources
and required data cleaning. Donors had the freedom to visit any room at any lo-
cation in Queensland as often as they wished, resulting in many donors attending
different rooms for their appointments. The data has a complex structure, with dona-
tions nested within donors and crossed with rooms, where rooms are further nested
within areas (see Figure 7.1). Additionally, the true structure of the data includes a
time effect. However, due to the methodological limitations discussed in this thesis,
we simplify the data to a single level of nesting, with donations nested by donor, by
grouping all donations under each donor (see Figure 7.2).

For the application to the Australian Red Cross Blood Service dataset, 37 rele-
vant candidate predictors with descriptions listed in Table 7.1 enter the mode for
the GAMM selection with random intercept, as described in Section 7.2.2 using the
MCMC approach and as described in Section 7.2.3 using the MFVB approach.
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Donors

Donation

Rooms

Area

Figure 7.1: A plot shows the two level multiple membership structure of the data, where donations
are nested under donors crossed with rooms, which are nested under area. The first row represents
each donor, the second row shows each donation of each donor, the third row shows which room each
donation was done in, and the fourth row shows the area of each room. Note the time aspect of the
data is not included in this graph.

Donors

Donation

Figure 7.2: A plot shows the one level structure of the data after the simplification for the GAMM
selection with random intercept. Donations are nested under each donor. The first row shows each
donor. The second row shows each donation of each donor.
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Some variables were recorded as they were used in the collection rooms and
hence were not in a format suitable for statistical analysis. The predictor apptTime
listed in Table 7.1, originally in a date-time format, was converted to hours since
midnight, with the date component separated into years.

The response variable attendance listed in Table 7.1, is the patient appointment
result. It was originally recorded as a six-level factor with the following outcomes be-
ing: attended, blood was taken, cancelled, rescheduled, active or unknown. We sim-
plified it to a two-level factor called attendance, where the donors either attended or
were absent, with absent as the reference category. The response variable attendance
is the indicator of whether the donor attended the donation.

The predictor apptCreDelta listed in Table 7.1, is referred to the date gap between
creating the booking and actual donation date. The dataset contained negative val-
ues for apptCreDelta, representing instances where patients attended without book-
ing in advance. These values occurred since the appointment time was recorded
after the donor’s blood was taken by staff. These negative values were not useful
for predicting donor attendance rates, therefore, we removed these negative values
from the dataset.

The dataset also contains several missing values. For first time donors, there are
missing values for predictors WBDON, pltDon, plsDon and lastDefLen listed in Table
7.1. These predictors represent the number of whole blood donations the donor has
had, the number of platelet donations the donor has had, the number of plasma do-
nations the donor has had and length of time in weeks since the donor last deferral,
which are not available for first time donors. Since the primary goal of this analysis is
to demonstrate the methodology, we do not investigate this further and instead per-
form a complete case analysis. Moreover, a spurious observation, where a donor’s

age made their last deferral length impossible, was removed from the dataset.

The counts of each communication method between the Red Cross and the donor
were converted from count variables, indicating the number of times each form of
communication occurred, into a binary variable indicating whether there was no

communication or at least one communication.
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The dataset included several donors with an exceptionally high number of ob-
servations (the highest having 2, 247 bookings). It is speculated that these were au-
tomated bookings triggered by various information flags, which were either not at-
tended or cancelled. As donors with a high number of bookings were relatively

common, we chose not to remove them from the dataset.

The predictors plsDon, pltDon, lastDeflLen, lastDefEndLen and lastTTC are mildly

or highly skewed. Therefore, we implemented a transform of log (z + 1) .

After the conversion of each of the categorical variables to indicator form, the
dataset contained 80 candidate predictors. We used a 10% subset of the original
data. There are 9,053 groups with a total of 78,727 observations for the GAMM
model selection with random intercept via MCMC and MFVB, descried in Section

7.2.2 -7.2.3 respectively.

7.2.2 Data Illustration for Markov Chain Monte Carlo

Using the MCMC approach described in Algorithm 9 in Section 6.5.3, we obtained
the categorization results shown in Table 7.2. The model selection process via MCMC
takes 237.39 seconds. Among 80 candidate predictors, 41 were selected: 37 linear ef-

fects, 4 non-linear effects and 39 predictors discarded.

We obtained the inferential summary for all the selected linear fits using the
MCMC approach as shown in Table 7.3 . The descriptions of these predictors are
listed in Table 7.1. The results show that apptYear of 2017, outbondSMS, inbndPhone
and outbndPhone, each have positive impacts on the probability of donor atten-
dance. Conversely, centreType, inbndSMS, apptBookType of NCC outbound, colType-
Sched of Plateletpheresis Collection and apptBookType of Web Booking each have neg-
ative impacts on the probability of donor attendance.

There are four predictors that exhibit non-linear effects on the probability of donor
attendance, which are apptCreDelta, WBDon, log (pISDon + 1) and apptTime. The
descriptions of these predictors are listed in Table 7.1. We obtained Figure 7.3 to
visualize the non-linear effects. The first panel for predictor apptCreDelta indicates
that the probability of donor attendance sharply decreases from 0.8 to 0.3 as apptCre-
Delta increases from 0 to 75, and then continues to decrease moderately from 0.3 to
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Predictors selected as having linear effects:

colTypeTaken of no blood taken, colTypeTaken of plasmapheresis taken,

colTypeTaken of Platelepheresis taken, colTypeTaken of whole blood taken,

age, apptYear of 2016, apptYear of 2017, bloodType of B+,

apptSeas of Summer, apptBookType of NCC unknown, apptBookType of NCC outbound,
centreLoc, centreType, apptMth of December, apptBookType of NCC inbound,
lastDAEVVR, apptMth of February, apptWkday of Friday, outbndUnknown,

)

apptMth of January, apptMth of June, log (IastDefLen + 1) log (IastDefEndLen + 1),

log (pItDon + 1), apptMth of March, lastDAEnonVVR, bloodType of O—,

apptBookType of other, inbndPhone, outbndPhone,
colTypeSched of Plateletpheresis Collection, sex, inbndSMS, outbndSMS,
bloodType of unknown, apptBookType of Web Booking, apptWkday of Wednesday.

Predictors selected as having non-linear effects:

apptCreDelta, WBDon, log (pIsDon+1>, apptTime.

Table 7.2: Categorization results obtained from Red Cross Blood Service application dataset using the
MCMC approach as given by Algorithm 9.

0.2 in the range from 100 to 200. The second panel for predictor WBDon shows that
the probability of donor attendance increases steadily from 0.4 to 0.6 with particu-
larly high values further increasing the probability of donor attendance. Similarly,
the third panel for predictor log (plsDon + 1) shows a similar steady increase from
0.4 to 0.6 with higher values resulting in higher probability of donor attendance. The
fourth panel for predictor apptTime shows that the probability of donor attendance
peaks around 0.5 in the range from 0.3 to 0.4 and from 0.7 to 0.8.

7.2.3 Data Illustration for Mean Field Variational Bayes

Using the MFVB approach described in Algorithm 10 in Section 6.6.2, we obtained
the categorization results shown in Table 7.4. The model selection process via MFVB
takes 45.23 seconds. Among 80 candidate predictors, 36 candidate predictors were
selected: 31 linear effects, 5 non-linear effects and 44 discarded. Among the 31 linear
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posterior mean 95% credible interval

colTypeTaken of no blood taken —-0.09168 (—0.1875,0.0000)
colTypeTaken of plasmapheresis taken 0.05964  (—0.005898,0.1768)
colTypeTaken of Platelepheresis taken —0.06558 (—0.2024, 0.0000)
colTypeTaken of whole blood taken 0.02673 (—0.06051,0.1404)
age 0.01038  (0.009372,0.01148)
apptYear of 2016 -0.05056  (—0.3601,0.005011)
apptYear of 2017 0.3107 (0.0000, 0.3873)
bloodType of B+ 0.06942 (0.0000, 0.1461)
apptSeas of Summer -0.08098 (—0.186, 0.08692)
apptBookType of NCC unknown 0.4996 (0.4021,0.6462)
apptBookType of NCC outbound ~0.7836  (—0.8889, —0.635)
centreLoc —-0.03121 (—0.06249, 0.0000)
centreType -0.1653  (—0.2091,—0.1252)
apptMth of December 0.161 (0.0000, 0.2716)
apptBookType of NCC inbound -0.4067  (—0.5105,—0.2535)
lastDAEVVR —0.1913  (—0.2781, —0.09297)
apptMth of February -0.06906 (—0.2517,0.0119)
apptWkday of Friday -0.07165  (—0.1102, —0.02197)
outbndUnknown 0.597 (0.0000, 1.141)
apptMth of January ~0.05212  (—0.2215,0.05397)
apptMth of June —0.04275 (—0.09215, 0.0000)
log (lastDefLen + 1) 0.01786 (0.0000, 0.02852)
log (IastDefEndLen v 1) 10.01404  (—0.02346,0.0000)
log (pltDon n 1) 0.03502 (0.0000, 0.06323)

Table 7.3: Inferential summary of the linear coefficients for the Australian Red Cross Blood Service
dataset, using the MCMC approach as given by Algorithm 9.

effect predictors, 28 are in common with MCMC approach (Algorithm 9). Among
the 5 non-linear effect predictors, 4 are in common with MCMC approach. Predictor
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posterior mean 95% credible interval

apptMth of March -0.0543 (—0.1090, 0.0000)
lastDAEnonVVR -0.0949 (—0.2063, 0.0000)
bloodType of O— —0.0856 (—0.1380,0.0000)
apptBookType of other -0.1091 (—0.2170, 0.0000)
inbndPhone 0.1136 (0.0839, 0.1455)
outbndPhone 0.1293 (0.0970, 0.1605)
;cl)ﬂzl‘e);?zgzg (éfollection ~0.1568 (02512, -0.0784)
sex 0.0646 (0.0366, 0.0942)
inbndSMS ~0.3547  (—0.4008, —0.3051)
outbndSMS 0.3037 (0.2804, 0.3277)
bloodType of unknown -1.0179  (—1.2695, —0.7499)
apptBookType of Web Booking -1.8091 (—2.1848, —1.4384)
apptWkday of Wednesday -0.0321 (—0.0792,0.0000)

Table 7.3 continued: Inferential summary of the linear coefficients for the Australian Red Cross
Blood Service dataset, using the MCMC approach as given by Algorithm 9.

log (IastDefLen + 1) is selected to have linear effect in MCMC, but it is selected to

have non-linear effect in MFVB.

We obtained the inferential summary for all the selected linear fits using the
MFVB approach as shown in Table 7.5. The descriptions of these predictors are listed
in Table 7.1. Among the 31 selected linear predictors, 28 predictors are also selected
by the MCMC approach shown in Table 7.3.

The results indicate that apptYear of 2017, outbondSMS, apptBookType of In cen-
tre, inbndPhone and outbndPhone each have positive impacts on the probability of
donor attendance. Conversely, colTypeTaken of no blood taken, centreType, apptBook-
Type of NCC inbound, lastDAEVVR, apptMth of February, colTypeSched of Platelet-
pheresis Collection, inbndSMS and apptBookType of Web Booking each have negative
impacts on the probability of donor attendance.
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Figure 7.3: The estimated non-linear effects of apptCreDelta (dates between the booking and do-
nation), WBDon (the number of whole blood donations), log (plsDon + 1) (the logarithm of the

number plasma donations plus one) and apptTime (proportion of a day since midnight in hours)
for the Australian Red Cross Blood Service dataset from application of Algorithm 9 and effect type
estimation rules of Section 6.7.2 with T = 0.5, with 1,000 samples as warm up and 1,000 samples
as retained. Each curve is the slices of estimated probability of donor attendance as a function of the
predictor, with all other selected predictors set to their median values. The shade region corresponds
to pointwise approximate 95% credible intervals. The rug at the base of the plot show values of each
predictor.

There are five predictors having non-linear effects on the probability of donor at-
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Predictors selected as having linear effects:

colTypeTaken of no blood taken, colTypeTaken of plateletpheresis taken,

age, apptYear of 2017, bloodType of B+, apptBookType of NCC unknown,
apptBookType of NCC outbound, centreLoc, centreType,

apptMth of December, apptBookType of NCC inbound, lastDAEVVR,
apptMth of February, apptWkday of Friday, apptBookType of In centre,
outbndUnknown, apptMth of January, apptMth of June, apptMth of March,
apptWkday of Monday, lastDAEnonVVR, bloodType of O—,

inondPhone, outbndPhone, colTypeSched of Plateletpheresis Collection,
sex, inbndSMS, outbndSMS, apptWkday of Tuesday,

bloodType of unknown, apptBookType of Web Booking.

Predictors selected as having non-linear effects:

apptCreDelta, WBDon, log (pIsDon - 1), log (IastDefLen + 1), apptTime.

Table 7.4: Categorization results obtained from Red Cross Blood Service application dataset using the
MFVB approach as given by Algorithm 10.

tendance, which are apptCreDelta, WBDon, log (pIsDon + 1), log <IastDefLen + 1)
and apptTime. The descriptions of these predictors are listed in Table 7.1. We ob-
tained Figure 7.4 to visualize these non-linear effects. The first panel for predic-
tor apptCreDelta, the second panel for predictor WBDon, the third panel for pre-
dictor log (pIsDon + 1) and the fifth panel for predictor apptTime closely resem-
ble the ones in Figure 7.3 using MCMC approach. The fourth panel for predictor
log (IaStDefLen + 1) shows that the probability of donor attendance remains steady
at approximately 0.4 in the range from 0 and 3 and then gradually decreases from
0.4 to 0.3 between 3 and 7.

In summary, using the MFVB approach (Algorithm 10) takes approximately 20%
of the model selection processing time as using the MCMC approach (Algorithm 9).
MCMC method selected 36 variables and MFVB selected 41, with 33 variables in
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posterior mean  95% credible interval

colTypeTaken of no blood taken —-0.1265 (—0.153, —0.09987)
colTypeTaken of plateletpheresis taken -0.07279  (—0.1208, —0.02504)
age 0.01074 (0.01025,0.01123)
apptYear of 2017 0.3651 (0.3491,0.3814)
bloodType of B+ 0.06408 (0.03548,0.09304)
apptBookType of NCC unknown 0.5562 (0.5046, 0.6075)
apptBookType of NCC outbound -0.703 (—0.7587, —0.648)
centrelLoc —-0.02594 (—0.04108, —0.01049)
centreType -0.1528 (—0.1761, —0.1296)
apptMth of December 0.0787 (0.05456, 0.1027)
apptBookType of NCC inbound —0.3214  (—0.3745, —0.2681)
lastDAEVVR -0.1954 (—0.25, —0.1416)
apptMth of February -0.163 (—0.1921, —0.1345)
apptWkday of Friday -0.05132  (—0.07235, —0.03068)
apptBookType of In centre 0.1206 (0.07229,0.1688)
outbndUnknown 0.5979 (0.2858,0.9004)
apptMth of January -0.1403 (—0.1706, —0.1103)
apptMth of June ~0.05898 (—0.08532, —0.03349)
apptMth of March -0.06999 (—0.09966, —0.04098)
apptWkday of Monday 0.03939 (0.01962, 0.05923)
lastDAEnonVVR -0.1277  (—0.1928, —0.06271)
bloodType of O— -0.07107 (—0.09282, —0.04896)
inbndPhone 0.1088 (0.08761,0.1298)
outbndPhone 0.1197 (0.09738,0.1417)
colTypeSched of

Plateletpheresis Collection ~0.1131  (~0.1592, ~0.06768)

Table 7.5: Inferential summary of the linear coefficients for the Australian Red Cross Blood Service
dataset, using the MFVB approach as given by Algorithm 10.



7.2.3. Data Illustration for Mean Field Variational Bayes

435

posterior mean 95% credible interval

sex

inbndSMS

outbondSMS

apptWkday of Tuesday
bloodType of unknown
apptBookType of Web Booking

0.06275
—-0.3536
0.285
0.03824
-0.9712
-1.626

(0.04838,0.07768
(—0.3853, —0.3213
(0.2687,0.3017
(0.01902, 0.05762
(—1.107, —0.8337
(—1.792, —1.466

)
)
)
)
)
)

Table 7.5 continued: Inferential summary of the linear coefficients for the Australian Red Cross
Blood Service dataset, using the MFVB approach as given by Algorithm 10.

common between these two approaches.
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Figure 7.4: The estimated non-linear effects of apptCreDelta (dates between the booking and dona-
tion), WBDon (the number of whole blood donations), log (plsDon+ 1) (the logarithm of the number

plasma donations plus one), log (lastDefLen + 1) (the logarithm of the number of weeks since the

donor last deferred an appointment plus one) and apptTime (proportion of a day since midnight in
hours) for the Australian Red for the Australian Red Cross Blood Service dataset from application of
Algorithm 10 and effect type estimation rules of Section 6.7.2 with T = 0.1. The curve is the slice of
estimated probability of donor attendance as a function of the predictor, with all other selected predic-
tors set to their median values. The shaded regions correspond to pointwise approximate 95% credible

intervals, but are subject to considerable mean field approximation error.
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Chapter 8

Conclusion

This thesis presents fully automatic and accurate Bayesian three-category GAM se-
lection methodology with improved speed and scalability, to categorize each can-
didate predictor’s effect to be zero, linear or non-linear on the mean response. The
framework supports both Gaussian and binary response cases. Both the MCMC and
the faster MFVB approach are implemented in our R package gamselBayes. Our
approaches are inspired by the regularization path approach (Chouldechova and
Hastie, 2015), which is a frequentist approach, based on the group LASSO and the
Demmler-Reinsch spline bases. Instead of relying on the regularization path and
cross-validation, we incorporate their framework into a Bayesian graphical model
and apply Bayesian principles to perform model selection, allowing us to avoid the
practical difficulties of finding the cross-validation minima and to explore a bigger
model space compared with the regularization path approach. We use the misclassi-
fication rate as the primary performance metric, representing the proportion of times
that a predictor is misclassified as zero, linear or non-linear effect based on its true
simulated effect.

In Chapter 2, we introduced the use of Laplace-Zero/Grouped Lasso-Zero pri-
ors and tailored auxiliary variable representations, enabling Gibbs sampling for the
MCMC and implemented Algorithm 2 in our R package gamselBayes, for the Bayesian
three-category GAM selection on Gaussian and binary responses. Using the model
selection rules stated in (2.54), our simulation study suggests a good default thresh-
old value of 0.5 for the MCMC (see Figure 2.3). We applied Algorithm 2 to two
real-world datasets — the mortgage dataset and the educational dataset, to demon-

strate the practical applicability of the approach.
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In Chapter 3, we investigated the properties of Grouped Horseshoe distribution
and explored the application of the (Grouped) Horseshoe priors via MCMC for the
Bayesian three-category GAM selection on Gaussian responses (Algorithm 4) us-
ing Gibbs sampling, as well as on Poisson responses (Algorithm 5) and Negative-
Binomial responses (Algorithm 6), both using slice sampling. The score function be-
haviour and robustness to large signals of the univariate Horseshoe distribution are
seen to transfer to the grouped case (see Result 3.2.3.1 and Result 3.2.4.1). However,
the super-efficiency based on risk rates of convergence does not extend to grouped
case (see Result 3.2.5.1). Further, we conducted a simulation study for classification
performance comparison in terms of accuracy. For Gaussian responses, using the
model selection rules stated in (3.74) for the (Grouped) Horseshoe priors and the
rules stated in (2.54) for the Laplace-Zero/Grouped Lasso-Zero priors, Figures 3.5—
3.8 indicate that the (Grouped) Horseshoe priors generally underperform relative
to the Laplace-Zero/Grouped Lasso-Zero priors described in Chapter 2. For count
responses, we use the model selection rules stated in (3.75). For Poisson responses,
Figures 3.9 shows that the (Grouped) Horseshoe priors with £-means clustering used
to determine the classification border performs better than the (Grouped) Horse-
shoe priors with fixed border of 0.5 and the default version of the spikeSlabGAM
approach. For Negative-Binomial responses, Figure 3.10 shows that the (Grouped)
Horseshoe priors with k-means clustering used to determine the classification bor-

der performs better than the use of a fixed border of 0.5.

In Chapter 4, following the work of Chapter 2 via the MCMC, with use of the
Laplace-Zero/Grouped Lasso-Zero priors and tailored auxiliary variable represen-
tations, we derived the closed forms updates for the MFVB algorithm and imple-
mented Algorithm 7 as the faster option in our R package gamselBayes, for the
Bayesian three-category GAM selection on Gaussian and binary responses. Using
the model selection rules stated in (2.54), our simulation study suggests a good de-
fault threshold value of 0.1 for the MFVB (see Figure 4.1). We applied Algorithm 7

to the car auction data and to the Sydney real estate data.

In Chapter 5, we conducted a simulation study for classification performance
comparison in terms of accuracy and speed, among our MCMC given in Algorithm
2 as described in Chapter 2, our MFVB given in Algorithm 7 as described in Chap-
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ter 4 and the default version of the spikeSlabGAM approach as described in Section
5.2.1, for the three-category GAM selection on Gaussian and binary responses. Fig-
ure 5.1 shows both MCMC and MFVB perform similarly to spikeSlabGAM for low
noise level on Gaussian responses. For high noise level on Gaussian responses, our
MEFVB exhibits slightly reduced accuracy but improved speed and scalability. Fig-
ure 5.2 shows that both MCMC and MFVB outperform spikeSlabGAM on binary
responses. Table 5.1 shows although spikeSlabGAM can yield strong classification
result, it is comparatively slow and lacks scalability to large data sets, relative to our
MCMC and MFVB methods.

In Chapter 6, we extended the Bayesian three-category GAM selection via the
MCMC and the MFVB, as described in Chapter 2 and Chapter 4 respectively, to
GAMM selection with random intercept. Using the Laplace-Zero/Grouped Lasso-
Zero priors and tailored auxiliary variable representations, we derived Gibbs sam-
pling for MCMC (Algorithm 9) and closed forms updates for the MFVB (Algorithm
10). Using the model selection rules stated in (6.84), our simulation study suggests
a good default threshold value of 0.5 for the MCMC (see Figure 6.3) and 0.1 for
the MFVB (see Figure 6.5). We also conducted a simulation study for classification
performance comparison in terms of accuracy and speed, among our MCMC (Al-
gorithm 9), our MFVB (Algorithm 10) and the default version of the spikeSlabGAM
approach as described in Section 5.2.1. For Gaussian responses, our methods match
the performance of the existing spikeSIabGAM approach at smaller sample size and
outperform it as sample size increases (see Figure 6.7). For binary responses (see
Figure 6.8), for smaller sample size, both MCMC and MFVB approaches show bet-
ter classification performance. For larger sample size, these three methods all have
similar performance. A comparison of computational time in seconds (see Table 6.1)
shows both MCMC and MFVB are faster and scale well across simulation settings
for the GAMM selection with random intercept problem.

In Chapter 7, we demonstrated the application of our Bayesian three-category
GAMM selection with random intercept described in Chapter 6, to the Australian
Red Cross Blood Service data via the MCMC and the MFVB. This is a very large
and complex dataset with repeated measure. Both of our MCMC (Algorithm 9) and
MFVB (Algorithm 10) for the Bayesian three-category GAMM selection with ran-
dom intercept scale efficiently to the very large dataset and offer fast computational
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performance.

In conclusion, this thesis contributes to the development of robust and scalable
methodologies for Bayesian three-category GAM selection. Specifically, we have im-
plemented both MCMC and MFVB algorithms in the public available R package
gamselBayes, supporting Gaussian and binary responses. In addition, we investi-
gated the Grouped Horseshoe distribution properties and its use in Bayesian model
selection, and extended the framework to Bayesian GAMM selection with random

intercept.

For future research work in the Bayesian three-category GAM selection with ex-
tension to GAMM selection, we aim to introduce random effects into coefficients and
correlations on Gaussian and binary responses. Moreover, we aim to explore robust

slice sampling method for Poisson responses under the Bayesian framework.
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