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Notation

In this chapter, important notations are introduced that we refer to throughout this
thesis.

Acronyms

Table 1: Table with acronyms used in the thesis with their meanings.

Acronym Meaning

AGHQ Adaptive Gauss-Hermite quadrature

BFGS Broyden-Fletcher-Goldfarb-Shanno

BP Best predictor

CDF Cummulative density function

DAG Directed acyclic graph

DC Data cloning

EP Expectation propagation

GHQ Gauss-Hermite quadrature

GLMM Generalised linear mixed models

KL Kullback-Leiber

MCMC Markov chain Monte Carlo

NM Nelder-Mead

PDF Probability density function

PQL Penalised quasi-likelihood
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1

Abstract

Generalised linear mixed models are a particularly powerful and well established statisti-

cal tool. Unlike linear mixed models, where the integrals arising in likelihood functions

can be expressed in closed form, the likelihood functions expressed in generalised linear

mixed models do not follow tractable solutions. Methods such as Gauss-Hermite quadra-

ture and Laplace approximation are the standard approaches to overcome these integrals.

Although Gauss-Hermite quadrature is accurate it is also slow, rendering it unsuitable

for analyses with more than two or three random e↵ects. Laplace approximations are the

most feasible solution, however the approximate inference they provide in binary models

is well known to be inaccurate. A less common approach is to use Bayesian ideas such

as data cloning, however they involve a number of technicalities and as such are di�cult

to implement. Although expectation propagation is generally used in Bayesian settings,

in this thesis we introduce a novel approach where we use it as frequentists to achieve

high accuracy results with minimal computational cost for inference on generalised

linear mixed models. We show our methodology can be used to solve one level probit

models without the need for quadrature, providing consistent and accurate results. We

explain how using quadrature we can also extend our method to logistic, Poisson and

negative-binomial models. Additionally we show how these models can be extended

to two level models and crossed random e↵ects models for the probit case. Finally

we present applications of our methodology on two real datasets, both with di↵erent

technical challenges.


	Title Page
	Certificate of original authorship
	Acknowledgements
	List of papers/publications
	Notation
	Contents
	Abstract



