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1 Introduction

This work applies Bayesian modelling to wavelet transformed Mass Spectroscopy data obtained
from time of flight instruments. It is an extended application of Morris et al. (2003), see also
Morris and Carroll (2004), Brown et al. (2001). The framework of modelling is quite general
and allows fitting fixed and random effects to data that comprises functions of time of flight,
and in particular mass to charge � ���

data. In this talk we will provide

• the modelling framework and introduce wavelets

• describe the mass spectroscopy instruments used (MALDI and SELDI)

• illustrate with applications to a pancreatic cancer study, Koomen et al (2005), and an
organ- cell line experiment

• give the form of the fitted models

• describe the identification of peaks

• apply methods for discrimination of diseased and normal.

The methodology is very flexible, allowing functions of arbitrary form and smoothness and
the full range of fixed effects and between curve covariance structures for a mixed models
framework. Since it is based on wavelets it is particularly suited to the spikey data which char-
acterises mass spectroscopy, although the approach can be generalised to any other orthogonal
basis functions.

We use a linear multivariate mixed effects model:
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Here
�����

are ����� random matrices, rows of
�

being mass spectra at � mass to charge � � �!�#"
ratios;



and

�
are �$�&% and �$�'� model matrices for the fixed effects and random effects,

respectively. Thus rows of
��� �(%�)� "

are the fixed effects curves. The random effects
�

and
the errors

�
generate the covariance structure of a multivariate Normal model.

The Bayesian fitting process after wavelet transform embodies non-linear shrinkage as a
consequence of an empirical Bayes fitted ‘slab and spike’ prior.

MCMC samples allow rich inference possibilities, including both pointwise and joint Bayesian
inference and prediction. In identifying differentially expressed peaks we may use a cutpoint
that controls the expected Bayesian False Discovery Rate (Newton et al, 2004).
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