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Welcome from the Local Organising Committee

Dear Delegate,
We begin this preface with the sad news that David Kendall died on 23rd October 2007. He

was a great source of strength and inspiration for me and manyothers in ways that no words
can explain. The success of our LASR workshops owes a great deal to his contributions. In
fact, he suggested in 1979 that the workshops become a regular annual event, and he continued
to support our shape workshops over the years. The first printed LASR Proceedings (1995) was
dedicated jointly to him.

David Kendall (on left) in 1979 planting the seed for the LASRWorkshops

David Kendall was the first professor of mathematical statistics at Cambridge University
and the founding father of British probability. He was widely honoured and more details can be
found on the following two sites on his obituaries:
http://www.timesonline.co.uk/tol/comment/obituaries/article2909566.ece
http://www.independent.co.uk/news/obituaries/professor-david-kendall-398453.html

Looking forward, the dates for LASR 2009 are July 7, 8, 9, and for LASR 2010 are July
6, 7, 8. For LASR 2009, our key speakers will include Sylvia Richardson (Imperial, London),
Douglas Theobald (Boston) and David Wild (Warwick).

One of the key aims of the LASR workshops is to encourage interdisciplinary collaboration
between participants. As an example, the Bioinformatics Centre (University of Copenhagen)
and Department of Statistics (University of Leeds) are jointly developing an advanced protein
structure prediction framework called Phaistos, based on alocal model of protein structure,
which will be freely available from sourceforge, http://sourceforge.net/projects/phaistos/

We are grateful to Statsoft and Taylor & Francis for sponsoring this workshop.
Our themes continue to expand and grow from LASR 2007. As usual, there is a strong

emphasis on Bioinformatics and Shape Analysis, but we are not limited by these themes. This
is certainly the case in the poster session where we have freedom to represent a wide range
of interdisciplinary statistics. The workshops have a tradition of being informal and relaxed,
and of encouraging interaction and discussion between the delegates. We expect that this will
continue for LASR 2008 and hope you will enjoy this year’s event.

Kanti Mardia
June 2008.
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1. TIMETABLE
TUESDAY 15TH JULY

9:00-10:00 Registration

10:00-10:30 COFFEE

SESSION I
10:30-10:45 Welcome

Roz Banks, Professor of Biomedical Proteomics

10:45-11:30 Holistic statistics and contemporary life sciences
Kanti V. Mardia

11:30-12:20 The CHAIN program: forging evolutionary links
to underlying mechanisms

Andrew F. Neuwald

12:30-1:30 LUNCH

SESSION II
2:00-2:25 Whole genome scan algebra and smoothing

Christakis Charalambous, Olivier Delrieu, & Clive E. Bowman∗

2:25-2:50 Analysis of proteomics samples from mass spectrography of a
longitudinal experiment using Functional Data Analysis (FDA)

Siem H. Heisterkamp

2:50-3:15 Photographs
All talk and poster presenters and session chairs

3:15-3:45 TEA
3:45-4:35 Statistical prediction and molecular simulation

Scott C. Schmidler

4:35-5:00 Detection of shape outliers, with an applicationto complete
unilateral cleft lip and palate in humans

Stanislav Katina

5:00 Drinks Reception
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WEDNESDAY 16th JULY

SESSION III
9:30-10:20 Mesoscale modeling of macromolecular machines

Michael Levitt

10:20-10:30 Overview of posters
Paul D. Baxter

10:30-12:30 COFFEE AND POSTER SESSION I

12:30-1:30 LUNCH

SESSION IV
2:00-2:50 Bayesian estimation of hominoid ancestral population sizes

Ziheng Yang∗ & Ralph Burgess

2:50-3:15 A probabalistic approach to modelling RNA 3-D structure
Jes Frellsen∗, Ida Moltke, Martin Thiim,
Kanti V. Mardia, & Thomas Hamelryck

3:15-3:45 TEA
3:45-4:10 The metabolic networks of the chromealveolates:

capability and evolution
David R. Westhead∗, John W. Whitaker, & Glenn A. McConkey

4:10-4:35 A new probabilistic model for binding site similarity analysis:
applications in understanding ligand cross-reactivity and
the functional classification of the protein kinase family

Sarah Kinnings, John R. Davies∗, Kanti V. Mardia,
Charles C. Taylor & Richard M. Jackson

4:35-5:00 Statistical issues for combining replicates and
nearby species data and different omics

Pietro Liò∗, C. Angelini I. De Feis, V-A. Nguyen,
L. Cutillo, & R. van der Wath

7:00 Drinks reception

7:30 Conference Dinner
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THURSDAY 17th JULY

SESSION V
9:30-10:20 Shape analysis via currents transport:

Current tools and statistical challenges
Alain Trouvé

10:20-10:45 Templates: A complex new parameter for morphometric analyses
takes the form of an algorithmic flow

Fred L. Bookstein

10:45-11:15 COFFEE
11:15-11:40 Analysis of face shape variation in 3000 faces

using pair wise distances between landmarks
Martin P. Evison

11:40-12:05 Automatic identification system for morphometric landmarks
Sasirekha Palaniswamy∗, Neil A. Thacker, &
Christian P. Klingenberg

12:05-12:30 Modelling strategies for bivariate circular data
John T. Kent

12:30-12:45 Review of LASR 2008
Kanti V. Mardia

1:00-2:00 LUNCH
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2. POSTERS

Imputation on 2-dimensional data via lifting
Robert G. Aykroyd, Stuart Barber, & Samuel J. Peck∗

Three-dimensional geometric morphometrics applied to thestudy of children
with cleft lip and palate from the North East of England

I. Bugaighis, P. O’Higgins∗, B. Tiddeman, C.R. Mattick,
P. Hodgkinson, W. Ali, & R. Hobson

Toxicity Prediction
Qasim Chaudhry, Kanti V. Mardia, Emma M. Petty∗, & Charles C. Taylor

Bayesian alignment of continuous molecular shapes using random fields
Irina Czogiel∗, Ian L. Dryden, & Christopher J. Brignell

Homology modelling of protein-ligand interactions
James Dalton∗ & Richard M. Jackson

Performance of Poisson Index in identifying of protein kinase off-target liabilities
John Davies∗, Richard M. Jackson, Kanti V. Mardia, & Charles C. Taylor

Drug discovery at the protein-protein interface: statistics from the binding site
J.C. Fuller∗, N.J. Burgoyne, & R.M. Jackson

A permutation test to explore the relationship of host and parasite phylogenies
Kerstin Hommola∗, Judith E. Smith, Yang Qiu, & Walter R. Gilks

Using binding site similarity analysis for the functional classification of the protein kinase
family

Sarah Kinnings∗ & Richard Jackson

The choice of smoothing parameter in kernel regression smoothing
Orathai Polsen∗ & Charles C. Taylor

Characterising the structure of the shape tangent space forobjects with complex symmetry
Yoland Savriama∗ & Christian Peter Klingenberg

Classification of shapes with non-isotropic errors
Farag Shuweihdi∗ & Charles Taylor

Identifying metabolite fate potential
Robert Stones∗, Chris Sinclair, Alistair Boxall, & Stéphane Pietravalle

PAGODA: A multi-source protein function prediction program for Plasmodium falci-
parum

Philip Tedder∗ & David Westhead

A comparison of Bayesian inference techniques applied to systems biology models
Ian Vernon∗, Michael Goldstein, & Darren J. Wilkinson
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Backtracking and error correction in DNA transcription
Margaritis Voliotis∗, Netta Cohen, Carmen Molina-París,
& Tanniemola B. Liverpool

Co-expression & protein interactions in important cellular complexes
Elizabeth Webb∗ & David R. Westhead

metaTIGER: a metabolic evolution resource and its application to the chromalveolate
evolution

John W. Whitaker∗, Glenn A. McConkey, & David R. Westhead

Does the sequence of your potassium channel genes predispose you to disease?
Lucy F. Williamson∗, David R. Westhead, & Ian C. Wood

Bayesian multi-tensor diffusion MRI and tractography
Diwei Zhou∗, Ian L. Dryden, Alexey Koloydenko, & Li Bai
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3. ABSTRACTS

Session I





Holistic statistics and contemporary life sciences

Kanti V. Mardia

Department of Statistics, University of Leeds

1 Introduction

We begin here with my general philosophical quote:
“Statistics without science is incomplete,
Science without statistics is imperfect." - Mardia

If the last century in Science belongs to Physics then this century must belong to Life Sci-
ences with many break-throughs starting from the DNA! Indeed, there has been a general stock
taking by scientists and humanists with the beginning of thenew millennium. Statisticians have
not been the exception to this stock taking and there is now a stronger trend towards interdisci-
plinary research which breaks down the walls between traditional disciplines. In this new trend,
it is worth noting what change in attitude is needed in statistical research and its dissemination.
What computing technology will have an effect on our endeavours? How statistics will fit into
the broad future aspirations of science, humanity and technology? What major challenges lie
in unravelling the mystery of consciousness? I give here a personal view on these scenarios
through examples from Life Sciences.

There is evidence of a great desire for the new and important ideas that drive our times where the
highlight is onlife sciences and computer sciences(see, for examples, Brockman, 2003 and
Mardia and Gilks, 2005). Revolutionary developments include in molecular biology, genetic
engineering, nanotechnology, artificial intelligence, complex adaptive systems, expert systems,
the human genome, cellular automata, consciousness, immortality, ...

An organism’s DNA, including its genes, holds almost all theinformation required for its de-
velopment and function. Human understanding of this information is at an early stage, but is
accumulating rapidly due to new high-throughput forms of experimentation. This has led to
large and rapidly expanding databases of DNA sequence, and related databases of the structure
and function of biomolecules such as proteins. Bioinformatics is concerned with the develop-
ment of these databases, and tools for deciphering and exploiting the information they contain.

With all the excitement generated by gene sequences, it is easy to forget that the primary purpose
of most genes is to code for proteins. The proteins are biological macromolecules that are of
primary importance to all living organisms. If gene sequencing is like the recording of music,
then proteins are like the playback.

We emhasize why statisticians need a shift in paradigm if they want to help in resolving, for
example, the nobel-prize-calibre problem of protein folding!
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2 Holistic statistics

First we consider what one can mean by holistic science. The term holistic science has been
used as a category encompassing a number of scientific research fields
(http://en.wikipedia.org/wiki/Holism_in_science). The term may not have
a precise definition. Fields of scientific research considered potentially holistic do however have
certain things in common. First, they are multidisciplinary. Second, they are concerned with
the behavior of complex systems. Third, they recognize feedback within systems as a crucial
element for understanding their behavior.

The Santa Fe Institute, a centre of holistic scientific research in the United States, expresses
it like this: “The two dominant characteristics of the SFI research style are commitment to
a multidisciplinary approach and an emphasis on the study ofproblems that involve complex
interactions among their constituent parts."

The area of life sciences is vast and has all kind of new topicssuch as proteomics, genomics,
bioinformatics, system biology and now the new emerging field of synthetic biology. On the
other hand, statistical methodology is also vast encompassing so many different specialist areas
which could be relevant to life sciences. At least in proteinstructure, we have our experience
that the two subjects of “shape analysis and directional statistics", which are not standard topics
of statistics but can revolutionise protein structure. We will give in this paper a few examples.

Mardia and Gilks (2005) have identified three themes for statistics in the 21st century.

• First, statistics should be viewed in thebroadest wayfor scientific explanation or predic-
tion of any phenomenon.

• Second, the future of statistics lies in aholistic approach to interdisciplinary research.

• Third, a change of attitude is required by statisticians -a paradigm shift - for the subject
to go forward.

Thus there is a tremendous opportunity for statistics to make a stronger impact in the subject
of Bioinformatics/Life Sciences, but statisticians need to be moreopen, more ready tolearn
"molecular biology", more computationallyaware, and more ready to understanddata banks.

Holistic statistics is in contrast to the parable of six blind men examining an elephant where the
blind men can comprehend only its parts so to understand whatkind of the object the elephant
is, we must look at it from all sides (Anekaantvaad principleof the Jain logic). Holistic statistics
aims to work in totality - researching all the relevant subjects and dealing with the multi-facet
aspects of “truth"! Thus it has to be interdisciplinary!!
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3 Shape analysis

3.1 Many faces of protein and protein folding

Proteins are the work horses of all living systems. Unfortunately, the proteome is much more
complicated than the genome. Furthermore, the basis of protein function is not only chemistry
(as with genes) but also shapes! Indeed, there are various ways to look at a protein (a top-down
view is as follows)

1. 3D-Coordinates of atoms (tertiary “structure" ).

2. Equivalently, a set ofdihedral angles/conformational angles.

3. A curve in 3-D with 500-2000 atoms along it, folded as a ball (backbone/main chain).

4. Thebackbone(the curve) having “branches" sticking out (branches =side chains).

5. Various shapes (sub-curves) are linked together along the curve ashelices, loops, strands
. . . (secondary structure).

6. A sequence of amino acids (out of 20) arranged linearly (primary structure ).

In addition, one can view it as

7. Surface in 3-D,

8. Dynamic object, . . .

There are many geometrical constraints due to chemistry of the atoms and their interaction with
other proteins. Protein folding problem is thecentral problem in computational biology. The
question is how the amino acids sequence encodes a (compact)3D shape, or fold. One can
visualise a protein as snakes which are transferred into a basket where not only they curl in a
particular way but also allow each other to breathe. Of course this is a very simple analogy.

3.2 Definitions

3.2.1 Labelled shape/form

Just to remind (see, for example, Dryden and Mardia, 1998) that objects are everywhere - natural
and man made. The study of their shape is inherently non-Euclidean and recent advancements
in the fields of shape statistics have been motivated by imageanalysis, morphometrics, etc., and
most recently by statistical bioinformatics.

Shape (similarity) is the description of objects after ignoring changes in location, scale, and
rotation where objects can be described in terms of, for example, by landmarks.

For proteins,form is really meaningful; in form one ignores changes inlocation, rotation but
not scale. The major developments in statistical shape analysis has been mainly for similarity
shape but now form analysis is picking up, see for example, Theobald and Wuttke (2006).
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3.2.2 Unlabelled shape analysis

The problem of unlabelled shape analysis is as follows. Herethe aim is to align two or more
configuration points in space, and to make inference about the geometrical transformations,
which maps one configuration to another. Thus there is additional complication of matching
only subsets of configurations. Possibly there may also be partial labelling information which
will constrain the matching. The aim is to find the largest common point set under a plausible
model.

3.2.3 Historical comments

Unknown to statisticians, RMSD (Root Mean Squares Derivation) has been used by bioinfor-
maticians which has a flavour of Procrustes analysis; the twocommunities have been working
independently until very recently. In fact the history of RMSD goes quite back. It at least starts
from Green (1952) and Kabsch (1978), but it was popularised by John Gower in statistics which
led to the first book appearance in Mardia et al (1979). Note that Kabsch (1978) is the usual
reference used in crystallography/bioinformatics, whereas Green (1952) is the standard refer-
ence in statistics. The term Procrustes was introduced by Hurley and Catell (1962). A graphic
description is given in the frontispage of Gower and Dijksterhuis (2004):

“Procrustes (the subduer), son of Poseidon, kept an inn benefiting from what he claimed to
be a wonderful all-fitting bed. He lopped off excessive limbage from tall guests and either
flattened short guests by hammering or stretched them by racking. The victim fitted the bed
perfectly but, regrettably, died. To exclude the embarrassment of an initially exact-fitting guest,
variants of the legend allow Procrustes two, different-sized, beds. Ultimately, in a crackdown
on robbers and monsters, the young Theseus fitted Procrustesto his own bed."
For further historical details, see Gower and Dijksterhuis(2004, Table 1.1, p.5).

3.3 Homology

Protein structure prediction is one of the important applications of bioinformatics. The amino
acid sequence of a protein can be easily determined from the sequene on the gene that codes for
it. In the vast majority of cases, this sequence uniquely determines a structure (3D information)
in its native environment. Knowledge of this structure is vital in understanding the function
of the protein. One example of this is the similar protein homology between haemoglobin in
humans and the haemoglobin in legumes (leghaemoglobin). Both serve the same purpose of
transporting oxygen in the organism. Though both of these proteins have completely different
amino acid sequences, their protein structures are virtually identical, which reflects their near
identical purposes.

Homology is used to determine which parts of a protein are important in structure formation and
interaction with other proteins by “matching" protein A whose function is known, to “protein B"
whose function is unknown. Phylogenetic information is also critical. In homology modelling,
this information is used to predict the structure of a protein once the structure of a homologous
protein is known. This currently remains the only way to predict protein structures reliably (see
also Section 4.3 below).
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3.4 The form model

3.4.1 Labelled form

LetX be a random configuration matrix (k landmarks inm dimensions) then the perturbation
model for “form" (shape-size) with observationsX1, . . . , Xn is

Xi = (µ+ Ei)Γi + 1γTi , i = 1, . . . , n

whereΓi is a rotation matrix,γi is a translation vector andEi is an error distribution (with
zero mean) andµ is the mean form.Ei can have for example multivariate Gaussian matrix
distribution (ie. for stackedEi to assume the full multivariate normal distribution). Goodall
and Mardia (1993) have studied this model fully with the distributional properties (cf. Goodall,
1991). The simplest form will have an isotropic covariance function forE. Next stage could
be a tensor structure for the covariance matrix but it is arguable whether this tensor structure
can have a better robustness property then the isotropic covariance matrix when the model is
false (cf. Theobald and Wuttke, 2006). For planar shape analysis, a model (complex Bingham
quartic distribution) which allows full covariance matrixis given by Kent et al (2006).

3.4.2 Unlabelled form

A Bayesian hierarchical model (Green and Mardia, 2006) is defined as follows:

xj ∼ Nd(µξj , σ
2I), Ayk + τ ∼ Nd(µηk

, σ2I)

whereµ are hidden variables,A is a rotation matrix,τ is a translation vector andM is the
matching matrix. We are led to the joint posterior densityp(M,A, τ, σ, x, y), prop. to

|A|np(A)p(τ)p(σ) ×
∏

j,k:Mjk=1

(
ρφ({xj−Ayk−τ}/σ

√
2)

λ(σ
√

2)d

)

whereφ(.) is the normal density forNd(0, Id) andρ/λ is the matching parameter. This forms
the basis of inference aboutM , A, τ andσ2; MCMC implementation has been developed. The
model can be connected to the RMSD which is analogous to the relationship between the least
squares and the Gauss-Markov model (see Mardia et al, 2007a). For an extension to multiple
configurations, see Ruffieux and Green (2008). Another modelwith “coffin bin" formulation is
given in Kent et al (2008a); their implementation is throughthe EM algorithm.

3.5 The two mysterious proteins

In LASR 2007, we presented (Mardia, 2007) structures of two mysterious proteins by a drug
company without knowing what they were. The aim was to give our assessment on how similar
these were. From the GM algorithm (Green and Mardia, 2006), we concluded that these were
very similar. Indeed, out of 551 (x) and 552 (y) points (Cα atoms), only one fromx did not
matchy. The posterior probability was extremely high. In fact, Anna Tramontano solved the
mystery.

The two proteins are cyclooxygenase (COX). The first fromsheep, the second frommouse. So
these are expected to be very similar!! COX is an enzyme (EC 1.14.99.1) that is responsible for

13



information of important biological mediators called prostanoids. Pharmacological inhibition
of COX can provide relief from the symptoms of inflammation and pain; this is the method of
action of well-known drugs such as aspirin and ibuprofen.

4 Directional statistics

4.1 The Ramachandran plot

The Ramachandran plot gives the scatter plot of the dihedralanglesφ andψ for alpha helices,
beta strands, loops, etc. of proteins (Ramachandran et al, 1963), ie. it is really not simply
a plot but it analyses the empirical distribution of the secondary structures of protein. Their
importance is summarized by Rose (2001) as follows:

“No biochemistry textbook is complete without a phi, psi-plot ... This plot ranks alongside
the double helix and the alpha-helix among fundamentals of structural biochemistry".

These(φ, ψ) lie on a torus and statistical models on a torus (φ, ψ) started from Mardia (1975)
but the work in this area continues to grow (see Section 4.2.1). However, until very recently
directional statisticians were not aware of the Ramachandran plot!

4.2 Directional statistics

Directional statistics deals in particular with angular observations (directions), eg. we can con-
sider wind bearing as points on the circle of unit radius withcentre at the origin (see, for exam-
ple, Mardia and Jupp, 2000). The first step in statistics is todefine sensible mean and deviation.
Then the next step is to find a plausible normal type model. In this case there are traps if we do
not allow the circular space eg. arithmetic mean of 10 and 3590 is 180 which shows clearly that
linear methods are not applicable. The subject has been developing fast with new distributions
on torus and their applications.

4.2.1 A multivariate distribution on the Torus

The bivariate case has been described in this Proceeding (Kent et al, 2008b). We define a
multivariate angular distribution (Mardia et al, 2008) which is an extension of the sine model
(Singh et al, 2002) as follows. The probability density function of ΘT = (Θ1,Θ2, . . . ,Θp) is
given by

{T (κ,Λ)}−1 exp{κT c(θ,µ) +
1

2
s(θ,µ)TΛ s(θ,µ)},

where−π < θi ≤ π,−π < µi ≤ π, κi ≥ 0,−∞ < λij <∞,κT = (κ1, . . . , κp),

c(θ,µ)T = (cos(θ1 − µ1), . . . , cos(θp − µp)), s(θ,µ)T = (sin(θ1 − µ1), . . . , sin(θp − µp)),

and (Λ)ij = λij = λji, i 6= j, λii = 0, with {T (κ,Λ)}−1 a normalizing constant.
We call this the multivariate von Mises density. Note that for p = 1, this is a univariate von
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Mises density and forp = 2, this density corresponds to the bivariate sine model. For large
concentrations in the circular variables, we have (µ = 0 without any loss of generality).

Θ = (Θ1,Θ2, . . . ,Θp)
T ∼ Np(0,Σ

−1), where(Σ−1)ii = κi, (Σ−1)ij = −λij, i 6= j.

Some bioinformatics applications are given in Mardia et al (2007b) and Mardia et al (2008).

4.3 Protein structure prediction

The aim is to find the native state of a protein given its amino acid sequence. The state-of-
the-art method for enforcing local structure today is due tothe Baker group (eg. Bystroff and
Baker, 1998). The procedure is to select representative short fragments from the PDB (Protein
Data Bank)and build new structures by merging together fragments. All constructed proteins
have reasonable backbone angles while significantly reducing the conformational search space.
However, the previous work uses discrete represenation forthe angles, and the construction
does not seem to lead to statistical interpretations.

Our main idea (Boomsma et al, 2008) is to input fragments and to use a plausible statistical
model with a continuous bivariate torus model to output the full range of backbone anglesφ
andψ; this output of(φ, ψ) for a given input sequence of amino acids turns out to be plausible.
The method, for example, allows (1) simulation of structures given a sequence, (2) drawing of
consistent samples of part a structure and (3) calculation of the probability of a resampled seg-
ment, compared to the original. In fact some of these ideas are used in a program called Phais-
tos (http://sourceforge.net/projects/phaistos/) which is a collection tools
for protein structure prediction. It currently features the FB5DBN (Hamelryck et al, 2006) and
TorusDBN (Boomsma et al, 2008) models, which makes it possible to sample protein structures
compatible with a given amino acid and/or secondary structure sequence.

5 Discussion

It is expected that any cross-fertilization should lead to abetter science and we have given some
examples in protein bioinformatics (for RNA structure, seeFrellsen et al, 2008). Reflecting
back in my joint book on shape analysis, we missed out any reference to life sciences including
RMSD; similarly for my joint book on directional statistics, we missed out the Ramachandran
plot though these books have been published in 1998 and 2000 respectively. However, with our
collaborative activities including those with the Copenhagen School, we hope to develop these
statistical subjects further motivated in particular by protein structure, and by synthetic biology
in general.
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The CHAIN program: forging evolutionary links to
underlying mechanisms
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Proteins evolve new functions by modifying and extending the molecular machinery of ances-
tral proteins. Such changes show up as divergent sequence patterns, which are conserved in
descendent proteins that maintain the divergent function.The CHAIN program (which is freely
available at www.chain.umaryland.edu) uses Bayesian inference to identify conserved atomic
interactions associated with protein functional divergence and thereby suggest plausible molec-
ular mechanisms for experimental testing. This is illustrated by its application to the G protein
alpha subunit.

The heterotrimeric G protein alpha subunit (Ga) functions as a molecular switch by cycling
between inactive GDP-bound and active GTP-bound states. When bound to GDP, Ga interacts
with high affinity to a complex of the beta and gamma subunits (Gbg), but when bound to
GTP, Ga dissociates from this complex to activate downstream signaling pathways. Ga’s state
is communicated to other cellular components via conformational changes within its switch I
and II regions. To identify key determinants of Ga’s function as a signaling pathway molecular
switch, the CHAIN program was used to infer the selective constraints that most distinguish
Ga and closely related Arf family GTPases from distantly related translational and metabolic
GTPases. The strongest of these constraints are imposed on seven residues within or near
the switch II region. Likewise, constraints imposed on Ga but not on other, closely related
molecular switches correspond to four nearby residues. These constraints can be explained by
a proposed mechanism where an Arg-Trp pair senses the presence of bound GTP leading to
conformational retraction of a nearby lysine and to disruption of an aromatic cluster, which
together induce dissociation of Ga from Gbg.
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Abstract

The algebra of comparing genome scans within and between studies with distributional-
based divergences is presented together with a mathematical theory for smoothing them. A
small study exemplar shows that standardisation by an inverse of an approximation to, or
an inverse of only large scale, control linkage disequilibrium can be sufficient.

Key words:- bio-marker, supervised dimensional reduction, divergences, filtering, gene, log
likelihood ratio, multivariate method, SNP, visualisation, exponential basis function, Bayes
Factor, single value decomposition, LD.

Introduction : High-dimension low-sample-size whole genome scans (ofp ∼ O[106] ’com-
ponents’ forn ∼ O[102→3] samples) are increasingly being used in the development of drugs
(Roses, 2004). Such SNP data can be expressed in terms of (individualised) class divergences
(Jardine and Sibson, 1971) – natural information-content basis functions (bf) for the compari-
son of individuals or groups in the co-analysis or simultaneous visualisation (i.e. the filtering)
of multiple bio-marker data (Delrieu and Bowman, 2005). Thesebf have simple convenient
closed forms for data from the multi-parameter exponentialfamily of distributions (Delrieu and
Bowman, 2007) and can encompass the response (Bowmanet al., 2006) and covariates (Delrieu
and Bowman, 2007). The simplest divergence is the log-likelihood (log Bayes Factor orlbf ).
Screening by over-completebf projection (i.e. on every data axis and every interaction axis
(Delrieu and Bowman, 2006b) ensures a logical polythetic ’Manhattan grand tour’ of the shape
or manifold of any multidimensional data cloud relevant to the question being asked (Delrieu
and Bowman, 2006a).

Nature is such that so-called ’high-throughput’ biological data, often multi-colinear, is inter-
nally redundant showing permutation-invariant and label-dependent sparsity due to complexity
constraints i.e. there are truly low degrees of freedom in the latent data-generation process
("Raffiniert ist der Herrgott aber boshaft ist er nicht"– Einstein 1921). Given this, despite
indeterminacy (sincep≫ n) and computational difficulties at largep, eigen analysis of the cor-
relations over the combined dictionaries of such ’component’-wise divergences within a study
(http://taxonomy.delrieu.org) can yield useful phenomenologicallyinsightfulsets of multi-scale
condensed features under a Pareto hypothesis (i.e. a ’hypothesis of effect sparsity’; Pirmo-
hamedet al., 2007). Covariances of divergences can be decomposed similarly, but are scale
dependent and focus on discovering ’significant’ sets of lowdimensional condensedpredictive
features. Subjectively providing a definition for a class (induction) is not the same task as ob-
jectively identifying a member of a class (deduction) (Van Regenmortel 2006). Both abstraction
and diagnosis often show approximate eigenstructure sparsity (spiked eigenvalue scree plots).
Sparsity ensures that classification (say by naive Bayes) performs well – mitigating Bellman’s
(Bellman, 1961) apparent data-space ’curse of dimensionality’ (Clarke et al., 2008) and the
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dangers of noise accumulation at largep (Fan and Fan, 2007). Eigen vectors can be struc-
turally inconsistent for lown, but increasingp can sharpen pre-existing data definition in this
empirical supervised dimensional reduction. Regularisation through adding other compressed
and structuredbf ’components’ such as ontologies (Delrieu and Bowman, 2006a), distances,
paths, manifolds, hierarchies, unlabeled data covariances/correlations, prior beliefs, complexity
measures etc can be done to avoid over-fitting. Dummy variables can be added to exemplify
hypotheses. Condensed feature sets encapsulate genotype and phenotype integration (Pigliucci
and Preston, 2004).

Algebra: The exact biological meaning of whole genome scan algebraic manipulation varies
according to the divergence measure (Delrieu and Bowman, 2007) and profile ’components’
used. However in these transformed co-ordinate systems, simple within study moment-based
summaries of divergences highlight various data features (Table 1). In turn, the subtraction
of these moments also has simple useful interpretations whether between individuals or at the
group level (Table 1). The distribution of between individual pair-wise differences also yields
insights (Figure 1 Top Left, Murtagh 2007). Higher profile moments (such as variance, skew-
ness and kurtosis) are indicators of innovativeness and non-unanimity (or conversely unanim-
ity) – that is they indicate the degree and patterns of controversy of genetic signals within a
profile (or conversely the degree of their consensus). They statistically describe the shape of
polygenicity. Since divergences are a universal appropriate basis (or ’metric’sensu lato) for
comparisons, pooling of phenotypes within a study or pooling of raw data from multiple studies
followed by multi-phenotype dissection is feasible. Pirmohamedet al. (2007) gives an exposi-
tion of a within-study multiple phenotype analysis. Between-study phenotype subtraction using
summary measures of divergences can be similarly made with useful interpretations (Table 2).
Weighted averaging of these ’Table 2’ measures over studiesis analogous to meta-analysis.

Smoothing: Linkage disequilibrium (inherited co-occurrence of markers more than by chance
alone due to selection or founder effects) can be thought of as a nuisance parameter in the
comparison of genetic signals. Signal covariation subsumes both LD and stochastic sampling
effects - so why not take a log Bayes Factor (lbf ) divergence vectorAmeasuring the association
between markers and a group difference and multiply it by the’inverse’ of the square root of its
covariance matrixB− 1

2 to yield a unit-less LD-adjusted standardisation of thelbf profile? Such
inverse covariance standardisation will re-scale and smooth genetic profiles by removing LD.

Singular value decomposition of the original data encompasses all the information available in
its covariance matrix, hence one can project (display) the case data say in the column space of
just the controls. Since, let the measured features of theith person in a case-control study be:

x̃(i) =





x̃
(i)
1

x̃
(i)
2

...

x̃
(i)
N




wherei denotes the person,p the number of persons,N the number of SNPs,

x̃
(i)
j thelbf for the jth SNP corresponding to person i. Then the measured feature matrix isX̃ =[
x̃(1)x̃(2)...x̃(p)

]
. p << N and the columns of̃X (aka individuals) are linearly independent (i.e.

rank(X̃)=p). The row mean ofX̃ is µ̃ = 1
p

∑p
j=1 x̃

(j). The translated measured feature vectors

arex(i) = x̃(i) − µ̃, i = 1, 2, ...p. Leading to a measured feature matrixX =
[
x(1)x(2)...x(p)

]
.

x ∈ RN . The covariance matrix ofX is S = E[XXT ] estimated herein by1
p−1

XXT . The

square root of S isQh = S1/2 i.e. S = (QhQh). The rank ofX is (p − 1). Matrix S is
positive semidefinite and its column space is the same as the column space ofX. The column
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Phenotype Subject SNPs Summary (overp)

Case 1 α1,1,1 ... ... ... α1,1,p MeasureM1,1, V1,1

Case 2 ... ... ... ... ... MeasureM1,2, V1,2

Case ... ... ... ... ... ... ...
Case n α1,n,1 ... ... ... α1,n,p MeasureM1,n, V1,n

E or Var (over n) a1,1 a1,2 a1,3 ... a1,p d1 or d∗1
Cntl 1 α2,1,1 ... ... ... α2,1,p MeasureM2,1, V2,1

Cntl 2 ... ... ... ... ... MeasureM2,2, V2,2

Cntl ... ... ... ... ... ... ...
Cntl m α2,m,1 ... ... ... α2,m,p MeasureM2,m, V2,m

E or Var (over m) b2,1 b2,2 b2,3 ... b2,p e1 or e∗1
Overall E or Var (over n+m) c1 c2 c3 ... cp f1 or f ∗

1

Table 1: Example of within-study summaries of divergences for a case-control study.α1,1,1 = divergence value
instantiated for 1st group, 1st subject and 1st SNP ... etc.α1,1,1 is the information the first SNP carried by the
first subject in group 1 has relevant to the comparison posed,and so on.a1,1 (or b2,1) is the expected ’typical’
value (E) or the variability (Var) of information the first SNP carried by group 1 (or 2) has pertinent to the posed
contrast etc. High typicality suggests possible useful features. High variability suggests subject heterogeneity.
(a1,1 − b2,1) is the difference in these between the groups - high typical values indicating important features (cf.
’signals’) or large differences in the within group variability pointing to possible sporadic outlier subjects.c1 is a
suitably scaled total of these moments for the study. The marginal measures M and V as per person profile moment
summaries are explained in Delrieu and Bowman (2005, 2006a), and Pirmohamedet al. (2007).(αi,j,1−αk,l,1) is
the pair-wise difference in divergences for the first SNP between the jth individual of group i and the lth individual
of group k (a j (of group i) to l (of group k) inter-individualdistance, Figure 1). Starred variances (∗) can have
two values (and two interpretations - see // below) depending upon the order of calculation - ’over p then over n
(or m or n+m)’ versus ’over n (or m or n+m) then over p’. Summaries d and e represent group typical profiles
and their variability. High typicalities suggest an informative study. Low variabilities indicate a large number of
relevant SNPs (or uniform typical profiles // homogeneous profiles); high variabilities indicate a small number
of relevant SNPs (or ’spiky’ typical profiles // heterogenous profiles). (d-e) is the difference in group profiles
or variabilities. A large typical difference suggest a highly informative study for the question posed. A large
difference in variability points to sporadic outlier subjects or possible unequal ’component’ covariance structure
between the groups. Suitably scaled f characterises the overall study profile (discriminativesizeof the study) and
its variability .
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Phenotype Subject SNPs Summary (overp or q)

Case X E or Var (over n) a1,1 a1,2 a1,3 ... a1,p d1 or d∗1
Cntl X E or Var (over m) b2,1 b2,2 b2,3 ... b2,p e1 or e∗1
Overall X E or Var (over n+m) c1 c2 c3 ... cp f1 or f ∗

1

Case Y E or Var (over k) A1,1 A1,2 A1,3 A1,q D1 orD∗
1

Cntl Y E or Var (over l) B2,1 B2,2 B2,3 B2,q E1 orE∗
1

Overall Y E or Var (over k+l) C1 C2 C3 Cq F1 or F ∗
1

Table 2:Between study summaries of divergences (Phenotype X and Phenotype Y,p > q in this example). Starred
variances (∗) can have two values depending upon order of calculation (see Table 1). (A1,1 − a1,1) and so on,
indicates any differences in typicality or variability between the case populations of phenotypes Y and X (adjusted
for the control genetic basis of each study) subject to any systematic genetic offset between the control populations
for the first SNP. The latter would allow say, the discovery ofpre-disposing genes for ocular SJS in Japanese (Ueta
et al., 2007a, 2007b) (=phenotype Y) versus general SJS in Chinese(Chunget al., 2004) (=phenotype X) given
an understanding of ethnic differences in allele frequencies in healthy individuals. Given comparable controls
between phenotype X and Y, (C1 − c1) measures the absolute differences in typicality or variability between the
case populations of phenotypes Y and X (cf. phenotype subtraction over genetic features - see Pirmohamedet al.
(2007) page 1691 Figure S15). Differences between profile moments (D1 − d1), and (F1 − f1) follow similarly.
For X = Y, (a1,1+A1,1

2
) or (d1+D1

2
) represent meta-analytical summaries across studies.

space ofQh is the same as the column space ofS. Now, consider the system of equations:
Qhy = x. This system is solvable if and only ifx is in the column space ofS and hence of
X. In this case, there are an infinite number of solutions but the solution of minimum length
is unique. Ifx is not in the column space ofX then we look for a solution minimising the
least squares error function LSEF =‖Qhy − x‖2. Using singular value decomposition (SVD)

we can expressX asX = V

[
Σ 0
0 0

]
UT whereV is a N x N orthogonal matrix (a set of

orthonormal ’output’ basis vector directions forX), andU is a p x p orthogonal matrix (a
set of orthonormal ’input’ or ’analysing’ basis vector directions forX). Σ = diag(σi) where
σ1 ≥ σ2... ≥ σr, the non-zero eigenvalues ofXTX (or equivalentlyXXT ) being arranged in
descending order (a set of scalar ’gain controls’ by which each corresponding input is multiplied
to give a corresponding output). The columns ofU are the corresponding eigenvectors ofXTX
(aka right singular vectors). The columns ofV are the corresponding eigenvectors ofXXT (aka

left singular vectors). Then,S = V

[
Σ2 0
0 0

]
V T , Qh = V

[
Σ 0
0 0

]
V T and the value ofy that

minimises LSEF isy∗ = V

[
Σ−1 0
0 0

]
V Tx. DefineV1 as the first r columns ofV . The rank of

V1 = r ≪ N . δ∗ = Σ−1V T
1 x are the co-ordinates ofy∗ with respect to eigenvectorsv1, v2, ...vr

for plotting. Defining the pseudo-inverse (Rao, 1973) ofQh asQ+
h = V

[
Σ−1 0
0 0

]
V T then

y∗ = Q+
h x and this is the min(LSEF) smallest 2-norm solution. The vector x+

c = QhQ
+
h x is

the orthogonal projection ofx onto the column space ofQh and hence to the column space of
X, and, the vectorr = x − Qhy

∗ = (I − QhQ
+
h )x is the projection ofx onto the subspace

orthogonal to the column space ofQh (and hence orthogonal to the column space ofX). Then
XT r = 0 andx = x+

c + r (Figure 1 Top Right).

If we define the columns of the measured feature matrix to correspond only to thecontrols, then
solve as above and apply to all subjects, the transformationfrom x → y i.e. y = Q+

h x has the
effect of ’control’ smoothing (Figure 1 Middle Left) the ’input’ signalsx due to the fact thatQ+

h
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Figure 1: Top Left: Histogram of inter-individual pair-wise difference in Measure M fromlbf s for cases, controls
and overall in Pirmohamedet al. (2007). White bars = Cases, Black bars = Controls, Grey bars =Overall. Y
axis at zero.∼ = ’indicative of’. Controls are more compact - indicative ofsmallere∗1 in Table 1 Upper. Cases
are more dispersed - indicative of largerd∗1 in Table 1 Upper. Small size of study (Pirmohamedet al., 2007)
mirrored by small size off1 (dotted). Increased spread overall indicative off∗

1 and presence of case-control
genetic differences. Top Right: Geometric illustration that x+

c is in the column space ofX and the residualr is
orthogonal to the column space ofX . Middle Left: Profile of study divergence over all subjects for each SNP (ci

in Table 1 Upper) in Pirmohamedet al. (2007) before and after control subspace smoothing using all eigenvalues.
Upper trace in each panel is mean over individuals, lower trace in each panel is mean minus one standard deviation
over individuals (i.e.E[ci]−

√
V ar[ci]). SNP order along chromosomes. Middle Centre: Plot of the norms of the

projection of the cases and controls onto thecontrolcolumn space ofX and onto the subspace orthogonal toX for
Pirmohamedet al. (2007) showing case heterogeneity having removed control LD. Controls on the x axisare in
the control subspace. Vertical axis represents an LD-adjusted genetic distance for each individual. Middle Right:
lbf profile for case 25 before and after controlLD−1/2 smoothing using all eigenvalues. Noticeably ’spiky’ profile
is original data. Note positive concerted smoothed signal for SNPs 80-100 in this individual. Bottom Left: Plot of
the norms of the projection of the cases and controls onto thecontrol column space ofX and onto the subspace
orthogonal toX for Pirmohamedet al. (2007) for first 40 eigenvalues/vectors only (≡ 85% of variation). Note
still separation of cases and controls. Controls (circled)are no longer quite planar in the original control subspace.
Bottom Centre: Elements of high and low values of the matrixScnS+

ca joined by horizontal lines. Only 14 SNPs
show appreciable differences in covariation between the cases and controls. Bottom Right: Plot of the norms of
the projection of the cases and controls onto thecontrolcolumn space ofX and onto the subspace orthogonal toX
for Pirmohamedet al. (2007) after removal of 14 SNPs with subjectively extreme values ofScnS+

ca. LD disparities
between the groups have little impact on case-control distinction.
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tries to equalize the variations of the transformed data along orthogonal directions of maximum
variance (≡ removal ofcontrol LD and sampling stochastics). The length of the residual‖r‖2

for any casevectorx ∈ RN can tell us how far the particular case is from thecontrol sub-
space (i.e. a control LD-adjusted genetic distance, Figure1 Middle Centre). Individual profiles
can be smoothed (see case 25 in Figure 1 Middle Right) to remove the pattern of control LD.
We can even approximateX by X(k) whereX(k) = Σk

i=1σiν
(i)u(i)T andk ≤rank(X). Then

MinB‖X − B‖2 = ‖X −X(k)‖2 = σk+1, rank(B)=k and‖X‖2 = Supz 6=0
‖Xz‖2

‖z‖2

. Then in the

reduced (k) subspace,S(k) = V
(k)
1 Σ2

kV
(k)T
1 , Q(k)

h = V
(k)
1 ΣkV

(k)T
1 , Q(k)+

h = V
(k)
1 Σ−1

k V
(k)T
1 and

y(k)∗ = Q
(k)+
h x. Using such a subset of eigenvalues and eigenvectors (Figure 1 Bottom Left) for

projection shows that inter-group subspace differences donot depend greatly upon fine distinc-
tions captured by small ’noise’ components. Smoothing by modest control LD decomposition
(i.e. approximate standardisation) can be sufficient. Of course marker covariation (LD) may be
different between cases and controls. So, defineΛ = ScnS

+
ca whereScn is the marker covari-

ance matrix for controls andS+
ca is the (generalised) inverse of the marker covariance matrix for

cases. The high and low values inΛ will, in a unit-less way, subjectively assess any difference
in second-order patterns. This is where one would expect a strong case-control signal. For study
Pirmohamedet al. (2007), Figure 1 Bottom Centre shows that only 14 out of the 219 SNPs have
high or low extreme values ofΛ. Removing these (as a ’strawman’) and re-projecting on the
control sub-space shows that the essential separation in subspaces is retained i.e. there is little
appreciable difference to the case-control subspace distinction (Figure 1 Bottom Right). These
14 SNPs are not important for smoothing. The subspace distinction is everywhere in the profile.
Standardisation by adjusting for the large scale control LDpattern can be sufficient.
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Analysis of proteomics samples from mass
spectrography of a longitudinal experiment using

Functional Data Analysis (FDA)

Siem H. Heisterkamp

Organon Biosciences, Schering Plough Corporation, and
Groningen Bioinformatics Centre, University of Groningen

Abstract

In a longitudinal experiment cerebral spinal fluid (CSF) wassampled from rats and
human volunteers subject to different treatments, at regular time points within a period of
25 hours and analyzed using mass-spectrography. Typicallythe data from each sample are
represented as intensity profiles (spectra) for a large number of mass over charge (m/z)
values- each representing a peptide- , with high values (peaks) at some m/z positions (peak
positions). The number of peak positions may vary between 20,000 to 80,000. Functional
Data Analysis (FDA) for linear models was used to find those peak positions which yield
differences between treatments and/or time points. As FDA reduces the resolution of the
peak positions - and thus computational efforts - one will find rather ranges of interesting
peaks than the individual peak positions themselves. However, the usual linear FDA models
ignore correlation within subjects. To overcome this, in a second step a mixed effect linear
model for each peak in the selected region(s) is applied. Pre-defined contrast of treatment
and time combinations were tested allowing for multiplicity for the numbers of peaks tested,
while stabilizing the covariance, similar to the work by Smyth (2004). As an alternative
we propose a mixed FDA (mFDA), to find better defined ranges of interesting peaks, and
thus reducing the multiplicity in the second step. The connection between FDA with a
roughness penalty and linear mixed models as a penalized linear regression is used in an
empirical Bayes setting.

1 Introduction

Research and development of drugs for diseases of the Central Nervous System (CNS) is ham-
pered by severe restrictions of the availability of bio-markers in serum or cerebral spinal fluid
(CSF). As CSF is in direct contact with brain tissue and is continually refreshed, it possibly
contains (fragments of) proteins carrying information of processes in the brain. Using mass-
spectrography is a fast method to detect mixtures of molecules in CSF. CSF has been sampled
from the spine of either rats or human volunteers, in longitudinal experiments. As observations
within subjects are correlated an adequate statistical analysis, using mixed models is required.
However, the amount of data is prohibitive to do so directly.

2 Use of linear models in FDA followed by linear mixed models per peak

Consider vectorsyi (x) data of lengthp, i = 1 . . . S, withS the number of samples. The samples
are obtained fromn subjects each sampled atk points in time, and assume for simplicity that
S = n × k. The length ofy, p is the number mass over charge positions (m/z) found in the
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run of that sample on the mass-spectrograph machine. In the particular experiment, each of
the subjects were assigned to one of the available treatments at timettreat, which were active
drug(s) or placebo. We assume that thex-values are in one way or the other aligned, such that
we effectively deal with one vectorx. If a x peak position was not observed in a particular
sample, either a zero or the mean ofyi (x) from neighbouringx values are imputed for the
correspondingy, see Ramsay and Silverman (2005) chapter 7.

2.1 Basic FDA

Basically FDA starts by choosing a set of basis functions with its domain in the x-values. This
basis must suit the given data, e.g. B-splines or a Fourier-basis. We used B-splines, which can
be smooth as well as peaked - depending on the choice of internal knots and the order.

Suppose we choose a finite set of B-splinesφk (x), k = 1 . . .K of given orderm and ordered
knotsτ . We assume that there exist scalarsck, k = 1 . . .K such that

E [y (x)] =

K∑

k=1

ckφk (x) = c′φ

The approximation of they (x) vector is now a matter of linear regression on the basis functions,
yielding scalarŝck, k = 1 . . .K. Using simple weighted least squares the coefficients are given
by:

ĉ = (Φ′WΦ)
−1

Φ′W′y

whereW is the matrix of weights. The projection operator is given by:

Sφ = Φ (Φ′WΦ)
−1

Φ′W′

thusŷ = Sφy. To escape from the crude approximation using the basis functions alone, some
’roughness’ penalty function on the coefficients is introduced (Ramsay and Silverman, 2005).
Suppose we can write this function asĉ′R ĉ whereR is a matrix derived from the basis func-
tions. Ramsay proposes a penalty function being the integral over the squaredmth derivative of
y, for some integerm. This derivative can be approximated entirely by the basis functions and
the unknown coefficientsc. E.g.R =

∫
Dmφ (s)Dmφ′ (s) ds. For a fixed penaltyλ, we fit the

coefficients, getting thesmoothedfitted valueŝy = Sφ,λy where the modified ’projector’ is:

Sφ,λ = Φ (Φ′WΦ + λR)
−1

Φ′W′

the familiar penalized regression smoother. The degrees offreedom of this smoother is usually
defined asdf = trace (S). The choice of the penalty is such that bias and variance is traded off
in a reasonable way. One way to do this efficiently is the use ofGeneralised Cross Validation
(GCV).

In the following we useY being ap× S matrix with columns theS observed functions,Φ the
p×Ky matrix of basis functionsφ and theS ×Ky matrixC of coefficients and we summarize
Y = CΦ.
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2.2 First step: select ranges of interesting peaks by linearFDA

As a first step in the analysis we apply a functional linear model on the data, in which we con-
sider all samples as independent units, thus without worrying about correlation of thefunctions
y (x) within subjects. Here we consider a (non-functional) design matrixX of sizeS × q for
which we have to estimate theq functional coefficientsβ (x) for the model:

Y (x) = Xβ (x) + ε (x)

Although not strictly necessary, we assume that all functionsβ (x) use the same basisΨ, and
in this particular example we even takeΦ identically to theΨ of y. Now, suppose we have a
matrixB of sizeq ×Kβ such thatβ = Bϕ. In order to get smooth coefficients functionsβ̂ (x)
wepenalizethese coefficient functions (in addition to the smoothing ofthe observations). Thus
we find β̂ (x) by solving the columns of matrixB.

vec (B) = [Jφφ ⊗ X′X + R ⊗ Λ]
−1
vec (X′CJφφ)

whereJφφ =
∫

Φ′Φ. The diagonal matrixΛ contains the penalties for the different coefficients
β. When using a different basis for the latter, a similar equation apply, withJφφ at the right
hand side replaced byJφψ.

For this specific exampleX includes time and treatment and its interaction. Variance and co-
variance of the coefficients are readily obtained, and pointwise confidence intervals forpre-
definedcontrasts can be computed and visualized. Multiplicity foreach contrast is corrected
with a crude Bonferoni correction using as denominatorKy, the number of basis functions
used inY. All ranges of smoothed contrasts outside the confidence intervals were regarded as
interesting. The individual peaks within each ranges wherekept for analysis in the second step.

2.3 Second step: mixed models peak within interesting ranges

In this step we used a mixed model analysis for each of the peaks in which we took care of the
correlation within subjects. Fixed effects were again time, treatment and interaction between
time and treatment. Random subject effects allow individual values for the intercept. For each
peak we tested relevant contrasts using (a modified version)of method of Smyth (2004) devel-
oped for the analysis of microarray data withfixedlinear models. To correct for multiplicity we
used the adaptive Benjamini-Hochberg method (Yekutieliet al., 2006).

Thus FDA is essentially used as a filter to reduce the amount ofcomputation, and hopefully
strengthen the power of the study by reducing multiplicity.However, it is expected that at least
theoretically this two-step procedure might be improved byusing a mixed model in the FDA
itself (Morriset al., 2006).

3 Use of mixed FDA (mFDA)

In principle the FDA can be extended for mixed linear models.Consider a linear mixed func-
tional model (Morriset al., 2006):

Y (x) = Xβ (x) + Zu (x) + ε (x)
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Now theS × q matrixX defines the fixed effects, while theS × p matrixZ defines the random
effects. The matrixβ contains the coefficient functions of the fixed model. The (nuisance)
matricesu and ǫ are independent of each other, but there might be a non-trivial covariance
structure for each separately. Apparently there is a strongconnection between linear mixed
models and penalized regression for non-functional data (Pinheiro and Bates, 2000). In a mixed
model the coefficientsu are derived by a penalized regression of thefixedresidualsr = Y−Xβ
onZ with weightsW the representing the co-variance of the coefficientsu apart from a constant
σ2. In particular

û = [Z′WZ + I]
−1

Z′Wr̂

and the ML-estimates of the fixed coefficients are obtained byregression:

β̂ =
[
X′Σ

−1
X

]−1

X′Σ
−1

Y

with Σ = Z′WZ+ I. The ML-estimate of the residual variance isσ̂2 = r′Σ−1
r
/
S. Numerical

estimation is usually done by a combination of EM and Newton-Raphson (Pinheiro and Bates,
2000).

For functional mixed effects analysis we extend this algorithm to be used for functional data.
If D is the coefficient matrix for the random effectsu we may use the estimation ofvec (D)
analogous to the estimation ofvec (B) from section 2.2.

vec (D) = [Jφφ ⊗ Z′WZ + R ⊗ I]
−1
vec (Z′W (C −XB)Jφφ)

and forvec (B) a similar equation holds.

In Ramsay and Silverman (2005), multivariate linear analysis is explored without making dif-
ference between the nuisance and fixed parameters, by functional principal component analysis.
Before using mFDA, one might use this technique for exploring the correlation structure in the
functional residualsr of each subject, which may facilitate in the choice of the weight matrix
W.
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Statistical prediction and molecular simulation

Scott C. Schmidler

Department of Statistical Science, Duke University

Computer simulation, especially molecular dynamics simulation, is an important and widely
used tool in the study of biomolecular systems. The behaviorof molecular systems is typically
described by a potential (forcefield) involving many physicochemical parameters. Howver, for
macromolecular systems such as proteins and nucleic acids and their complexes, large scale
validation against experimental data have been lacking, and formal statistical procedures for
parameter estimation have not been developed.

We focus on two aspects of the problem: the difficulty of evaluating simulations using ex-
perimental measurements due to ensemble averaging, and thechallenges of likelihood-based
parameter estimation due to the well-known problem of intractable normalizing constants in
Gibbs random fields. We describe the application of standardideas from statistical learning
and convergence of stochastic processes to address the former, and describe a new Monte Carlo
scheme for Bayesian parameter estimation in general Gibbs fields. We demonstrate the results
on simulations of helical peptides.
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Detection of shape outliers, with an application to
complete unilateral cleft lip and palate in humans

Stanislav Katina
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1 Introduction

Cleft lip/palate (CLP) is a relatively common birth defect (about 1 per 1000) so disfiguring that
nowadays it is almost always corrected surgically as early as possible. The postnatal surgical
correction does not, however, result in a normally growing maxilla (upper jaw), but instead,
owing to scar tissue and altered mechanical function, one that grows abnormally. It is of inter-
est to determine whether that abnormality is itself homogeneous. In this paper I comment on
this question both as an example of geometric morphometricsand as an example of the kind
of question that craniofacial surgeons might propose in their role as physical anthropologists,
students of the variation of human form.

2 Data

The example involves data from digitally processed lateralX-ray films (under the standard
conditions–focus-object distance =370cm, object-film distance=30cm, magnification=8.1%) of
48 boys who have complete unilateral CLP but no other malformation, born between the years
1985−1988. All were surgically corrected in infancy by the same team ofsurgeons at the Clinic
of Plastic Surgery in Prague, Czech Republic. Primary cheiloplasty performed according to
Tennison’s method at an average age of9 month was associated with periosteoplasty (without
the nasal septum repositioning) using a5 − 7mm wide and15 − 20mm long periostal flap
obtained from the lateral maxillary segment (Velemínskáet al. 2006). All patients underwent
palatoplasty at an average age of5 years, always by method of pushback with pharyngeal flap
surgery. The corrective procedures were implemented in thepatients with persisting soft tissue
deformations like lip and nose, lip or nose (Velemínskáet al. 2007). Data are from follow-up
at two ages,10 and15 years, within the adolescent growth spurt (Fig.1).

3 Methods

22 cephalometric points (landmarks) were represented by their Procrustes shape coordinates,
and the distribution of the96 shapes was examined for outliers via Relative Warp Analysis
(RWA, Dryden and Mardia 1999) in the affine subspace and the first few eigendimensions of the
non-affine subspace of the full Procrustes shape space (Bookstein 1991). Using both subspaces,
affine and non-affine, gives us a global view to the homogeneity of the sample. The craniofacial
surgeons do not know by definition if possible inhomogeneityis affine or not-affine (local with
small or large scale) but they might be interested in both. Toseparate outliers from inliers
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Figure 1: Example of X-ray with22 landmarks (right lateral view; landmark definitions see in Velemín-
skáet al. 2006)

bagplots(bivariate boxplots) as supplied byR were used and I will describe them in the next
paragraphs.

For generalizing the median to higher-dimensional settings, a variety of different maximum
depth estimators have been introduced. They extend, for example, the halfplane location depth
of Tukey. LetX1, ..., XN be independent and identically distributed bivariate random variables,
Xn ∈ R

2, n = 1, 2, ..., N . For given observationsx = (x1, ..., xN), we writexn = (x1n, x2n),
wherexjn are RWj scores (herej = 1, 2 ). Thehalfplane location depthof an arbitrary point
θ ∈ R

2 relative tox is defined asdl (θ, x) = min∀H # {n : xn ∈ H} , n = 1, ..., N , whereH
ranges over all closed halfplanes of which the boundary linepasses throughθ. The deepest
locationis defined aŝθdl = arg max

∀θ
dl (θ, x) and often called theTukey median.

Thedepth region of depthl is defined as the setDl of pointsθj with dl (θ,x) ≥ l. Equivalently,
Dl is the intersection of all closed halfplanes that contains at leastn− l+1 observations, hence
Dl is a bounded convex polygon, andDl+1 ⊂ Dl. The boundary ofDl is a convex polygon,
which is called thecontour of depthl (lth depth contour, lth hull). Therefore, each vertex of a
depth contour is the intersection point of two lines, each passing through two observations.

The univariate boxplot is based on the ranks since the box goes from the observation with the
rank

⌊
n
4

⌋
to that with the rank

⌈
3n
4

⌉
, and the central bar of the box is drawn at the median.

A natural generalization of ranks to multivariate data is the notion of halfspace depth (Tukey
1975). Using this concept in shape analysis, we propose abivariate boxplot(bagplot) with
thebag, that contains50% of the data points, afencethat separates inliers from outliers and a
loop indicating the points outside the bag but inside the fence (Rousseeuwet al. 1999). The
loop plays the same role as the two whiskers in one dimension,so we could call this plot also
”bag-and-bolster plot” to stress the analogy with ”box-and-whisker plot”. Like the univariate
boxplot, bagplot visualizes several characteristics of the data - location, spread, correlation,
skewness and tails. The construction of bagB is as follows. Let#Dl denote the number of
points contained inDl. One first determines the valuel for which #Dl ≤

⌊
n
2

⌋
< #Dl−1 and

then interpolates linearly betweenDl andDl−1, relative toθ̂dl, to obtain the setB (the bagB is
a convex hull). The fence is obtained by inflatingB, relative toθ̂dl, by a factor3 found on the
base of simulations (Rousseeuwet al. 1999). The loop contains all points between the bag and
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the fence and its outer boundary is the convex hull of the bag and the non-outliers. The points
outside the fence are flagged as the outliers.

Above mentioned Tukey depth and depth contoures can be directly applied toRWscoresxn to
detect possible outliers (Katina 2005).

4 Results and discussion

There are no outliers apparent in the affine (uniform) subspace. In the non-affine subspaces, we
find no outliers for bending patterns at large scale but perhaps some outliers for local changes at
small scale. These latter are associated with possible ’creases’ (extrema of directional deriva-
tive, Bookstein 2000) of the corresponding thin-plate splines (Fig.2). In those cases we can use
the same spline formalism to relax the outlying form to an inlier by optimal relaxation along
the ’curve décolletage’ that weighs bending energy against Procrustes distance (Fig.3).
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Figure 2: RWscores (RW1 and RW2) with the bag and the fence of the bagplot (middle) and TPS
deformation grids of the mean shape to the estimated shapes indicated by the tips of the arrow heads in
the middle figure – in shape space for local changes with smallscale (α = −1); 10 years old patients•,
15 years old patients◦
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Figure 3: TPS deformation grids and relaxation in Procrustes shape coordinates; TPS grid of Procrustes
mean shape to the shape ’45’ with crease in the upper right corner (left); ’curve décolletage’ of shape
’45’ (mean shape◦, middle), TPS grid of Procrustes mean shape to the relaxed shape ’45’

For LASR, these maneuvers suggest a possibly novel and interesting fusion of the Procrustes-
spline toolkit with another theme, outlier detection, of the standard modern data-analytic toolkit.
They also have practical implications for craniofacial management of CLP follow-up as well as
suggestive implications for outlier detection in applied craniometrics and anthropometrics more
generally.
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Mesoscale modeling of macromolecular machines

Michael Levitt

Department of Structural Biology
Stanford School of Medicine

This talk will cover the work of the Levitt Lab all directed towards large-scale modeling of
mesoscale modeling of macromolecular machines. It will focus an approach specially designed
to model the structure and dynamics of large macromolecularnano-machinery.
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Bayesian estimation of hominoid ancestral
population sizes

Ziheng Yang1∗ & Ralph Burgess1,2

1 Department of Biology, Galton Laboratory,
University College London, UK

2 Watson School of Biological Sciences,
Cold Spring Harbor Laboratory, USA

Takahata (1986) observed that DNA sequences from present-day species can be used to esti-
mate parameters (such as population sizes) of extinct common ancestors. In the past decade,
this basic idea has been extended to deal with multiple species and to incorporate more realistic
models of sequence evolution. More importantly, rapid accumulation of genomic sequences
has made the idea a useful tool for ancestral inference. In this talk, I will give an overview of
methodological developments related to this problem and focus on compilation and analysis of
a genome-wide dataset to estimate population parameters for the common ancestors of humans
and the great apes. In particular, inference of population size for the human-chimpanzee com-
mon ancestor may shed light on the process by which the two species separated, and on whether
the human population experienced a severe size reduction inits early evolutionary history. We
updated a genome-wide dataset of 15,000 neutral loci aligned for human, chimpanzee, gorilla,
orangutan and macaque, to incorporate recent high-qualitygenome assembly sequence. The
data were then analyzed to estimate species divergence times and ancestral population sizes.
The Bayesian Markov chain Monte Carlo method of ancestral inference of Rannala and Yang
was extended to accommodate variation in mutation rate among loci and to allow for random
species-specific sequencing errors. We obtained precise estimates for effective population sizes
along the hominoid lineage extending back 30 million years (MY). The results showed that
these ancestral populations were at least 5-10 times largerthan modern human populations.
The estimates were robust to the priors used and to model assumptions about the process of
recombination. Our separate estimates of population parameters for the X chromosome implied
a simple instantaneous process for human-chimpanzee speciation, and did not support an earlier
suggestion of complex post-speciation hybridization. However, we found a significant but tran-
sient reduction in X chromosome effective population size in the human-chimpanzee common
ancestor.
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A probabilistic approach to modeling RNA 3-D
structure

Jes Frellsen1∗, Ida Moltke1, Martin Thiim1,
Kanti V. Mardia2, & Thomas Hamelryck1

1 The Bioinformatics Centre, Department of Biology,
University of Copenhagen, Denmark

2 Department of Statistics, University of Leeds, United Kingdom

The prediction of macromolecular 3-D structure is one of theprime open problems in com-
putational biology. In research the main focus has been on protein 3-D structure prediction.
However, the prediction of non-coding RNA 3-D structure constitutes a relatively young and
growing research field, as many new non-coding RNA moleculesare being discovered these
years and it is becoming evident that they play a more significant role in the cell than previously
thought. Hence, methods for analyzing and sampling RNA 3-D structures are increasingly im-
portant.

Currently, the most common approach to modeling local RNA 3-D structure has been to de-
scribe the local conformational space as discrete in a non-probabilistic framework. We present
an original approach to modeling local RNA 3-D structure using a probabilistic model that
treats the conformational space as continuous. In our modelthe dihedral angles in RNA are
modeled with a Dynamic Bayesian Network using directional statistics. The model defines a
continuous probability distribution over the conformational space and therefore has numerous
applications. It allows for fast probabilistic sampling oflocally RNA-like structures and it can
therefore be used in RNA 3-D structure prediction, where oneof the problems is efficiently
searching through the space of plausible RNA structures. The model is also well suited to be
used in quality validation of experimentally determined structures.
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The metabolic networks of the chromealveolates:
capability and evolution

D. R. Westhead∗, J. W. Whitaker, G. A. McConkey

Institute of Molecular and Cellular Biology, University ofLeeds

A number of years ago we developed the SHARKhunt software forautomated metabolic anno-
tation of genome sequences, and in collaboration with experimentalists we have applied this to
unicellular eukaryotes, in particular theApicomplexanparasites, a phylum that contains many
important pathogens of man and animals. More recently this interest has extended to the study
of metabolic network evolution, including the process of gene gain by horizontal gene transfer.
We have built a new resource, metaTIGER, covering more than 100 eukaryotes and more than
400 bacteria, allowing the study of their metabolic networks in evolutionary context. Each en-
zyme in the metabolic network is accompanied by a high quality phylogenetic tree, which can
be visualised using state-of-the-art software. The tree database can also be queried to identify
trees of interest, for instance genes gained by HGT or suitable for use in deriving multi-gene
consensus species trees. The resource will be illustrated by examples, including the discov-
ery of a potentially important pathway gained by HGT in thePhytophthora(plant eukaryotic
parasites including potato blight), and our attempts to employ multiple metabolic enzymes to
resolve the controversial question of the evolutionary origin of the most deadly human malaria,
Plasmodium falciparum.
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A new probabilistic model for binding site
similarity analysis: applications in understanding

ligand cross-reactivity and the functional
classification of the protein kinase family

Sarah Kinnings1, John R. Davies2∗, Kanti V. Mardia2

Charles C. Taylor2 & Richard M. Jackson1

1Institute of Molecular and Cellular Biology, University ofLeeds
2Department of Statistics, University of Leeds

The large-scale comparison of protein-ligand binding sites is problematic, in that measures of
structural similarity are difficult to quantify and are not easily understood in terms of statistical
similarity that can ultimately be related to structure and function. We present a binding site
matching score the Poisson Index (PI) based upon a well-defined statistical model (Davieset
al., 2007). PI requires only the number of matching atoms between two sites and the size of
the two sites – the same information used by the Tanimoto Index (TI), a comparable and widely
used measure for molecular similarity. We apply PI and TI to apreviously automatically ex-
tracted set of binding sites to determine the robustness andusefulness of both scores. We found
that PI outperforms TI; moreover, site similarity is poorlydefined for TI at values around the
99.5% confidence level for which PI is well defined. A difference map at this confidence level
shows that PI gives much more meaningful information than TI. We show individual examples
where TI fails to distinguish either a false or a true site paring in contrast to PI, which performs
much better. TI cannot handle large or small sites very well,or the comparison of large and
small sites, in contrast to PI that is shown to be much more robust. Despite the difficulty of
determining a biological ’ground truth’ for binding site similarity we conclude that PI is a suit-
able measure of binding site similarity and could form the basis for a binding site classification
scheme comparable to existing protein domain classification schema. Methods for analysing
complete gene families in the drug discovery process are becoming of increasing importance,
because similarities and differences within a family are often the key to understanding func-
tional differences that can be exploited in drug design. Constituting around 1.7% of the human
genome, the protein kinase family is one of the largest enzyme families and plays key roles in
almost all signalling pathways. Since the deregulation of these signalling pathways often leads
to disease, the control of protein kinase activity is a principle focus of pharmaceutical research.
The vast majority of kinase inhibitors target the ATP-binding site. However, the high degree
of sequence and structural conservation amongst the protein kinases means that the design of
potent, selective kinase inhibitors is a significant challenge. We have developed a large online
database for the retrieval of ligand binding site similarities (Gold and Jackson, 2006). These are
extracted automatically from the Macromolecular Structure Database using a geometric hash-
ing algorithm (Goldet al., 2007). We have undertaken a large-scale comparison of protein
kinase ATP-binding sites. This has allowed us to discover binding site similarity in different
sub-families of protein kinase that are not evident from sequence similarity alone. It has also
enabled us to quantify the effect of how different drug molecules bind to the same binding site
and influence the local binding site conformation. We propose a relevant classification of the
protein kinase family based on the similarity of their binding sites. Not only does this classifi-
cation highlight features that are important for the potency and selectivity of kinase inhibitors,
but it also allows us to predict possible cross-reactivity among the protein kinases.
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1 Introduction

Statistical genetics and Bioinformatics are experiencinga period of great capability in providing
the methodologies to support wet laboratory research and they are keeping the pace with the
growing availability of a large variety of molecular biology high through-put data. Molecular
biologists are now pressing with more challenging requests. There are two important issues.
The first is how to integrate the different types of high through-put data (omics). The other is
to integrate replicates (how many?) with nearby species (how many, how evolutionary close?)
data .

The problem with the first point is that it is not so obvious howone "omic" data (say tran-
scriptomics) could support findings on other omics, say genomics or proteomics. Clearly all
the omics are interdependent because related to the cell machinary and to the process of fitness
and survival of the organism. In theory, we need all them but their contribution is not sim-
ply additive but more complex and related to the cell circuitries. For example it is possible to
produce a quantity of a certain protein by having basal levels of transcription and translation of
several copies of a gene or having one gene being highly transcribed or highly translated or sim-
ply slowly degraded (for example because of the attachment of a sugar chain - here glycomics
may enter, or a lipid chain, lipidomics). In summary due to the untangling of the biological
processes it is important to use all the evidences but we do not have models and methods and
theory good enough. At the time when only few DNA sequences were known in databases,
there was the general belief that the future availability ofmassive amount of sequences could
dispel all statistical genomics uncertainties. The arrival of high through-put data has instead
cleared many, not all, the uncertainties and has generated new ones. In many cases, the same
is happening with replicates and nearby species data. A problem with gene expression data is
the noise; when the experimental data is variable, the most obvious way to improve the signal
to noise ratio is to perform experimental replicates. This can be performed by first averaging
gene expression measurements observed at different experimental replicates since the standard
deviation of such average levels will decrease with the square root of the number of replicates
it is likely that the weaker associations will be detected than in the case of a single replicate is
performed. When experiments are costly, particularly in high throughput biology, replicates are
usually in a number to assure ‘just above’ the threshold statistical reliability for disseminating
and publishing results; funding constraints sometimes result in seriously hampering statistical
robustness.

The biological reasoning behind replicating experiments is that each organism has homeostatic
mechanisms that maintain the genetic information and its expression and functions. This al-
lows to replicate experiments with decent accuracy if the conditions remain the same and no
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instrumental errors are present. In molecular biology it isoften difficult to retain the exact ex-
perimental setup but close conditions are widely accepted.In a field where technology changes
constantly and at great pace, results that are few months distant may be based on slightly dif-
ferent technologies or manufacturing aspects of some components leading to slightly different
accuracy. The biological samples used in the experiments, i.e. culture cell lines, for examples
bacterial or yeast cells which have short generation times,although kept in the same medium,
may slightly change because of mutations and contaminationduring their periodical prolifera-
tion and in vitro amplification. Cells may have minimal different concentration of constituents
such as nucleic acid, proteic, lipid or sugar factors, ions,giving them different fitness with re-
spect other colonies. However, a large body of experimentalevidences in comparative genomics
is showing that recently diverged species may retain similarities in gene sequence, expression
and genome organization. These considerations suggest that, in absence of experimental repli-
cates, or in addition to these, statistical support to experimental evidences may also be searched
by analyzing close variants of the species under examination or phylogenetic nearby species,
i.e. species which have recently diverged. Of course the validity of the assumption of repli-
cas through phylogenetical relatedness should be proved bycopious experimental evidences or
literature.

Our motivation is that a phylogenetic metric may allow to combine replicated and cross-species
data. In a phylogenetic tree different species may be located on different leaves of the tree; in-
ternal nodes are ancestors; the distance between leaves provides an estimate of the effectiveness
(weight) of different species in providing statistical support to the nearby species. Replicates
may be located on the same leaf (but their contribution is weighted by the quality of experimen-
tal data). Quasi-species (for example rapidly mutating viral species in some how potentially
speciating), mutants, strains or different variants whichcannot be distinguished as completely
diverged species may be accommodate on the tree at very smalldistances from the tip (leaf)
under investigation. A situation in which we have differentomics, several replicates and also
nearby species data, and a proper metric, can be depicted in such a way that our original sample
data is central to a basin of available data which would provide statistical support towards the
central of the basin.

Recently we have inched our methodology towards both combining replicates and nearby species
and also towards combining different omics, precisely, genomics and transcriptomics. A most
challenging step in annotating a genome is to find the transcription factor binding sites (TFBS).
These sites, located at various distances upstream each gene, directly influence the amount of
gene transcripts. Our approach is to use transcriptomics toidentify biding sites affecting tran-
scription. For sake of space, details of methodologies and results for such approaches can be
found in , Angeliniet al. (2008), Angeliniet al. (2007), Tadesseet al. (2004), Lióet al. (in
preparation). Several computational methods for the discovery of transcription binding sites
(TFBSs) have been described, see for example Tompaet al., (2005) for some references. Most
of them uses only sequence alignments or the presence of unusual patterns in sequences.

In order to identify TFBS, Conlonet al. (2003) applied linear regression with stepwise selection
after getting a list of candidate TFBS motifs using MDScan, an algorithm that makes use of
word-enumeration and position-specific probability matrix updating techniques. The candidate
motifs were scored in terms of number of sites and degree of matching with each gene. Inspired
by this approach, we proposed using Bayesian variable selection techniques instead of stepwise
methods, see Tadesseet al. 2004. Our motivation was that Bayesian model selection methods
perform a more thorough search of the model space and hence might potentially pick up motifs
that can be missed by stepwise methods. We indeed showed that.
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Then we have extended the Bayesian variable selection method to take into account the dif-
ferent and multiple sources information available, pool together results of several experiments
(replicates) and allow the users to select the motifs that best explain and predict the changes in
expression level in a group of co-regulated genes.

Our main result was that considering more replicates or datafrom more species, the marginal
probabilities become much higher (about 3 fold) than those obtained using single replicates and
one species, Angeliniet al. (2008). We got both confirmation of known results and new findings
(motifs) which have high marginal probability values. Nextsection presents a summary of the
methodology.

2 Brief notes on methodology

Our methodology requires the following steps: 1) selectionof a group of coregulated genes;
in Angelini et al. (2008) and Angeliniet al. (2007) we focused on the ENG1 cluster, a set of
very strongly cell cycle-regulated genes of S. pombe and S. japonicus; the sequences up to 1000
bp upstream were extracted, shortening them, if necessary,to avoid any overlap with adjacent
ORF’s. For genes with a negative orientation, this was done taking the reverse complement
of the sequences. Nucleotide patterns of length 5 to 12 bp have been searched and up to 30
distinct candidates for each width have been considered; 2)determination of the nearby species
by means of a phylogenetic tree generated on the basis of the information of the selected genes.
Phylogenetic inference can be conducted with several methodologies among which Bayesian
and maximum likelihood approaches seem to be the ones with strong statistical basis. We first
assessed the distance between fungi based on the ENG1 protein tree; we used the JTT amino
acid substitution model of evolution due to the fact that theENG1 protein family are globular
cytoplasmic proteins. Likelihood maximization and maximum likelihood parameter estimation
were performed by numerical optimization routines using a replacement matrix for all sites. 3)
identification of the homologous genes in species under examination using BLAST; 4) choice
of a set of about 200 biologically independent genes of the nearby species after a phylogenetic
analysis; 5) determination and scoring a set of about 150 candidate motifs using the software
MDSCAN; 6) selection of few ’best motifs’ using Bayesian variable selection. We have run 10
parallel MCMC chains of length 100.000. We pooled together the sets of patterns visited by
the MCMC chains and computed the normalized posterior probabilities of each distinct visited
set. We also computed the marginal posterior probabilitiesfor the inclusion of single nucleotide
patterns.

3 Space for improvements

TFBS evolve quickly, but related sites (i.e. controlling the same gene in different species, may
share a pattern because of evolutionary dependencies (vertical dependencies), protein binding
selectivity constraints (horizontal dependencies) and noise. Having defined a metric to use
nearby species tree, there are several questions we are ableto answer and others we could
simply attempt to. If we are able to estimate the quality of anexperimental replicate (the quality
may be even different for different genes) and to estimate the quality of an experiment with a
nearby species data we can decide if would be better to add a species or a not-so-great quality
replicate. The most important assumption in our model is that we are able to generate a perfect
phylogenetic tree. The statistical method of maximum likelihood chooses amongst hypothesis
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by selecting the one which maximizes the likelihood. Note that the likelihood of a tree is
equal to the probability of observing the data (the alignment) if the hypotheses (branch lengths,
topology, models of evolution) are correct. It would of course be more reasonable to say that the
sequences are what have been observed and the alignment should then be inferred along with
the phylogeny.

Noteworthy, we use models of evolution of coding sequences and not of TFBS. The currently
available models for sequence evolution are based on fixed rate matrices generated from glob-
ular (see for example Dayhoff, JTT) or mitochondrial proteins (for example MTrev). Note that
regulatory regions, although under purifying selection, i.e. they evolve slower than surrounding
sequences, are nevertheless diverging at higher rate than many coding regions. An inverse cor-
relation between the rate of evolution of transcription factors and the number of genes that they
regulate has been found in most of cases. Therefore, for small gene networks, distant species
may not provide adequate support and in general the distancemay depend on the size of the
genetic network. Even close species may have evolved a different regulation for some genes
due to adaptation to environment conditions. TFBS are very short so there is a size limit effect.
More important, while the discrepancy between coding region models and the actual patterns
of changes depends on not considering the three dimensionalbuilding of a protein, the discrep-
ancy between a model of TFBS and the true pattern depends on the binding energies of the
interaction between the transcription factor and the binding sites. So coding regions and TFBS
are inherently different. This error can lead to assign a small distance on the tree due to the slow
accumulation of mutations within orthologous genes while the binding factors might have been
under stronger or more relaxed evolution. Therefore our metric should be considered simply as
a first step of inching towards reality.

A major issue is the choice of a good genome background model.Third and forth order Markov
chains provide good solutions for bacteria and fungi. Higher eukaryotes have longer and dif-
ferent patterns of interdispersed repeats which require complex background models. Our pro-
cedure should allow to investigate the relationship between replicates and the strength of the
regulatory network in a species, i.e. small variations in gene expression may mean that the gene
network is finely regulated, therefore under strong purifying selection and does not allow for so
much natural variation. The inclusion of phylogenetic information may tell us how much that
the gene network has changed in different species in terms ofnumber of co-regulated genes,
motif patterns, changes in expression. Therefore an important result of including additional
species is that it provides insights on the evolution the gene regulatory network under investiga-
tion. Finally knowing TFBS will allow to understand fluctuations and extreme values of gene
expression, potentially revealing anomalous behaviors ofgene networks.
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Shape analysis via currents transport: Current
tools and statistical challenges

Alain Trouvé

Centre de Mathématiques et de Leurs Applications, France

Shape spaces and statistical analysis of shapes are continuously evolving and challenging topics
for mathematicians and statisticians. Since the early stages of labelledn-tuples of points and
the successful geometrical and statistical theories buildupon Kendall’s shapes spaces, the needs
have shifted to the analysis of more and more complex and infinite dimensional “spaces” of
geometrical entities such as unlabelled clouds of points, family of 1D lines, family of 2D closed
or open surfaces to name a few.

In this talk, we would like to put the emphasis on the use of RKHS spaces of currents pioneered
by Glaunès and Vaillant as a general framework and a powerfulvehicle for representing, ap-
proximating and comparing quite arbitrary families of orientable sub-manifolds. We will recall
first the basics of sub-manifold representation through currents before moving to the problem
of sub-manifolds pairwise and groupwise comparison via sparse approximations and diffeo-
morphic transport of currents with illustrations coming from computational anatomy. We will
end with open questions about extensions of currents to handle additional embedded functional
data.
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Templates: a complex implicit parameter for
morphometric analyses takes the form of an

algorithmic flow

Fred L. Bookstein

University of Vienna, University of Washington

The multivariate statistics oflandmark points,configurations of discrete points with individual
characterizations, has been well-established now for overa decade. Versions of this approach
via the tangent space to Kendall shape space exist for group comparisons, principal components,
predictions of effects, and trends over exogenous causes, along with special techniques altering
the basis of the linearized space for specific biological questions such as symmetry, which has
been the topic of papers at recent LASR meetings, or allometry (the dependence of shape on
size).

But landmark configurations do not make up the full resource of data for shape statistics in its
current biomedical application domains. For 3D data, they are not even the major component of
those data resources. With the help of the thin-plate spline, European morphometrics (or at least
anthropometrics) has now turned to the more congenial formalism of semilandmarks,“sliding
landmarks” that represent information from identifiable curves on the surface and from regions
of the surface in-between the landmarks or curves (Gunz et al., 2004). Landmarks can emerge
as subordinate features, such as vertex points, of the 2D or 3D curves that serve as the primary
data, and 3D curves, in turn, can emerge as descriptive summaries of extended surfaces, such
as theridge linesthat integrate vertices of normal sections along a principal curvature.

Semilandmarks, once computed in a principled way, can be treated as proper landmarks through
all of the usual Procrustes shape space formalisms. This strategy relies on an assumption of co-
herent preprocessing — careful management of all the dimensions that were adjusted at the
time of the original digitizing. Their variation is not precisely zero, as they depend on deriva-
tives of the sample of actual forms, but it is enormously attenuated in comparison to variations
compatible with the mean constraints. Communications to the scientific community about find-
ings based on semilandmarks surely go best in the original figure space, with all coordinates,
constrained or not, shown in place. There is thus a need for formal protocols that appropri-
ately constrain the linearized (tangent-space) configurations for Procrustes operations on the
redundant representation.

Earlier statistical approaches to these themes are sparse.One version (Katina and Bookstein,
2008) uses landmarks to drive an unwarping to the Procrustesaverage shape, then treats the
remaining variability at semilandmarks as if the generalized least-squares procedure that gener-
ated it was orthogonal to the Procrustes metric rather than skew. A formal inferential approach
(Mardia, Kirkbridge, and Bookstein, 2004) limits its attention to the case of one single land-
mark with a tangent line to a curve through it, the “edgel.” A formalism is needed instead
that will pass directly from the simplicial complex of the landmark-curve-surface scheme to the
appropriate Procrustes tangent space. This note suggests that that formalism be algorithmic,
not algebraic: that the enunciation of point-curve-surface semilandmark schemes take the form
of orchestrated sequences of a modest variety of image matching/warping operations. These
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atomic operations are construction of privileged planes (symmetry plane, nongeneric tangent
planes), intersections with planes, location of points, location of ridge curves, warping by par-
tial information, and pointwise projection post-warp orthogonally onto curves or surfaces. The
overall bending-energy minimization explicit in the theorems underlying the semilandmark al-
gebra of the single spline is now inoperative, but for samples of more than two forms it was
inoperative anyway, owing to the nonlinearity with which variation of the specimen surface
normals enters into the bending energy.

I illustrate these considerations by an example that I hope will prove typical: a template for
a configuration of 15 landmarks, 127 curve semilandmarks, and 273 surface semilandmarks
from a study of the surface of the growing human mandible as seen in CT scans of dry dead
specimens. The example appears by the kindness of Mr. (soon to be Dr.) Michael Coquerelle of
the University of Toulouse, working under the supervision of José Braga (Toulouse), Gerhard
Weber and myself (Vienna), and Demetrios Halazonetis (Athens). The specimens under study
range in age from prenatal to about six years. Their number oferupted teeth is thus quite
variable.

Otherwise explicit formulas become implicit via a “digitizing flowchart,” a sequential set of
instructions — a constructive morphometric geometry — according to which a template is very
carefully constructed on a single a-priori “typical” specimen. The same constructions control
the task of “digitizing” every additional specimen. In thissetting, the result of a digitization
is a carefully controlled warp of the entire template into the space of each target specimen in
turn. The figure page shows a variety of views of this one single template. In the slides as
projected, and in any version of this note that I might send you in response to requests, the
surface extracted on the original CT scan is colored red. Thegreen crosses with labels are
conventional landmark points. The white polylines are curves, and the green crosses without
labels are curve semilandmarks or surface semilandmarks. Landmarks are or are not bound to
curves, which in turn may or may not be bound to surfaces, according to incidence properties
to be reviewed below.

The constructive geometry begins with two specific planes:

P1. A subjectively located “midsagittal plane” around which the surface is most nearly sym-
metric as viewed by eye. For instance, the plane passes through the saddles in the alveolar
ridge between the two lower front incisors. It isnot the mirroring plane generated by Procrustes
superposition of the form upon its own mirror image, becausethe average normal mandible is
not quite bilaterally symmetric.

P2. A best-fit plane tangent to the upper margin of the mandible. This plane is typically in
approximate contact with the mandibular surface at four separate points CorL, CorR, and the
two condylar tops ConT as shown. These structures typicallylie very close to a plane owing
to the symmetry required for efficient biomechanics of chewing. They comprise our first four
landmarks.

From the interaction of P1 with the surface we extract one particular curve:

C1. Thesymphysisis the plane curve cut by the midsagittal plane P1 upon the surface.

This curve includes two further landmark points extracted by hand once the intersection of the
plane P1 with the mandibular surface is visible: Inf1, Inf2,lingual and buccal vertices of the
curve C1 near the incisors.
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It is convenient at this time to augment the list of landmarksby four additional points MenL,
MenR, MandL, MandR, the paired mandibular foramina, which (see the figures) float in space
over the apertures of those foramina where the corresponding tangent plane is actually “miss-
ing.” Also produced are the points ConRL, ConRM, ConLM, ConLL where the surface normal
of the condyle is perpendicular to the symmetry plane P1.

Following the general constructive theory of ridge curves (cf. Koenderink, 1990: preimages of
the cuspidal edges of the surface of centers for the given surface) we extract three curves of this
type by inspection of the corresponding normal sections.

C2. Themandibular borderis the ridge curve along the bottom of the mandibular bone, from the
midsagittal outward in both directions as far as it can be extended. On thetemplate,production
of this polyline is by careful handwork spacing forward along the tangent by distances inversely
proportional to curvature and inspecting normal sections to ensure that the candidate point is a
vertex of every curve of normal section.

Because the bilateral asymmetry of the mandible is one frequent topic of investigation, the mor-
phometric geometry requires symmetric rosters of semilandmarks. In practice, one places them
sensibly on one half of the form, then warps the form onto itself via reflected relabelling of land-
marks and finally projects from the warp to the nearest point of the corresponding (sub)manifold
on the other half. In effect, the “real” template consists only of one hemimandible (including
the unpaired curve, C1); the other half is digitized as warp of the first, hence at constrained
spacing.

C3, C4. Typically each coronoid point is quite nearly upon the anterior ramus ridge curvethat
runs from just behind the last molar to just in front of the condyle. We extract these curves, left
and right. Again, for the template, the second of these curves is created by pointwise projection
of the reflected relabelled warp of the first, the only one thatcould be digitized at free spacing.

The remaining landmark point Symph is produced as the intersection of the curves C1 and C2,
a plane curve and a ridge curve. It is close to the point that orthodontists often name “Menton.”

There remain two more curves, thealveolar curvesC5, C6, which run along the rim of the
alveolus where the erupting teeth cut it (always near the ridges of the alveolar surface itself,
structures that are visible only where the teeth are absent). These are thus not ridge curves, but
ordinary polylines made up of variable numbers of discretely sampled touching points. They
will eventually be resampled like any other set of curve-bound semilandmarks.

Finally, the surface points of one side of the template, spaced pleasantly in a quasi-grid ar-
rangement, are paired to their antimeres by projection downward from the warp driven by the
reflected relabelling of all the landmark points and curves.

Thus the template. The application of this scheme to any other form proceeds in the same
conceptual order interweaving planes, points, curves, more points, more curves, and surfaces.
To digitize is to interweave point specification, warping, and orthogonal projection in arbitrarily
complicated but fully specified sequences. Data digitized at any step constrain the forward warp
of the template that applies to all subsequent steps. The digitizing is not order-independent, and
so invariance of the scripted order is mandatory. At any stage, ridge curves are warped in from
the template and then projected “down” to the visible ridgesof the target surface (this is a sim-
ple operation given access to arbitrary surface sections, in this case, normal sections along the

60



tangent to the ridge curve in question). Ridge curves can also be digitized by subdivided updat-
ing of the warp, beginning with the midpoints, then the quarter-points, and so on. Finally, after
the surface semilandmarks are warped into range (so that projection variability is attenuated) by
a spline driven by landmark points and curves, they too are projected all at once, down onto the
target surface. The normal components of these projectionsare evaluated independently, so we
are no longer precisely optimizing any global figure such as bending energy.

In this way the constraints underlying any particular semilandmark scheme remain implicit in
the digitizing sequence. All of our advance tacit knowledge— the symmetry of the form, the
four-point plane of upper paired structures, the reliable ridge curves, the special treatment of
the alveolar ridges — must be explicitly coded in two sets of instructions, one for the template
and one for its warping onto the target. Symmetry is ubiquitous. It is handled by explicit
construction of a midsagittal (but not a mirroring) plane, by explicit indexing of paired vs.
unpaired landmarks, and by explicit symmetrizing of semilandmarks that are themselves paired.
The forward warp is constructed over and over: first from the landmarks that are easiest to locate
without the warped template, then from the foramina and the semilandmarks on the condyles,
then from the last landmark on C1, and finally from all the other ridge curves. The constructions
keep carefully separate the incidence relations of points,curves, and surfaces. Ridge curves, of
course, are necessarily on the surface. The alveolar curvesare not ridge curves, but polylines.

Work by the EVAN Toolkit group (Paul O’Higgins, Roger Phillips, Oualid Ben Ali, William
Green, and this author) will implement exactly this scripted data flow in a modification of
Edgewarp. The new tool should be available for user experiments and extensions by late this
year.

Here as in so many other applications of biomathematics to biometrics we see how much more
information is coded in biological data sets than just in thecoordinates inhabiting our data
matrices. I put this example before you as one guide to a standard of care for morphometric
archives that is comparable in its tuning to the standards for genomics and proteomics that
are likely more familiar to readers of this Proceedings. When morphometrics is attached to
biological theory it inherits implicit constraints as richas does bioinformatics, and so it, too,
will benefit from many of the same interdisciplinary attempts at jointly informed tools.
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Landmark points and curves Landmarks, curves, surface

↑all points, curves, surface (detail↓) the points alone (the Procrustes data resource)
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Analysis of face shape variation in 3000 faces
using pair wise distances between landmarks

Martin P. Evison

Department of Anthropology, University of Toronto

The purpose of this presentation is two-fold. First to describe the Magna database, a sample of
over 3000 3D facial images collected for an FBI-sponsored project directed by the author. Some
of the basic findings of the project-which involved the work of Ian Dryden, Nick Fieller, Lucy
Morecroft and others-will be mentioned in relation to the purposes of the original research.

Secondly, interesting features of a novel univariate analysis of pair wise distances between up to
30 anthropometric landmarks will be presented, with a discussion of their possible significance
to the natural history of the face and to the genetics of normal face shape variation. A new-
ongoing-research project, involving collection of face shape data and a large-500,000 SNP-
genetic panel from each volunteer will be mentioned at the end.

64
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landmarks
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1 Introduction

In this paper, we present the automatic extraction of morphometric landmarks (see fig:1(a))
in digital images ofDrosophila. Morphometric landmarks are points that can be defined in
all specimens and located precisely. They establish an unambiguous one-to-one correspon-
dence among the specimens and are widely used in shape analysis (Bookstein 1991, Dryden
and Mardia 1998). A typical shape analysis study involves several thousand digital images and
extracting landmarks manually is time consuming. To address these problems, researchers have
focused on using specialised algorithms and semi-automated methods to enhance the speed and
reliability of the digitization process (Houle et al., 2003). Although these methods increase
the efficiency of human effort, the need for the manual observer has not been eliminated as
the methods require the operator to digitize the initial setof landmark co-ordinates. Also, the
systematic variations between different individuals raises an issue relating to reliability and re-
peatability of this process of digitisation. Therefore, complete automation of the process has
been identified an important goal.

2 Materials and Methods

The dataset (Cambridge data) consists of 856 gray scale images of theDrosophilawings. The
dataset has two repeat images of each wing. The training dataconsists of two independent
sets of reference (training) images with 5 images in each setand their landmark co-ordinates.
The analysis system is constructed from four key stages: a feature based detection of the fly
wing structure, recording the compact invariant shape descriptors using the pairwise geometric
histogram (PGH) representation, global estimation of the pose using the probabilistic Hough
transform and finally a correlation based refinement of individual features.

2.1 Feature Extraction

The feature extraction stage involves extracting essential information from the digital images
and retaining only those features that we are interested in.The image is preprocessed with a
Difference of Gaussian (DoG) filter. The conventional Cannyedge detection algorithm is mod-
ified to detect the ridge (edge) features in this study. The enhanced features and corresponding
orientation estimates are provided to a similar framework which extracts extended structures of
linked features using hysteresis thresholding and non-maximal suppression.
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2.2 Pairwise geometric histograms (PGH)

Geometric relationships between the underlying edge features, such as angle and perpendicular
distance, provide an efficient and robust shape description. The invariant shape characteristics
are encoded by a set of geometric features by means of a histogram. The shape correspondence
between the model (training) and the scene histograms can beestablished using the Bhatt-
tacharya similarity metric (Rockett et al., 1997).

2.3 Hough Transform

The Hough transform finds spatially consistent groups of features within a scene, identifying
the presence of a shape at some position and orientation. Theprobabilistic Hough transform
is used to locate models using the positions, orientations and scales hypothesised by the scene
line labels. The orientation is determined using separate one parameter Hough transforms.

2.4 Template Matching

A template based correlation matching is applied to obtain sub-pixel accuracy of landmarks. It
is equivalent to performing a least squares comparison of the image regions with one free grey
level parameter. In addition the least squares values that provide the best matching score for
the given template and scene region are output. These valuesnot only support quality control
during the data analysis, to check the best matching templates, but also enables combination of
landmark positions for improved localisation.

The landmark extraction is carried out independently for each of the landmark co-ordinates
using different reference images as the feature extractionprocess on each of the landmark is
independent of one another. Using multiple reference images improves the reliability of the
results obtained and ensures an improvement in the accuracyof the final landmark estimation.
To sensibly combine the multiple estimated locations (using different reference images) into a
unique hypothesised landmark location, we use the least square matching scores to generate
ranking. The landmark values obtained by the top ranking reference images are compared to
ensure that the values are consistent.

3 Results

The landmarks obtained by the automated system is evaluatedto test the statistical accuracy,
robustness and reliability of the automated system. The standard deviation between the land-
mark co-ordinates obtained by the automated system and manual digitization is estimated. The
results indicate that the landmarks can be located with highreliability as 70% of the landmark
co-ordinates in the dataset (consisting of 896 images of size 1280 x 1022 pixels) were located
within 0.5 subpixel accuracy, 90.64% within 2 pixels and 98.36% of the landmarks were located
within an accuracy of 5 pixels from the manually digitized landmarks (Palaniswamy 2008). The
plots (fig:2(a)-2(b)) shows the results of the automated performance for the X and Y as a func-
tion of outlier removal. It is clear that about 1% outliers need to be removed to make the results
consistent.
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Finally, an overall comparison is performed between manualand automatic mark-up locations
in the context of morphometric analysis using procrustes alignment to evaluate its suitability in
the scientific studies involving larger datasets. The landmarks obtained are input into a Morpho-
metric software package -MorphoJ. To eliminate the effects of scale, translational and rotation,
Procrustes superimposition (Bookstein 1996) is applied. The results obtained by the automated
system is further refined to eliminate≈ 2% of the outliers (≈ 17 images). The resulting shape
variation after Procrustes superimposition is shown in figure: 1(b) along side the results ob-
tained manually (slightly offset for easy comparison). TheProcrustes ANOVA results of wing
size and shape variation is presented in the (Tables: 1, 3 and2, 4 respectively). The compari-
son of the results provide a direct evaluation of the scientific results obtained by the automated
system. The results obtained by the automated and manual methods are consistent and indicates
that all factors except ’side’ are statistically significant for the size asymmetry (table: 1 and 3)
and all factors are statistically significant for shape asymmetry (tables: 2 and 4).

Centroid Size - (Automated)

Effect SS MS df F P (param.)
Sex 14.120759 14.120759 1 554.150 <.0001
Individual 3.771311 0.025482 148 108.235 <.0001
Side 0.001701 0.001701 1 7.225 0.0080
Ind * Side 0.035079 0.000235 149 31.507 <.0001
Image Error 0.002219 0.000007 297

Table 1:Asymmetry of Overall Wing Size. (Landmarks obtained by the automated system).

Shape, Procrustes ANOVA-Automated Results - (Auto).

Effect SS MS df Goodall F P(param.) Pillai tr P(param.)
Sex 0.03081822 0.00118532 26 34.086 <.0001 0.929 <.0001
Individual 0.13381055 0.00003477 3848 4.911 <.0001 15.209 <.0001
Side 0.00066362 0.00002552 26 3.605 <.0001 0.659 <.0001
Ind * Side 0.02743125 0.00000708 3874 10.665 <.0001 19.712 <.0001
Image Error 0.00512697 0.00000066 7722

Table 2:Asymmetry of Shape. (Landmarks obtained by the automated system).

Centroid Size - (Manual).

Effect SS MS df F P (param.)
Sex 14.666568 14.666568 1 469.896 <.0001
Individual 4.775495 0.031212 153 198.792 <.0001
Side 0.000213 0.000213 1 1.353 0.2465
Ind * Side 0.024180 0.000157 154 61.56 <.0001
Image Error 0.000791 0.000003 310

Table 3:Asymmetry of Overall Wing Size. (Landmarks obtained by manual digitization).

4 Discussion

The coherent statistical accuracy in the estimation of the landmarks confirms the robustness of
the algorithm. Although, there is a factor of two differencebetween the accuracy of the manual
digitization and the automated system, the results indicate that the accuracy of the system can
be considerably improved by using relevant matching reference images. The results achieved
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Shape, Procrustes ANOVA - (Manual).

Effect SS MS df Goodall F P(param.) Pillai tr P(param.)
Sex 0.02948371 0.00113399 26 31.569 <.0001 0.872 <.0001
Individual 0.14289389 0.00003592 3978 6.035 <.0001 16.191 <.0001
Side 0.00026496 0.00001019 26 1.712 0.0137 0.468<.0001
Ind * Side 0.02383230 0.00000595 4004 20.060 <.0001 20.050 <.0001
Image Error 0.00239150 0.00000030 8060

Table 4:Asymmetry of Shape. (Landmarks obtained by manual digitization).

(a) Schematic representation of the location of land-
marks.
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Figure 1: Morphometric landmarks inDrosophila

allows us to draw the conclusion that the automated method isa reliable system for extracting
features such as morphometric landmarks on digital images.It is shown in this study that the
method is sufficiently accurate to replace the manual digitization process (see figure: 1(b)). The
automated method has potential advantages and makes large scale studies in the field of genetics
and evolutionary morphometrics feasible. The intrinsic capability of the feature recognition
process enables this method to be easily incorporated into other recognition tasks. The need
for only a few reference images makes the system even more appealing. The algorithm will be
made available as an open source package fromwww.tina-vision.net and www.flywings.org.uk.
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Figure 2: Standard deviation of the automated results from the manualresults. Best 3 of 10 matching
reference images were used. The X and Y co-ordinates for the 15 landmarks are plotted as a function of
outlier removal to show the stability of the results.
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Modelling strategies for bivariate
circular data
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1 Introduction

On the torus there are two common approaches to constructinga distribution which is the analogue of the
bivariate normal distribution in the plane. These approaches are often termed the sine and cosine models,
respectively, and in addition the cosine model comes in two versions. Each approach has its strengths and
weaknesses. In this paper we develop a hybrid version which combines the strengths of each approach.
The development of bivariate circular models has recently become important in applications to protein
structure in bioinformatics (e.g. Mardia et al., 2007, and Boomsma et al., 2008).

A general bivariate circular model, which we call the “full”bivariate von Mises distribution, was intro-
duced by Mardia (1975a),

f(θ1, θ2) ∝ exp
{
κ1 cos(θ1 − µ1) + κ2 cos(θ2 − µ2)+

[
cos(θ1 − µ1) sin(θ1 − µ1)

]
A

[
cos(θ2 − µ2)
sin(θ2 − µ2)

]}
,

(1)

where the anglesθ1, θ2 ∈ (−π, π) lie on the torus, that is, a square with opposite sides identified, and
whereA is a 2 × 2 matrix. This model has eight parameters and allows for dependence between the
two angles. However, since the analogous bivariate normal distribution in the plane contains only 5
parameters, this bivariate circular model seems overparameterized. Hence various submodels have been
proposed.

The starting point is the 6-parameter model of Rivest (1988)and Mardia (1975b) obtained by setting the
off-diagonal elements ofA equal to 0 in (1),a12 = a21 = 0. In the each of the subsequent models,
one degree of freedom in removed from the Rivest-Mardia model, leaving 5 parameters to mimic the
bivariate normal distribution. To simplify the presentation, put the mean angle parameters equal to 0,
µ1 = µ2 = 0, so that there are three remaining parameters to describe the concentration of each angle
and their interaction. These models are
(i) the cosine model with positive interaction

f(θ1, θ2) ∝ exp{κ1 cos θ1 + κ2 cos θ2 + γ1 cos(θ1 − θ2)}, (2)

(ii) the cosine model with negative interaction

f(θ1, θ2) ∝ exp{κ1 cos θ1 + κ2 cos θ2 + γ2 cos(θ1 + θ2)}, (3)

(iii) the sine model (Singh et al., 2002)

f(θ1, θ2) ∝ exp{κ1 cos θ1 + κ2 cos θ2 + δ sin θ1 sin θ2}. (4)

Mardia et al. (2007) gives a systematic study of models (i) - (iii) and a comparison between them.

Under high concentration about(θ1, θ2) = (0, 0), each of the models behaves as a bivariate normal
distribution with inverse covariance matrix of the form

Σ−1
1 =

[
κ1 + γ1 −γ1

−γ1 κ2 + γ1

]
, Σ−1

2 =

[
κ1 + γ2 γ2

γ2 κ2 + γ2

]
Σ−1

3 =

[
κ1 −δ
−δ κ2

]
. (5)
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By high concentration we mean that the relevant parameters from κ1, κ2, δ, γ1, γ2 get large while
remaining in constant proportion to one another, under the constraint that the inverse covariance matrix
is positive definite. For the three models this constraint reduces to

(i) κ1 + γ1 > 0, κ2 + γ1 > 0, γ2
1 < (κ1 + γ1)(κ2 + γ1),

(ii) κ1 + γ2 > 0, κ2 + γ2 > 0, γ2
2 < (κ1 + γ2)(κ2 + γ2),

(iii) κ1 > 0, κ2 > 0, δ2 < κ1κ2.

In addition, for the cosine models we requireκ1 > 0, κ2 > 0 to ensure the global mode off is at
(θ1, θ2) = (0, 0).

For each of the three models, it is possible to choose the parameters to match any positive definite
inverse covariance matrix. However, the cosine model can show some unattractive multimodal behavour
if κ1 < 0 or κ2 < 0. Hence we restrict attention to cosine models for whichκ1 > 0, κ2 > 0. In
this case the corresponding inverse covariance matrixΣ−1 possesses what can be called the “dominated
covariance” property, that is,|σ12| < σ11 and|σ12| < σ22.

2 Symmetry properties

By construction, each of the sine and cosine models is symmetric, f(θ1, θ2) = f(−θ1,−θ2). This
symmetry accommodates an elliptical pattern in the contours of constant probability density off about
the mode(θ1, θ2) = (0, 0).

However, for each of the three models,f has a further symmetry since it is a continuous function on the
torus,

f(θ1, π) = f(θ1,−π), f(π, θ2) = f(−π, θ2).

This latter property means that an elliptical pattern in thecontours of constant probability forf will
generally become distorted as(θ1, θ2) approaches the boundary of the square on whichf is defined.
In particular, this distortion complicates the development of efficient simulation algorithms using a 2-
dimensional envelope since the density will not necessarily be monotonically decreasing on the rays
from the origin to the edge of the square.

For simplicity restrict attention to the dominated covariance situation. It turns out the positive-interaction
cosine model involves the least distortion under postive correlation (γ1 > 0) and that the negative-
interaction cosine model involves the least distortion under negative correlation (γ2 > 0). Ideally it
would be nice to use a positive-interaction cosine model under positive correlation betweensin θ1 and
sin θ2 and negative-interaction cosine model under negative correlation. Unfortunately the crossover
between the two models is not continuous at the independencemodel. Hence we consider a hybrid
model to provide a smooth transition.

3 A hybrid model

For small concentration, the exact character of any departure from the uniform distribution is not too
important. Hence we suggest the following hybrid model:

f(θ1, θ2) ∝ exp
{
κ1 cos θ1 + κ2 cos θ2 + β[(cosh λ − 1) cos θ1 cos θ2 + sinhλ sin θ1 sin θ2]

}
(6)

The parameterβ is a tuning parameter which we fix to the value 1 for simplicity(note that when both
β andλ are free parameters, model (6) is just a reparameterizationof the Rivest-Mardia model). For
λ near 0 the model behaves like a sine model withβλ ≈ δ. For largeλ > 0 (or large−λ > 0) the
model behaves like a positive-interaction (or negative-interaction) cosine model withβ exp(λ1)/2 ≈ γ1

(or β exp(−λ)/2 ≈ γ2).

Thus for small correlation the model behaves as a sine model,and for large correlation the model behaves
as a cosine model, with positive or negative interaction as appropriate.
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4 Simulation

Consider the problem of simulating from the full distribution (1) or one of its subfamilies. One possibility
is to use an MCMC algorithm based on the fact that the conditional distributions ofθ1|θ2 andθ2|θ1 are
von Mises (Mardia et al., 2008a). However, such a strategy can be overly cumbersome.

At least for the sine and cosine models there is a simpler approach. First simulateθ1 from its marginal
distribution and then simulateθ2|θ1 from the von Mises distribution using, e.g., the Best-Fisher algorithm
(Best and Fisher, 1979). The web supplements to Mardia et al.(2007) and to Boomsma et al. (2008)
discuss the empirical selection of a suitable von Mises distribution in the unimodal case (or a mixture
of of two such distributions in the bimodal case) to use an an envelope in an acceptance-rejection al-
gorithm. More recently, in unpublished work a theoretical justification has been found to confirm the
appropriateness and efficiency of the von Mises envelope in the unimodal case.

5 Discussion

The geometry of the torus implies that it is not possible to get a single fully satisfactory analogue of the
bivariate normal distribution. Though a complete comparison between the virtues of the cosine and sine
models is not yet available, it is possible to make some interim conclusions.

(a) In most situations there is not much difference between the sine and cosine models. Further, under
high concentration, using either model is equivalent to fitting a bivariate normal distribution in a
tangent plane.

(b) For routine applications the sine model is somewhat easier to use, since it can be matched to any
positive definite matrixΣ−1, whereas the cosine models are limited to the dominated covariance
case.

(c) However, if a more refined model is needed, the cosine or hybrid models may provide a better fit.

(d) For any of the models, statistical inference is intractable using the full likelihood, but becomes
straightforward using a composite likelihood (sometimes called the pseudo-likelihood) obtained
by taking a product of the conditional densities (Mardia et al., 2008a). Limited evidence at present
suggests that the marginal angular distributions will be closer to the von Mises distribution for the
cosine model than for the sine model, and that the composite likelihood estimation will be more
efficient in this situation.

(e) The sine and cosine models on the bivariate torus can be easily extended a higher dimensional
torus (Mardia and Patrangenaru, 2005, and Mardia et al., 2008b).
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Imputation on 2-dimensional data via lifting

Robert G. Aykroyd, Stuart Barber & Samuel J. Peck∗

Department of Statistics, University of Leeds

1 Introduction and setting

We describe a method for imputing from a grid of irregularly spaced data points on to any other grid using
a Voronoi based lifting scheme. The lifting scheme is a generalisation of wavelet decompositions. Here,
the lifting scheme is used as an interpolating/smoothing method for data on an irregular grid. We show
an example of this method on real data, and a comparison to similar methods – Heaton and Silverman’s
(2008) imputation method and Kriging.

Suppose we have some data collected on an irregular two-dimensional grid. LetXF = (x1, . . . ,xn)
T be

the matrix of data points, wherexi is the location of theith data point. Also letfi = f(xi), i = 1, . . . , n
be function values at the data points observed with error, i.e. f(x) = g(x) + ǫ whereg(·) is the true
function andǫ ∼ N(0, σ2).

We wish to make estimates of the function value at points where we have no observations, sayXM =
(xn+1, . . . ,xn+m)T . To make these estimates, we perform a lifting transformation on the combined data
sets and estimate the missing valuesfi, i = n + 1, . . . , n + m based on the expected sparsity of lifting
coefficients.

2 Lifting

We combine the fixed and missing data asX =

[
XF

XM

]
. The data are decomposed using the leave-

one-out Voronoi scheme from Jansenet al. (2004a), yielding a transformation matrixW of dimension
(n+m)×(n+m). Naturally, the order in which the points are lifted is important, and this is particularly
true of the missing points. However, we will not address thishere as, although it will affect the results, it
does not change the calculations.

3 Imputation method

We have known function valuesf1, . . . , fn for the fixed pointsx1, . . . ,xn, and unknown function values
fn+1, . . . , fn+m corresponding to the missing pointsxn+1, . . . ,xn+m. It is these unknown function
values that we want to estimate.

This particular lifting scheme differs from the classical wavelet transform in that, while wavelet coeffi-
cients generally describe local differences between 2 or more function values, lifting coefficients (in this
scheme) describe the difference between aparticular point and its neighbours. This means that there is a
1-1 correspondence between the original data points (or their function values) and the lifting coefficients
– the lifting coefficient for a point is created when that point is lifted. The imputation method works by
making assumptions about the lifting coefficients corresponding to the missing points and estimates of
the function values at these points can be made based on thoseassumptions.

Let f = (f1, . . . , fn+m), and letz = Wf . This is possible because the construction ofW involves only
the locationsX, and not the (partially missing) function valuesf . Here,z is the vector of lifting coeffi-
cients. Naturally,zi is the lifting coefficient corresponding toxi andfi. We need to make assumptions
about the coefficients corresponding to missing points, i.e. zn+1, . . . zn+m. From now on, we assume
that these values are fixed;zn+i = ζi where{ζi : i = 1, . . . ,m} are constants. For instance, since we
expect our coefficients to be “sparse” – that is, the majorityclose to zero – a reasonable choice would be
ζi = 0 for all i = 1, . . . ,m.
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4 Derivation

Here, we will look at the simplest case – that where we have just one missing value;m = 1. Hence
XM = xTn+1 and our unknown is just the single valuefn+1. Also, let W ⋆ = (w⋆

ij) = W−1; then
f = W ⋆z. We derive our estimate of this value as follows. The function value at the missing point has
the form

fn+1 =

n+1∑

i=1

w⋆
n+1,izi =

n∑

i=1

w⋆
n+1,izi + w⋆

n+1,n+1zn+1,

so our estimate is

f̂n+1 =
n∑

i=1

w⋆
n+1,izi + w⋆

n+1,n+1ζ1.

Thezi also depend onfn+1, since

zi =

n+1∑

j=1

wijfj =

n∑

j=1

wijfj + wi,n+1fn+1,

for i = 1, . . . , n. Substitution gives

f̂n+1 =

n∑

i=1

n∑

j=1

w⋆
n+1,iwijfj + f̂n+1

n∑

i=1

w⋆
n+1,iwi,n+1 + w⋆

n+1,n+1ζ1.

By re-arranging, we find the estimate is

f̂n+1 =
1

1 −

n∑

i=1

w⋆
n+1,iwi,n+1




n∑

i=1

n∑

j=1

w⋆
n+1,iwijfj + w⋆

n+1,n+1ζ1



 .

5 Results

5.1 Real data

We apply our imputation method to a real data set of pest incidences at selected locations in England and
Wales.

In figure 5.1, the left plot shows the observed data with the intensity of infestation shown by the colour
and size of the dot – white is no infestation, black is heavy infestation. The right plot shows the imputed
surface obtained using our method, a portion of a100 × 100 uniform grid. The intensity scale is the
same in both plots. We see that the method picks up the high intensity region in the east, as well as the
region of very low intensity in the south. Also, in areas where there is no data, the estimates are almost
constant.
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Figure 1: Real data example: Pest infestation in UK. Left plot: Observation locations with intensity of
infestation. Right plot: Imputed surface using our liftingimputation method.

5.2 Simulated example

We compare our imputation to Heaton and Silverman’s MCMC based approach and Kriging using a sim-
ulated example. We apply the methods to a number of test functions – namely, the two-dimensional ana-
logues of the standard test functions used introduced in Donoho and Johnstone (1994): Bumps, Blocks,
Heavisine and Doppler, and “maartenfunc”. All of these functions are defined in Jansenet al. (2004b).

To save computational time, we set observed points to be on the same grid as the real data (re-scaled so
that the test functions and data points are on the same scale), and impute on to a selection of 10 points
from the original100 × 100 grid. This allows us to re-use the transformation matrices generated for the
real data. For our method we have two versions: one with smoothing on whitened coefficients performed
by Ebayesthresh (see Johnstone and Silverman (2005)) with default settings, and the other on the raw
data (no smoothing).

The methods are tested using 100 noisy realisations of the observed data from the test functions. The
mean square errors are calculated for each run, and an average of these is taken for our results. These are
presented below:

Test function HS K ABP (S) ABP (NS)
Doppler 0.791 (0.993) 0.105 (0.023) 0.193 (0.121) 0.079 (0.019)

Heavisine 0.456 (0.048) 0.635 (0.072) 0.350 (0.057) 0.559 (0.067)
Blocks 70.64 (33.40) 0.660 (0.223) 3.252 (0.537) 0.425 (0.179)
Bumps 0.664 (0.458) 2.277 (0.431) 3.129 (0.590) 0.214 (0.113)

Maartenfunc 1.744 (1.506) 0.476 (0.196) 1.025 (0.847) 0.537 (0.186)

Table 1:Comparison of imputation methods on test functions. Key: HS= Heaton-Silverman method, K
= Kriging, ABP (S) = our method with smoothing before imputation, ABP (NS) = our method without
smoothing. Values displayed are medians of mean square errors, with the median absolute deviation of
these in brackets.

The computational time required for each method should alsobe mentioned. Since the Heaton-Silverman
method uses a Gibbs sampler to obtain its estimates, it is very computationally intensive. Our method,
like Kriging, is a deterministic method, whose results are calculated almost instantaneously. The only
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significant overhead in our method is in computing the lifting decompositions for the missing points. Of
course, this overhead is also present in the Heaton-Silverman method, therefore we consider our method
to be reasonably computationally efficient.

Table 1 shows that our method is competitive with Kriging, a standard method. In fact, in this ex-
ample, the MMSE for our method is lower than for Kriging for all test functions except Maartenfunc.
Our method is also competitive with Heaton-Silverman, which has bimodality issues, particularly with
Blocks; see Heaton and Silverman (2008). Interestingly, our method is better when no smoothing is
applied to the data. This may be due to oversmoothing in the Ebayesthresh method on the whitened
coefficients, though further investigation is required.

6 Future work

The method as it stands produces a point estimate at the missing location. We would like to extend it so
that we can produce confidence intervals or densities for ourestimate, as the Heaton-Silverman method
does. It is also desirable to have some smoothing component in the method, although the smoothing
we tried here appeared to hinder, rather than help, the method. Finally, to further test our method, we
would like to perform a more complete simulation study, using multiple data grids as well as multiple
realisations.
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Three-dimensional geometric morphometrics
applied to the study of children with cleft lip and

palate from the North East of England
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P. Hodgkinson4, W. Ali 2, & R. Hobson1

1 School of Dental Science, Newcastle University
2 Hull York Medical School, University of York
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4 Royal Victoria Infirmary, Newcastle upon Tyne

Background: Cleft lip and palate has a worldwide incidence of about 1.4 per 1000 live births. Surgery
is usually carried out early and there is considerable interest in the assessment of residual deformity and
surgical outcome. Commonly used assessment techniques rely on interlandmark distances and angles
and result in rather difficult to interpret tabulations of data (Farkas, 1994). The introduction of 3D
non-invasive imaging systems, developments of statistical tools for evaluating variations in form and
software implementations of these geometric morphometricmethods have widened the opportunities for
the objective evaluation of cleft lip and palate.

Objectives: This study aims to investigate 3D facial morphological variation among and between groups
of 8-12 year old children with unilateral cleft lip and palate (UCLP), Unilateral cleft lip and alveolus
(UCLA), bilateral cleft lip and palate (BCLP), cleft palateonly (CP) and a sex and age matched control
group.

Methods and data: 3D facial images were captured from 103 children aged 8-12 with non syndromic
operated UCLP 40; UCLA 23; BCLP 19; CP 21; and 80 sex and age matched controls, all from the north
east of England and of white English extraction. These images were acquired using stereophotogramme-
try (manufacturer, 3dMD) and 39 landmarks chosen to characterise facial and particularly nasio-labial
form were located on each scan using MorphAnalyser software(Tiddemanet al., 2000). The landmark
coordinates of all groups were submitted to generalised Procrustes analysis using morphologika software
(OâĂŹHiggins and Jones, 1998). Principal components analyses were undertaken of all individuals to-
gether and by group to explore within and between group variability. MANOVA and permutation tests
indicated significant differences between group means. Themean size and shape of each group was
computed as was the reflected mean shape. Asymmetry was assessed in each group by computing Pro-
crustes distances between means and their reflections. PCA was used to examine patterns of symmetric
and asymmetric shape variability between groups. Shape differences of interest were visualised using
warpings and transformation grids computed using thin plate splines.

Results: Statistically significant differences between the mean facial shapes of all the groups were found.
The greatest difference was in the UCLP group and the second greatest in the BCLP. This outcome
suggests that, post-repair, cleft lip and soft tissue defects have a greater effect on facial shape than does
cleft palate alone. The study of asymmetry indicated different degrees and some differences in the nature
of asymmetric deficits that characterize different cleft lip and palate deformities. The PCAs of form
space and of means plus reflected means were informative withrespect to the differences in facial size
and shape between these groups.

The results highlight differences in the aetiology of cleftpalate versus that of cleft lip and palate groups
and underline the potential value of statistical shape analysis in assessing the outcomes of cleft lip and
palate treatment.
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Toxicity Prediction
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We aim to use a docking program alongside statistical modelling to predict the toxicity of pesticides.

1 The natural cause and prevention of toxicity

Acetylcholine (ACH) is the natural ligand of the receptor protein acetylcholinesterase (AChE).

ACH is a neurotransmitter that will transmit impulses from acell to a muscle. This transmission leads to
the stimulation of muscle contractions. It is this process that is the cause of toxicity and can eventually
lead to the death of the organism.

The main function of AChE is to safely break down the substrate, ACH.

The resulting molecules, acetic acid and choline, are unable to transit impulses from cells to muscles,
therefore preventing muscles contractions and avoiding toxic consequences.

The process can be described in three main steps.

• ACH binds at a specific location on AChE called a binding site.

• The complex formed by AChE and ACH is particularly unstable, leaving ACH vulnerable to
hydrolysis, ie. a reaction with water. The hydrolysis of ACHbreaks the substrate down into two
smaller molecules, acetic acid and choline.

• The two smaller molecules then leave the binding site of AChE, leaving AChE molecularly unal-
tered.

After the third step, the molecularly unaltered AChE is thenable to bind with other molecules of ACH
so that the process can be continually repeated. AChE is saidto bereactivatedafter each cycle.

2 How Pesticides Cause Toxicity

Competitive inhibition occurs when both a ligand and a substrate compete for the same binding site of a
receptor protein and both can not bind at the same time.

A pesticide is a small molecule that acts as a competitive inhibitor of AChE. If a pesticide binds to AChE,
the binding site is blocked and AChE is inhibited from the safe break down of ACH upon release from a
cell. A build-up of ACH molecules occurs and it is this build-up that causes toxicity.

We would expect the toxicity of a pestcide to increase

• as the rate of the reaction between AChE and the pesticide increases.

• the more stable the complex formed by AChE and the pesticideis. Ie. The longer they stay bound,
the longer AChE is inhibited from the safe break-down of ACH.
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3 The Docking Program

AutoDock 4 (Hueyet al., 2007) is a docking program that is used to predict the complex formed when a
ligand binds with a protein.

The output of AutoDock 4 involvesL predicted structures of the complex formed between the ligand and
protein, whereL can be specified. For each of theL predicted structures, AutoDock 4 estimates

• the free energy of binding, ∆GB
l , for l = 1, . . . , L (including the individual energy terms).

• the inhibition coefficient, kIl , for l = 1, . . . , L.

The free energy of binding and the inhibition constant relate to the rate of the reaction and how stable
the predicted complex is.

We aim to use AutoDock 4 to predict the complex formed by AChE and a given subset of pesticides.

Statistical modelling of the output parameters should aid in toxicity prediction.
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Bayesian alignment of continuous molecular shapes
using random fields

Irina Czogiel∗, Ian L. Dryden, & Christopher J. Brignell

School of Mathematical Sciences, University of Nottingham

1 Introduction

In drug design one attempts to correlate the three–dimensional structure of drug molecules with their
biochemical activity. A frequent objective is to find molecules with a high binding affinity towards a
certain target protein of therapeutic importance. If no structural information about the target protein is
available, putative ligands are often superimposed with the structure of a reference ligand which is known
to bind to the target under consideration. If a ligand can be closely aligned to the reference structure, it
is likely to exhibit a similar biochemical activity and hence drug potency.

We propose a statistical model for evaluating and comparingmolecular shapes which can be used for
the alignment procedure. Methods from the field of statistical shape analysis serve as basis for this
model. In order to account for the rather continuous nature of molecules, we combine these methods
with techniques used for predicting random fields in spatialstatistics. Within a Bayesian framework
using Markov chain Monte Carlo (MCMC), the resulting molecular fields are aligned with respect to
rotation and translation. This procedure can be viewed as a continuous extension of the partial Procrustes
analysis. Using a similar concept, we also propose an adaption of the generalised Procrustes analysis
algorithm for the simultaneous alignment of molecular fields.

Our methods work well on a data set comprising 31 steroid molecules which has been used as a test bed
for various alignment techniques. Two example steroids areshown in Figure 1.

Figure 1: Two–dimensional representations of two steroid moleculesfrom the data set. The molecules
are structurally similar in that their core structure consists of four carbon rings.

2 Evaluating Molecular Shapes

In most data sets for molecular alignment, a moleculeM is associated with its conformation matrix
X = (x1 . . . xk)

T ∈ IRk×3 and a matrix of marksZ ∈ IRk×p, wherek denotes the number of atoms
in M , xi ∈ IR3 is thexyz–coordinate vector of the position of theith atom, andZ row–wise contains
p–dimensional vectors of molecular properties (e.g. partial charge, van der Waals radius, hydrophobicity,
. . . ) observed at the atom positions.

In order to obtain a descriptor of molecular shape which captures the continuous nature of a molecule,
we interpolate the values inZ into IR3 using kriging (e.g. Cressie, 1993, Chapter 3). Let us restrict the
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consideration to a single molecular property, i.e.Z = z =
(
z(x1), . . . , z(xk)

)T
. In the geostatistical

context,z is viewed as a sample of one realisationz(x) of the random field
{
Z(x) : x ∈ IR3

}
which in

the following is assumed to be second–order stationary and isotropic with a constant mean of zero and
a positive definite covariance functionσ(||h||) = Cov

(
Z(x), Z(x + h)

)
∀x,h ∈ IR3. With the above

assumptions, simple kriging is to be applied, where the predicted value of the random field at a location
of interestx0 is calculated as the weighted average of thez(xi) which minimises the prediction mean
squared error. Generalising this procedure to the entireIR3 then yields the predicted field

Ẑ(x) = zTΣ−1σ(x) =

k∑

i=1

wiσ(xi − x) ∀x ∈ IR3, (1)

whereσ(x) =
(
σ(x1−x), . . . , σ(xn−x)

)T
and(Σ)ij = σ(xi−xj). The vector of weightsw = Σ−1

z

thereby combines the information about the geometry of the molecule and the observed values of the
quantityZ and a has well–defined optimality property.

Figure 2 displaysxy–cross–sections of the three–dimensional steric field of aldosterone which results
when the Gaussian covariance function and the van der Waals radii of the atoms are used in (1). The ring
structure shown in Figure 1 is clearly visible.

Figure 2: xy–cross–sections of the steric field for aldosterone at differentz–values.

3 Comparing Molecular Shapes

A similarity index for field–based representations of molecular shapes which is well–established in the
literature on molecular alignment is the Carbo index (Carboet al., 1980). In terms of the Carbo index,
the similarity between the kriged fields of two moleculesA andB in a certain relative position is given
by

CAB(Γ,γ) =

∫
ẐA(x)ẐB(x)dx

( ∫
Ẑ2

A (x)dx
)1/2( ∫

Ẑ2
B (x)dx

)1/2
∈ [−1, 1], (2)

whereΓ ∈ SO(3) andγ ∈ IR3 denote the rotation matrix and the translation vector whichdefine the
relative position ofA andB, respectively. The numerator term in (2) measures the “overlap” of the
molecular fields whereas the denominator acts as a normalising constant.

In some cases, it may be of interest to compare only parts of two molecular structures, e.g. the parts which
bind to a common receptor protein. This can be achieved by introducing two mask vectorsλA ∈ ΛkA

andλB ∈ ΛkB . The spaceΛkM (M = A,B) thereby contains allkM–vectors with entries∈
{
0, 1

}
, and

the entryλM
i determines whether or not theith atom of moleculeM and the corresponding termswi and

σ(xM
i − x) are included when calculating the individual fields using (1).

In case a distance rather than a similarity between two molecules is required, the Carbo index of the
masked fields can be mapped into the appropriate codomain using the transformation

DAB(Γ,γ,λA,λB) =
1 − CAB(Γ,γ,λA,λB)

1 + CAB(Γ,γ,λA,λB)
∈ [0,∞).

The drawback of this “partial Carbo distance” is that it depends on the relative position of the molecules
and the applied mask vectors. To overcome this problem, we define a Bayesian framework within which
the rigid–body parameters and the masks can be estimated using posterior analysis.
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4 Bayesian Alignment of Two Molecular Fields

Like Drydenet al.(2007), we use an MCMC scheme for the pairwise alignment of two molecules in
which one molecule is viewed as random while the other one serves as a fixed reference molecule: LetA
be the random molecule with an estimated fieldẐA(x) andB the fixed molecule represented bŷZB(x).
Under the premise thatA andB bind to the same protein (and that parts of their structures are therefore
similar), we define the likelihood for the random molecule as

L(ẐA(x)|Γ,γ,λA,λB, τ, ξ, ẐB(x)) ∝ τ ξ−1 exp
(
−τ DAB(Γ,γ,λA,λB)

)
,

whereτ ∈ IR+ is a precision parameter which determines mean and varianceof the likelihood. This
parameter as well as the rotation and translation parameters and the mask vectors are considered as
random whereasξ is a fixed additional parameter which can be estimated from the data.

Following Green and Mardia (2006), we want to perform simultaneous posterior inference about the
precision parameter and the masks by integrating out the rigid body parameters which depend on the
usually arbitrarily recorded coordinate frames of the molecules. To facilitate this, we need to specify
prior distributions for the random likelihood parameters.As we do not have any prior information about
the rigid body parameters, they are treated as uniformly distributed in their respective domains (which
involves the Haar measure for the rotation parameters). Thejoint prior distribution for the mask vectors
is defined as

π(λA,λB|ζ) ∝ ζ
P

i λ
A
i +

P

i λ
B
i ,

where the penalty parameterζ ∈ IR+ is introduced to prevent the MCMC algorithm from converging
to a solution where very few atoms are used in the distance calculation. With the further assumptions
that the precision parameter is Gamma distributeda priori with shape parameterα and scale parameter
β, and that all unknown parameters are independenta priori, their joint posterior density conditioned on
the given data and the covariance function which is applied when calculating the molecular fields has the
property

π
(
θ,γ,λA,λB, τ |ẐA(x), ẐB(x), α, β, ξ, ζ

)

∝ τ ξ+α−2 exp
{
−τ

(
DAB(Γ,γ,λA,λB) + β

)}
· ζ

P

i λ
A
i +

P

i λ
B
i cos(θ2).

Bayesian inference can now be carried out in order to obtain arotation/translation invariant notion of the
(dis)similarity between the molecular fieldŝZA(x) andẐB(x). In particular, we use MCMC to sample
from the posterior distribution and obtain point estimatesfor the random model parameters. Within the
MCMC scheme,τ is updated with a Gibbs step using its full conditional distribution. Updated versions
of the other parameters are obtained in four blocks, each using a Metropolis–Hastings step with a random
walk proposal density.

5 Results

The 31 steroid molecules fall into three classes with respect to their binding activity towards their com-
mon receptor protein (1=high, 2=medium, 3=low). We performall 930 possible pairwise superposition
and use the geometric mean of the MAP partial Carbo distancesfor each pair of molecules as a sym-
metric distance measure for a cluster analysis. Figure 3 shows the resulting dendrogram of the steroids
which is labelled with their activity classes. As steroids within an activity class can overall be aligned
more closely than steroids between activity classes, the Bayesian alignment of molecular fields can be
shown to produce chemically meaningful results.
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Figure 3: Separation of the 31 steroid molecules using a symmetrical partial Carbo distance.

6 Extension to Multiple Comparisons

The above methodology can be viewed as an extension of the partial Procrustes registration for discrete
sets of landmarks (e.g. Dryden & Mardia, p.94) to the continuous case. Similarly, superimposing each
molecular field in turn onto a weighted average of the remaining fields in the data set provides an ex-
tension of the generalised Procrustes analysis (GPA) (Gower, 1975) to the field context. After applying
this continuous GPA to the multiple alignment of the steroidmolecules, significant differences between
the mean steric fields of the three activity classes can be detected which could explain the different
biochemical behaviour.
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Homology modelling of protein-ligand interactions

James Dalton∗ & Richard M. Jackson

School of Molecular Biology and Biochemistry, University of Leeds

Current homology modelling methods do not consider drug-like molecules (ligands) in their automated
processes with the consequence that residue side-chains incontact with a ligand are often modelled
inappropriately. Time consuming manual re-modelling of the binding-site or additional computational
docking is often required to generate sensible side-chain orientations, with a correctly positioned ligand.
We are therefore developing a novel and fully automated computational method capable of protein-ligand
homology modelling that brings together new and existing routines. The method, called SitesModel, is
based on the induced fit concept where there is flexibility in both residue side-chains and ligand. This is
implemented by generating a broad range of possible conformations for all side-chains and ligand, which
are then refined with a mean field optimisation calculation, resulting in the lowest available energetic state
of the binding-site.

SitesModel presently incorporates the following steps: sequence-structure(s) alignment, appropriate as-
signment of ligand charges, ligand multi-conformational generation, ligand-to-ligand similarity matching
and superposition, inclusion of co-factors, homology modelling, and optimisation of side-chain rotamers
and ligand conformers based on van der Waal’s and electrostatic interactions. SitesModel has been
trained on a diverse dataset of 85 protein/ligand structures, modelled from appropriate SCOP family
relatives.
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Performance of Poisson Index in identifying of
protein kinase off-target liabilities

John R. Davies1∗, Richard M. Jackson2, Kanti V. Mardia1, &
Charles C. Taylor1

1 Department of Statistics, and2 School of Molecular Biology and
Biochemistry, University of Leeds

1 Poisson Index (PI)

In Davies et al.(2007) we developed a score for measuring thesimilarity of two binding sites known as
the Poisson Index (PI). PI was based upon a distribution of the random matching of two configurations
of points in three dimensional space derived in Green and Mardia (2006). The Poisson Index is found
using

PI =

m∑

L=Lobs

P (L|m,n, d).

p(L|m,n, d) =
KdL

(m − L)!(n − L)!L!

wherem,n are the size of the two sites withm < n, Lobs is the number of coincident matching points
between them,d is a matching parameter andK a normalising constant. In practice we have found
for the unrelated sites, that approximatelyd̂ = 2.8(mn)−0.8 so PI can be calculated for givenm,n,L.
But if d is not known, we obtain the MLE. If the value of PI is less then7 × 10−4 then we reject the
null hypothesis. We have showed the superiority of this scoring system to the Tanimoto Index upon the
SitesBase database (Gold et al.) for which the score had beenparametrised.

2 Using PI to predict “off-target liabilities"

We wished to further confirm the validity of binding site matches predicted to be of interest in SitesBase
by PI. To achieve this we choose to focus our study on a family of well known proteins, the kinases.
Kinases are important proteins that phosphorylise (add a phosphate group to) other molecules. This ac-
tivity is found in a surprisingly large number of processes;for example in propagating signal transduction
within a cell, muscle contraction and the activation of protein function. Since some of these functions are
implicated in the development of cancer, these proteins arepopular sources of study in recent literature.
Unfortunately the broad activity and usage of kinases makestargeting specific kinases and kinase func-
tions selectively a challenge, often off-target liabilities are targeted along with the intended target causing
unwelcome side effects. Identification of off-target liabilities for prospective drugs targeting kinases is
an especially active area of research.

Two such structural SCOP superfamilies known to exhibit protein kinase activity are the P-loop contain-
ing nucleoside triphosphate hydrolases and the Protein Kinase like (PK-like) superfamilies. We use the
PI to predict significant matches between sites from these two superfamilies and the rest of SitesBase.
We then compare these plausible off-targets with other independent studies in the literature and look for
synergy between the results. We find that the predictions made by the PI are supported by the data taken
from the literature.
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Drug discovery at the protein-protein interface:
statistics from the binding site

J.C. Fuller∗, N.J. Burgoyne, & R.M. Jackson

Institute of Molecular and Cell Biology, University of Leeds

Protein-protein interactions (PPIs) are critical for all aspects of cellular function, a role that is further
underlined by their involvement in a large number of diseasepathways, thus they represent attractive
targets for therapeutic intervention. A number of small molecules have been successful in targeting and
disrupting protein-protein interactions. It is observed that these small molecules bind deeper within the
contact surface of the target protein, with higher ligand efficiencies. Here, we address the differences
between proteins that bind small molecule drugs and the proteins that are currently targeted by small
molecule protein-protein interaction inhibitors.
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A permutation test to explore the relationship of
host and parasite phylogenies

Kerstin Hommola1∗, Judith E. Smith2, Yang Qiu2, & Walter R. Gilks1

1Department of Statistics, and2Institute for Integrative and Comparative
Biology, University of Leeds

A parasite is an organism which exists in close relationshipwith another organism, its host, from which
it derives important biological resources and thus harms the host. Due to negative selective pressures
caused by host resistance and parasite virulence, parasitephylogenies may tend to closely follow host
phylogenies and vice versa, parasite speciation may drive speciation in a host. However, comparing host
and parasite phylogenies is complicated by the fact that besides cospeciation, other types of events are
observed in host-parasite associations, such as, for example, host switches or extinctions.

We present a new, very elementary and intuitive statisticalmethod which explores host-parasite coevolu-
tion by testing the null hypothesis that phylogenies of hosts and their associated parasites are unrelated,
that is, hosts and parasites have evolved independently. This test involves only suitable randomization of
the observed data. Host phylogenies and parasite phylogenies can be represented by distance matrices
as well as by phylogenetic trees. Statistical power was evaluated using simulated data consistent with
the alternative hypothesis of cospeciation. Results were compared with another permutation method,
which tests the same hypothesis with a more sophisticated, but less readily interpreted test statistic and
a different randomization scheme. We demonstrate that our method has greater power overall and thus a
higher ability to detect cospeciation in closely related host-parasite systems. We show that our test was
also successful when applied to real biological data using the pocket-gopher and chewing-lice system.
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Using binding site similarity analysis for the
functional classification of the protein kinase family

Sarah Kinnings∗ & Richard Jackson

Institute of Molecular and Cellular Biology, University ofLeeds

Methods for analysing complete gene families in the drug discovery process are becoming of increas-
ing importance, because similarities and differences within a family are often the key to understanding
functional differences that can be exploited in drug design. Constituting around 1.7% of the human
genome, the protein kinase family is one of the largest enzyme families. Protein kinases play key roles
in almost all signalling pathways, and are involved in the regulation of numerous cellular processes.
Since the deregulation of these signalling pathways often leads to disease, the control of protein kinase
activity is a principle focus of pharmaceutical research. The vast majority of kinase inhibitors target the
ATP-binding site. However, the high degree of sequence and structural conservation amongst the protein
kinases means that the design of potent, selective kinase inhibitors is a significant challenge.

Currently, we are undertaking a large-scale comparison of protein kinase ATP-binding sites using a
geometric hashing algorithm . The analysis is allowing us todiscover binding site similarity in different
sub-families of protein kinase that are not evident from sequence similarity alone. It is also enabling us
to quantify the effect of how different drug molecules bind to the same binding site and influence the
local binding site conformation. We aim to propose a relevant classification of the protein kinase family
based on the similarity of their binding sites. Not only willthis classification highlight features that are
important for the potency and selectivity of kinase inhibitors, but it will also be able to predict possible
cross-reactivities among the protein kinases.
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The choice of smoothing parameter in kernel
regression smoothing

Orathai Polsen∗ & Charles C. Taylor

Department of Statistics, University of Leeds

We consider the kernel estimator, called the Nadaraya-Watson (N-W), as an estimate of a regression
curve. This estimator was first introduced by Nadaraya (1964) and Watson (1964) and the accuracy of
this estimator depends mainly on a smoothing parameterh. Therefore, it is necessary to choose a value
for the smoothing parameter. Cross-validation (CV) is a basic technique for choosing the smoothing
parameter. In this paper, the two alternative theoretical smoothing choices are proposed in an attempt to
estimate regression curve; in one caseh is fixed, and in the other depends onx. Specifically, a plug-in
rule is obtained when data has a bivariate normal distribution. Some simulations and examples were
used in order to demonstrate the comparison between these two theoretical smoothing parameters and
the one from Cross-validation. The theoretical smoothing parameters perform better than the one from
Cross-validation in most settings.

Keywords: The Nadaraya-Watson estimator; Smoothing parameter; Cross-validation.
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Characterising the structure of the shape tangent
space for objects with complex symmetry

Yoland Savriama∗ & Christian Peter Klingenberg

Faculty of Life Sciences, University of Manchester

1 Introduction

The method for analysing object symmetry (Mardiaet al. 2000; Kent and Mardia 2001) has been de-
veloped for the studies of shape variation in structures that are bilaterally symmetric (e.g. human faces).
Further work related object symmetry to the structure of theshape tangent space which was decom-
posed into one subspace of symmetric shape variation and onesubspace of asymmetric shape variation
(Kolamunnage and Kent 2003; Kolamunnage and Kent 2005). Forinstance, principal component analy-
sis (PCA) yields separate principal components (PCs) containing either symmetric or asymmetric shape
variation (Kolamunnage and Kent 2003).

This approach has been extended for the shape analysis of anytype of symmetry (Savriama and Klin-
genberg 2006). Every type of symmetry is associated with a set of symmetry transformations, which
forms a symmetry group. An original configuration of landmarks is used and copies of it to which all
transformations in the symmetry group of the object have been applied. Thereafter, a Procrustes fit super-
imposes all configurations and the resulting Procrustes mean (consensus) is symmetric. To separate the
components of symmetric and asymmetric shape variation with respect to the symmetry transformations
in the symmetry group of the object, we used PCA (Savriama andKlingenberg 2007).

Here, we suggest an approach to decompose the shape tangent space for object symmetry involving
rotations into appropriate subspaces of symmetric and asymmetric shape variation. Also, we propose a
method to determine the shape dimension for the respective subspaces.

2 Subspaces of symmetric and asymmetric shape variation

For object symmetry involving reflection, the shape tangentspace is decomposed into two types of
subspaces that are orthogonal and complementary to each other: one subspace of shape changes that are
symmetric with respect to reflection and one subspace of shape changes that are asymmetric with respect
to reflection (Mardiaet al. 2000; Kent and Mardia 2001). Similarly, if the symmetry group contains
rotations, the shape tangent space is decomposed into two kinds of orthogonal subspaces: one subspace
of symmetric shape changes relative to the rotations and onesubspace of asymmetric shape changes
considering rotations. If the symmetry group contains bothreflection and rotations, the shape tangent
space is decomposed into various subspaces as a consequenceof the combinations between the reflection
and rotations.
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3 Case study: Rotational symmetry

Let us consider a two dimensional object that is symmetric under rotations of ordero. It is equally
divided intoo sectors arranged around the centre of rotation (like the slices of a pie). We describe the
geometry of the object with a configuration of landmarks thatconsists ofc landmarks (c = 0, 1) for the
centre of rotation andk landmarks per sector. Thek landmarks are identical for every sector and they are
off the centre of rotation. The total number of landmarks isok + c. The shape dimension for the shape
tangent space is2(ok + c) − 4.

In the symmetric shapes, the centre is fixed and there are not any free parameters associated to it. By
contrast, thek landmarks are free to move in any direction so that there are2k free parameters associated
to them. However, the Procrustes fit imposes two constraintsdue to the size and orientation of the
whole configuration which remove one degree of freedom each.Therefore, the shape dimension for the
subspace of symmetric shape variation is2k − 2.

To obtain the shape dimension for the asymmetry, we subtractthe shape dimension for the subspace of
symmetric variation from the shape dimension for the shape tangent space since it has been demonstrated
that the shape dimension for the subspaces of symmetric and asymmetric variation sum up to the shape
dimension for the shape tangent space (Mardiaet al. 2000; Kent and Mardia 2001). Thus, the shape
dimension for the asymmetric variation is2(o − 1)k + 2c − 2. Note that the Procrustes fit adds a
constraint (two dimensions) due to location for these parameters.

In addition, if o is not a prime number (e.g. 4 or 6) there is further structuring within the subspace of
asymmetry. The subspace of asymmetry can be decomposed intosubspaces of shape variation symmet-
ric with respect to rotations which order corresponds to each prime factor ofo and subspaces of shape
variation asymmetric relative to any rotations. Besides, if o has only two prime factors the shape dimen-
sion for each subspace of shape variation can be obtained with (2qik − 2) − (2k − 2), with qi = o

oi
for

i = 1, ..., o andoi represents the prime factors ofo. Nevertheless, this decomposition is not viable with
a higher number of prime factors.

To illustrate the decomposition of the total shape tangent space for object symmetry involving rotations,
we use Venn diagrams (Figure 1). We consider two examples of configurations with object symmetry
regarding rotations, witho as a prime number and as a composite number with two prime factors.

4 Example: Rotational symmetry of order 6

Let us consider a two-dimensional symmetric object under rotations witho = 6; k = 2 and c = 1.
Since 6 is a composite number and has two prime factors (2 and 3), the shape tangent space can be
decomposed into four subspaces of shape variation: one subspace of shape variation symmetric with
respect to rotations of order 6, two subspaces of shape variation asymmetric relative to rotations of order
6 but symmetric with respect to rotations which order is either 2 or 3 and one subspace of shape variation
asymmetric relative to any rotations. Also, the shape dimension corresponding to each subspace can be
obtained following the rationale developed in part 3:

Symmetric component relative to rotations of order 6:2k − 2 = 2 AS: Asymmetric component relative
to rotations of order 6:2(o − 1)k + 2c = 20 AS3: Asymmetric component relative to rotations of order
6 but symmetric under rotations of order 3, withq3 = 2: (2q3k − 2) − (2k − 2) = 4 AS2: Asymmetric
component relative to rotations of order 6 but symmetric under rotations of order 2, withq2 = 3: (2q2k−
2) − (2k − 2) = 8 Totally asymmetric component relative to any rotations:AS − AS3 − AS2 = 8 To
represent the decomposition of the shape tangent space intocomplementary subspaces as well as their
associated shape dimension, we use Venn diagrams (Figure 2).
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Figure 1: Venn diagrams showing the subspaces of shape variation for object symmetry considering
rotations which order is a prime factor (left), and which order is a composite number (right). The shaded
portion of the Venn diagrams represents the subspace of symmetric shape variation. Sp means symmetric
under rotations which order is a prime number, Sc means symmetric under rotations which order is a
composite number, ASf1 and ASf2 means asymmetric under rotations of order 6 but symmetric with
respect to rotations which order is one of the two prime factors of the composite number.
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Figure 2: Venn diagram showing the subspaces of shape variation and their associated shape dimension
for object symmetry involving rotations of order 6, withk = 2 and c = 1. The shaded portion of
the Venn diagrams represents the subspace of symmetric shape variation. S represents the subspace
associated with the symmetric component, AS2 stands for thesubspace associated with the asymmetric
component relative to rotations of order 6 but symmetric with respect to rotations of order 2 and AS3
stands for the subspace associated with the asymmetric component relative to rotations of order 6 but
symmetric with respect to rotations of order 3.
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Classification of shapes with non-isotropic errors

Farag Shuweihdi∗ & Charles Taylor

Department of Statistics, University of Leeds

To analyse a set of configuration matrices that follows the normal distribution using Procrustes analysis,
one should consider the assumption ofisotropicerrors. However, if we assumenon-isotropicerrors, an
erroneous result can be obtained by using ordinary least-squares. In this study, the assumption of both
isotropic and non-isotropic errors for the Gaussian model implies that the variability around points of
mean shape is not elliptical. Our aim is to estimate the mean shape in the case of non-isotropic normal
errors in order to correctly classify new objects. This is achieved using a weighting matrix. Our proce-
dures are related to Euclidean distance matrix analysis anduse an iterative algorithm. The classification
rules here are based on Procrustes distance as well as a decision tree. Simulated configurations and a real
dataset are applied to evaluate the performance of proposedmethods. The results of our investigation
show an improvement in the accuracy of classification based on the weighted Procrustes distance.
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Identifying metabolite fate potential

Robert Stones∗, Chris Sinclair, Alistair Boxall, &
Stéphane Pietravalle

Central Science Laboratory, Sand Hutton, York

Introduction

There is a need to develop techniques that would lead to a reduction in the number of animals used in bio-
concentration tests. When aquatic organisms are exposed tochemicals in the environment, the chemical
may be bioconcentrated but subsequently, some of these chemicals are metabolised. The ability of chem-
icals to be metabolised varies from easy (irrespective of species) to those that may be metabolised by
specific species/taxa or are non-metabolisable. The objective of this study is to validate this concept and
identify chemicals that are susceptible to biotransformation and improve the design of bioconcentration
studies leading to reduced animal testing.

Aims

Examine the molecular structure and properties of compounds that are biotransformed in aquatic taxa.
The study hopes to identify relationships between compounds that are susceptible to biotransformation
and identify whether these relationships exist within specific species or across taxa. Molecular fragment
analysis of metabolic pathways will identify sub-structural moieties susceptible to biotransformation and
investigate whether these are generically susceptible to biotransformation or restricted to individual taxa.
Preliminary datasets in aquatic organisms used in this study has been collated from the publicly available
literature

Analysis

A standalone application has been developed utilizing opensource libraries and incorporates 2D molec-
ular substructure matching and statistical analysis methods; to identify molecular moieties susceptible to
biotransformation in metabolic pathways. Methods include:

• Fragmenting molecules in each reaction step. Discard fragments that do not contain the reaction
centre. Store remaining fragments as a library in a relational database.

• A 2D structural matching algorithm is then used to count theprevalence of unique fragments.
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PAGODA: A multi-source protein function
prediction program for Plasmodium falciparum

Philip Tedder∗ & David R. Westhead

Institute of Molecular and Cellular Biology, University ofLeeds

Malaria caused by the parasitePlasmodium falciparumis one of the worlds most deadly diseases, and
with growing resistance to conventional drugs, new treatments or even vaccines are urgently needed.
Understanding the function of eachP. falciparumprotein is likely to help this cause but unfortunately
the sequencing of theP. falciparumgenome in 2002 suggested that 60% of it’s genes did not have
homologs of known function. Therefore, new methods of protein function prediction are needed to help
annotate the role of manyP. falciparum proteinsand the program PAGODA (Protein Assignment by
Gene Ontology Data Associations) is an attempt to address this problem. Using multiple sources of
data and the annotations of the GO database, PAGODA producespredictions of a proteins molecular
function, the biological processes it’s involved in and it’s cellular location. The data and methods used in
PAGODA have now also been used to attempt to ’hole fill’P. falciparumpathways, by suggesting protein
candidates for enzymes that are believed to exist in theP. falciparumgenome, but have yet to be found.
Both the original PAGODA program and the ’hole filling’ method have been made easily available as
websites.
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A comparison of Bayesian inference techniques
applied to systems biology models

Ian Vernon1∗, Michael Goldstein1, & Darren J. Wilkinson2

1 Department of Mathematical Sciences, University of Durham
2 School of Mathematics & Statistics, Newcastle University

Traditionally, chemical reaction networks have been modelled by sets of ODE’s. However, for intracel-
lular reaction networks, especially those concerning genetranscription, the discrete number of molecules
involved and the inherently stochastic behaviour of the network both become important. These networks
can be accurately modelled by stochastic processes (namelycontinuous-time Markov processes), that
possess many unknown rate constants representing all the various reactions involved.

The goal of this work is to perform Bayesian inference on these rate parameters using the available data
which is often incomplete, measured infrequently and has substantial measurement error. We apply a new
approach to the problem of inference based on Bayes Linear emulation methods, and compare this with
various MCMC schemes. Our approach treats the simulation ofthe network as a Stochastic Computer
Model and utilises various techniques for callibrating computer models when the input parameter space
(the space of rate constants) is large.
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Backtracking and error correction in DNA
transcription

Margaritis Voliotis1,2,∗, Netta Cohen1, Carmen Molina-París2,
& Tanniemola B. Liverpool3

1 School of Computing, University of Leeds
2 Department of Applied Mathematics, University of Leeds

3 Department of Mathematics, University of Bristol

The survival of living cells crucially depends on the fidelity with which genetic information, stored in
nucleotide sequence of DNA, is processed during cell division (DNA replication) and protein synthesis
(DNA transcription and mRNA translation). However, thermodynamics introduces significant fluctu-
ations which would incur massive error rates if efficient proofreading mechanisms were not in place
[Hopfield (1974)].

Here, we review recent work on a putative mechanism for transcriptional error correction, which relies
on backtracking of the RNA polymerase (RNAP). First, we present a detailed model of backtracking
pauses as a first-passage process and study the distributionof their duration [Voliotiset al. (2008)].
We then present an error correction model that incorporatesRNAP backtracking and mRNA cleavage
[Voliotis et al. (submitted)]. We calculate the error rate as a function of the relevant rates (translocation,
cleavage, backtracking and polymerisation) and show that the theoretical limit of the proposed model is
reminiscent to that accomplished by a multiple-step kinetic proofreading mechanism [Hopfield (1974)].

Introduction

Recent single molecule experiments have shed light on the microscopic details of DNA transcription.
In particular it has been observed that the RNA polymerase (RNAP) undergoes frequent pausing while
transcribing a DNA template. A certain class of pauses seemsto occur irrespective of the underlying
DNA sequence and is associated with the backward translocation of the RNA polymerase on the DNA
template, a phenomenon dubbed as backtracking [Shaevitzet al. (2003),et al.Forde (2002)]. Moreover
it has been shown that pause lifetimes are significantly reduced with the addition of cleavage enzymes,
whereas artificially enforcing nucleotide misincorporation increase the number of pauses [Shaevitzet
al. (2003)]. These findings suggest that pausing due to backtracking is a crucial ingredient in the proof-
reading mechanism.

During backtracking the active site of the RNA polymerase disengages from the3′ end of the nascent
mRNA, enabling the polymerase to translocate backwards on the DNA template without disrupting
the mRNA [Greive and von Hippel (2005)]. The RNA polymerase shows weak exonuclease activity.
However, specific proteins (Gre/TFIIS) can enhance the cleavage rate while the RNAP is backtracked
[Borukhovet al. (1993), Fish and Kane (2002)], suggesting an error correction mechanism that relies on
cleavage at the misincorporated nucleotides. Actually such a mechanism permits multiple attempts for
error correction, since the RNAP can polymerise several nucleotides before backtracking and correcting
an error (see Fig. 1). In general RNAP backtracking is restricted by hairpins and other mRNA structures
that are formed as the nascent mRNA exits the transcription elongation complex. This restriction effec-
tively suppresses the ability of the RNAP to backtrack beyond a certain point, so any errors further back
on the RNA transcript would be fixated

104



(1+  )

kb

kp

kc kc kc kc kc kc

c

(a)

TEC

error

cleavage enzymes

active site

(b)

5’
3’

.. (n−m)

last transcribed
nucleotide (n)

RNA−DNA hybrid

... ...

...... (n−l,0) (n−1,0)(n−M,0)

(n,l) (n,0)(n,1)

(n,m=3)

(n,m=0)

RNA−DNA hybrid

5’ 3’

(n,M)

c

c c

c

c

cc

Figure 1: (a) Schematic illustration of the RNAP in the active(n,m = 0) and in a backtracked state
(n,m > 0). The mRNA is marked by3′ and5′. Specific proteins (Gre/TFIIS) can enhance cleavage
of the mRNA while the RNAP is backtracked. (b) Schematic illustration of backtracking at a specific
template position. The RNAP will eventually polymerize forward (n,m = 0) → (n + 1,m = 0) or
cleave at one of the backtracked states(n,m = i) → (n − i,m = 0). Figure adapted from [Voliotiset
al. (submitted)]

Backtracking Model Results

We model the transcription elongation process in terms of two discrete variablesn andm (Fig. 1(a)).
Variablen = 0, . . . , N denotes the position of the last transcribed nucleotide or equivalently the current
length of the mRNA transcript. The second variablem = 0, . . . ,M denotes the position of the RNAP
active site relative to n. Within this elongation process, we describe backtracking as a symmetric hopping
process among states0 < m ≤ M (for any template positionn) with hopping rate c and a reflecting
boundary atm = M (see Fig. 1(b)). A backtracking pause starts with the RNAP atposition(n,m = 1)
and terminates once the RNAP returns to the so-called activestate(n,m = 0), from which further
polymerisation is possible. Using the Laplace transform wesolve this first passage problem and obtain an
analytic form for the probability distribution of pause durationsP(t) (see Fig. 2) [Voliotis et al. (2008)].
The pause durations can be classified into different regimes, for which the asymptotic behaviour is given
by

P(t) ∼






A

t3/2
,
1

c
≪ t ≪

M2

c
,

Be−Ct , t ≫
M2

c
.

(1)

For times short compared to the time scale of diffusion to thereflecting statem = M (t ≪ M2/c), but
still longer than the time for the active site to diffuse by one nucleotide (t ≫ 1/c), P(t) scales ast−3/2.
Interestingly, the power law behaviour characteristic of this regime is consistent with the heavily skewed
and heavy-tailed distribution observed by Shaevitzet al. (2003). Conversely, for times much longer than
M2/c, which ensures reflection, the asymptotics are altered andP(t) exhibits a rapid exponential decay.
The two different asymptotic behaviours are illustrated inFig. 2, where the analytic results have been
plotted together with the data obtained from stochastic simulations of the model.
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Figure 2: Distributions of pause durationP (t) for M = 10. Plotted are the analytic results as solid lines
and the results of stochastic simulations as circles.P (t) and a power law decay for1/c ≪ t ≪ M2/c,
followed by an exponential cutoff in long time limit (t ≫ M2/c). Figure adapted from [Voliotiset
al. (2008)]

Proofreading Model Results

To assess the effectiveness of the transcriptional proofreading we have extended the above model to
include the polymerisation of errors and cleavage from backtracked states [Voliotiset al. (submitted)]. A
schematic illustration of the model is given in Fig. 1(b). Wecalculate the error fraction at a given position
of the transcript,En, defined as the ratio of the probabilities of incorporating at that position an incorrect
as compared to a correct nucleotide. In the limit of slow polymerization and frequent backtrackingE is
given by

E ≈
(ce

e

)M+1
MM/M !, (2)

Thus, in this limit the error fraction depends only on the backtracking limit (M ) and the ratio of the
hopping rates. This behaviour is reminiscent of kinetic proofreading withM intermediate steps [Hopfield
(1974)].
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Co-expression & protein interactions in important
cellular complexes

Elizabeth C. Webb∗ & David R. Westhead

Institute of Molecular and Cellular Biology, University ofLeeds

Many important cellular processes are driven by a vast arrayof protein complexes. The mechanisms
controlling the regulation of the subunits of these complexes, and how they are assembled together are
mostly unclear. Through the exploitation of gene expression data, the role of transcriptional regulation in
this process can be considered. In this study, we investigate to what extent this regulatory mechanism is
conserved evolutionarily in protein complexes across organisms; prior research has so far focused mainly
on S. cerevisiae. Initially we conducted a detailed analysis of RNA polymerase II and its associated
complexes inH. sapiens, D. melanogaster, C. elegans, A. thalianaand S. cerevisiae; followed by a
high-throughput global analysis of 130 protein complexes,of which these organisms share 2 orthologous
components. An ortholog component was defined by it sharing membership to an OrthoMCL group
with a S. cerevisiaeannotated MIPS protein complex subunit. Extensive publicly available microarray
datasets containing between 162 to 5896 features were used to examine gene expression levels of these
components over the 5 organisms being studied. The varying degrees of global and local co-expression
for each complex were investigated statistically using an all-against-all approach for the corresponding
components of each complex. We find that there is a coherent transcriptional response of many of these
complexes across the organisms studied. In particular we note the significantly high levels of conserved
co-expression amongst the components of the transcriptional machinery. Such a conserved response
suggests that transcriptional regulation plays an important role in the assembly of its own machinery and
that of other complexes. To our knowledge, this is the first time such an extensive analysis has been
undertaken to provide evolutionary insights into the transcriptional regulation of protein complexes.
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metaTIGER: a metabolic evolution resource and its
application to the chromalveolate evolution

John W. Whitaker∗, Glenn A. McConkey, & David R. Westhead

Institute of Molecular and Cellular Biology, University ofLeeds

Metabolism is an area of biology that has received much attention; however, existing web resources do
not include in depth phylogenetic information. To address the lack of phylogenetic information relating
to eukaryotic metabolism, we have developed metaTIGER (www.bioinformatics.leeds.ac.uk/metatiger)
a collection of metabolic profiles and phylogenomic information on a taxonomically diverse range of
eukaryotes. Sensitive sequence searching techniques wereused to predict the presence of metabolic en-
zymes from the genomic information from 121 eukaryotes and 404 prokaryotes. The enzyme sequences
were used to create a comprehensive phylogenomic database of 2,257 maximum likelihood phylogenetic
trees, some of which contain over 500 organisms. The trees can be viewed using iTOL, a sophisticated
interactive tree viewer, enabling straightforward interpretation of large trees. Complex high-throughput
tree analysis is also available through user-defined queries, allowing the rapid identification of trees of in-
terest, e.g. those containing horizontal gene transfer events. metaTIGER also provides novel facilities for
viewing and comparing the metabolic networks in different organisms via highlighted pathway images
and tables. We illustrate the quality of results obtainablethrough the use of metaTIGER by revealing
new insight to chromalveolate evolution, including the identification of a metabolic pathway which may
have great implications to agricultural pest control and the resolution of controversy regarding parasite
and host co-evolution.
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Does the sequence of your potassium channel genes
predispose you to disease?

Lucy F. Williamson∗, David R. Westhead, & Ian C. Wood

Institute of Molecular and Cellular Biology, University ofLeeds

Voltage-gated potassium (Kv) channels are found in most of the cell types in every living organism. This
abundance is testament to their physiological importance.Increasing numbers of sequenced genomes has
subsequently lead to increased numbers of known or putativeKv channel genes and proteins, providing a
resource for extensive bioinformatic analysis. Kv DB (Kv channel database) is a collation of information
that has been a) gathered from sources such as ENSEMBL, Uniprot and dbSNP, and b) produced by
computational analysis of multiple Kv protein sequences alongside structural information from the PDB.
This information will be accessible via the Kv DB website, which will also contain tools for further
computational analysis of submitted sequences or searchesby sequence similarity etc. The presence of
single nucleotide polymorphisms (SNPs) within Kv channelswill be included in the database. The final
aim of this work is to provide a method for predicting whethera SNP will have a neutral or deleterious
effect on the Kv channel it resides in. Kv DB will be a valuableresource for Kv channel researchers and
a tool for understanding genotype-phenotype relations as applied to single nucleotide variations within
Kv channels in humans.
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Bayesian multi-tensor diffusion MRI and
tractography

Diwei Zhou1∗, Ian L. Dryden1, Alexey Koloydenko1, & Li Bai 2

1School of Mathematical Sciences, Univ. of Nottingham
2School of Computer Science and IT, Univ. of Nottingham

1 Introduction

Diffusion tensor imaging (DTI), introduced by Basseret al.(1994), is a specific magnetic resonance
imaging (MRI) method for brain and many body studies which characterises microscopic structural in-
formation of oriented tissue in vivo.

DTI assumes that molecular displacement follows a zero-mean trivariate Gaussian distribution (Alexan-
der, 2005), and its covariance matrix is proportional to thediffusion tensorD ( seeTable 1). The eigen-
structure ofD gives the picture of molecular diffusion along different directions (Basseret al., 1994). In
particular, the principal eigenvectorv1 corresponding to the largest eigenvalue represents the fibre direc-
tion, i.e., DTI can provide a 3-dimensional vector field, andeach vector presents the fibre orientation.

The diffusion tensor can be visualised by a diffusion ellipsoid defined by the eigenstructure ofD (Basser
et al., 1994). The diffusion isisotropic when water molecular motion is equal and unconstrained in all
directions. But, anisotropy may result from the barriers ofbiological tissue (Le Bihanet al., 2001) where
water molecules move along some preferred directions. To quantitatively measure and monitor diffusion
anisotropy, scalar quantities derived fromD have been produced (Le Bihanet al., 2001), such as the
mean diffusivity (MD) and Fractional anisotropy (FA) mentioned inTable 1.

Term Meaning

Diffusion tensor (D) D =




Dxx Dxy Dxz

Dxy Dyy Dyz

Dxz Dyz Dzz



 is symmetric (semi)positive-definite.

Dxx, Dyy andDzz represent molecular diffusivities along axes.
Eigenvalues (λ1, λ2 andλ3) λ1, λ2 andλ3 are positive. Conventionally, letλ1 ≥ λ2 ≥ λ3.
Eigenvectors (v1, v2 andv3) Unit vectorsv1, v2 andv3 are orthogonal. The eigenvectors and

eigenvalues coincide with the main diffusion directions and
associated diffusivities respectively in the tissue.

Mean diffusivity (MD) MD = λ1+λ2+λ3

3 reflects the isotropic or average degree of diffusion.

Fractional anisotropy (FA) FA =




3×

3
P

k=1

(λk−MD)2

2×
3

P

k=1

λ2

k





1

2

describes the degree of anisotropy.

Table 1: Glossary of terms
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2 Models and Methods of diffusion tensor imaging

2.1 Traditional diffusion tensor models

Under the 3D Gaussian assumption of molecular displacement, the meanµi of the resulting diffusion-
weighted signalSi corresponding to theith diffusion gradient directiongi (unit vector) can be obtained
from the Fourier transform of the molecular displacement distribution as shown in the diffusion tensor
model (Basseret al., 1994).

µi = S0 exp(−bgTi Dgi), i = 1, ...,N, (1)

whereS0 is the signal without diffusion gradient applied (i.e.b = 0). Roughly,b (b-value) characterises
the gradient pulses used in the MRI sequence. For each voxel,the noise of the measured signal is denoted
asεi. It is assumed thatεi’s are independent and identically distributed (i.i.d.) Gaussian variables,εi ∼
N(0, σ2). Thus, the measured signalsSi’s are independent Gaussian variables, i.e.,Si ∼ N(µi, σ

2), i =
1, ..., N .

A generalisation of the diffusion tensor model is the multiple-compartment model (Alexander, 2005),
which is proposed to describe the diffusion behaviour in a voxel containingm ≥ 1 distinct compartments
(each compartment has one dominant fibre orientation). Modelling diffusion within thejth compartment
by a Gaussian distribution with convariance matrixDj and assuming no molecular exchange between
compartments, a mixture of them Gaussians for the overall diffusion process is obtained. The mean of
ith diffusion-weighted signal can be modelled as:

µi =

m∑

j=1

ajS0 exp(−bgTi Djgi), i = 1, ...,N. (2)

where the weightsaj ∈ (0, 1],
∑

aj = 1, i = 1, ...,N , of the individual compartments are also known
as ’volume fractions’. Hence, by assuming that the noiseεi’s are i.i.d. Gaussian, i.e.N(0, σ2), the
measured signalsSi’s are independentN(µi, σ

2), i = 1, ...,N .

However, we find the parameter set (a1, a1, ......, am, D1, D2, ......, Dm ) is not identifiable, i.e., distinct
settings of parameters can result in an identical model (Zhou et al., 2008).

2.2 Multi-tensor model

By reparameterising Alexander’s (2005) multiple-compartment model, we set up a new multi-tensor
model which is identifiable:

µi =

{ m∑
j=1

S0 exp(−bgTi D∗
jgi) if b > 0

S0 if b = 0

(3)

whereD∗
j is defined asD∗

j = Dj + qjI3×3 , and ifb > 0, qj = − log aj/b, qj ≥ 0. Obviously, ifb = 0,
thenµi =

∑
ajS0 = S0, j = 1.....m. It can be shown that any (D∗

1, D∗
2, ......, D∗

m) with symmetric
(semi) positive-definiteD∗

j , j = 1...m, is identifiable as parameters of the multi-tensor model (Zhou et
al., 2008). Then, the measured signalSi can be modelled by addingi.i.d. N(0, σ2) noise,εi, into the
model.
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2.3 Bayesian multi-tensor estimation

Least-squares estimation methods have been employed to fit the parameters in traditional diffusion tensor
models. Cholesky parametrisation has been explored for guaranteeing positive eigenvalues ofD (Koay
et al., 2006).

For our multi-tensor model, we have developed a Bayesian estimation framework with a new param-
eterisation ofD∗, which takes into account the symmetry and (semi)positive-definiteness ofD∗ and
incorporates the parameter constraints in the prior beliefs.

The new parameterisation isD∗ = QQT whereQ is a general 3x3 matrix. Note thatQj andQjRj

whereRj ∈ O(3) result in the same model. Cholesky decomposition is then a special case of our
parameterisation. However, we shall actually keep the highdimensional embedding and the matrixRj

is then a nuisance parameter matrix, which will be controlled through specification of the prior in a
Bayesian model.

If there areN acquisitionsS = (S1, S2, ...SN ) , then Bayesian inference is set up for multi-tensor models
with one tensor(m = 1) and two tensors(m = 2).

Model 1: Model 2:
Si = S0 exp(−bgTi QQTgi) + εi. Si = S0 exp(−bgTi Q1Q1gi) + S0 exp(−bgTi Q2Q2gi) + εi.
Likelihood : Likelihood :

L(Q, σ2) =
N∏
i=1

f(Si|Q, σ2). L(Q1, Q2, σ
2) =

N∏
i=1

f(Si|Q1, Q2, σ
2).

Priors: Priors:
vec(Q) ∼ N9(vec(I 3x3), ξ

2I9x9), vec(Q1) ∼ N9(vec(I 3x3), ξ
2
1 I9x9),

σ2 ∼ Inv − Gamma(α, β). vec(Q2) ∼ N9(vec(I 3x3), ξ
2
1 I9x9),

vec(Q1 − Q2) ∼ N9(vec(03x3), ξ
2
2 I 9x9),

σ2 ∼ Inv − Gamma(α, β).

Table 2: Bayesian frameworks for multi-tensor models with one tensor (m = 1) and two tensors (m = 2).
vec(Q) vectorisedQ by stacking the columns ofQ. I3x3 and I9x9 are 3x3 and 9x9 identity matrices,
respectively.

We will assume largeξ, and so the prior uncertainty aboutQ is high. According to Bayes’ theorem,
we can obtain the posterior distributionP (Q, σ2|S). By maximisingP (Q, σ2|S), Q and σ2 can be
estimated. Alternatively, the posterior distribution canbe sampled using Markov chain Monte Carlo
(MCMC) simulation.

2.4 DTI fibre tractography

Once fibre orientations have been determined from the estimated diffusion tensors for the voxels in a
region of interest (ROI), tractography can be used to deriveinferences regarding the overall geometry
of white matter in the brain. In this paper, we focus on deterministic tractography for the multi-tensor
model with one tensor (m = 1). Deterministic tractography connects neighboring voxels by propagating
the ends of fibre tracts from user-defined seed voxels until termination criteria are met, such as excessive
angular deviation of the fibre tracts or subthreshold voxel anisotropy. FA is used as the stopping threshold
in the results of this paper.
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3 Results

3.1 Simulations

The purpose of this simulation study is to compare three spherical schemes: Philips 15 (N = 15),
Philips 32 (N = 32) and Uniform 32 (N = 32) (Sotiropouloset al., 2008) schemes. The accuracy of
DTI measurements depends on diffusion gradient direction scheme applied. A gradient direction scheme
is a collection ofgi = (gix, giy, giz) ∈ R3 whereN is the number of total directions. For the single
tensor model (multi-tensor model withm = 1), the definedD∗ is a diagonal matrix with 1,2 and 3 as its
eigenvalues and three eigenvectors are along x, y and z axis.We allowM = 1, 5, 10, 15, 30 replicates
for each of theN directions, and according to the multivariate Gaussian distribution N(µ, σ2IN×N ),
n = 100 Monte Carlo simulations were performed for each value of M. The root mean squared errors
(RMSE) of LLS and Bayesian estimators of singleD∗ are shown inFigure 1.

Figure 1: Plots of RMSE ofD∗ for three Direction Schemes(M =sample size): (a) RMSE for LLS
estimator, (b) RMSE for Bayesian estimator.

3.2 Real data

A set of the MR images with Uniform 32 diffusion gradient direction scheme from a healthy human
brain is provided by The Academic Radiology Department of Queen’s Medical Centre, University of
Nottingham. In this section, the DTI model and multi-tensormodel with the Bayesian method are applied
for a ROI which is the crossing part of corpus callosum and corona radiata (Figure 2(a)). Figure 2(b) is
the diffusion ellipsoid map from Bayesian single tensor model (m = 1) with FA as background. We also
carry out the Bayesian estimation for double tensor model (m = 2) in Figure 2(c).

Figure 2: (a) Coronal view of ROI, (b) Ellipsoid map from Bayesian single tensor fitting (m = 1) with
FA background, (c) Principal eigenvector map from Bayesiandouble tensor fitting (m = 2) with FA
background.

3.3 Bayesian tractography

Figure 3 shows the fibre tractography with Bayesian single tensor fitting for the corpus callosum. Such
pictures are useful for determining connectivity in the brain.
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Figure 3: (a) 3D view of fibre tractography for corpus callosum, (b) Coronal view (back-front)of the
tractography.
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