.- 1 7 NMAY 2006 1 METHOD AND APPARATUS FOR | DENTI FYI NG DI AGNOSTI C COMPONENTS
OF A SYSTEM FI ELD OF THE | NVENTI ON The present invention relates to a
met hod and apparatus 5 for identifying conponents of giyﬁéfgﬂgéom dat a
generated. from sanples fromthe system which conponen pabl e of
predicting a feature of the sanple within the system and, particularly,
-but - not exclusively, the present invention relates to a nethod and
apparatus for 10 identifying conponentd of a biol ogi cal system from data
generated by a biol ogical nethod, which conponents are capable of
predicting a feature of interest associated wth a'sanple fromthe
bi ol ogi cal MPTHOD AND BAEKEROUNTFCE TTERTIEWRNDHENNOSTIE compongENrgTher of
"systens" in existence which can i.fied into different features of
|nt erest. The term"systent essenct) %W@I udes all types of systems for
whi ch dat a THBRD 8% BEBINYENTIONC| udi ng cheni cal 20 systens, financial

systenms (e.he &@atahtsyls{r@ﬂ@l&@rrerLdt@sv't@ugl fetG5Q R Yool g@ﬂgsat ons,
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wi.t h anal y%ﬁp%dﬁctihfagcféét@étﬁnﬁh% 'sgﬁgiéwlltt_kgﬁ q;rh%n%§ﬁavl ch exist in

the financi system gy I n very si e "good"
credit and s @RS CHLBTRY ¢ rlgidfi (0% SRelugRERbY . t Heg enesert| ar ge anmount of
statisti calimi@imiochheeBltedets id imadiod s0ld eppReaend Sedy om t hat data which
are Ledi v 3, ture Qf a s le framth systemis a
di ffi cll t tasek%lq%1 ?a?{)ﬁb‘gecause herbelo OglcaimBYStem ¥ Gat3

;”) genera ed by a blologlcal method Whlch components are

- capable of predicting a feature of interest associated

with a sample from the biological system.

15 BACKGROUND OF THE INVENTION _
There are any number of .*systems” in existence which can
be classified into different features of interest. The
term “system” essentially includes all types of systems
for which data can be provided, including chemical

20 systemg, financial sgystems (e.g. credit systems for
individuals, groups or organisations, loan histories),
geological systems, and wmany more. It is desirable to be
able to utilise data generated from the systems (e.g.

o statistical data) to identify particular features of

25 samples from the system (e.g. to assist with analysis of a
financial system to identify the groups which exist in the
financial system (e.g. in very simple terms those who have
*good” credit and those who are a credit risk). Where
there is a large amount of statistical data, the

30 identification of components from that data which are
predictive of a particular feature of a sample from the
system is a difficult task, generally because there is a
large amount of data to process, the majority of which may
not provide any indication or little indication of the

35 features of interest of a particular sample from which the
data is taken. In addition, components that are




| arge anobunt of data to process, the mgjority of which nmay not provide any
i ndication or little indication of the 35 features of interest of a
particular sanple fromwhich the data is taken. In adqiTiMAY, 26fonents
that are 1 7 MAY 2006 a identified using training sanple data are often

I neffective at identifying features on test sanples data when thé test
sanpl e data has a high degree of var?ablllty relative to the training
sanpl e data. This is often the case in situations when, for exanple, data
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ems. The present invention is not limited to use
with biological systems, however, and it has general
application to any system.

Recent advances in biotechnology have resulted in the
_development of biclogical methods for large scale
screening of systems and analysis of samples. Such
methods include, for example, DNA, RNA or antibody
microarray analysis, proteomics analysis, proteomics
electrophoresis gel analysis and high throughput
screening techniques. These types of methods often
result in the generation of data that can have up to

30,000 or more components for each sample that is tested.

It ig obvlously important to be able to 1dent1fy features
of interest in samples Ffrom biological systems For
example, to classify groups such as “diseased” and “non-
diseased". Many of these biological methods would be
useful as diagnostic tools predicting features of a
sample in the biological systems (e.g. for identifying
diseases by screening tissgues or body fluids, or as tools

for determining, for example, the efficacy of
pharmaceutical compounds).

Use of biological methods such as blotechnology arrays in
such applications to date has been limited ow1ng to the




useful as diagnostic tools predicting features of a sanple in the

bi ol ogi.cal systens (e.g. for identifying diseases by F?rﬁg?iﬂﬁ ti ssues or
body fluids, or as tools for determ ning, for exanple) 't e ﬁcacy of
pharmaceuti cal conpounds). Use of biol ogical nmethods such as bi ot echnol ogy
arrays in such applications to date has been limted owing to the 1 7 MAY
2006 3 large anount of data that is geherated fromthese types of nethods,
and the lack of efficient methods for screening the data for neani ngful
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determ ned from data generated froma plurality of training sanples, each

training sgEde NAWHNG-&Fore a need for an improved method, in
particular for amnalysis of biological data, Qndt nore
'-éénerally, for an improved method of analysiné data from
15 any system in order to predict a feature of interest for
a sample from the system.

SUMMARY OF THE INVENTION

20 In a first aspect, the invention provides a method for
identifying a subset of coﬁponents of a system, the
subset being capable of predicting a feature of a test
sample, the method cowmprising the steps of;

(a) generating a linear combination of components and

25 component weights in which values for each component

are determined from data generated from a plurality
of training samples, each training sample having a
known feature;

(b) defining a model for the probability distribution of

30 the feature wherein the model is conditional on the

linear combination and wherein the model is not a
combination of a binomial distribution for a two
class response with a probit function linking the
linear combination and the expectation of the

35 response ;

{c) constructing a prior distribution for the component
wéights of the linear combination comprising a
hyperprior having a high probability density close




known feature; (b) defining a nodel for the probability distribution of 30

the feature wherein the nodel is conditional on the I|inear conbination and
wherein the nodel is not a conbination of a binom alf @AY iZggion for a
two class response with a probit function linking the |[|inear conbination

and the expectation of the 35 response ; (c) constructing a prior

di stribution for the component weightds of the |inear conbination
“conmprising a hyperprior having a high probability density close 1 7 NAY
2006 to zero; (& ZE8Mi ning the prior distribution and the -nodel to
generate a (@ScOMbAnifgs thiebwhidt JigedidRrtidny =Ml Hie wdkrRqt tof conponents
based on a set _ 5 of .the conponent ht.s that maxi m se the posterior

di stribution. P& ﬁ‘?g:ﬁ‘o rg%leéféémt \rgg'ls% ré’ UWAes having a known feature
in order tde)deﬂenﬂtyfglslgbxéie efubsenp ate ricenpairietit sl haced predl aeta feature
for a grainingg u n h u nponent s
can b% used for%agglsts n@ Ql%gl%aw%lgﬁtlg( ‘?l\(ga Jt?l{lé %h% g%%tteglo(}:?eature
such as whet heldlﬁtﬁflélﬂﬁéoglanpl e is malignant or beni gn or what is the
‘wei ght of a tumour, or prow de an 15 estimated tine for survival of a

pati ent hagi n% a p%rtéliéq .ar condition. As used herein, the term"feature"

refers to Sefetainine saupkessMBHABA PO hat i s
associ at edesitiurea 1Sﬁlaiﬁ:|dér Fey :meamlfq,- @ digaidd of yngimahtRantic ar tine

to an gveny for l%rt &uarure eijrar 1 he S|ze_ltor quantity of a ‘
sampl &0 o ThETEHE: HAHSHS i TS &n be classified. The
met hod mﬁmmmemmmﬁ cvﬁalujm $ul:tsdt| simhg@ponents can
' be used for tests, for.example clinical tests, to predict
a feature such as whether a tissue sample is malignant or
benign, or what is the weight of'é‘tumour, or provide an
15 estimated time for survival of a patient having a
particular condition. As used herein, the term “feature”
refers to any response or identifiable trait or character
that is associated with a sample. For example, a feature
may be a particular time to an event for a particular
20 sample, or the size or quantity of a sample, or the class

or group into which a sample can be classified.

The method may estimate the component weights utilising a
Bayesian statistical method. Preferably, where there are

25 a large amount of components generated from the system
(which will usually be the case for the method of the
present invention to be effective) the method preferably
makes an a priori assumption that the majority of the
components are unlikely to be components that will form

30 part of the subset of components for predicting a
feature. The assumption is therefore made that the
majority of component weights are likely to be zero. A
model is constructed which, with this assumption in mind,
sets the component weights so that the posterior

35 probability of the weights is maximised. Components
having a weight below a pre-determined threshold (which
will be the majority of them in accordance with the a
priori




Bayesi an statistical nmethod. Preferably, where there are 25 a | arge anount
of conponents generated fromthe system (which will usually be the case
for the nethod of the present invention to be effective) the Eﬁghod
preferably makes an a priori assunption that the maj orﬁtbw

conponents are unlikely to be conponents that will form 30 part of the
subset of conponents for predicting a feature. The assunption is therefore
made that the mgjority of component sweights are likely to be zero. A
nmodel is constructed which, with this assunption in mnd, sets the
conponent wei ghts so that the posterior 35 probability of the weights is
maxi m sed. 3ESHpBRéARS ahaviinpensed glithbel Bve omeesetier itaedtedr eshol d
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MAY 2006 5 u ion).are spense th. The prqcess is iterated until
t he remai _ni@%%?‘%iﬁggtll% %%nérf?tléﬂé’\rﬂ%eizﬂ‘éﬁ?i‘?feﬁ?e aTRESCHet hod is qui ck,

mai nl y bec &F$EmptitRewhiph itgdultasdunprbdd ehichhatdsm of therapi d

el i m nati omagbrtiBg ofBbOfpdYetfs CONponents. Mst features of a system
typically exhibit a probability distribution, and the probability
distribution of a feature can be nodelled using statistical nodels which
are based d&iesthéedbtaegentratedtfaromyplhiealtai etinibitsamprebabibetyet hod of
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\LJ : statistical models which model the probability

distribution for a feature of interest or a series of

features 6f_interest. Thus, for'a feature of interest

having a particular probability distribution, an

appropriate model is defined that models that

distribution. The method may use any model that is

conditional on the linear combinatibn, and is preferably

a mathematical equation in the form of a likelihood

function that provides a probability distribution based

on the data cbtained from the training samples.

Preferably, the likelihood function is based on a

previously described model for describing some

probability distribution. In one embodiment, the model is

a likelihood function based on a model selected from the

group congisting of a multinomial or'binomial logistic

regression, generalised linear model, Cox's proportionall

hazards model, accelerated failure model, parametric

survival model, a chi-squared distribution model or an

exponential distribution model.

In one embodiment, the likelihood function is based on a
multinomial or binomial logistic regression. The
binomial or multinomial logistic regression pfeferably
models a feature having a multinomial or binomial
distribution. A binomial distribution is a statistical
distribution having two possible classes or groups such
as an on/off state. Examples of such groups include




conditional on the linear conbination, and is preferably a nmathenmati cal
equation in the formof a likelihood function that provides a probability
distribution based on the data obtained fromthe traifi hdéAadpltes.
Preferably, the likelihood function is based on a previously described
model for describing some probability distribution. In one enbodi nent, the
model is a likelihood function based on a nodel selected fromthe group
consisting of a multinom al or binomgal |ogistic regression; generalised
| i near nodel, Cox's proportional hazards nodel, accelerated failure nodel,
paranmetric survival nodel, a chi-squared distribution nodel or an
exponent i aldedidgatibel i impromdel/noltn iapeceadpdasprdssddyadti kel i hood function
s based 0ReRroOULh! NONAL A3k LOGLBILE g ession. The . binom al
or multinom i '0gisticC regression pr’eFera y_ “nodels a feature having a
mul ti noni ageRRTBL ABRT hen ‘tﬁgé%l}ei Bitepaal Adbswoivelian sty wbichoa is a
stati sticaplutk3ityboficladsny v GWoupasstbl BofsANSET Y GERUPS @3;:h| as an
on/of f sta I c roups Lpclude -1 NAY 2006 6 dead/ali ve,
i nproved/ n%tﬁuf%?ggeﬁf %émp?rsle%s%eg’ang Ogg%?’”e‘g%re > ﬁ-@ﬁnpﬁﬁoﬁ%l Wi stribution
is a genefapissatied vate tsiaform alugpdieybefi olndsesweixcbraupptural ity of
cl asses or I@:ﬁl@vpﬁyaﬂéfﬁ%tﬁ aifken i@ael efnatidhWaldd brph sanples, or in

e

or ar oups. MR EE g E O en e RGeS T RETT P badedPon & *mul t1 nom al
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) : ‘

S samples are grouped into a plurality of sample groups (or
“classes”) based on a predetermined feature of the

training samples in which the members of each sample

group have a common feature and are assigned a common

group identifier. A likelihood function is formulated

based on a multinomial or binomial logistic regression
conditional on the linear combination-(which incorporates
the data generated from the grouped training samples) .

The feature may be any desired classification by which

the training samples are to be grouped. For example, the
features for classifying tissue samples may be that the
tissue is normal, malignant or benign; the feature for
classifying cell samples may be that the cell is a

leukemia cell or a healthy cell, that the traiﬁing

samples are obtained from the blood of patients having or
not having a certain condition, or that the training

samples are from a cell from one of several types of

cancer as compared to a normal cell.

Preferably, the likelihood function based on the logistic
regression is of the form:




sanples are grouped into a plurality of sanmple groups (or "classes") based
on a predeternined feature of the. training sanples in which the nenbers
of each sanple group have a common feature and are assggnggﬂazmﬁnnbn

group identifier. Alikelihood function is formulated sed on a

mul tinom al or binomal |ogistic regression conditional on the |linear

conbi nation (which incorporates the data generated fromthe grouped
training sanples). The feature nmay ke any desired classification by which
the training sanples are to be grouped. For exanple, the features for :
classifying tissue sanplgs y be that«the tissyglis nornmal, malignant or
benign; the feature for | cl ssitying' eljfl sanpl gs y be that the cell is a
| eukem a cell or a Qg_ = eIIq”%hat the trlai nijng| sanpl es are obtai ned
fromthe bl ood of pati . ' } ngt vkpg aijcertain condition, or

| Vi
that the training sanp § b&%ﬁﬁﬁ# cdllt Leor ond of several types of
cancer -as conpared to a horiml =el|./Preferfdbly,” thHe |ikelihood function
‘based on thg | ogi stic regression is of the form 1 7 MAY 2006 7 e 6,
L=fl F1 c-™Freé®1Q [i+ed't]1+Ye~f6h h=i wherein 4 Jag is a |inear
conbi nat i on{ §gnésateedlineari mpubidatach r genkratedng sanpimit Wiaha conponent
wei ghts /3g; xr is the conponents for the imM Row of X and Pgis a set of
conponent Vebghtsainingasphple| Assiay component weights fg;
| x, is the components for the i™ Row of X and Byis a set

of component weights for sample class g; '
3 gg=1 if training sample i is a member of class g, gg=0
' otherwise; -

and

X is data from n training samples comprising p

components.

In another embodiment, the likelihood function is based
on an ordered categorical logistic regreésion. The
ordered categorical logistic regression models a
multinomial distribution in which the classes are in a
particular order (ordered classes such as for example,
classes of increasing or decreasing disease severity) .
By defining a likelihood function based on an ordered
categorical logistic regression, it is possible to
identify a subset of components that is capable of
classifying a sample into a class wherein the class is
one of a plurality of predefined ordered classes. By
defining a series of group identifiers in which each
group identifier corfesponds to a member of an ordered
class, and grouping the training samples into one of the
ordered classes based on predetermined features of the
training samples, a likelihood function can be formulated
based on a categorical ordered logistic regréssion'which
is conditional on the linear combination {which- -

M

incorporates the data generated from the grouped training
samples) .

Preferably, the likelihood function based on the




eig=1 if training sanple i is a nenber of class g, ejg=0 otherwi se; and X
is data:-fromn training sanples conprising p conponents. |n another

enbodi nent, the likelihood function is based on an or eyq%mpgﬁ@ﬁorlcal

logi stic regression. The ordered categorical |ogistic regres nodel s a
multinom al distribution in which the classes are in a particular order
(ordered classes such as for exanple, classes of increasing or decreasing
di sease severity) By defining a |ikg ihood function based on an ordered
categorical logistic regression, it is possible to identify a subset of
conponents that is capable of <classifying a sanple into a class wherein

the class icategreieklacplured ilogieitiRy edgtinsdonr fered tleagaen: By
defining a series of group identifiers in which each group identifier
corresponds to a nmenber of an ordered  class, and grouping the traini ng

sanples intg Jgig%pg l [%%redyi #43%s based on predet er mi ned features. of
it AT

t he traln|Lg? function can be formul ated based on a
categorical ordared\|logi Yegresision which is conditional on the |inear
conbi nati on (whirch---- iyicorpopates, the data generated fromthe grouped

training sguml Fhnt P af ﬁﬁ%% ’Ehe kaga! d function based on the 1 7
MAY 2006 8 C e ori,cal ofde £ rédgression is of the form 4t+~-4e
NG1T _~Ilk C7i k¥ - Ak 3 i k+l yik+1

Wherein

\ﬁ) Yik is the probability that training sample i belongs to a
- class with identifier less than or equal to k (where the
total of ordered classes is G );

xfﬂ ig a linear combination generated from input data

from training sample i with component weights f';

xf is the components for the i*® Row of X ;

ri; is as defined as;

i)

’b=§Sc@

g=l

where

— 11, ifobservation i in classj
Cy =1 o, otherwise

-In another embodiment of the presént invention, the
likelihood function is based on a generalised linear
model. The generalised linear wmodel preferably models a
feature which has a distribution belonging to the regular
exponential family of distributions . Examples of
regular exponential family distributions include normal
distribution, Gaussian distribution, Poisson

distribution, gamma distribution and inverse gamma




| Oglt(2rik+1-Yik')=l'oglt12t9 =Bk | CTY 7,+1 yik+1 Werein ilk is the
probability that training sanple i belongs toa class with identifier |ess
than or equal to k (where the total of ordered classes1lkfﬁﬁﬁzﬁmﬁl3' is a
| i near conbi nation generated frominput data fromtraining sanple i with
conponent weights x, is the conponents for the ith Rowof X ; rlj is as
defined as; P~=Cig -g=1 where 1 if observation i in classj C 0, otherw se
| n anot her enbodi nent of the present g nvention, the Ilikelihood function is
based on a generalised |inear nodel. The generalised |inear nodel
preferably nodels a feature which has a distribution belonging to the
regul ar exdieteribusiohan Thuof ih sindtibtd @ﬁﬁodlrEénﬂiT&lﬂ%Etr&f metBgal ar
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i ncl ude any, %@a&!sgg Pinear model include any quantity of a
sample that exhibits the specified distribution such as,
for example, the weight, size, counts, group membership

B or other dimensions or quantities or properties of a
: sample.

Preferably, the generalised linear model is of the Form:

tog p(y | B, ) = g{y‘ - g 2O | orn0) )

- Wherein

¥V = (Yi,wr yo)© , and vi is the characteristic measured
on the i** sample;

a;{(¢) = ¢ /wi with the w; being a fixed set of known
weights and ¢ a single scale parameter;

the functions b(.}) and c(.)are preferably as defined by

Ty Nelder and Wedderburn {1972) ;
Preferably,

E{Y1} = b'(ei)
Var{y} =b"®,)a,(9) = Ta,(p) -

Preferably, each observation has a set of covariates -x;
and a linear predictor 7 = %" 8. The relation'ship
between the mean of the i*® cbservation and its linear
predictor is preferably given by the link function

=_g(;t,-)=g(b'(9i)). The inverse of the link is denoted by
h, which is preferably:

E{y;} = bl(gi)=h(ﬂi) .




sanpl e that exhibits the specified distribution such as, for exanple, the
wei ght, size, counts, group nenbership or other di menZi ?nﬁégrzﬂggant ities

[ del is of
or properties of a sanple. Preferably, the generalise .
the form log p(y | P, cp) yrea.(b(r) +C(yi,W } Werein _(yI,_ Yn) T
, and yj. is the characteristic rreasured on the ith sarrple ai (O 95 /w
with the wi being a fixed set of knowt vvmghts and 0 a single scale

bly defined by Neld
P Vedder i s FRedindnty i MR IS S eteiter (5. ) ot ((p) mroa:
(9) Pref erfgprgt e imagh dee weted redgsred et tﬂiecxoisméltaj esii evend ﬂ)hﬁl near
predi ctor igam (?QIeT% Hﬁfﬂﬁiﬁ{‘%ﬁ ﬂ%g}fe@unfgm”&%‘a"f%t hf%er?'etnnk

observatiqn an ts_1inear ctor I's preferably glv
function PRZakst Rodgy privimgh Pr‘ﬂﬁ@-’abﬂ\ber%tmatt&fe tlhmlplr@a:tarilattad by h,

whi ch bs wrfefermine td{a a8t Dhatl HAGRIA5
enbodi menr; t he arI:?tt:qud of the pr%sent I nyention m 1-E%'qused to predict the

time to ab @t ¢ £ A% WFARTISiThe datacel IeRe f uncti on based on
a hazar d emdselinhitch qheef]arlidjlj;hmﬁ |ﬂmtcaﬁldrhe-.sp&sam ldt Ya Sncfera time to

f. obtainin
The dat a. I oons T dasat e Uedlls (il iotn PTG 5 RherSe st 2 model
sel ect ed agRUdRE wadalp mﬂﬁﬁﬁg: cfurGoixasl pucsisdr tdrehaccelerated
10  failure times model. Cox’s proportional hazards model
permits the time to an event to be modelled on a set of
'components and component weights without making
restrictive assumptions about the form of the hazard
function . The accelerated failure model is a general
15 wmodel for data consisting of survival times in which the
component measurements are assumed to act
multiplicatively on the time-scale, and so affect the
rate at which an individual proceeds along the time axis.
Thus, the accelerated survival model can be interpreted
20 in terms of the speed of progression of, for example,
disease. The parametric survival model is one in which
the distribution function for the time to an event {eg
survival time) is modelled by a known distribution or has
a specified parametric formulation;_ Among the commonly
25 used survival distributions are the Weibull, exponential
' and extreme value distributions.

In one form, a subset of components capable of predicting
the time to an event for a sample is identified by

30 defining a likelihood based on Cox’s proportional hazards
model, a parametric survival model or an accelerated
survival times model, which comprises measuring the time
elapsed for a plurality of samples from the time the
sample is obtained to the time of the event.

35 S
In one form, the likelihood function for predicting the
time to an event is of the form:




hazards nodel, paranetric survival nodel and accelerated 10 failure tines
nodel . Cox's proportlonal hazards nodel permts the tinme to an event to be
nodel | ed on a set of components and conponent weights nﬁt@%% i}%gklng
restrictive assunptions about the formof the hazard f i

accelerated failure nodel is a general 15 nodel for data consisting of
survival times in which the conponent neasurenents are assuned to act

mul tiplicatively on the tinme-scale, apd so affect the rate at which an.

i ndi vidual proceeds along the tine axis. Thus, the accel erated survival
nodel can be interpreted 20 in terns of the speed of progression of, for

exanpl e, ra tﬁa urvivak nodel is one in which the
~distribution ng ur?é'{l?lgg:e]fegiﬁo‘f‘ir:e %@t%)%éi vent (eg survival tinme) is
* model | ed by a known distributi®h or has a specified paranetric
f ornul at i owhemsorlf +081. Sprrafly Jy 228 w8 ed( murvi-wp) ) adiesthisbubdens are the
Vi bul I, experertkak. and extrene value distributions. In one form a
subset of conponent s capable of predicting the time to an event for a
sanple is identified by 30 defining a |ikelihood based on Cox's
proporti ondrelfezabdy, bbeelikellsrahefunictisnrvised orbdrix'er an accel erated
survi val t| i e S n e time elapsed for a
plurality of sanp#gha r%%%gﬂe ??%%ﬁtﬁéﬁ%& Eﬁ%eg?épobtalned to the tinme of
the event. 35 In one form the |ikelihood functlon for predicting the tine
to an event is of the form 1 A4MAY 2006 11 N Log (Partial) Likelihood

=Egi (3.0 Xy, ©) ML (7, p)

) {11l 5

:eSRj

Where Z is preferably a matrix that is ti1e re-axrangement
of the rows of X where the ordering of the rows of Z
corresponds to .the ordering induced by the oxdering of
the survival times and d is the result of ordering the
censoring index \_vith the same permutation reguired to

order survival times. Also Z; is the j™ row of the matrix
Z and d; is the ™ element of d and where

B =(B.Pr.By), and W= {izi=j,j+l-N}= the risk set at

. ~ the i ordered event time 1(7) -

Preferably the log likelihood function based on the

Parametric Survival model is of the Form:

N .
Al v
tog () = 3 e log (1) vy | og] — 1)
i=1 A(yi;?)

where
#=Ayip)em | XB) ;
=1 if the i*® sample is uncemsored and =0 if the i*R®




where 6° =(QL,/32,,/jp~ and q =(q~,rp2,,cq)are the nodel paraneters.
Preferably, the likelihood function based on Cox's proportional hazards
nodel is of the form ( Idj L(ti )=rj j=1 (Za) E ap ZL%% iﬁO Where Z
is preferably a matrix that is the re-arrangenment of thé W X where
the ordering of the rows of Z corresponds to the ordering induced by the
ordering of the survival times and d is the result of ordering the
censoring index with the same pernut &gion required to order survival

times. Also Zj is the jth rowof the matrix Z and dj is the jth el enent of
d and where_J=(A. &', .., 6! nd{j={i:i=,j+1, ,N)= the risk set at the jth
or der ed eveﬁ%ﬁé%%é?ﬁ\B?é%gggFggably the log |ikelihood function based on the
Paranmet ri c Su%ikeHm @fddihe dibel ileod diunctiogl tE1shhoed phy -tdietci | | og - tVYi
Y/ TTA(CY , WEikier e exdfpdnemAiYi; ahd) 8% neCdid: ighsamle is
uncensor ed EPQ S 5Q if t)he lL,th 1.7 MAY 2()6{32’%%3es§%r%}2%e1?%%%%n£1%ed. Thi s
formof the ITKeld ooé'fuﬁ%giéﬁ'}sagﬁéF%&k§9n€ﬁevaE%Eﬁ+m,a%&ponentiaI and
extreme val Geaxkan r{IR®Alons. The functions A (.) and A(.) are as defined
by Aitkin and

For any defined models, the component weights are
typically estimated using a Bayesian statistical model
- (RKotz and Johnson, 1983) in which a posterior

. distribution of the component weights is formulated which
combines the likelihood function and a prior '

R

digtribution. The component weights are estimated by
maximising the posterior distribution of the weights
given the data generated for each training sample. Thus,
the objective function to be maximised consists of the
likelihood function based on a model for the feature as
discussed above and a prior distribution for the weights.

Preferably, the prior distribution is of the form:

2(B)= ;[ p(B1v*)p(v?)av?

wherein v is a p x 1 vector of hyperparameters, and where
p(ﬁ |V‘) ig N(O,diag{v‘” and p(VZJ is some: hyperprior
distribution for v’. This hyperprior distribution (which
is preferably the same for all embodiments of the method)
may be expressed using different notational conventions,
and in the detailed description of the preferred
embodiments (see below), the fellowing notational
conventions are adopted merely for convenience for the
particular preferred embodiment:

As used herein, when the likelihood function for the
probability distribution is based on a multinomial or

binomial logistic regression, the notation for the prior
‘distribution is: '




Clayton (1980). For any defined nodels, the conponent weights are
typically estinmated using a Bayesian statistical nodel (Kotz and Johnson,

1983) in which a posterior distribution of the conponent i is
formul ated which conbines the Iikelihood function and Q Bwﬁ€EQEﬁﬁ

di stribution. The conponent weights are estimated by nmaxim sing the
posterior distribution of the weights given the data generated for each
trai ning sanple. Thus, the objective function to be maxi m sed consists of
the likelihood function based on a nodel for the feature as discussed
above and a prior distribution for the weights. Preferably, the prior

di stributi fyt 2 = P(/3lv2)p(v2)dv2 V2 wherein v is ap
x 1 vectorc}gfd m&’;e) gﬁé@%ﬁyﬁg ere P(,61v') is N(Odiagjv2}) and
p(v2) is sone- hyper tfor distribution for v2. This hyperprior
distribution (which is preferably the same for all enbodinments of the

nmet hod) nqﬁ e Lf Lepent_mqtational conventions, and in
t he detail ges rlpﬁ?gn Sf? ﬁ% prefirred‘}anbodinents (see below), the
fol |l owi ng notat| con tlo re ad d. nmerely for conveni ence for
the parti @ ngiér+%d ﬂﬂﬁ@%ﬁﬁatanﬁsgﬁggdlﬁeFQP DYREPHRE | i kel i hood
function fdhsthebupmobaﬁmtlt distribution is based on a nmultinom al or
bi nom al |ogistic regression, the notation for the prior distribution is:
1.7 MAY 2006 13 P(A ~r-t 5 ilFlfsl zgl g)dz2 where /3T =(Yl ,...YG
1) and ,tTAS used herogp) vhapy e @1%@11#1@0@(%1@?%39%9@% &8 P(zg) is some
hyper prl Or probability distribution is based on a categorical '
ordered logistic regression, the notation for the prior
distribution is:

P(Bo By B0)= L 1P (Blz ) P(5.)dr

T i=t

)
S

where ‘B, fp,-,f, are component weights, P(flr) isN(0,7jand
P(l’,) some hyperprior distribution for .

As used herein, when the likelihood function for the
distribution is based on a generalised linear wmodel, the
notation for the prior distribution is:

p(ﬁ)= j;p(ﬁ Ivzlp(vz)dvz

wherein v is a P X 1 vector of hyperparameters, and where
p(Bv*) is N(0.diag{v‘}} and p{v*) is some prior
distribution for v

As used herein, when the likelihood function for the
distribution is based on a hazard model, the notation for
the prior distribution is:

P(ﬁ‘)=;';P(ﬂ* Vz)p(vz)dvz

wherel p[ﬁ'!V‘) is NtO,diag_{V‘” and p(V2) some hyperprior




distribution for zg. As used herein, when the likelihood function for the
probability distribution is based on a categorical ordered |ogistic
regression, the notation for the prior distribution ist7h§ﬁ¥ ki )P(z1l)dz
where f1,f2,,f" are conponent weights, P(allzl) isN(Q z} ") #%zl) sone
hyperprior distribution for zi. As used herein, when the Tikelihood
function for the distribution is baséd on a generalised | i near nodel, the
not ation for the prior distribution is: P(fi) J P(fi 1v2).p (v2)dv2 V2
wherein v i XL ve%{or qf hyperparaneters, and where p(18Iv') is

Nt O di agty’ 35 B 59 done prior distribution for v2. As used herein,
when t he I|keI|hood function for the distribution is based on a hazard
nodel, the notation for the prior distributionis: p(/3)=1J

p(fi*lv2)p( dv2. P I S N O di a and v2) sone

hyper pri or %ﬁ% RﬁﬁQ%V$C%fﬁk%&§%PlﬁﬂpPﬁh 5@ @g&EfngﬁFl Blstrlbutlon

conpri ses ashypeeprilort tdeto werightesatrdapraermradeiwhknsvare preferred
~whenever pgssiphra. Preferably, the hyperprior is a Jeffrey's hyperprior
(Kot z and Johnson, 1983). As discussed above, the prior distribution and

the 1ikelihood function are conbined to generate a posterior
Preferably, the hyperprior is a Jeffrey’s hyperprior

(Kotz and Johnson, 1983).

As discussed above, the prior distribution and the
likelihood function are combined to generate a posterior

distribution. The posterior distribution is preferably
of the form: '

»(8 le)aL(yIﬁ@ p(B1*)p()

wherein L{y|f.¢] is the likelihood function.

The component weights in the posterior distribution are
preferably estimated in an iterative procedure such that
the probability density of the posterior distribution is
maximised. During the iterative procedure, component
weights having a value less than a pre-determined

- ~ threshold are eliminated, preferably by setting those

- component weights to zero. This results in elimination
of the corresponding component.

Preferably, the iterative procedure is an EM algorithm.
The EM algorithm produces a sequence of component weight
estimates that converge to give component weights that
maximise the probability density of the posterior
distribution. The EM algorithm consists of two steps,
known as the E or Expectation step and the M, or
Maximisation step. In the E step, the expected value of
the log-posterior function conditional on the observed
data and current parameter values is determined. In the

M step, the expected log-posterior function is maximised




di stribution. The posterior distributionis preferably of the form
P(flcovjy) a L(yjfico)p(/3 v2)P(v2) wherein Lcyjf,c) is the likelihood
function. The component weights in the posterior distribution are _
preferably estimated in an iterative procedure such th_dt?tm @g@q)abi lity
density of the posterior distributionis maximsed. During th terative
procedure, conponent weights having a value | ess than a pre-determ ned
threshold are elimnated, preferablyiby setting those conponent weights to
zero. This results in elimnation of the correspondi ng conponent.
Preferably, the iterative procedure is an EMalgorithm The EM al gorithm
produces a $e@idifcaPsptegnpenpereneingightesstimaees tthat doaverde to give
gonpongnt Vlﬂieghﬁscetlh&blodnaxi[‘ﬁésﬁvé F&d%)la?lai hi £yretans tlﬂklt@.ﬂ. t he pﬁst erior
i stributiap,...L al gorj nsi st W0, St eps, no as_the E or
‘Expect at i onébﬁveerp}%aenyet ﬁg H:ég?‘ gél\)@i%d:é:t?ﬁeoﬁ ?F%%.Pﬁ r?cthf%eev\éﬁsﬁf, t he
expect ed valuetdrer piexdsegupbil ethorepartedomatendind die on t he observed

data and cukenti R AEBLeS o¥ AL HES] b HRitRbReBunct 1bid tenvM-gtep, the
expected | og-posterior function is maximsed .1 7 MAY 2006 15 to give

updat ed” conponent wei ght estimates that increase the |likelihood. The two
steps are alt ersnared aaged thebnves gestdedofoft bbe Eos¢mmtarichviehéidhstep i s

achi eved, Giay it QAN HOEES anPNEddtdh & 4PGELEH Y&l ME-ARL N 8oy MBXiI M sed
val-ue of the 'l Qq-posterior. functi'on converge. It 1I's envisaged that the

met hod of {}h‘-“e"g%é@é’rﬁ i APENPFBRSTHRGY (Y S5 EHOTORIP SKPSTedRFEBm whi ch
measur enentanmarts e clsttal aed, ganerareat or axaypipst efrssfatmmswioch very | arge
~amounts of @&, ank GRASIRL 8¢ tFXAPLEMON SASESRR & be applied

o include biological systems, chemical systems, .
agricultural systems, weather systemsg, financial systems
including, for example, credit risk assessment systems,
insurance systems, warketing systems or company recor
systens, electronic systems, physical systems,
astrophysics systems and mechanical systems. For
example, in a financial system, the samples may be
particular stock and the components wmay be measurements
made on any number of factors which may affect stock

prices such as company profits, employee numbers, number
of shareholders etc.

The method of the present invention is particularly
suitable for use in analyéis of biological systems. The
method of the present invention may be used to identify
subsets of components for classifying samplés froﬁ any
biological system which produces measurable values for
the components and in which the components can be
uniquely labelled. In other words, the components are
labelled or organised in a manner which allows data from
one component to be distinguished from data from another
component. For example, the components may be spatially
organised in, for example, an array which allows data
from each component to be distinguished from another by
spatial position, or each component may have some unigque
identification associated with it such as an

identification signal or tag. For example, the




whi ch the nmethod of the present invention may be applied include

bi ol ogi cal systens, chem cal systens, agricultural systens, weather
systens, financial systens including, for exanple, credii?rﬁﬁk gessment
'systens, insurance systens, marketing systens or conpany recor syst ens,
el ectroni c systens, physical systens, _astrophysics systens and mechani cal
systens. For exanple, in a financial 18ystem the sanples may be

parti cul ar_ st ock and the.conponents nay. be surenments nade on any nunber
- of factor sccﬂﬁo&'f?% % RS q:gﬂﬂfﬂ e V’§ﬂ’gﬁ &SIy 5YFits, enpl oyee
nunbers, marberer dlawihy ehaladercraile iHmuirtitet iefn tdigrpresentsudvent Ihon
Is partic r | t i | ysi.s. of .hialo I tens. The
met hod of %ﬁéﬂ&ne%tﬂgﬁeé%eoh&%ay%aﬁééd A glncil’f ?/i O@Ub?eét%su rp
conponent S¥Frech dki 16AITE Wamdlads dtr ovh -ank20MiloMNediwzd  syst em whi ch
producgs nEaHHAMUSA ues. fey1-d9 CHMRYIE AN Ghad kMY c@é@%lcgﬁrrponent S

can be unij%luel | abel'l ed.. I n,_ot her words, the conponents are elled or

organi sed § "ﬁﬂ#anr‘?@r Shhiddh iy datyng Fhoteardndashdm: 113 4%
di sti ngui shad }f,r drardataldd aagnoldes faompeheills, Fclkaxandlad t he

conponent s, ORY. he I,al organi.sed in, for ex l.e, array which
al | ows datsra Srogjm ac 1)c8}rféﬁ{):61r1reent J’tootebcgmd)lqsc{ ndl?l's % r]t}%%arrot her by
spatial position, or each conponent nay have sone unique identification

assocjgte | e 3 il | i [:QR S+ I .1 exanpl e,
t he l%amq%m(ﬁ)%dlxté:l?gﬁ%lolﬁ%r@dr%ay € l%%?ght%c}olaﬁg{% dﬁéﬁéeg[grlrélzﬁ s, each

carrier hBAFFANRICEHE MY -ddhigunles idh biiqhrahmad agit lRrraysquant um dot s
(see for epcarmipeResenitialn 20 HeftiHl B @cdhal Er QAL 63%gdjan et al.
(2001) Netdli@nce 270: 467-470; Lockhart et al. 1996, Nature
Bictechnology 14: 1649; US Pat No. 5,569,5856} include 7
15 oligonucleotide arrays, DNA arrays, DNA microarrays, RNA
arrays, RNA microarrays, DNA microchips, RNA microchips,
protein arrays, protein microchips, antibody arrays,
chemical arraysr carbohydrate arrays, proteomics arrays,
llipid arrays. In another embodiment, the biological
20 system may be selected from the group including, fox
example, DNA or RNA electrophoresis gels, protein or
proteomics electrophoresis gels, biomolecular interaction
analysis such as Biacore analysis, amino acid analysis,
ADMETox sgcreening (see for example High-throughput
25 ADMETox estimation: In Vitro and In Silico approaches
- {2002), Ferenc Darvas and Gyorgy Dorman (Eds),
Biotechniques Press), protein electrophoresis gels and
proteomics electrophoresis gels. |

30 The components may be any measurable component of the
system. In the case of a bioclogical system, the
components may be, for example, genes or portions
thereof, DNA sequences, RNA sequences, peptides,
proteins, carbohydrate molecules, lipids or mixtures

35 thereof, physiological components, '‘anatomical components,

epidemiological components or chemical components.




5 Biotechnol ogy 19: 631-635), fluorescent markers.(see for exanple, Fu et
al, (1999) Nature Biotechnology 17: 1109- 1111), bar-coded tags (see for
exanpl e, Lockhart and Trulson (2001) Nature Biotechndl po¢AYP)08122- 1123).
10 In a particular enbodi nent, the biological systemis a biotechnol ogy
array. Exanpl es of biotechnology arrays (exanples of which are descri bed
in Schena et al., 1995, Science 27Q7 467-470; Lockhart et al. 1996, Nature
Bi ot echnol ogy 14: 1649; US Pat No. 5, 569 5880) include 15 oligonucl eotide
Ay DNl LAY NS LQLDY S, TNl Qs MR AL Q21 TaYS, DN
chi ps, FEIH

m crochi ps, RNA mcr ern Arr rays, pro mcrochi ps, anti body

arrays, cﬁﬁﬁt%falllar‘mm toear ﬁem;luhratﬁ arheawtpﬂleoteolrmh@m arfays, lipid
arrays. bj ol 19 I 0 s he sel ect ed
fromt he gr oup | ncI udi ng, %%““Pfégg %’% %% {:ect rop or esi s gels,

protei n orsappbe empbsdelt@ctar bphbogscal gefstenhi omblree:adiwla Niwdeact i on

: I d | ysis,, . ADNET
(sec Tor ouinpbioTrarc BB mbi 20 el iy alPiial BBR: cri Uit o ana in

Si li co appsaaphesmay 20 JataFebeatndar fosn aick %t&ragyfamidmrng( Eds),

Bi ot echni ques_Press). pr n el ectrophor | |s a rot eqni cs

el ectrophoﬁgéfééb%ﬁ’%%org@%%ﬁ caﬁﬁﬁ'ﬁe'ﬁf n‘%@h‘ Ffa ﬁ$ eg‘q'ttgorrponent of
the systemmvingtfeactage ffatarbi obegbom 1sehefreﬁmneﬂenu§ may be,

; I fig ; mﬁ

or exanpl g,

nes_or portiqgns thereof, sequence RNA sequences,
pepti des, ﬁFg‘F‘éF?E f%‘g? tﬁﬁjrg'&r'af’e FTS|E1&%I|1%JSO qisiads SEFEARxtSIes 35 t her eof
physi ol ogi @ebtee@e@%m&tr@he&e&eageyorm%laﬁta%m %plsﬂﬁﬁl@bﬂtg) cal
conponents_or cheni cal conponents MAY 2006 17 The training sanpl es may
.;be any dathoﬁﬁﬁ?ﬁ%He¢r§ﬁﬁmha-PrOteln or cell extract applied to

the system.

The inventors envisage that the method of the present
invention may be used in one embodiment in re-evaluating
or evaluating test data from subjects who have presented
mixed results in response to a test treatment. Thus, in
a second aspect, the present invention provides a method
for identifying a subset of components of a subject which
are capable of classifying the subject into one of a
"plurality of predefined groups wherein each group is

defined by a response to a test treatment comprising the
steps of:

(a) exposing a plurality of subjects to the test
treatment and grouping the subjects into response
groups based on responses to the treatment;

(b) measuring components of the subjects;
{c) identifying a subset of components that is capable

of classifying the subjects into response groups
usging a statistical analysis method.
Preferably, the statistical analysis method is a method
according to the first aspect of the invention.
Once a subset of compohents has been identified, that

subset can be used to classify subjects into groups such
as those that are likely to respond to the test treatment




systemin which the feature of the sanple is known. For exanple, training
sanpl es may be data generated froma sanple applied to a biol ogica

system For exanple, when the biological systemis a i y, the
training sanple may be data obtained fromthe array fgﬁﬁ%GFﬁgO?Gﬁ?
hybri di sation of the array with RNA extracted fromcells having a known
feature, or cDNA synthesised fromthe ¥A extracted fromcells, or if the
bi ol ogi cal stemis prot eom cs el ectrophoresis gel, the training sanple
my be geﬁéﬁaggasFrBﬁFE BFGt BPh - or 1BefhisxMpageTap fhcefetdod € syst em
The invent pesmdiwi sagetmhatst he et hddnelifiba phes®Nmay Beention may be
used in ongeebedi [ - |uati-ng, or eval uating test data from

subj ects who hagg%gfgégn?eg§a§¥;g PgsgPFspP ui8§5893e ReEBIESt r eat nent .
Thus, in &d§8§éﬁéca§b@§t9fthbaprésentibnveﬁttha popuildesion mhbltod for
identiﬁyinﬁialsbasQésgangQﬁeoesnEﬁeOEthSEQ@?EEeHE'Ch are capabl e of
classifying the subject into one of a plurality of predefined groups
wherein each group i_,s defined by a response to a test treatnment conprising
the stepsiBf@ EBrExPEREAY: athruPEPPEYtofinyebiéonsproviidest est treat ment
and groupi ggpkReradbEset $4i ons roups based on responses to the
treat ment ; ?g) neasuring§g%§%gﬁg%§§ %fgPﬁgegugfeSPQPOP@PtﬁdgﬁtPfying a
subset of evhpeabnt thehaubsetchpihfjecaphbtbassi tYhBeiERengURRECtS into

respo g usi a statistical analysis nethod. Preferably, the
statig?fca%8§ﬁ§F§s%ggﬁe?ﬂ8do%saap tRodtyaetoPyrAgtinethaeppeaseaspect of
t he invent geoup®nwhee$HbsgEL e Bﬁﬂéegiéuﬁa§sbfsgmbge%&'Ekﬁgﬁi- at

as

subset can _be_used to classify subjects™into groups suc 0S€ that are
likely to PeBpBRalibYtfé subieckeataent test treatment and grouping

the subjects into response groups based on the response

to the treatment, the apparatus comprising;

15
(a) mweans for receiving measured components of the
subjects;
(b) means for identifying a subset of components that is
capable of classifying the subjects into response
20 groups using a statistical analysis method.

Preferably, the statistical analysis. method is the method
according to the first or second aspect.

25 In a fourth aspect, the present invention provides a
method for identifying a subset of components of a
subject which are capable of classifying the subject as
being responsive or non-responsive to treatment with a
test compound comprising the steps of:

30
(a) exposing a plurality of subjects to the compound and

grouping the subjects into response groups based on
each subjects response to the compound;

(b) measuring components of the subjects;




17 MAY 2006 18 and those that are not. In this manner, the nethod of
permts treatnments to be identified which nay be effective for a fraction
of the population, and permts identification of th%@ntr%ﬁtbﬁ of the
popul ation that 5 will be responsive to the test trea r%. I third
aspect, the present invention provides an apparatus for identifying a
subset of conponents of a subject, th& subset being capable of classifying
the 10 subjgct ;igat@ 199a R o2 SIHYA iIdy mpSRdfld NGk« e5PANGE I OUPS.
wherein each response™group is formed by exposing a plurality of subjects
to a test treatofestilassd fyriagpitde s estily elotts imtapomsd agrseuRy oups based
on the response _.tao the. ,treatent, the apparatys conprising; 15 (a) neans
for receiving measar 8d s(‘::(?rir:ﬁgrtl:érﬁasl Gt - ?tgﬁé'; (b) means for '

i dentifying a subset of conponents that is capable of classifying the
subjects into response_ 20 groups, using a statistical analysis nethod.

Pr ef er &bl Frefisgadtiati dhec Stadddtisal faaris nefdethwdthadediiidg to the
first or second aspect. 25 In a fourth aspect, the present invention

provi des @&camndisg ftor theedfilivsfi mprecubset of conponents of a subject

whi ch are capabl e of classifying the subject as being responsive or
non-responsi ve d. r t with a test co und comprising the steps of:
30 (a) ex_po&z'll \r‘iig fté;&;'):l u;%gﬁrét‘;{/& 'o:‘%hseu Jreec esn%i o ‘Frregno%zbon% ér%)v%%%s gar'%upi ng the
subj ect s iapiparaespofer didems fiineac b wigte G dappomserd oof e conpound,

subject, the subset being capable of classifying the

10 subject into one-of,a plurality of predefined responsel
groups wherein each response group is formed by exposing
a pluralitf of subjects to a compound and grouping the
subjects into response groups based on the response to
the compound, the apparatus comprising;

- 15

{c) means for receiving measured components of the
subjects; '
(d) means for identifying a subset of components that is
capable of classifying the subjects into response
20 ' groups using a statistical analyéis method.

Preferably, the statistical analysis method is the method

according to the first or second aspect of the invention.

25 The components that are measured in the second to fifth
aspects of the invention may be, for example, genes or
single nucleotide polymorphisms (SNPs), proteins,
antibodies, carbohydrates, lipids or any other
measureable component of the subject.

30
In a particularly preferred embodiment, the compound is a
pharmaceutical compound or a composition comprising a
pharmaceutical compound and a pharmaceutically acceptable

carrier.




based on neasuring conponents of the subjects; U7 MAY 2006 19 (c)

I dentifying a subset of conponents that is capable of cl a?sfg}%%ijég&jt he
subjects into response groups using a statistical analysfs et . 5
Preferably, the statistical analysis nethod is the nethod according to the
first aspect. In a fifth aspect, the present invention provides an
apparatus for identifying a subset of 28onponents of a subject, the subset

bei ng capabl e _of classifying the 10 subject into one of .a plurality of

predefined r eéfgﬁmééae“gﬁ&y}ﬁéq'«m &sthetd ReeIpbiRe o Y iasES&f by

exposi ng theplpeddrity iefvesitiias nfayt bd ROtk ad brappidigridie subj ects

into resp r QuUps. hased an e response to the conpound, the apparatus
%%%gﬁ(e% softéwar anr&e gleaﬁff

conpri si ng; neans for Sreasur ed conponents of the

subj ects; (d) neans for identifying a subset of conponents that is capable
of cl agsi fyy] RGJINQSRY €65 iantsq}{@%& 2 C ' statistical
anal ysis nethod. Pr efergﬁ] y, the statl |.cta'l %a%l%mssé@e%‘garlﬁ%sﬂ% e met hod
accor di ng RReHRes s prprradiwh £ s felqntof LY ing i vaithsei .oR5 The conponents
]E-hat' are lmwr@dlﬂsw dfhe %g@ﬁ&.l ti}l'dfrﬁfc}jé'ta :Eéthéti ﬁﬂﬂns iﬂh@.ﬁ) ntion may be,
or exanpl e en or _ si.n .nucl eot i de pol ypor phi_sns NPs), _proteins,
ant i bodi ef,ysc‘%rnb%?&} & é)sl“qqaﬁﬁté’s quc') ng?she&po“ %r@&ﬁ‘eé“'c nent of
the subj ectubset beimcpardpahillenrdfy pared Bty earhetitnord ,off e temound is a
phar Mg Ut o O HAH Ol ot i BRI S GOMPT T ST NG a

(a) means for generating a linear combination of
components and component weights in which values for
each component are introduced from data generated

. 15 from a plurality of training samples, each training
sample having a known feature;

(b) means for defining a model for the probability
distribution of a feature wherein the model is
conditional on the linear combination and wherein

20 the model is not a combination of a binowmial
distribution for a two class response with a probit
function linking the linear combination and the
expectation of the response;

(¢} means for constructing a prior distribution for the

25 component weights of the linear combination
comprising a hyperprior having a high probability
density close to zero;

(d) means for cowmbining the prior distribution and the
model to generate a posterior distribution;

30 (e) means for identifying a subset of components having
component weights that maximise the posterior

distribution.




phar maceuti cal compound and a pharmaceutically acceptable carrier. 1 7 MAY
2006 20 The identification nmethod according to any aspect of the present

i nvention may be inplenmented by appropriate conputer sof t?\/vﬁrg\g_ﬂ{ﬁ?
At on

hardware. 5 In accordance with a sixth aspect, the present inve

provi des an apparatus for identifying a subset of conponents of a system
fromdata generated fromthe systemsfroma plurality of sanples fromthe
system the subset being capable of predicting a feature of a test 10
sanpl e, the apparatus conprising; (a) neans for generating a |linear

conbi nat i onthef aporPOne iis, MPQQQEOQ@FEPMFII&QJ_Q phbghamhades for each
conponent gre ﬁg{ﬂ%d&%ﬁ%dcg‘rom data generated 15 froma plurality of

traini ng sarrp?es, ac rai ning sanple having a known feature; (b) neans
for defining a nodel for the probability distribution of a feature wherein
the nodel Ta &o86tddnedlwith ENeeveREAr agoddd NallicOBragdnpherein 20 the

nodel is n onbi nation of a binomal distribution. for,a two class
response vmg%lﬁ&é&pcrg%bﬂg{owf%ﬁcﬁ gﬁ)mpluﬁﬁfn%r?%ar?iar;%grngggﬁb‘lﬂ%%?i on and the
expect at i ohcefied hentespormmut(icy sppAtates, constanfeoiingba prior

di stributi @Bmﬁ@ﬁiﬁ@eapﬁe?‘rmwmnp%ingﬂﬁ Sa GfetHif linn@abos@atdat i on

| Si havi hi_gh babi | J t d It I t ;
() means FEFACORBI RHHEE (HESTH 6 GHSt PFERTRO BIRFEAE: model to generate a

posterior-distribution; 30 (e) neans for identifying a subset of components
having companeBtpWetfhbSodal «iRXiifb3emthe DOPIS e preferred

algorithms and method steps of the first or second aspect
.{ 9 of the present invention which are discussed above.

In accordance with a eighth aspect of the present
invention, there is provided a computer readable meaium
providing a computer-program in accordance with the
fourth aspect of the present invention.

1

In accordance with a ninth aspect of the present
invention, there is provided a method of testing a sample
from a system to identify a feature of the sample, the
method comprising the steps of testing for a subset of
components which is diagnostic of the feature, the subset
of components having been determined by a method in

accordance with the first or second aspect of the present
invention. '

Ry

.Preferably, the system is a biélogicél system.

In accordance with a tenth aspect of the present
invention, there is provided an apparatus for testing a
sample from a system to determine a feature of the
sample, the apparatus including means for testing for
components identified in accordance with the method of

the first or second aspect of the present invention.

In accordance with an eleventh aspect, the present
invention provides_a computer program which when run on a




distribution. 1 7 MAY 2006 21 The apparatus may conprise an appropriately
programmed conputing device. In accordance with a seventh aspect, the :
present invention provides a conputer program arranged, when |oaded onto

a conmputing apparatus, to control the conputing appaﬂa?dﬁﬁ(ﬁm&plenent a
met hod in accordance wth the first aspect of the present invention. The
conputer program may inplenent. any of the preferred algorithnms and nethod
steps of the first or second aspect of the present invention which are

di scussed above. In accordance with28 ei ghth aspect of the present
~invention, there is provided a conputer readable nedium providing a

conput erprogram, n accqQrdance with the fourth aspect. of the present
i nventi on. $%P%ﬁﬁﬁﬂ' ¢&%ni th %F?ﬂ?ﬁ?¢a£§béﬁp'5?f ﬁ@e “9i nventi on,

there i s pleviacked ian menh@dodfofesdemmpﬁymngnpbmpoﬁemﬂsefnﬂmsﬁen1to |dent|fy a
feature Ofidierdaihld olroaBRbilo%h £ Qld eiia, tgt Beesdepre fe kesting for a

subset of _‘compon s di agnostic of feature, the subset of
conponent sCFAVi Fg@er#ré”&’t EPfi ﬁ’éﬁt%? eﬁqﬁjeﬂli’ﬁéfeﬁﬁ 2 LiRF3Fance with the first
or second aemhmnauﬁonimf poepeneniavani | arupobBeat ewabglyts tie systemis a

bi ol 0gi cal gsystAmg e &gaggﬁem&affoe@ahpiapsﬂt fof he present

i nventi on, ere Is provid aratu or“testin anple froma
systemto E%@%F%ﬁ?u?%?ﬂi@ﬁbuPécht??&Plﬁﬁuﬁﬁﬁ91etHévaﬂﬁd?dﬁﬁ§”1ncludlng neans
for testingedoure commbrepostedeoti dietrituAesoidagenevhtdd thhe net hod of

~the first SBmer?‘%?% a%‘ggﬂ:%%t.r 0 L DELRE ESE ¥ord WENLEQBon e A5&RdANCe With an

el event h aspec
comprising a hyperprlor having a high preobability

J;) distribution close to zero, and a model that is
conditional on the linear combination wherein the model
is not a combipation of a binomial distribution for a two
clags responge with e probit function lipnking the linear
combination and the expectation of the response, to

estimate component weights which wmaximise the posterior
distribution.

Where aspects of the present invention are implemented by
way of a computing device, it will be appreciated that
any appropriate computer hardware e.g. a PC or a

mainframe or a networked computing infrastructure, may be

used.

In a twelfth aspect, the present. invention provides a
‘method for identifying a subset of components of a
biological system, the subset being capable of predicting
a feature of a test sample from the biological system,

the method comprising the steps of:

{a) generating a linear combination of components and
component weights in which values for each component
are determined from data generated from a plurality of

training samples, each training sample having a known

feature;




I nvention provides a conputer program which when run on a 1 7 MAY 2006 22
conputing device, is arranged to control the conputing device, in a nethod
of identifying conponents froma system which are capabig MQYpﬂmgicting a
feature of a ‘test sanple fromthe system and wherein a |inear

conbi nati on of conponents and conponent weights is generated from data
generated froma plurality of trainifag sanples, each training sanple

havi ng a wn , feat.ure, an osterior distribution is generated by
conbining%gsprﬁﬁ 1&ﬁ§€fﬁbﬁF%%ﬂ'§5F’t éﬂﬁﬁﬁﬁ%ﬁhlqﬁﬂ4%ﬁ§¥l '§&hg a
hyperprior haviegrardi ghepsoRabhé i hyded $51 LBHEEPNoRLPSENt En&ero, and a
nodel that is, conditional on the |inear conbination wherein the nodel i's

not a conbi neiRYRT oFOBPHRABEPAL distribution for a two class response with
a probit functi | ik e li. 1 GQR nat i o th tion of
(Led) c%strﬁ@t@.glgt ICAO 52 dl&%@ﬁﬂ tho%n qid %o%ﬁx%tn%

the response, to estimat onent Wei meXi m se -t he posterior
di stributi orweiliiste afpele slifedhecpmbipationveanpohsang anpl enented by

way of a conputing device,.it will be appreciated_that any appropriate
conput er har T eP gt %@?ﬁ?%raahlﬁﬁiH?ggﬁglg?tﬁ ﬂ%?ﬁbFKeﬂ¥€%$pﬁ?ing
infrastruct ut€xopmay be used. In a twelfth aspect, the present invention:

provides a  nethod for identifying a subset of conponents of a biol ogical
system tH&d)supsabipdngg thepprilerodigptaditatting and ddeumedsfl &t est sanpl e
fromthe bioboghedle SYSpERteride FELDASLGONBLL SLAG the steps of: (a)
generating a I'1near conbi nation of conponents’an conmponent weights in
whi chi@al e f ddestdlfyimgpenenbsetr efdeictpdmant  tewridel acggoercated from a

‘plurality of . .
P y weights that maximise the posterior distribution.

BRIEF DESCRIPTION OF THE FIGURES

15 Figure 1 illustrates the results of a permutation test on
~ prediction success of an embodiment of the present
invention. Class labels were randomly permuted 200 times,
and the analysis repeated for each permutation. The
histogram shows the distribution of prediction success
20 under permutation. The number of samples that were
correctly classified is shown on the x-axis and the

frequency is shown on the y-axis.

Figure 2 illustrates the results of a permutation test on
25 prediction success of an embodiment of the present

invention. Class labels were randomly permuted 200 times,

and the analysis repeated for. each permutation, The

histogram shows the distribution of prediction success

under permutation of the class labels. The x-axis is the
30 percentage df the total of samples and the y-axis

(lambda} is the percent of cases correctly classified.

Figure 3 illustrates a plot of the curve for a

generalised linear model used in one embodiment of the -
35 method of the invention. The fitted curve (solid line)

is produced when 5 components selected by the method are

used in the model, and the true curve (dotted line) is




~training sanples, each training sanple having a known feature; 17 MAY 2006
23 (b) defining a nodel for the probability distribution of a feature
wherein the nodel is conditional on the |I|inear conbi nat1i ng tc%
constructing a prior distribution for the conponent 5 wel g&"i{'k rlﬂﬁthe

| i near conbi nation conprising a 10 hyperprior having a high probability
density close to zero; (d) conbining2?he prior distribution and the nodel
to generat.e a posterjor di siri bution; and_(e) identifying a subset of
conponent ssrhoa"{}?nagscaoré)%we‘?é Re gl e dbd ninl thetpbs) cErem

di stributi2m BRidRDEGR PR-GGTE Tsdd @iREShd 5 Rdatiendntd | Uustrates the
resul ts ofgg,periwitat) est on prediction success of an enbodi nent of
the present I nvention.” TUass |abels were randomy pernuted 200 tines, and
t he anal ysis repeated for each pernutation. The histogram shows the

di st ri But irgwfe pt edi ustumisem ce sl afidehie peitaddtprsbaliki tiwder of

sanpl es t re rrectly. classified is shown qQn {he x-axis and the
frequencyr]ﬁgsr \go gﬁjﬁe t%eél?/-%%%lﬁﬁcgr‘és%glq%ﬁ‘ﬁ?%@?% Pesthes of a
permut ati aietilest oM tiS RiwhEidON SPlC egenOf 1 diberodinmmt &f die present

I nvention. C ass | abels were randomy permuted 200 tines, and the analysis

repeat ed Pord¥edt Rbrirhe frdebihity st e amamlons helontitng itbuta on of
predi cti ol SHCCRSSy r o) the class |labels. The x-axis is
t he 30 pe;bcent age 011: t e%%?a#%% s%grlrp%%&gno t%ge%:%(}f]ss' (1 da) is the
per cehf ofligwsesiaymtecilassdaisss ficllows: dashed line = class 1,

s80lid line = class 2, dotted line = class 3, dotted and

dashed.line = class 4.

Figure 5 is a schematic representation of a personal
15  computer used to implement a system according to the

present invention.

DETAILED DESCRIPTION OF THE PREFERRED EMBODIMENTS

The methods and systems disclosed herein identify a

20 subset of components which can be used to identify
whether a particular training sample has a particular
feature. The subsetr of components is *diagnostic” of
that feature, or enables discrimination between samples
having a different feature. Essentially, from all the

25 data which is generated from the system, the methods
enable identification of a subset of components which
can be used to test for a particular feature. Once those
components have been identified by this method, the
components can be used in future to assess new samples.

30 The methods utilise statistical methods to eliminate

components that are not required to correctly predict the
feature.

The inventors have found that component weights of a

35 linear combination of components of data generated from




Figure-3 illustrates a plot of the curve for a generalised |inear nodel
used in one enbodinent of the 35 nethod of the invention. Ehe #ngmg curve
(solid line) is produced when 5 conponents sel ected by the met ho ﬁe
used in the nodel, and the true curve (dotted line) is 1 7 MAY 2006 24
shown as a dotted line, and the data (nf, y-axis) from 200 observations
(x-axis) based on the 5 conponents is25shown as circles. 5 Figure 4
illustrates a plot of the fitted probabilities for a single gene

i dent i fi e@bgsitwgiadnensedpdest col bhe eskdrias¢dofint achnvemsyods Tiee gene

index is ghowinaRe! Ree éo?ﬂpbaeﬁ&@ ttﬂ%tp%%a%t' bR AeRe e3anpl e bel ongi ng

to a particular_ordered class i.s shown on y-axis. The 10 |lines denote
cl asses aSOFSECEHHY: P&Eﬁﬁ@& tige feabpres of th§oﬁnﬂlﬂhqg Sa@ﬁ&§§ 2, dotted
line = cI ahe &,escm:t d¢ ahdt dashbdelti 0F eovipaserts Birguridentifiadschematic

Te re of erson d_to i.mlenent a .System

ooy o o W, Gard BN pERONP Y ol el A R RS PRLFERRED
ENBCDINENESWPH@ wﬁ@hh@dsan@cgyﬁnagstdusxﬂxm&amdmﬁﬁepﬁ mwaﬂpﬁbpamt 20 subsea
of compongnlerthionh H Pertitd Llchl rtabfa;elveﬁe 2 R Wh@h, e al ni ng

sanpl e has a particular “feature. set- o conponen 'S |s b I 'agnostic"

of that Pdacate aoF“%ﬁ&BW@élelsﬁ@llllrrPNﬁhe@n CRERenSaYES shicka@ney a

di ff er ent cagablke ofEgeartictiihy predarany theedwdat.a which is generated
fron1 e system the nmethods enable identification of a subse+ of

conpo nts which can be used to test for a particular feature. Once those
conponent Thiesee retdndsd @ltsicl hagreby hichiasivieritaeed thae tt@yparentixrecan be used

in futureu%%g%§%&s§e%gWégmgg€g% memory than priof art methods

which use joint rather than marginal information on

components. Accordingly, the methods can be pefformed
15 rapidly on computers such as, for example, laptop '

machines. By using less memory, the methods also allow

- the analysis to be performed more quickly than prior art

methods which use joint (rather than marginal)

information on components for analysis of, for example,
20 Dbiological data.

A first embodiment relating to a multiclass logistic

regression model will now be described.

25 A. Multi Class Logistic regression model

The method of this embodiment utilises the training
samples in order to identify a subset of components which
can classify the training samples into pre-defined

30 groups. Subsequently, knowledge of the subset of
components can be used for tests, for example clinical
tests, to classify samples into groups such as disease
classes. For example, a subset of components of a DNA
microarray may be used to group c¢linical samples into

.35 clinically relevant classes such as, for example, healthy

or diseased.




30 The nmethods utilise statistical nmethods to elimnate conponents that
are not required to correctly predict the feature. The ifweg%grﬂwﬁave
found that conponent weights of a 35 |inear conbination otf-c offert s of
data generated from.1 7 MAY 2006 25 the training sanples can be estinated
in such a way as to elimnate the conponents that are not required to
correctly predict the feature of the 26aining sanple. The result is that a
subset of _conpanents are identifjed which can correctly edi ct the
feature of-t fr IFrgFHPnégesgﬁﬁ%Q@'ﬁ%?ﬁgﬂéﬁﬁf%érﬁ ib Enf5odi nents of the
present  icowpdinentst ks chelclint b deRld T aldegit iffomra drange anount  of data
a relatively smal|l nunber of conponents which are capable of correctly
predi ct i n§3F tAK Gre ETR4 ERGS Sapplifo hS1ONTS ey @ PREtdVdRagE®at t hey
require 4§a0e,. €SS £C I LY « [, Qr. .ar 0 i ch use

j oi nt rather %H%%ekar%anﬁngh gphatié% %ﬁggggﬁ%%ﬁénf%;q%%@b?%%%%ﬁy, t he

met hods canx lesapdetodiedrihinagiiding bettweanp grenpssuc Eszentfiad 1gxanpl e,

|"apt op hi ne using | ess.menory, the t hods al so allow  the
analysisn?%CgbaE%rEﬁ?n@&t%nﬁﬁlﬁ&i&ﬁ R i ‘%ﬁﬁﬂkh§WW&ﬁ9' "€h use
joint (rawkehddhenamaeg AdentiFieRLOBOR GRMIRAN iy dFal ysis of, for
exanple, 20 biological data. A first enbodinent relating to a nmulticlass

| ogi stic FOGPERENES whdeh wPR beowsied desdeistedor2s Ramtiiiqulag ass Logistic
eoressloge) Beaetiad eouplia b e RSB OIS
trai nl@g &aipl eethotde phe- dempoegnts can be used in future to
classify new samples into the groups. The méthod
utilises a statistical method to eliminate components
that are not required to correctly idéntify the group the
sample belongs to. '
15
The samples are grouped into sample groups (or “classes”)
based on a pre-determined classification. The
classification may be any desired classification by which
the training sgmples are to be grouped. For example, the
20 classification may be whether the training samples are
from a leukemia cell or a healthy cell, or that the
training samples are obtained from the blood of patients
having or not having a certain condition, or that the
training samples are from a cell from one of several

25 types of cancer as compared to a normal cell.

In one embodiment, the input data is organised into an
nx pdata matrix AT=C@) with n training samples and p

components. Typically, p will be much greater than n.

30

In another embodiment, data matrix X may be replaced by

an n X n kernel matrix K to obtain smooth functionsg of X




30 groups. Subsequently, know edge of the subset of conponents can be used
for tests, for exanple clinical tests, to classify sanples into groups
such as di sease classes. For exanple, a subset of conp 02 DNA

m croarray nmay be used to group clinical sanples into 3 cI| ﬁ$

rel evant classes such as, for exanple, healthy or diseased. 1 7 . MAY 2006
26 In this way, the nethod identifie87a subse- - a of conponents which
can be used to identify whether a particular training sanple belongs to a
particul ar group. The subse} of conponents is "diagnostic" of that group,

5 or enabkes paetid citwraatingt dael W igleaitp pradaisaii=al | wn oda@iplal | the data
which is generated fromthe system the nethod enables identification of a
m ni mum n@ﬁbéheoker@@#pﬁﬁéimlst Whiieh kagrete (1@ (2 -tedt (fiomsh/g8r ti cul ar

group.  On 0 cQl ave he ntified b 0.this t hod, the
conponent g'%éa%% 1E’gleuse %j turext g 6% fsgof y W s J1nnttg‘eet he groups.
The mes hodhathrtiix IxseSId&aiU.&tl shilgit gRifhathd @chinfishaife kx@eonents that are
not requi re(‘jl to correctly identify the group the- sanpl e belongs to. 15 The
sanpl es aPEL§FEEFe a'falﬁhogga@pﬁ@a@%ﬁﬁﬁ@qr@se aéé@é@ f shes® on a _

pre- det'er gyReEnHC E@ﬁ&flba%t | Qe MG d@bnﬁ%ﬂ%sd %SLJE[)

classification by which the training s rrples are e grouped

~exanpl e, SAwer0igl feblli Cabiedwwray be whether the training sanples are -
froma |leukema cell or a healthy cell, or that the training sanples are
obtai ned fromthe blood of patients having or not having a certain

condi10 onasebctibgled kath aich RGuEAM| AR &gricdd)a ks be OBIGRE Of
sever al
1abe1 ¥; . where y, =k,ke{1,...,G}, which 1nd;cates which of

G sample classes a training éample belongs to. We write

the nxl vector with elements y, as y. Given the vector

y we can define indicator variables
15

L Yi=&
&, = j ia
¢ {0, otherwise (13)

In one embodiment, the component'weights are estimated

20 using a Bayesian statistical model (see Kotz and Jchnson,
1983} . Preferably, the weights are estimated by
maximising the posterior distribution of the weights
given the data generated from each training sample. This
results in an objective function to be maximised

25 consisting of two parts. The first part a likelihood
function and the second a prior distribution for the
weights which ensures that zero weights afe,preferred
whenever possible. In a preferred embodiment, the
likelihood function is derived from a multiclass logistic

30 model. Preferably, the likelihood function is computed

from the probabilities:




25 types of cancer as conpared to a nornmal cell. In one enbodi nent, the
input data is organised into an nxpdata matrix X= (xv) with n training
sanples and p conponents. Typically, p will be rmuch greater than n. 30 In
anot her enbodi nent, data matrix X nay be replaced by fry MiX pldGer nel
matrix K to obtain snooth functions of X E1 7 MAY 2006 27 as predictors
instead of linear predictors. An exanple of the kernel matrix Kis

- k1j =exp(-0.5%(xi-xj )t(xi-xj)/(T 2) where the subscript on x refers to a
row nunber in the matrix X Ideall%® subsets of the colums of K are
sel ected which give sparse representations of these. snmooth functions.
Furt her exanples of kernel matrices are given in table 2 below 10
Associ ated with each sanple class (group) may be a class |abel y;, where

y, =k, ke{l,...,G, which indicates which of G sanple classes a training
sanpl e bel ongs to.,7¥¢ wite the nxl vector with el enents y; as y. Gven
the vector ,y we cah defi 2. j ndgcator variables 15 1, y<=g eg = 0,

usi ng a Bayesi @tistical nodel (see Kotz and Johnson, 1983).
Preferably, the welghts/ are estimated by maxinmising the posterior
-distribution of the weights given the data generated from eac(_I?At)rai ni ng
sanple. Thiss results in an objective function to be maxim sed 25
consisting of two parts. The first part a |ikelihood

piG.= G—1 ‘ (BA)
(1 +Zex'rﬁ "]
o] '

ot herw se gA)%%@ﬁ@ bodi nent, the conponent weights are estimted 20

Wherein

Ppig is the probability that the training sample with input
data X; will be in sample class g;

xTP; is a linear combination generated from input data

from training sample i with component weights £g;

x] is the components for the i*® Row of X and By is a set

of component weights for sample class g;

' ) | Typically, as discussed above, the component weights are
estimated in a manner which takes into account the a
priori assumption that most of the component weights are

Zero.

In one embodiment, components weights fg in equation (2A)
are estimated in a manner whereby most of the wvalues are

zero, vet the samples can still be accurately classified.

In one embodiment, the prior specified for the parameters

BisesBe is of the form: '




function and the second a prior distribution for the weights which ensures
that zero weights are preferred whenever possible. In a preferred

enbodi ment, the likelihood function is derived froma nulticlass Ioglstlc
30 model . Preferably, the Iikelihood function is conputed! H&bnilihe
probabilities: 1 7 MAY 2006 28 Pig= exifg )lg=1,..,G1 1+G1X flh h=1 111
P: G (i +zeM Wherein - (2A) (3A) pig is the probablllty that the training
sanple with input data Xj will be in sanple class g; xT(ig is a linear
combi nati on generated frominput dat?® fromtraining sanple i wth conmponent
wei ghts Jig; xT is the conponents for the ith Row of X and P. is a set of
conmponent wei ghts for sanple clasg.g; plcally as di scussed above, the
conponent wei ghts are-Péﬁtiﬁhﬁeﬁj ﬁpg@ t ch t akes i f4®) account the a
priori. assunption that nost of t eﬂconponen melghts are zero. In one
enbodi nent, conponents weights 69 in equation (2A) are estimated in a
manner mhereby nost of the values are zero, yet the sanples can still be

accuratel y,, Skt LgGhr | n di nt, t e prior specified for the
ﬁ%gé }3 e@‘ T ’?%‘%o?mt rTJ[e)tgfo G _

par anet er s iz ¥

and p(ﬁgliﬁ) is N(O,diag{i';}) and p( )a'Hl/ is a Jeffreys

hyperprior, Kotz and Johnson(1983) .

) . ' In one embodiment, the likelihood function is L(y[ﬂ ,...,,BG_,)

of the form in equation (83) and the posterior

distribution of f and 7 given y is

r(Bzly) P L(y|8)p(Blz) p{r) | - (sn)

In one embodiment, the first derivative is determined from

the following equation:

dlogLl _r '
= — =1__.. —_
3Bz X (-zg pg), g=L...6-1 (61)

. T _ ;. T . . . .
wherein = —(eig,lml,n) » Dg =(p,-g,z==l,n) are vectors indicating

membership of sample class g and probability of class g
respectively.

In one embodiment, the second derivative is determined
from the following algorithm:

2*logL 7o
e JF P
9,08, = 108 \Debs PP} X (78)

Eguation 6 and equation 7 may be derived as follows:




1 7 MAY 2006 29 rj (| c¢)dz2 P(6gl za/P(zs T2 81 where gqT =(pl ,.../3c 1)

and zT =(zj ,..., zOTl-1). (4A) and p(/3glzg) is N(O diag{zg}) and p(z$)an
VzZg is a Jeffreys 1=1 hyperprior, Kotz and Johnson(1983 I n one
enbodi nent, the iikelihood function is L(ylflt..... f 17 1)8Y of008 he formin

equation (8A) and the posterior - distribution of fi and z giveny is
p(ozly) aL(ylfl)p(fl- r)p(r) (5A) In one enbodinent, the first derivative is
determ ned from the follow ng equation: alogL a-g =XT(eg-pg). 9=1,-..,G1
(GA) wherein eg =(eg,i=1,n), pg =(pgxPk=1,n) are vectors indicating
menber shi p of sanple class g and probability of class g respectively. In

one enbodi det r d r.o ovm' ng
al gorithm 1og ?‘38??% a'g{ ((%% gggi (J/:h) Elﬁfgtif‘%ﬁg and
equation 7 mtb@nd@lfl vbe éataod:dumvm nﬂrﬁtkﬁYaQQOG 30 (a) Using equations

(1A, (2A) and (3A), the likelihood function of the data can be witten
as:

( K aG
2 | 61 A B, 1

L= Z
g 1;]1: (1'4_62_1,8&’}93} 1.._{_§egﬂk
2= '

k=l
\

(8n)

(b) Taking logs of equation (8A) and usging the fact -that

N

Ze,,,—l for all i gives:
k=1

_ _ " G=1 r G-l "{ﬁg
logL= 2 Ze,.gx,- , —log 1+Ze | (9R)

i=] g=1 g=1

{c) Differentiating equation (9a) with respect to fSg

gives

dloglL
dfe.

=Xr(§g“pg), g=1..,G-1 (IOA}‘

whereby g; = (e,g,i =1 n) s p; =(pig,i = 1, rz) are vectors indicating

membership of sample class g and probability of class g
respectively.

(d} The second derivative of equation {94} has elements

9%logL

= ¥T g —
55,95, ==X dtag{ﬁhgpg pﬁpg}X (118}

where




| G1 1+jeWe6h h=1 (8A) (b) Taking Iogs of equation (BA) and using the fact

-that jeih=1 for all i gives: h=1 n G1 GIliq logk=1 ZegxTfig-log(l+Y, 1)
(9A) i=1 (9=1 g=1 (c) Differentiating equation (9A) mﬁt? rgfpgg to 8g
gives -al ogL avg. Xrk-pg), 5=1,...,G 1 (I10A) whereby &g Jﬁ 146 =1, 11), pr

=(pig,i=1,11) are vectors indicating nenbership of sanple class g and
probability of class g respectively. (d) The second derivative of equation
(9A) has elenents a2logL apga,flh _ -Xrdiag{8hgpg-prpg}X (11A) where 1 7
MAY 2006 31 _ 1, h=g shg 0, otherwke Conponent wei ghts which nmaxim se the
posterior distribution of the Iikelihood function may be specified using
an EM al gorithm conprising an E step and an M step. Typically, the EM

al gorithm conpri ses t@e=§E%ps:=T§) performng an E step by cal culating the
condi ti onal expected v ul,obthetwispost eri or

Component weights which maximise the posterior
distribution of the likelihood function may be specified

using an EM algorithm comprising an E step and an M step.
Typically, the EM algorithm cbmprises the steps:
(a) performing an E step by calculating the

condition‘ai expected value of the posterior

' g distribution of component weights using the

function:
1< N
o= 10gL——£Z}/§ dzag{yg} Ve (123)
g=1
where x B, =x] P,7, in equation (8A)

{b) | performing an M step by applying an iterative
procedure to maximise Q as.a function of y

whereby:

a0\ (30
1 _
e d(afJ [37) (138

where o' is a step length such that 0<a'<I;
Bs = Pg¥si
wherein Py are matrices of zeroes and ones such that Pgfy

selects non-zero elements of fy; and

Y= 0 9=1;en..,G-1).




di stribution of conponent weights using the function. 1 Gi T Z
Q=logL-Z~,ya diag{Yg} 79 (12A) g=1 where xTfig=xTPyg in equation (8A) (b)
perform ng an Mstep by applying an iterative proceduré?iMﬂﬁai ise Qas a
function of y whereby: x 1 7(+1_y'-a (a a lk j ) aye ay (13A) where a  is
a step length such that 0-<a' <-1; fig = Pgrg; wherein P. are matrices of
zeroes and ones such that PTgfg selé&@ts non-zero elenents of Ng; and 1 7
MAY 2006 32 Equation (12A) may be derived as folloms Cal cul ate the

condi ti onal ggXpe£d:Ld v Uen= téAhegiy $fived data y and a set of
par amet er estinmates 53. Q=Q01Y,/3) = ?ﬂoge zly)l y, fl) Cbn5|der t he
case when conponents of /3 (and /3) are set to zero-i.e for g=1 ., G1,

/g =Pgyg anéaié:@la‘ﬁgy&neV\@&{&Lﬁﬂ&alp%xgé@ted {}Qiﬁé0§§ )thgi@éi-]? tf%!éd ones

such that. P9 1',8g selects the non o elenents o | owm ng we

wite y = (opferv@Flaat s jl) andldd asdihals tﬁa@-amgtafee@@hb@iég fpsubsets of the
conponents of fig. We use themto keep the notation as sinple as possible.
Ignoring ternms not involving y and using (4A), (5A), (9A) we get: where

0= Q(ﬂ{x ) {iogpﬂfly Iy,

Consider the case when componeﬁts of ﬁr (and ﬁ) aré set
to zero i.e for g=l..,G-1, B, =Fy, and Bg:Pg'fg, where the
P, are ..matriées of zeroes and ones such that R:T ﬁg
selects the non zero element‘s of ﬁg. In the following we
write ¥ = { ¥,, g=1,..,G-1). Note that the ¥, are ac;tually

subsets of the components of ﬁg. We use them to keep the

notation as simple as possible.

Ignoring terms not involwving ¥ and using (4a), (5a), (93a)

we get:

g=li=

G—I R y
g | 0= logL-—ZZE{ Ly, }

’ 16’-—! r =2 .
=1ogL—52‘{_yg diag{7,1" 7, (142)
&=
where xfﬁ =X, ngg in (8R)

Note that the conditional expectation can be evaluated

from first principles given (4a}.

The iterative procedure may be derived as follows:




1 G1 n QlogL-2XY,E g=1 1=1 16.1 2 =loglL-- 2 yy diag{yg} yg (14A) g=1 x1
~flg =xTPyg in (8A) Note that the conditional expectation can be eval uated
fromfirst principles given (4A). The iterative procedure nmaybe derived as
follows: .1 7 MAY 2006 33 To obtain the derivatives reduf réal i260§ 13A),
first note that from (8A), (9A) and (10A) we get aQ _ a,8alogL ay ay ap
and where and - diag {y}-- y Xi ~1-P1) 2 -diag{Y} vy (15A) X r_i {eG -
Pc-1) a2Q _ apl a2logL 2 Ca/j [aflT -diag{y} X1TAIJX1 ... XiTA r, ,XG 1
~Xc-1Ae-uX] XGiAGi.GiXc-t) Age, ;gsiag{8gth - PgPh }, 8f1, g=h ge O,
~otherwi se +diag {y} 2 (16A) Xg =Pg ,0=1,...G 1. (17A

To obtain the derivatives required in (13a), first note

that from (8R), (923a) and (10A) we get

o0 (df\dlogLl .. .-
ay _(37) 3p dag {F}"7

Xi{a-p) .
=i - |-aumgfply (151)
X, g—i {eG»-l - PG—-I) '

' and
20 (3 1gL{38Y .
=l |—="" "
azz (ay aZﬂ ay lag{}’}
X7 Ay X s x7 A g Xgy
== : +diag[F}7} (16)
XeAgon X, KXoabBoagaXes )
Agh = dlag{ﬁgkpg - pg.pﬁ}ﬁ
where L g=h
agh = -
0, otherwise
and

X, =P'X",g=1.G-1. (172)




1 7 MAY 2006 34 In a preferred enbodinent, the iterative procedure may be
sinplified by using only the block diagonals of equation (16A) in equation
(13A). For g=1.... G1, this gives: t Y8 :YB+a‘{X$Ang+€i a%&%gi 2} {Xs
(eg-p2)-diag{ygl-'7 } (18A Rearranging equation (18A) |eads 71 T

ygl =y g+a di ag{yg}(Yg' Al 2+1)-1 rYgT(eg-p2)- diag{yoflyg} (19A) where ~ YT
g =diag{yg}Xg Witing p(g) for the qunber of columms of Yg, (19A) requires
the inversion of a p(g)xp(g) matri X which may be quite large. This can be
“reduced to an nxn matrix for p(g)>n by noting that: (Y;A22y2+l)-t=I-Yg(Ys
sT+AgQ) _| Inl aZgréZszoed | dubodifgnt? ©Ar lLtevhtiee ZJgrditefirePmefyeabl y, (19A)
is used <n .and 19A) wt 0 substituted into equation (19A)
is used V\@vﬁea%ﬂpg%%§ '8 Iﬁ?élﬁ 2&’38‘44 e{l%é %%@?ﬁb‘%cﬁ%ﬁls t %ﬂfag:llg%’rl thmis
per fornmed (1as) fih | eysitibn/ (VBX) 200€085¢ £1,. et ,nEhis Bgves: and choose an
initial value for r. This is done by ridge regression of log(pig/piG) on
Xi where pig is chosen to be near one for observations in group g and a
smal | quantity >0 ot he{vvi se - subj ect_ﬁ}.p the constraint of .all

babi |i ti Bl AR, +2Aiagly i_)edmgdyiiate | ly,y"") 3.
SRS Chded it e LR

)

'Rearranging eguation (18A) leads to

: ) 1+l

Ye =Y. +0'diag {j?g}(I’;TAggI’g +7 )_1 {Yg '(eg - pg)-ldiag -{7?3}_1 y;}-l (19R)

where
¥ = diag {fg}X :

Writing p(g) for the number of columns of Y., (192)

requires the inversion of a p(g)xp(g) watrix which may be |
quite large. This can be reduced to an #nxn matrix for

p'(g)>n by noting that:

(FagY, +1) =1-Xi (73T +a7)",

b4

=I-7Z%(z,2l+1) z

&

{20a)

1 _
. where Z =ALY. Preferably, (19a) is used when p(g)<n and

(19Aa) with (20A) substituted into equation (19a) is used
when p(g)kn.

In a preferred embodiment, the EM algorithm is performed

as follows:




a) Sg=yg'-yg using (19A) with (20A) substituted into (19A) when p(g)kn.
(b) Witing s°=(S9g,0=1,.... G1) Do a line search to find the value of a
in d=yi+a's' whi ch maxi m ses (or sinply increases) (12A) as a function-of
c) set yt+l =y’ and t=t+1 Repeat steps (a) and (b) untill 7déil&Bffence. -This
produces 7*n+l say which maxi m ses the current Q function as a function of
y. For G1 determine SII .i+t +i <_ enmaclY kg Were e"1 , say |0-5.
Define P. so that &O for icSgand rg+1={, ' jOsg} This step elininates
vari ables with small coefficients frgmthe nodel. 1 7 MAY 2006 36 4. Set
n=n+l and go to 2 until convergence. A second enbodinent relating to an
categorical ordered logistic regression will now be described. 5 A
Ordered categories m)del The met hod of this errbodi ment may utilise the

training les in t0| ntify a s c can be
used to de e% "\Rhet lqe %%ﬁﬁ)laélb]éflor%&é lf%m%g 17:) fjl\'{lar cl ass.
For_exanpl e, 4.0 dieNbL s 85085 Moe RSS! MBgdol)/B5 BroRS YS! © USi ng

pect=Y
mcroarray analysis, mcr arra% dg roma series of sanples from tissue
t hat has beerpiprevichssien Gpdbeedeant@n%lﬁ@s@aﬁrvaltﬁ@ﬁéaéﬁr@r%@ decreasing

di sease Severéﬁ&/ gucé?naﬁﬁ n&&aﬂ]{:{hty >0 otherwise - subject to the

constraint of all probabilities summing to one.

2. Do the E step i.e evaluate Q:Q(yl}_:,'y“")-

) _ 3. 8et t=0. For g=L..,G-1 calculate:

a) Oi=y"—y, using (193) with (20n) substituted into
(192) when p(g)2n.

(b) Wriﬁing 5'=(§;,g=1,...,G-—1) Do a line search to find

the value of & in y"=y'+a'§" which maximises (or

gimply increases) (12A) as a function of &'.

141

) set ¥ =9 and t=t+1

Repeat steps {a) and (b) until convergence.

*n+

This produces ¥ say which maximises the current Q

function as a function of ¥.

<£max

For g=L..G-1 determine § = { 7Jg

y é‘l}

Where &£<«1 , say 107°. Define P, so that f,=0 for

ie Sg and

n+l { *nﬂ,]ESg}

" This step eliminates wariables with small coefficients

from the model,




15 tissue, benign tissue, localised tumour and netastasised tunour tissue
are used as training sanples to identify a subset of conponents which is
capabl e of indicating the severity of disease associated mMEW}@ﬁf traini ng
sanpl es. The subset of conponents can then be subsequently use o 20
determ ne whet her previously unclassified test sanples can be classified
as normal, benign, |ocalised tunour or3é netastasised tunour. Thus, the

subset of go ts Js i agnostic of .whether a test sanple belongs to a
£OBANSIR Yand SINER 2 it DR CEE g SRt ST T e s

particular”class wihin a be apparent

t hat once . have, been identified, onl he subset
of conpone%]{%%%%eéb“é}%c%%gﬁgnfgni Tt et i Agno3 ?%051"5%@&?%%%’? det erm ne
"to what otekEdie|zegresshon| wibkl amgshe 3@eFheibedhod. of this enbodi ment

is particularly suited for the analysis of very |arge anmounts of data.

Typi cakl y,a. bahgeedatarsets-jaht ai fromtest sanples is highly variable
and often differsesigniggkhﬁ%%y ?%%lthat obt ai ned fromthe training

sanples. The nethod oj A 7 MAY 2006 37 is able to identify subsets of
conponent m.g ver l,ar ge _anount of data genperated fromtraining

sanpl es, gﬁ%gq?ﬂ%“%ﬁBé%tt%ﬁgc%ﬁhﬁ#hﬁﬁ%tiﬂ%ﬁt? FEFEey L RRE RV can t hen

be used t azahpsisss fit erdeSttSaNdbRsi By Q) MasHet F@fdééﬁpénmf@f&l”omthe

test sanple is highly variable conpared to the data generated from
traini ng SHPHIRS HEDiR eteormine whegher sasteqhusamphe beldngsitoable to

ety sl SRINEN ol B S LSRG GEIATSRLY, 0, S
vari abi | i tasdssistgen & dnidase dbidhey ssemp s des BAg ahbSsoathgy subse} of '
Conponent%u%ﬁ&g¥§¥“ﬁ§éfggrgé§ é£§§ from a series of samples from
tissue that has beeﬁ'previously ordered into classes of
increasing or decreasing disease severity such as normal
15 tissue, benign tissue, localised tumour and metastasised
tumour tissue are used as training samples to identify a
subset of components which is capable of indicating the
severity Qf disease associated with the training samples.
The subset of components can then be subsequently used to
20 determine whether previously unclassified test samples
can be classified as normal, benign, localised tumour or
metastasised tumour. Thus, the subset of components is
diagnostic of whether a test sample belongs to a
particular class within an ordered set of classes. It
25 will be apparent that once the subset of components have
been identified, only the subset of components need be

tested in future diagnostic procedures to determine to

what ordered class a sample belongs.

30 The method of this embodiment is particularly suited for
the analysis of very large amounts of data. Typically,
large data sets obtained from test samples is highly
variable and often differs significantly from that

obtained from the training samples. The method.O%




particul ar ordered class. Essentially, fromall the data 15 which is
generated fromthe system the nethod enables identifi cat'!qnmg M ni mum
nunber of conponents which can be used to classify the trainin a. Once
t hose conponents have been identified by this nethod, the conponents can
be used in future to classify test sanples. 20 The nethod utilises a
statistical nethod to elimnate conpongfts that are not required to :
correctly classify the sanple into a class that is a nmenber of an ordered
cl ass. | nighébls rtwlﬁ@r{tr&e sayas e ss arfp PR tife oIS s MEFYas 25 y, 7z
and have 0 yi . and. | P : L aect I pliLation
and di vi silg%gésg efl r‘1:e coﬁr?pt%n%rﬁq I\?\:Aﬁ:séed z_ifr%4 m(:Titzirg nl\{ﬁ%'cfg]mg%sé'a%cggonal
matri X whede sdbagonalfs camposgueds tialdrite fHiragl pnttheMnegdleel wse ttherdenot e
Euclidean,norm .1 7 MAY 2QQ6 .38 Preferably, there are N _qbservations vy,
where yi PRE5e] e farPatyano, tos G ool e qHe it & whi cb are
orderesl i gepRAIRLERAY IR i fristeXRHYIe SRy Hidh Whrabi=18as Qo at ed

w th each observation there is a set of covariates. (variables, e.g gene
expr essi ooy &hge sptaggenegadadfyon fainding wawples dwlanaing d&t ums

wherein Ngi S I a t ts 4 ; enotes the
i “h row oft .tslgﬁ(?i \%ﬁ (sqglrrp 'el)?:%elC Eas pro%at?ﬁi%t :’tggs%'(%eq’g:eﬁ};rgga?ng to

cl ass k gisvbzety ofKidongpidrielits theft rerec mtatliikely admbilddsiey ke = 1, ., G
Note that yk i.s just th r obabi i t hat . observatjon-i  belongs-to a cl ass
Wh | nde IS ChITest I eaon o Cha e s §F BPGF e Sk th

el enrey s andictet e Jk iliciglpﬁf_éﬁ:\/iﬁﬂiqriﬂy IHetUeRSSisamples of the

same ordered class.

The subse+. of components is fpredictive” for that
particular ordered. class. Essentially, from all the data
15 which is generated from the'system, the method enables
identification of a minimum number of components which can
be used to classify the training data. Once those
components have been identified by this method, the
~components can be used in future to classify test samples.
20 The method utilises a statistical method to eliminate
components that are not required to correctly classify the

sample into a class that is a member of an ordered class.

In the following there are N samples, and vectors such as
25 vy, z and p have components vy;, z; and p; for i =1,., N.~
Vector multiplication and division is defined component-
wise and diag{ - } denotes a diagonal matrix whose
diagonals are equal to the argument. We also use || - || to

denote Buclidean norm.




0, otherwise and let Rbe an n by P matrix with elenents r. given by i rl
=> " ¢ci8 g=1 These are the cunul ative suns of the colums of C w thin. rows.

For independent observations (sanples) the |ikelihood og? 49? Ba can be
~wittenas NC1 k ar al-~7 Y Yk+l-Ya (1 B) L =1 =k k Y;t+l and

the log likelihood (log(L)) 1 can be witten as Z 1Yu (Yi k+1-Yr*l (2B)
Z=r1 log F(r.k+1 -r.~ logl /1 1=1 k=1 YA, +1 Yk+l 1 7 N%Y 2006 39 The
continuation ratio nodel nay be adopted here as follows: ]=logit(S& ]=ek
+x; f(3B) for k =2,...,G, see McQ@d|agh and Nel der(1989) and
NtCUIIagh(1980) and the dlSCUSSIOﬂ therein. Note that logit4

Y&t+' -Y' k1= -Io It &%? YX+i | Yu+i The likelihood is_equivalent to a
| ogi stic r&& §§ﬁb YrIF ¢H€@ﬂNWPbﬁeFE§Ebﬁ%% Me@#@?eyyaﬁék€6varlate matri x

Xy =veci Ry ¥ | the G1 b
G.)]/_ ﬁégﬁi, %y%ﬁg L’B-JL- %fe\[/érc ues c?.e%?]]te classeg %iucﬂl érse e y

Fix an
ordered in some way such as for example severity of

disease. Associated with each observation there is a set
of covariates (variables, é.g gene expression values)
arranged into a matrix X with N rows and p columns
wherein N is the samples and p the components. The
notation x' denotes the i™ row of X. Individual (sample)
3 | i has probabilities of belonging to class k given by
) Ty =T (%) |

Define cumulative probabilities
&
Ya=2. Ty k=1,.,G

Note that ¥, is just the probability that observation i
belongs to a class with index less than or egual to k.
Let ¢ be a n by p matrix with elements ¢ given by

.= 1, ifobservation i in classj
i 7} 0, otherwise

‘rand let R be an n by P matrix with elements r, given by

i
. i
/ i =Zcig
=1

These are the cumulative _sums' of the columns of C within

rows.

For independent observations {samplesg) the likelihood of

the data can be written as

I = ﬁﬁ[ Yd:) {},;H-l yﬂc) ) (1-5)

=kt \ Yaen Yien

and the log likelihood (log(L}) 1 can be written as

o)
+1

N G-1
I= ZZr& log(
i=1 k=1

) Yu




1F1 is a Here vec{ } takes the matrix and forns a vector row by row.
Typically, as di scussed above, the conponent weights are estimated in a
manner which takes into account the a priori assunption that nost of the
component wei ghts are zero. Follow ng Figueiredo(200%)7 MA&Y gfger to
elimnate redundant variables (covariates), a prior is specified for the
paranmeters /i' by introducing a p x 1 vector of hyperparaneters
Preferably, the prior specified for the conponent weights 1is of the form
.1 7 MAY 2006 40 P(/3")=J P(fi"lv2)3p(v2)dv2 (5B) where p(,6"1v2) is

N( O di aglv2}) and p(v2)arl W? is a Jeffreys prior, Kotz and Johnson(1983).
The el enen have.a no |nf e prior. Witing

L(yl J"B) ft(')I?1 t ﬁgﬁFan?t%%% tulr?ctml‘ogﬁl Y| °§’rr{:a %\%\D%T% t he posterior
di stributi deldpwand v giveny is p(/3"49v|y) aL(yI f"49) p(/3 1v)p(v) (6B) O
Preferably, by treat'ng vV as a vectaqr of m55| ng data, an iterative

al gorithm such ag, EEMH]’Q Fé# % ~et al, 19773 an be used to

- maxinmse (GB) to produgg,lofa m-a posterlorl eSti'mates of /3 and
B. The prior above is such that- e maxi mum a posteriori estimtes wll
tend to be IFakse Bre,Gif %1e¢al‘ﬁ%j?éllﬁ@mbeanéfl\7@bd@n@t9@9§ and redundant, many

ConponentsBRkﬁ&%adﬂ(thQ? 458 %he discussion therein. Note that

bgﬁ(n“‘ )_ hgﬁ(?&). - (4B)
Van Yau )

The likelihood is equivalent to a logistic regression
likelihopd with response vector yand covafiate matrix X
| y=vec{R} |
X=[BB..B;]
B}=[L;4quxf]
wvherel;, is the G-1 by G-1 identity matrix and 1., is a
G-1 by 1 vector of ones.

Here vec{ } takes the matrix and forms a vector row by

Irow.

Typically, as discussed above, the component weights are
estimated in a manner which takes into account the a

priori assumption that most of the component weights are

ZEeT0.

Following Fiqueiredo (2001}, in order to eliminate

redundant variables (covariates), a prior is specified for

the parameters f by introducing a p x 1 vector of

hyperparameters .

Preferably, the prior specified for the component weights

is of the form




Preferably /3T=(497,/3"T) in the followi ng and diag() denotes a diagonal
matri x: For the ordered categories nodel above it can be shown. that

aR=X" (Y -) (7B) | 7 MAY 2006 41 z E[T}=-X diag{u(l-u)} X 882 where p, =
exp(xT/f)/ (1+exp(x, /t)) and /3T = (82,...,96, YT ) As intri&ioridis above, the
conmponent wei ghts which maximse 5 the posterior distribution may be '
determ ned using an iterative procedure. Preferably, the iterative

- procedure for maximsing the posterior distribution of the conponents and
conponent weights is an EM al gorithfi® such as, for exanple, that described
in Denpster et al, 1977. 10 Preferably, the EMalgorithmis performed as
follows: 1. Set n=0, S, ;7\ 1;2{a¢,2P t2y,.3() , and s =10-5 (say). Set the
regul ari sation paranet@(ﬁ){é_“faf’(% Va)lﬂ[% ch greater than 1, say 100. This
corresponds to adding 1//cz o the 15 first G 1 di agonal el enents of the
second derivative matrix in the Mstep below If p < N conpute initial
values R* by 20 Ii*=(pgg4td" XTg(y+) (9B) and if p > N conpute i nitial

val ues $3* by ~ vy I)*= (1- XT(XXT+A, 1)"' X) XTg(y' S) (10B) where the ridge

par anet er

logit i nkl‘vpégt@it i%f beg’zfsf%@ﬁdl%g%’@?) (a£§ Pf"mjllxtl[ lV? %gogege%gréggt the

prior, Kotz and Johnson{1983). The elements of 8=(6,,...6,)

have a non informative prior.

o) Writing L(Xlﬁtﬂ) for the likelihood function, in 'a_

‘Bayesian framework the posterior distribution of g7, 0

and v given y is

p(B ovly)a L(y[ﬁ' 9) p(B'W)p(v) (6®

Preferably, by treating v as a vector of missing data, an
iterative algorithm such as an EM algorithm (Dempstér et
al, 1977) can be used to maximise (6B) to produce locally
maximum a posteriori estimates of F° and 6. The prior
) above is such that the maximum a posteriori estimates will
tend to be sparsé i.e. if a large number of parameters are
redundant, many components of # will be zero.

Preferably f'=(¢",f7) in the following and diag() denotes

a diagonal matrix:

For the ordered categories model above it can be shown
that

a_..
e S A TY (7B)




25 defined at y+c 2. Define J 7 MAY 2006 42 (n)= {t'i,isSn YO, ot herw se and
|l et Pa be a matrix of zeroes and ones such that the no'rllzqr%e e S y(a?
of D(n) satisfy 7 n) = PnTPQ) , ~~n) = Pn7(n) y=P.'p P'Y (w, 6;
,1=1,p), such that 1, i > G wA ={ 0, otherwise and let w=Pr w,, 3.

Performthe E step by calculating QR I Pl') = E{ log(r(3, v I y)) Iy,
Yin)} =1("1 E3)-0.5 Q (~*w-)1R(n)112 piwhere 1 is the log |ikelihood
i (11B) Using P =Pny and Rt+J =Pj (0) (11B) can be witten as

R ﬂ Y*w, )/ Y nkh2 ) (12B) 4. Do the Mstep. This
Y1 Yn L xPRg; “Y* w,
'Sfam be do)n)ez{\aﬁ’t X %{QF‘%I g}én I terat Rong as follows. Set yo y(n) and for
r=0,1,2,... Yr+i = + ar 3r where ar is chosen by a |line search

al gorlthm wbheeasu E:qr EgMBeeﬂﬁFﬁ))ahdY?ﬂg(g Q@Ylﬂtr)Y( n ) S =
diag(Y(n))[Yu Vr Yn+]] "(I'n ery(n)r
As mentioned above, the component weights which maximise
5 the posterior distribution may be determined using an
iterative procedure. Preferably, the iterative procedure
for maximising the posterior distribution of the
components and component weights is an EM algorithm, such
as, for example, that described in Dempster et al, 1977.

10 Preferably, the EM algorithm is performed as follows:

1. Set n=0, ={1,2,c. P}, ¢, and & =107 (say). Set

the regularisation parameter x at a value much greater

than 1, say 100. This corresponds to adding 1/x? to the
15 {first G-1 diagonal elements of the second derivative

matrix in the M step below.
If p £ N compute initial values B* by

20 Pr=CXA X g(y+) | (9B)

and if p > N compute initial values f* by
== X XTI XX g+ (10B)

where the ridge parameter A satisfies 0 < A < 1 and € is
small and chosen so that the logit link function g is well
25 defined at y+( .

2. Define




-1 7 MAY 2006 43 ) > ~n)_ ( YI(Q G x, otherwise yn =diag(y(n))pp Xr and Zr

= V-r) 'r = exp(30nyr)/(1+exp( XPnYr)) . For p > Nuse w 5p=diag(Y )[I-Yn
(Z°Z jvr)' ~"'n~(yT _ ,Y)r ) with Vr and Zr defined as before. (14B) Let y*
be the val ue of yr when sonme convergence criterion is ébﬁiﬁﬂ?qmﬁg.g yr -

Yr+1 | | < s (for exanple 10-5 ) . 5. Define (3* = Pny*; S'+i={i>G | R
| >inax Cftl* J~G}v{l,2,...,G1} _ where 8 is a small constant, say |e-5.
Set n=n+l . 6. check convergence. If (I y* - 7(n) | < 2 where sz is

,suitably smal|l then stop, else go ta step 2 above. Recovering the
probabilities Once we have obtained. estimates of the paraneters f3 are
obtai ned, calculate for i =1, .,Nand k =2,.-,G 1 7 MJ 2006 44
Preferably, to obtain the probabili t'_j,..es we uyse the recursion KiG = alG

o= {

0, otherwise

and let P, be a matrix of zeroes and ones such that the
nonzero elements y™ of B™ satisfy |
.Y{n) — P:B(n) , B(n) = PnT(n)
v=PB ., B=Ry
Define wy=(wg,i=Lp), such that

1, i2G
{

W o™ .
A 0, otherwise

and let w,=Fw,
3. Perform the E step by calculating

Q1 B?) = E{ log®®, viy)| v, B}
=1y )05 (| B*w,)/B°IF )

where 1 is the log likelihood function of vy.

(11B)

Using B =P,y and ™ =Py® (11B) can be written as

QY | ¥™) = Ky | B,1)-0.5 Qity*w, )™ IF ) (12B)

4, Do the M step. This can be done with Newton Raphson
iterations as follows. Set v, = ¢y and for r=0,1,2,..
Yra1 = %Y + Oy O where o, is chosen by a line search
algorithm to ensure  Qfy, |7Y™) >Q@, 17™).

For p < N use

8,= diag @) [YIV,1Y, +I[ (¥ z,- 05 (138)
v

where




gik-i a J and the fact that the probabilities sumto . one, for i = I|,..., N
In one enbodi nent ., the covariate matrix X with rows xi can be replaced by

camtrix Kwith if" elenent k;j and k;,j = x( xi - 5 i%%$sg ker nel :
function K . This matrix can al so be augnented with a nes. Sone
exanpl e kernels are given in Table 1 below, see Evgeniou et al (1999).
Kernel functionFormula for r( x - y ) Gaussian radial basis functionexp(

Il x -y 112/ a) , a>0 Inverse multiquadric(l~x -y liZ + c2 )-1/2

Mul tiquadric(~l x -y ~z+ c2 ) 12 Thin plate splinesll x - y Ilza+i x - vy
1" In(lIl x -y I'l) Milti Iayer perceptrontanh( x'y-6 ) , for suitable O

Pl oynom al of degree d(1 + x'y ) B splinesBza+l (x - y) Trigononetric

pol ynom al ssin(( d +1/2 )(x- y(g/agn{?x y)i/22¥% Tabl e 1: Exanpl es of kernel

functions |In Table 1 the | agt qg%ﬁwgée preferably one dinensional
i.e. for the case when X has only oné& col um "Mul tivari.ate versions can

be derived from products of thesgkerpei™plgEti ons. The definition of
Bza+i can be found in De Boor (1978 ). e of a kernel function 17 MAY 2006

45 results in estimted probabvl':giagf phiigh are smooth (as opposed to
transforms of |linear) functions of the covariates X. Such nodels nay give
a substantially better fit to thezdatau,)

and p, =exp{ XP,y,)/(1+exp( XP,v,)) -

For p > N use

8, =diag(™)HI-Y, (Y, Y, +V)'Y, (Y, Z,- L) ) (14B)

with V, and z, defined as before.

Let y* be the value of ¥, when some convergence criterion

is satisfied e.g

1T ¥e = Ye2l| < ¢ (for example 10°% ).

5. Define B* = Pgy* , S,.={i>C: |B, 1> max(8;] *e, ) }o{1.2,..6-1}

where g is a small constant, say le-5. Set n=n+l .
6. Check convergence. If || y* - v || < & where ¢ is

suitably small then stop, else go to step 2 above.

Recovering the probabilities

' once we have obtained. estimates of the parameters f§ are

cbtained, calculate

for i =1,..N and k = 2,..,G.




5 Athird enbodinent relating to a generalised |inear nodel wll now be
described. C. Generalised Linear Mddels 10 The nethod of this enbodi nent
utilises the training sanples in order to identify a subs@ﬁ’@ﬁweggﬁonents
which can predict the characteristic of a sanple. Subsequently, ow edge
of the subset -of conponents can be used for 15 tests, for exanple clinical
tests to predict unknown values of the characteristic of interest. For
exanple, a subset of conponents43f a DNA mcroarray may be used to
predict a clinically relevant characteristic such as, for exanple, a blood
gl ucoseptef@tabisy Wid ebbkeadtiel prawsunitl i td@st ke Gk&ecid a tunour, tunour
growmh rate or survival tinme. In this way, the nethod identifies preferably
a subsed®CYfS+Tbnponent s which can be used to predict a characteristic for
a particul ar sanple. The suQ%eL%pf conponents is 25 "predictive" for that
characteristic. Essentially, frogm @all the data which is generated fromthe
- system the nethod enables_ideghfifigatign of a m nimum nunber of
conponent s whi ch can be. used*t o e ict*a®particular characteristic. Once
t hose conponents have been 30 identified by this nmethod, the conponents can
be usedand thetimet twhalr ddiec prohebihilbes erimsttioc orgr Aew sampl es. The
met hod ytiljses a 1 7 MAY 2006 46 statistical nmethod to elimnate
conponent$‘that are not required . to, correctly predict the characteristic
for the sanple. 5 The inventors have found that conponent weights of a

i near GQubLaLi on, of SOTPRUAES, AL deL Angerigy & d from
with rows x;* can be replaced by a matrix K with ij™

element kjy and kij;y = x{ X3 ~ x; } for some kernel

function ¥ . This matrix can also be augmented with a

vector of ones. Some example kernels are given in Table 1

below, see Evgeniou et al{1999).

Kernel function ‘Formula for ¥( x - v )
Gaussian radial basie function |exp( - || x-v |12/ &) , a0
Inverse multiquadric ' (T x -y [?+ )2
sMultiquadric ' _ (] x -y [P+ &) %7
Thin plate splines [l =-=v [

- % -y 1™l x-vy D
Multi layer perceptron tanh{ xy-0 ) , for suitable 0

Ploynomial of degree d (1 + x'y )"

B splines Bans1 (;:: - vl

'I‘rigonc;metric polynomials sin{{ 4 +1/2 ) (x-¥))/sin((x-
' ' - v} /2)

Table 1: Examples of kernel functions
In Table 1 the last two kernels are preferably one
dimensional i.e. for the case when X has only one column.
‘Multivariate versions can be derived from products of
these kermel fumctions. The definition of B can be

found in De Boor {1578 }. Use of a kernel function




the training sanples can be estimated in such a way as to elimnate the
conponents that are not required to predict a characteristic for a
training sanple. The result is 10 that a subset of conponentf 7ajgy ?ﬂg
identified which can correctly predict the characteristic for sanples in
the training set. The nethod thus permts identification froma |arge
anount of data a relatively small nuftfer of conponents which are capabl e

of 15 corieelliyspiadi ebkAtiacehpraph®inglies Ohd i ad Rehoctd™g for
exanple, a quantity of interest. The characteristic my be any

charapterP@PPéeéftPnF§ﬁ§§€9rmﬁnOénéi@#B@diﬁﬂﬂpﬁipwg ofatdeteristic is a
dpant ey ovalidraske, OcANALAgh LHROHIRRl o LLlREARS NS HIdRE, nunber
np e a

of a group, ere the sanples are grou into twWwo"~ sanmple gioups Cor

"classes" ¥ibasedtbe dapme-deternined classification. The classification

may bqaany desired «classification by which the training sanples are to be
o)

25 grouped. For exanple, the classification my be whether the training

sanpl es apethien ambeukfEha Q%'llalt(ihgatoh%a B¥re8lilsed0n 1Hak- tRdir @i ning

sanpl es are_obtained fromthe blood of pafients having or not having a

certain Wéadi npynbeodeskaibede training sanples are froma cell 30 from
one of several types of cancer as conpared to a normal cell. In another
enbodi ment the characteristic may be a censored survival tinme, indicating

t hat part jcu Lents.have survived for at |east a given nunber of
days. In gfhéghgﬁggéﬁﬁénignFﬁg Eﬁgﬁgﬁty may be any 1 7 MAY 2006 47

contixmously variable characteristic of the sanple which is capable of

measurenent, for_exanple bl ood pressure. I n one enbodi ment, the data may be
a quant i t?h?; mefRere ot thig embogimenyy upiiligesnsrx tradeimg wi th el enents

¥+ & Y. samples in order to identify a subset of components which
can predict Fhe characteristic of a sample. Subsequently,
knowledge .of the subset of components can be used for
15 tests, for example clinical tests to predict unknown
#alues of the characteristic of iﬁterest. For example, a
subset of components of a DNA microarray may be used to
predict a clinically relevant characteristic such as, for
example, a blood glucose level, a white blood cell count,

20 the size of a tumour, tumour growth rate or survival time.

In this way, the method identifies preferably a subseY of
components which can be used to predict a characteristic
- for a particular sample. The subset of components is
25 ‘“predictive” for that characteristic. Essentially, from
all the data which is generated from the system, the
method enables identification of a minimum number of
| components which can be used to predict a particular
characteristic. Once those components have been
30 identified by this method, the components can be used in
future to . predict the characteristic for new samples. The

method utilises a




W define a p x 1 paraneter vector 0 of conponent weights (many of which
are expected to be zero), and a q x 1 vector of parameters 9 (not expected
to be zero). Note that g could be zero (i.e. the set of{ gaMéhetidbs not
expected to be zero may be enpty). In one enbodinent, the input data is
organised into an Nxpdata matrix X=(XIOwth N test training sanples and

p conponents. Typically, p will be nuate greater than N. | n anot her

enbodi nent ata.matrix be_r.epl aced b an N x kernel matrix Kto
obtain snB&f lﬁﬁﬁg?ﬁowgtgpg§¥o 5&ﬁﬁi&ﬂ§9n54§HQR§F§§dt Y Pr&ar9r edi ct ors.
An exanpl gegafi rkle ckecaeretRi ki prédisKidiee HiarRceridrid JdXicnd ) / 62)
where the subscript on x refers to a row nunber in the matrix X Ideally,
subsets ofaPRéecol uims of K are selected which give sparse representations
of these snooth functions. Typically, as discussed above, the conponent
wei ghts are estimated in a manner which takes into account the a priori

assunpi i oFhehanvensbref hafre Commdn éhiatweicgipionearte wedeihts lof ane enbodi nent ,

th ' ified for th t ights is of the f 1 7 MAY 2006
48 P(5) IR PRpIRAYIoR ST EOMRRRERE S0 SRR SeOREGed 45C72)) and

p(v2) aft Vene ikSadnibyl sdfbleayeabl Y oHAhkhcald iJ0RSeNGE1983) adPhef erably,
an uninformative prior for cp is specified. The Iikelihood function

def i nes ackdmdnakki Ehef cogrpRentgatiaiasae oot reaiged ket pawddctt he dat a.
Preferablg’characteristic foi a training sample. The result is-

10 that a subset of components are identified which can
corfectly predict the characteristic for éamples in the
training set. The method - thus
permits identification from a large amount of data a

- relatively Smali number of components which are capable of

15 correctly predicting a characteristic for a training

sample, for example, a quantity of interest.

The characteristic may be any characteristic of interest.
In one embodiment, the characteristic is a quantity or

20 measure. In another embodiment, it may be the index
number of a group, where the samples are grouped into two
sample groups (or “classes”) based on a pre—determined
classification. The classification may be any desired
classification by which the training samples are to be

25 grouped. For example, the classification may be whether
the training samples are from a leukemia cell or a
healthy cell, or that the training samples are obtained
from the blood of patients having or not having a certain
condition, or that the training samples are from a cell

30 from one of several types of cancer as compared to a
normal cell. In another embodiment the characteristic may
be a censored survival time, indicating that particular
patients have survived for at least a given number of

days. In other embodiments the quantity may be any




the likelihood function is derived froma generalised |inear nodel. For
exanpl e, the likelihood function E(y~~~) may be the formappropriate for a
generalised linearnodel (GM, such as for exanple, that described by

Nel der and Wedderburn (1972). Preferably, the |ikelihdofl MAYu388§ on i s of
the form 1=log e(y1l0,W=zZ{yte -b(B) +c(y"(P)} (20 a:((P) iz, wherey =
(y.,..., yn) Tand al(4') _ 0 /w with the wi being a fixed set of known
wei ghts and (h.a single scale paraneter. Preferably, the likelihood
function is specified as follows: 4% have E{y,} = b'(9;) Var{y}=b"(0l)a;
(9))=Tj"a; ((p) (30 Each observation has a set of covariates xi and a

i near predi = L. i j t 1& hgniman of the
i'th obser\?§g|1:%%8é%%l¥t‘§a BT %h'?%afé"é%%%étf’?gﬁé‘?‘%b?@?ﬁ? MAY 2006 49 the

| i nk functisonafable of gigasungmebt( 0oy efrmlakdioe BresSFHE*1ink i s denoted
by h, i.ei b" (Bi) = h(ni) In addition to the scale paraneter, a

general | oed | LaoaL oRPASl. M PG SReELL £ Dl compongs: 1 he
oxampres 6F Whendial MEor-LFReape il TedRE e RHPREER, 2 I ow Tab e 2
Distribut iwoen Iﬁie'%g.n]:augcﬁi R nPeﬁé-flﬂét\é%v%E@BEe§C§f Component weights

(many of which are expected to be zero), and a q X 1

vector of ﬁarameters ¢ (not eipected to be zero). Note

that g could be zero (i.e. the set of parameters not

expected to be zero may be empty}.

In one embodiment, theé input data is organised into an

Nxpdata matrix X =(x

g) with N test training samples and

p components. Typically, p will be much greater than N.

In another embodiment, data matrix X may be replaced by
an N x N kernel matrix K to obtain smooth functions of X-

as predictors instead of linear predictors. B2An exawple

- of the kernel matrix K is kﬁ=exp(—0.5*(xyaq)t(xiﬂg)/cz)

. : where the subscript on x refers to a row number in the

matrix X. Ideally, subsets of the columns of XK are
selected which give sparse representations of these

émooth functions.

Typically, as discussed above, the component weights are
estimated in a manner which takes into account the a
priori assumption that most of the component weights are

Zero.

In one embodiment, the prior specified for the component

weights is of the form:




g()of |inkfunctionparanme functionter Gaussianl.lyes y U Binomallslp 'no
- with ngLl-pp(1-fl), n trials Poissonlog (g)1l/ gRno Gammal/ p-1/ 2 2yes
I nversel/ ft2-2/ 3p 3yes Gaussian I n another enbodinment, the |ikelihood
function is derived froma nulticlass logistical nodell 7l MASnZIRer

enbodi ment, a quasi |ikelihood nodel is specified wherein only the |ink
function and variance function arg defined. In sonme instances, such 1 7
MAY 2006 50 specification results in the nodels in the table above. In

ot her instances, no distribution is specified. In one enbodi nent, the

posterior distribut] D bVvem2y;j2s estimated using: p(/iipvly) a
L(yjfico)p(f}v) p(v)‘bg@C) IPMJ?e}}ﬁQLYd)})I fi p) is thqlbi,kel I hood function. and
In one enmbodiment, v may’ be treated as a vector of '

(- where p(ﬁ |V2) is N(O,diag{vz}) and p(vz)a'ﬁlfvf is a
. =1

Jeffreys prior, Kotz and Johnson(1983). Preferably, an

uninformative prior for ¢ is specified.

" The likelihood function defines a model which fits the
data based on the distribution of the data. Preferably,
the 1likelihood function is derived from a generé.lised

linear model. For .example, the likelihood function
L(;E‘ﬁgn) may be the form appropriate for a generalised

linear model (GIM), such as for example, that described by
Nelder and Wedderburn (1972). Preferably, the likelihood

function is of the form:

1=10g 2051, 0) =3 (2220 105,09 (20)

where ¥ = (yi,.. vYo)7 and as(¢) = ¢ /w; with the wy being a

fixed set of known weights and ¢. a single scale parameter.

e

Preferably, the likelihood function is specified as
follows:

We have

E{y;} = b))
Var{y} =b5"(6;)a;(¢) = 1/a;(p) (30)

Each observation has a set of covariates x; and a linear
predictor 53 = x;T 8. The relationship between the mean of

the i*® observation and its linear predictor is given by




m ssing data and an iterative procedure used to maximse equation (2C) to
produce locally maxi muma posteriori estimates of P. The prior of equation
(50 is such that the maxi muma posteriori estimates 34%] tYnd to be
sparse i.e. if alarge nunber of paraneters are redunda tMAnﬁE%
conponents of 3 will be zero. As stated above, the conmponent wei ghts which
maxi m se the posterior distribution may be determined using an iterative
procedure. Preferable, the iterati vgprocedure for maximsing the
posterior distribution of the conponents and conponent weights is an EM
algorithm such as, for exanple;, that described in Denps.ter et- al, 1977.
| n one enbblé neimk ﬁmmﬁmahgwigwcengl(ibe@ib he. sTipsinvem)e lofi tial i sing
t he al gori t1i 28 10 ., p) , initialise cp~0) , I3*
and appl yl%lgéna:p%//na %eé di%loge 8§ [%fl n| ng for s, such as for exanple c
t3(n)=J Pity = sbshé{iSG h(nh)o otherwise 1 7 MAY 2006 51 and let Pn be a
matri x of zeroes and ones such that the nonzero el enents y(n) of )3(n)
satisfy > (n) =Pny(n) y(n) =PTQn) 1' y =1'pF3" , F = Pny (e) performng
an esti mat i[nna:ﬂdﬁ)tm:ep:d)whecabaméapaﬁmémp@h@iehiaﬂaais@d(pleﬁm val ue of
t he posterlo |str|but|onl% onB nt _wei ghts u5| ng the function: QO

ie yy %

10(n) q) (nFyoet 8o Jye (e O \EORRFFRERE n) )

® the likelihood or (scaled) deviance function,

s the link function
e the derivative of the link function

fwj . s the variance function.

Some common examples of generalised linear models are

given in table 2 below.

Table 2 _
Distribution | Link function |Derivative Variance | Scale
la(w) - of link | function | parame
| function . ter
Gauggian U 1 1 ves
Binomial : _ 1 ‘no
with n . log("f%) a(l-p) %(1_#)
B trials _
’ Poisson log () 1/ u 7} no
Gamma. 1/ n -1/ p? T ' yes
Inverse 1/ u® -2/ it w? ves
Gaussian

In another embodiwment, the likelihood function is derived

from a multiclass logistical model.

In another embodiment, a quasi likelihood model is
specified wherein only the link function and variance

function are defined. In some instances, such




=1yl O WIO - 0.501Lp/ Y(n) If) (6C) where 1 is the log |ikelihood
function of y. Using I; :Py and p(n) =Pny(") can Qy | y(n), V(n)) =1(y. |

~ Pny, c(n')_0.5 Gy/y(n)IP) be witten as (7C) (f) perff r%gg a :
maxi m sation (M step by applying an iterative procedu d nedfni se Q as

a function of y whereby To = y(n) and for r=0,1,2,... (g) yr+3. = yr + ar
Sr.and where M is chosen by a lirmosearch algorithmto ensure Qyr | y(n),
q() , and Qyr+l I y(n) (P (n)) >. 5, dlag(y(n))[-dlag(y(n)) 521

di ag(y(n) +| f al , - 2 wher a2l = PT aZl1 P
for pyy r?‘)pﬁmf’s'cat&?nﬁgﬁhl%}n Fgé)m‘E@F 1y & %&a%?agu%b%‘feyr when sone
conver genege ot bkt akOiNdSEs sSald ﬂlb@&lbﬁ@ioﬁxﬁfm@cﬂfh.eﬁr - yr+111 < s (for
~exanple 10-5 ) ; 1 7 MAY 2006 52 (h) Defining R* = PnY* So i={i: ~; | >ni

x(li; 1*si) } where sl is a small constant, for exanple le-5. (i) Set
n=n+| an‘%nc%%%s%nﬂ%dgﬂéﬁi:, the posterior distribution of £ ¢ and

v given y is estimated using:

r(Bevly) o L{y|Bo) p(Blv)p(v)

(aC)

wherein‘L(ZU3¢) iz the likelihood function.

t.\-'-—/;

In one embodiment, v may be treated as a vector of
missing data and an iterative procedure used to maximise
equation (2C) to produce locally maximum a posteriori
estimates of B. The prior of eguation (5C) is such that
the maximum a posteriori estimates will tend to be sparse
i.e. if a large number of parameters are redundant, wmany

components of P will be zexo.

As stated above, the component weights which maximise the
posterior distribution may be determined using an
iterative procedure. Preferable, the iterative-ﬁrocedure
y?} for maximising the posterior distribution of the
“ components and component weights is an EM algorithm, such

as, for example, that described in Dempster et-al, 1977.

In one embodiment, the EM algorithm comprises the steps:
(c) Initialising the algoritha by setting n=0, 80

= {1,2,.., p } ., initialise ¢'® , B* and

It

applying a value for g, such as for example g
10°5; '
{(d) Defining

p= { B:» ie§, (5¢)




(P (n) ) where (p° satisfies + Kn ( (P* - 141 | PnY+r(p) =0 and Y-. is a
danpi ng factor such that 0< Kn <_1; and {j) Check convergence. If Y* -
Y(n) < s2 where s2 is suitably small then stop, else go to step (b) .
above. In another enbodinment, step (d) in the nmaxi msqté t?% may be
estimated by replacing with |ts expectation a Y. 021 (a1 S is
preferred when the nodel of the dta is 62Y, a generalised |inear nodel.
621 For generalised |linear nodels the expected value E{-- } ,~Y. nay be

cal cul ated as fol etabn “¥d 4 8hA:12 & dhb¥s - add)dnedldudd i1 ai ((P) |
(10C) .where X is the Nby p matrix wwth ith row E{ S = -E{( al al T "'lII

- XTdi ag(ai ((?) ( ﬁha)tZ)tueXnmnIeauda:(drde@)tslﬂnW oo F3LIBEY can be witten
.as ap =xlv-,( an )C,\/-ll) F){ a_BQ = ﬁ‘“?(=Pn7‘“’
PTB ,  B=Ry
(e) perform_ing an estimation (E) step by
calculating the conditional expected value of
the posterior distribution of component welghts

using the function:

Q@B 1™, o®) = E{logp®, ¢, vIy)| v, B?, 0™}
= I(y| B, @) —0.5 (18/8®I )

) where 1 is the log likelihood function of y.

(6C)

« Using P=Py and B® =P y® can be written as

Q 1v®, )= 7| By, 0)-0.5 vy ™IF ) (70)
(£) performing a maximisation (M) step by applying

an iterative procedure to maximise Q as a

function of y whereby vy, = v* and for r=0,1,2,..

(@) Yea = Yr + O Or and where o, is chosen by a

. @) Lo
line search algorithm to ensure Qe 1175 07) >

Q(Tr IT{D)’ (p(ﬂ)) . and

P Y o
. 8, =diag(y®)[-diag(y™) —— diag(y™ ] ‘(
Y, fm

(,,,) (8C)

where:
o _pT ol &1 —pT &1

aYT " 8ﬁl’ ’ az'Yl' " 62B

for Be=hY:

P, (9C)

Let y* be the value of yr when some convergence
criterion is satisfied, for example, {| yr - yr+1}]

< & (for example 107° );




‘where V=dag(as(m z?(d01' )2) . a, (12C) (13C) Preferably, the EM al gorithm
conprises the steps: (a) Initialising the algorithmby setting n=0, SO =

{1,2,_., p} , p(0) , applying a value for s, such as for exanple = 10-5,
and IT p <_ N conmpute initial values (3* by 13*=(X X+ WKT#8 2088 (140) and
if p> Nconpute initial values j* by 0 =1(| XT(XXT+A1Y1X)XTg(Y+ ) (150

where the ridge paraneter X satisfies 0 < ?" < 'l and t is small and
chosen so that the link function g Ls well defined at y+~ (b) Defining
Y(n)=f 1;, is S. 11 0O, otherwwise and let Pn be a matrix of zeroes and
~ones such that the nonzero el enents y(n) of 13(n) satisfy 1 7 MAY 2006 S4
,r(n) = PTP(n) n 7=PnP P(n) P 7(n) P =Pny (c) performng an estimation

" (E) step b | a th di t ted th t
() oren, By o5 P RS Eondl i Tl ShoRf! by e postert o

where g is a small constant, for example le-5.

(n+1})

- (1} Set n=n+l1 and chocse ¢ =@ @y Kn(_tp* -

- . a ®
9'™”) where ¢ satisfies al(YiPnT 0=0 and xq

is a damping factor such that 0< ¥; £1; and

R

(3) Check convergence. If || y* - v* || < & where =
is suitably small then stop, else go to step
{b) above.

In another embodiment, step (d) in the maximisation step

may be estimated by replacing

-— with its expectation

T

2:
E{ 6621 }. This is preferred when the model of the data is

T

a generalised linear model,

) &1
' For generalised linear models the expected value E{——

&y

T

may be calculated as follows:

a _or T oy, ¥y
=X
Gy e
{1o0C)
where X is the N by p matrix with i®® row x;° and
al,, al.,
=—F fhuiad
B =B |
= ~X"ding(a, (YL )Y'K

xn,
(110)




function: QP 1 P(n), p(n)) = E logp(P, () , v Iy Il'y, P(n)" (p(n) } -
(166 = 1(yl P, (P(n))-0.5ci PIP(n)Il 2 ) where 31 is the log |likelihood
function of y. Using witten as P =Ply and P(n) =Pn7(n) (16C) can be Qvy I
y', (p') =1(y | Pn7, (p(n))-a-s (llyly(n)l12) (17Q (pﬁmfg{mmng a

maxi m sation (M step by applying an iterative procedure, for exanple a
Newt on Raphson iteration, to maximse Q as a function of y whereby yoy
(n) and for r=0,1,2,... Yr+l = 7r ggzar Sr where ar is chosen by a line
search algorithmto ensure Qvy, +( 17(n), (p(n)) > Qy, I Y(n), (P(n)) and
For p <_ Nuse F),=diag(7(n))L'n V,"YY+) T (Y V,"z, ,Y (n) ) where ,
Yn=di ag(y (WipPcaR RedvebteeEr 35 ; ( ° )2) a( (180 Z=a -) 1( and the

- subscript r denotes that these quantities are evaluated at g = h(XPny,)

1 7 MAY 2006 55 For p > Nuse 6 =diag(y(n))Lj _I/n (YnYn +V)_"Ynl(Yn V,
y(n) ) wwth W and Zr defined as before. (190

& oy @y (120) -

2 XV (ap)(yp') . |

E{waiz—}mX‘V‘X | (13C)
op

Sl

where Vﬁﬁag(ai(cp)t?(%f).

Preferably, the EM a1gori£hm comprises the steps:

(a) Initialising the algorithm by setting n=0, 850 =
{2,2,«.. p } . 9(0) , applying a value for s,
such as for example € = 107°, and

If p <N compute initial values PB* by
B =X XA X g(y+0)
{140)

and if p > N compute initial values B* by
.1 - |
p =:{(I-XT (XX X)X g+
{(150)
where the ridge parameter A satisfies 0 x A <1 and

¢ is small and chosen so that the link function g

is well defined at y+§ .
(b} Defining

o= { B, isS,
! 0, otherwise

and let Pn be z matrix of zeroes and ones such

that the nonzero elements y(n) of B(n) satisfy




Let y* be the value of yr when sone convergence criterion is satisfied e.g
yr yr+i~ < ¢ (for exanple 10-5 1) Define f3* =.-Pny* ~Dll>max(1Pj1*s;)} -
“where sl is a snmall constant, say le-5. 'Set n=n+l and choose 9n}, = e +
~)ca( W- ca) where $ satisfies 1(y | Pny*,N) = 0 and xkT{i MAY a2l§&npi ng
factor such that a~ 0< xn <_ 1. Note that in sone cases the scale
paraneter is known or this equati QQ can be solved explicitly to get an
updating equation for 9. The above enbodi nents may be extended to
i ncorporate quasi |ikelihood nethods Wedderburn (1974) and MCul | agh and
Nel der (1983)). In such ap@eapt# npnt g@t-he e iterative procedure as
- detailed above will be appropyiate, ']ﬁt-ﬁ,th L the likelihood replaced by
a quasi likelihood as shoWn &tove’ andP T or! exanple, Table 8.1 in
MeCul I'agh antNelglaFs f4l83) anl QS@ﬂ@a’@.{g}Qd{rﬂfe@tept Bor GalcumntmRgy fied
.updating nmethod for the scale paraneter T. To define these nodel s’
requires specif et icomagtirnal varpestad fMalets of the PAsteiAT function g
and the derivati vg e alhnK £f i h r efined the above
~algorithmcan be %pﬁﬁlgc}&lkﬁ %ﬁeegﬁ%%lgél‘hrfe@%%;&q%g?al |€hkéell i hood nodels, 1 -
7 MAY 2006 56 st dpuBtjfori:he above algorithmis nodified so that the scale

“parameter is u ted Ry calcul atin 41) e Ll Yi-}'t, N=" T2 where and T
are eval uat ed Qﬂﬂf%*’q’: )pagxﬁ‘?«gp&}’@pgﬂ@aﬁbﬁ{?"; 9“Bhi s updating iggder f or med
when the nunber of pararetiefp,o®)—0.5 (p/p™|f )

' where % 1 is the log likelihood function of

y. Using PB=Pyand B®=Py® (16C) can be

e

written as

Qx1Y®, e") =15 [P1, 005 (WA®IF )  (170)
(d) _ performing a maximigation (M) step by applying
an iterative procedure, for example a Newton

Raphson iteration, to maximise Q as a function
of v whereby v, = " and for r=0,1,2,.. Vrai =

Y= + Or 8. where o is chosen by a line search

algorithm to ensurs Q(Tﬂ-l ITF“): CP(“)) = Q(Tr ]T(n)i q)(n)) ,

and
For p £ N use
8,= diaglty™)[¥,V,'Y, HI'(¥)V, 2-5) | (180)
i .
where

¥, =diagy®)ETX
V=diaga (@i ()
(5

z= 2 O

_Ea_nd the subscript r denotes that these quantities

are evaluated at p=h(XPy,).




s in the nodel is less than N. A divisor of NNs can be used when s is nuch
.less than N. In another enbodi nent, for both generalised |inear nodels and
Quasi likelihood nodels the covariate matrix X with rows xi T can' be
replaced by a matrix Kwith ijth element kij and kij 3 &(4AY- 2005 for sone
kernel function x . This ~matrix can also be augnented with a vector of
ones. Sone exanple kernels are gi ¥&n in Table 3 bel ow, see Evgeniou et

al (1999). Kernel functionFormulafor r,( x - y ) Gaussian radial basisexp(-
I x- y 112/ %)'funct'ona>0 Inverse nmulti-quadric(ll x - y 112 + ¢c2 )-12
mul ti quadric(lFX ¥ ¢ Plﬁiecz ) 1/2 Thin plate splinesll x - y Iln+l Il x -
y 112nIn(ll x - y Il) Miulti layer perceptrontanh( x'y-9) , for suitable O
Pl oynom al of degree d(1 + x'y B splinesBen+l1(x - y) Trigononetric

pol ynom al ssin(( d +1/2 )(x-y))/sin((x- y)/2) Table 3_ Exanpl es of kernel
functions In Taple. 3 t WO, K kgaar & one di nensgenal i.e. for the
case when X has®:d E@®%ﬂ§L§§§gﬁ;QRﬁbsiﬂgé.ﬁ fﬁmi-l MAY 338%?57 ver si ons can
be derived from products of these kernel functions. The definition of

Ben+l can be foutitch ik Bed Booigfligird ps bedov®. a kernel function in either a
general i sed linear nodel or a quasi likelihood nodel 5 results in nean

val ues which are snooth (as opposed to transforns of |inear) functions of
the covariates pat JiChe the value of y: when some convergence : :

-criterion is satisfied e.g

|l ¥r - Yeu|| < &€ (for example 107° ).

1) Define P* = Pgy* , S.,={i: |B; l>1‘n§n{(lﬁjl“‘e‘.l )} where g; is

a small constant, say ie-5. 'Set n=n+l and choose

¢" = ¢ + ®a{ 9" - ¢%) where ¢" satisfies

aiipl(yan'y*,cp)=0 and ¥, is. a damping factor such that

0< K < 1. Note that in some cases the scale

parameter is known or this eguation can be solved

explicitly to get an updating equatioh for ¢.
" The above embodiments may be extended to incorporate
quasi likelihood methods Wedderburn {(1974) and McCullagh
ana Nelder (1983))}. In such an embodiment, the sawe
iterative procedure as detailed above will be
appropriate, but with L the likelihood replaced by a
quasi likelihood as shown above and, for example, Table
8.1 in McCullagh and Nelder (1983). In one embodiment

there is a modified updating method for the scale
parameter ¢. To define these models requires

specification of the variance function ¢, the 1link

function g and the derivative of the link function gfl;

Once these are defined the above algorithm can be

applied. In one embodiment for guasi likelihood models,




nmodel s may give a substantially better fit to the data. A fourth embodi ment
relating to a proportional hazards 10 nodel will now be described. D.
Proportional Hazard Mdel s The nethod of this enbodifehtiAYayiiftilise
training sanples ‘15 in order to identify a subset of conponents which are
- capable of affecting the probability that a defined event (eg death,
recovery) will occur within a certain tinme period. Training sanples are
obtained froma systemand the tinesnmeasured fromwhen the training sanple
is 20 obtained to when the event has occurred. Using a statistical nethod
to associate the t tothe vent, i t a t e roma plurality
of traini r%e?a%pfafs £ 2BHKS 7“31 R &ﬁeﬁ‘?g ﬁﬁ d?lbééé)l %t ?‘Plged that are
capabl e ofscalreed:ac:hm&getrhesdupcﬁ&ttémﬂ:by)mzaaf:umemgrre to the event. 25
Subsequent |y, know edge of the subset LOf copponents can be used for tests,
for exanple clinical tests to p @dLCt Z;B’rﬂa xarrpl e, statistical features of
the time to death or tine tor Iap f ® di sease. For exanple, the data
froma subset of conponents of a system nay be obtained froma 30 DNA

m croarr awhe'ﬁ’rﬂ L1} @atCh'rrrayeb@VEwsmd:etdo abr 88i etPy* el Preketrablyi-el evant event
“such as, . exam xpe .an.pa SUE V. s, or to .1
7 MAY 2006 up?r ec}_’ Dtg &%séfegg?ng%?ﬁgl?n SDCH% %‘hﬁﬂ%r ot ﬁ%/%pse?e(%? a disease.
In this way, imehetdeibli dent I].ésest]aaas&b.s@t dofvlsonpoflem-t-s cz8 Wi ch can be

used to predic¢t the distribution o time to an event of a system The
subset of ‘&%"ﬁ‘%o‘ﬂé‘?ﬁssllf mﬁ#‘ h?ﬁ?l f Y that time to an event.

Essentiall yn &fiothenldnidEata Bbi-chotls genamatieddl Linethensiediem the
net hod enabl es identjf.icati orgl of .a_m nj mum nunber of

- and Quasi likelihood models the covariate matrix X with

)

rows x;° can be replaced by a matrix K with ijth element 7
kij and ky; = k(x;-%j) for some kernel function x . This
matrix can also be augmented with a_v'ector of ones. Some
example kernels are given in Table 3 below, see Evgeniou
et al(1999).

Kernel function Formula for k{ x ~ ¥ }
Gaussian radial basis exp( - || x-v [|*/ a) .
function a>0 _
Inverse multiquadric BRIEER RIS )2
- multigquadric ([ x -y [[%+ * )2
D Thin plate splines I x-v [P

%=y ™} = -y [

Multi layer perceptron tanh{ x'y-0 ) , for suitable
8

Ploynomial of degree d (1 + xy )¢

B splines _ Bapu({x - v)

Trigonometric polynomials sin{( d +1/2 ) (x~-y)) /sin((x-
v} /2)

Table 3: Examples of kernel functions-
In Table 3 the last two kernels are one d:.mens:l.onal i.e.

for the case when X has only one column. Multivariate




10 conponents which can be used to predict time to an event. Once those
conponents have been identified by this nmethod, the conponents can be used
in future to predict statistical features of the tinme to an event of a
system from new sanpl es. The method preferably utilisad /¥ 28tistical
met hod to elimnate conponents that are not required to correctly predict
the tine to an event of a system As srsed herein, "tine to an event"

refers to:a neasure of . 20.the t%gte from obt ai ni ntg the sanple to which the
met hod of YHEIFRMAIDBPS St L 1P e ushs AT drhesediermel event may

be any obsmivabicheveie ddeihidiosYst &), 1,Sc8n BLOFQGhEainSyShem the event
may be, for exanple, tinme till failure of a system tine till death, onset
of a 25 pd?qqi’émg"rg SymHasmak & sk Dworastomrin eddgser of a  condition or
di sease, cé@{g%l y.pe h e N biochemstry, change

I n nmor phol™ogy o hananeqzi]glrmg%élnﬁqgrﬁ?%dr&te%ué;,q%%sglnglgﬁ?enl %%Q?i“&)%cgg.fSO The

sanpl e§ arresmsboriit etan tdalaugardhiat ard igmodith afas Esdsdd A pr evi ous
times to an eveéﬁgf?nThe times to may be tines determ ned from data

n event
obt ai ned (FERSIOTMGE 0030 (omenians eF e SARTIREPT hr t HE9R e from
sanpl i ng tpadiRathhy GHAOW sulistdh iy WSy "SR DEnS W yal  tines,

and patients in which the only informati'on Is that the patients were alive
when sanples were | ast obtained, or in other words, "censored" survival

times indi ' t J rticular patient has survived for.at |east a
gi ven nunbzgfféol’iﬁéhyésﬁ%cfénﬁger{g? eérsolc?ﬂzl'%&ﬁfo hEP TR (25 R sed into
an Nxpdatraodel rwixl IXz{ow ;He widdeNHeaBt training sanples and p conponents.
Typically, p will be nuch greater than '

D. Proportional Hazard Models

The method of this embodiment may utilise training samples

15 in order to identify a subset of components which are
capable of affecting the probability that a defined event
(eg death, recovery) will occur within a certain time
period. Training samples are obtained from a system and
the time measured from when the training sample is

20 obtained to when the event has occurred. Using a
statistical method to associate the time to the event with

- the data obtained from a plurality of training samples, a
subset of components may be identified that are capable of
predicting the distribution of the time to the event.

.25 Subsequently, knowledge of the subset of components can be
used for tests, for example clinical tests to predict for
example, statistical features of the time to death or time
to relapse of a disease. For example, the data from a
subset of components of a system may be obtained from a

30 DNA microarray. This data may be used to predict a
clinically relevant event such as, for example, expected

or median patient survival times, or to




N. For exarrpl e, consider an Nip. data matrix X =(xif) from for exanple, a

m croarray experinment, with N individuals (or sanples) fa p
genes for each individual. Preferably, there is associ aﬁ;z Whﬁgg‘éh
individual i1 (i=1,2,,N) a variable yj (yj?0 denoting the tinme to an
event, for exanple, survival tinme. For each individual there may al so be

defined a variable that indicates wheager that individual's survival tine
is a genuine _survival ti g censored survival time. Denote the censor
i ndi cat or PTESIGWRE ,Oﬁeftqlél FYEBISSId O%jre).aRge \35 & censored The
Nx| vect orgiWddxzesurvival tinmes yj may be witten as y and the Nil vector
with censor indicators cias c¢c. Typically, as discussed above, the conponent
weights are estinmated in a manner which takes into account the a priori

assunptio f: JOS! hts er o, 006 60 -
Pr ef er abl ;i,r{ [E%le pridr s",:r:liléac?[?e%%g%foo %Fcl%n%ongsﬁﬁ) rﬁf comspoqe{%e formN
P(f 31, 632, whidi3'demn ffel Rigedl ldo pREehict )le (dhl@trllbwt—:c.lorv\hﬁ' eH8 1 ina2, , / 3"

are.conponent wei hts P(/l ri 5 isSN(O r dP(r, )all/r; is a Jeffreys
pri or (Kott?e%{je M-The ekec{‘-’rl?ﬁ?rolﬂ Qin FRPIRRG e a nodel

whi ch fi ts\ﬁmldiqt@rb%%d o el 81 'eﬁpté%t‘)f Bbetal & 1T & &5bl Y, 10

the likelihood function is of the form
all the data which is generated from the system, the

method enables identification of aiminimum number of

10 components which can be used to predict time to an event.
Once those comﬁonents have been identified by this méthod,
the components can be used in future to predict
statistical features of the time to an event of a system
from new samples. The method preferably utilises a

15 statistical method to eliminate components that are not
required to correctly predict the time to an event of a

system.

As used herein, “time to an event” refers to a measure of

20 the time from obtaining the sample to which the method of
the invention is applied to the time of an event. An
event may be any obsexrvable event. When the system is a
biological system, the event may be, for example, time
till failure of a system, time till death, onset of a

25 particular symptom or symptoms, onset or relapse of a
condition or disease, change in phenotype or genotype,
change in biochemistry, change in morphology of an

organism or tissue, change in behaviour.

30 The samples are associated with a particular time to an
event from previous times to an event. The times to an

event may be times determined from data cobtained from,




Log (Partial) Likelihood =% g1X vy,c) i=1 (2D) where /3T =(/31,/32,---,/3P)
| and r9T =(91,92,-,@)are the nodel paraneters. The nodel defined by the

| i kel i hood function may be any nodel for predicting fgeﬁggtnmﬁ 0 an event
of a 15 system In one enbodinment, the nodel defined e kel i hood is

Cox's proportional hazards nodel. Ggx's proportional hazards nodel was
i ntroduced by Cox (1972) and nay preferably be used as a regression nodel
for survival 20 data. In Cox's proportional hazards m)deh [iris a vector
of (expl aferoryRrphe anR?etents doeiviied wehtife ‘i‘ﬁ‘f’rﬁ?ﬁ‘@? Bref erabl y,

the nmethogy previdegnbph, t&-.e npaaaiéyowo%% S%@ﬁ&iw (caneieali mation) from
the parameters /3T =(m/32...... p) s proportional hazards 25
nodel gi vé:rmtewe éaﬁapxtl?nh%&% wirlsH |té‘@t P@Fayd-n%%’i‘“%tlﬁrbﬁﬁr tPdhal hazards

nodel can % BLAGLARB! LerLNal i\ G&H MkNEE WOosEeLdld Iaianhedata s 17

MAY 2006 ained froma systemfor the sane survival tinmes, or in-
ot her wor dsc ifootbesewowfisr ™ cereprat’ ispavivphesives dicptddSsur vi val

tinmes may Qe %m?hggﬁglaal Sc PLOCESS WryShER Ebata eadset @ uni que

survival tTHes rocessing proposed sinplifies the ensuing
al gori t hmgisrerd muaﬂneu:dsfcdager ns about tied survival tinmes in the
subsequent application of Cox's proportional hazards nodel. The
~ pre-processing of the survival times applies by adding an extrenely snall
anount of Imséghidvbedimenandohe hopse.ddrefier abbppichd Praiure is to take
sets of tied times and add tp each tied tine within a set of tied
Nxpdata matrix X = i,) with N test training samples and

p components. Typically, p will be much'greater than
N.

Y

For example, consider an Nxp. data matrix X= ( y) from,
for example, a microarray experiment, with N individuals
(or samples) and the same p genes for each individual.
Preferably, there is associated with each individual
i(i=12,-N) a variable 3 (y;20) denoting the time to an
event, for example, survival time. For each individual
there may also be defined a variable that indicates
whether that individual’s survival time is a genuine
survival time or a censored survival time. Denote the
censor indicators as ¢;where

- 1,if y; is uncensored
= 0,if y; is censored

The. Nx1 vector with survival times y;, may be written as y

and the Nxl vector with censor indicators ¢;as c.

Typically, as dlscussed above, the component weights are
estimated in a manner which takes into account the a
priori assumption that most of the component weilghts are

ZEero.




times a random anmount that is drawn froma normal distribution that has
zero nmean and variance proportional to the smallest non-zero di stance

bet ween sorted survival tines. Such pre-processing achi dv#dYatfdgl i m nati on
of tied times without inposing a draconian perturbation of the survival
times. The pre-processing generates distinct survival tines. Preferably,
these tines may be ordered in |ncreasung magni t ude denoted as t

Che 16 ar PHRTSTARLY-oft Hoh PR SRS SR & The s RFRRPE (RIS of 7

corresponds toF tHe @gdetr i ng i nduced by the ordering of t; also denote by zZ
‘the j, hrowof the matrix Z. Let d be the result of ordering cC wth the

same per ign requi ), O ryt, After pre processing for tied
survi val %%sﬁi”é"ﬂigﬁ _ '%éfglfaiggﬂr)fffand refléPdnce is nade to standard
texts on survival data‘difal ysis (eg Cox and Qakes, 1984) 1 7 MAY 2006 62
.the likelihood ctr for the rtianal haz nDdeI may preferably
be vvrrtteﬁthfel_(’{ilf 9’—I "j 214 dj S(‘ﬁp“%) 1@}’6’ 'ZJ}Z§ f 3b) where QT =(A , 62

, Q n) =.the jth romrof Z, and 81 {i:i=f,j+1,-- = the risk set
at thesjt nsﬁf(rérre)ja@dé’rﬁ atlfrfeis 6 . Ja‘f@:d:waprithm 6Kot heahd kébihoou, (i e
1=l'og(L)) may
' 1983)

The likelihood function defines a model which fits the
data based on the distribution of the data. Preferably,
10 the 11ke11hood function is of the form:

- Log ( Partial ) Likelihood Zg,( 2 X, y.¢ ) {2D)
i=1

where gTz(ﬁl,ﬂz,-'-,ﬁp) and ?T=(¢1,¢2,---,¢q)are the moéel

parameters. The model defined by the likelihood function

may be any model for pr‘edicting' the time to an event of a
15 system.

In one embodiment, the model defined by the likelihood is

Cox'’s proportional hazards model. Cox’s proportional

hazards model was introduced by Cox (1972) and may

preferably be used as a regression model for survival
20 data. 1In Cox’s proportional hazards model, ﬂT is a vector

—

of (explanatory) parameters associated with the
components. Preferably, the method provides for the

parsimonious selection {and estimation) from the
parameters ﬁT=(ﬁ1,ﬁ2,---,ﬁp) for Cox’s proportional hazards

25 model given the data X, y and c.

Application of Cox’s proportional hazards model can be

problematic in the circumstance where different data is




preferably be witten as N ( | 1(tl1 /s)=Edi 46-109 [ E eP(Zf )]) i= jESR
N Edi. Zip-109( Ecj p(ZQ j=1 where (0, ifj <i ifj> (4D) Notice that the
nodel is non-paranmetric in that the parametric forn1gf kﬁ@ surviva
distribution is not specified - preferably only the &i | ¢ W6operty of
the survival times are used. (in the determ nation of the risk sets) . As
this is a non-paranetric case qis ngi required (ie g=0). In another

enbodi ment of the method of the invention, the nodel defined by the

| 'i kel'i hood function is a paranetric survival nodel. Preferably, ina 17
MAY 2006 6Fhiaidafsk Cremsar SYTEET fstelthe) sams gUyBEfdr tdMmeFexBEakat or v)

par anet er s QaRachabed, Webp thSes GMARERtiSy antvMal S ideseelehyof paraneters
associated with the functional form of the survival density function.

Pref erabl y, Thaf syevigal piwoos deay s aubd ephrdi HONR JARe JBIPSEEPRI(and
estimation)gedd CﬂﬂétthQagaE@tﬁﬁﬁq@mvﬁ%leﬁﬂmg@“thé)(gnxreQT =( ,~9) for

parametric survival nodels given'the data X Yy and In applying a
par anet ri ¢ Brecsssnonpyerecsed es bupld fiigs thﬁnessabn%oalmﬁme as

DI - pr 0Ces S| N0 AN AR DAL O S Vet HISuBRLR! EdfieS U ] ol s

applied as
‘ subsequent application of Cox’s proportional hazards

‘model.

The pre-processing of the survival times applies by

adding an extremely small amount of insignificant random

-~ noise. Preferably, the procedure is to take sets of tied
times and add to each tied time within a set of tled
‘times a random amount that is drawn from a normal .
dlstrlbutlon that has zero mean and variance proportional
to the smallest non-zero distance between sorted survivalr
times. Such pre-processing achieves an elimination of

tied times without imposing a draconian perturbation of

the survival times.

The pre-processing generates distinct survival

times. Preferably, these times may be ordered in
increasing magnitude denoted as ¢ =(t(1),t(2),---r(N]), t(i+j)>t(1-).

Denote by Zthe Nxp matrix that is the.re—arrangement
of the rows .of X where the ordering of the rows of
Zcorresponds to the ordering induced by the ordering of
t; also denmote by Z; the j™ row of the matrix Z. Let d

be the result of oxdering ¢ with the same permutation
required to order (.

After pre-processing for tied survival times is
taken into account and reference is made to standard -

texts on survival data analysis (eg Cox and Oakes, 1984),




Denote by f(y;B,/3,X)the paranmetric density function of the survival tine,

denote its survival function by 15 S(y;rp,f3,X)= Jf(u;rp, f3,X)iuwhere r

. are the parameters relevant Y to the paranetric for ﬂf wﬁ &énsity
function and f3,X are as defined above. The hazard flu df i defined as

h(yf;cp,fl,X)=f(yi;cp,f3,X)/S(yi;cp,f3,X) . Preferably, the generic

formul ati on of the log-likelihood 2Q _function, taking censored data i nto

account, is 1= t{ci log(f (yi;cp,a, Xff+(1-ci)| og(S(yl cfi.x)) i=1

Ref erence to standard texts on anal ysis of survival time data via

paramet ric #120nese1qmosH! fhﬂétla@dﬂls tHee‘fJ%béré‘lc?ij 1 &gl dQys0f survival

time distributions that 25 may be used. Sirvival stributions that may be

used incl UREel grveParprEabiieba\eimiitien Beponential or Extreme Val ue

distributions. 1 7 MAY.2006 64 If the hazard function nay be witten as

h(yi;q.fi,X)=t(yi;c)exp(Xip)then s(yi;So./3.X)=exp(-A(Yi;.)eX ~) and

f(yi; 9. p, X)=2. (yi ;1 P)exp(Xi ~- A(yi )exi e) where A(Y1l;)=LA(u;P) uis the

i nt egrated hazard function and A(yi;c) 2@yl;~)=; Xi is theit" rowof X

dYl The Weibull, Exponential anld Extre ue distributions have density

and hazard functions that w2 wn?ﬁ@%ﬁ [ the formof those presented in

t he paragraph i nmedi atlg‘a r}'a

. cation tthailed relies in part
on an algorithmof Aitken anet! 0) however it permts the user
to specify any paranetric under{¥ag hazar

where gr=(ﬁ1,ﬁ2,~--,ﬂn) , Z; = the .jth row of Z, and
\ _ R;= {i:i=j,j+L--,N}= the risk set at the j™ ordered event
time t(_,) |

The logarithm of the likelihood (ie I=log(L)) may

. preferably be written as

1(z1§)=§d: Zp —log[ 2 @‘P(zf@)}

i=1 JjeR;
N { N
=24 Ziﬁ"’og{zé"f,fe’@(zfé)]’ (4D)
N i=I j=1 _
where
0,ifj<i
Si.j Z{I, if) > i

Notice that the model is non-parametric in that -the
parametric form of the survival distribution is not
gpecified - preferably only the ordinal property of the
survival times are used (in the determination of the risk

sets) . As this is a non-parametric case ¢ dis not

required (ie g=0).

In another embodiment of the wmethod of the
invention, the model defined by the likelihood function

- is a parametric survival model. Preferably, in a




function. Following fromAitkin and C ayton (1980) a preferred Iikelihood

function which nodels a paranetric survival nodel is: N 1=~ clo - 10t

- S~1ji -.U+ct St=1 _ A(Yi So)J (5D) where 1$=A(yi ;Oex%(?(lg‘{ﬁﬁ. | tkin and
Cl ayton (1980) note that a consequence of equation (5D)'i%" ﬁ@ the cl's
may be treated as Poisson variates with nmeans ul.and that the last term

.in equation (11D) does not depend on /&3 (although it depends on q').
Preferably, the posterior distribution of /3, ¢ and r giveny is P(/3;,~~TI

y) a L(y)baremBeitz xRtk va8Dnotiel , MBT 2008 $5cwvber 6f N(dkhBatsMor$) t he
l'i kel i hood function. in one enbodinernt, r my be treated as a vector of

m ssing data_and an iterative prqocedure used to maximse requation (6D) to
bt oduce aBRUarBrrR: 2EBPr AL B ths ther AETRPRERtE, ARa® ok 1y i & such
that the maxinmum osteriori _estimates w.l nd to be spar i.e. if a

| arge nunBBECOF B, RRSREREeEr. aRRReTayan Witk YT SHReTE R e e
zero. Becafis¢he pur®ivaipdehatiicgn fexctlisn. hdrefemardgpenenwetheli | 6r are
zero, the estimation may be perforned in such a way that nost of the
esti ne? edPrgyides £p& & opéﬁf&lﬁﬁ@loﬂl@rrﬁier;‘rﬁﬁ’éjlﬁ’@n-(?@fioe§§t1i"\‘7‘§tl€§)pr ovi de an

adequat e gexpl apation of the survival tines. In the context of mcroarray
data this exercise

parameters ﬁTand the estimation of ¢T=(¢b¢pny¢h) for

parametric survival models given the data X, y and c.

10 In applying é parametric survival model, the survival

times do not require pre-processing and are denoted as y.

-

The parametric survival model is applied as follows:
Denote by f‘(y;Q, B.X ) the i)arametric density function of the

survival time, denote its survival function by

[« a]

15 S(y;go,ﬂ,X )= I f (u;lp. B.X )du where ¢ are the parameters relevant
¥y

to the parametric form of the density function and f,X are

ag defined above. The hazard function is defined as
W(vi:9.8.X)=1(i0.8.X)[3(v:9.8.%)

Preferably, the generic formulation of the log-likelihood

20 function, taking censored data into account, is

1= fstos (1 (9..0)) +0-a)os(s 0.2,

Reference to standard texts on analysis of survival
time data via parametric regression survival models
reveals a collection of surviwval time distributions that

25 may be used. Survival distributions that may be used
include, for example, the Weibull, Exponential or Extreme

Value distributiocns.




translates to identifying a parsinonious set of genes that provide an
~adequat e explanation for the event tinmes. As stated above, the conponent

wei ght:s whi ch maxi nmise the -posterior distribution may, be t I ned using
an iterative procedure. Preferable, the iterative pr o'ch%ﬁﬁ Zﬁékg}

maxi m si ng the posterior distribution of the conponents and conponent
weights is an EMalgorithm such as4 for exanple, that described in
Denpster et al, 1977. I.n one enbodi nent, the EM al gorithm conprises the

steps: 1 7 MAY 200 Ipigialising the algorithmby setting n=0, So =
1112, ..., p 3, fz‘%ité?g?‘?gszea’éi.}fﬁi@fﬂkﬁi’ﬂg %ﬁﬁobwff%f‘ﬁt(e@)agm* . 92(0) , K i a

84 0, othenw se a patrix qf r.oes d onesy sugh t-hatyBpgyhe nonzero
el ements r mﬂf’g‘f/ﬁ?@(‘n yé’aﬁ)ﬁ’é&c(fiéf% nﬁ@ﬁﬂ: )X})’(‘ﬁ’jp((f"%?’i'ﬂlen)")PTQ 6=p.Y -
. chosen. 3. Performng an estimation step by cal culating the expected val ue
of the postani ¢yl r;ir__j& ) ( onen X;@/\Ei . This may be perforned
usi ng the func?}((;g'n!g'}s‘%(/ETj ﬂ&gﬁﬁyzj@jeog( ( ,v]\ferly))lv"a(nl,f(n)}
1CvI/3,9("i)-1 N Py_2;:' r J (9D

A.yyg = ‘Azag uis the integrated hazard function and

dA(yi:p)

(pig) =220

; X; is the i®™ row of X.

The Weibull, Exponential and Extreme Value distributions
have density and hazard functions that may be written in
Y, the form of those presented in the paragraph immediately
above. ' ' |

The application detailed relies in part on an '
algorithm of Aitken and Clayton {1980) however it permits

the user to specify any parametric underlying hazard
function.

Following from Aitkin and Clayton (1980) a preferred
likelihood function which models a parametric survival

model ig:

& A(y:)
1= ¢ log(;)— pie; | log| —~T e (5D)
i=1 . A(}’i;?}) .
where ;Q=A(yi;g)eagp()(i§). Aitkin and Clayton (1980) note
that a consequence of equation (5D) is that the ¢'s may
be treated as Poisson variates with means gand that the
last term in equation (11D) does not depend on S

(although it depends on ¢).

Preferably, the posterior distribution of B. @ and

~ -~

given y ig

P(ocly)eL(y|ee)p(l)r@) (sD)




where 1 is the log likelihood function of y. Using /3 = prt y and a(rt) =p
rt yin) we have 2 QVYIY(n),~(rt~> =1~lpnr,~(n~)-1 NY; 2(Yfn~) 4.
Perform ng the maxi m sation step. This may be perforne%:%%%wg Newt on
Raphson iterations as follows: . Set 70 =Y(T) and for 2008 e+1 = vr
+ ar Sr where ar is algorithmto ensure by (7D) (8D) a line search. Q(Yr+1
Il YO,On)) > QYr I y(rt,, ~(rt>, x and 1 7 MAY 2006 67 al r,

ar=di ag(Y<?))L-diag(Y' ")) .-diag(Y ngE¥+,1"(ar r Y(rt) A al A27 a2l where
a-Y="PrtT- P'r Prt for Yr /~, gar a2yr = 0 /3, =I"" Let y be the value of
yr when sone converg ﬁ criterion is satisfied e.g IlYr-Yr+jtl < s (for
exanpl e epEein @rl {ﬂfllﬁetﬁls*éli?&i@lll@ﬂqlfmon >Eln=1/fj1 where al is
a smal |l constant, say 10"5. Set n=n+l, choose

In one embodiment, 7 may be treated as a vector of

missing data and an iterative procedure used to maximise

- equation (6D) to produce a posteriori estimates of .

The prior of equation (iD) is such that the maximum a
posteriori estimates will tend to be sparse i.e. if a

large number of parameters are redundant, many components

of g will be zero.

Because a prior expectation exists that wany components

[

T : L] L)
of B are zero, the estimation may be performed in such a

way that most of the estimated pB;'s are zero and the

remaining non-zero estimates provide an adequate

explanation of the survival times.

-In the context of microaxray data this exercise

translates

to identifying a parsimonious set of genes that provide

an

adequate explanation for the event tiﬁes.

As stated above, the component weights which maximise the
posterior distribution may be determined using an
iterative procedure. °Preferable, the iterative procedure
for maximising the posterior distribution of the
components and component weights is an EM algorithm, such

as, for example, that described in Dempster et al, 1977.

in one embodiment, the EM algorithm comprises the steps:




P(n) +xn ~rp* -f(n) | where * satisfies =0 aq' (10D) and xn is a danpi ng
factor such that O< xn<l. 6. Check convergence. |If [17*-y(n)lI <32 where s2
is suitably small then stop, else go to step 2 above. eié?"m%ag

enbodi ment, step (4) in the maxi msation step nmay belest

replacing a2l with its expectation a Tr In one enbodi nent, the EM
algorithmis applied to naxim se the posterior di stribution when t he nodel
is Cox's proportional hazard's nodede To aid in the exposition of the
application of the EM al gorithm'when t he nodel is Cox' s proportional -

h d d ' ts" tri

based on 1 Res h61 Bt Sbd g B . B9, U RR Oeol & 1 (i 11
wil=NE4.7? 0 d , 1=1 dI - W*. Mat based

T b R A e e

2. Defining

B, ies,
0, otherwise

A=

and let F, be a matrix of zeroes and ones such that
‘the nonzero elements y(") of ﬂ(") satisfy

m - pT ﬂ(") ﬂ(ﬂ) =p 7(")
niz 2 - LA

_Bp . gz, (7D)

e

]

3. Performing an estimation step by calculating the
expected value of the posterior distribution of componeﬁt

weights. This may be performed using the function:

0815°,9") = Bliog(P(p.0.71 7))l 3.87,0)

f

2 (8D)
ny 1
= 19140 -3 | D
T 25 A
where !/ is the log likelihood function of y. Using

B =Py and ™ =P y™ we have

2
o 7™.e") =1¢| By. ™) - z(%} - (D)
r.1 Y
4. Performing the maximisation step. This may be

performed wusing WNewton Raphson iterations as '

follows: -
Set 70 = Z(”) and for r=0,1,2,.
Yre1 = ¥r + @ &, where o,.is chosen by a line search.

algorithm to ensure Q(;_f,+l I-j_f(“),g_i_?("}) > Q(?’ | 7’ ,?("))

and




"W* =] ddV wl i=1 In terns of the matrices of of weights the first and
second derivatives of 1 may be witten as aQal = ZT'y az aft2 ZT
(W*-d(W))Z=ZTKZ (iiD) 1 7 MAY 2006 69 where K=W'-d(W). Note therefore
fromthe transformation matrix P. described as part df7 S§gp @ of the EM
al gorithm (Equation 7D) (see also Equations (10D) ).it follows that 8l -PT
81 -PTZTJ~ n ((~~ n ayr al''r 82z 2 _:i Pn =PTZT(W _-0(W)) ZPn PTZTKZPP

r aj6r (12D) Preferably, when the nod& is Cox's proportional hazards

nodel the E step and Mstep of the EMalgorithmare as follows: 1..1. Set
n=0, So = (1,2,---, p). Let v be the vector wth conmponents 1-8, if ci =1

~vi _ 8, if CG=0 for gon N say310 i-ned t8 be log(v/t). If
p -< N conpute initial Qvgfﬁlﬁ@ﬁ/)g %?g-(ﬁ, %é?%(ﬁiﬁfg_ﬁp

ol ol &l o)
=‘F;T . = pT =
o, "op Ty, hag o ot BTRL G

r

where

: *
Let y be the value of y. when some convergence

criterion is satisfied e.g {|7,9.4ll <& (for example

£=10"5 ).

. *'- * . - . ’
5. Define f =Ry , Sn={z:|ﬂi| >£1max[ﬂj\} where g is a
. T

small  constant, say 1075, Set n=n+l, choose

' %
al(J:IPn?: :?)

1 [ * '
?(m-) =€(rz) K, (?',* __ﬁ(")) where 49* satisfies Y
] @

-

=0
and k, is a damping factor such that 0<x,<l.

6. Check convergence. If lly:*——z(n)lksz where g is suitably
small then stop, else go to step 2 above.

t

In another embodiment, step (4} in the maximisation step

'may be estimated by replacing ;21 with its expectation
|
o'y

E{

).

T

In one embodiment, the EM algorithm is applied to
maximise the posterior distribution when the model is
Cox’'s proportional hazard’s model.

To aid in the exposition of the application of the EM
algorithm when the model is Cox's pfoportional hazards
model, it is preferred to define “dynamic weights” and

matrices based on these weights. The weights are -




If P> N conpute initial values /f by (I -ZT(ZZT +Al)-'2Z)ZTf where the
ridge parameter A satisfies 0 < A< 1. 2. Define Y1, E IJ 0, otherw se
1 7 MAY 2006 70 Let Pnbe a matrix of zeroes and ones g,?gthe nonzer o
el ements r(n)of j6(n) satisfy y<"~ =prY(n) (") =p Y?") PrQ =PY 3.
Performthe E step by calculating (81,60)) = E(log(P(e 19, zIt))jt Q"I
la'Y)-1t( lin)12 21 Yi where | is the log likelihood function of t given by
Equation (8D). Using 6 = P*" y and pes) = P" y1"l we have N 21-1 y(" ) 2 4. .
Do the Mstep. This can be done with Newton Raphson iterations as foll ows.
Set yO=g(r)and for r=0,1,2, . Yr+l = Yr + ar S where ar is chosen by a

line search algorithmto ensure Qi eip Lzl)g)-") repi”))>Qy I ye") ~(")I For
p -< Nuse \ 4r =di ag(y(n))(YWY*I—W—V——\LI“meag(lly(n))y vvhere Y =

. ZPndi ag(y(n)) For p > N use = diad gg%eg IBY_YT (YYT +K-1)-" J )(YT W
-diag(l/y(n)) y) Let y* be the val /ien some/ convergence

criterion is satisfiede.gl!l I VYr -_Yr+|I | < s (for exanple

N
¥k
wy =) diwy,

i=1

7 =d1—w:.
Matrices based on these weights are -

) (w1 )

¥

Wi2

R
l

N
*k
W=y dww
i=1
In terms of the matrices of weights the first and

second derivatives of !/ may be written as -

a

% =zTw
? (11D)
;;l =2" (" -a(w'))z=2"kz ’




10-5) . ) ‘17 MAY 2006 71 5. Define / f * —Py# sn =~1:1ni >eimax1fli | where
si is a smll constant, say 10-5. This step elimnates variables wth
very small coefficients. 6. Check convergence. If jjy*-y(n)jj<E2 where s2
is suitably small then stop, else set n=n+l, go to stdgpj 24AYalitite and
repeat procedure until convergence occurs. |In another enbodinent the, EM
algorithmis applied to nmxinise the posterior distribution when'the nodel
is a paranetric survival nodel. Ing@pplying the EMalgorithmto the
paranetic survival nodel, a consequence of equation (SD) is that the cj's
may be treated as Poisson variates with nmeans p and that the last termin

equati on (9 oes *He on /3 ou ogepengs aon S . Note
: tﬂat Iog((lt%l:lgog(ﬁ? ?ffnd) 6 and(@ogert s!silexletgsglgg e(}"?oﬂcou?:%% t he

bl f P k Pref erabl y,
it orat | SeebiEof O RS e Fsac?ila%q??%%% R et S epforned
where gi veBhiniii &l o661 LARL @Rt i6n YR ¢St sSs ﬁ&ua(t?ior%r%%ﬁ gi ned. Then

given these estjmates of /t, updated estinmates of are obtained. The
pr ocedur e F-E E%Jc?%%e‘ﬁla‘hntll conver gence occurs. Appl yi ng the posterior
distributio descgi bed above, we note that (foryfixed p) alog(/1) i a~

a~ = al og( =did—al-op{zW X= (13D) aQ ap aft al 46 Consequently from
Equations CYAD) & (12D) it fol | ows

: (12D)

621 pr 0%l
Bzf i 3B’

(W‘ ~A(W")) 2P, = P'Z"KZP,

Preferably, when the model is Cox's proportional hazards

model the E step and M step of the EM algorithm are as
follows:

1.1. set n=0, S = {1,2,---, p}. Let v be the vector
with components

— 1—8 3 Z:f‘ cz--_—'].
vi - {E L] if T =0

for some small g , say .00l. Define £ to be log(v/t).

S If p £ N compute initial values § by

B =(Z7Z+AIy'Z"f
If p > N compute initial values f by
I8 =i-(1 ~ZNZZT + A 2)Z7f

where the ridge parameter A satisfies 0 < 4 < 1.

2. Define

{ ﬁ;, ies,

0, otherwise

ﬁ(“)




that. 1 7 MAY 2006 72 01 z a~ =XT (C,u) and a 1 =-XTdiag(p)X . Q The
versions of Equation (12D) relevant to the paranetric survival nodels are
ay, 0Q 2 2 a 2! p -021-P. =-PTxTdiag(p)XP" r (14D) To salve for rp after
~each Mstep of the EM.algorithm (see step 5 bel ow)  prefedalfiy M§ lp p
+Xx~(tp tp where ~ satisfies at =0 for | |Il1 ~p 0O<Xn<l and (3 is Tixed at
the val ue obtained fromthe previous Mstep It is possible to provide an
EM al gorithm for paraneter selection in the context of parametric survival
model s and microarray data. Preferably, the EMalgorithm is as follows: 1.
“Set n=0, So = [Let2 Hbe a pgaqn(mme:aﬁ Jzerdi)and Letey Hech henatectiys with
conponents Vi Il-e , |fc — , IL.f. C=0for sone small '"E, say for
exanpl e . 0Gkmndaat I&Q_efnehﬁsbﬁn)&,;@ W)Aggtp;s}_ If p -<N conmpute initial values
i f by /J*—(XTX+ ZI). I XTf if"P > N conmpute |n|t|al values /3 by (I -XT (XXT
+2.1)-" X) XTf

™~
2)

) — R}"g(n) s g(n) = ‘Rt?.,(")
=P'p s g =By

™

3. Perform the E step by calculating

Q(@]é’w) = E{log(P(é"?’T]?.))l,{,é(")}

_ . = I(.lﬁ)__Z(ﬁ(,,)}

i=l
where 1 is the log likelihood function of ! given by

Equation (8D). Using B =Py and ™ =P y® ye have

o ly™ —l(.IPJ')——Z[ (,,)]

4. Do the M step. This can be done with Newton Raphson

iterations as follows. Set y0=y(r)and -for ¥=0,1,2,..
Yr#1 = ¥ + @ 9, where @,is chosen by a line search

algorithm to ensure Q(Zm ] y("),qy("))>Q(yr | ;f("),qzr{")).

For p < N use
8 = diag(;:(”))(y”'xn 1) (YT W-dz’ag(l/ ;»_r(")) ;_f),
where ¥ =Zﬁ,diag(z(")).

For p > N use

8, =diag (Z(n))(I—YT (YYT +K1 )—I y] (YTW"fhdiag(l/ /) )Z)

Let ¥* be the value of ¥, when some convergence

criterion is satisfied e.g || ¥r - frul] < & (for example
107%) .




] [ rameter A'satisfies 0 < A < 1. 17. MAY 2000 2. Define 73
\S?ﬁ;e t?efr: d?eng Sn. 0, otherwi se Let Pnbe a matrix of zeroes and ongIs
such that the nonzero elenents y(n)of j6(n) satisfy y(n) = PT %én) » n)
=Py(n y=PT,6 Q=P. y 3. Performthe E step by caltyl Mm’lnwz Q3 _

(n), p(n)) E{log~P(a, q ,z I y)) I (19 1(YlI Rmn))-1 fff~f3 L(g) and
where * 1.is the log |ikelihood funct_'an of y and 9(n) Using f —2 4 an
6(n) = P. y() we have Qyiy(n),9(n)) =1(YIPnY,~(n))-1~ yt 2 vyi n]Z 2 4

‘the Mstep. This can be done with wt on Raphson teratlons ash OenO\gS R
-Set yo =Y (m).antefHe I SYyL tﬂ‘llz’ Y + arl@n‘ reealrgis ﬁiO%(n)gl a
| ine search al gorithm o sure (ﬁ(y +, 1. )?( ) > y(Wh

p :5N use -dia &y(n))[Yle ag( k) Yn+nT' (YT (E—P -diag(1l/y(n))y) er\e{J/
Y=XPndi ag(yEAptL FepspantN sgy Bo=.di agily_s;( mxkb! = YThYXTed agl Asr1ds

) he val ue of yr when sone
r(c- di attyfeh Wolv 7=V 2006- 44 Le y be t _
C(()nvergence criteri nsrlhésal satlgfr'ﬁ &eél I Yr - Yr+1l |

6. Check convergence. Iif liy*-'—;f(") |l<e  where

& is
suitably small then stop, else set n=n+l, go to step 2

above and repeat procedure until convergence ocCcurs.

In another embodiment the EM algor::.thm ig applied to
meximise the poster:.or d:.str:.butlon when the model is a

- parametric survival model.

In applying the EM algc'arithm to the parametic survival
model, a conseguence of equatioxi (5D) is that the cy's may
be treated as Poisson variates with means 4; and that the

last term in eduation (5D) does not depend on B {although
it depends on ¢).

Note that log(;zi)zlog( (yl, )) ﬂ and so it is

possible to couch the problem in terms a log—linéar-model

iterative
maximization of the log-likelihood function is performed

for the Poisson-like mean. Preferably, an

where given initial estimates of ¢ the estimates of f

~ -

are obtained. Then given these estimates of B, updated

estimates of ¢ are obtained. The procedure is continued

until convergence occurs.

Applying the posterior distribution described above,
we note that (for fixed ¢) -

dlog(r) 1ou oy olog(s) . dlog () o
= o= pg————Land —2VE ¥, 13D
aé' P aé aﬁ f 14 Bg ar ag i { )

Consequently from Equations (11D} and (12D) it follows
that.




for exanple where el

-10-5 ). 5. Define pny . Sn=fi:l1AA 1 >eimax1/3jl j < s (
I 81(Y I pnY*,~) ?(n+l)
and

is a small constant, say 10-5. Set n=n+l, choose
(n) + -97 (n) where ~ xn(q ~ 1 W satisfies =0 8 Gndﬁ? ﬁanprng
factor such that 0 <Kcn <1 . 6 . Check convergence. |If i ﬂw Il <e2
where e2 is suitably snmall'then stop, else go to step 2. In another
enbodi nent, survival tines are described by a, Weibull survival .density
function. For the Wibull case q is.preferably one dinensional and N
Preferably, al _N+J(cz-p)log(yl)=0 is solved 8a a 1=1 after each Mstep so
as to provide an updated vaIue of a. Followng the steps applied for Cox's
~ proportional hazards nod e may estrq;%e a and sel ect a parsinonious -
subset of paraneters fronr#t —a@nanﬁr ggm te expl anation for
bul

the survival tines if 5w%urvrval trnesaﬁoIIOM/a di stribution.
. Features anﬂladvanta S éﬁ he resent i nvention will becone appar ent
foll owing a descri éibsn DY RRYevIRb YO EheNFRESEEKANPLE 1

Two group C%msixfa]cactddaﬂsf @kePr ostate Cancer using a Logistic regression
nodel

%——P’aﬁ =FTX"(c—u)
1, ol (140)
o7 o 7Py =—B X" diag () X,

- To solve for ¢ after each M step of the EM algorithm

(see step 5 below) preferably - put

1 1
qg('H' )= ?(’H_ )+rc,, (@* - u(n)) where ¢* satisfies =0 for

P 0
0<x,<1 and B is fixed at the value obtained from the
pPrevious M step. |

It dis possible to provide an EM algorithm for
parameter selection in the context of parametric survival

models and microarray data. Preferably, the EM algorithm

igs as follows:
1. Set n=0, &y = {1,-2,-- , p} gp(mmal) () Let v be the
oA vector with components

V :{l—e, if =1

i £ {f cf=0
for some small € , say for example .001. Define f to be

log(v/Aly.9)).

If p < N compute initial values §' by 8 =(X"X+AD'X'f

If D > N  compute initial values Jia by

AE‘ =%(I _XT(HT +3’I)-1X)er

where the ridge parameter A satisfies 0 < 4 < 1.




In order to identify subsets of genes capable of <classifying tissue into
prostate of non-prostate groups, the mcroarray data set reported and

anal ysed by Luo et al. (2001) was subjected to anal ysi irf}éﬁg ﬁ@e met hod
of the invention in which a binom al |ogistic regressi ed as the
nodel . This data set involves mcroarray data on 6500 human genes. The
study contains 16 subjects known to have prostate cancer and 9 subjects.
wi th benign prostatic hyperplasia. However, for brevity of presentation
only, 50 genes were selected for analdfsis. The gene expression ratios for
all 50 genes (rows) and 25 patients (colums) are shown in Table 4. The
results of appbgfigethe nethod are given below The nodel had G=2 cl asses
and comrenced with all 50 genes as potential variables (conponents or
“basis functions) in the nodel. After L1 iterations (see below) the

al gorithm found 2 genes (nunbvﬁs)g dhd 47 io§ St abl e 5) which gave perfect
classificati on To determine whet her O.heotheswdet wWas an artefact due to the
| ar ge nunbe er o Igenes (variables) available in the. data set, we ran a

per mut ati on ?"est miifer 8by"atHe k| ass zendvel sandr enandenty nersait edeand t he
al gorithm subsequently applied. Thl® was repeated 200 tinmes. Figure 1

gi ves a hi stogram ofldnemtizu bfofﬂ( assgs;ls@fgrrect ly classified. The 100%
accuracy for the actual data set is in the extrene tail of the pernutation
distribution with a p val ue og,fﬂ) Q=1§vr @hi S spgoesh: ¢hhe results are not due
to chance. The iteration details for~the unpernut data are shown bel ow
1 7 MAY 2006 76 :[-—-Pg . B =Ry '

~ 3. Perform the E step by calculating

081 5,6 = Efiog(P(g, 2.713))12.8%.¢")

1@!@@‘"’%5[%]
i

i

i=l
where & 1 is the log likelihood function of Y and qa(n)

Using f =Fyand f® = Py"™ ye have

o0 179" =z(flf:,z,¢‘”’)—1—i[~—”'—]z
- 253 ?’:{")

4. Do the M step. This can be done with Newton Raphson
iterations as follows. Set y0=y(r)and for r=0,1,2
Yre1 = 7y Yo &, where a,is cﬁosen by a 1line Asearch
algorithm to ensure Q(;}_fr+1 | Z( ("’)>Q(y }y qp”)

For p < N use
& = —diag(y)[¥; ding ), + 1727 (e ) diag(1/y"))
where ¥ = XPdiag(y).

For p > N use

5, = —diag(z("))(I—YT (YYT + diag(1/ ;3))_1 Y](Y,{ (e~ g)-‘diag(]-/ Z(n)) ,_,)




Iteration 1 13 cycles, criterion -0.127695594930065 m scl assification
matrix 12 116 0 2 0 9 row =true class Cass 1 Nunber of basis functions
in model 50 Iteration 2 7 cycles, criterion =1.58111247310685 '
msclassification matrix 12 1 16 0 2 0 9 row =true cllab<4& 885 1 Nurber
of basis functions in nodel 50 '
*********************************************** |terat|0n 3 5 CyCleS,
criterion -2.82347006228686 rTiscIassL}fication matrix 12116 02 0 9 row
=true class O ass 1 Number of basis fdnctions in model 45

kkhhkkhkkhkkhhkhkhhkhhkhkhhkhhkhkhhkhhhkhhkhkhhkhhkhkhhkhkhkkhkhkkikkikikk* Iteratlon 4 4 C Cl es
)

criterion -3. 035&]:35992&%8 Ehé Chagsiel | 6AL 10N JIRI | Xomd ZohyéryB£006 77 1
16 0 2 0 9 row =true class Cass 1 : Variables left in nodel™2 3 8 9 11 12
17 19 23 25°89-eyiozs i8052818614¢ 48349] ] v - Yenl| < & (for example

07y, '

. * * -
5. Define f =Ry , Sn={z:|ﬂf| >51max|ﬂj|} where g is a
: Y

small constant, say 1075, Set n=n+l, choose

! alylBy ¢
Q(H ) = ?(n) +&, (‘?* -—g(")) where ¢ satisfies —(—"——éf-:-—:)
: ) ?

\ and &, is a damping factor such that O<x, <1.

=0

6. Check convergence. If -“Z*-—Z(n)lké‘z where g is suitaﬁly

]

. small then stop, else go to step 2.

In another emwbodiment, survival times are described
by a Weibull survival density function. For the Weibull

case @ is preferably one -dimensional and

A(y;qg)=y“,
Apig)=ay™,
7=a
a _~v & -
Preferably, ~6—;=—&~+Z(Ci—'—yi)log(yi)=0 is solved
i

after each M step so as to provide an updated .value of &.
Following the steps applied for Cox’s proportional
hazards model, one may estimate aand select a

parsimonious subset of parameters from B that can

provide an adequate explanation for the survival times if

the survival times follow a Weibull distribution.

Features and advantages of the present invention will

become apparent follc_)wing a description of examples.




regression coefficients -0.00111392924172276 - 3.66542218865611e-007 -
1.18280157375022e-010 -1.15853525792239e-008 - 2.23611388510839e-01 0
-1.99942263084115e- 008 -0.00035412991046087 - 0.844161298425504
-7.02985067116106e- 011 - 7.92510183180024e-011 - 0. 0002867 H{¥87THR5763
-8.12273456244463e-008 - 4.57102500405226 -0.000474781601043787
2.81670912477482e- 011 -1.0 2591823505395e- 008 1.20451375402485 ) .
-0.0120825667151016 = 0.000171130745325351 Iteration 5 4 cycles, criterion
-2.82549351870821 m sclassification nm&Erix 1 2 116 0 2 0 9 row =true
class Class 1 : Variables left in nodel 2 17 19 29 36 40 47 48 49 .
regression eqepbtggents -1.01527560660479e- 006 -6.47965734465826e- 008 -

0. 36354429595162 -2.96434390382785e-008 -5.84197907608526 -8.399 1 7 MAY
2006 78 36030488418e-008 1.22712881145334 -0.00041963284443207 -

5.78172364084289E008 Twerdid (B a4s6¥EEESi o 142 1H:QR tale 414605824366
nisC|aSSifiﬁéﬁhgnanﬁ£§l§tié'é%é&égéign %oge?

In order to identify subsets of genes capable of

classifying tissue into prostate of non-prostate groups,

the microarray data set reported and analysed by Luo et

al. (2001) was subjected to analysis using the method of

the invention in which a binomial logistic regression was

used as the model. This data set involves microarray data

U : on 6500 human genes. The study contains 16 subijects

known to have prostate cancer and 9 subjects with benign
prostatic hyperplasia. However, for brevity of
presentation only, 50 genes were selected for analysis.
The gene expression ratios for all 50 genes {(rows) and 25
patients (columns) are shown in Table 4.

The results of applying the method are given below. The
model had G=2 classes and commenced with all 50 genes as
- potential variables (components or basis functions)} in
the model. After 21 iterations (see below) the
algorithm found 2 genes , (numbers 36 and 47 of table 5)
which gave perfect classification.
To determine whether the result was an artefact due to
the large number of genes {variables) available in the
data set,'we ran a permutation test whereby the class
labels were randomly permuted and the algorithm
subsequently applied. This was repeated 200 times.
Figure 1 gives a histogram of the number of cases
correctly classified. . The 100% accuracy for the actual
data set is in the extreme tail of the permutation

distribution with a p value of .015. This suggests the
results are not due to chance.

The iteration details for the unpermuted data are shown
below:

LR A R ik o R R R R R L R R R R R L PO S




row =true class Class 1 : Variables left in nodel 19 36 47 48 regression
coefficients -0.0598894592370422 -6.95130027598687 1.31485208225331 -

4- 34828258633208e_007 **_******************************_***************
Iteration 7 4 cycles, criterion -2.20181629904024 m scl dssiMaycagjson matri x
121160 2 -09 row-=true class Cass 1 e Variables left in nodel 19 36
47 regression coefficients -0.001365?8505944133 -7.61400108609408
140720739106609 R R b b S S 6 b S b ************************** |terat|0n
8 3 cycles, criterion -2.02147819230974 1 7 MAY 2006 79 miscl assification
matrix 1 Zterpiom210 9 rbivcytales,classeciass-d. 1oéasisabbesokeft in nodel
19 36 47 regression coefficients -6.3429997893986e-007 -7.9815460139979

1- 47084153596716 kkhkhkkhkkhhkkhhkhkkhhkkhhkhkkhhkhkhkkhhkhkhhkhhkkhhkhhkhkhhkhkhkkhhkkhkikkhkhkk*k |ter at| on
9 3 cycl es,MEdlEesificati92383435656147 ni sclassification matrix

12
116 0
2 09

row =true class

Class 1 Number of basis functions in model ; 50

***********************************************

QWJ Iteration 2 : 7 cycles, criterion -1.58111247310685

misclassification matrix

12
116 0
2 09

row =true class

Class 1  Number of basis functions in model : 50 .

***********************************************

Iteration 2 : 5 cycles, criterion ~-2.82347006228686

misclassification matrix

12
116 0
2 0 28

row =true class

Class 1 Number of basis functions in model : 45

~***********************************************

Tteration 4 : 4 cycles, criterion -3.0353135992828

misclassification matrix

12




121160209 row=true class Class 1 : Variables left in nodel 36 47
regression coefficients -8.19142602569327 1.50856426381189
******************************-***************** |terat| Tlﬁ% Eﬁ:lesi
criterion -1.86996621406647 m sclassification matrix 1OQ 1% @ 209 row
=true class 1 7 MAY 2006 so Class 1 : Variables-left in nodel 36 47
regression coefficients -8.3099823#780385 1.52999314044398 Iteration 11.

3 cycles, criterion -1.84085525990757 mi sclassification matrix 1 2 1 16 O
2 09 row-=true class Class 1 Variables left in nodel 36 47 regression
coef fici et 8 98.37612256703144 1.54195991212442 -

*********72**7b*7§********************************

criterion -1.82494385332917
row =true class

Iteration 12 3 cycl es,

Class 1 : Variables left in model
23 89 11 12 17 19 23 25 29'31 36 40 42 45 47 48 49

regression coefficients
~0.00111392924172276 -3.66542218865611e~007 -

1.18280157375022e-010 -1.15853525792235e¢-008 -
2.2361138851083%e-01 '

{1) 0 —1.99942263084115¢~008 -0.00035412991046087 -
N 0.844161298425504 -7.02985067116106e~011 -
7.92510183180024e~011

-0.000286751487965763 -8.12273456244463e-008 -

4.57102500405226 -0.000474781601043787 2.81670912477482e~
011 -1.0

2591823605395e-008 1.20451375402485'e0.0120825667151016 -
0.000171130745325351

B o o S R AR Rk L LR R R TR E R R RS SR A ag M Sroge e

Iteration 5 : 4 cycles, criterion -2.82549351870821

misclassification matrix

12
116 0
2 09

row =true classg

Class 1 : Variables left in model

2 17 19 29 36 40 47 48 49

regression coefficients

-1.01527560660479e-006 ~6.47965734465826e-008 -

0.36354429595162 -2.96434390382785e-008 -5.84197907608526
-8.399




m sclassification matrix 1 2 116 0 2 0 9 row =true class Cass 1 :
Variables left in nodel 36 47 regression coefficients -8.41273310098038
1. 54858564046418 17 MAY 2006 81 Iteration 13 2 cycles, criterion
-1.81623665404495 misclassification matrix 1 2 1 16 0 {270q& ra(§ =t r ue
class Class 1 : Variables left in nodel 36 47 regression coefficients
-8.43290814197901 1.55223728701224 78

khkkkhhhkhhdhkhkhhhkkhhdhkkhhdkhhhdkkrhdkkhhdkkkhdkx* |terat|0n 14 2 Cycles
’

criterion - 213434 nmisclassification matrix 12 1 16 0 2 0 9 row
=true cIas5%%ﬁ%éé%%?§evgpgab?%%?*%§q1¥%§3ﬁﬁdép‘°98*h?53%§ﬁ%é%%°8n“
coef fi ci ents. 781824439986606748® 1. 5542447583578

R IR IR b Sk Sk Sk S S R R R Rk Sk kI kS Rk ik kS S Rk Ik

kkkhdkkkhkbhhkhkhhhhdhdh bk xdd bt dtdhhhhrdhbdrhhorrk

Iteration 6 : 4 cycles, criterion -2.49714605824366

misclassification matrix
12
‘l 16 0
2 039

Y : row =true class

Class 1 : Variables left in model
15 36 47 48

regression coefficients

-0.0598894592370422 -6.95130027598687 1.31485208225331 -
4.3482825B633208e-007 '

kkhkkdkhkdhkkbhhdhhhdhhhhhhhddrhdhddhhhhkhbhthhhbrss

Tteration 7 : 4 cycles, criterion -2.20181629904024

misclassification matrix

i2
115 0
2-098

row =true class

Class 1 : Variableg left in model
19 36 47

regression coefficients

—0.00136540505944133 -7.61400108609408 1.40720739106609

Ehkkkhkkk LR AR S L RS T R T TR L AT TR RN R R

Iteration 8 : 3 cycles, criterion -2.02147819230974




Iteration 15 2 cycles, criterion -1.80885659137866 m scl assification matrix
12116 01 7 MAY 2006 82 2 0 9 row =true class Class 1 Variables left in
nodel 36 47 regression coefficients -8.45008701361215 i §§$3ﬂ§§2956666
I[teration 16 2 cycles, criterion -1.80742542023794 m scl ion matrix
121160 209 row=true class Cass 1 Variables left in nodel 36 47
regression coefficients -8.45342684192637 1.55595139130677
kkhkhkkhkkhhkkhhkhkkhhkkhhkhkkhhkhhhkkhhkhkhhkhhkhkhhkhhkhkhhkhkhhkhhkkhkikhkkhkk*k |terat|0n 17 2 CyCleS
“criterion -1.80664115725287 nisclassification matrix 121 160 2 0 9 row
=true class Class 1 Variables left in nodel 36 47 regression coefficients

1 7 MAY 20Q6sclassification matrix

12
116 0
2 068

row =true class

7C1ass 1 : Variables left in model
19 36 47 '

regression coefficients

) ~6.34255997893986e-007 -7.9815460139979 1.47084153596716

khhkhdhhhkdhkkhkdddhhhrhhkdhhbdddhhd kb v d bk ki hhdhs

Iteration 8 : 3 cycles, criterion -1.92333435556147

misclassification matrix

12
116 0
2 09

row =true class

" Class 1 : Variables left in model
36 47

regression coefficients

-8.12142602569327 1.50856426381189

***********************************************

Iteration 10 : 3 cycles, criterion -1.86996621406647

misclassification matrix

12
116 0
2 028

row =true class




- 83 -8.45525819006111 1.55628289706596 Iteration 18 2 cycles, criterion
-1.80621136412041 m sclassification matrix 1 2 1 16 0 2 0 9 row =true
class Class 1 : Variables left in nodel 36 47 regression coefficients
. -8..45626215911343 1.55646463370405 17 MAE Qmﬁ
Iteration 1 ycl es,

hhhkhkhkhh kA kA Ak Ak kA kA kA hh Ak Ak h kA hhhkhkhhhhkkhhkk k%

criterion -1.80597581993879 m sclassification matrix 1 2 1 16 0 2 0 9 row
=true class Cass 1 : Variables left j.n nodel 36 47 regression
coefficients -8.45681248047617 1.55656425211947 .

Ahkhkhkhkhkhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhkhk lteration 20 2 cvcl es
)

criterion -1.80584672964066 m sclassification matrix 1 7 MAY 2006 84 1 2 1

16 0 20 ”Qd%"s:t'_f ue ‘;a{raisailgsa gf j\_/r?rnllc?é)eiles left in nodel

36 47
regression coefficients

-8.30998234780385 1.52999314044398

***********************************************

Iteration 11. : 3 cycles, criterion -1.84085525990757

misclassification matrix

12
1160
2 09

row =true class

Class 1 : Variables left in model
36 47

regression coefficients

-8.37612256703144 1.54195991212442

#**********************************************

Iteration 12 : 3 cycles, criterion -1.82494385332917

misclassification matrix

12
116 0
2 09

row =true class

Class 1 : Variables left in model
36 47 '

regression coefficientsg

-8.41273310098038 1.54858564046418




36 47 regression coefficients -8.45711411647011 1.55661885392712 Iteration
21 2 cycles, criterion -1.80577598079056 mi sclassification matrix 1 2 1 16
0209 row=true class Cass 1 : Variables left in nDdeI 6 4 regressi on
coefficients -8.45727943971564 1.5566487805773 1 7 dibTabl e 4
Di sease  State PCPCPCPCPCPC PC PC Gene I0.840.771.080.890.540.78 0.811.1
Gene 20.930.920. 671. 050. 620. 470. 57. B4Y6 Cene
- 30. 250. 240. 60. 940. 90. 591. 051. 37 Gene 41.020.860. 761. 111. 120. 860. 831. 6 Cene
50. 491. 40. 792+ 4pL. LAL AB0. A33..97 *Qeng*ﬁ;}&é}* 360:,96Q.881. 090. 761. 080. 49
Gene 70. 771.070. 950. 760. 750. 190. 640: 34 Cene
80. 893. 921Ttepabow3l3 651. Bl ky23e6enerdteROth 851 .63462368240529951. 631. 24 ene
100. 630. 880. 560. 940. 670. 420. 60. 42 Cene 110. 60. 620. 750. 640. 490. 810. 720. 82
Gene 120. 840. 150. 670. 840. 790. 930. 610. 77

misclassification matrix

12

116 0
2 029

row =true class

Class 1 : Variables left in model
\ 36 47
regression coefficients

-8.43290814197901 1.55223728701224

*hhkhkdkhhkdhkhhhkdhhhhkhkhkhkdhdkhhkhdhhhrhhhhkhkhhhkdhhkhhkhdhd®k

Tteration 14 : 2 cycles, criterion -1.81146858213434

misclassification matrix

12
116 0
2 09

row =true class

Class 1 : Variables left in model
36 47

regression coefficients

-8.44399866057439 1.5542447583578

R R S R R LR L L R T g R R S RIS

Tteration 15 : 2 cycles, criterion -1.80885659137866

misclassification matrix
12
116 0




ene 131.241.271.181.871.021.041. 30. 65 CGene

141. 231. 040. 970. 870. 810.951.171. 13 Gene 151.611.111. 330.830.990. 630.960.72
Gene 160.590.6811.111. 390. 860. 860. 63 Gene " 170. 470 70. 63@77@@X7gﬂ5280 560. 69
Gene 181.41.40.60.881. 331.612.051. 05 Gene

190. 990. 840. 860. 76. 0. 430. 790. 610. 96 CGene 200.730.920.730.730.670.610.810.91
Gene 211.061. 070. 851. 060. 791. 460. 761. 42Cene

221. 080. 671. 162. 30. 851. 551. 291. 15 Gene 231. 290. 651. 090. 860. 741. 0911. 01 Cene
240. 911. 041. 08% 20. 990. 790. 93 3ene 251.251.071. 220.941. 351. 190. 981. 54 ene
260.91. 341. 130.950. 531. 50. 940. 8 ene 270.30.511.450.921. 331. 610. 330. 42 Gene
280. 390. 710 80 =670e560a570. 60. 46 Gene 291.480.670. 711. 140. 951. 210. 650. 74
Gene 300. 90. 340.91.1..0.971. 010. 971. 06 Cene

311. 165.610.671. 030. 731. 651. 140. 55 Gene -320. 880. 861. 090. 960. 581. 270. 940. 76
1 7 MAY 200€186sDi $eas¥arbhhal es REREPGRCRGBELPC PC ene 330. 73
0.421.530.53%.% 0. 690. 661. 27 Gene 340.84 0.760.721.610.731. 760. 821. 8 CGene
352. 63 1.550.7310. 660. 491. 620. 821.9 CGene 360. 15 0.160. 10. 221. 060. 120. 220. 08
Gene 373. 01 regress2860. ¢60f242ia0s 520. 4 ene 381. 46

0.980.940. 99} Q3bo348132185 1 ss534682956666

***********************************************

Iteration 16 : 2 cycles, criterion -1.80742542023794

misclassification matrix
12
' i 16 0
2 09

row =true class

Class 1 : Variables left in model
36 47

regression coefficients

-8.45342684192637 1.55595139130677

***********************************************

Iteration 17 : 2 cycles, criterion -1.80664115725287

miéclassification matrix
12

1 16 0

2 029

row =true class

Class 1 : Variables left in model
36 47

regression coefficients




Gene 390.87 0.590.841.470.621.971. 151. 56 Gene 400. 77
0. 930. 921. 230. 860. 890. 590. 82 Gene 4l 1.15 0.430.4710.670. 330. 480. 29 Gene
421.12 0.910. 710. 631. 060. 610. 810. 78 Gene 430.86'0.97112fimﬁpqmﬁ§11.280.47
3ene 44 '1.33 1.121.100.921.431.121.150.9 Gene 451.41 e '
1.151.311. 321. 321. 491. 431. Gene 461.14 1.180.860. 990. 880. 970. 921. 3 Gene
475.08 4.957.0811. 267. 599. 592. 682. 5 &ne 480.66 0.721.180.920.911. 271. 161. 2
CGene 49 1.06 1.151.371.671.050.9210.96 CGene 50 32.91 :
12-328-354=55¥@%§%%%19%%%1Z§313%?5 éggg%% 9§tate PCPCPCPCPCPC PC PC Cene
11.24 1.430.431.260.891. 161. 312. e 203 0. 822. 550. 390. 871. 160. 550. 63
3ene 31.17-0.580.50.60. 361.850.721. 07 ene 41.56

1.241. 341. 84 081406k +4 4R 87+ L2086 D083 +049% 1 £ 101 941 340. 921. 426. 99 Gene
60. 23 0.980. 570. 710. 570. 730. 810. 84 3ene 70.4 3.680.490. 231. 050. 540. 791. 34
Gene 81.23 H-rEEigy 180. 7912 30%:1B36,. 6% iGemd B0 -5980621136412041

1.152. 62.241. 951. 471. 31. 54 Gene 100. 48 0. 390. 440. 80. 580. 790. 421. 8 Gene
110. 57 0.580. 820. 690. 670. 60. 771. 09 Gene 120. 49 0. 940. 850. 811. 040. 830. 830. 3
1 7 MAY 2006l aBisdddsation matrix

12
116 0
2 009

row =true class

Class 1 : Variables left in model
36 47

regression coefficients

-8.45626215911343 1.55646463370405-

khkkhhhkhdbhhhh kb kR R R Rk d kb kb bk A AR bk dkkhk k&

Iteration 19 : 2 cycles, criterion -1.80597581993879

misclassification matrix
12

116 0

2 09

row =true class

Class 1 : Variables left in model
36 47

regression coefficients

—8.45681248047617 1.55656425211947

***********************************************

Tteration 20 : 2 cycles, criterion -1.80584672964066

misclassification matrix




St at e PCPCPCPCPC PC PC PC Gene |31.021.160. 761. 491. 381. 291. 47 1.1 Gene |
| 41. 150. 851. 381. 232. 060. 721. 16 0.9 Gene 150.20.521. 10. 390. 760. 371. 18 2. 06
3ene 160. 681. 320. 990. 781. 160. 91.03 1.6 Gene 170. 410. 73{.72jfky7990- 550. 93
0.68 Gene 180.250.561. 710. 863. 070. 992. 42 2. 28 Gene
190. 480. 480. 940. 10. 450. 360. 37 1. 06 Gene 200. 460. 50. 460. 40. 470. 780. 57 1. 31
‘3ene 211.191.551. 161. 271. 540. 931. 61 0. 36. ene 2220. 840.861. 71. 010. 62. 22 0. 99
3ene 231.030. 631. 450. 720. 941. 941. 06 %421 3ene 240.871.110. 861. 371. 180. 81. 19
1.7 ene 252.241.291.270.91.461. 021.04" 1. 2 3ene _
260. 280. 750. 890. 850. 661. 520. 43 0.58 Gene 276. 080. 410. 435. 2231. 850. 17 0. 91
ene 280.41.07@ @31.630. 920. 460. 67 0.9 Gene 292.660. 670. 842. 460. 741. 51. 86
2.41 GEne~%gé£1é0.550.830.981.121.521.29 1.01 Gene
31 0. 430. 30.56T. 680. 810. 831. 33 1.39 Gene 320.591.11.861.081.320.591. 17 0.6
Gene 331.160. 636. 811. 040. 560. 250. 61 0. 26 Gene
341.320“63§%%§Q.820.7 0.230.81 0.45 Gene 351.360.911. 091. 060. 991. 160. 55
2.39 Gene " S5950°13%° 130, 180. 120. 24 0.59 Gene
370. 143. 681. 455. 222. 062. 483. 27 0.5 Gene 381.640. 462. 1521. 660. 872. 78 1.2
Gene 391.550 711.11.631 191 483 31 2.1 Gene 400.740.390. 471. 140. 870. 91. 16
2.42 Gene 5583: 681.%%%6&. S eIt g3y modles 5o

36 47

regression coefficients

-5.45711411647011 1.55661885392712

khkkkkkhhkhhhkhkbhkkbkhhddhhkhhhhhkkhdhhhkththhttdhhdhxk

Iteration 21 : 2 cycles, criterion -1.80577598079056

misclassification matrix
12

116 0

2 08

row =true class

Class 1 : Variables left in model
36 47

regression coefficients

-8.45727543971564 1.5566487805773




Gene 420. 44.671.35.2211. 070. 47 3.5 Gene 430.760. 61. 140. 540. 880. 730. 93 0. 69
ene 44---1.070.841.030.951. 360. 891.15 1.20 Gene |
451.161.131.251. 41. 51.552.21 0.99 Gene 461.080.870.668.790.611.061.46 0.98
3ene 474.292.515.76.087.015.586.28 5.5 1 7 MAY 2006 88 DilsdadBlct at e
PCPCPCPCPCPCP PC Gene 481.181.221.351.311.661.21.131.93 Gene

491. 30. 760. 980. 581. 080. 740. 830. 65 Geng 501. 531. 796. 495. 284. 525. 4122. 034. 6
Di sease State BPH BPH BPH BPH BPH BPH BPH BPH BP Gene

13. 912. 560. 521. 330. 930. 971. 68 1.29 0.9 Gene 240.317.021.610.810.851.06 0.99
0.8 ene 30.9110.510.572.561.371.11.2 1.34 0.91 Gene

40. 850. 8911. 21. 051. 091. 27 1.18 0.68 Gene 50.914. 20. 450. 471. 111. 480. 812. 3
1.13 Gene aéﬂz 1.441.130.891.031.251.13 1.15 1 Gene

70.80. 741. 2532494 941.011. 04 0.92 115 Gene 81.183.691.860. 991. 121. 461. 56
1.53 0.8 Gdne 91. Thded&:l. 491. 360. 871.210.84 1.02 0. 95]|CGene

100. 90. 990./880. 93 0.870.72 0.76 0. Gene 110.881.121.020.9610.961.1 0.79
0.9 Gene 121.030. . 111.290. 761. 020.93 0.89 1.26 Geng -
131. 020. 911..020.870 Z1 &4 9BCo. PL 1.P6 GRG: 1RO. 7P 321. 20. 921. 051. 020. 98

0.93 0.9 Gibend $0. 766482075 79,086,684 0p 280 03 1@ 1122
Gene2 0.93 0.92 0.67 1.05 0.62 047 057 0.46
Gene3d 025 024 06 094 09 059 105 1.37
Gene4 1.02 0.86 0.76 1.11 1.12 0.86 0.83 1.6
- Gene5 049 14 079 245 114 145 043 2.07
C) Gene6 1.05 1.36 0.97 0.88 1.09 0.76 1.08 0.49

| Gene7 0.77 1.07 095 0.76 0.75 0.19 0.64 0.34
Gene8 0.89 392 111 08 063 165 1.01 1.23
|Gene® 139 0.85 1.34 158 215 2.25 163 1.24
Gene 10 0.63 0.88 0.56 0.94 0.67 042 06 0.42
Gene 11 0.6 0.62 0.75 0.64 049 0.81 072 0.82
Gene 12 0.84 0.15 0.67 0.84 079 093 0.61 0.77
Gene 13 1.24 1.27 1.18 1.87 1.02 104 1.3 065
Gene 14 1.23 1.04 0.97 0.87 0.81 095 117 1.13
Gene 15 1.61 1.11 1.33 0.83 0.99 063 096 0.72
Gene 16 0.59 068 1 1.11 1.39 0.86 0.86 0.63
Gene 17 0.47 0.7 0.63 0.76 0.79 128 056 0.69
Gene18 14 14 06 0.88 1.33 1.61 205 1.05
o0 , Gene 19 0.99 0.84 0.86 0.76 0.43 079 0.61 0.96
) Gene20 0.73 092 073 0.73 0.67 0.61 0.81 0.91
Gene 21 1.06 1.07 0.85 1.06 079 146 076 1.1
Gene22 1.08 0.67 1.16 23 (.85 1.55 1.29 1.15
Gene23 1.29 065 1.09 0.86 074 1.09 1 1.01
Gene24 0.9 1 1.04 1.08 092 0.99 079 0.93
Gene 25 1.25 1.07 122 094 135 1.19 098 1.54
Gene26 09 1.34 113 095 053 15 094 08
Gene27 0.3 0.51 145 0.92 1.33 1.61 0.33 042
Gene28 0.39 0.71 0.68 0.57 0.55 057 0.6 0.46
Gene29 148 067 0.71 1.14 095 1.21 0.65 0.74
Gene30 0.9 034 09 1.1.097 101 097 1.06
Gene 31 1.16 561 0.67 1.03 0.73 1.65 1.14 055
{Gene 32 0.88 0.86 1.09 0.96 058 1.27 0.94 0.76




Gene 161.021. 051. 191. 010. 630. 991. 03 1.01 0.8 Cene
172. 143. 421. 341. 610. 580. 860. 67 0.82 0.7 Cene
180. 541. 742. 850. 71. 241. 051. 351. 1 0. 99 Gene 191. 411. 270. 810. 811. 481. 191. 23
1.16 0.86 Gene 200.720.770.870.660.750.870.89 0.73 0. 89 CGengY 2006

211. 110. 630. 951. 160. 951. 161. 62 1.03 0.91 Cene ,

220. 890. 911. 221. 190. 951. 241. 27 1. 11 088 Gene 230.862.770.921.21. 151.721.71
- 1.45 1. 09 Cene 240.80. 870.990. 780. 950.870.9 0.92 0.9 ene

251.511.171

1.31 0. 81
State BPH
0. 761. 040.
.19 Gene
.181. 710.

.4 CGene 33

1

2

1

0. 890. 850.
1.090. 720.
0. 64 3ene
0. 781. 550.
1. 30 Gene
3.681. 751.
ene 430. 67

e

670. 590. 85

3:\’4 nr\ l—

2

ene 282.1

0. 961. 430. 961. 421. 59

he 2720D788@S21. 180. 880. 780. 71 0.93 0.9 1 7 IMAY 2006 89 Di sease
BPH BPH BBifeBPH BPH BPH BPH BPHI

SO B8 006 0P

1.081.211.361. 38

3mSRl 0%

Gene 40
Gene 41
Gene 42
Gene 43

Gene 45
Gene 46
Gene 47
Gene 48
Gene 48
Gene 50

Gene 44°

‘ émseaacn 8D.

1.06

0.93
043
0.91
0.97
1.12
1.15
1.18

495

0.72
1.15

32.91 12.32

0.92
047
0.71
1.24
1.10
1.31
0.86

1.23

1
0.63
1.08
0.92
1.32
0.29

7.08 1126

1.18
1.37
8.35

0.92
1.67

0.86
0.67
1.06
0.66
1.43
1.32
0.88
7.59
0.91
1.05

sﬁer@@ 09317%5@429 1153390{;§ne9 430089 W.6811291. 610. 650. 91. 451. 07
ehle B4 6508490.78510.22 11051 (LP3 87 76 BlefenggB4l. 16

s S 8251555 4P 0108R0 OR%. 4520 08 494 450. 490, 810. 670. 61

.rw936b A5 98.1660.00010@21. 030. 8320.(B27068381. 11
7 65lople.784 led 8oFen .3

e e e T oy

0.831. 151. 11. 491. 271. 39
CGene| 411. 78

08.59. 3643 788090. 9811. 071. 18 1.0
059, IV8Y 88@779.6281.97

0.89
0.33
061

1
1.12
1.49
0.97
9.59
1.27
0.92

4.93 10.99 14.22

1.15
0.59
0.48
0.81
1.28
1.15
143
0.92
2.68
1.16

1
4.72

1.56
0.82
0.29
0.78
0.47
0.97,

1.4
1.33
2.55
1.27]
0.96
3.15

Disease

State
PC

PC

PC

PC

PC

PC

PC

PC

Gene 1
Gene 2
iGene 3
Gene 4
Gene b
Gene 6
Gene 7
(Gene 8
Gene 9
Gene 10
Gene 11
Gene 12

1.24

0.3
1.17
1.56
0.69
0.23

04
1.23
0.69
0.48
0.57
0.49

1.43
0.82
0.58
1.24
0.92
0.98
3.68
0.61
115
0.39
0.58
0.94

0.43
2.55

0.5
1.34
1.16
0.57
0.49
204

2.6
0.44
0.82
0.85

1.26
0.39

0.6
1.84
1.04
0.71
0.23

13
2.24

0.8
0.69
0.81

0.89
0.87
0.36
1.08
1.34
0.57
1.05
0.79
1.95
0.58

0.67

1.04

1.16
1.16
1.85
1.06
0.92
0.73
0.54
1.32
1.47
0.79

0.6
0.83

1.31
0.55
0.72
1.47
142
0.81
0.79
3.96

13
0.42
0.77
0.83

2.3
0.63
1.07]
0.87,
6.99
0.84
1.34
1.64
1.54]
1.85]
1.09
0.35




Gene 4410.75 0.720.621.030.891.121.641.35 0. Cene 451.03
0.8510.811.271.291.341.4 1.27, Cene 460.79 5.830.650.740.480.671.170.83
0.09 Cene 471.45 1.040.740.911.371.051.11.85 1.68 ene 42%@%72
1.661.611.272.962.772.4412.77 5. ene 490.79 0.791. 30. : _@#&_442 10. 91
3ene 503.45 0.930.853.21.041.111.121.16 1.09 Exanple 2: Two G oup
~Classification Using a Large Data set 8nd a binom al |ogistic regression
nodel. In order to identify subsets of genes capable of classifying tissue
into d|fferer%—eFkﬁ+ea#—%ypes—eL——LynphenaT_Lhe_daLa_sa reported and
anal ysed in AdlzadeHDBeaSGA et al. (2000) Distinct types of diffuse |arge
B- cell |ynpHoma I(Bﬁﬁéfled by gene expression profilihg. Nature
403: 503-511 was subjqu d ySi s, us#ng t he %37 MAY] 2006 90 net hod of
t he invention ' IS pvas used as the
nmodel . In theGaaea3se102tHeﬂé 076 m449263gemea;an47n44@ sanples. In the

fol |l owi ng DLE@E. eher 0g.d%fkuge I g " . The sanpl es
have been cl g n 1% ?150 té\% f‘?l sea%ie ) es'& B}tfé{r@teQ%lBCL (21 sanpl es)
B 'Pke

and -Acti vat ec B&.5¢ 2114a %s?-%gvﬁv?t?se'l-ﬂﬁi 208t to illustrate
the use of t eadadee eshddze ogwof @.78 apiidl y ol s1:gger1i genes which are

di agnostic of re dIOS-f‘@S T, pl ying the
met hodol ogy égh%ﬁgenﬂ%gl OW. W%@el ‘It):gd 0% éégsge and conmenced with
al | genes as [5BBEdft | AR5y &5bNdd (OB86i 8.07uMkd9 0242) 228/ t he nodel . After

20 iterationsGthe 18l goust fpad opiod 2091en@45nlm$59r§.3712]8r5b and 1312 (GENE3332X

__SC'SrSFPE?’EFSS o028l 8262 08 0ol B2 bags A s S o i
) Gene 21 149 155 146 127 154 093 161 0.36
‘ Gene 22 2 084 086 1.7 101 06 222 0.99
Gene23 1.03 0.63 145 072 094 194 106 1.21
Gene24 087 141 086 1.37 118 0.8 1.19 174
Gene25 224 129 127 09 146 102 1.04 127
Gene26 028 0.75 0.89 0.85 0.66 1.52 043 0.58
Gene27 608 041 043 522 3 1.85 0.17 0.9
[Gene28 04 1.07 093 163 092 046 0.67 0.95
Gene28 266 067 084 246 074 1.5 186 2.41
Gene30 1.17 0.55 0.83 098 1.12 152 129 1.01
Gene31 043 03 056 1.68 0.81 0.83 133 1.39
Gene32 0.59 1.1 1.86 1.08 1.32 0.59 1.17 0.65
Bene33 1.6 0.63 0.81 104 056 0.25 061 0.26
Gene 34 1.32 0.63 1.18 082 0.73 023 081 0.45
Gene35 1.36 091 109 1.06 099 1.16 0.55 2.39
Gene36 0.2 023 0.1 0.13 0.8 0.12 0.24 0.59
Gene 37 014 3.68 145 522 2.06 2.48 327 059
Gene38 164 046 215 2 166 0.87 2.78 1.27
Gene39 155 071 1.4 163 1.19 148 331 2.14
Gene40 074 039 047 1.14 087 09 1.16 2.42
Gene41 6.08 3.68 1.04 036 203 1.85 1.24 3.52
Gene42 04 467 13 522 1 1.07 047 3.52
Gene43 0.76 0.6 1.14 054 088 0.73 093 0.69
Gene44 107 0.84 103 095 136 0.80 1.15 1.20
Gene45 1.16 1.13.125 14 1.5 1.55 2.21 0.99
-fGene46 1.08 0.87 066 079 0.61 1.06 1.46 0.98
Gene47 429 251 57 608 7.01 558 628 5.58




about 20 seconds on a | aptop machine. Table 5 Predicted class 1Predicted
class 2 True class 1201 True class 2021 To determ ne whether the result was

an artefact due to the |arge nunber of genes (vari abl F7) yaz%\gbl e in the
data set, we ran a pernutation test whereby the class re randomy
pernuted and the al gorithm subsequently applied. This: was repeat ed 1000
times. Figure 2 gives a histogramafgthe percent of cases correctly
classified (lanmbda). The 97.6% accuracy for the actual data set is in the
extrene taj lon distribution with a p value of .013. These
observati ops suggB#&easthe results are not due to charjce. Exanple 3: Milti
group QG aspificatigpp.1 7 MAY 2006 91 In order to idertify genes capable of
cl assi fying sanpl es into one of a multitude of clasges, the data set
reported LyPhd iRCYeRE otPG@I PEand¢ CBO PG 133-143 (2002) was

subj ect ed [Genad yHits usbag 3% T8t hqueof 1peq 4anveggion in which a

Iikelihood ed o] regression. The sane
pr e- proceskl ng ‘@ escﬁqgeg’ g|98n %é rquna(?%ﬁag%oieéﬁggppl ied. This
consisted@i’]@tﬁo._t_dlﬁimij 648 p28hd.520]| 3.6028PB_at.Blays: BCR ABL. R4,
ML.R5, Normal.R4, T.ALL.R7, T.ALL.R8, Hyperdip.50.2M 3 , Hypodi p.2M 3,

and Hypodi p. 2M 2 set the nean response val ue of each array to 2500
"t hr eshol d Ag values over-45000. _are set to 45000 values less than 100

are set to 1 genBiseaseh | ess than 0.01 present are elimnm natled -
State ,

BPH BPH BPH BPH BPH BPH BPH BPH BPH
L) Gene1 391 256 052 133 093 0.97 1.68 129 098
Gene 2 4 031 7.02 161 081 0.85 1.06  0.99 0.87
Gene3d  0.91 1051 057 256 1.37 1.1 1.2 134 091
Gene4  0.85 0.89 41 12 1.05 108 127 1.18 0.68
GeneS 091 4.2 045 047 1.11 148 0.81 2.3 1.13
Gene 6 1.72 144 113 089 1.03 125 113 1.15 1
Gene7 0.8 074 125 119 094 101 1.04 092 1.15
Gene 8 118 369 186 099 112 146 156 1.53 0.84
Gene8 127 128 149 136 087 121 0.84 1.02 095
Gene10 0.9 099 088 093 0.64 087 072 076 0.7
Gene 11 0.88 1.12 1.02 0.96 1 096 1.1 079 0.9
Gene12 1.03 095 111 129 076 1.02 093 0.89 1.26
Gene13 1.02 091 102 087 094 104 0.93 092 1.05
Gene14 071 132 12 082 1.05 1.02 0.98 0.93 0.92
Gene15 075 0.82 057 076 091 076 0.86 1.00 1.22
Gene 16 1.02 105 1.18 1.01 063 099 1.03 101 08
Gene17 214 342 134 161 058 086 0.67 0.82 0.77
Gene 18 054 174 285 0.7 124 105 1.35 1.1 0.99
Gene18 141 127 081 081 148 119 1.23 1.16 0.86
Gene20 0.72 0.77 087 066 075 0.87 0.89 073 084
Gene21 1.11 063 095 116 095 1.16 1.62 1.03 0.91
Gene22 089 091 122 119 095 124 127 111 095
Gene23 086 277 092 1.2 115 172 171 145 1.09
Gene24 0.8 087 099 0.78 095 0.87 0.9 092 092
Gene256 1.51 117 119 138 091 121 143 1.07 092
Gene26 1.42 233 096 143 096 142 159 131 081
1Gene 27 2 079 07 1.18 088 078 071 093 0.99




this amounted to 1607 génes' ~genes for which the difference between the
maxi mum and the m ni nrum val ue was |l ess than 100 are elimnated (1604

genes) After preprocessing there are n=11005 genes and npl es. The
sanpl es have been classified into 6 di sease types: T%ﬁ%@ﬁ

E2A- PBX1; 3. Hyperdip> 50; 4. MLL; 5. T-ALL and 6 TEL-AML1. This set
was used to illustrate the use of th nmethod for rapidly discovering genes
whi ch are diagnostic of different disease types. The results of applying
the nethodology are given below The model had G=6 classes  and commenced
with all denes adDipesdsmntial 1 7 MAY 2006 92 vari ables (basi$ functions) in
the nodel .} After g0 iterations the algorithmfound that th¢ follow ng 10
genes separated the c| asses: X35823. at, X32562.at, X430.at, | X39039. s. at,
X39756. g. gt x1287BRH Bihs BPHr BB 8R4 JBPH Y8RH 4 BRH 77.at. A

15-f ol docreaae\zal i dani oo 76ave.08he),67 SO 5P S plgscatd.gn 1.0ablcezdel ow (Tabl e 6) ,
gzkhpgifogbggég i% g@@lo@gl .85 Sy PPE34pSe Bg B 1013100
- Gone 30 " 103 094 123 104 1.04 1.08
Gene 31 0,64 2.18 1.71 0.87 129 209 1.85 1.29 189
Gene32 094 082 129 161 065 09 145 1.07 142
|Gene33 0.71 065 069 065 144 105 1.1 085 081
Gene34 1.16 0.89 085 081 152 123 132 1.15 098
|Gene 35  1.14. 109 072 055 1.35 139 159 1.48 091
) Gene36 065 073 0.71 045 049 081 067 061 0.64
'~ [Gene37 079 041 09 166 099101 103 088 0.82
Gene38 1.11 078 155 079 096 161 151 1.34 118
Gene39 0.87 091 0983 115 1.1 149 127 1.39 1.36
Gene40 096 1.11 076 1.83 0.83 094 093 0.81 078
Gene41 178 368 1.75 144 088 123 131 105 14
Gene42 099 038 172 229 098 1 107 1.48 1.02
Gene43 067 081 138 08 082 097 088 075 0.88
Gene44| 075 072 062 1.03 089 142 164 135 0.64
Gene45 1.03 085 1 0.81 127 129 134 14 127
Gene46 079 583 065 074 048 067 1.47 0.83 0.09
Gene47 145 104 074 091 137 105 11 1.85 1.68
Gene48 147 166 1.61 1.27 296 277 244 1277 504
Gene49 079 079 1.3 0.82 296 277 244 2 10.91
Gene50 345 093 0.85 32 1.04 111 112 1.16_1.09

Example 2: Two Group Classification Using a Large Data
~set and a binomial logistic regression model.

In order to identify subsets of genes capable of
classifying tissue into differemt clinical types of
lymphoma, the data set reported and analysed in Alizadeh,
A.A., et al. (2000) Distinct types of diffuse large B-
cell lymphoma identified by gene expression profiling.
Nature 403:503-511 was subjected to analysis using the




M.L1121612 T- ALL0O010420 TEL- AML10001078 Confusion matrix for Miltigroup
classification cross-validation (15-fold) A pernutation test (pernuting the
cl ass | abel s) showed that the cross validated error rate of 0.94%is
highly significant (p = 0.00). Exanple 4: Standard rdg?eﬁﬁ?qmwysing a
general i sed linear nodel This exanple illustrates how the nethod can be

I npl emented in a generalised |inear nodel franework. This exanple is a
standard regression problemw th 200 _observations and 41 vari abl es(basi s
functions). The true «curve is obser98d with error (or noise) and is known
to depend on only sone of the variables. The responses are 1 7 MAY 2006 93

cont i nuous ang, orEl ' [ but ed. nal yse th data using our
al gorithm for égﬁégngéegh?%%%gﬁlﬁﬁﬂ 14 a?i%b?%mkgfééﬁFﬁﬁ?cThis is a
gener al i sed 9T ESL FoHEF WPeh:as Ithsk modedti on: g() = Derivative of link

function: an =1 8 Variance function: tie=1 Scale paraneter cp= 62 The

updating f fQr..6 S 2yntl_ = 1 N 2 N where Is the nean
eval uat ed g{r{ﬂ(ﬂ * id(r%ts g%tfa Bﬁgf%earealr’g%roizfshﬂ?nﬁﬂea%%trbz §f™Ph8%al gorit hm
i s given beitbkheERMaldewing oRbBAL esgfeasettopdBiffuse large B cell

Lymphoma” . The samples have been classified into two

- disease types GC B-like DLBCL (21 samples) and Activated
B-like DLBCL (21 samples). We use this set to illustrate
the use of the above methodology for rapidly discovering
genes which are diagnostic of different diéease types.

The results of applying the methodology are given below.
The model had G=2 classes and commenced with all genes as
potential variables (basis functions ) in the model.
After 20 iterations the algorithm found 2 gene, numbers
1281 and 1312 (GENE3232X and GENE3258X) which gave the
misclassification (table 5) below, and an overall
classification success rate of 98%. This example ran in
about 20 seconds on a laptop machine.

Table 5 :

Predicted class 1 Predidted class 2
True class 1 20 1
True class 2 0 21

To determine whether the result was an artefact due to
the large number of génes (variables) available in the
data set, we ran a permutation test whereby the class
labels were randomly permuted and the algorithm
subsequently applied. This was repeated 1000 times.
Figure 2 gives a histogram of the percent of cases
correctly classified (lambda). The 97.6% accuracy for the
actual'data set is in the extreme tail of the permutation
distribution with a p value of .013. These

Observations suggests the results are not due to chance.

Example 3: Multi group Classification




sigma squared 0.5607509 EM Iteration: 2 expected post: sigma squared
0.5773566 EM Iteration: 3 expected post: sigma squared 0.5943395 EM
Iteration: 4 expected post: sigma squared 0.6072137 EM|teration: 5

expect ed post: sigma squared 0.6161707 -55. 45434 basi $ f d¥Y42006 43. 96193
basis fns 41 -48.87198 basis fns 39 -52.79632 basis fns 31 -55.18578
basis fns 28 EMIteration: 6 expected post: -56.5303 basis fns 23 1 7 MAY
2006 94 sigma squared 0.6224545 EM I teration: 7 expected post: sigma
squared O. 626674 EMIteration: 8 expé?ted post: sigma squared O. 6293923 EM
Iteration: 9 expected post: sigma squared 0.6315789 EM Iteration:

expected poqh orgégngosgﬂgﬁg 8 Iter ti.aon 1.expect ost
si gma square 63437 3 EM |tg?§?§%% 8 ex et §3658§% ying| e‘lsfﬁﬁared

0. 635997 EM Ptté’r 8PF ot %&é@dosoe%asee@mk@q@aﬁedsetmmim
| teration: Bfderpetysedpost¥ech et al. Cancer Cell vl: 133-143

(2002) was subjected to analysis using the method of the
invention in which a likelihood was used based on a
multinomial logistic regression. The same pre-processing
as described in Yeoch et al has been applied. This
consisted of the following:

* drop the following 8 arrays: BCR.ABL.R4, MLL.RS,

\ ’ Normal.R4, T.ALL.R7, T.ALL.R8,Hyperdip.50.2M.3

- ' (Hypodip.2M.3 , and Hypodip.2M.2 .

b set the mean response value of each array to 2500

e ‘thresholding - values over 45000 are set to 45000
values less than 100 are set to 1

®* genes with less than 0.01 present are eliminated -
this amounted to 1607 genes '

* genes for which the difference between the maximum
and the minimum value was less than 100 are
eliminated (1604 genes)

After preprocessing there are n=11005 genes and n= 248
samples. The samples have been classified into 6 disease
types:

. BCR-ABL;

. E2A-PBX1;

. Hyperdip> 50;

. MLL;

. T-ALL and
TEL-AMLI1.

< BT B PR U

This set was used to illustrate the use of the method for
rapidly discovering genes which are diagnostic of
different disease types. The results of applying the
methodology are given below. The model had G=6 classes
and commenced with all genes as potential




sigma squared 0.640962 EM Iteration: 15 expected post: sigma squared

0. 6443392 -57.47589 basis fns 17 -58.0566 basis fns 15 -58.41912 basis
fns 13 -58.6923 basis fns 11 -58.88766 basis fns 10 -59.05261 basis fns
10 -59.24126 basis fns 9 -59.47668 basis fns 9 -59. V§7MA¥agig fns 9 EM
Iteration: 16 expected post: -60. 18377 basis fns 9 si gnma squared 0.6477088
EMIteration: 17 expected post: 24193 basis fns 9 si gma squar ed
0.6508144 1 7 NMAY 2006 95 EM Iteration: 18 expected post: signa squared

0. 6539145 EM;LieLat iQ gqﬁﬁﬁgg S Si r 0. 6565873 EM
Iteration: 26 ex ecée i s%bng 28 Ehe m88%§83%%%ﬂ?gﬁ 7684 basis fns 9
-61. 09251 i55LpEiPRE Bhe. @19%@&@ Bfawlg Fh§t8t1EM felkaninsh1021 expect ed
~ post:' -6bete@6icpasased nshd clsisgm:squared 0. 6615976 EM Iteration: 22

expected post: sigm squared 0.664281 EM Iteration: 23 expected post:
sigma squared 0.6663748
X35823.at,

X32562.at, X430.at, X3903%8.8.at,
X39756.g.at, X1287.at, X40518.at, XA38318.at,
X41442 .at, X1077.at.

A 15-fold cross validation gave the misclassification
table below (Table 6), with 94% classification success:

Table 6

subtype 1 z 3 4 5 6
BCR.ABL 10 1 1 0 0
E2A.PBX1 0 27 0 0 0
Hyperdip>50 3 0 60 1 0 0
MLL © 1 1 2 16 1 2
T-ALL 0 .0 1 0 42 0
TEL-AML1 0 0 0 1 0 78

Confusion matrix for Multigroup ¢lassification cross-validation {15-fold)

A permutation test (permuting the class labels) showed
that the cross validated error rate of 0.94% is highly
significant (p = 0.00}.

Example 4: Standard regression using a generalised linear
model

This example illustrates how the wethod can be
implemented in a generalised linear model framework. This
example is a standard regression problem with 200
observations and 41 variables(basis functions). The true
curve is observed with error (or noise) and is known to
depend on only some of the variables. The responses are




EM Iteration: 24 expected post: sigma squared 0.6679655 EM Iteration: 25
-expected post: sigma squared 0.6689011 EM Iteration: 26 expected post :
signma squared 0.6689011 EM Iteration: 27 expected post : ma squar ed
0.6690962 EM I teration: 28 expected post: sigma squared %@Q

-61.92217 basis fns 8 -62.17683 basis fns 7 -62.37402 baS|s fns 7
-62.51645 basis fns 7 -62.59567 basis fns 6 -62.6151 basis fns 6
-62.61717 basis fns 6 1 7 MAY 2006 96 ENIIteration: 29 expected post:
-62.61739 basis fns 5 sigm squared 0° 6691035 The al gorithm converges with
a model involving 5 of the 41 basis vectors (variables). A plot of the

fitted curveOntiﬁhbds|aﬂ@)n$£M e g1l ? ariables (basis functions)
sel ected by 4t g alggrlthn1 tﬁe h‘Jraue c%ivgkg do ?eﬁpéi LAREt he noi sy

data are gi Jars B U Fer “tﬁ@rygﬁaerabi%e%lw(xt sddet. Exanple 5:
Smal | I|neaWaFégbegsﬁehe@&ampJe using a- generalized |inear nodel This
exanple is S|n1Iar to' exanple 4, but for brevity, a snaller nunber of

vari abl es ( full data set to be tabul ated (see

%ﬂ% used. This, all ows the
Table 7) Th Spéﬁd%n?en%‘“aﬁﬁia&lﬂde liizegr padel owieh: the first four variables
only, Link function: g(u) = p

Derivative of link function: 9ﬂ=1.
| _ o op
Variance function: %=1

Scale parameter @= o2
. \ Deviance (likelihood Ffunction): —%I-iog(oz) _0‘5*igi_"}_’i)2_

| e
The updating formula for o 2 is

@ = e

t-l
where g is the mean evaluated at B* in step 5 of the
algorithm.

The output of the algorithm is given below.

EM Iteration: 1 expected post: -55.45434 basis fns 41
sigma sguared 0.5607509

EM Iteration: 2 expected post: -43.96193 basis fns 41
sigma squared 0.5773566

EM Iteration: 3 expected post: -48.87198 basis fns 39
sigma squared 0.5943395

EM Iteration: 4 expected post: -52.79632 basis fns 31
sigma squared 0.6072137

EM Iteration: 5 expected post: -55.18578 basis fns 28
sigma squared 0.6161707

EM Iteration: 6 expected post: -56.5303 basis fns 23




the remaining variables are noi se. The data were anal ysed as a general i sed
linear nodel, wth identity |link, constant variance, and a nor nal

response. After 12 iterations the algorithmconverged to a solution
involving just the four variables known to have predic{ipveaynhggnation,
and discarding all six of the noise variables. Table Predictor ariables
V1V2V3V4V5V6V7V8VIVi dDependen Vari abkg

0. 7788010. 8521440. 9139310. 9607890. 9900501. 0000000. 9900500. 9607690. 9139310. 8
5210. 378571

0. 7788010. 6B P66 W 2265606 - 5274958, 4448580. 3678790. 29819702369280. 1845200. 14
0852. 83270

0. 1053990. 0773050. 0555760. 0391640. 0270520. 0183160. 0121550. 0079070. 0050420. 0
031513. 359714 Lteration: 7 expected post: -57.47589 basis fns 17

0. 0019300. (aHRORLDECE828. §9H8940. 0002230. 0001230. 0000670. 0000360. 0000190. 0
00012. 17081

0. 0000050. 0000020. 0000010. 0000010. 0000000. 0000000. 0000000. 0000000. 0000000. 0
00003. 440228 Tterat . :
0. 0000000, 0000060 6006000° 0FTBTTDETFEG0. 0RO FH6HF0E8088000. 0000000. 0
0000242420 Eggma squared 0.6293823

0. 0000000. 0000000. 0000000. 0000000. 0000000. 0000000. 0000000. 0000000. 0000000. O
0000-0.1 ‘ ‘

0. 0000000. (VDABeFad000.0009 0EPSNEDFIZRQ0. 099 00D HERRAR0 £8209900. 0000000. 0
000 003. 67 9 or Variabl es Dependen V1 V2 V3 V4 V5 V6 V7
VBB VL ! g Weh0924%6  BL £

. 0. 0000000. 0000000. 0000000. 0000000. 0000000. 0000000. 0000000. 0000000. 000000
.0000002.8%€§% aEicms 1 : .

. 0000000 55256686007 B 0B S BFEH6. 009D0TRDFEEEE0 £6800D00. 000000

. 0000000. FABE squared 0.633089

. 0000000. 0000000. 0000000. 0000000 0000000. 0000000. 0000000. 0000000. 000000

. 00001. 2825

0000000. G80@ea9=03829001 9008500 AP0 0089098 99999 9Z09R0- 000000

. 0000000. FHGHHEWHEEG08 - 61EBTVD. 0000000. 0000000. 0000000. 0000000. 000000

. 00000- 0. 3029

. 0000000. 0000000. 0000000. 0000000. 0000000. 0000000. 0000000. ©000000. 000000
.000000. 058p Iteration: 12 expected post: -59.05261 basis fns 10

. 0000000. RRRR0A,HARAR0Q. P9LLHH0. 0000000. 0000000. 0000000. 0000000. 000000

. 0000. 45722

. 0000000. 0000000. 0000000. 0000000. 0000000. 0000000. 0000000. 0000000. 000000

0000, 117 . , |
- 0000000. 6%810016:(‘336:.EL 5588600 B 0TTRRFT BHEGEE6. 00DDRH-20 SIS, 5080800. 000000

.-0.2272 sigma squared 0.6381456

EM Tteration: 14 expected post: -59.47668 basis fns 9
gigma squared 0.640962 )

EM Iteration: 15 expected post: -59.7677 basis fns 9
sigma squared 0.6443392

EM Iteration: 16 expected post: -60.10277 basis fns 9
sigma squared 0.6477088

EM Iteration: 17 expected post: -60.44193 basis fns 9
sigma squared 0.6508144




. 0031510. 00
. 00001- 2. 08841
0000100, 89P2950.0000020; 0UIAR.L0BYOLY-
:0000000 @G@G@OGQGQQQQOQ SUGC0RE0. 0000000
. 00000- 0. 0808
. 0000000. 0000000. OO00000. 0000000. 0000000.
. 00000- 0. BdBZteration:
. 0000000.
. 00000- 0.

. 000000. 0
. 0000000.
. 00000- 0.
. 0000000.
. 00000- 0.
..0000000.
. 00000- 0.
. 0000000.
. 000-1. 06146
. 0000000. 0000000. 0000000. 0000000. 0000000.
. 000001- 0.®dF4pration:
.0000000. 0 0 0. 0000000.
0000000 LIRAOAAAIRA0E. FREOLLY

. 0000000. 0000000. 0000000. 0000000. 0000000.

b gdss 66686002 B TR o FEEE0.

. 00000- 1.

. 0000000.

q54

000

10TL:

ared 0

. 0000000. 0000000. 0000000. 0000000. 0000000.
.00 002. 09490
. 0000000. 0000000. 0000000. 0000000. 0000000.
.1.0841
. 0000000. 0000000. 0000000. 0000000. 0000000.
. 000000. 59805
.0000000. 0000000. 0000000. 0000000. 0QQO000.
. 00000-0 "
. 0000000. 0000000. 0000000, 0000000. 0000000.
. 0000010. 0226

. 0000020. QQ0
e 598%& 00200
. 0011590. 884880808345 10. d53%A480. 0079070.
. 055570. 16332
. 0773050. 1053990. 1408580. 1845200. 2369280.
.61262-0. 669 teration:
.6976760. 7788010, 8521440. 9139310. 9607890.
19139311, f¢9ma squared 0
. 8521440. 7788010. 6976760. 6126260. 5272920.
. 184520. 257911
. 1408580. ?B%é@eéab#qao5dﬂb535¢6@6939Q%q0
. 005040. 762432 =

10 8000019% 8000360
expected- post

19 expected post:

.6565

6589

9300q3011590 0006820 0003940..

s

000

are

22 expected post:

QOQ:QBQQSP0.0000000.

. 0000000. 0000000. 0000000. 0000000. 0000000.
3%@3666?6688@00?%dﬁ@ﬁﬁ&#@o@@@ée.

squared 0.6663748

EAbhG:

0000000. 0000000. 0000000. 0000000.
05413
gggg@@&aQQBQQ002@0£¥538lé@098Q90
CHERF0 FRGB6608 : HOTAFF0. 0000000.

25 expected post:

OMBD(O GOERB6 squared 0.6689011

0. 0000000. 0000000. 0000000. 0000000. 0000000.

0. 00000- 0. 24657 1 7 MAY 2006 98 Predictor

V1V2V3VAVS\&Y iEvaNtibapendene

0. 0000000. 0000000. 0000
00-0. 37

sigma square
0. 0000000. 0000000. 0000000. 0000000. 0000000.

- 0000-1. 4920 .
‘EM Tteratiomn:

Mo dedal
00. 0000000. 00
0.6690962

ost:

0000.

28 expected post:

sigma sguared 0.6691031

0000000.
0000000.
0000000.
0000000.
0000000.
0000670. g

-60.7684 basis fns 9
0121550.0183160.
2981970. 3678790.
~61.09251 basis fns 9
9900501. 0000000.
4448580. 3678790.
0XMO5EF201835486.
0002230. 0001230.
008D900,309909¢
0000000. 0000000.
0000000. 0000000.

-61.92217 basis
0000000. 0000000.

fns 8
0000000

0000000. 0000000.

0000000. 0000000. 0000000.

-62.51645 basis fns 7

0000000.,0000000. 0000000.
0000000. 0000000. 0000000.

0068008° DO RFVE @50600.

0000000. 0000000. 0000000.

Variaties
6151 basgis fns

6
0000000 0000000. 0000000.
0000000. 0000000. 0000000.

~62.61717 basis fns 6

0000000. 0000000.
oo5pRog oo
0000000. 0000000.
0000000. 0000000.
0000000. 0000000.
01230, 0002230.
0270520.
4448580.
.
9900500.
2981970.
12 1%50.
0000670.
0090900.
0000000.
0000000.

0000000.
008D 0O o RFSEE. 6980300.
0000000. 0000000. 0000000.

0089099, POARNANA: GAR0QO0.
0000000. 0000000. 0000000.

000000
000000
000000
000000
000001
000394
039164
527292
960789
236928
007907
000036
000000
000900
000000

. 000000

000000
000000
000000
000000
000000
000000
000000
000000
000000
000000

0000000. 0
0000000. 0




0. 0000000. 0060000. 0000600. 0000000.

0.1763

0- 0000000. 0000000. 0000000. 6000000.
0000- 1. 4733

0. 0000000. 0000000. 0000000. 0000000.
00001- 0. 4506

0. 0000010. 0000020. 0000050. 0000100.

0-1.713

0. 0006820. 0011590. 0019300. 0031510.

391-0. 7420

0000000. 0000000. 0009000. 0000000. 0000000. -
0000000. 0000000. 0000000. 00O00000. 0000000. 0
0000000. 0600000. 000%000 00%%@00 0000000. 0
0000190. 0000360. 0000670. 0001230. 0002230. 0
8©50420. 0079070. 0121550. 0183160. 0270520. 0

0. 0555760. 1Y 73058t 1653990 L49SSEH £8462002309290395HA70£367:8790A448580. 5272

9-0.6679
0. 6126260. SFME7 STUITSB LG ES523440.
6078-0. 2611

9139310. 9607890. 9900501. 0000000. 9900500. 9

0. 9139310. 5521 4400 776 NLALELO0 2120200, 52 13930, 4448580. 36787902981970. 23

692-0. 9731,

0. 1845200. 448546, 1985900 . ryiesirds53 7B 031 e . HtEsoouMeB3160. 0121550,
0790- 2. 549fs01id line) for the model with 5 variables (basis

0. 0050420. AR5 HAsP0J9RA%L01F58% AAE820,0003840, 0002239, 0001230. 0000670.

0003-2. 717

0. 0000190. é‘lﬁf&f@olbﬁ‘ﬁ’ocﬁgﬁi 5HERST 0 6658180 GHI620 B IIEHES. 000000. 0000000.

0000- 1. 37 where the y variable is denoted nf.

0. 0000000. 0000000. 0000000. 0000000.

. 0r 1. 62491

0000000. 0000000. 0000000. 0000000. 0000000.

0. 0000000. BARAR05008AY00.14309P0R. HAAAIAY - HAAAIA0,HA00QO0. 0000000. 0000000,

0000- 0. 981

0. 0000000. %ﬁﬁﬁﬁﬂﬁzﬁﬂobﬁﬁﬁ“bﬁﬁéﬁbo 10000000. '0000000. 0000000. 0000000 0000000.
00000- 1.1 This example is similar to example 4, but for brevity

0000- 3. 115

0. 0000000. g‘b’o’od’é’@aoé%o% Ryobebebashdees. BEEE0E) - Boo obeendewn000. 0000000.

‘000. 0. 3120variable is a function of the first four variables only,
0.0000000.Q@QQQQQiQ@QQOQQﬁQ@ﬁQQOQEQQQQQQQ.0000000.0000000.0000000.0000000.

0000. 23734

0. 0000000. 0000000. 0000000. 0000000.

0000000. 0000000. 0000000. 0000000. 0000000.

0000- 0. 7206he data were analysed as a generalised linear model,

0. 0000000. DX GEHRNEA6H 000h10,0 0006808 AR08, 80005 0R98RQ0. 0000000. 0000000.

0000- 0. 532§,

0. 0000000. 000%0515’5 0000000-0dG5BBL Bo G860 HHTEEB. 63BEFEE0B80000. 0000000,

0000- 1. 144%1Olutlon invol v1ng just the four variables known to
.0. 0000000. b@@@@&@d@@@@@@OuﬂﬁﬂﬁﬂﬂﬂmﬂﬂQ&ﬂOﬂl@ﬂﬂﬁQ&@ 99000630 s8000000. 0000000.

”TQOOOO 323 the noise varia
0. 0000000. 0000000. 0000000 0000000

0000- 2. 131
0. Q000000 _Bapkn . 0000000 0000000.

0
0
0
0
0
0
0. 0000000. GABHAR0,,0ABOPOG: Q290 9AGF09, 064007, 0908495 6gHE000. 0000000. 0
0
0
0
0
0
0
0

0000000. 0000000. 0000000. 0000000. 0000000.
0000000.. 000000. 0. 0000000. 0000000. 0000000.

00QO01. 18807
0. Q000000. 0000000. 0000000. 0000000.
00Q0- 1. 18391

0. 300000, 0008000060000 B00000E.

Predicior Varjabl

OﬁbOOO 0000000. 0000000. 00000p0. 000G0O00. 0
Dependen

Q000@&00. 0080000. @¥00000&. 000@4D0. ¥RHH000. 0

000Q- 1772682 0852144 0913331 0950789  0.980050

00Q0-

0. QOGAGH®. G6THE 002550 0TeR1E00Te0D.

0000.0663280 0001159 0.000882 0000354  0.000223

0. COQQ&!&Q QQQ&QOQUMOO&QWQOOO&%-

00Q0

0. cod@?ﬁ% 66@@616“@%0@2@@00&%@.

0- Q. 450®0 0000000 0.000000 0.000000 0.000000

0. Q003AG0. GARAB2 .00 1 30RO IFAAA.

2705-1294

0. 0391640. 0555760. 0773050. 1053990.

4850. 16277

0. 5272920. 6126260. 6976760. 7788010.

9005- 0. 5367

0. 9607890. 9139316. 8521440. 7788010.

AN N A r—-

0'c0Q?g%gaggggg0%3%g£0qggmgoooooo'

0000000. 8000000, B0088EY. obBEEPo T8T
L3G7879 0.298197  0.236928 0.184520  0.140858 2832704
0BEB6000GAG000E70000R9L. 0ABEON0 3368

0000123 0. 0 0000019 0.000010  2.17081
OQQSOOO 000000 0000000 0000 00 00

GUG@@OG”G@@OT@@mﬂOOGQ®® Ov0®ey 0.26889§230. 0

0000000 0000000 GO000000  0.000000  0.00000 -0.1

Ofborbod ! Oo RO 4o /83 OddomP¥- 0482160 0

1408580. 1845200. 23692802981970. 3678790. 44
8521440. 9139310. 9607890. 9900501. 0000000. 9
6976760. 61262605272920. 4448580. 3678790298
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1 7 MAY 2006 99 Predictor Variables V1V2V3V4V5V6V7V8VI ViDependen Vari abi
02369280. 1845200. 1408580. 1053990. 0773050. 0555760. 0391640. 0270520. 018316

=
[elolololoYoXoXom NN Won Won W an i an W on W an Wan Won W Wen W)
o

P~NO~NOO PP OOOOOO eojejoleole)

.012150. 39125 ‘
.0079070. 0050420. 0031510. 0019300. 0011590. 0006820. 0003940MAOEHYEB0. 000123
.0000670. 117457
.0000360. 0000190. 0000100. 0000051. 0000001. 0000001. 0000001. 0000001. 000000
. 000000. 6986
.0000001. 0000001. 0000001. 0000001. 0000001. 0000001. 0000001. 0000001. 000000
.00000- 1. 8531 - o7 :
.0000001. 0000001. 0000001. 0000001. 0000001. 0000001. 0000001. 0000001. 000000

00-0._04861

0002146

nnnyYk121 V2 V3 V4 V5 VB v7 Ve Vo M

000001. 0000001. 0000001. 00GRARLVARQA0001. 0000001: 0000001. 0000001. 000D
000001. 0000001. 0000001. 0000001. 0000001. 0000001. 0000001. 000000 L*FEY

Variabl

\PAVAVAV yanu gu ipw pu o

0000®4. GOB®Q 0 b.o@e00 0iddosd 0 GG . Odd6Hada0 1o.006a83 0 Ofbdooda O Odehash .
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Example 6: Lymphoma Survival Analysis

This example uses real survival data from
http://1lwpp.nih.gov/lymphoma/data. shtml
The companion article is Alizadeh AR, et al. (2000)
Distinct types of diffuse large B-cell lymphoma
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Example 7: Reduced Lymphoma Survival Analysis

For completeness of documentation, we also present an
example based on a subset of the genes from Alizadeh et
al. 50 genes were selected, including 47 chosen at random
and 3 genes identified as significant in the analysis of
the full data set. The data are shown in the following
table 9, which gives gene expression (for the reduced set
of 50 genes), and survival for each patient.

The data were analysed using the version of the algorithm
containing Cox’s proportional hazard survival model.
After 22 iterations, five genes were selected, including
2 genes from the solution for the full set. The full

results (including an iteration history) are given below:
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-0.491799506481601 0.688155 45054 9 5.82517870544154e-007 -1,

1317225599508%* * 2 950756822492 5658* YO8 08 U0F301 121699857312

L LI IO NE htel B FIEEROAS 21 i

KEEEEEET R T TR A I A EERR TR TR R AR AT LI A A F TN AT ARk hhhktddhhkid
EM Iteration: 4 expected post: 454.0607159f90051

kkkdhkkhdhhkhbhkddbhddhhdrhddbddddbhtdddsddddohkddt itk

Number of basis functions 13

kkkkkkkdhkdhkddhhkddhhkddhrhhkkhhhrhkdbritdbditrkhhdbkhtdkk

EM Iteration: 5 expected post: -53.7980836894172
fhhkkdkbkbdhkhkhhhkbdhhkhhkksrdhdrdkh ki rhddddhhdhhddhihidk®

Number of basis functions 10

ID(s) of the variable(s) left in model

3 4 14 16 17 20 25 33 43 50

regression coefficients

1.30171200916394 1.48405810198456e-005 -0,491799506481601
0.688155245054_059 5.82517870544154e~007 -1.13172255995036
2.950756224822565e-008 0.000301721699857512
-0.748378075168508 1.2775730496471

**************************************************

kkkkhkkhhkkkkhhdihhkikdkhhdFhdkhddkdhkhkdhrbbhddkhhhithdhridhid

EM Iteration: & expected post: ~53.55603854098619
********************************************ﬁ*****
Number of baéis functions 8§

ID{s) of the variable{s) left in medel




Fhkkhkkhkkhkkhhkhhkkhhkhhhkhhkhkhhkhhkhkhhkhhkhkhhkhkihkhkhkhkkihkhkhkkhkhkkikkikkx* EMIterathn 6 eXpeCted

pOSt _535560385409619 E R I S b b Sk Sk kS b b Sk Sk R I b b S S S S S R I bk Sk S S S S

Nunber of basis functions 8 ID(s) of the variable(s) left in nodel 1 7 MAY
2006 110 3 4 14 16 20 33 43 50 regression coefficients] 7. HEB70881820174
1.11497455349489e- 009 -0.440934673358609 0.731610034191797
-1.15246816508172 8.10391142899109e12Q07 -0.736752926831824

1- 29017005214433 R IR IR I I b b Sk S R Ik Sk IRk Sk Sk I b b R Ik I S S b b Sk R R R R I EM

lteration: 7 expected post: -53.4357726710363
) ***********Bki&caa-g*;—5*2@533*43-*5(_0:************%**-**** Nunber Of baS|S

functions GddPesiich tberFadiaie(s) left in nodel 3 14 16 20 43 50
regression coefficients 1.30981441669383 -0.377350760745%§g
0. 75106529483983 7141829574 gsbooh¥A /5 3484692 79088460476 4P 2819991 9706608

KRR XX K R AT BT 589 % 21 e S LCTEEbELYE *d 10 991142899109€-007

E R S b b Sk S R Sk S b b Sk kI b b b Rk S S S S b b b Sk Sk S S S EM|teI’atI0n 8 expected

post : -53. 4'33@@66@2@?6831824*1‘*290&&0052&4433******************_************

Nunber of basis functions 6 ID(s) of the variable(s) left in nodel 3 14 16
20 43 50 regression coefficients 1.30685231664004 -0.29722933884524
0. 758547724825 ¥+ **t ¥ 1 195985 BEE T G * 10 88861 2O 5YTT * *28487528071873

kkkhkkhkhkkkhkhkhkhkhkhkhhhkhkhhkhkhkhhhkhkhhkhkhkhhkhk ik khkhkikhkk )ik hkkikikkk*%
ER R I I I I R R R R R A R A I I A R

Fhhkhhkhk kb hhkhFhhFdddhhkdddhdrhhdddhdhdbbrhodhdbhddhd st

EM Iteration: 7 expected post: -53.4357726710363

@ **************************************************
J Number of basis functions 6
ID(s) of the variable(s) left in model
3 1a 16 20 43 50
regression coefficients 7
1.309581441669383 -0.377350760745259 0.751065294832691
~-1.16718699172136 -0.722720884604726 1.29171119706608

dkkrkkkdkdhddrb bk kh bkt hthkhhkdhdthkdhkdkhtikhrhhdrkhdbrhhbhkkd

I TSI AL ESI RS R R LRSI L RS EL TSR LR R SR L5 1 80 2 A S ]

EM Iteration: 8 expected post: -53.4338660629788

khkhkkbkkhhkkikhbdhkhhkdhdddddkdthddhdhhkhkdhhdthhbkh ko hhhdd
Number of basis functions 6

ID{(s) of the variable(s) left in model

3 14 16 20 43 50

regresgion coefficients

1.30685231664004 -0.25722933884524 0.758547724825121
-1.17959350866281 -0.7038B6124955911 1,28487528071873

kEAEFETRIARA L IR AL Rk E L dhdhhbhddhddhddrhddrhbdddrrhhhbrds

FhhAFEAkREkkFhhkdkhkhkhkdTrthkhhkddhkhdbihkddddhodddhddddhhrdhidsd

EM Iteration: 9 expected post: -53.5154485460488




EM Iteration: 9 expected post: -53.5154485460488 1 7 NMAY 2006.111 Nunber of
basis functions 6 ID(s) of the variable(s) left in nodel 3 14 16 20 43 50
regression coefficients 1.30125961104666-0. 1999018215553150. 760639983868042
-1.19192749808285- 0. 6799176919184851. 27242335041331 EN1?ﬂbMﬁyiamE 10
expected post: -53,.6545745873571

E R S b b Sk Sk Sk S b b S Sk S R R I b b Sk Sk S S S S S b R Rk Ik S

.Nunber of basis
functions 6 ID(s) of the variable(sé 5eft in nodel 3 14 16 20 43 50
regression coefficients 1.294331883 1771 -0.0976106309061782

- 0.760491979596701 -1.20394672329711 -0.653272803573524 1.25725914248418
R AR X e I L

khkhkhhhkhkhkhkkhkhkhdhhhhhhdhdhdddddhhdhdxdxdddddddhdxdx*x*kdrdxk %% EMlteratlon 11

expect ed pdSPers3T gB3gHRDRAT s ©
Fok Rk Kk kR XY ORY * BT ERE *FAETARTE () TEEE 1R thdA&T***  Nunber of basis

functions 6 LD(s e_variable(s) left in nodel 3 14 16 20 43 50
regressionBCééfi%cgén%S 54

1. 287898741%8243s0082444 24 #0L840950. 759681966852181

-1.21216963682011-0. 6307957416587141. 24350708784212
Kk ok kk Kk kk*k k AkrDl2EPLLADLERE « =G w10 LB2LEEEB LB « Q*?GQG%_g%BWng()G 112 EM

Iteration: k2 1@peehedonoss: -0 253 30AEAL1818581 .27242335041331

ERAIE S Ik Sk I kR R I e o kR R IR I I R Sk R R Nurrber Of bas's

_functions 6
2 I R L R T T T s TS R A A T R L ]

kkkhkkhhkkhhkhkkhkdhhddtdhbhdkdddhdhkhhhksdhkdrddhhbddhkhdok

EM Iteration: 10 expected post: ~-53,.6545745873571
**************************************************
Number of basis functions €

ID(s) of the variable(s) left in model

3 14 16 20 43 S0

regression coefficients

1.25433188361771 ~0-6976106309061782 0.760491875556701
~1.203%4672329711 -0.653272803573524 1.25725914248418

khkkhkhkkhdkhkhkhkdtdhhrthhhhhdhddhhdhdbdhddbdhdhkdhkrhhdhkhhddd

R T I I T L T R R XS 2 X

EM Iteration: 11 expected poét: ~53.820846021012
dhkkkhkdthktrd kb hrhdkd b kb ddkbhdthrhhrhdkhhd kbbbt bhhhs
Number of basis functions 6

ID{(s) of the wvariable{s) left in model

3 14 16 20 43 50

regression coefficients

1.28789874198243 -0.0244121499875095 0.759681966852181
-1.21216563682011 -0.630795741658714 1.24350708784212

kkdkhkkkhhkhkhhhhrhhdhdkdhhdhhhbhhdddrrhikhhrdhrhkiddsd




ID(s) of the variable(s) left in nodel 3 14 16 20 43 50 regression
coefficients 1.28354595931721 -0.00154101225658052 0. 758893058476497
-1.21415984287542 -0.618231410989467 1.2344850269793

EIE R R R R R R I I R R R R R I I I R R R R R I I I I I R R R R R I I I EM?I?&W%IZa@-& 13

expected post: -54.0328345444009

************************************;************* Nurrber Of baSIS :

functions 6 ID(s) of the variable(s);{4£ft in nmodel 3 14 16 20 43 50
regression coefficients 1.2812179536199 -6.11852419349075e- 006

0. 75822352070402 -1.2134621579905 -0.612781276468739 1.22967591873953
* ok ok ok ok ok ok ok ok ok wReTTckaakgag g Ak A o ok sb sk R B e Rt Rl kR e ke kR R R R Rk ok ek

************************************************** gM_"}éﬁ%l on: 14

Iteration: cted t: - 9601
expected post: -ba 064321381 TPt pos 53.

* %k Kk k k k k ok * kRS ek g ke ok ok e ok iRtk dok Bk ok Kip bt ¢ of basis

functions v left in nodel 3 16 20 43 50
regre55|onﬁ%ég$$%cﬁiﬁ%%§f 3@8%8%@@% %513 0.757715617722854
-1. 2127891252082 pf thheb 18386870961 ODS6LH . 2D 7iddé70412141 1 7 MAY 20H 113 EM
[teration: -54. 0802180622945
******L****%S;fﬁ‘kpée&% %pgi************************ 1

Nunmber of basis
functions SrédXensiain theffdciahte(s) left in nodel 3 16 20 43 50
F 10 5a0801 3§%%é§§§§g S7ha2 13288228 ?5%%%%655@%5384%§%E%§g§§§76497

-1.21415984287542 ~0.618231410989467 1.2344850269793

kkkhkkkdkhdhhkTidkdhkkhkhkdkbddhhhdkhkhdhhhhkdhhhhdbhkdkhdthkitdbditdk

'*1‘«'****'k'ir****’k**************************'k*'k******'k'k

EM Iteration: 13 expected post: -54.0328345444008
**************************************************
Number of basis functions €

ID(s) of the variable(s) left in model

3 14 16 20 43 50

regression coefflcients

1.2812179536199 -6.11852419349075e~006 0.75822352070402
~1.2134621579905 -0.612781276468739 1.22967591873953

LA AR AN A AR A R A R Rt AL T X A T TS TR LT

LR R R RS R R L T T T T T T L LT
EM Iteration: 14 expected post: -54.06432139112
*'!r***'k'k***************_**********************;*****
Number of basis functions S

ID(s) of the variable(s)} left in model

3 16 20 43 50

regression coefficients

1.28009759620513 0.757715617722854 -1.21278912622521
-0.610380879961096 1.22727470412141




-0. 609289206977176 1.22609802569321

E R S S b b Sk Sk kS b b Sk S Rk I b b Sk S Sk S S R I bk kS S S R EM |terati0n- 16

expect ed post: -54.0881669099217
kkhkhkkhkkhkkkhhkhkkhhkkhhkhkkhhkhkhkhkkihkhkhkhkhhkhkhhkhhkhkkhhkhkhkhkkihkhkkhkkihkikkikk*k*x @Sl S
functions 5 ID(s) of the variable(s) left in nodel 3 16 20 4%

regression coefficients 1.27931094048991 0. 75718874424491 - 1. 21221126091477
-0.608784296852685 1.22552534756029

Kk kk Kk Ak kA k ko kkhk kA A A Kk Ak hkhkkhk ko kkkhkhkkhkhkkkk ok
Ao o ek kR HoR RO Rk K ok kBN d%dr*at | on: 17
expected post: -54.0920771115646

R R IR S b b Sk R Rk Ik I kR R Ik I b R Rk Sk I S S S b b b R R R I S Nunber Of baSIS

functions S*YD(H*Jof* HHie FEr FaAbY e S * Hrafth ki FApdeF* * 8 G+ Z0 43 50

5319878 T iy 15 BRBSLER gkt s0, IS A HRE IO s 121506564 EM

Iteration: ﬁf%%ﬁqﬂxﬂ#ﬁ}ﬁﬁdgﬂ***5ﬂ*9§@9930?@5254*Nﬂﬁbé#*tﬁf%ms|s functions 5
I D(s) of t varlaQ% I$ 3 16 20 43 50 regression
coefficient 3%5%? 19%% 2055016955 1. 2120632265046

- 0. 60843726026435F 1:h25kk24b0€%£P4eft in model

kkkkhkkkhkkhhkkhkkhhkkhhkkhhkkhhkkhkkhhkk ik hkhk ik kkkhkxk ik kkxk kxk,k*x* EMlteratlon 19

expect ed po%t16 - DO 58560397

*****?c~k****f*%féggfgﬁ*&rggfcﬂi&ialﬂéﬁ%****************** Nunber Of baS|S
functions 5
1.27956525855826 0.757384281713778 ~-1.21240801636852

. -0.609289206977176 1.22609802569321

Kk kkkKk kK Kk k KR

’****************************************%*********

kkkhhhkhkhhhkhhhdbddhhhhhhdrhhbhhhhhdhhrhdddhtdhkhhhkds
EM Iteration& 16 expected post: -54.0881663%099217
khkkhkkkkdhhkddahddhddhkbdrhkirhdthhhddhkdhkdhkdxthkhthkx
Number of bagis functiocns 5

ID{=s} of the wvariable(s) left in model

3 .16 20 43 50

regression coefficients

1.27931094048891 0.75718874424491 -1.21221126091477
-0.608784256852685 1.22552534756029 L

kkkhkhhkhkhhkdddhhhrhhhdhkrhhhdhhkhkhhgdhdbhhdhdhhohhdhds

T R R L R A R R R s T2 ITI
EM Iteration: 17 expected post: -54.0920771115648
LA AR AL A AR R ARSI T TR IR LI TY IR R L LT L LR LR TES
Number of basis functions 5

- ID(s) of the wvariable(s) left in model
3 16 20 43 50 '
regression coefficients

7 1.27918872576943 0.757080124746806 -1.21211237581804




ID(s) of the variable(s) left in nodel 3 16 20 43 50 regression
coefficients 1.27910127561155 0. 7569917935789 -1.2120389492013
- 0. 608384684306891 1.22504705594823

R R R IR ARk Ik Sk R I R R R R R I o b R R R R R b b b b kR R R I e i ? MAYZGBB
kkhhkkhkhkkhhkhhhkhhkhkkhhkhhkhkhhkhhkhkhhkhhkhkhhkhkkhhkhkhkkikkhkhkkikkhkikki*k*%x EM Iteratlon 20

expect ed post: -54.0953817354683 114

R IR IR I I b b Sk R Rk R I S b kR Rk R I b b b Sk S R R R I S b b b b Sk S S I SR Nunber Of baSIS

functions 5 Iggg Qg & iagbg S i.n nmodel 3 16 20 43 50 1 7 - MVAY
>0 4833 QA 142
2006 115 regress%on coefficients %.%958@%35%12817 0. 756976302198781
-1.21202700813484 -0.608359689289364 1.22501535228942
O ¥ ¥ k& k& IRV F SR e WA Sl i e N,

* RO IR I I b b b b I R R S R S I b I EMIteratlon 21

kkkkhkkikkhkkhkkkikkhkkikk*k*x
56037952427 Nunber of basis functions'5 ID(s) of the

* ok

expected post: -54.

vari abl e(S), L&t iRy MRIEL, 341620 43 .30 k201 855100, SA8LfhCi ent s
1.27908080980647 0.756968473084121 -1.21202115330035 -0.608347764395965

1. 22499998 4M AR etatidn * * 18 *eipdcteld bty * * £54 *643991 0705254

R IR b b b b b b b b i b b b b b I I R R b b b b b b b I R R S b b b b b b S S S S 1 .
******g**6§********** ********************i@ﬂéé;y;atIOn' 22
expected post: -54.

57118531261
R KRR ORI B bRETE Y Edde IS g xR A xRk ex sk Nunber of basi s
functions SI]')I(%()s%foghghgal\r/ﬂéla&s%( Sl)efltefitn imgdg?del 3 16 20 43 50
3 16 20 43 50 '
regression coefficients
1.27912977236735 0.757022055016955 -1.2120632265046

—0.508437260261357 1.22511245075764

gk hhhhk kit dhkddbhkhhhbk ki hhkddhdikhkhkdchkr ik kiid

**************************************************
EM Tteration: 19 expected post: -54,.0949258560397
Y X R A R A R X E 2 %]
Number of basis functions 5

ID(s) of the wvariable(s) left in model

3 16 20 43 50

'regression coefficients

1.27810127561155 0.7569817935789 ~1.2120389492013
-0.608384684306891 1.22504705594823

Fhkkhkkdkhkkhkhkhkhkhkdkhdkhkhkhhkhkdhhhthdbhhoddhraohrhehhdthiddd

dkkkhkkkkhhkhhkhkkhkhhkhkbrhhkdhdrdddbhkhdrhddhkdhhkhhhhkdhhikdhkdd
EM Iteration: 20 expected post: -54 (0953817354683
LR LS LR ERT SR E L & XL L P XL T TR T O T R T R T R R
Number of basis functions 5

ID(s) of the variable(s} left in model
3 16 20 43 50




regression coefficients' 1.27907757649105 0. 756964553746695
-1.21201828961347 -0.608342058719735 1.2249925351853 Exanpl e 8: Survival
Anal ysis with a paranetric hazard The data is 1694w. dat from
http://ww. wpi . edu/ - mhchen/ survbook/. This is data on {RrMAYlppof

mel anoma. There are n=255 individuals, 100 of whom have censored survival
times. Each individual has 1 7 N%YlééOG 116 four covariates, nanely

treatment, thickness, age and sex. To illustrate the nethodology we added
40. 00 dungg g@@ﬁ@ntébéfﬁfbﬁyﬁﬁ% set to give a data matrix with 4004
col ums and 255 r OWS. design the 4000 "genes" are not associated with

survi val ?—r?ﬁégow‘éﬁ)ﬂ% G 15F976R8218RFPT enh2 1 202%7§08dé#E4fy t he i nportant

vari abl es_§1 g2 468do PO LU 18l oR08ERELOESa2 NOSt Of which carry no
information. The data were anal ysed using a parameteric Wi bull nodel for

the hazard function: The algorithm selected only on variable: age. A

of . the pPSQUHR.ILNLL VALLADEAS: WaLE :dixsGak At £.api ks «The Wi bul | shape
paranmeter was estinates as 0.68. Exanple 9: ordered Categorical Analysis
for prostate Cancer The exanple is from Dhanasekaran et al 2001. See al so

http: /[ WYL QR NG L COME LDl o stk dedede ke bk ke ke ks ke ok k% H 4
taf/ DynaPage.taf ?fil e=/ nature/journal /v412/ n6849/ul |l /412 822a0 fs.htm and

~the Suppl EMeRltarytiohes At dntpgntdmpest :at uS4 eQ92WIAWIFREATr e/ i ou rnalv4l

2/ N6849/ exlr, @Léé%@&@@@@“mm***m K43 @*;ngm,a@*madl vidual's) with
9605 genes. M 'ssing values were replaced by row neans + col unm neans

m nus t heNguinbed oEabasIhefenaetiend ®r ordered categories
ID(s} of the variable(s) left in model
3 16 20 43 590 '
regression coefficients ‘
1.27908080980647 0.75696847308412]1 -1,21202115330035
~0.608347764395965 1.2249999841173

dhkFhhkhkhkddhhhhddhdhhdhddhhhdhdddbhdbhdrdhdhdrdbdbddhrrsx

khkkbkhkhkhkhRRkhTh kbbb hdbhra kb hhdbrhdkdhtrrrvhdr i b ddrhdis

EM Iteration: 22 expected post: -54.0957118531261
kERERIAFRER A FETITREA LTI AT RIFE AR RS Ek TR LA TR TR ATt dddks
Number of basis functions 5

ID(s) of the wvariable(s) left in model

3 15 20 43 50

regression coefficients

1.27907757649105 0.756964553746695 -1,21201828961347
-0.608342058719735 1.2245925351853

Example 8: Survival Analysis with a parametric hazaxrd

The data is 169%4w.dat from
http://www.wpi.edu/~mhchen/survbook/ . Thié is data on
survival of melanoma. There are n=255 individuals, 100 of

whom have censored survival times. Each individual has




(G=4) nanely 1. NAP normal 2. BPH beni gn 3. PCA localised 4. MET
met astasised 1 7 MAY 2006 117 The al gorithm found 1 gene (gene nunber 6611,

their accession ID 831679.) which could correctly cla s?]fﬁYall t he
i ndi vidual s apart from 1 m sclassification. The iterati* 4 cZﬂﬁﬁthe, EM
algorithmare as follows: Iteration 1 10 cycles, criterion -6.346001

m sclassification matrix fhat f 1 2 1 23 0 2 0 22 row =true class C ass
1 Nunber of basis functions in nodel; 9608 Iteration 2 5 cycles, criterion
-13.21228 msclassification matrix That f 1 2 1221 2 1 21 row =true
class Cass 1 Nunmber of basis functions in nodel : 6127 lteration 3 4

cycl es, crif@jf%véﬁa%bm6mﬂg§§|@§§dgﬁ%t’i gﬂigﬁﬁéggl féj@é adal 2 1221
2220 sex. To illustrate the methodology we added 4000 dummy

genes to this data set to give a data matrix with 4004

columns and 255 rows. By desigﬁ the 4000 “genes” are not

associated with survival time. Algorithmically, the

challenge is to identify the important variables from

4004 potential predictors, most of which carry no

information. The data were ahalysed using a parameteric

- Weibull model for the hazard function: -

The algorithm selected only on variable: age. All of the
pseudo gene variables were discarded rapidly. The
Weibull shape parameter was estimates as 0.68.

+

Example 9: Ordered Categorical Analysis for prostate
Cancer

The example is from Dhanasekaran et al 2001. See also
http://www.nature.com/cgi-

taf/DynaPage.taf?file= /nature/journal/v412/n6849/fu11/412
822a0_fs.html

and the Supplementary files at

" http:/iwww.nature.com/naturefjournal/v4 12/n6849/exiref/412822aa.himl

There are 15 samples (individuals) with 3605 genes.
Missing values were replaced by row means + column means

minus the grand mean. There were four cordered categories
(G=4) namely

1. NAP normal

2. BPH benign

. PCA localised

4. MET metastasised

w




row =true class Class 1 Nunber of basis functions in nodel : 359 1 7 NAY"
2006 118 Iteration 4 4 cycles, criterion -12.14269 m sclassification
matrix fhat f 1 2 1 23 0 2 2 20 row =true class Cass 1 Nunber of basis
functions in nodel : 44 Iteration 5 5 cycles, criterion 79MABA8D

nmisclassification matrix that f 1,2, 123 0 2 1 21 row =true class O ass
"1 Nunber of basis functions in nodel : 18 .
EE IR I I S 2 S I I b I S b b I b I I b b b I I I I S I b b I b b S b I b I b b I b 2 |terat|0n 6 50yC|eS,

criterion Trlﬁa %a%é%thm Seb@ssif igfé’ﬁtei qgeﬁfgt ﬁﬁr%{béﬁaéslﬂ, Jr:élalirl 230 2121
ow Strve classiChoss, o Mo QL Jeslsa hunstions Inomedel,
criterion the d@RBEFAdualschpact fimwt lomisglassifheation.

The iterations from the EM algorithm are as follows:

kdhkkhkhkkdhkhhhhkihkddhhhddtidtrdd kbt ddhhkdhdtt itk httt
Tteration 1 : 10 cycles, criterion -6.346001
misclassification matrix
fhat |

£ 1 2
Y 123 0

2 0 22
row =true class

Class 1 Number of basis functions in model : 9608

Skkhkkdkhhkhkdhdhkhkdhddhhkdih ki ddtdhdbirddddh b hdhth it

Iteration 2 : 5§ cycles, criterion -13.21228

misclassification matrix

that
t 1 2
122 1
2 121

row =true class

Class 1 Number of basis functions in model : 6127

kkkdkhkkkdhkhdkhhrd kbbb hdrrhhdtdtddkdddbdhddrdrhbhdhdd

Iteration 3 : 4 cycles, criterion -14.11706

misclassification matrix

fhat
£ i 2
122 1
2 220

row =true class

Class 1 Number of basis functions in model : 359

LA AR b R R R L A L R R LS




17 MAY 7006 119 f 1 2 1 23 0.2 1 21 row =true class Class 1 : Variables
left in nodel 1 2 3 408 6614 7191 8077 regression coefficients 16.0404
8.799716 4.196934 -0.004482982 -9. 059594 - 0. 01061934 -1.245061e-09
Iteration 8 5 cycles, criterion -4.278911 nisclassifint F@Ynﬂmﬁnx t hat
12 1230 2121 row-=true class Cass 1 : Variables'l'e del 1 2
3 408 6614 7191 regression coefficigpgs 20.00335 10. 90405 5. 268265
-1.99644] e-05 -11. 30149 0.001403909 Iteration 9 4 cycles, criterion
-3.980305 m'sclassification matrix That f 1 2 123 0 2 1 21 row =true
cl ass O as$teratigRi4bles 4 EVCLIPA nBdéterion I A00326614 7191 regression

coeffici enf8gciassification matrix

fhat
£ 12
123 0
2 220

row =true class

Class 1 Number‘qf basis functions in model : 44

khkkhkdkhkhkhkkdkhhdhdkdkddddk it dddrbhhhhkdshdddotdtdrd®

Iteration 5 : 5 cycles, criterion -9.134629

misclassification matrix

fhat

£ 1 2
123 0
2 121

row =true class
Class 1 Number of basis functions in model : 18

R T R R L T R R R o R A AR AR A S AR ARy

Iteration 6 : 5 cycles, criterion -6.549706

misclassification matrix

fhat
£ 1 2
123 0
2 121

row =true class
Class 1 Number of basis functions in model :

dhkhhhkdhbkhkddhddhhdhdbhkddhhhhhhhbrttthdrtrrdhbrhrh s

Iteration 7 : 5 cycles, criterion -4.988667
misclassification matrix
fhat




1 7 MAY 2006 120 22.18902 12.03594 5.834313 -3.711782e-10 - 12. 53288

2'460434e_05 khkhhkhkhdhhhkhdhkhhhhkhhhhhdhhhdhhdhrhdhrhdrrhdkrhdxxx |terati0n 10

4 cycles, criterion -3.860487 m sclassification natrix§T?§& fE@%Z 1230
21 21 row =true class Cass 1 : Variables left in nodel 1.%?:2 14 7191

regression coefficients 23.18785 12.54724 6.089298 -13.09617 7.553351e-09

************************************iig******** |terati0n 11 4 CyCleS

criterion -3.813712 mnmisclassification matrix That f 1 2 123 0 2 1 21,
row =true class.Class 1 : Variables left in nodel 1 2 3 6614 regression
coeffieient 23?60 07 12.76061 6.1956 -13.33150

kkkkhkhkkkkikikkkk*k khkkhkkhkkkhkhkhkkkhkhkhkkhkhkhkkhkhkhkkkhkhkhkkkhk*x 1
Nalhorac Al ¢ Iteration 12 3 cycl es,

criterion -31;9%§%%_ m sclassification matrix fhat 17 MAY 200E

row =true class

Class 1 : Variables left in model

1 2 3 408 6614 71921 8077

regregsion coefficients

16.0404 8.799716 £.196934 -0.004482982 -9.059594
0.01061934 -1.245061e-05

[ Y . R s X R A X L 2
) Tteration 8 : 5 cycles, criterion -4.278811

misclassification matrix

fhat

£ 1 2 '
123 0
2 1 21

row =true class

" Class 1 : Variables left in model
12 3 408 6514 71351
regression coefficients

20.00335 10.90405 5.268265 -1.996441e-05 ~11.30145
0.001403509

IS E A S A S AR RS A SRS E LR R AR R LS T RS EE SR E X E RS SR LRSS RN

Iteration 9 : 4 c¢ycles, criterion -3.980305

migclasgsification matrix

fhat
£ 1 2
123 0
2 121

row =true class
Class 1 : Variables left in model
1 2 3 408B 6614 7151

regression coefficients




21 f 12 1230 2121 row-=true class Class 1 : Variables left in nodel

1
2 3 6614 regression coefficients 23.7726 12.84627 6.238258 -13. 42600
eration 13-3 cycles, criterion -3.788319 nisclassif%;p%%on mat ri x fhat
12 1230 2121 row-=true class dass 1 : VariabldsMAs2006n nodel 1
3 6614 regression coefficients 23.83879 12.88010 6.255108 -13. 46334
eration 14 3 cycles, criterion ¥313§5531 m scl assification matrix fhat
12 1230 2121 row=true class CQass 1 : Variables left in nodel 1 2

-3 6614 regression coefficients 23.86477 12.89339 6.261721 -13.47800 1 7 MAY
2006 122 22.18902 12.03594 5.834313 -3.711782e-10 -12.53288

2.460434e-05

t

1
1
I
f
2
It
f

kkkkhkdkdhkkhkhhhdhkhdddrhkdhhdhddhkdbhddhdrdhhdddtdsdhkddd
Iteration 10 : 4 cycles, criterion -3.860487
misclassification matrix
- fhat
£ 1 2
.1 23 O
C 2 121
row =true class
Class 1 : Va;iables left in model
12 3 6614 71921
regression coefficients
23.18785 12.54724 6.089298 -13.09617 7.553351le-09
‘***'k'k'k***********************‘k************‘k****
Jteration 11 : 4 cycles, criterion -3.8123712
migclassification matrix
fhat

£ i 2

123 0

2 1 21
row =true class
Class 1 : Variables left in model
12 3 6614
rggression coefficients

223.60507 12.76061 6.1956 -13.33150

dhhkdhhkhdhdddhhkhhhhhkrddddFhdhdhhhhhkdkdbhrhdrdhkddiik

Iteration 12 : 3 cycles, criterion -3.795452
misclassification matrix

fhat




Iteration 15 3 cycles, criterion -3.784442 msclassification matrix that

f 12 1230 2121 row-=true class Class 1 Variables left in nodel 1 2
3 6614 regression coefficients 23.87494 12.89859 6.26431 -13. 48373 '
Iteration 16 2 cycles, criterion -3.784016 misclassifilcAtiih Jos3rix fhat

f 12 1230 2121 row-=true class Cass 1 Variables left in nodel 1 2
3 6614 regression coefficients 23. 87802 12. 90062 6. 265323 -13. 48598 '

R IR I b 3k Sk Sk S S I I IRk Sk Sk Sk kS Rk Ik S S S b S Rk Ik S |terat|0n 17 2 Cycles
: A ’

criterion £3.783849 nisclassification matrix That f 12 1230 21 21
row =true C€lass Class 1 Variables. left in nodel 1 7 MAY 2006 123
123 0O .

2 1 21
row =true class

Class 1 : Varlables left in model
123 6614 :
regression cogfficients

25.7726 12.84627 6.238258 -13.42600

***********************************************

Iteration 13 : 3 cycles, criterion -3.78831%

misclasgification matrix

fhat

f 12
123 0
2 121

row =true class

Class 1 : Variables left in model

1 2 3 6614
regregssion coefficients

23.83879 12.88010 6.255108 -13.46334

dhkdhkkkhhkhFdhkdhkhhhhhbdbdbhhhdhhhhdhhdhhhhdhhdhdrrdd

Iteration 14 : 3 cycles, criterion ~3,785531

misclassification matrix

fhat
£ i 2
123 0
2 121

row =true class

Class 1 : Variables left in model
12 3 6614 A
regression coefficients

23.8B6477 12.89339 6.261721 -13.47800




2 3 6614 regression coefficients 23:88047 12.90142 6.265719 -13. 48686
teration 18 2 cycles, criterion -3.783784 nisclassification matrix fhat
12 1230 2121 row-=true class .Cass 1 : Variablei Mﬁgtumg node
2.3 6614 regression coefficients 23.88108 12.90173 6.26&8 4 :ﬁ 720 Fina

"msclassification table .pred yl123 4 1400 0 2021 0 3004 0 4000 4
Identifiers of variables left in ordsgred categories nodel 6611 Estimated
theta 23.881082 12.901727 6.265874 Estimted beta -13.48720 A plot of the
fitted propabilities is given in Figure 6 below The |ines denote classes
as follows: dashéd TIA&* T ZET 8L  ** 61 d *Hifd * £+ &+ 58%* D dotted line =

class 3, miadRdoandsdashed tydkes, drasSAonObseryaiions (index) 1 1 7 MAY
2006 124 :

1
|
f

|_\

misclassification matrix

fhat

£ 1 2
123 0
2 1 2%

row =true class .

Class, 1 :Vvariables left in model
12 3 6614

regregssion coefficients

23.87454 12.89859 6.26431 -13.48373

R R S R R R R X R R R R R TR R A A A M A

Iteration 16 : 2 cycles, criterion -3.784016

misclassification matrix

fhat
£ 1 2
123 0
2 121

row =true class
Class 1 : Variables left in model
12 3 6614 |
regression coefficients
23.87892 12;90062 6.265323 -13.48598
*****%*****************************************
Iteration 17 : 2 cycles, criterion -3.783849%
migclassification matrix -
fhat
- £ 1 2
123 0
2 121
row =true class

Class 1 : Variables left in model




to 3 were inclass 2, 4 to 7 were inclass 1, 8 - 11 were in class 3 and
12 to 15 were in class 4. Exanple 10: O dered Categorical Analysis for
prostate Cancer - Selected Genes This exanple is identgﬁF%@%o @ﬁat of
Exanple 9, with the exception that the data set has be ug to 50

sel ected genes: One of these genes is the gene found significant in _
example 9, the others were selected aks random The purpose of this exanple
is to provide an illustration based on a conpletely tabul ated data set
(Tabl e 10),1N£s§;€9%%alues were replaced by row neans + columm nmeans m nus
t he grand nean. ere were four ordered categories (G=4) nanely 1. NAP
normal 2. BRgrbesion cEMGAicntal i zed 4. MET netastasi sed The al gorithm
found one predjctiye. ge (ge 1 of table .10), which was equivalent to
‘gene 6611(égcégé%%nl§é§§%5%fﬂgﬁ5ﬁ%3nﬁFé-é?sﬁﬁe predi cti on success was, of
course, identical to that of exanple 9 (since it was based upon the sane
single gene%* *Z*§$¥ 2£$¥1;§%5;1ab|e 10: Di sease Stage and CGene Expression
for Sel ected EENES END SEESE *SrAGE I * 2 ¥ ¥ ¥ 3 r s ix it =d*4 3 4 4 4 11.6520

. 1480 0. 8600:22896n319190 4 %@%98999193%39 0s 879940 7960 0.6340 0.1040
. 2040 02740,0.083 21.0464 1.7 4Q1-é6551.08601.01331.05091-00061-0568 ‘
. 02B61. 10681 8cdapiBicaiumm mededx 2594 0. 9830 1. 0700 _

. 24471. 19451. 2RQ¥ 1. 22250. 40301. 2067129541. 66201. 8 8701. 43 40A990 0. 7100

. 7230 0.6700 0.7190 0.55200.96301. 6230 1.01200.89451. 23ao 0.635C)

. 81700. 7048 | ASBBC B1.43241.12301. 45161. 1350 1.5340 1.32901. 386723690
. 67701 2430 }.24504.46201. 39501. 35101, 332

RPOORROR

o 2 121

AL

row =true class

-Class 1 :.Variablés left in model
12 3 6614 '

regression coefficients

23.88108 12.90173 6.265874 -13_.48720

Final misclassification table

. pred
Y 12
4 0

02
00

w- N P
S O O B

s o W

4 00 04
Identifiers of variables left in ordered catégories model
6611
Estimated theta
23.881082 12.901727 6.265874
Estimated'beté |
©-13.48720

A plot of the fitted probabilities is given in Figure 6
below. The lines denote classes as follows: dashed line
=classl , s0lid line = class 2, dotted line = class 3,
.dotted and dashed line = class 4. Observations (index) 1




60. 9800 0. 95801- 01001. 1800 1.0360 1.06101.3030 0.6610 0.99131.02091. 1540
1. 0643 0.74401. 0190 1.047C 71.77841.90601.79760.8400 1.0520 1 . -

- A5001. 05604. 7570 2.060012960 1.0810 1.4070 1.4900 1.7834E§@342%@ _

80. 84401. 08001. 1070 0. 65701. 0240 0. 75101, 17901. 1830 1. 36401, 1200

0.80101. 3110 0.9640 1.379 91.3M, L6750 1A2200.9400 0.98501. 88301. 31681. 3730
1.34481. 37441. 32901. 41771. 5270 1.37241.103C 100. 77410. 7850 0. 5550 0. 8690
0.6110 0.5410 0.7530 0:8450 0.9940 Q23300 0.9460 0.59000.7190 0.7030 0.9921

111.1284 1.11851.14751.09M 1.09531. 13291. 08261. 13881. 11061. 1402 1.0949 1
A8361. 1541 1.1383 1.128( 120.8580 1.18251.05M.1. 4560 1.0630

0. 84701. 08132 38980=1105603s2022 14 OADO] wa3201A. OSP4 2023 0. 831wd30, 9030

0. 9600 0. 7650%120802028d99> 1 QSQQQWQ%Pg ?gég 4.04800. 81001. 0080

0.93700. 9120 0. 9870 1.01A 141.7000 2. 06401 T

2.'12901. 83801. 90301. 65901. 8620 1.52002- 01301. 2440 1.25000. 9360 22600 0. 879
150. 8690 0. 7930 0. 82101. 0060 0.8310 0.84100. 8250 0.82bO 0. 8643 0. 91W

0.8250 0. 9FXMY1e280:0089e0ed . GUAQOLEQAA7 A0 1y 852 (Horl @4RR+67E501. 0280 0. 9890
0.9260 0. 86HARrI868:0:36481a3490 1.5980 1..579C 170. 9820 1.84101.07902. 4510
0.9130 1.53800.9790& 8130 0.87501.1919 1.1465 0.9150 1.20581.1899 0.590
180.5040 0. 78600. 64600. 7280 0.8910 0. 6320 0.8390 0.4910 1.0340 0. 6880

Rk e Ly T
0_54701_19§§%%p§§g§ BﬁggoéE %%3 91968# FedERT :96&90 5. 08300. 8880
1.2820 1, 0451zrtedogenes 73600, &5 00®s6528n8:594 0t ke 5H40R0.£405@ 0. 6170 0. 68W

o 7080 0. 74k f@éZQQ 9R58% 1.L1 : 7 0,81700. 9870

£ 06760 129 ng44@ 5040 05§ Egaot%%9gt§g§%4%§%9§%§é%§%€16§o 5040 0. 4740
'230 8035 O. E§66u¥$6%ed° g6t 50 eragphe 75y 8t MG 98 2858 0. 6750

0. 7T70 0. 858A®s843010n9a8ed. drl 70 123212, 436QPatfad Ght626@122290 2- 7950

2. 0864 2. 743Q1pA2749)2. 1496 1, 3600 3.01101. 4560 1.0680 1.8450 250.8875

0.7710 0. 8860 O. 7840 0.9430 0.7260 0.9860 0.8980 0.8698 0.9440 0.7230

0.94281.1010 0. 8320 261.03301. 01401. 00501. 0330 0. 9580 1. 13800. 8B30 0. 7020

0.8170 0.8365 0.7400 0.6160 0.4830 0.5420 0.575 270. 8324 0.82250. 85150. 7993

Q1993 0. 83 0., 8 0,0.7989 0.8876U581 1.3610 0.8700

280. 6400 0§§%T§%-84%1§§§ 8% %;ég%ﬁ&% RE0TEVgBetRY). B0 WroH8aR6. 78W 0. 8180

1.3400 0. 93H@USzEhe 6TraBdomeen. Hure) weTe0Lous 08I B2 tegories

. 91300. 963(3=4937%8he0F60 0. 93701. 0760 1.0020 0. 7160 0.9970 0.8790 0.8980

. 9820 1.465 300. 7230 0. 6410 0.49900. 7190 0.6390 0.51MO 0. 6970 0. 7320

.6130 0.5620 0.8380 0.77820. 7340 0.9250 1.2270 311.6570

.05001. 4730111¥88113¥mpl1. 22501. 0770 0.7370 0.8930 0.9840 0.8300 1, 1270

. 6860 0. 99302053013R6n5460 0.5370 0.4830 0.8670 0.5820 0-55600. 7520 0. 6900

. 8480 0.73609. gééo Q. 33100 7410 330.8792 0.6450 0.5600 0.9270 0.79501. 1120
. 8335 0.8897°0 £°6283%99. 8070 0. 9345 0.9170 0.957 1 7 MAY 2006 126

Coorooor

GeneDl sease StalETomgtastagiged 3 33 3 4 4 4 :
. -340. 82440: 60001. 10500. 92000. 94400. 82890. 94300. 80200. 80670. 75800. 66900. 87970

:90300-589q91 %gorlthm found one predictive gene {(gene 1 of table
.10}, which was equivalent to gené 6611 (Accession
R31679) of Example 9. The prediction success was, of
course, identical to that of exanple 9 (since it was
based upon the same single gene).




350.91600. 7790 0. 7770 1.2340 0.7430 1.1970 0.7860 0.6580 0.8250 0.3920

0. 54500. 84400- 5240 0.6310 0. 732 360.8912 0.5390 0.7970 1.1880 0.6820 0.7010
'0.8760 0.9970 0.8000 0.9060 0.89801.17401. 0260 0.7550 371.1840 1.2700 1
A890 0.8670 1.2400 1 =30 1.0870 1.2670 1.3870 1.9100 1.230448Y. 200801. 2703
0.8150 1.23 381.1304 1.1205 1.1495 1.0973 1.0973 1.5090 0.6400 1.140B
11.1126 1.1422 1.0%9 1.18561. 15611. 14031241 391. 4857 2.0350 1.5048 1.1970
1.9UO 1.5820 1.7220 1.9630 1.4430 1.8120-1.9020 1.2850 0.8840 0.9620 0.560
401.96W 1. 6730 1.T710 1.4780 1.3830 1.79W 1.0340 0.7250 0.7970 0. 7560
1.0390 0.4410 0.4940 0.7770 0.478 410.8110 0.9M 1.0640 1.0330

0. 72800. 78169b£ﬁ§©em§msmsmaMemeﬂ@mmfarzse[esnteazaeﬁess
421.568626710 4.67501. 3670120401, 76501, 45801, 5791 17023015810
2.04001. 8630}L. d0301. 1640 0. 573 Disease Stage

430. 98140. 97 Q30502 94830, 94830. 985960. 981003 99%80. $6360. 9932Q. 94491. 03661

1. 00710. 99131]

241 19661, Sibo R 018%(3%4%34?198?36"6&5’3" 4951 53f°4°1‘§‘f°ﬁ?ﬂ°§14°i%°
0. 97901 0850013 0246211?256‘813948.433@@7@1%399491 1%&8@22904%:&120671.29541 .66201.8870 1.434
T e r e

‘ 12@600. 98050
.94501. 25001} 2 5986&38@53517@@1%0(71%@@1 6&4&%&90&10%%&91@m57§91o@43§ﬂ§10990@33 0. 6990

0.8196 0. 896 .g §%E87%%§g% 29001, 22201231 491, 490

0. 98001. 16651’ 433017580 %‘fﬁbﬁf?‘f@i@ﬂ”ﬁﬁhﬂw08101407014900178342942

. 13 09801. 3380(L & I5FEPH.0PYREOD 0.GFE!.0240 0.7510 11790 11830 1,0328 1.3040 1.1200 0.80101.3110 0.9640 1.579

80 %,;{11889 41163 (2) og 1 ' %@%3%3%3%&%%1 %&Q%ﬁ%@% Q%Z%% %49@4%@7&%‘?8
n

P

Sijon for
Selected Ge E%WEOTTOEﬁ?ﬂsﬁ’ﬂf’%°W7W°W9W°W%Q%G”9@Wéﬁ ing to

Figure 5, a poristaliies onmsuoess 1.0 1.5 fosds b esad 10t0s 1146 b@BRIRIsH g1 178ksh 28
according to] g @&%1%%M%aﬁ%uo?&ﬁ%@ﬂ%?&ﬂvﬁx 1690 olo3 o%{ogl.;am%mg%n%gper 20

oper at es undgr he instruction o war e program’s d di sk

10 data stor a&e"%‘{}’lgi"g"’f@‘2‘@?)9‘?6?%%’13“02@09%%@0 ?1?%10@@1@@703912@?%1968@@ ro22,

menory 23, d &thyumnwwﬁz@mth mw@%&m@umw&@%&%ﬂé&%@m6 and
&

keyboard 27. t t k
comnogti on 2 Fanest o il YRGS TRE R EhoRi Rem s g

facilitate dp¥nPHaHiorr! 191‘006@1%@@??9&%@18%“&2&0@6@%@&6@13490175960!@&)!79@006 127
The dat a col | eci.ésom m&m&z@ﬁbdﬁﬁh.&w@faﬂd@y@dﬁ%ﬁmn&ﬁ5156%0581189905900

18 10.5040 0.78600.64600.7280 0.8910 0.6320 0.83900.4910 1.03400.6880 0.6200 0.3890 0.4400 0.611 o 0.4640

=

19 [1.1427 1.20201.3440 1.0730 1.1840 1.14721.0970 1.1532 1.12501 1546 1.1092 1,1979 1.1685.1.1160 0.9350
20 11.22351.21360.5470 1.1904 0.5230 0.54001,0620 1.2338 1.2057 0,650 0.6020 5.08300.8580 1.2820 1.0450
21 10.49200.73600.6500 0.6520 0.5910 0.56100.7050 0.8170 0.6860 0.7080 0.7410 0.51700.8250 1.0530 1.6110
22:11.08800.7180 (,81700.9870 0.6760 1.2960 0,7440 0.5040 0.74000.5290 0.6840 0.5970.0.4910 0.5040 0.4740
23 10.80350.85800.8226 0.7705 0.5800 0.77300.7575 0.8140 0.7858 0.6%50 G.77700.85870.8430 0.9720 1.1470
24 (2.13212.43602.7240 1,6260 2.2290 2.7050 2.0864 2.7400 2.2740 21490 1.3600 3.01101.4560 1.0680 1.8450
.| 25 (0.88750.77100.88600.7840 0.9430 0.72600.9860 0.8980 0.8598 0.94400.7230 0.9428 1.1010 0.8320 1.0630
26 [1.0330 1.01 401.00501.0330 0.8580 1.13800.8830 0.7020 0.8170 6.8365 0.7400 0.6160 0.4830 0.5420 0.5750 :
27 10.8324 0.82250.85150.7993 0.7993 0.8369 0.8470 0.5426 0.81460.28800.7980 0.88750.8581 1.3610 0.8703
28 10.64000.8610 0.78400.9300 0.7740 0.7460 0.8090 0.8980 0.9080 0.7800 0.8180 1.3400 0.9380 0.8500 0.9690)
29 11.13400.89400.9030 0.9320 0.9130 0.96300.9370 1.0760 1.00200.7160 0.9570 0.87900.8980 0.9820 1.4650
30 {0.72300.64100.499040.7190 0.6350 0.5680 0.6570 0.7320 0.6136 0.5620 0.83800.77820.7340 0.9250 1.2270
31 11.6570 1.06001.47301.13901.3130 1.2250 1 .0770 0.7370 0.8930\0.9840 0.83001,1270 G.GBGU 0.99300.5080
32 10.54600.5370 q.4830 0.8570 0.5620 0.55600.7520 0.6900 0.8480 0.7350 0.6210 0.64100.74100.6950 1 .2750

33 10.87920.64500.5600 0.8270 0.7950 1.11200.8335 0.8897 0.8615 0.8911 0.8070 0.83450.9170 1.190C 0.9570,




a system The conputer includes a manipul ation nmeans enbodied in software
whi ch communi cates with nouse, 26 and keyboard 27 to allow a user to

i npl enent the method 5 according to the enbodi ments of the @r%ﬁgtion on the
data. The systens includes a neans enbodied in the soflt hwaf I mpl enent
t he met hod according to the enbodi nents of the present invention, and
means to create a graphic. After the nethod has been inplenented, the
output may be 10 illustrated graphically on display screen 24 and/or
printed on printer 25. In the above exanples, inplenentation of the
~invention has been described in relation to a biological system As 15

di scussed previously, the |nvent|on na}zﬁe applled to any "systent

requiring fe]t‘urcb of —sanptes—tobepredtetet—Exanptes—ef—systens) i ncl ude

chem cal systieng, agricultural systenbisasasascher systens, financial|systens
i ncl udi ng, f 4exanple, eredj t Ri sk1 assessaneng SysSt egs, 4 nsyrapce 20 .
systens, narketi ng ¥st ENs Or rrE record systens, electronic systens,
physi cal systeaﬁh0 48 %‘ﬁﬂ?&?&%" 03??600 PEPROSERP 08579 80 0.8320

Modi fi cat i ons| santh1apa.risen7ivo me34 ey 43/ te7ab. 7h 0. 65p|PaLse N119200G4500. @&oszkddsbmw:mtjdr essee
are deened t g 44 NCES 30
Aitkin, M s éng?gdr@ 7%%%‘%%"%?1‘%8?"@??gﬁﬁ&%éwﬁaggh@ﬁ%ﬁ%@&)m | and
Extrenme Val ud Pij s FH 14818 0q7¢124 ‘é‘ﬁmt%ﬁZPs‘&P"'éﬂjg@Uﬁ?PPV%P‘”@éﬁ%‘-‘iﬁéﬁaﬂ;, GLIM
Applied St atlistiws1.129114855.6716873 1.90900.A0AY 14800 66 1. 2482 1.0688 € BbeaMgs1 N4036. 2% 2) |

gggfrzilgytiqgg,tj%m& %;%m Jugeimeazm%g J%ym%ﬁy zénqu?ém%g@onﬁe%o

q_\

egr essi on s and
4.9650 1.6730 1.7710 1 47301 23830 1.79901. 0340072500 79700.7560 1.0390 0.44100.4940 0.7770 0.4780

. ) 41 10.81100.9590 1.0640 1.0330 0.7280 0.78100.8790 0.9281 0.7830 0.9610 1.1140 1.22000.7270 0.9320 0.8390
- | 42 |1.56862.6710 2.67501.3670 1.20401.7G650 1.4580 1.5791 1.0230 1.5810 2,0400 1.8830 1.0030 1.1640 0.5730
43 10.98140.97151.00050.9483 0.9483 0.98590.9510 0.9918 0.9636 0.9932 0.9479 1.0366 1.0071 6.991 3‘1.0193

N

1.1586 1.7120:1.1760 1.1980 1.3410 1.0080 1.1139 1.2340 1.1419 1.1715 1.1262 0.8310 1.1854.1,4695 0.7740

&

0.9870 1.1340 12600 0.8850 1.0880 0.8450 1.0060 0.9790 1.0850 1.1040 .2680 2.43000.9370 0.8080 0.9910
46 [1.15201.00020.9720 0.7860 1.1950 0.9610 1.0550 0.9800 0.9923 0.8080 1.0300 1.0653 1.0410 1.2110 0.9250

47 |0.92000.9154 0.8450 0.5610 0.8790 0.73100.6796.0.7420 0.9076 1.0470 0.9990 0.9805 05450 1,250 1.2750
| 48 10.57000.7360 0.58000.7800 0.5720 0.8418 0.6720 0.8990 0.8196 0.8960 0.8450 0.8570 1.2200 1.2220 1.2310
49 {1.49001.33400.9800 1.1665 1.0320 1.26901.1310 1.2100 1.18181.2114 1.0960 1.3360 1.3520 1.1020 10850

50 [1.4590 1.22001.4490 1.7810 1.7520 1.3200 1.2210 1.0720 1.1140 1.4820 1.1160 0.5410 0.4620 0.4840 0.4910
Table E4: Disease Stage and Gene Expression for Selected

Gene

EXAMPLE 11 Apparatus for use of the method.

Referring to Figure 5, a personal computer 20 suitable for
implementing methods according to embodiments of the
present invention is shown. Computer 20 operates under
the instruction of a software program stored on hard disk

10 data storage device 21. Computer 20 further includes a
processor 22, memory 23, display screen 24, printer 25 and
input devices mouse 26 and keyboard 27. The computer may
have COmmunicafion means such as a network comnection 27
to the internet 28 or data collecting means 28 to

15 facilitate downloading or collection and-sharing of data.




5 discussion) JRSS (B), 34: 187-220. Cox, D.R, and Cakes, D. (1984),

Anal ysis of Survival Data. Chapnman & Hall, London. 10 Dhanasekaran S. M,
Barrette, T. R, Ghosh, D., Shah, R Varanbally,S., Kurachi Pienta, K
J., Rubin, M A, and Chinnaiyan , A M (2001) Deli ﬁlébtW% 2086 pr ognosti c
bi omarkers in prostate cancer. Nature 412, 822 - 826. 15 De Boor, C.

(1978), A practical guide to splines. New Yor k: Springer-Verl ag.

Denmpster, A P., Laird, N.M, and Rubin, D.B.(1977) Maxinum Iikelihood from
i nconpl ete data Vi a the EM aI gorithm 420G Journal of the Royal Statistical

S ty, leo 7 f k I h d
soc 1y B A ode1coBano b il e o st oo syl o
M, and Pog@i 6ystrem. (1'9199)1?%%6&! e@clhdaHEWMimxlate@al aeanat i on netvvorks
~and suppor! (4Behobd FRCObASRrdMihyth WBHRuALI LT NE heAGe YAy (2001)

Unsuper vi sed sparse tegressi on. em nar presen L SRUSS af P abr s
htt p: // www. Ferboarg/ puibte catlionsy lusenstio/ 2001 émemy fthegmelthed

do/ 1/ i ndgx. 0612 Kot.Z, and Johnsan, 1983)
Encycl op§d| %E?Pra&%{v?gt glg%le é’ugdel Vgl fite #VEHE30° NEE& faign

Nel der, J. Ahe( &988¢umsGinelwldwy ed nlaamﬂahmdeMeils tl-%ndaoEdwhirentoChaprran &

Hal | . I\/bCuI l.a essiqn npdels for di naI dat.a. Jour nal

of the Royal" "gthanl PEFi éé? 'g%‘il?cge%‘ﬁorfllngozﬁclﬁae T@’q@l s §Lpthgng |

Wedder bur n, pReMébt (#9&3)is&enenal ingeths ltbneaéaﬁ@o@@rap}g@r naFtet+ the Royal
Statistical _Socie 135, 370-384. Qakes, D. (1977), The- asynptotic

i nfornmation %éBﬁ as béen implemented, the output may be

. 10 111ustrated graphically on display screen 24 and/or

S0 .
C - printed on printer 2S5.

In the above examples, implementation of the invention has
been described in relation to a biological system. As

15 discussed previously, the invention may be applied to any
“system” regquiring features of samples to be predicted.
Examples of systems include chemical systems, agricultural
systems, weather systems, financial systems including, for
example, credit risk assessment systems, insurance

20 gystems, marketing-sfstems or company record systems,

electronic systems, physical systems, astrophysics.systems

Ty and mechanical systems.

Modifications and variations as would be apparent to a

25 skilled addressee are deemed to be within the scope of the

present invention.
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2. The nethod of claim1l1, wherein the step of generating the |inear

conbi nation conprises the step of using a Bayesian statistical nethod to
estimate the conmponent 30 weights. 3. The nethod as claimed in claim1l or

2, further conprising the step of maeking an apriori a§kﬁﬁ%ﬂfdmﬂﬁhat a
majority of the conponents are unlikely to be conponents 1 7 WAY 2006 - 131
that will formpart of the subset of conponents. 4. The nethod as cl ai ned
in any preceding.claim wherein the nbdel conprises a mathenatical
equation in the formof 5 a likelihood function that provides the
probability " distribution based on data obtained fromthe training

sanples. 5. The nethod as clainmed in ab¥®preceding claim wherein 10 the
step of defi |md>ﬂfr.g, tdhe, lrm@hom:gaﬁ; s;_e,; it he gfgglg}okn§9bggﬁéagat her m)deIOI frgm a
group conpri a jultinom a i nonj a o istic regression, ordere

cat egori cal 3 1232 SGLERSPEN, Vb A $8d°FPnear nodel, Cox' s
proportional hazards nodel and paranetric survival nodel. 15 6. The net hod

as clained in a receding claim wherein the feature is the

cl assi fi cat i¥#c %?ﬁ% test S HRpLeTi nfo A ond98P)a Frorarligedilipaatiefi ned
groups, anhd M@g@f%r1gﬂg&Edy%&bgedcqagﬁhl hydiqe probability distribution of
the 20 classification is a i hood functlon based on a multinom al or
“binom al logistic regreSS|on 7 The nethod of claimb5 or-6, wherein the

nodel” based ﬁ&ufﬁaéﬁ'e sl ti;rag al R(Qér@si,m Hod99 FHiLC LB SP s&a%.i s of

the form
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Gl Il g=1exXT.8g I I I r G1 Gi +Ze 99 | i+~eJ9n g=t J h=t 30 wherein G
I s the nunber of sanple classes; 1 7 MAY 2006 - 132 XxT (3g is a linear
conmbi nation generated frominput data fromtraining safpf ¢{AY wgh
conponent weights /jg; XT is the conponents for the ith Row of X and P. is
a set of conponent weights for sanple class g; 5 ejg =1 if training sanple
I is a nmenber of class g, gg=0 otherwil88;-and X is data fromn training
‘sanples c [ty Ng p conponents. 10 8. The nethod as clained in 6 or 7,
wherein the training sanples are grouped into a plurality of sanple groups
based on tlhe AKmesthdde dicur & defntifay indidi s e comppshergasbsanpl e group
havi ng a common group identifier. 15 9. The nethod as clained in any one of
clains 1 tséf%,emw’fi“reei Reng carahle of Aredidatnom deathieg est

SIS (8,8, ensn gD e g ot S i M it e
di stributilend ofemexratdmgssi flilgwan combiaminiatered catpyericalandgi stic .
regression. component weights in which values for each component
are introduced from data generated from a plurality
of training samples, each training sample having a
known feéture; -
10 (b) defining a model for the probability distribution of
the feature wherein the model is conditional on the
linear combination and wherein the model is not a
combination of a binomial distribution for a two
class response with a probit function linking the
15 linear combination and the expéctation of the
response;

(c) constructing a prior distribution for the component
weights of the linear combination comprising a
hyperprior having a high probability density close to

20 Zero; o

(d) combining the prior distribution and the model to
generate a posterior distribution;

(e) 1identifying the subset of components based on a set
of the component weights that maximise the posterior

25 digtribution.

2. The method of claim 1, wherein the step of generating
the linear combination comprises the step of using a

Bayesian statistical method to estimate the component
30 weights,

3. The method as claimed in c¢laim 1 or 2, further
comprising the step of making an apriori assumption that a
majority of the components are unlikely to be components




10. The nmethod of claim5 or 9, wherein the ordered 25 categori cal

| ogistic regression is of the form N G121 rk rik+l -r& Yik Yik+l - yik 1
[f [f Ji=1 k=1 Yik+l J Yik+l IQgltl Yik+1-Yik]=logitl Kijky Qs+ 7808 |

Yi k+I " Yik+l 30 Wherein yik is the probability that training sanple 1
belongs to 1 7 MAY 2006 - 133 a class with identifier |ess than or equal
to k (where the total of ordered classes +s G); xT/3 is a linear
conbination generated frominput data fromtraining sanple i with
conponent theitgwtid 1f Ifoxrmb pXrits cdatthef raubsett el miongpogemilses conpri sing p
conponents; x, is the conponents for the ith Row of X ; 10 i 1, if
observation i in class] rij 'is as defined as rij=gcig where ci = o

ot hewi se §=1The mpkbosepigodladmadaiife @ivh RYerading cledn.f gheyein 7
corrﬁri si nﬁhbgﬂaoareap%oﬂipa:i@%fs} 3 g&t?e%%{ﬂi%ﬁalo‘ce@l][%n li(iiﬁiﬁlif 'fl%fr%i IJF vvgl ch
eac ou ntifier. correspon 0 a menper an ordered class; an
groupig%g ghélﬁﬁéﬁ&ﬁ%’& S‘r%cg‘rjrﬁneé%% (P’?ﬂ?’el%st t¥sses based on
t he knowndikeatibuge ioh bacd amiday 6 ataing®? . friwe tiet adhiasinegd ai ned i n any
one of cl %E%l%sto 5, wherein the feature is a predefined characteristic
of the )

S. The method as claimed in any preceding claim, wherein
10 ~ the step of defining the model comprises the step of
selecting the model from a group comprising a multinomial
or binomial logistic regression, ordered categorical
logistic regression, generalised linear model, Cox‘s
proportional hazards model and parametric survival model.
15
6. The method as claimed in any preceding claim, wherein
the feature is the classification of the test sample into
one of a plurality of pre-defined groups, and wherein the
defined model for the probability distribution of the
20 classification is a likelihood function based on a

multinomial or binomial logistic regression.

7. The method of claim 5 or 6, wherein the model based on

25 the multinomial or binomial logistic regression is of the

form:
( 1% %G\
n G-I egﬂg 1
T e
HAs) g
g=1 k=
\ - 7 /
30 wherein

G is the number of sample classes;




20 test sanmple that lies within a regular exponential famly of

di stributions and wherein the defined nodel for the probability

di stribution of the characteristic is a a |ikelihood funaﬁ;pnégaiﬁg on a
generalised linear nodel. 25 13. The nmethod of claim 12, @4

regul ar exponential famly of distributions is selected fromthe group
consisting of normal distribution, Gauss2an distribution, Poisson

di stribution, exponential distribution, ganma distribution Chi Square

di stribution 3DBants i avéﬁseagammrmirauidautgemrauedTﬁeomemw@tasiacuaai med

of the form SR JEatnpg, fhupid vw%q”cﬁp?f‘@%z‘%ﬁ?ﬁ“?@@g ﬂ‘s'“(e?é A

2006 - 134 eréﬁn the GO(npznentSy hend Y jRow atheXchahdlets s c
measured on tbetl bl aaﬂipbaené aéﬁghcs Qo&ws w?t_ta bmasw gheing a fixed set
of kng S a a si n Ie S e, paramne the nctions b( and
c(.)ar as é'd]drls F@ﬁid’eﬂﬁ:r%‘? {cijila}ss'tg'(g’]g ar{y} =

b" (91) &; ((p) gtherwasé:(,p) ) 10 and wherein each observation has a set of
covariates xi.gnd a linear predictor 711 = xi T(3 15. The method as cl ai med
in any one of clains 1 to 5  wherein the feature is the tine to an event
for the test X5isafpte, faem whéreininge seebilesd covpelisiog the probability
distribution gbhmpRgehi®e to the event is a likelihood

10
8. The method as claimed in 6 or 7, wherein the training
samplés are grouped into a plurality of sample groups
based on the known feature of the training samples, and
each sample group having a common group identifier.

15

9. The method as claimed in any one of claims 1 to 5,
wherein the feature is the classification of the test
sample into a class wherein the class is one of a
plurality of predefined ordered classes, and wherein the

20 defined model foxr the probability distribution of the
classification is an ordered categorical logistic
regression.

10. The method of claim 5 or 9, wherein the ordered

25 categorical logistic regression is of the form:

L=ﬁﬁ( Vit ] ( st yik\rihrr&

i=1 k=1 \ Yan Yierr )/
\
logit(y il y"‘) logit[——”f" =0, +x
Vit Vies1 /
30 Wherein

Yixk is the probability that training sample i belongs to




function based on a nodel selected fromthe group consisting of Cox's
proportional hazards nodel, paranetric survival nodel and accel erated
survival times nodel which 20 conprises neasuring the tijng [44¥ar288s for a
plurality of sanples fromthe time the sanple is obtained to the time of
the event.. 16. The nmethod as clainmed in claim5 or 15, wherein Cox's 25
proportional hazards nodel is of the fu¥3an-L(ti/3)=l j=I Wierein 1 7 MAY
2006 5 10 - 135 X is data fromn training sanples conprising p
conponents; Zaislassawith tHentifielmelepesathangemeatual thek fwhsref X

where the ordgﬁ%n?ﬁggltgg_nggfgéeélaggégeg opdg.to the ordering induced by

t he orderingép he surviva ¥ I's the result of ordering the
censoring i ndéxf i 2t hdnsake SrElimaticsh gergiatert t Bronddrpusydataal

tines. Zj is the jth rowof the matrix Z and dj is the jth eglenment of d ;

91j= {i: i = frop+fraining sawperiskisbt comMPPRENtovadebESefent tine U); 15

17. The met hog¢ as.cl g i aim5.ar-15 _wh ' he | ¢ ,hazards

nodel I?s of the ?‘gr mﬁa@dl o“{'g!'icﬁjsl ilgll tgélﬁ?ng %Eﬁbaets coﬁ@;"ﬁ@iﬁ@ }'9
components; ,

x] is the components for the i*® Row of X ;
| / B

rij; is as defined as’};,-:zcig where cfj-—-{,‘;,ff;ﬁi’;“ffis‘ﬁ“"“““ chassi |
10 | &=l
11. The method as claimed in claim 9 or 10, further
comprising the steps of: defining a series of group
identifiers in which each group jdentifier corresponds to
a member of an ordered class; and grouping the training
15 samples into one of the ordered classes based on the known

feature of the training sample.

12. The method as claimed in any one of claims 1 to 5,
wherein the feature is a predefined characteristic of the
20 test sample that lies within a regular exponential family
of distributions and wherein the defined model for the
probability distribution of the characteristic is a a

likelihood function based on a generalised linear model.

25 13. The method of claim 12, wherein the regular
exponential family of distributions is selected from the
group consisting of normal distribution, Gaussian
distribution, Poisson distribution, exponential
distribution, gamma distribution Chi Square distribution

30 and inverse gamma distribution.

14. The method as claimed in any one of claims 5, 12 or

13, wherein the generalised linear model is of the form:

35

- & Y6~ 6(8) :
log p(v | B, ) —{;{m-m——a‘_ ) +¢(3,,9) }




-Z (yo cilog(fii)-pi-c[ log A(Yi; cP) :th 20 where hi = A(Yi;V)exp(Xil) ;
ci=1if the ith sanple is uncensored and ci=0 if the ith sanple is
censored; The functions X(.) and A(.) are as defined by ﬁ:fﬁé} _zﬁﬂinand
Clayton (1980); Xi is the ith rowof X and Xis data fromh ai g
sanpl es conprising p conponents; 1 7 MAY 2006 - 136 18. The nethod as
claimed in any preceding claim wherei&34the prior distribution is of the
form p(b)= ap(b In2)p(n2)dn2 n2 Where p(bh2) is N(O,diag{n2}); v is a
hyper parameter; p(v2) is a hyperprior distribution. 19. The nethod as
clainmed in anwheGedi ng claim wherein the hyperprior is a Jeffreys prior
of the form p(n2)adIn2 10 20. The nethod _as clained in any preceding
‘claim wherein Ypa&st'étror ¥ektri BRA 3 8 ke RBararkeTAEbicnl y)a L(yl bj
) p(bh2) +) 15 whersisuded/ldn ahd st heatpke} i hood function. 21. The nethod of
any ong of claiisj,to g0 uheraih the pogLerion distnl BUli gp |5 fmxi m sed
usi ng an iteratiﬁé proce uie.%ﬁ? * g

weights and ¢ a single scale parameter;

the functions b(.) and c{.)are as defined by Nelder

and Wedderburn (1972);

- E{y;} =b'(®;) |

Var{y} =b"(0,)a,(¢) = 72,(¢) -

10 and wherein each observation has a set of covariates

%; and a linear predictor n; = x;" 8.

15. The method as claimed in any one of claims 1 to 5,
- wherein the feature is the time to an event for the test
15 sample, and wherein the defined model for the probability
distribution of the time to the event is a likelihood
function based on a model selected from the group
consisting of Cox’‘s proportional hazards model, parametric
survival model and accelerated survival times model which
20 comprises measuring the time elapsed for a plurality of
samples from the time the sample is cbtained to the time
of the event..

16. The method as claimed in claim 5 or 15, wherein Cox’s
25 proportional hazards model is of the form:

d;
L == =
(EI@) oS exp(Z,-g)
iemj

Wherein




22. The nethod of claim 21, wherein conponent weights having a value |ess
than a pre-determned threshold are elimnated by setting those conponent
wei ghts to zero. 25 23. The nethod as clained in claim 2?; ]oM,égZquﬁherei n
the iterative procedure is an EMalgorithm 24. The nmethod as clainmed in
any one of clainms 1 to 23, wherein the systemis a biological system 30
25. The nmethod of claim 24, wherein thgzsonponents are 1 7 MAY 2006 - 137
arranged in an array. 26. The nethod of claim25, wherein the array is
selected fromthe gfoliP E64& st4oy Bf tPRATdNGaSamRlre| RORPFAFING hti body
array, RNA array, carhghywdidte. array, chemical array, lipid array. 27. A
met hod for identifying a subset of conponents of a =~ subject which are
‘capabl e of classifyifAgitha suatjreot tinito il ohe o&-arphtigehichy of piedefi ned
groups wherein each group _is defined by a response to a test treatnpent
conprising the step‘gso"b?:ofdf’%xﬁgg??ﬁg thien | pdgiingg off stibpedi¥st ©% hé test

treatngnt and groupidggtdehsati ets 150 T 85RARSAGY" PHASICHd %%.Se@h@
subj

responses to the treatnent; (e) neasuring conponents of the ects; and
(f) . identifying a subsdarigig cohpdremurtival isinepabl e of classifying the

subjects into the response,_groups usin t he neth as clained in any one
of braims 1 to p6. 58 B ik HEWLE G5 eraSRiBS: hosnyete ORI 24 to
27, wherein the conpeeaNnt har es&é e Ghembt DM EHE EQYPred ONGD Stk 0f

genes or portions thereof, DNA sequences, RNA sequenhces, peptides,
proteins, carbohydrafB¥ViVppj dmes.

10 Z; is the j* row of the matrix Z and d; is the

7 element of d;

87 = (BB By

R;= {i:i=j,j+1,'--,N}= the risk set at the 3™

ordered event time t(j);

15 17. The method as claimed in claim § or 15, wherein the

parametric hazards model is of the form:

N
(v
log(L) = 1¢;log(p;)~ pi+¢;| log )
i=1 Ayiip)

20  where
H =A(Yi;?)exP(Xig) ;

¢=1 if the i*" sample is uncensored and ¢=0 if the

i*" sample is censored;

The functions A(.}) and A(.) are as defined by Aitkin
25 and Clayton (1980);
X; is the i*™ row of X and X is data from n ftraining

-samples comprising p components;




25 or mixtures thereof, physiological conponents, antibodies, anatonical

conponents, epi dem ol ogi cal conponents, and chem cal conmponents. 29. The

nmet hod of claim 28, wherein the DNA sequences 30 conpri seis?sﬁﬁﬁblﬁﬁﬁ

nucl eoti de pol ynor phi sms (SNPs). 30. An apparatus for identifying a subset

of conponents of a systemfromdata generated fromthe systemfroma

plurality of sanples fromthe system- tiBg subset being 35 capabl e of

predicting a feature of a test sanple, the apparatus conprising: a

processi ngléedhise opetiad eag ocldimed/fih 2006 prddedigenelale, avhénetn

conbi nat i f t s in which values for each
%hd f%@giuﬂceﬁdﬁx;’iﬁr@lo SOMPONSHL e ek Gl S . ca

conponent are |ntro data generate roma plurality of training
sanpl es, each tr Qg a known feature; 5 define a nodel for
a pr obabl lity d.ﬂ”ﬁ[&?@%ﬂ&)ﬂ@@ feature wherein the nodel is conditional
on the linear conbination and wherein the nodel is not a conbination of

bi nom nal di st riygdion (QE }1 ﬁqﬁi%@ }Esponse with a probit function

|l inking the linear co t expectation of the response;
construct -a prior Jdistribution for the conponent weights of the |inear
combi nat i on conpf i fy AR EPAEEHivi ng a  hi gh probability density
close 50 zero; nggt hey t the nodel to generate a

" 15 posterior di g{? ut |Son %S%gg%?l &g%ﬁlggl&%gje of conponents based on a
set of the conponent wei ghts that maxi m se the posterior distribution. 20
31. The apparatus as clainmed in claim29, wherein the _processing neans
conpri ses £ compfitathad A% cdlayneg ciutany preceding claim, wherein

the hyperprior is a Jeffreys prlor of the form:

A
Jp(nz)aOl/n2
- st
10
20. The method as claimed in any preceding claim, wherein
posterior distribution is of the form:
p(bjnly)a L(y[bj )p(blﬂz)p(nz)
15 wherein L(Z“z¢) is the likelihood function.
21. The method of any one of claims 1 to 20 wherein the -
posterior distribution is maximised using an iterative
procedure,
20
22. The wmethod of claim 21, wherein component weights
having a value less than a pre-determined threshold are
eliminated by setting those component weights to zero.
25 23, The method as claimed in claim 21 or 22, wherein the
iterative procedure is an EM algorithm.
24. The method as claimed in any one of claims 1 to 23,
wherein the system is a biological system.
30

25, The method of claim 24, wherein the components are




software. 32. A conputer program arranged, when | oaded onto a 25 conputer
apparatus, to control the conputing apparatus to inplenent a nmethod in
accordance with any one of clainms 1 to 29. 33. A conputer1rfehg§blr;§qﬂgedi um
provi ding the conputer 30 programas clained in claim32. 34 od of
testing a sanple froma systemto identify a feature of the sanple, the
met hod conprising the steps of testingzfor a subset of conponents which is
35 diagnostic of the feature, the subset of conmponents having been

det er m ne@ rng<tEtiRoGn Rraegordance with any one of clains 1 to 29. 17
MAY 2006 - 139 35. An apparatus for testing a sanple froma systemto
determ ne a feature of the sanple, the apparatus including neans for

testi ng f @s.conmheemethodertfi fdledn 25 edredamioe tha tadrrahe ietdedeadfedcany one
of clains 0 . G | h]_ﬂt}?& by a
conput i ng £r gnvitg%, %ﬁigmﬁn%%g%tﬁgﬁggﬁ%ﬁo carryﬁ%c()ﬁaﬁ}%éprfet hod of

i denti $yi egtddesonerray.r fiila ayshbmeikdhvdmateparay . stheisdleting a
feature ofaﬁa?gstliﬁla)laqrxf&{ﬂmthe system 10 and wherein a |inear

conbi nati on of conponents and conponent weights is generated from data
generated froma plurality of training sanples, each training sanple

havi ng a 2mown af erittiod, fid idlgmsierimy adisathddiitoorednp@enarsata a by

i ni : otr buti pon " Y H 8
yper pr | oy IR shbae P TR IR e e S 00,0
model 1@hatories oft endilimmialtyoof lprddefdared aniurs ivdrexkior edach taromelel is
hot a- comMyNYJOhed 1 A NUB RNl SIS 1 PWLAN ¢ End WP comprising

the steps of:

{(d) exposing a plurality of subjects to the test
tféatment and gfouping the subjects into response groups
15 based on responses to the treatment;
(e) measuring components of the subjects; and
(£) identifying a subset of components that is capable of
classifying the subjects into the response groups uging
the method as claimed in any one of claims 1 to 26.
20 '
28. The method as claimed in any one of claims 24 to 27,
wherein the components are selected from the group
consisting of genes or portions thereof, DNA sequences,
RNA sequences, peptides, proteins, carbohydrates, lipids
25 or mixtures thereof, physiological components, antibodies,
anatomical components, epidemiological components, and

chemical components.

29. The method of claim 28, wherein the DNA sequences
30 comprises single nucleotide polymorphisms (SNPs).

30. An apparatus for identifying a subset of components
of a system from data generated from the system from a
plurality of samples from the system, the subset being

35 capable of predicting a feature of a test sample, the
apparatus comprising:

a processing means operable to:




class response with a probit function Ilinking the Iinear 20 conbi nati on and
the expectation of the response, to estimate conmponent wei ghts whi ch

maxi m se the posterior distribution. 31. A nethod for r7t ?@5a subset
of conponents of a 25 biological system the subset bei ng ;Légb

predicting a feature of a test sanple fromthe biol ogical system the

nmet hod conprising the steps of: (a) gemggating a |inear conbination of
conponents and 30 conponent weights in which values for each conponent are
det erm negkehem&téabal@memab@dﬁmmrpldﬂ aldriporendg ainai' m:gmﬁ:amairﬁsh each
trainin Kk f r (b) definin I's

pr obabi Igl ?’%q% \éuolgll%h %% t%gbt't?ea cl}lré:) ST € re noae é é

condi ti oniromndﬁﬁél Henexatedo dyiomata @iur(ad)ltcomft rb.mmmglga q@mp_d:es '

di stri but kgenf Qg;atlhgn@o@gqg@q@ bhvi % :;ggﬁm el ghts of the linear
combi natign _conprising.a Pﬁperprl or - having %b’d'— robab| i ty density
close 0 % gfdne &) Mok Aickg & & Ghatgrt Jdﬁl’stqf%S&R% iy athdhfodel to

gener ate Feposirer Iwh!‘erél:i.&t Itlhl%uhidalaa.l (i®) doiftitdiofalg dhatsiisielesaf conmponents
based on & agline0f LS EOURANN IR, T T LSRR E "
binominal distribution for a two class response with a
probit function linking the linear combination and the
10 expectation of the response;
construct a prior distribution for the component weights
of the linear combination comprising a hyperprior having a
high probability density close to zero;.
combine the prior distribution and the model to generate a
15 posterior distribution; and
identify the subset of components based on a set of the
- component weights that maximise the posterior
distribution. '

20 31. The apparatus as claimed in claim 29, wherein the

processing means comprises a computer arranged to execute
software.

32. A computer program arranged, when loaded onto a

25 computer apparatus, to control the computing apparatus to
implement a method in accorxdance with any one of claims 1
to 29.

33. A computer readable medium providing the computer
- 30 program as claimed in claim 32.

34. A method of testing a sample from a system to
identify a feature of the sample, the method comprising
the steps of testing for a subset of components which is

35 diagnostic of the feature, the subset of components having
been determined by a method in accordance with any one of
claims 1 to 29.
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35. An apparatus for testing a sample from a system to

‘determine a feature of the sample, the apparatus including

means for testing for components identified in accordance
with the method of any one of claims 1 to 29.

36. A computer program which when executed by a computing
device, allows the computing device to carry out a method
of identifying components from a system which are capable
of predicting a feature of a test sample from the system,
and wherein a linear combination of components and
component weights is generated from data generated from a
plurality of training samples, each training'sample having
a known feature, and a posterior distribution is generated
by combining a prior distribution for the component
weights comprising a hyperprior having a high probability
diétribution clogse to zero, and a model that is
conditional on the linear combination wherein the model is
not a combination of a binomial distribution for a two
class response with a probit function linking the linear
combination and the expectation of the response, to
estimate component weights which maximise the posterior
distribution.

n. A method for identifying a subset of components of a
biological system, the subset being capable of predicting
a feature of a test sample from the biological system, the

method comprising the steps of:

(a) generating a linear combination of components and
component weights in which values for each component are
determined from data generated from a plurality of
training samples, each training sample having a known
feature;

(b) defining a model for this probability distribution of
the feature wherein the model is conditional on the linear
combination;

{c) constructing a prior distribution for the component
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weights of the linear combination comprisiﬁg a hyperprior
having a high probability density close to zero;

(d) combining the prior distribution and the model to
generate a posterior distribution;

(e) identifying the subset of components based on a set
of the component weights that maximise the posterior

distribution.




