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WD 2004/ 104856 PCT/ AU2004/ 000696 - 1 A METHOD FOR

| DENTI FYI NG A SUBSET OF COVPONENTS OF A SYSTEM FI ELD
WOR0FHESFONVENTI ON 5 The present invention rel ab@FAU2003/000696

nmet hod and apparatus for identifying conponents of a

system from data generated.from sanples fromthe

system V\,hi ch corrponents are capable of predicting a

‘fi‘ﬁ ol [BhsiEe o Hoibolifirs oF A sysTEM
part| cuI arﬁ ut néttiI excl usively, the present

i nvention 10 relates to a nethod and apparatus for
FIEES NGk T YR OIGEERETGRt S of a biological systemfrom
—data generated by a biological nethod, which

conmponents are capable of predicting a feature of
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Pasgs?%%rwonwhu Rpt deralugively st B sPreagntatryeneirn
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cheglﬁi\ ¥s ens, fin nC|a %sterrs and eol f‘
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mebhddj nebiéhocvipbeney s case t capalehé | &F pﬁédicuimg a feature
f f t he n
ot  EALUEES . Do B8EERERa WEPh  STaUPLE enbled RO S, 1D
biglegpsatugnshem. those who have good credit and those
who are a credit risk. Oten the data obtained from
the systens is relatively large 30 and therefore it is
M‘EOFJ}IEMH}TI onents of the systens from
the data, the conponents being predictive of the
artlcular features of t les fromthe tem
ReOEF. ShHAITRET Jaf o=y SEPRF nEp EXyEPEREE TR Fmp e
cldesiEtedt atcordingi £ty the componenfsaberesisehéhevg. | sThe

tefm “gystem” as used throughout this specification is

considered to include all types of systems from which data
(e.g. statistical data) can be obtained. Examples of such
systems include chemical systems, financial systems and
geological systems. It is desirable to be able to utilise
data obtained from the systems to identify particular
features of samples from the system; for instance, to assist
with analysis of financial system to identify groups such as
those who have good credit and those who are a credit risk.
Often the data obtained from the systems is relatively large
and therefore it is desirable to identify components of the
systems from the data, the components being predictive of
the particular features of the samples from the system.
However, when the data is relatively large it can be
difficult to identify the components because there is a
large amount of data to process, the majority of which may
not provide any indication or little indication of the

features of a particular sample from which the data is
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35 | arge anobunt of data to process, the mgjority of
which may not provide any indication or little
wo pavaeisson of the features of a particul ar sPOPAE2004/000696
fromwhich the data is WD 2004/ 104856
PCT/ AU2004/ 000696 2 takep. _Furthernore, conponents
that are identified using a training sanple are often

tak&@f fﬁ&ftﬂ@:ﬁ&ré deddrhb i &9 s f@x@;wﬁse OIHérﬁ_sifmsﬁng a
data when the test sanple data has a éﬁ%%g ree of

tryining; saple A%g | Ukten irpffeckivaps
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Recent advances in biotechnology have resulted in the

devel opnent of biol ogical methods for |arge scale 15
Ansexempiegoﬂfasyﬁpenafamﬁsaaﬂbwnéseothégénﬁrﬁbléisﬂare
u exa e..mcr rra al ysi
pa:ggé. f ﬁﬁhﬂeng'r 01' eo?r‘:]p%:éé]é :,.czgf‘ gte?rpeo:%/ﬁl wc'h:.ch the
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result inth generatlon of data t can have up
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caHyha§€r§§nt893b'§§§e§rQﬁoPQd¥oﬁthQ§ts0fo§5e$&9|éaﬁﬁie
O determ ni_ng, for exanple, the efficacy of

thﬂﬁa?ﬁa&éﬁ??@al

It is highly desirable to be able identify features of
interest in samples from 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. For example, identifying diseases by
screening tissues or body fluids, or as tools for
determining, for example, the efficacy of pharmaceutical

compounds.

Use of biological methods such as biotechnology arrays in
such applications to date has been limited due to the large
amount of data that is generated from these types of
methods, and the lack of efficient methods for screening the

data for meaningful results. Consequently, analysis of
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conmpounds. Use of biological nethods such as

bi ot echnol ogy arrays in such applications to date has
whe@n/1b4s86 t ed due to the large 35 anpbunt of depCBHAUb@Y/000696

is generated fromthese types of nethods, and the |ack

of efficient nethods for _sgreening the data for

meani ngful results. Consequently, analysis of WO

b1899&ié§f8é§t£’QIé%0%{99%8%e§ho@é 09Ot £Ad i Qiming,

u5|ng existin ods 1§ time consum ng, prone to
PIPREs °rEé%??sr%ﬁﬂlF%q%¥¢e%eQ%}ﬁ%sa%%iﬁﬁ SPRPURED Rt er

coﬁpﬁeéy mémaryreﬂﬂl @%ﬂéni@ﬂ\hl téshDt bPs obd Apa@esbtdirvea

This_js probl ic ih large scale screenin
eremothR datd- wnbble Ph b chieti bl Fh fefdd fodfs S0t dthing
scenqnloedwheté rspiﬁeandoaecwﬁatea®¢EeemRMvasarmgntmnﬂ.

in particular for analysis of biological data, and
nore, generally, for an inproved nethod of anal ysing
Itdasathenﬁfarsyéeemahlerﬁ@rh%e 13 petled: dnfparvieulAar

fokNhBAESL Loasfabis@ira £ éioaawe SHE I RIre SRAOPRN F A
OINVEBH? N ON Accord gbt% a first aspect %f t he prégint an

mPﬁ%ﬁfli’BﬂFh?ﬂe?E a1131¥§159 oW R IFEOHeR hBYSbm in order to
predesti Ayfagtareubseinbbére9UPHGENL Ssaplé Byshcthdaspstem.
on data obtained fromthe systemusing at |east one
training sanple fromthe system the nmethod conprising
SUMMARYt OBSTHE: INVENTEONg a | i near comnbi nati on of
conponents of the 20 system and wei ghtings of the
| i near conbination of conponents, the weightings
AcpayiiggvhrudsEprgkdaspechecfathe PHERPREFIRYSRTiPR, there

isSpebenyLal agméhﬁoat oked8éneieyihgi al B8bs SNPE eco:hﬁ@néﬁts
| e, hayl n feature;

| east one trai a ng a mg
°f,8t SYAFRY B2f6 e? a3 pPBhabre tgr‘a?‘sF ?bﬁ¥?5ﬁmo‘Fs’c’?1% at
lekBéwonéecatrdininghsamphet feomotieé sgsteamgi themaéthadt he
0 n conmponents; obtaining a prior
colpB B inhr EBR BheBR 5 se ghil ng. o oeP
obtaining a linear combination of components of the

system and weightings of the linear combination of
components, the weightings having values based on the data
obtained from the system using the at least one training
sample, the at least one training sample having a known
feature;

obtaining a model of a probability distribution of the
known feature, wherein the model is conditional on the
linear combination of components;

obtaining a prior distribution for the weighting of
the linear combination of the components, the prior
distribution comprising a hyperprior having a high
probability density close to zero, the hyperprior being such
that it is not a Jeffreys hyperprior;

combining the prior distribution and the model to
generate a posterior distribution; and

identifying the subset of components based on a set of

the weightings that maximise the posterior distribution.
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the |inear conbination of the conponents, the prior 30

di stribution conprising a hyperprior having a high
w@eababissé ty density close to zero, the hyper pp€DAU2004/000696

being such that it is not a Jeffreys hyperprior;

conmbi ning the prior distrihution and the nodel to

generate a posterior distribution; and 35 identifying

Thé "Ge EHOS eatﬁigeémef&fﬁn§ a5 &l Pl al;as@ira@f thé NEnown
wei ghtings that maxim se The posterior distribution.

feaprgoin 10udes PTTIAepbbaY ObRBoBPseY ofromReRpRpts which
catit preaestt 4af@a0@re apPtes PAYiMing NeadgfDaN ShIPSéqidnt Ty,
K orger to kdegtlf%bthe sybset of conponqus whi ch_ can N
nGPLaige Gt BAT FRPPEr G (TATRTRET BRSPS iR | ests.
foknexkmple clithealubsstspfteoppedint sa chenbereisauch oas
whbERLS: o Oc] 80u€Xmb L CLL hE P G E3E Sox 0eRI Gl Chr ubat is
eature such as ether & T1asue sanpl e TS mal'T gnan
therwpéahfnofor Wameurs or herokidmtanfestimaeed, time for
suP{rQVéﬂeoﬁnae?étﬂ@ﬁ€dh£irI‘i§?fQrpa:?t’{c‘!ﬁl/é‘f &bnd@yi 0B Nt
having a particular condition. 10 The term"feature"
as used throughout this specification refers to any
Théespomnsefeatudent abi abéd thavhighduththibst pecihibéatSon
ssocjated with a sanple, .For.ex le, _a,feature
reBER8°L8. Fre.rarolril Ph “sacBb LA LS Curdut (Pt L By Aer
thetinpBeasspciatedi witbraggampley ofon ewapble, on fémture
| 5S40 Py kAL O Leh .
med | B s L P et e B TRl AP bicyler
sapphear OFoBE NBLZBNOT cCOHPRFELEY PhHe2 sBAPPLE, LRF nHh@ class or
grBayeshes whathsShi SahplEt B be cEsésiBi&dl he
wel ghtings. 20 Preferably, the nethod further
conprises the step of making an apriori assunption
Prelfiatablym| thet ytep dheobbapnimgt thar bineat i &eahlyitatben
co§§%gg§§2%§etggép“£klu£9£81Qa££y8£159e3§¥9§§£ic2{ method to
estimate the.weightings.

Preferably, the method further comprises the step of making
an apriori assumption that a majority of the components are
unlikely to be components that will form part of the subset

of components.

The apriori assumption has particular application when there
are a large amount of components obtained from the system.
The apriori assumption is essentially that the majority of
the weightings are likely to be zero. The model is
constructed such that with the apriori assumption in mind,
the weightings are such that the posterior probability of
the weightings given the observed data is maximised.
Components having a weighting below a pre-determined
threshold (which will be the majority of them in accordance
with the apriori assumption) are ignored. The process is
iterated until the correct diagnostic components are

identified. Thus, the method has the potential to be quick,
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The apriori assunption has particular application when
there are a large anount of conponents obtained from

w0 b@4ayssem The apriori assunption i s essentPel/Ay2004/000696
that the majority of the weightings are likely to be
zero. The nodel is 30 cons%ructed such that with the
apriori assunption in mnd,” the weightings are such

magﬁfg Lgﬁagg tgfl epggprLL ;gs %tigf W@ﬁﬂgﬁ {gghlts in

I's™ maxr m nponen
ranaduﬁglmlnetghnuﬁﬁ %beomamop;EYdefe¢ﬂmm@@enthreshold
(which will be the majority of themin accordance 35

with the apriori assunption) are ignored. The process
Prefergbiyre hﬁnPYPefhﬁleﬁr?%@Prﬂ?%ﬁn%%?|%rd%%ﬁ%n%#ﬁ%ﬁtable
pagametetethati éfabl8ushet pLisEt ADSt hflsut hen péentiéto t€o be
va guick, WD 2004/ 104856 PCT/ AU2004/ 000696 5 mainly

b&€4use of the apriori assunption, which results in

rapid elimnation of the majority of conmponents.

MoggeEEEQE#¥s b8eyhy SEQﬁiEg?fena%* %ngtoé PPSbability

usta par a ter i rior
d1§F§#PPEE9Fonaﬂ€th2ePEOP%bbéltVa¢+%Hr1hB§%°$e%fu?e%e%ﬁure

caﬁ BY¥ShEaL11¥a1 GaLhy sﬁatbstlaaprﬁ8abléltuat are based on
tribution, gd t he E£Obabl di str] butlonh%
thFe phregeRBT LR HETRAB FeBrﬁﬁPh gsPArPLePeal T d%F%Sent
inveatianeubalfdesnstaeidaicaljenedal edthavmmodel t the ni ng
l. [ [ n i S, i I
prpBB Hipy HERBEERGPhon' BUETA PREL SEPIRLANSL (88
sefagBupé éeatnreaegf dnteresbtr i Bhusf feat&résa@$re of

intBEeEeShavifYSa Q£t§cﬁ€§£uﬁﬁoﬁ£bi§1t9t8£§§£1ﬂ@¥i&ﬂ 3an
parti cul ar proba I stribution,_an proprlate

aPHEBEF1P§ed@P¢ﬁEd1?h§?¥ﬁﬁﬂélEh?HaP°ﬂ?§FrFBﬁ i §hstribution.
Preferably, the nethod conprise a mat henmatica
t] [ th f Likelih t t hat
pegdstabiy.  RueoBSEhaBaBrRPFI=a: & PREREPOh B CRTERe fop ain
thebfarmedff aoikbdihbod| Easttbor thatnpngvidesl| the
proLQLE&QE&VdléﬁﬁlkhkfhthQQeEUBﬁthQQa'8b9§§§9d09réh the at

1east one tralnlng sample.

Preferably, the likelihood function is based on a previously
described model for describing some probability

distribution.

Preferably, the step of obtaining the model comprises the
step of selecting the model from a group comprising a
multinomial or binomial logistic regression, generalised
linear model, Cox’s proportional hazards model, accelerated

failure model and parametric survival model.

In a first embodiment, the likelihood function is based on
the multinomial or binomial logistic regression. The
binomial or multinomial logistic regression preferably
models a feature having a multinomial or binomial

distribution. A binomial distribution is a statistical
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a group conprising a multinomal or binomal |ogistic
regressi on, generalised 306ILnear nodel , Cox's
proportional hazards nodel, accelerated failure node

t |
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anopnfpfifnébateogi Bxauplegrefstush qreuns ebel or
degayswogﬂ aimeS{ré&}'ﬁoﬁ eﬂ;ﬁﬁf&#@@ pa&éfégééa/na@d@éﬁr@ssed

feature haVI ng [t nom al bi nom al
A ’&P%F%P%W%ndl?\tﬁh%ﬁ%%‘l‘ He s?rg‘b%?¥%l$§t’a°%t%¥ i ke cal

b1M$h29ﬂ4&19685§uE{3£Piﬁoﬂﬂi&ﬂoﬁgﬁluﬁalﬂtﬁtéfbwlééﬁbs or
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indetbié¢al woeds| npr saepl eahay npe ovbalss tEpedsimtd note of a
t t
pLUERLEEPCEr cfallph BETGPoulL > ThEN] B9 aStfhing 2 i o
1lhebtbpad|fynetlenabeésdo¢n gr@@b§l%@@1®bs@#H¢%ﬂ¢mﬂal

105.@991@1‘ ragglegs%ht yief 1§aga£§§b1@rtol ﬂd@ﬁ‘affy V\swéet@ of
ng ¥h e cl aSS|f|ef |n%o one of a Iuralm%%

°°EP8 erts, 8FoBps. Capak] i o) d%}?ﬂ?hﬁprgl?k finto one

offunpluealbayedfopra ﬂufine@ngﬁbupé brn@naﬂéeéo To do

Iog| tlg Legressi % it gssable to |d %%

%ubs te+st c%an Sﬁts ?h%f e c%%%%le % ? Enylng
sampiengkeupat ¢oovnBclassash) ubasedyonfappredetermined
feQEGHQSo@rtﬁEaéés ni 9mp¥gé tfﬂi&h”ﬂhé erd!&f each

grouped into a uralit groups (or
sampilgsgegup BEKEdaoﬁ°EmﬁFe€%@EPﬁ?né@dlsr?e%f%%gp%# q heemmon
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group_have a eature, and are assi a co
ondh B Patari el cPT RerPRLel T Ba e B, PoRrdESToR SraiE ional
onbshedlineaz ouinbinagieh ¢whbchoihebrpogaséscthe data
gefxv\?“agﬁa: %ggxﬁggﬁ'at' ﬁiﬁ Eé&‘&ihb”&&&.pfé’gﬂ NathOteature
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, benign, a leukemia cell, a healthy cell, 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 types

of cancer as compared to a normal cell.

In the first embodiment, the likelihood function based on
the multinomial or binomial logistic regression is of the

form:
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20 generated fromthe grouped training sanples). The
feature may be any desired classification by which
wo b@4tiomsani ng sanples are to be grouped. For BEEADR®H000696
the features for classifying tissue sanples nmay be
that the tissue is normal, , malignant, benign, a
| eukem a cell, a healthy ceII that the 25 training
sanpl es are obtained fromthe bl ood of patients
havi ng or not having a certain condition, or that the
whergiRi ng sanples are froma cell fromone of several

TB%nas aOfl i aaBee conb iGAAInE éﬂbﬁhﬁaarm&oﬁehh uB0dhRa from
e.first epbodi meg% ﬁthe l'ikelihopo ctlon based on

trtaﬁﬁlﬁﬁl ERfBntat BF BHPaPrerhgVete ? f’ession is of
x/t he ther pompblieat& for7tBelilXRoRgoE LX1anG B,Gs k rselt of

coRabrbiE Bl ghpkofor dBin i e lrde 0y 204100

X dsnBrbat foamgantraivingr sampheat campnifing pt canponegnts
and82PRkCel, Wrld SHIRE HY z”iﬁfeghtﬁl fehds @p’é-gl'fictahﬁon
conponents for the |th Row of and P.is a set of
conmponent wei ghts for sanple cI ass ¢g; and X is data
Inféoﬁbaohaaéﬂbaalﬁaﬂﬁ|eﬁh§OMEké$LHGOQ Eﬁﬁ@@ﬂ@ﬁt§s Baged on
th 8 g ef i ned thertnthls sg ecific d a
Fn°5 §&EGNE* ﬁﬂSﬁFﬁ% °?ﬁ8 P KEPFRBBE PRACt ﬁ ?5 Ste

cabegettionl thgmtderedgca&sgonl nadel sgasbinomigl essi on.

muéﬁ%nB&ﬁ?&edlsE@FBQQEbﬁa}n'QEkéﬁ'E Legigssk ”aﬂgdﬁhs a

nom a dlstrlbu fon In
Pagtisydarapedepr dorgarefcalassesdenchondefer exampte,

claeeBsasff 9hce¥aBRhE. o¥5d€E§§§§%n§fgi?EESQShQGePity) By
ecreasi n Se _sever|i erinin
aefiRERBnBoT L KERLEPGH EHSEBLOR BRVERdaRcan 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 indentifiers in which each group identifier
corresponds 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 regression which is conditional on the
linear combination (which incorporates the data generated

from the grouped training samples).

In the second embodiment, the likelihood function based on

the categorical ordered logistic regression is of the form:

l___ﬁ G_l( Yik J“ [7.’/(”_7;'1:)“ ’
i=1 k=1 \ Yik+1 Viks

Yik is the probability that training sample i belongs to a

Wherein

class with identifier less than or equal to k (where the
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categorical logistic regression, it is possible to

identify a subset of conponents that is capabl e of
w@b@gaofsge ng a sanple into a class wherein t hBCT/AES®4/000696

is one of a plurality 20 of predefined ordered

cl asses. By defining a seriges of group indentifiers

in which each group identifier corresponds to a

tofBTPEE 8fadPelr dehs8eS! 25Sq) afg oypi aqflhlaa tfﬁilltﬂes.lgm

sanples Into one of the ordere Ysses based
the, daet@pRtned features of the training sanpl es, a 25
|'i kel i hood function can be formulated based on a

t I der ed j St i whi ch
103 R F AR AP ST PREE P nEhe RERBFAG FOFeTTATR the
llkaémhpodafaacthendasabgeeéranedhefgenerhblgedupﬁmear

m°?E;LP&ﬁ géﬁg ?lse&oliﬂ P?mé?%f”g §9299$ r&odé S a

I on based egorl et ed
feppyrst thakedpedipbnibuted afecaf mmllakwxpwenw@ 1family

ofldISXkathéﬂsY'kEx 1gslo¥'ké&ui&¥+éx%8m5ﬁ€i§1\%Emify of
robability_that tTrainin gﬁu5+o elongs to a

135%?3&%%& infiude; ppEpa cdists Ry [aHEgian
dléulbebatﬁ.bﬁ V@:EBQéﬁ18ﬂ85619€&’i¢9ﬂ2Ogéiuﬁﬁoﬁﬂﬁtrﬁbutmm and

of _o red _classes,is The is defined further in
inPrrBE Ghatatua AR Re o dle (Prkd 5’ PRGERPE (Hffodhent
ofj phenmethedt h€é Ehei kmvvehtbdnf uacsiubaet sobacewpoment® is
1dgﬁ@§E§EHS€ﬂak'Fga&aggﬂgglonggeafggiﬁg'§egréagfﬁﬁ d

preferab t i's distributed
chgzagtezigrar eipenéﬂwbﬁ vhichyhagtagdiserboetiem.

beEzsﬂgmhgs tef ar eegh@ar egRporeht ahi f e&\h{yo&f dlstrlbutlons
clude normal disfrib

Tn PRt BLPEnEY PPELBROg, & SPBSTAbLE St hEReaf chodeh wBheh

modeds thectchargatiesiahidi sdbrbbupredictéds, Enampbésicsf a
chggggqggﬁgkic that may be predicted using a generalised
linear model include any quantity of a sample that exhibits
the specified distribution such as, for example, the weight,

size or other dimensions or quantities of a sample.

In the third embodiment, the generalised linear model is of
the form:

gy |, ¥8,-b(6)
ogp(y|B,¢) = ;{ @)

+c(y,9) }
where y = (y1,.., Ya)T and aij(¢) = ¢ /wi with the w; being a
fixed set of known weights and ¢ a single scale parameter.

The other terms in this expression are defined later in this

~ document.

In a fourth embodiment, the method of the present invention
may be used to predict the time to an event for a sample by
utilising the likelihood function that is based on a hazard
model, which preferably estimates the probability of a time

to an event given that the event has not taken place at the
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of the nmethod of the invention, a subset of conponents

is identified that is capable of predicting a
we@emdabdisped characteristic of a sanpl e whi ch PEEFAE2004/000696

di stribution 15 belonging to a regular exponenti al

famly of distributi ons._v\%n_parti cul ar by defining a

general i sed |inear nodel ich nodels the

tnﬁélaé@caﬂaﬁirrg tithd N L£Ji6t ahe BRI er¥odiment, the

C aracterlstlc that may be predicted using a
likphidiond setpctionars Mdachat i irnem 4he grawr pmpriging a
Co:s'asrmmgmlaidm méﬁaﬁ{hhtn{tﬁlﬁneqiéﬂaﬁ%ﬁﬁﬁ rgxﬁ;btllm model
the wei or_ ot her
and ek Eferd i BRI clifed BlEr, ) I5F P et signal
hamut;tﬁdlmmiﬁ], peémnigondile itsignk [tonear ewsod] tics bef modedled on

a éé%r%flcoméégéégiv__? ?oﬂponéﬁé(weﬁ é} sﬂaﬂ #ﬁgﬁﬁ?
re%r%@w AsTyRidians mewe. Fhss WJ@I@W gailure

mod&R| s raargmfpéﬁl mﬁgel C!.tcfierdétﬁf Bor g1 detlingg %orseﬁ%%l
are define I in this docunent. 30 I'n a fourth

CARE G HIMCR (1RE RATRAPE (IRASIRERSAES AFch Amedhyfo act
mumpuseﬁttnrqmec&rctth&a:iﬂmdalean e o faffertsanl aate

sing:  th i hoo nctl t at | S based n
at lw}fﬁaz ar inrg%e‘fl,&vé]i %lopcree égsr a y gesq} et ey the This
theragrieratedisurvivel 3®del gareentingiennreteat :tnhe:erms

of SMEdlg L%%eﬁoi/ OO(# spé S, e 2004 1%%}?se The

PCT/ A time of obtalnlngthe
Paype I tﬂf%\f?o‘aﬂ rmﬁel thie ong gt wish fﬁhﬂ:tc}:cm*-n@utmn

furset Bt effbaf riche tliane) ) fart GHRETS | (W Bur@@vaSl t:l.me) is

ol £098 O s R A RS Gy e
payansporic ofvatmbl diaizar Js Ameehed ey mdmmdlﬂqr tuseel tamrarival
dlﬂ%ué&l@& g%eéﬂeeqr{%b\%ﬂ Seéxﬁcgne%%qnqi{ds ega:q"eme value

onent wel
dlstrlbutlons

In the fourth embodiment, a subset of components capable of
predicting the time to an event for a sample is identified
by defining a likelihood based on Cox’s proportional
standards 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.

In the fourth embodiment, the likelihood function for

predicting the time to an event is of the form:

N
Log (Partial) Likelihood =Y. g;(f.9: X,y.c)
i=1

where f =(,Bl,ﬂ2,-~-,,3p) and ¢’ =(¢1,¢)2,-~,(0q)are the model
parameters, y is a vector of observed times and c¢ is an

indicator vector which indicates whether a time is a true
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restrictive assunptions about tinme. The accel erated

failure nodel is a general nodel for data consisting
wo@bkoogmesssesal tines in which the conponent mneaBUT/&TBI04/800696

are assuned to act 10 nultiplicatively on the

time-scale, and so affect tﬂe_rate at which an

i ndi vi dual proceeds al ong the tine axis. Thus, the
suBpPLE  ELA0 311 VBho LPUR < SRPL PR A4REPT SLCT 10 LoD

0 speed of progression o exanpl e, disease.

The paranetric survival nodel is one in which the

InOtgET f&mﬁ nexaﬁoémgﬁt Ontﬂgrlht@liha@d L furddh £ Bad&d on
survival time) ﬁ a known distribution or
r

Coxag Br%%EF%‘P%ﬂl B%?%ﬁ%?r#‘%d? Featithe 498y the
commonly used survival distributions are the Wi bull
exponential and extreme value distrjibutions. 20 In
the fourth enbodi mént, a subset of lconponents capabl e
of predicting the tlnpxb anpevent| for a sanple is
i dentiffieds py fdfi d based on Cox's
proportiondl” stanpdar mmdelZ,d? rametric survival
nodel or an 25 acc Iﬁﬂmged survival] ti mes nodel, which
conprises neasuring thé tine elapsed for a plurality
of sanples fromthe time the sanple is obtained to

whébe th8eobbettiedevemés dbelbe dpdEEEA eiothEPedsindne
i kelihood function for 30 predicting the tinme to an

S r ti;al i kel o] |

ma Hﬁg%c’iéxc’igf\;(ofzgﬁ ﬁﬁe?‘g(@l @398 N32’ @l é%{ gndaxttg g AeHotes

the deI %araneters vect or
a

thg FighPRatERR) Phr' 18 RS re RAABORIS: dr ol YO0 e X

whiepdi eateeéraeﬁm lof th8Crbwsdot’ PR ZNUHADA3P G he
PCT/ AU2004/ 000696 - 10 survival tinme or a censored

orﬁéﬂhﬁahn&hgﬁd Ly Lhe 6p4LEngnBed) TeRl g0t Y o ,fil Lo Br) «

kel Thood nct1on based on ~Cox'S propor t+
Zy hgz&gsjdﬁbgg‘lﬂ tla 2]: SHS B{Jj= {i:i=j,]+l,---,N}= the risk set

at the j' ordered event time () -

In the fourth embodiment, wherein the likelihood function is

based on the Parametric Survival model it is of the form:

L= g“ cilog(ui)—y,-+c,~ log[l—(yi—)——]

i=1 ()

where ,u,-:A(y,-;(f)exp(Xig) and A denotes the integrated

parametric hazard function.

For any defined models, the weightings are typically
estimated using a Bayesian statistical model (Kotz and
Johnson, 1983) in which a posterior distribution of the
component weights is formulated which combines the
likelihood function and a prior distribution. The component

weightings are estimated by maximising the posterior
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5d Nexp (Z2jQ) 1(ti,~)=~1=11 exp (Zile ) IEO91
where the observed tines are be ordered in increasing
woregaiteasse denoted as t =(t(1),t(2),t(N)I t(iprdYABLOEP0696
W and Z denotes the Nxp matrix that is the
re-arrangenment of the rows of X 10 where the ordering
of the rows of Z correspon nds To the ordering i nduced
. orderin f $9 /3 e
dlg%aigﬁtlo? ok ghg wéi?ﬁg '% % Fﬁgkdé£$ é&*’%%Féﬁ for
thehatr §east enentr@meng(fémplqs | Bhupe therelhjective

fuﬁataeghﬁeat be%%ﬂs&a%hg%w%ﬁ £H@01manﬁoo&a§&§*cuon

n_the Parametric Survival nodel is of the form
bageg en BoPadelpfeEi thegfeatyrejag ?wcu%%ﬁlealaw%\(%d a
pripredps¥iButasf fofcbnéewei§Rtingegrated 20
paranetri c hazard function. For any defined nodel s,

the weightings are typically estimated using a
Pr8&ygeabdpy, sthei priocal dimtieibg&ibdér amdof Jbhaesbormio83)
in which a posterior distribution of the 25 conponent
wei ghts is fornul ated which conbines the |ikelihood
function and a prlor dlstrlb i on. The conponent
wei ght i ngp (# p=egt 29y¢§a&)dv§|ng the posterior
WD 2004/ 104856 PR, /AU2004 000696 - 11 distribution
of the weightings given the data generated for the at
| east one training sanple. Thus, the objective
wheueini gynisoabp mali westdrcofishgperparametérkel andoghere

gJE/@)JssedAgg ggq,né}a A'Egéjpk ‘P?ré%gtg?. %g grlotrhe

digsrébuichgs. for V

Preferably, the hyperprior comprises a gamma distribution

with a specified shape and scale parameter.

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 embodiments (see below), the following
notational conventions are adopted merely for convenience

for the particular 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:

Q

-1

P(By-sBia)= [ T P(B,|e2)P(e2)dz’

2 1

o
]

where /3"=(ﬁ1",...ﬁ'g_,) and T’l=(’rl"',...,1'é'_1).
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Preferably, the prior distributionis of the form P
(f3)=1f p (I Iv2)p (v2)dv2 V2 10 wherein v is ap x 1

wo emino4sed hyper paraneters, and where p(l | v DCT/aU2004/000696
N(O diag fv'}) and p(v2) is sone hyperprior
di stribution for v2. Prefﬁvﬁbly, t he hyperprior
conprises a gamm distrib 15 with a specified

a“%??fﬁx SF Scabﬁﬂeﬁﬁﬁre pﬁ¥¥%pg€ 5 PHe rgﬁéhyygrpgf?r

enbodi nents of the nethod) nay be expressed using
digtfikueihennbent fonal conventions, and in the detailed

20 description of the enbodi ments (see below), the

fol |l ow ng notational conventions are adopted nerely

f ' i nbodi
o Shol A S et oS PERBST RS EnETPRE B S
probabibitytdistsibubivn obs i saded coh on catederioal adrdered

lo iEQﬂ&aLeéPQb I$£ r&ﬂé?&é%%ﬁ&oﬁf¥§£“%§g ég%;Pr%i§E¥1butlon

rior tri ut| on’Ts
isys)P(r)dz2 T2 g=1 30 where and Z° = WO
2004/ 104856 PCT/ AU2004/ 000696 - 12 and p(fg zg) i's
N(O diag{zg}) and P(rg) is sonme hyperprior
di stribution for Zg. As used herein, when the

< based dald az'fZSJ’fLaHﬁ ROAPERB Y=t oot on

regression, the notation®or the prior dlstrlbutlon
is: N P(161,F/ ~ "2, ,f8n)= fn P(N8;1 vi2)P(V2)dv2 r

whj\s}if& ,B"’h er B’f Aaf';g componeo’r'x't %&MO”PUBM’? ngo,ﬂ)%nd

Pbﬂ? some yperprlor distribution for v;.

i

As used herein, when the likelihood function for the
distribution is based on a generalised linear model, the

notation for the prior distribution is:

p(B)= sz(ﬂ v?)p(v?)av?

wherein v is a p x 1 vector of hyperparameters, and where
2\ . 2 2\ . . . . .
p(ﬂ lv ) is N(O,dlag{v }) and p(v ) is some prior distribution

for v2.

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

the prior distribution is:

where p(ﬂ'lz') is N(O,diag{’rz}) and p(T) some hyperprior

distribution for 7 .
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P(vl) some hyperprior distribution for vi. As used
herein, when the likelihood function for the

wale@uno4ssd i on i s based on a generalised | i nearprondebo4/000696
the 15 notation for the prior distribution is: P(Q =
f P(/ 1v2)p(v2)dv2 Tz wh r3ei_n visapx 1lvector of
hyper paraneters, and wher p('6 1v2) is N(O diag{v2})

nd v2).is some prior distrihbuti M4\
mnd Jor P s 460 ST Mmpd S04d i thlbaslih I? oy dbures
thalt szerdwe ght ndmsane orsed wheneveb@@ssikie not at i on
for the prior distribution is: 25 where p(f*lz) is

N(O, diag{r2}) and p(z ) sone hyperprior distribution
for T . WO 200443104856 PG/ AN20p4/ 696 - 13 The
prior di stri‘bﬁ?i én— 30@;(@53%’ grypgf?grl or that ensures
that zero wei ghtings are used whenever possi bl e.
p(/3)=1f p(,8% )p(r )dr T In an alternative

In 4004 fBAtat iR JRRSIBRdX, | ShdThy i8S SFor Al Binverse
distribution in which each tit=%L/v

[ .has an |
ganmay AbRteHhut ieRR WRIGE AR THVa S'{?Iﬂt 7% independent
garfithd ed Det it Mieuetdwdi nent, the hyperprior is a gammm
di stribution in which each v;2 , zj or z? (depending
on the 10 context) has an independent gamma
Inda sfuirbler onl tdsnal Soe ssmbbdimentousthe hypergrior is a

gaxg%aég &1 DUE 98, 284 m%hié%eé;émgz NGt 00380 En& AT i€ he

enerate a posterior distriBufi‘on. ‘The posterTor

cogtext) hads PR | Sngprendent \gyma 1GistpiiwhiRn p( Qi rp
viy) a L(ylQP)p(fllv)p(v) or

As discussed previously , the prior distribution and the
likelihood function are combined to generate a posterior
distribution. The posterior distribution is preferably of
the form:

p(Boviy)a L(y|Be)p(Blv)pr (V)

P(B.0.5ly) aL(y|8.0)P(Bl)P(c)
wherein LkzMﬁ@) is the likelihood function.

Preferably, the step of identifying the subset of components
comprises the step of using an iterative procedure such that
the probability density of the posterior distribution is

maximised.

During the iterative procedure, component weightings having
a value less than a pre-determined threshold are eliminated,
preferably by setting those component weights to zero. This
results in the substantially elimination of the
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P(p,,,zly) aL(yl fl,co)P(f3 r)P(z) 20 wherein
LIylf,?) is the likelihood function. Preferably, the
waeb@p/1efssé denti fyi ng the subset of conponents PCT/AU2004/000696
conprises the step of using an iterative procedure
such that 25 the probahility density of the posterior
distribution is ﬁHXIﬁ]SG& During the iterative
coP¥ OGS Fng g Wei ghtings having a value |ess
than a pre-determned threshold are elimnated, 30
preferably by setting those conponent weights to zero.
PrdfésablEsUWis iteddieiwdlistcddduitd ViLldnmmMatd yoraftHohe
WO 2004/ 104856 PCT/ AU2004/ 000696 - 14 correspondi ng
conmponent. Preferably, the iterative procedure is an
Th&NEM | ajogott drhm Spridrbuded ad gorqudmnm e ral] usespeneagey wenigghting
est?:tm&@é@ Oﬁ?ﬂ éf/@ﬂ‘ﬁ@}%\egtch eqs:l.\}émécn%c;rmﬂt Y ?%}Iﬂngs

gl ve conponen | g t maxims

that gampimisy thePprgbalitity p%ﬁ:-n@rtnbrof dihe rmagheier
didOLikM 86,901 i Fihdn ﬁ@@lé&ﬁﬁﬁnté’&ﬁﬁb’% oK NAW stapd,N&nown

E or Expectation step and the or _Maxi n sati on 10

as sthg B |?Ft$?é9?"'s?"e’pf’ m%e%xaa&tfefbe W RF dfaiRisggion
st@pst €Im Othé URCs t&x, Cthgli dipadtedvdhee S ettediatpta i s
e rmn In the st e he ected | 00s post.er. or
p°?u%% |on€ﬁnc¥mfn concf?%é%ﬁ%e UEQP conﬁ%%é%%ZME|ght
deestmimeds t¥Fmatthedf estsepit Hehepcmtmeqtmd Iﬁm—nqste;t:eqas
uﬁ%@;éé ﬂtmﬂfgeaméa ng@é“&?ﬂ&lﬂlé‘c? mﬁé}?e:’r:t S&
e Mstep is  achieve I'n ot her rds unt the
es‘é-‘x’b%%?%dt%\'- UENGFRASE HehenBe FhetP T al lﬂ‘%ft“(‘he?'teps are
aleepested ﬁx@gzpoééﬁéf&erié@(‘df Othe (ONBASEEnd Zhd tM igtep is
ged that the neth of tgh esent |qﬁ§nt|on may,
ac‘bbe‘é?)% i 2% 1% AT YRR 'f rhr P R n‘fasl‘bear?
théemaxirhibseddvabuel of efles adptpestsd g fpastediad fuergtion
coﬁ@é gamounts of data are generated. Exanples of
TE to which

It is envisaged that the method of the present invention may
be applied to any system from which measurements can be
obtained, and preferably systems from which very large
amounts of data are generated. Examples of systems to which
the method of the present invention may be applied include
biological systems, chemical systems, agricultural systems,
weather systems, financial systems including, for example,
credit risk assessment systems, insurance systems, marketing
systems or company record systems, electronic systems,
physical systems, astrophysics systems and mechanical
systems. For example, in a financial system, the samples
may be particular stock and the components may be
measurements made on any number of factors which may affect
stock prices such as company profits, employee numbers,
rainfall values in various cities, number of shareholders

etc.
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the nethod of the present invention nmay be applied

i ncl ude 25 bi ol ogi cal systens, chem cal systens,
wa@gootaodssar al systens, weat her systens, fi naneCBAU2004/000696

systens including, for exanple, credit risk

assessnent systens, |nsuraﬂ§e systens, marketing

systens or conpany record systens, electronic systens,
ThEHSLABL 8¥°LRICpraSLLEPINGLER: SUOLE B POLIPERAP, Sl can1e

systens I'n a |nanC| Sys

foxaupeein ﬂ%ﬁlbélﬁa?flby¢h995@%%ksﬁﬂ€@@ﬁe dﬁhpmmﬂ#@ﬁ of

thgaﬁrQSenﬂﬁﬂﬁUéEHEBﬁSmgidﬁeOasé@ytﬁuﬂaéﬁtﬂf y  S8C59ESEs of
whi ch may _af f ect rices such as co

COPPBRPRES Eﬁﬁ|6§é§8h hb%$ssamP%?%f ¥?mv%m&ée1?ﬁ°@%9¢%us
systéineshiahnpeodaéeshhneabalkdeI 6 vsﬁueﬁcfoﬂlhﬂgoeéﬁésﬁﬁﬁk
CT[ ALR004/ D069 - 15 The thod of n
anﬁn%%nLgonﬁlggﬁa??m%O? F? %ﬁ?ta%lunl g# ff%é In
othﬁalygrésoftbeobogpoaenSqsaeeslaﬁhbleéthndonﬁani#eﬂ in a

maﬂﬁ8§ewa1eﬂv§ﬂiaapa33| bfr&aegné ﬁﬁgﬂéﬁy sybsgts of

onent s rom any blologlca
dlstéysPEﬁhaﬂ|€ﬁ°préaEee rﬂ%aé%? % GerReReRbr tFRr

ex@mpLaNcohe cé# oh@nﬁ@'ﬁ@ytﬂé Q@Q@QQB@%Soﬁgﬂnbﬁed in, for
uni quel y | abel iher rdsf e components are

exPHRIET HnATEPYRLER PGS SRR, ERA CRAGH | GUBbRRERL to

bef dbatbngutshpdnEndmt anbehdt sby ngpashel posbrieha ér osach

co@g8hﬂﬁtla ypﬂasgtﬁoéggu&9q8§aﬂ8£§tlEfﬁaGP&Roﬁsgéélg@éa
w1ﬁhueh aucbmssdanald¢0h1éa@htegnp@h@n¢1t@r beg. For

exghﬁléngﬁhéh@QmﬁBﬁQh@EQﬁerb@ybéﬂﬂa'@$ PR3 ¥i@%al Ofarriers,
each conponent have sone unique, identification

eaghsgaraied har%ﬂglﬁ detpchablg +ﬂ%ﬂ%+$+%%§+%ﬂ gigparure
suéh hagquEﬁtuﬂSdexanmbee foe eﬁaapnentnogautﬁelbommmlio

NabliEn; PrERarRoh s BRATEFE" Edunt beshuakt O0F AoVetTeee

BibDEChnahpbr lﬁwséalhaBs)20ﬂ1uoréh¢eme maokecd (Hee for

exgé%lg uF?Puoi ak19§39°&%t&?£“éfot%%ﬁﬁ@f@&&'fﬂy 1P09-

réscen ers
1111), bar coded tags (see for example, Lockhart and trulson

(2001) Nature Biotechnology 19: 1122-1123).

In a particularly preferred embodiment, the biological
system is a biotechnology array. Examples of biotechnology
arrays include oligonucleotide arrays, DNA arrays, DNA
microarrays, RNA arrays, RNA microarrays, DNA microchips,
RNA microchips, protein arrays, protein microchips, antibody
arrays, chemical arrays, carbohydrate arrays, proteomics
arrays, lipid arrays. In another embodiment, the biological
system may be selected from the group including, for
example, DNA or RNA electrophoresis gels, protein or
proteomics electrophoresis gels, biomolecular interaction
analysis such as Biacore analysis, amino acid analysis,
ADMETox screening (see for example High-throughput ADMETox
estimation: In Vitro and In Silico approaches (2002), Ferenc

Darvas and Gyorgy Dorman (Eds), Biotechniques Press),
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20 exanple, Fu et al, (1999) Nature Bi otechnol ogy 17:

1109- 1111), bar-coded tags (see for exanple, Lockhart
wa@npab4tinasseon (2001) Nature Biotechnol ogy 19: PCT/AU2004/000696

1122-1123). In a particularly preferred enbodi nent,

t he bi ol ogi cal 25 systen1|s a bi otechnol ogy array.

Exanpl es of bi ot echnol ogy ‘%rrays i ncl ude

oSk SRV SEL o B 4o £ R 0o AL s

geh$crochips, protein arrays, protein n1croch|ps,
anti body arrays, chem cal arrays car bohydrat e

arrays, proteonics 30 arrays, £%1 arrays. | n_ another
Th%n%rap%ﬁmtSthb%lwmaS%% eRFP et 2T tthp

syéﬁ@ﬂlthﬁnQﬁHéPcéQ@'&ﬂlé@bléIﬁgl@%ﬁnﬁ¢§te£»U¥K§ dd¥bonents
e horeS|s el s, ote in or

el ctrg grote $
ma) Bey | BORoPEATRL 0| 97 (D BRAFLRT (FRTERY S o PNA
sequehyes s RNAhsaguéhaen) cpepialideas s, pzwmeinswlchrbohydrate

mo PRI SR HERiAE RONRELFEE, MerdSE, My fifutear ||
CO@PFQEtappa@&b%sC§EMPOMMC epidenio kogi br gy

comB5HBAL & EdS) ch&hPLLE N MMEReE£SS) . WO 2004/ 104856
/ AU2004/ 000696 - 16 ~protein el ectrophoresis gels

and proteom cs el ectrophoresis gels. The conponents
Thaayrbsmﬂﬁg mlsuéabheycwap@mﬁrmaeé ébCabnéd st d Neystem

S |oIo c stem 1he _conponents ma
in iR o8 €02, 8r 8 5 e cFar “HEnETS Lo CRETERT | Tcn o<adple,
traequngcsamp!hﬂ\memubac@atap@gﬂed&tedpfn@mimssample applied

tocﬁrf??g?agglﬂ L@&H' €Spoldi Bk Pé a’(}:ﬁéﬂrﬁ?etﬂ‘féf@émal

SI1 0 onponent S, anat conponen
syesemeh?oaoaﬂbamqaoebmneﬁhg braLRLAg cedmplepere ke data

obIEEné&aEBbﬂgtﬁérmi-E&y nBy1 Déw Hﬂ%ﬁ;@b&@tf&@l if OPR& array
nown.

stem in mh|c$ %he feaL e
r RER afiFEaCt e af FPRGC ﬁﬁl’%%"h’a? B EHER e LT
cDﬁAoayﬁthaﬁmbedaﬁﬁbmeﬂhéSRNm ber@éﬁgdCﬁfoﬁyGéEm& Feox if

ex gn th bIO|O i cal st em
enf BPRIPoAYRE niEl o8 Elnpo@iiRg pifefpaphoresis oel,

the training sample may be generated from a protein or cell

extract applied to the system.

It is envisaged that an embodiment of a method of the
present invention may be used in re-evaluating or evaluating
test data from subjects who have presented mixed results in
response to a test treatment. Thus, there is a second

aspect to the present invention.

The second aspect 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, the method comprising the steps of:

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

responses to the treatment;
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obtained fromthe array follow ng hybridisation of the
array wth RNA extracted fromcells having a known

wo eattaosse or cDNA synt hesi sed from the RNA extPparneco4/000696
fromcells, or if 20 the biological systemis a
proteonics el ectrophoresis gel, the training sanple
may be generated froma protein or cell extract

applm@&ﬁ&ﬂ?%&xﬁéﬂnté lo# SeiRlVhEMIEA d Nalndn

enbodi ment a neth t he 25 priesent. i nvention

be UsRRPEFHEY RS \A FERTSHy ‘?.# RNy tftae%twde&ambl(ﬂnof

cl&89] £¢i8g WRe Nawie) $¢ €S el €8l Fa shd& st d$ps NusimpprONse
there is a second aspect

o, { t t nent
St?glgﬁkgiie%%%fy?hgé%??%% * 30 The second aspect

provides a nethod for identifying a subset of

ts q@ggp

Prg?a33| |nﬁﬁé e gﬁ%f%% %gigﬁe 0 ﬁ?ura 1se§ the
mephed ca¢pendimgubs, th%&@h aspecyrotipthe mwrefd by a
int&sPPHse to a test treatnent, the nethod conprising

the steps of: 35 exposing a pIuraIity of subjects to

the test treatnment and grouping the subjects into
Oné€spOosEPs gt ObPSchfpcilets Hes Pearsidéntifiéd catientsubset
caXI%%OO4/%O€85g Pq;l 20 4[Q9069qn 17 neagggﬁ %ﬁ) os

onents-of %?ﬁ% % ' 34 Shdt T‘%le%’f?‘fg/‘f ng a s se}f €
that avepbikely tharessonépaaléhgftestasseéymegﬂtaud those
biegt nt ogf e S [ sé at

O NS LT T R
maﬂlawenspﬁﬁweu EoRpEneRts t B Perpidertitied dviich gnande

efféesivanﬁ3£t aOErwtelaﬁ eSE gthe I Ié?:[bra ,wﬁa fﬁeﬁgltst
S as een tifire a Se
1a88PELcRL iR BELFRRE; PRRePEot of Phe porutptlin oHRat Wit

bet hesponsiaé aoethekeégttbréssmemd to the test
treatnent and those that are not. In this manner, the
nmet hod of the present

According to a third aspect of the present invention, there

is provided an apparatus for identifying a subset of
components of a subject, the subset being capable of being
used to classify the subject into one of a plurality of
predefined response groups wherein each response group, is
formed by exposing a plurality of subjects to a test
treatment and grouping the subjects into response groups
based on the response to the treatment, the apparatus
comprising:

an input for receiving measured components of the
subjects; and

processing means operable to identify a subset of
components that is capable of being used to classify the
subjects into response groups using a statistical analysis
method.

Preferably, the statistical analysis method comprises the

method according to the first or second aspect.
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invention permts treatnents to be identified which

may be 15 effective for a fraction of the popul ation,
wapah4pesss ts identification of that fracti on BET/A2004/000696

popul ation that will be responsive to the test

treatment. According to a {fiird aspect of the present

invention, there 20 is provided an apparatus for

Acagfaihgytagaaféapéﬁt 9§ EOSPOEﬁQtﬁréEeﬁtSHE%§£E1 A Nethere
subset ~bel ng %eln used to classif %
15385?¥é@e¢n?dm%ﬁ£°6ff%?p+@?%F+f¥l%ﬁ apﬁ%@%$vn%% components
ofl asaﬁg§gcer EHRE i\beéﬁp’iﬂbﬁafbf r@B@Q@fﬁyﬁﬁ?Uﬂ?e I §u1t>3 ect as
forne exposi ng_a piLurall ecCl S 0 a
be3 851 FRaPUBAL Var it SPORLTRPREL YO FECPRETTReRT BhbRee test
compoupd, bheeﬂebhpdheompspenng the tdieeps eaf rent, the
appaL. C : C [
conakBbling 2 PLFaldby 0 BoHledth £6CERY DoatTESHESing
andpgravpéngotheepubjgchs subt,et re$PoRgRGrRPs bazedijen each

subjBabberabpbRbodtySetet Pest 28ShhIukde Subj ects into
response groups using a statjstical analysis nethod.

35 PPRPUFLRY,COPRENeRts; of the apRISLrE’ nRfod

Coni)déﬁesﬂrﬂﬁg %&Wdea%f)rébxﬁﬂoﬁénté‘letﬁat Sis o&apaswobf
b 8 m@ 20 4/10?8 PCR??UZOQ4/QQ€ o
e%E oPaFﬁ PoCAPERFY nthR RRPIBF T AR ET EETR ?ﬁ%é%??%ﬁF
ustihgre statpsbvcdbdaaahrshedmébhoddent|fy|ng a subset
of conponents of a subject that is capable of
classifying the subject as being responsive or
Prﬁéﬁrﬁbéwon‘s'beeSt:etw‘éat:ﬁ%nPnaHﬁla mgltwdscemb%mﬂ the

methBdMBEBBEAERGPELSLRE EDLsEt 8pFe@f. €Xxposing a
plurality of subjects to the test compound and

groupi ng the subjects into response groups based on
Aceaelingubpeat §ifeRpaapectoof hehéeptegenpoimdention, there

5o BRRUAAB8, BRTRBREENPAR) <hhoyBURLER) Faa Dindfegs ot
components of a subject, the subset being capable of being
used to classify the subject into one of a plurality of
predefined response groups wherein each response group is
formed by exposing a plurality of subjects to a compound and
grouping the subjects into response groups based on the
response to the compound, the apparatus comprising:

an input operable to receive measured components of
the subjects;

processing means operable to identify a subset of
components that is capable of classifying the subjects into

responge groups using a statistical analysis method.

Preferably, the statistical analysis method comprises the
method according to the first or second aspect of the

present invention.

The components that are measured in the second to fifth
aspects of the invention may be, for example, genes or small

nucleotide polymorphisms (SNPs), proteins, antibodies,
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being used to classify the subjects into response
groups wusing a statistical analysis nethod.

wee@itaoabt y, the statistical analysis nethod cPOPAUS®S/000696
the 15 nethod according to the first aspect.
According to a fifth aspect, of the present invention,
there is provided an apparatus for identifying a

coHnph e COTROIGH 32 chnp SUILE s EuS10 St o

thenaubjeatpl urality of predefined response gr oups
wherein each response group is formed by exposing a
pluralit ubj ec to a oun d roupi n the
I Carp S ELEn LY ceBOrRiP R buSE Ha ch B (S e
coinpothé@ £enpopharmadeu epEal aéchtﬁpmmqum mgcoﬁomicrrput
Q ble to re syred ¢ n e .
cofBEL85p€. & phEERaur Tt ComSOURR Bl °s Rhptfaueicalty
acsqbteblefcannnpnnents that is capable of cl assi fying
the subjects into response groups using a statistica
anal ysis nmethod. 30 Preferably, the statistica
Thenifgrrifigahbem CBAPRPI L { Ho® PESFRRL AARVARE HRP tRY Hee
impléfibn0ed SBG0aPp2SPLLALEf cdbhiut &F eS6PEwary Eiid Mardware .
The conponents that are neasured in the second to
fifth aspects of the invention nmay be, for exanple,
Acgendingr tenal sixbthbcaspécteopothavppbsent {1BhMshion, there
1sp£ggsaa§d Qﬁtég g£§§u VE%ZOPééJQfgé QI’é&@QQé/ 0696
carb |p|ds or an er measura
comnﬁpgnéﬁt06fa enét§MbF§@m d#haa99@$r¢%@¢af¥9m the system

£r8RDQULTBRL1 Otyt e Sahble8SERGH . thoCoy St &EATPORE Ui &t
phar maceuti cal compound or a co OSI¥

ion rising a
bejnd, rapabtecaf Peipeundednte L5H ?'?r’éc%uf?%‘é‘i’ng of a’test
samplept ehbeapparatus db@prigbhgti cation method of the

Pregepl oL0YEMh5 e By SSerable to:

obtain a linear combination of components of the system
and obtain weightings of the linear combination of
components, each of the weightings having a value based on
data obtained from at least one training sample, the at
least one training sample having a known feature;

obtaining a model of a probability distribution of a
second feature, wherein the model is conditional on the
linear combination of components;

obtaining a prior distribution for the weightings of
the linear combination of the components, the prior
distribution comprising an adjustable hyperprior which
allows the prior probability mass close to zero to be varied
wherein the hyperprior is not a Jeffrey’s hyperprior;

combining the prior distribution and the model to
generate a posterior distribution; and

identifying the subset of components having component

weights that maximize the posterior distribution.
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10 inmpl enmented by appropriate conputer software and
hardware. According to a sixth aspect of the present

WO neno4ses, there i s provided an apparat us f oPCT/AU2004/000696
identifying a subset of conponents of a system from
data generated fromthe §y%6en115 froma plurality of
sanples fromthe system the subset being capable of

rrRekRdpyyedehe Predeekidgf fahHECcOhpRikest a S8ABLEer! NE

apparat Us conprising: a processing nmeans operable to:
argppgrf 5ol pHesHteoRBERYRFSn of conponents of the

system 20 and obtain weightings of the linear

comhi.nation of conponents, each, of the wejghtings,
AR89, thar,@=B 050 BRPSGk GEobPE| nRASPFPOR, AEvPHBLen-
there tisaprbrddednpl epmpheeat prbgaam whiéchy awhengesaapted by

' .2 K ur e; aLpLn

a 384p081 R0 UBRRpEAE:! FL18 L Mol llBlRl, Shplratus o
capiyr oMt the metbrdi sceondingohal tha fhest| pmpart of the
pregeBitnahv@Rtebnconponent s; obtaining a prior

distribution for the weightings of the |inear

conmbi nati on of the conponents, the prior distribution
TheOodphbates piogtiathsinakl tmbypmenti ahyWbiEC BhéOpkEavsed

the .prior probability mass close to_zero to be varied
a13E 18P B gREse PR RS, BBE ERFPE, B Ropsrirpepect of
theopreseny thwveption whithi buei disandsetlicabodel. to

generate a posterior distribution; and identifying the

subset of conponents having conponent 35 weights that
Acggridinge tehanpedgbitbopspestr PEuthenPreaeerb0iprYeRBien,

thRel/ A2004h30@8%968 compdtelr ebBHABN Y, mbACuA B6RABELBIng the
means conprises a comnputer , nged to g%(ecute

re
CorptREr BTOREETY ACRETOIRT YWdl nFﬁeagﬁé’SPt apRecpr 8fechbe
prieaeant iaventiblhere i s provi ded a conputer program

whi ch, when executed by a conputing apparatus, allows

the conputing apparatus to carry out the nethod
Acgordigiongot @ niiathi aspegtpeft tbe pihesent 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 that are

diagnostic of the feature, the subset of components having
been determined by using the method according to the first

or second aspect of the present invention.

Preferably, the system is a biological system.

According to a tenth aspect of the present invention, there
ig provided an apparatus for testing a sample from a system
to determine a feature of the sample, the apparatus
comprising means for testing for components identified in
accordance with the method of the first or second aspect of

the present invention.

According to an eleventh aspect of the present invention,

there is provided a computer program which, when executed by
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present invention. 10 The conputer program may

i npl emrent any of the preferred algorithns and net hod
wab@paophe t he first or second aspect of the pPeram004/000696

i nvention which are di scussed above. According to an

ei ghth aspect of the present invention, 15 there is

provi ded a conputer readable nmedi um conprising the

on cgr@aﬁlﬁﬁtﬁgg&éﬂ@&w&iﬁ% V\Eﬂé‘ é%@@ﬁ@%@@@% Yarry

resent 1nvention, According to a ninth aspect o

out @ Ip%%%to# n%?ﬁ%fwlwewnp%elms PFERR e BXS B Hehpt
ar@fc&psmagoﬂ S&dd euéé@nw SYSA Bt tH £éalantd fc‘/f % test

t f th t hpd
sant s okol Whe AR TEp oo BURE SRR KnbHit Catinasien of
co:dpegmiss | andf cohpoient weightwe i bgeriesteadnfrxomedsta
geRB¥hPla, PESH SELALLEY e BT LAR JHloRts ZpRE! N0
trapning sanplerkaving| § known sfeattpre s aan DI pepterior
d1§¥§i§ﬂ%1@ﬁcﬁédg@ﬂefgtédtﬁ?tébﬁﬁfﬁﬁﬁ of fﬁbf”&%ﬁﬂglbutlon

invention, there 30 is provided an ap aratus

£oF oERP nGOTPIRARE VR FRTE STRRENFLRG %Fét%q‘lﬁ%%a:%\l? eat ure

hypérisi_asoﬁamieh ihkﬁ@pﬂﬁgtptﬁol?mmd ty8 i Migs el Gsd Ofo zero
testin onent s Jdentifie ccordapce wth

to B2 kAPHo0 whSTRENTPhE hIFELAHISE 1A pdFRSSREEN S

hyperpehor; namdt a onod€b ¥habrils ngendi tiomd kvemt theshiswar

Co%lﬁgglgﬁesggt eée%{ﬁQE%O&m él@&‘i@ dlél%ggglmﬁ maXImlse

onput er  program en execute
thzoeaﬂeae% APBBEPBO0696 - 21 on a computing
device, allows the corrputl ng device to carry out a

nmet hod of ideptjf onentsfromasstemthat
WhﬁF% 28BepFa 8? ¥ tb“}S‘?’é’&l’r%’E 3re Rt emested by
way esft asa«mbetingmiéhiaceysienwlhhdbd\kmpprébiaatedleﬂiat any

<o BEBFIRLL o e ONRBRGRLS 818, SQBEEE', L 20 or o

netvarkedgcomppting dmfhastructure, may be used.

According to a twelfth aspect of the present invention,
there is provided a method of 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:

obtaining a linear combination of components of the
system and weightings of the linear combination of
components, each of the weightings having a value based on
data obtained from at least one training sample, the at
least one training sample having a known first feature;

obtaining a model of a probability distribution of a
second feature, wherein the model is conditional on the
linear combination of components;

obtaining a prior distribution for the weightings of
the linear combination of the components, the prior
distribution comprising an adjustable hyperprior which

allows the probability mass close to zero to be varied;
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training sanple having a known feature, and a

posterior distribution is generated by conbining a
w@eooanog@sst ri bution for the conponent wei ght SPCT/AU2004/000696

conprising an adjustable 10 hyperprior which allows

the probability mass close to zero to be varied

wherein the hyperprlor is 4fot” a Jeffrey's hyperprior

and & i s condj Ilon oo t he ear
0o folietting e Pr 0l Gieudibd Mnd | difinodel o
gemexane sa p@h@e;mmmeﬂl%ﬂr:bmt1¢mmnamm 15 V%ere aspects

of theelt 'tElY&rE &I &r | SR SSR e sed‘% Yp
co ut|n eV|ce be ap reC|ated any
we ngb?ﬁi? atkat omw%lé*zm?mwéergw% @@@fﬂwmw r ame

net wor ked conputing infrastructure, may be used.
cording to a twelfth aspect of the present
§5£§5§§E§55££££35¢§5ﬁﬁ%gdayﬁﬁﬂﬁﬁg nmet hod of identifying
a subset of conponents of a biological system the
cap qsgfe
NO?QP?ﬁLtQS{iﬂg?r %&% gclg%lélﬁ&?ggsy {gm hfeﬁrrletvﬁltc}un
theompsmg the Bx'epgnbflnmmcmngara ¢nbediment of the

pr&@gptn§ﬁb@ﬂt9€nCGfPPnﬁgéstfdégﬁklﬁaétQ@Qaﬂgy of example
i ghtings of the Iinear combination of onponent s,

°n%&cHWthtﬁ%f%5?§ﬁ?lE@st%%v??@P%P%%W{EQkﬁ&&%F?ﬁv miwhich:
obtained fromat |east one training sanple, the at 30

| east,one trainin I havi.ng a kpnown firs
f ot BHEUES G BF AT FASS, Dotk (YO b Dhab I yd according
todthérebbddiment af thegprefent virventhitomi n t he nopde

is conditional on the 1|inear conbination of
conponents; obtaining a prior distribution for the
ME|gﬁ%9%§% dfprovides aj ekamt raf | aneter method

acE€OPRPAGNES, th8Celbb@imellt S&£ | Dl | PRe STV 1 $¥ &t £éh ;
adj ust abl e hyperprior which allows the probab|I|ty

mass close to zero to be varied; W 2004/ 104856
PCT/ 83004/ §0PpH86ide€2 a block diagram of an apparatus

according to the embodiment of the present invention;

figure 4 provides a flow chart of a further method

according to the embodiment of the present invention;

figure 5 provides a flow chart of an additional method

according to the embodiment of the present invention; and

figure 6 provides a flow chart of yet another method

according to the embodiment of the present invention.

DETAILED DESCRIPTION OF AN EMBODIMENT

The embodiment of the present invention identifies a
relatively small number of components which can be used to
identify whether a particular training sample has a feature.
The components are “diagnostic” of that feature, or enable

discrimination between samples having a different feature.



10

15

20

25

30

35

conmbining the prior distribution and the nodel to

generate a posterior distribution; and identifying the
wa@andpgav4ssé conponents based on the wei ghti ngspehau2004/000696

maxi m ze the posterior distribution. 5 BRIEF

DESCRI PTI ON OF THE DRAMVN@ﬁzNotmnthstandlng any ot her

enbodi nents that may fall "athin the scope of the

ThE' £3RBLr | H¥ €+ﬂ1%2@nelg€ eé@fé’égé* )gftﬁé‘eme @a%FrEe
rnvention w ow be descri bed y way of exa
cophrgllediby rehereheice of mam%my%rhgtm glwm%rpnpr It

isWibebd thigUERe 1hﬂ5@i¢’ﬂ)£|§§r aid | &V Lt td 2 BREAW with a
accor dln%h%to t he enmbodi nent of the gresent inve tion;

SPi%1F+§%r JRE2 L FPRTARRLTT - oF= % all
thac&atdlmlm ibegendoata@nfrah tie q{ysatsam,t thwemé&lwd of

fiqure provid di a pag at u
thac or%lent %nv?ﬁgl%%b %gb §%§$afq?%€é§?<$%ven ef%tlvely
smalgunemhepr@ﬁld@mpgnémbm/wha¢h @#néb¢u¢sm®rtm@t¢wu for a
paéEE?ﬁﬂéP 9eLQehie, e”&?&'é “?H&Q%é:kﬁo:@éx?@& rl&axbé‘"ﬁé@ﬂ on,

ure 5 EYOVI des a w chart” of an addi ti onal
1dﬁ@f~h66eda1ezo hipgrebheode BReOHPTRORERES tFRN hRsefpd in

futﬁi‘&ntboﬂsséﬂg néw 0safp ﬁe@tovmes:natﬁé@vwhﬂaé Pred@it
ano

er acco d he I me of the
ingRRkich TRYLEPPBS SbebESH FEb TRERed e CRHER
coﬁbﬁﬁﬁhh&hﬁhaheaeebndtnEGQubfedhEQpc&sxemtlmvprﬁdxnt the
feagﬁgﬁlfles a relatively small nunber of conponents
can be used to 35 identify whether a particular
training sanple has a feature. The conponents are

Thedhﬁeeﬁésks"hatfethéan&eeﬁaeecoﬁsoﬁaﬁplﬁel htings of a
di scri m pati on between sanpl es havin dg f erent

lipgar rembiprboen, 95488’81"?%??%%12‘664% @%nera’?%d f¥Qm the
tralifbag ShmphEposafit Besebeim&tedyih heudRt #0say ads beo

eliminate the components that are not required to correctly

predict the feature of the training sample. The result is
that a subset of components are identified which can
correctly predict the feature of the training sample. The
method of the present invention thus permits identification
from a large amount of data a relatively small and
controllable number of components which are capable of

correctly predicting a feature.

The method of the present invention also has the advantage
that it requires usage of less computer memory than prior
art methods. Accordingly, the method of the present
invention can be performed rapidly on computers such as, for
example, laptop machines. By using less memory, the method
of the present invention also allows the method to be
performed more quickly than other methods which use joint
(rather than marginal) information on components for

analysis of, for example, biological data.
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controlled by the choice of paraneters in the
hyperprior. It 1is noted that the hyperprior is a
w@armao@sst ri bution with a specified shape anPCEaab®4/000696
paranmeter. Essentially, fromall 5 the data which is
generated fromthe system,the nethod of the present
i nventi on enabl es i dent i fi'cation of a relatively
Th§rmé£h&w MDEr e a(ggéf&h CR DS ethd Ldhiitage
a particula eature ce those conponents have
thakeht wgetieint FRLRer sthan HrREIinRl cRITAt ot AP be
co @thasl@o{-uéﬁlépygpsassess new sanpl es. The net hod of
the present invention utilises a statistical nethod
to elimnate conponents that are not required t9
A firsecémhopimenctréhetingatar. md:stﬂ'dlbaémvmgmtﬁdwave
t i,ght l'i near
re%%%%lg ??%?1&% cgfr%orrl}%?tlgg #Q%&fa generat ed fromthe
training sanples can be estimated in such a way as to
A. ‘iddlfﬂln@l%stsh% @l%%e'}*e?;r@é%&oﬁf folel required to
correctly predict the feature of the training sanple.
The result is 20 that a subset of conponents are

Thé ﬂﬁe{;héa edf WEhLh ie:amb%mﬁecyy}jwfﬁit tﬁﬁe thea fretidgireanles
e ral ni S e. e (0] 0 e

in{ GEART b0 LHERCDEY 1 (SRR TT | ST RS CTTACH S

classpifiy thedbttaining|sampbéy tmed | predde Limed aftaip=e.

Suﬂyg%?én{?i ¢ 8@?&‘&% V\%C{hér d?@?*%ﬁ Hmpgeh X4 &8 Yoe

Ictin eat ur e net e present
useﬂvéﬂn bﬁsassofﬁaseacmph%hﬂahra?g%al ttests: telizasify

saMp 888 Qﬁt&egﬁo&ﬁgpgﬁ@ﬁ ABNBL Yedb@cDidds . arﬁofr\?émﬂiﬂ e, a
Accor di ngﬂx{g?t he net hod of the present 30 inventi

subgpt et RERE? aPF o yPRA B B JRh e ug
greuprralembapt @mprnem o EYinbdADly CBE1 et yclatsmes such
as %hod f@ﬂ i nv Qéégge | so all ows the

fre per?orn}édomare qui ckl'y than ot her

met hods which use joint (rather than marginal)

[ on n f
Inegg%”@%bl g{i& E‘F&ggt %ﬁvéﬂélzé"olgél 104%%%:%9 préfdrably a
smpt#/ggéogqugggbgble number of components which can be

used to identify whether a particular training sample

e¥m%i

belongs to a particular group. The selected components are
“diagnostic” of that group, or enable discrimination between
groups. Essentially, from all the data which is generated
from the system, the method of the present invention enables
identification of a small number of components which can be
used to test for a particular group. Once those components
have been identified by this method, the components can be
used in future to classify new samples into the groups. The
method of the present invention preferably utilises a
statistical method to eliminate components that are not
required to correctly identify the group the sample belongs
to.

The samples are grouped into sample groups (or “classes”)

based on a pre-determined classification. The classification
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- 24 The nethod of the present invention also has the
advantage that it uses joint rather than margina

w0 nfoanoemsé on on conponents for analysis. 5 A PCT/AU02004/000696
enbodi nent relating to a nulticlass |ogistic
regression nodel will now described. A Miulti O ass
Logi stic regression model The nmethod of this

maf ;@ngﬁngeyi .Laséf ;foiég'w &%&%ﬁi&% thd efaiﬁilﬁgo

subset onen can cl ass
sampbes rafeai ko b%n$¢@%P¢®to oe - ePedmbe), g?hﬁuﬁ#a881f1catlon

mayUbé ERHERhLY  t KOOV £69En S s éﬁ?léé'béﬁé Of otk CAPDAGE®ia cell
can, be_used for tests, for exaqg e.clinic tests, to

orcpaheatthy scebhpl oF FiRb Hheupss g £aFRLeastre obtained
frémathe€sblb6d 6EaPRtfents Kaviny of motTivaeiig ofcertivn

coRpEhPRr 97y ERabite craetaid inSled 5 EQR0 £ odl Cerom

onbaecaft Bgveralli sygpeedof 20ancer has @m@par@@ pweeennrmal cell.
invention identifies preferably a snmall and
control | abl e nunber of conponents which can_be used

Int gnedenpedimant: hkhe aipant| dataris rergrmisedntee an

nxQPE Q04 SmA O Bx PATL (£ @A £8r ﬂuptralbﬁneelseet;ﬁcés:@ﬂwnﬁnt S
are "diagnostic" enabl e

t hat ,
CORPSRERHF nat FERLERERBen Posrig o THSK EhaaheT, Eha -

all the data which is generated fromthe system the
h nt
o, BhRPRp P shBEaRRERE ab P Mo LEL KRG e meplaced by an n
x pakebrel patiris KeGP obtaanpam@¢bn|§ungtqus chHck as
praaeéeoeenmﬁeeesa ohayenésenpfgeﬂétéfed bynt 8k smPEL NOF. the
onents can be 30 used in future to‘fla ssify

keﬁEﬁﬂ-s‘aggFé’é Knig ’Ftﬂe‘eg‘Pduﬁss*‘I‘Ffe X pet(Fotof/ He“’here the
suBB@SQgE bﬁan&eﬂarareéeaabbw ﬂﬁmﬁéﬁGSnathétﬁ&tﬁikcmld

net hod to, e nent s t_are not .r i I .
145135  BRPROtRyBR: FRG PRLVEPE.BE | RenERnpr bostrd Rieh give
sphmseBSeﬁheseanptésnarefgthepedsmqbbhsﬂuptEignsups (or

"cl asses")
Associated with each sample class (group) may be a class
label y;, where y,.=k,ke{1,...,G}, which indicates which of G
sample classes a training sample belongs to. We write the
nxl vector with elements y, as y.. Given the vector y we

~

can define indicator wvariables

e, = L yi= & (A1)
‘€ 0, otherwise

In one embodiment, the component weights are estimated using
a Bayesian statistical model (see Kotz and Johnson, 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 consisting of two parts.
The first part a likelihood function and the second a prior
distribution for the weights which ensures that zero weights

are preferred whenever possible. In a preferred embodiment,
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based on a pre-determ ned cl assification. The

classification WO 2004/ 104856 PCT/ AU2004/ 000696 - 25
worgo4hessany desired classification by which t hBCT/AU2004/000696

training sanples are to be grouped. For exanple, the

classification may be wh er the training sanples

are froma |leukema cell ‘or a healthy cell, or that

th&hflfcéf‘iﬂéﬁgﬁ ﬁmféna{ﬁ 8% 2,08 0 Sork T oM T Pl p0gl O

atients having or _not aving a certain _condition, or

1°$hﬁ%l?we°@?hr ni Fge Serpp by, a‘fléeﬂdéﬁﬁﬂaﬂa%m Funphigmel Bf

cofip¥eédl fLynechof pLapaiil asigoppared to a normal cel
In one enbodi nent, the input data is organised into an

10 n x p data matrix Xféx) with n training sanples and
p conponents. TypicgFiys p will be much greater than

n. |I'n anot hex, Hrehts agnatlyi.x GX-nlay be (A2)
repl aced by an n 1% gi%@d matrix K to obtain snooth
functions of X ag 154predictgrs instead of |inear

predictors. An exanple of the kernel matrix Kis
n5ij:exp (-0.5* (xi-xj) t (xi-xj) /a2) where the
Subscript on x refers o a row nunber in the matrix X
I deal |y, subsgfs=af the colums of K are selected (a3)
whi ch give sparse¢.r ?aagntatlons of these snooth
functions. 20 Assqcit witt h each sanple cl ass
(group) may be a ads! ladel y; , where y; =k, k e
1 , G, which indicates which of G sanple cl asses
a training sanple belongs to. W wite the nxl vector
wheréhnel enents y; as y.. Gven the vector y we 25 can
define indicator variables 11, y;=g e a 0, otherw se
(Al) In one enbodi nent, the conponent weights are
P;edis m@@e@rohahgli&yBa@e$i&hestaaﬁaﬁhgabampdelW@SBeinput

dakQt z, apcth cladk RFeferably, the weights
aare estlnatedsﬁp nHX|n1S|ng tﬁé posterior distribution

% Bs ihea vingan @Wéwrﬂg%erg?érﬂ# fire finputefata from
trhiaiAgNSample! €. wibhScéRpehésti WedFhts f,;

x! is the components for the i*"

Row of X and B4y 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 apriori

assumption that most of the component weights are zero.

In one embodiment, components weights [fg in equation (A2)
are estimated in a manner whereby most of the values are

zero, yet the samples can still be accurately classified.
In one embodiment, the component weights are estimated by
maximising the posterior distribution of the weights given

the data in the Bayesian model referred to above.

Preferably, the component weights are estimated by
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obj ective function to be maxi m sed consisting of two
parts. The first part a |likelihood function and the
w@eewmanassse prior 35 distribution for the wei ght BCTAUZI04/000696
ensures that zero weights are preferred whenever
possible. In a preferred e odi nent, WD 2004/ 104856

PCT/ AU2004/ 000696 - e Tikelihood function is

erj .froma ass oQi s del Pr ferab
(a?heg¥g€ % 2%d gﬂ %roﬁnglc 9 %% !g}‘)r%mthe‘f‘1 component

pr ovebihtei Fs:.- éxluregdprg ,G -1 (A2)

(b5L sﬁeﬁfgl‘npg—& 1§kéfﬁhéo%Pf&ct£%& fM He Lendile Nt a;

wherein 1 is the ability that the tralnlng
(%arﬁ?eewmmﬁp&#le @&%t%lwr rilsérrthu%ﬁﬁr ©fc| e yeights
XpggiGen theeaatQOﬂbiﬂgt(nnge@@aated fronrhnpug dat a
rog . trainin th cpnmponent werg ts fj
(af T ERHBALn: CPEPERE | (WSEERFBT iR poakifisd] the
of pdsteviponéinstwibgbienfor sanple class g;
Typically, as discussed above, the conponent weights
are estimated in a manner which takes into account
Int peegembedimendsy e dnierrrchizal aprioe spapbfitad for the

pa¥Bn8bEssalE,. Z@ 0. 120 olen c@Re sepedi ment, conponents
wei ght s frg in equatron (A2) are estrnated in a

manner whereby nost of the values are zero, yet the

sanpl angsty | U glassified. 25 In one
enbodi ekt ﬂ& e &Jﬁgﬁ?ﬁ%&gzgfgﬁﬁs are estimted by (A4)

where ,B’r=(,317',...ﬂé'_1), 7! —(Tl, W7, ) (,B |T) is N(O,diag{z';}) and
p(T;) is a sujitable prior.

In one embodiment, p(T§)=1—"Ip(Té) where p(?:izg) is a prior
i=1

wherein t,.g2=1/r,.2g has an independent gamma distribution.

In another embodiment, p(Té,) is a prior wherein T,i, has an

independent gamma distribution.

In one embodiment, the likelihood function is Lk)’lﬁr’---aﬁc-r) of
the form in equation (8) and the posterior distribution of

f and 7 given y is

p(B*|y) & L(y|8)p(B]r*) p(r?) (a5)

In one embodiment, the likelihood function has a first and

second derivative.

In one embodiment, the first derivative is determined from

the following algorithm:
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maxi m sing the posterior distribution of the weights
given the data in the Bayesian nodel referred to
w@bmwveossse Pref erably, the conmponent wei ghts arBCT/AU2004/000696
esti mated by 30 WO 2004/ 104856 PCT/ AU2004/ 000696 - 27
(a) specifying a hi erarchld;[‘ prior for the conponent
wei ghts A ..... 3G 1 ; b) specifying a |ikelihood
function for the input data; (c) determ ning the
post%Eioi di strlbutlon of the weights 5 given the
dat a r)d (@=det e~ ni ng conponent wgpghts
whi cha,ﬁgm m S the posterl or distribution. In one
enbodi ment, the hierarchical prior specified for the
10 paramaters QL,,Pc-1 is of the form c-I
..rLI - J Tl Pl y4 lzg)d
wh&%gin = ,q%%j,, CQ( QLT Q gge(Q%% ?Z% 9?&13at1ng
mexnbemeh)lm agf zg:jnplanglaas @(2@§ P%olaa%ﬂhh:bl@f p¢f®$s ()
regﬁeeegvgj_rpodl ment, p(zgp(r, ) where p(2tg) is a prior
1 wherein t,g2= 1/| has an i ndependent gammma
d| stribution. 20 In another enbodinent, p(ztg) is a
Inpbher eitbodtinenEg Bhe A8cohddépeihdabtivgaiBbdetermined from
th 3 ig%tlllnon Ln op_gmenbodl ment, the |ikelihood
PuRRLTORIPE BIYTFIEM™7 "3G.1) of the formin equation
(8) and the posterlor distribution of 25 8 and r
g| venayldgq P(azZZI y),a L(y QR(13 Z2)P(z2) (A5) In one
W digg hmgooamgL} @ction has a first and (A7)
30 se(’,a Ierivative. In one enbodi nent, the first
derivative is determned from

where J,, is 1 if h equals g and zero otherwise.
Equation A6 and equation A7 may be derived as follows:

(a) Using equations (Al), (A2) and (A3), the likelihood
function of the data can be written as:
( We'.k &G
T
n G-l Xi pg
e 1
L=H I\—— I = (a8)
~ 143 A
h=1

(b) Taking logs of equation (A6) and using the fact that

G
Ye,=1 for all i gives:
h=1

i=1 | g=1

n G-l
logl= 2 [2 ,g, —log[1+zex'rﬂg )] (A9)

(¢) Differentiating equation (A8) with respect to ﬂg gives



the followng algorithm WO 2004/104856

PCT/ AU2004/ 000696 28 al ogL_ XT( eg-pg~, 9=1,...,G1
W@ Aﬁ))n/lonstag wherein eg =(eig,i= ., N), pg  PCT/AU2004/000696
=(pig,i=1 ,N) are vectors |nd| cating 5 nenbership

of sanple class g and probability of class g
respectively. In one enbodffrent, the second derivative
is determined from the following algorithm 10 aZ | og
L - @I’dl ag {S} X (A7 ) hgPg -PnPg ai Qgai Gh where
Shg Lfyh(£q s g zgrq otherw se. 15 Equati

A6 andfg quatlirﬁ %13 gg_gﬂderl\c}ed as follows: (a) (RT0)
Usi ng equations (Al), (A2) and (A3), the likelihood
function of the data can be vvritten as: eik eiG n G1

fo,lOLrI ca +eTJ'O .
wheiPey? eg={on I It Phk g 0t 6 e JORERER (G SRtdns
5 membenghﬁ.beofas&mphetclesé( gi andlpfobabilitygofeclassh=d

f 25 logL [eigxTflg-log 1+le g (A9) =1 g=1
regé%c%%eﬁfferenti ating equation (A8) with respect to
fig gives WO 2004/ 104856 PCT/ AU2004/ 000696

(d) The second derivative of equation (9) has elements

d*logL r
10 ———=—-X"diag{d - X (A11)
aﬂgaﬁh g{ hgpg phpg}
where
1, h
8y = £
0, otherwise
15 )

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.

20 In conducting the EM algorithm, the E step preferably

comprises the step computing a term of the form:

G-1 n . "
P=Z; ZE{ﬁ?g/ng | B}

g=1 i=

G-1

DIPVAH

g=l =l

(Alla)

~

7 21 D —o.s " T 7 1/ — —
25 where d, =E{l/t,| B} -(d goend,) and d =1/d, =0if B =

lg’
Preferably, equation (lla) is computed by calculating the
conditional expected value of tig2=1/rig2 when p(ﬁiglré) is

N(O,T,-Z) and p(’ré) has a specified prior distribution.
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- 29 alogL -XT (eg - pg), g =1,...,G1 (AAO whereby
are vectors indicating 5 nenbership of sanple class ¢

wana4posbabi ity of class g respectively. (d)pdihau2004/000696
second derivative of equation (9) has el enents 10 a~
a~ =- XTdi ag{ ShgPg- PhPg} X (ALl) g h where 1, h=g Shg
0, othermﬁse 15 Cbnponeht Tghts whi ch nmaxi m se the

steri tr| L I|k I nction

=xBLEE hrithingl 2ot S, Ponnitivhrf, RBRFraHRSh F

Prsseptaddlanem step 20 In conductlng the EM algorlthn1
the E step preferably conprises the step conputing a
termof the form G1 n 2 2 P=E ZE{ag /Zg | (dig} g=1
i=1 (Alla) G1n -1 EI38/dB g=1i=1 25 where dig

TypEedlZy, | the, @M Q150rdehmdbemp2dses. tHROEEepBRd d;
g=1/d;g=0if/3;9=0. Preferably, equation (lla) is
conmput ed by cal culating the conditional expected
val(a® of perfidrhingganwieatppibly galeslatiify, the and

D004 10455 BB P Res oBPhEERgs vaLbaoBE Blle, Phbeerior,
for the ddmyribubipPnerfecomppnanti welgthpuey@at the
later. function:

. 1 G-1 ) ) -2
Q=0( |y.7) =logL~— Y 7; diag{d,(7)} " 7, (a12)

g=l

where xiT,Bg= ,.Tf;}’g in equation (8), d(fg)=Pch:7g, and
a7g is defined as in equation (lla) evaluated at
ﬁg=Pg}7g . Here P, is a matrix of zeroes and omnes
derived from the identity matrix such that P;'f;

selects non-zero elements of f; which are denoted

by 7,-

(b) performing an M step by applying an iterative

procedure to maximise Q as a function of y

whereby:
7 _7 - Q aQ (A13)
ay*) oy
where ' is a step length such that 0<¢@'<l; and y = (y,

g=1,...,G-1).
Equation (Al2) may be derived as follows:

Calculate the conditional expected value of (A5) given the

observed data y and a set of parameter estimates f3.
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5 Typically, the EM al gorithm conprises the steps:
(a) performng an E step by calculating the
wa@ooditb4semal expected val ue of the posterior PCT/AU2004/000696
di stribution of conponent weights using the 10
function: 1G1 2 Q=QYly,;y) =loglL- - ygdiag{dg(Pg)}
yg (A12) "2 g=1 where xT 3g = xT Pgyg in equation

o B e BEPAT Lot " b 1

matri x of zeroes and ones derlved fromthe identity
matri x such that PgT/3g selects non zero el enents of

whi ch are_de er n

conP gty TlnarSPho ant sareteRte 5ol i Pl 2etore
zems &.¢ufeti grFbf., ¢ - \Alr[gFeByg zsdvﬂrl Bl - a° (a2Q _1

(LQ (A13) Y Y where a is a step Iength such that

O<- a <-I|; and y = ](_yg ..... 1)
Igmawgohemzlyomynm \ﬂé?gvlé&né’s “tsd-F‘Igov@‘l)Cal(é\él)at dA9) we
gethe conditional expected value of (A5) given the

observed data y and a set of paraneter estinmates P. WO

2004/ 104856 PCT/ AU2004/ 0Q0696 - 31 Q=QQ

Y, /3) E ogp(%gl Y,Afl) Consi der the case when
con‘p }’33 are set to zero i.e for
g=1,..., 37" gyg and fig =Pgyg . 5 lgnoring

get: logL——ZZ}',g

g=l1 i=l

terms not |nvoIV| ng 1 and ri ng (M, (M, (A9 we

1 G-1 ) . -2
_ logL—EZyg diag{d, 7} 7, (A14)

g=1

where x,.T,Bg=x,.T}1,7?g in (a8), d,(7,)= P;anfg where d is defined
as in equation (Alla) evaluated at ﬂg=Pg}78

Note that the conditional expectation can be evaluated from

first principles given (A4). Some explicit expressions are

given later.

The iterative procedure may be derived as follows:

To obtain the derivatives required in (11), first note that
from (A8), (A9) and (Al0) writing d(¥)={d,(¥,).g=1...G-1}, we
get

0 of \dlogL . 12
30 (V908 ggfuys

ay FY;

X 1T (et - Pl) "
- -diag{d(p)} "y (A15)
X g—l (eG-l - Pc-l)
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1 c-1n Y2 QlogL-2jjE Z2Z 1 Y, g:11:1 ,0 1 G1n 10
Q=logL-jj),jgE z2 Y, Y g=1i=1ig c-1 2 =logL--1lyg
waolc@gfidgéeyg) } yg (Al4) 2 g=1 where XT/3g =xTPRETAUD004/000696
(A8) , dg(yg)= Pg dg where d is defined 15 as in
equation (Al la) eval uated A Q = Pgyg . Note that the
condi ti onal expectation can be evaluated from first
principles given (A4). Sone explicit expressions are
gi ven |ater. 20 The iterative procedure may be derived
an@s follows: To obtain the derivatives required in
(11), first note that fromW, (A9) and (A10) witing

d(y) l} , we get 25 aQ = a/3 a log
G (% 331%_ RIS 1 b
-dlae{/él( a Y & Gl) T WO
2004/ 1048 6 PCT AU2004/ 000696 - and
a2Q aQa2l ogLa,ar 2 aye - ay a2 ay -ding{d(y)}_ 16 5
XIrD11X, ... XlrAlc-1Xc-1 +diag {d(y)}-2 (AlQ)

XITAlle XITAIG—IXG—I

=-|: : +diag{d(P)}” (A16)
XG—IAG-IIXI XG—IAG—IG—IIXG—I

A _dlag{ hpg ngh})
1, g=h
h 0, =
where gh {0, otherwise
d(7)=(d(7;g)ag =1>"."G—1)

and
T _pTyT  _
Xg—PgX ,2=L..G-1 (Al17)

In a preferred embodiment, the iterative procedure may be
simplified by using only the block diagonals of equation
(A16) in equation (Al3). For g=1,.G-1, this gives:

yit =y, +a {XIALX, +diag{d, 7)) }_1 (X7 (e - p,) - diag{d, 7p)}7: } -

(A18)

Rearranging equation (Al8) leads to

-1

?’;H =¥, +a'diag {dg 7y )} (YgTAgng + I)-] {YST (eg ~ Py ) ~diag {dg 7 )}-1 7e }
(A19)

where

Y! =diag{d,(7,)} X"
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X c-10c-11 X1 Xc-1 AG1l c-11 X c-1 Ogh = diag {Sgh

pg - pg ph where Sgh = 1, g = h 0, otherw se
waleodra4360rg) , g =1,...,G 1) 10 and Xg =PTXT, g=RCT/AUH02/000696

(Al7) In a preferred enbodinent, the iterative

procedure may be 15 sinpl{fied by using only the

bl ock diagonals of equation (Al16) in equation (A13).

For ¢ 1 G—l this gives: 1 yl =yg + a {Xg

- d
we{UEng) ria) a9° éy’%}sﬁ‘b%{éa‘?? SR e B otiet | L Da g uires
théeﬂﬁﬁef@wn*ofy@ 2(&)yp(2 ﬂaaﬁiﬂgwgélh(:géfxagnéfgqxﬂﬁel

rolafl (e P8 Shabl RIS o L0y BURL 20 0750, o

notingi bgapf g) for the nunber of columms of Yg, (A19)
requires the inversion of a p(g)xp(g) matrix which
may be quite _large. This cap,be reduced to an nxn
matrr)g pY-bp(g)alﬁ—ﬂ’y(Y?Tﬁmgl gY; hat ) yt 9 9 (y yT
+Agg) Yg sTAggYg+l - A26 - Zg T (ZSzg T +(a20)
1")-' Zg mhere:ZgézT é+JE 54 rably (A19) is used
when p(g)>n and 10 ( wth (A20) substituted into
equation (Al19) is used

where Z,=AlY, Preferably, (Al9) is used when p(g)>n and
(A19) with (A20) substituted into equation (Al9) is used
when p(g)Sn.

Note that when ré has a Jeffreys prior we have:

E{tlzgl Big} = 1/612g

In one embodiment, t; =1/7, has an independent gamma
distribution with scale parameter b>0 and shape parameter
k>0 so that the density of t; is:

A2 ,b,k)=b™ (t2/b) " exp(t2 /bYT(K)

Omitting subscripts to simplify the notation, it can be
shown that

E{ t? |B}= (2k+1)/(2/b+ Bz) (a21)
as follows:

Define

I@,b,k)=°](t2)p t exp(-0.58°t*)1(t?,b,k)dt?

then
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when p (g) < n. Note that when zg has a Jeffreys prior

we have: 15 E{t g 1/,1i,g In one enbodi nent, tg=1/zg
whamsamssandependent gamma  di stribution with seet/au2004/000696

par anmet er b>0O and shape paranmeter k>0 so that the

density of tg is: 20 y(tg,b, k)=b""

(tg/b)' -"exp(- {g/b)/F(k)%mttlng subscripts to

S|rrp 1 oshewn that 25 E{ t2

*(#% s S G B 0 ol o 30

Deflne [(p,b,k)=f (t2)p t exp(-0.5(32t2)y(t2,b,k)dt2

0 then WO 2004/ 104856 PCT/ AU2004/ 000696 - 34

| (p, b, k) =bF+0. 5{ P(p+k+0. 5) | F(k)} (1+0. 5b(32). +k+0.5)
Prepfof 5 Let s =,6 2 / 2 then I(p, b, k)=bp+.5 (' (t2/b) S
Leexpg_qm)z_mrp, k)dt2 O Now using the substitution u

=t2/b we get« I(p, b, k)=bp+0.5 f (u)P+0*5

exp(Kpbik)=b’d,|tt2 &) A efp(-dom(tt Bk)dt* =bs and substitute

the expression for '(u,l,k). This 10 gives

I (p, b, k)=bp+o.5 f exp(-(s'+l)u)uP+k+.5-"du / F(k) O
Now ookimg tipe astladt ttwfidmpk acett/banef gets, eg

Abranowi t z an St egun, then gives the result.
I(p,b,k)=b"*? (u)"m exp(-subyy(u,1,k)du

Now let s’=bs and substitute the expression for (ulk). This

gives

I(p.b,k)=b""" [ exp(-(s+1)upu"™"*'du / T (k)

0

Looking up a table of Laplace transforms, eg Abramowitz and
Stegun, then gives the result.

The conditional expectation follows from

E{t*|8}= I(l,b,i()/I(O,b,k)
= 2k+1)/(2/b + B)

As k tends to zero and b tends to infinity we get the
equivalent result using Jeffreys prior. For example, for
k=0.005 and b=2+%10°

E{t* |8} =(1.01)/(10° + %)

Hence we can get arbitrarily close to the Jeffreys prior

with this proper prior.

The algorithm for this model has
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15 The conditional expectation follows from E( t2 (3
} = 1(1,b,kK)/1(Ob,k) _ (2k+1)/(2/b + (32 ) As k tends
wWo 000280435@Nd b tends to infinity we get the 20PCT/AU2004/000696
equi val ent result using Jeffreys prior. For exanple,
for k=0.005 and b=2*105 E§ t2 1/3} =(1.01)/(10"5
+(32) Hence we can get ar %rérily close to the
Jeff r 25 with this proper prior. The
al gorl—\éﬁrt‘rﬁ Ay this model has W0 2004/ 104856
PCT/AU%%O %ﬁ - 35 a=Et21 a}-0.5 =E21
a}-o0. re the expectation is calcul ated as
above. In another enbodi ment, zg has an i ndependent
wh@281Bhé ékp&étauibﬁnimﬁ&Ql@@ﬁéee@aa@naﬁ@veb>C)and
shape paraneter k>O It can be shown that oo fu
k-3/2-1 exp(-(Ti, /u +u)) du E{z;g-21(3;9}=00b
InJankthél- émhp@a@egtg/q +bas) @n 1hﬂeneﬂ8éﬁtkg&mmaﬁg)

ost8fhurioh yirh ghiih BEEe12 50 Bl o dd frithaces

k>Q*g¥E)gﬂwzbeaﬂbowpdéhétes a nmodi fied Bessel function.

For k=l in equation (A22) E{zrg la}= J2/b(1/1/3jgl) 15
For K=0.5 in egquation (A22)
Iu“’ “lexp(-(y,/u +u)) du

E{Tig-zlﬁig}:. 2
b_[ Vlexp(-(y,/u +u) )du
0

\F 1 Kipy (2\/Z)
b [ B | Ky 2y

1 (zx/ﬁ K (2\/E )
| 6ig |2 Kipx (2\/§;)

(A22)

where 'yig=6ig2/2b and K denotes a modified Bessel function.
For k=1 in equation (A22)

E{77?|8}=V2/b(1/|8,))
For K=0.5 in equation (A22)

{728, ) = V2 (118, DK, (2% VKo 2/ ¥ )}
or equivalently

B{z 18} = (V18 )2 1K 2y % VKo 2\, )}

Proof of (A.1l)

From the definition of the conditional expectation, writing
v=G2/2b, we get
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E{ztg laig}_ 42/b(1/1aigl){KL(24"Yig)/Ko(2V' Yig)} or
equivalently 20 E{z;g lai}= (1/1aigl2){2
WO 2004Ka482d)" Yi g)/ Ko(2-J"'Yig)} Proof of (A 1) FrOmUbm®4/000696
definition of the conditional expectation, witing 25
x(32/2b , we get WO 2004/ 104856 PCT/ AU2004/ 000696 -
36 co J z-2r-' exp(-yz-?):bG" (z"2/b)" "-"exp(z-2/b)dt2
E{z-2la}=. & z""exp(-yz"2 )b-'
(z-"2/b)" "' leXp(expll k)0 ] -2 0b) Rerp(rdngd #tg, si nplifying
and jzl?i?=t°he substitution u=z2/b gives the first
equation’in (FA22). 52Thle iznt elgralg in (22) can be
eval uated by uSexg-nrhd (edt exg(zxbidr’ exp - x+a2 = b
Kb (2a) O xoa where K denotes a nodified Bessel
function, see Witson(1966). 10 Exanpl es of nenbers of,
Repprrangings aiwrkifying.andhmaking e gubstityptien u=r'/b
gi9tb(ghbargkye 16qulit cbn COLT eAPENMS to the prior used in
the Lasso technique, Tibshirani(1996). See al so
Fi guei redo(2001). The case k=0.5 gives 20 E{z;g laig}=
The/ bhtégralk) {Ki (22) Yean/ KO (@vaYugyed by wsimyatieattysult
E{z;g laig}= (1/INgl2 )(2 "YiK!2 1'ig)IKO(2 1'ig)}

25 2
Ix"’"‘ exp [—(x +a7ﬂdx = %Kb (2a)
0

where K denotes a modified Bessel function, see
Watson(1966) .

Examples of members of this class are k=1 in which case

E{7,”(8,}= V2/b(1/8,)

which corresponds to the prior used in the Lasso technique,
Tibshirani (1996). See also Figueiredo(2001).

The case k=0.5 gives

{718} = 2/b (1/18, ) K, (2, VKo (2 {7, )}

or equivalently

E{7] 18,1 = (118, 27K, (21, VKo 2/, )}

where Ko, and K; are modified Bessel functions, see Abramowitz
and Stegun(1970). Polynomial approximations for evaluating
these Bessel functions can be found in Abramowitz and

Stegun (1970, p379). The expressions above demonstrate the
connection with the Lasso model and the Jeffreys prior

model.
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where KO and K1 are nodified Bessel functions, see
Abramowitz and Stegun(1970). Pol ynom al

wapprosdss@t i ons for evaluating these Bessel fROIAUZI03/000696
can be found in Abranowitz and Stegun(1970, p379).
The expressi ons above denqﬂﬁtrate the 30 connection
with the Lasso nodel and e Jeffreys prior - nodel. WO
2004/ 104856 PCT/ AU2004/ 000696 - 37 It wll be
appreci ated by those skilled in the art that as

It twhibk ke arprecirted tandshese isiiad ihdhe iant ttémrs as k

tedds dto JRLFS EXRd IBDESRES 8 | B EiDidy e didEds to a
Je€$$ riors with 0< k <I and b>0 forma class of

% HPRTIPSH XL i nterpreted as penalising non
zero coefficients in a nmanner mhich is between the

In ngé oeml?éclilmer%,d%lbg rélplcgrlé 'v?f?é i_ ‘;kc{ fgﬁ)ysform a
hyper prior erpar arre ers and kK can be
clyss i et pmmtwlmich trelghtuniprerinffexprpiat ms panalcisifg non

zepa ég@ff@é{‘&gts Asn Ka tiISe f Qrh &K Oi d Ve dweaddl thd t}f'asso

onponents selected can be decreased and
Prh‘bﬁv@i‘% ewe BPeciEigrticor meing nlphirewt hpek RIckR
conponents can be increased. In a preferred

di t E th f d I
TS PSSR 4TS ot HG EHUDR SR TS ar VAT ot ie
nuitheo sef acompénentorsédlected by iriatettrod AZY .k Rends to

ze?éaf@i‘ %céc??b a&qe qur&)gf\/@;? é&%&?%i&y eP%ﬁLDéd r@&i’?'be

degree of approxi mati
deqarelg%e@ eapeserrensel vag pr grends ) tonl x‘Fh%\HElF@b?ﬁ gbﬁ s

seLOOEEA tOmPEnELEs Q4 HO'indPedPS@I Vations in group g
and a small quantity >0 otherwise - subject to the

constraint of all probabilities sunmng to one. 2. Do
Int hepkefetped @embodiment , QtHe/|EMoagdhbthihhi8 performed as

follows:

1. Set n=0 , F,=] and choose an initial value for 7°.Choose a
value for b and k in equation (A22). For example b=le7 and
k=0 gives the Jeffreys prior model to a good degree of
approximation. This is done by ridge regression of
log(pig/pPic ) on x; where p;y is chosen to be near one for
observations in group g and a small quantity >0 otherwise
- subject to the constraint of all probabilities summing

to one.

2.Do the E step i.e evaluate Q=Q(y|y,}7"). Note that this
also depends on the values of k and b.

3. Set t=0. For g=1,.,G-1 calculate:
a) 6,=vy ”1 -7, using (A19) with (A20) substituted into
(A19) when p(g)Zn.
(b) Writing 5'=(5é,g=1,...,G—1) Do a line search to find the
value of ' in }:'+l=}~"+a'é' which maximises (or simply

increases) (12) as a function of .
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30 al so depends on the values of k and b. 3. Set t=0.

For g=1,...,G 1 calculate: a) 89 =yg 1 -yg using (Al9)
wowdaoh/1¢4820) substituted into (A19) when p(g) 2rPCT/AB2004/000696
(b) Witing 8 =((59,9=1,...,G 1) Do a line search to

find the value of at iny +#1 =y +a 8 which

maxi m ses (or sinply i nerd ses) (12) as a function of
Iy. 04/ 1048 PCT/,AU2004/ 000696 - 38 c) set
;/%)+'s\égy%~9an_~t:atn? tﬁg%‘elat steps (a) and (b) until
convergence. 5 This produces y*n+l say whi ch maxi m ses

R Cc t f t ; j &l .y For
e%£§t§£%§€ &%t e%ﬁmﬁnsepggmzéjlgl édy’/&’?‘%fé)éh emaxly kg Kk
Where E <<I , say 10-5. Define Pg so that j Big =0 for
ThisEpSgdasds 30edy -whidh M@x¥mifes theSguFkefitShEFunction
el ipi na'ties va%i ables with small. coefficients from the
asnﬁdg}?mc 500 ©%ef n=n+l and go to 2 until convergence.
A second enbodi nent relating to an ordered cat
l ogistic regression will (now be describetdl. 20 B.
Fofr get kdGcalt etptreémsinmdg) ={bie}’me§$§6maxi7 tgh;S enbodi ment
may utilise the training sanples i rdev to identify
a subset of conEo_nsents which 25 can be used to
Wheseef ik heswiarhéP a t Bsifisenphe seetdags fo=8 for ieS,and
particul ar class. For exanple, to identify genes for
assesshng a,.ti.ss bi opsy sanpl e using m croarray
anal ¥si §, 7jgm’é|‘fos;§ray data froma series of sanples
fromtissue that

This step eliminates variables with small coefficients from

the model.

4. Set n=n+l1l and go to 2 until convergence.

A second embodiment relating to an ordered cat logistic

‘regression will now be described.

B. Ordered categories model

The method of this embodiment may utilise the training
samples in order to identify a subset of components which
can be used to determine whether a test sample belongs to a
particular class. For example, to identify genes for
assessing a tissue biopsy sample using microarray analysis,
microarray data from a series of samples from tissue that
has been previously ordered into classes of increasing or
decreasing disease severity such as normal 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 of disease
associated with the training samples. The subset of
components can then be subsequently used to determine

whether previously unclassified test samples can be
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has been previously ordered into classes of increasing
or 30 decreasing disease severity such as nornal
wo p@gaetssbeni gn tissue, |localised tunour and PCT/AU2004/000696
net ast asi sed tunmour tissue are used as training
sanples to identify a subsé? of conponents which is
apabl e of indicating the severity of disease
°13§§6§F-3tieésv\PPHmFF1e gr-artanngl@aﬁbltégsi tumoyybest of

me8AseaBpe8antemean. t *ﬂﬁﬁsbetﬁléb§ﬁﬁﬂeﬁt bff ééﬁﬂ?ﬁ&txts is
t t r revi ous 1Tl e es
a1gheLL 0% o BB D ER s Dn Y stk cutmpis) ROSB0EP obDGs cPaTt sgular

cleBasgnthed as ovdemed beni gf, clasaéssenttuﬂnyrb@ragparent

t d T u nts Ls
enfe! 83EaSLACISLHUBL of TUSpohOgLS ﬁés%egongs SRENELed;
On&m heupybses| aéscmnpﬁnﬁnaa needree tested :chaslstﬂsrelt

alwghbsbscagpa&sahrést Bat aepesmihe éabéﬁst%r&&{@&”@i‘éés a

g fn identified, only the subset of conponents
Saﬂ@ia §1PBgPed in future diagnostic procedures to
determ ne to what ordered class a sanple belongs. 10

h od.of.the_invention is rticularly suited for
Thf| BePROMSe Obnb Pob DNELLL Ofa | RaPRl bufer B uPtLd %ot lne
angyppial pF, veaygbargat ameen‘ss obf adaeal. f rDypiesllpandage

datﬁ BéEB|¥b¥§£hé8'Er?ﬂdteQEtSngiééeié ﬁig%*%lsgﬁgégie and

from.that obtal ned al nin
offgpndifEerengigrifiaanthyehremnthat 1@5@1@@ ofFetenthe y

trauhSﬁQSsﬁﬁpIéﬂpoﬂﬁétﬁefh@ﬂW@fV€ﬁ¥ ﬁﬁég&n%a?ﬁg@ﬁ%ﬁ%éé¥8
r raip sa an
g ﬁfgylﬁ%ﬁ??g?eﬁ gTﬂ%ggﬁFﬁoﬂr%%natYﬁﬁVkﬁ?rge
amgsau bﬁ dhaasgégengtéésfremﬂpf&SnEﬁgnsaﬁwieéheiﬁﬁuﬁhe
| ria
suﬂgggrakega%ﬁ€ﬂéﬁﬁg %S? tf@f@é %Zt?? ¥?%.n??@ éhen be

ar ed a genera
usgﬁn’ﬁpegleéﬁbﬁgmg test heamples %Vmswhé'mu’shetdmtaret hod

geﬁér&@@d'ﬁ¥&ﬂttﬁg LesabsembPe igeﬂléﬂy Ayt cgo ared
onents that are nore 11 kel classity rﬁﬁ

t%BP ed2F9 SERATIRRH fﬁ@ndfaﬁl%n@fswes cmlcmg/mg to the
samadéDaskher ehis, htgd NeEhedi b t yhdeinesik Seu Pl £afe to

identify a subset of components that are more likely to
classify a sample correctly even when the data is of poor
quality and/or there is high variability between samples of
the same ordered class.

The components are “predictive” for that particular ordered
class. Essentially, from all the data which is generated
from the system, the method of the present invention enables
identification of a relatively small number of components
which can be used to clasgify the training data. Once those
components have been identified by this method, the
components can be used in future to classify test samples.
The method of the present invention preferably 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.
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25 the same ordered class. The conponents are
"predictive" for that particular ordered class.
was®enodssd |y, fromall the data which i s genermtBaAU2004/000696
fromthe system the nethod of the present invention
enabl es 30 identification 5 a relatively small nunber
of conponents which can be used to classify the
trai ning data. Once those conponents have been
identified by this nethod, the conponents can be used
Inj hheufattoving| bheréyaresN samples, andeveetdovs sfchhes y,

Z Qﬁ&sﬁnﬁabgvg&ﬁﬁgﬂeﬂﬁyﬂ' aby,y afil ki SESrai 35 plat] sfl G@éctor
hod to_elimnate cohponénts that are not ' required

muislebit?éewv ewés@m/sme sandebined ccompeaertyige and
diagf{en}edenbtan @ diagdnahamatri® aﬂﬁéélaiagﬁnals are

qu%p?‘uzggé’n%g%ﬁ%?ws éﬁcﬁiggt%eef bl and g afemod © ™

Eucbipgearntermi, zi and i for i = ..., N Vector
nultiplication and division is deflned conponentwi se
and 5 diag{ '} denotes a diagonal mafrix whose

Prgfeyahdys bherecaual Niebsprvatieneny. whexpsoy usakes

intlegetevakueli deangNorhe 5$f£§§a@éﬂotéh§1§s§é§ &hlch are
Qbservations y'i where yi takes 10_integer,k val ues

ordered gn spme,WpYc8UGRNAL oIRF 18XRBP IR BAVEFLLY (PHiL3ease.
AssacsaaedmaythusthSobsérexaﬂﬁhetneyer1§yao§ed|6ease
sockategvm%tgbfach observatlon th 1 4
co¥BvarratesVVarrabfes® 8. §5G8nE Rk %‘?%’s% oﬁav'é?‘%s?rrange
inger angsurlxnxo vl tha tox m@vx*and tth gplomaawherecigl ommiss the
I S e S on .

HREEE) Al pothlCodupSATRLE? #06 RotafigRMRo iitbedd!the

i *Z§a>fvp|°é) X -h&Bdpvigust| |(FP@319? ipepenprapakbbliries QE

bembﬁgmngytZIﬁlaEE(x givgﬁfbﬁngHWﬁKﬂblve probabilities

De%lne chElékivg probabilities

M=Z% ' k=1,.,G

Note that y, is just the probability that observation i
belongs to a class with index less than or equal to k. Let C

be a N by p matrix with elements ¢; given by

_ {1, ifobservation i in classj
C 1 0, otherwise

and let R be an n by P matrix with elements 7; given by

These are the cumulative sums of the columns of C within

rows.

For independent observations (samples) the likelihood of the

data may be written as:
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20 Note that yik is just the probability that
observation i belongs to a class with index | ess than
worodqusteto k. Let C be a N by p matri x w t hpel/anemu00696

cu given by 1, if observationi inclassj G O,

otherwise 25 and let Rbe an n by P matrix with
elements ry given by i rj =L C g=1 These are the
currul atNVdi] dzm the cpluwms of C within rows. 30
For ﬂ@::;l/?b ons (sanpl es) the likelihood
of them e}’wll en as: WD 2004/ 104856

PCT/ AU2004/ 000696 - 41 N G1 ~ Yik Yik+l Yik |I=
1=1 1 Yik+l Yik+l and the log likelihood L may be

o B bl b b il 1

contl nuation rati o nodel rmy be adopt ed here as
follows: log it Yik+l Y| git[f!LJ=9k + XT /3

Yi k+3 Y& 10 (f pg ¥%x.3€8, McCul | agh and

Nel dér_(m)‘][ &‘ &t aﬁf?(l‘l and) the di scussion
therein’ N'otet log it Yik +1’+Y| log it Yik
Yi k+1 Yi k+l 15 The |'i kelihood is equi vaI ent to a

| ogi stic regression |ikelihood with response vector y

Thgngonsinppitennytatie updyl.mgy{ﬁ@ adopted here as follows:

logit(y"‘“ 7*} logit( T j=9k+x,?,3‘
Vikat YVikst

for k = 2,..,G6 , see McCullagh and Nelder(1989) and
McCullagh(1980) and the discussion therein. Note that

logit[yzkﬂ y'kJ—"IOgit[ Vi )_
YVien Vikn

The likelihood is equivalent to a logistic regression

likelihood with response vector yand covariate matrix X

y =vec{R}
X=[B'BI..B} ]|
B = [IG-I o

wherel/;, is the G-1 by G-1 identity matrix and 1., is a G-1
by 1 vector of omes.

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

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.

Following Figueiredo(2001), in order to eliminate redundant

variables (covariates), a prior is specified for the
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rr- X=LBT BZ... BTJT B =[IG1llI1GIX T wherelG 1

isthe G1 by G1 identity matrix and 1G1is a G1
wQ@0oobsoBsawect or of ones. Here vec{ } takes theP@BAUR004/000696

and forns a vector row by row. Typically, as

di scussed above, the coqp%tent wei ghts are estinmated

|n a manner which takes into account the a priori 25

0 t C 0 s are

Rl TR g i o 2B T e B
hYEﬁ?Fﬁ?EW%F?%%undant vari abl es (covariates), a prior

is specified for the WO 2004/ 104856 PCT/ AU2004/ 000696

araneters, /3# b troducin X 1 vector, Qf
Progaran il e rior RAHTAS HEF he, Samhahetepaights is
of t tiee cHomONENt wei ghts i s of the forn1P(/3 ) = f
P(33' v2)P(v2)dv2 T2 (Bl) mhere p(fl* v2) is

N( O, di g{v2 is a suitably chosen n
hyper Edi d (v2)af p(v2) is a suitable
f or m of t =iz 10 Jeffreys prior. In another (B1)

enbodi nent, p(v;2) is a prior wherein t12=1/v; has an
independent ganna dlstribution 15 I n anot her

h&EPHO 0, d%a Ynd\5aL) NiY: ahesiédbly ch
v |ndeg£nd l nni dIS utfbn he EIe%enté of ¥h%t%?en

have a non |nfornat|ve prlor .20 Witing L(yl/3 0y for
hyp&fptie! i Popletaisid ONp (v | 88 af 5QIBYPIK £H8n of
yb&fp p[y 7)3“6],,_@“”&%;

posteri or di stribution o dvgven yis
Jegg/s r pv gre L(yl/ 3" cp)p(/3* v)p(v) (2)

reys pr

In another embodiment, pbf) is a prior wherein tf=va has

an independent gamma distribution.

In another embodiment, pbf) is a prior wherein v} has an

independent gamma distribution.

The elements of theta have a non informative prior.

Writing L&ﬁﬂ‘@) for the likelihood function, in a Bayesian

framework the posterior distribution of £, 0 and v given

y is
p(B evly)a L(y|B ) p(B'Iv)p(v) (2)

By treating v as a vector of missing data, an iterative
algorithm such as an EM algorithm (Dempster et al, 1977) can
be used to maximise (2) to produce maximum a posteriori

estimates of B and 0. The prior above is such that the



25 By treating V as a vector of missing data, an
iterative algorithmsuch as an EM al gorithm (Denpst er
w@00al19483®77) can be used to nmaxim se (2) to peDAULI4/000696
maxi mum a posteriori estimates of R and 0. The prior

above is such that the Vp42_p()_4/ 104856
PCT/ AU2004/ 000696 - 43 nmaxi mum a posteriori

mazgﬁfhn%gfé ggoauzlis@fdeg@i&&éw itdnd 64 B | fd%se i.e.

] paramst ers are redun ant, man component s
if » Jarge |puphes 0H PIrameteraALe /lzeri_*{rsxa,#w Tanh t he

coSbhONE 06 £ AT wiiha ®edered .categories nodel above it
can be shown that aL t a~3 =X (Y -) (11) 2 E a2 }_

- Xdiag{,u(1l-p)}X (12) 10 Wiere p; = exp(xT
PréféfdBEX pfkI (F), B Indn The fdlAowing:0G, '8 *T) . The
iterative procedure for maxi msing the posterior
di stribution of the conponents and conponent wei ghts
For sthe oxleredordtegorierimedel fapowesahtplean thetshown that
desc@Lb%d(in 15 Denpster et al, 1977. Preferably, the

EM aTa"gc? Yhili s perfornmed as follows: 1. Chose a (11)

hyperprior and values b and k for its paraneters. Set
n=0, Sgy={1,2,..., p} , ~(0) , and F. =10-5 (say).
Set Ebg—ZEO-Xéi@g{a(lwa}Xon parameter x at a val ue mit)
greatef’than 1, say 100. This corresponds to addi ng

1/x2 to the first G 1. diagonal, el erre&lt;s pf the second
Whege vt T 68 Faf) (k- $R0HB) #rdsfe 7 Wel-ofls- 25) tf p <- N
conpute initial values f3* by *=(x x+Al)-'xTg(Y+~)

Thg BJZ.?:eraaQJ‘?vcie progegluJ(::g cla'l::t:' em:iulgni.ra:i.saing ll'lileespg'géelp' or30 y
distribution of the components and component weights is an
EM algorithm, such as, for example, that described in
Dempster et al, 1977. Preferably, the EM algorithm is

performed as follows:

l. Chose a hyperprior and values b and k for its parameters.
Set n=0, Sp = {1,2,..., p } , ¢ , and & =10"° (say). Set the
regularisation parameter x at a value much greater than 1,
say 100. This corresponds to adding 1/x* to the first G-1
diagonal elements of the second derivative matrix in the M

step below.
If p £ N compute initial values B* by

B*=(X'X+N)"' X" g(y+¢) | (B2)
and if p > N compute initial values B* by

= (X OXTN) XT3+ (83)
where the ridge parameter A satisfies 0 < A < 1 and { is

small and chosen so that the link function g(z)=log(z/(1-2)) is
well defined at z = y+( .
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~3*= (I -XT(XXT+~-'X) XTg(Y+J) (M where the ridge
paranmeter X satisfies 0 < X <- 1 and ~is snall and

webmgamss® that the link function g(z)=1og(z/ (Ae®A)2G03/000696

wel |l defined at z = y+~ . WD 2004/ 104856
PCT/ AU2004/ 000696 - 44 _ 2., Define 5 g(n) i E S. 0O,
otherwise and let Pn be a matrix of zeroes and ones
such that the nonzero elenments y(n) of (3(n) satisfy
"Y(n) = PT/3(n) O(n) =pnl0nn'Y-PONI N =Pn |
Define wQ = (w,6;, i =1, p) , such that _ Il 1, i
GwWIl'- 0, otherwise and let w =P ,,w,, 15 3.
2 E? %Ormthe E step by calculating QR 1 R(n), (p(n)) =
"ECTYUB(R (p, v I y) Iy, 0(n), 4(n)} (15) = L(y |
/3, O(n))dg 5 (II 3*we)/d(n)l12 ) where L is the |og
like ‘!;(who{o functlifm of y and 20 dig =E{1/z;9 dg = (dig
,d2g,". .. dig) dtharwdsé or conveni ence we define
dg 1/ dg= 0if J3;9=0. . Using =Pnry and /3(n) =p ../n)
(15) can be witten as Q | Yn), fi(n)) = L(y | Pnyy,

wr)/d n |12 B4 25 wiith
anqy {Ab B bric }naet\fafm%y Feioss RPCepen Pty thas the
nostepo dhémemts P& d6np “higdr eyt on Raphson iterations
as follows. Set Yo:y(n) and for r=0,1,2,... yr+l WO
2004/ ])0415)315(3,) P,CT/ %%2%?[)1900696

YW =P8

’Y=P:B ? ﬂ =Pn'y

Define w;=(wy,i=1,p), such that
1, 122G
otherwise

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

QB 1B, ¢™)=E{logpB, ¢, v|y) | v, 87, 6™}

i (15)
= Ly|8,¢™)=0.5 (| (8*w,)/d®|" )

where L is the log likelihood function of y and
3 20 N 45 ‘
dig =E{1/Tig | ﬂig} _(d

7N\ .
g 2g,...,olpg) and for convenience we

define c;'ig=1/c§ig=0ifﬁ,.g=0. . Using fB=Pyand ®=Py" (15)

can be written as
QY| ¥, ™) = Liy | B,% $™)-0.5 (I(y*w, Yd(¥™)II* ) (B4)

with d(y")=P’d" evaluated at S™=Py™.

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

iterations as follows. Set Yy, = y* and for r=0,1,2,.. Yre1
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- 45 Yr + ar Sr where axis chosen by a line search
algorithmto ensure Q-y,, | }1n), g5(n)) > QYr |

W0 nJog/1648661) ) For p < N use ) Sr= 0(d (Y(n)))PNT/AU2004/000696
Vriyn+l]-'"(Yn zr- wd,(~n)) (B5) 5 where d (y(n)) =d
(y (")) , 1 ~G { K othe%nse Y. T— A(d* (y (n)
)) PP XT 10 Vr' =diag { ‘{ p, (Y- ) and r =

e%(pg( 351 %#@Q&X‘%}l)byg]{@{ i ‘y"f Jiigorighm to

engpré Q(%aﬁ defHQ(e’dl‘é§ <b(" ere. /| 20 Let y* be the
Fo¥ahue ©f,¥& when some convergence criterion is
salsfledegl I Yr - r+| I | <c(for exanpl e 10-5

. 85 A’ 1Li-'G | £3; | B5
>ma®<(1 (g @@DE‘S) } vvhere 8ldl($(n) 4 smal | constant, sfely )
| e-5. Set n=n+l 6. Check convergence. If Y* - (n) | |

wher&? where E2 is suitably small then stop, else go to
step 2 above. 30 Recovering the probabilities Once we
have ?@ %I ngdd(ezé"l?) ,mtes>0G the paraneters (3 are
obt af &d, at e, \W0.2004/ 104856 PCT/ AU2004/ 000696
- 46 alk= ~ i

YI=AW (" )PIX"
Vv, =diag{y,(1-1,)}
z, = (y-i,)
and p, =exp( XP,v,)/(1+exp( XP,Y,)) -
For p > N use

w7,

— AL (@ T T -1 T, _
6, =Ad (y"NI-Y, (V. Y, +V) Y, 1Y, z o)

) (B6)

with V. and z, defined as before.

Let y* be the value of y; when some convergence criterion is
satisfied e.g
|| ¥z - Yesr|| < € (for example 10°° ).

5. Define B* = Puy* , SmfﬁiZCh|ﬁi|>ng§ﬂB”*el)} where €; is a
J

small constant, say le-5. Set n=n+l .

6. Check convergence. If || y* - y*|| < g; where &g, is

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

Recovering the probabilities
Once we have obtained estimates of the parameters B are

obtained, calculate
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for i=l,...,Nand k = 2,...,G Preferably, to obtain
the probabilities we use the recursion IriG=aiG5
wa@pdo4d04886 k-1 - (1 - aik)2nik aik and the facpCt/AEL004/000696
the probabilities sumto one, for i = 1,..,N 1In one
enbodi nent the covariate matrix X 10 with rows xi T can
be replaced by a natrix1<%6t11ijth el emrent kij and
Ki j =K xi - x]j ) for some kernel function K. This
mat r2a=<¢an al so be augnented with a vector of ones.
Sone ekanple kernels are given in Table 1 below, see
Evgeniou et . al (1999) 15 Kernel function Formul a
foF ot =%k(--xN-agd)k w%issi@n radial basis function exp( -
Il x -y 112/ a) , a>0 Inverse nultiquadric ( x - vy
12 + c2 ) -1/ nul tiquadric (].] X - 112+ ¢2 Thin
Prﬁgﬁf%bg}ﬁr i F\‘ésg‘Pt"l‘l&_E/h? %‘-’r‘iaé%/”zh?% ‘{? }5§.tRe jggcursion
Mul t ficl=¥er perceptron tanh( x'y-O) , for suitable O
Pl oynom al, of, degree d (1 + x"y )d B splines Ben+1(Xx -
Y) TnkgaEeﬁéﬂﬂFampm&ynonials sin(( d +1/2
Y(x-y))/Sid ¢x- Y) /2 ) Table 1. Exanpl es of kerne
functions |In Table 1 the last two kernels are
angr ther fidaty that theepsobabilittesfsumibe aese fideni X
hag only one colum. 20 Miltivariate versions can be
"dérived from products of these kernel functions. The
definition of Ben+l can be found in De Boor(1978).

InUSRe ObmBol €hERE £RECELPEr{iLEY hati{xnpan val ues

,with rows x;* can be replaced by a matrix K with ijth element

kij and kijy = K( x; - x5 ) for some kernel function x. 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( x - y )
Gaussian radial basis function |exp( - || x -y ||? / a) , a>0
Inverse multiquadric (]| x -y ||? + 2 )2
multiquadric (]| x -y ||?+ c*) %

Thin plate splines || = -y ||
|l x -y [[®In(]]| x -y |])
Multi layer perceptron tanh( x'y-0 ) , for suitable 0
Ploynomial of degree d (1 + xy )¢
B splines Bona(x - y)
Trigonometric polynomials sin(( 4 +1/2 ) (x-y))/sin ((x-
y)/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
kernel functions. The definition of Bz;.1 can be found in De

Boor(1978) . Use of a kernel function results in mean values
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WD 2004/ 104856 PCT/ AU2004/ 000696 - 47 which are

snmooth (as opposed to transfornms of linear) functions
wobooshetssovari ates X. Such nodels may give a PCT/AU2004/000696

substantially better fit to the data. 5 Athird

enbodi nent relating to genéFatised |linear nodels wll

now be described. C. Generalised Linear Mdels 10 The
whiehh g eofsmoistd d@isogppesedutel tsansthemer gifniligear)

funiFibas JfN thedebvhe ibdent iy QuéﬁbﬁSHeQE ﬁggpngpeet a
can. predict the characteristic of

uQ%ﬁ?E&&@&ﬂVybetﬁﬁEwﬁé&g§°thFhQa§Gbset of conponents
can be used for tests, for exanple clinical tests to
IsCt novvnvle 15 ¢ a ristic
A B33 EpiBalate 2oi8t: 80 kR aphgr ol 5Ra, Raneer opogels
WiDNAnnwcb@adaayrwbydbe used to predict a clinically
rel evant characteristic such as, for exanple, a blood
gl ucose level, a white blood cell count, the size of a
C.t Gopgraligrduligeatt Nodsle or survival tine. 20 In
this way, the present invention identifies preferably
atjv smal | nber C onents which can be
THE BREPGY GRLERLE STBRITREDE: FELLLoR0: ChepAFRLBARd, samples
ins amdlee. tBhedeaehéytadsubsponeﬁteoﬁpen ntedwhtbne ahor
2 h | By ca PL hate ice of
Pr%g&kt gpgng?ggggEegafﬁlc Xfeg pr|8r the ggﬁgﬁu?ﬂﬁ}gan
knﬁylﬁdse 13 §ébe§ﬂb§§bseﬁscomponanysngaslbesused for tests,
foES%QBhE§E|ﬁllﬁ&@glaEEsEgetgagﬁeﬁgbﬁhuhﬁnogﬁneéﬁﬁsg of the

fromthe system the nethod present invention
ChéﬁéﬁF€§1F&éﬁtPF|&HFPBESGF aFefnfPKamihBer aopubget of

compopenest 5fWai DNACAlcP6ausag indypbedusbdatBaptbqubara

chara eris e_components have_been
°118éﬁF|ﬁVéaeaeB§ngﬂ|gaﬁﬁfﬁsalsgﬁs E8fiBoft8nt SO af*BEPle, a
blpeddgilncbgeuleved, prwlite bheodhaeatt eousnti ctherspew of a

culBp, oy Eﬁ%  BEbUed gheo! BE BLEGEOL: LYRALI O

pre era Ises a statls

'In this way, the present invention identifies preferably a

relatively small number of components which can be used to
predict a characteristic for a particular sample. The
selected components are “predictive” for that
characteristic. By appropriate choice of hyperparameters in
the hyper prior the algorithm can be made to select subsets
of varying sizes. Essentially, from all the data which is
generated from the system, the method of the present
invention enables identification of a small number of
components which can be used to predict a particular
characteristic. Once those components have been identified.
by this method, the components can be used in future to
predict the characteristic for new samples. The method of
the present invention preferably utilises a statistical
method to eliminate components that are not required to

correctly predict the characteristic for the sample.
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35 nethod to elimnate conponents that are not
required to correctly predict the characteristic for

wWo be4aeasps €. WO 2004/ 104856 PCT/ AU2004/ 000696 PET/AB2004/000696
The inventors have found that conponent weights of a
i near conbination of conpgnent s of data generated
fromthe training sanples can be estimated in such a

Thé* A n¥en %rse'h' Wgn%%n h%%”@%ﬂm Bhénﬁ:h@% gh%sng»tf llnear

re urre ct a aracteristic trainin
oy&maéwnh@fr égmppme@ttshatf dataypgeseratedofpomeths ar e

t riad @iyl isRehpMaisC kagaBeC @rsﬁ;@.e{alt)éd Rhedueh kh@ay as to
characterlstlc f or sanp in the training set. 8
Softhen EOPBPORERL S| ﬁg‘é’n AR PREsTEAPHFEd to predict a

chad@ra:tuefm@&mcorfofrr amta-almrl@g ampnte of THat #edult is that a
sk I b s Rl QUTREL0l (ONPRRERLS I CR 308,y

capa % 6 rrectly pre ctlng acharacter i
predicdi riheg chanplcgeriigticefanpiseppdeguant ithy ¢raining set.

THemnFert%%td oE! ‘i‘:h%h i‘:&%%te%rt' ihkz%n‘%'i}éonb%h%%y pelaiagt eristic

Interest. In one enbodi nent, he char acteristic

lQ@t&fo}&a’fﬁow faprrwéaéar@e am?uaﬁopﬁefiaéﬁbadméﬁﬂ:wﬁ%y
sni) RRinfbes ldfd%n@mrtsofwmmg ae¥pcaphble biFe cozrrbesy

piplal G0 & SHRrAS SR Eotsd FrEAN, SHELe, for

exaEmds,f iac guamt ingyy dfe iaveréssi.r ed cl assification by
whi ch 20 the training sanples are to be grouped. For
exanple, the classification may be whether the

The sghanasteniitdis may beomnya chayRetrerigsiilc of gnterest. In

o &nfHba iefidt, <Hhélaﬂaﬂéaiéﬁfyﬂmcnqs 29028 i¥YC or measure.

obt ai ned fromthe bl ood of patients having or . not
Iqu%HQﬁf%¥(ﬁﬂhﬂﬁﬁ?QHﬁmmWHQ%wmQM'th&PetHQdFFaPHﬁﬁﬁr of a
griify) etheie ahRe fsramamascalﬂe fgl’::@mp@de J.ﬁftoStW alanipleegroups

of cgrcers co red ! d th%n Th

h®388% L A ePret' r%%/“lﬁ‘c? 8&??&%&8‘" ion. the
clsaﬂsmﬂnadattuqm;naiyndhecanynglesmzad pdaEisdflizatian byt which
tﬂ@vﬁﬁﬁr%@él amip ‘iresatazjee%%t r\‘:%%ekc)inun%r %&aﬂ@i% ke

ot her ts the quantlt

clasaad fisaisiop way & ohatdescitds Siradndng: farpdes are from
a Wdenis 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 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
continuously variable characteristic of the sample which is

capable of measurement, for example blood pressure.

In one embodiment, the data may be a quantity y;, where
ie{l,..,N} . We write the nxl vector with elements y, as y. We
define a p x 1 parameter vector B of component weights (many
of which are expected to be zero), and a g x 1 vector of

parameters @ (not expected to be zero). Note that g could be
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capabl e of nmeasurenent, for exanple blood pressure. In
one enbodi nent, the data nay be a quantity y,, where i

waE2q0d/10485¢ N} . W write the nxl vector with el BOEAUS00Y0200696
as y. W 35 define a p x 1 paraneter vector P of
conponent wei ghts (many _ o4f whi ch are expected to be
zero), and a g x 1 vector ot parameters cp (not

eS80 15astie et BT Bbetl ndt e dfy ¥ g pero may

be sempey) par aneters not expected to be zero may be
enpty). In one enbodi nent, the input data is organised
into an nx p data matnxX-x with n test

Inione n?‘FF@O‘éJa‘h?}P%s Ehey Jpnp%rﬂﬁ)"r%r&% orgaRtsad intp i1 |
nx peadei hngtfaeﬁt ex % gaz Withn nart@tsttertzeﬁbﬂdjgw&rahnpldat and p

d_h K t K
coRRORERGE 1 SHOREFAT Dot Poldy DY BV SSRaTes: dren
instead of linear predictors. An exanple of the

Inkglé?@ﬂm%ere tﬁd:ﬁnéslﬁ k'éa@&(pmét:q_:?* (rﬁ%y)%é I‘exgﬂcéﬁ )bey an n

scrlp on X refers to a row nunb )
x prkereehepaiRiX K tolcobtyin sempetl Hinghions ebrk ag K

préd£c 6L 68CE 88t ¥hE CHE Ul Mfeas é&é@&f@sem@témﬁpm of the
t hese snmoot h_functions. ﬁ |cal

[\, GUsS
ke8] At ALX brbBrbnr e gt £ hee- % QS Fi a3 ), Where the
subBEAEpt Wh Ch +@kess i ﬂémaﬁmméue Hrtlos imatrix X.

Idegfgynptzlﬁgﬁséggto n%% ?rﬁn% gp%en}e\’\gégg%éeecgrvﬁuch give

n-one e i OF  SpEecI
SPaheecnﬁpnﬂeﬂntamghmfl shwetmow-)h nfurgeng. p(Q |
v2)p(v2)dv2 v2 (C) whereinv is ap x 1 vector of
hy pergaramsters and where 25 p(Q1Iv2) is
TYREER UL ¥g{ 32} §iapusped 23be¥e sotpe h??f&??ﬁ?’b‘f weights are
esfifbtbQUih08 hQAN¥Z. wihéhSﬂakabl EntoratOdbuly PEiPragiori

assumpgs.orzl) gﬁgévﬂtggt ogeL chmponent weights are zero.

In one embodiment, the prior specified for the component
weights is of the form:

p(B)= sz(ﬂ v?)p(v?)av?

(Cc1)

wherein v is a p x 1 vector of hyperparameters, and where
p(ﬂ |v2) is N(O,diag{vz}) and p(vz) is some hyperprior

distribution for v*.

p
A suitable form of hyperprior is, p(vz)anp(vf) . Jeffreys

In another embodiment, the hyperprior p(vz) is such that

each ti2=1/1fi2 has an independent gamma distribution.

In another embodiment, the hyperprior p(vz) is such that

each v,.2 has an independent gamma distribution.
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I n anot her enbodi nent, the hyperprior p(v2) is such
that 30 each t;2=1/v;2has an i ndependent ganma
waole@ino4ssd i on. |1 n anot her enbodi nent, the hypepP@I/AT2004/000696
p(v2) is such that each V2 has an independent ganma
di stribution. WO 2004/1048?@ PCT/ AU2004/ 000696 - 50
Preferably, an uninformative prior for cpis
speci fied. The likelihood function is defined froma
model for the 5 distribution of the data. Preferably,
Priefegabdyal ant Mainfeamatdye buderi §ATi @ ARyspecdfbed.
I'i keli hood function. For exanple the likelihood
functlon LIyl /6¢cp be, restricted to, of
Thﬁwé tbReer & Sen dp §e§éﬁé AFreBga PPAe: EABaLhe
dieG¥Vbutivah oFs ther daxanpbeefeltablgesdini fedelyl]Othe

103 4R RIREDU0 g5 L8k ST 50Ul llBtion. rox
exanpley| theOlEpYibood( BunctYon-)){y{£R) may be, (Muy not
régy?féﬁéd f&yflxe hekagg.gﬁgr@br&QLe—féwn mggﬁekgﬁlgbd

bel ng set hts and sin
11§@élren}§’§19&rréﬁé¢4) + PlushepgbiEpr epfempélea Fﬁéé?dd?-&ﬁé'ﬁpeﬁ by

Nélﬁé&p%ﬁﬂfW%@déibhﬁh]QW$72)W3 b&%@egﬁblb =iBh' ¢Bik é8se, the

1’%?51{’%’%?& l%bé" c',:)d'\?é’r |(l§% ok f?‘ %8 ] neaFaCBrgglsg \(;?t |7$2

= xj Tj 3. The relatlonshlp bet ween the nmean of the
i t hobservation an tﬁqumggr predi ctor is given - by

the I +idg #mnBidlon —@;(—r @)} b (0 . The  (c2)
inverse of the 254 inii®d dZnotgz(by h( .JL ? = U

(ei) h(77i) In aﬂdltlon to the scale paraneter
hgeéﬁeryah d¥dr v n¥a) amgdek (Fhy=be £Peciiitld the kaemg a

£ IGRID AN E kIdwnl hRilghte) iahad0d ar singllkedradevparafeter.
functi on, the link function

Preferably, the likelihood function is specified as follows:

We have
E{y;} =b'®))
Var{y} =b"(8,)a,(®) = 77a,($) (c3)

Each observation has a set of covariates x; and a linear
predictor 7; = xi" 8. The relationship between the mean of
the i*" observation and its linear predictor is given by the
link function 7; = g(ui) = g( b’ (8;) ). The inverse of the
link is denoted by h, i.e

i = b’ (8:) = h(ni).

In addition to the scale parameter, a generalised linear
model may be specified by four components:

¢ the likelihood or (scaled) deviance function,

e the link function

e the derivative of the link function

e the variance function.
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the derivative of the |link function the variance
function. WD 2004/ 104856 PCT/ AU2004/ 000696 - 51 Sone
waeoomnmssxanpl es of generalised |inear nodel s PCEAULMR/000696
in the table below. Distribution Link function
Derivative Variance Scale -.g() of link function parane
function ter Gaussian 1 1 Yes Binomal log(/(1- ))
(cdmon) / /
?o# c%ﬁwﬂ e£&n\rpws|%1§/e§rﬂeslg@%[ g&%%ﬂa%ll\%%dé\%aus& an
ingthe tabiecPel®Wodi nent, a quasi |ikelihood model is

specified wherein only the link function and vari ance

Tunytlo ef i ned.. In pone.l Nstancey,_ such
Dighethtion| (E‘H'“ie Ypesien srmsaiﬁgei n tYRF13pfe | Scale
above. In og@n instances, aﬁ 1ldnRkt ri but| fun¢tSion | parame
specified. {10 I n one enbod e posjterior
dPerrh“*:cn—uf 8—{p—and—v ":égﬁgﬁ rE estrated ter
Ga@sm@; p(/ Bfﬂpv y) a L(y /3 b) p(Q V) IO(V) (4) 15 Yes
fein LOyJ hS I li heod cit In gne
0 ?nent %%2»( %pZat g?éspg ve% ﬂ?fn133|rg No
data and an iterative procedure used to nﬂk B se
PofAK&hi ON ?qoscq )to produ,Q/ngxinun1a pogteriori No
estTates ol |ne prior{ol eqydtlun ([&), Ts sugh
Gaymar t he madi/mkm a posteribrit/eltinat es | tendto Yes
Inbersear se |mq g2t a large puphepdof parggéters are yes
redundant, {many conponents|of (3 will be zero.
Gaussian

In another embodiment, a quasi likelihood model is specified
wherein only the link function and variance function are
defined. such specification results in
the models in the table above.

distribution is specified.

In some instances,

In other instances, no

In one embodiment, the posterior distribution of f ¢ and v
given y is estimated using:

(c4a)

p(Bovly) @ L(y1Be)p(BN)p(v)
wherein L(XU3¢) is the likelihood function.

In one embodiment, Vv may be treated as a vector of missing
data and an iterative procedure used to maximise equation
(C4) to produce maximum a posteriori estimates of B. The
prior of equation (Cl) 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 B will be zero.
As stated above, the component weights which maximise the
posterior distribution may be determined using an iterative
Preferable,

procedure. the iterative procedure for
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25 As stated above, the conmponent weights which

maxi m se the posterior distribution nay be determ ned
wa@is00agomse i terative procedure. Preferable, thBCT/AU2004/000696

iterative procedure for WO 2004/ 104856

PCT/ AU2004/ 000696 - 52 -nBXi Ri Ssing the posterior

di stribution of the conponents and conponent weights
maximdisiBnl &hgopositerdorpdisitrdgbanibnsbépthandompoients and

u a e

co%géﬂgtng:r %1%25]13 %§7$§1 gpfll il EQ Eg& IES{I\PEEQEBE an E step
angl g@r M ﬁﬁ\ept,héushstaép Boat exanp}e:cé%ptu describedt ép
DeftbsterPll 39 ,t @Ay of the formP = ZE{ai Vi | oil i=1

(Ha) P _ 1 32/d2 i=1 where di =d1(/3)=E{1/v; i %3,

}-.5 and for conveni ence we define 10 di=1/d;=0f | 3;
In-@onducithagf aueowmglxgagwlftmne ?i’ﬁé( Ei )s’é(aglpgafera:)o;ﬂy) TOI

In_a simlar manner. we defi.ne for_ exa e(" an
°°a‘?ycs)ef_ﬁ5fd eERg B omER B8, FokmSTBh) theg Tpth |

obt aipney§ w:lgp by p identity matrix by omtting

col ums4 éh ,8(n) = 0 . 15 Preferably,

equat i or;, (C4a) i's corrput ed by calculating the (C4a)

condi td ,@ﬁ/d?expect ed value of tit=1/vie when p(/3ilv?)

is N(O,¥#) 'and p(v2) has a specified prior

distr] butl on. Specific exanples and fornmulae will be
whgiree, at €8,) =1 I vf | aB4iéheand £orb ocbowreent | empproprdet ine

£ Ltepb k e
e o et she FoLIBEns WP lee B A2 @ dnd
Loh@p SApiler mn@m wes dﬁéﬁ-nﬁt §opaezampaes (BN @m si ng
d("e = g piy t"mmeréfmﬂg’  #20and0 4 158, obtailed from the p

|n|t|aI|e P*""and applying a value_ for s
bys@cﬁdﬁ?t%&ﬁ’ Erix by omitfing collmng J for which B =0

Preferably, equation (C4a) is computed by calculating the

conditional expected value of t’=1/»” when p(ﬁilvf) is N(O,vf)

and p(viz) has a specified prior distribution. Specific

examples and formulae will be given later.

In a general embodiment, appropriate for any suitable
likelihood function, the EM algorithm comprises the steps:
(a) Selecting a hyperprior and values for its

parameters. Initialising the algorithm by
setting n=0, S, = {1,2,.., p } , initialise ¢'®
. B* and applying a value for g, such as for
example € = 10°%;

(b) Defining

B(n)= { B:’ ié Sn (CS)
' 0, otherwise

and let Pn be a matrix of zeroes and ones such

that the nonzero elements ™ of B™ satisfy
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exanple s = 10-5; (b) Defining O-n)_ 0i , 1 E Sn (C5)
O, otherwise and let Pn be a matri x of zeroes and ones

we /10438 t hat t he nonzero el enents y(n) of RtPCT/AU2004/000696

satisfy WD 2004/ 104856 PCT/ AU2004/ 000696 - 53 .~,(n)

.te(n) = PnTR(n) Ow = pnl [~ '"y=Pnj3 , a =Pn -y (c)

perform' ng an estirmtion ( step by calculating the
peli L pogea yval ue of the posterior 5

d| st ri b"utl on o c onent wei ghts using the function:

QPY=Rh) > (p(MFBYEL Togp(R (P, v I y) Iy,
fl(n), dl(n)} (C6) =L(y I flI, ((n)) - 0.5 /3T 0(d
(Qn) ))-2 fi 10 V\hereListheIoinkeIihood

f u'agi i on gf %% rﬁﬂgwabe est&yé/tl%}g @) dBap 35y ci‘?af]ﬁlﬁ%ting

wr it Q71 Yn
L(y | Pn ythehcmf;l@cmaylr @(Rﬁqtﬂ%)valjuez t@;e; pog:erlor

(d) perf ordd d¥r Soueddl St s dddnts Wi ght AR M EhedN
iterative procedure to maximse Q as a function of y

wher eby y un‘i/t(’io‘} and for r=0,1,2, yr+l = Yr + ar Sr
and where ar is chosen by a 20 Ilne search al gorithm

L0 ORI BYIEd k) o O3 Qg | 1 0 (),

and r sr = o(d(y )) [- A(d(Y(cs)
\M)q a2, yr A(d( "I)()'+I3}¢(§)A(-@(57,3a9(d(ﬁ5"()) ) (c8)
er e.

where L is the log likelihood function of y.
Using B =Py and d®y™) as defined in (C4a), (C6)

can be written as

QY| Y™, ¢®) = L(y | By, ¢™)-0.5y" A(d(y™))y (e7)

(d) performing a maximisation (M) step by applying
an iterative procedure to maximise Q as a
function of y whereby v, = v and for r=0,1,2,
Yr+1 = Yr + O; Or and where ar is chosen by a

line search algorithm to ensure

Qi 1775 6”) 5 QM 17, ¢™) . ana

L AP Aty (ce)

8,= AN [-AELH®
=AdYTD AT =~ 5y oy A0

where:

d(y™)=Pld(Py®)as in (C4a); and

2 2
A gl  PL_ 0L,

o, "B~ v, 0BT

for (,=P,.
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d(-y(n)) = PP d(Pny(n)) as in (C4a) ; and aL T M a2L
T a2L Pn 0-Y, -Pn aar ' a2 = Pn a20r a ~r for O =
wEno/ 10438 WO 2004/ 104856 PCT/ AU2004/ 000696 - BAT/A{12004/000696
Let y* be the value of yr when sone convergence
criterion is satisfied, jo$ exanmple, 11 yr - yr+l1ll <
s (for exanple 10-5); 5 ( 3 Defining (3* = Pny* |
S"tav{i: 17:0: Ju L*F, e LS
coxg{ant, ?%t? “}ex?rfgsl)%ﬂﬁ( iﬁuéﬁébgewﬁénf gnaegﬁggéénce
(p (n+l1) =witegiomnig gasisfied( nfommmsamgie. || vr -
satisfies Yh*"'h-(ly] l< B'- M@br=eRampieKnors )3 10 danping
factor such that 0< Kn <_1; and (h) Check
convergence. If Y* - Y(n) < E2 where E2 is suitably
smhf) t herPefiping| ke P06 st 8p,TH) | Bdvomex(18,5%4,n }
anot her enbodi ment, t;=1/v,2 has an i ndepehdent ganmma

~distributi i t e > shape
par armet er 'QIE%’\((\)ésd ?%2% ?‘E%{%en%é%%/g%g ??%i%‘%?]ftjze's'
b, k)=b"" (t; /b)k"exp(-t?/b)/P(k) 1t can be shown
thag) E{ t2sét (B=g+1 4k+diddsd pPO2) = @5 hsc folpl ows: ™))
Define 30 I(p,b,k)=f (t2)Pt

exp(-0. 5 3ghdle (1@ Rt os° %hf@an'y',¢)=0 and x, is a

damping factor such that 0< x, < 1; and

(h) Check convergence. If || y* - Y™ || < ¢, where ¢,
is suitably small then stop, else go to step (b)
above.
In another embodiment, t’=1/v} has an independent gamma
distribution with scale parameter b>0 and shape parameter
k>0 so that the density of t’ is
At} ,b,k)=b" (t2/b)* exp(-t>/b)/T'(k)
It can be shown that
E{t’|B}= (2k+1)/(2/b+ %)

as follows:

Define

I(p,b,k)= ()" t exp(-0.58** )t b,K)dt*
0
then

I(p,b,k):bP*O-S {T(p+k+0.5)T(K)} (140.5b3 )-(p+k+0.5)



I (p, b, k)=bP+ 5 {P(p+k+0.5)/1"'(k)} (1+0.5b132) (P+k+0
5) WD 2004/ 104856 PCT/ AU2004/ 000696 - 55 Proof Let

WG 2004/1885¢ 2 then M | (p, b, k)=bp+5 ((t2/b)p+5 PCT/AU2004/000696
exp(-st2)'y(t2,b,k)dt2 0 5 Now using the substitution
u=1t2/b we get WI(p,b,35=bp+to.5f (u)'i+0-5
exp(-sub)Ku, 1,k)du O Now let s'=bs and substitute

Preg® expression for ~Ku,1,k). This gives 10

Le{(psﬁﬁ@)/abg._hé\] exp( - (s +1)u) uP+k+.5-1du / 1'(k) O
Looki ng up a table of Laplace transforns, eg

Abranmowi t z and Stegun, then gives the result. 15 The

condj,t BXpert afsi on f%y&p pom E{ t2 10 } =
(1, kp’lb?q‘/)%ﬁp a’ak’ﬁ E3RGst t(’gi‘%éh $2 ) As k tends to
zero and b teﬁds toinfinity vve get the 20 equi val ent
resul t us Jeffre rior. exanpl , for k=0.005
N°‘§n‘ésb1l% I‘ib‘?""(‘? 011)7("10 2 ¥99%nce we can
get arbltrarlly close to the algorithmwith a 25
Jeffreys hypekprior with this proper prior. In another

ermbolip bREL™ Y, |(IDES° exp(susiepenikant gamma  distribution
with scal e paganeter b>0O and shape paraneter k>0 It
can be shown that WD 2004/ 104856 PCT/ AU2004/ 000696 56

Now let s’=bsg and substitute the expression for 4(ul,k). This

gives

1(p,b,k)=b"""* [ exp(-(s"+1)u)u"™**'du / T (K)

0

Looking up a table of Laplace transforms, eg Abramowitz and

Stegun, then gives the result.

The conditional expectation follows from

E{t* |8} =1(1,bK)/1(0,b.k)
= (2k+1)/(2/b + )

As k tends to zero and b tends to infinity we get the
equivalent result using Jeffreys prior. For example, for
k=0.005 and b=2+%10°

E{t’ |8} =(1.01)/(10° + §*)

Hence we can get arbitrarily close to the algorithm with a

Jeffreys hyperprior with this proper prior.

In another embodiment, v} has an independent gamma
distribution with scale parameter b>0 and shape parameter
k>0. It can be shown that



fu k-3/2-1 exp(-(A.,/u +u)) du Ev;-2la;}=, b f
uk-"2-"exp(-(, ,/utu))du 0 2 1 K3/2-k (2j,) (C) b

WO 2004/104836 | K1/ 2k(2j) 1 (2y is )K3/2 -k ((2 ~,PQT/AL2094/000696
12 KI/2-k (2 a. ) where 'q,=(3;2/2b and K denotes a
nodi fi ed Bessel function, %hich can be shown as
follows: For k=l in equafi% (c9) 5 Ev;-2la;
2/b(1/131) kor K=0.5 in equation (C9) 10 E{v;-210;}=
2/ b(1/| |3 |)j{ukf”(‘exp(myum)oau 1,)} or equivalently

E{v;E :;z (1/1f3 12 ){2 .1, K1(2 Z, )IKO(2 j, )}
15 Pr ro Lhe definition of the conditional '
expectatlon 3&|t|QK((%%ui@$¥@y2b , we get oo Jv; -2

v;-lexp(-2;v;2 )bl (v; 2/ b)k- 1exp(v;2 /b)dv;2 20 E{v;
-2113;}= 0 f 96K_V(2 A, b-' (v;-2/Db)k-"exp(p;

3/2-k

-2/ b)dvl2 @ S|an|fy|ng and maki ng t héC9)
substitution 12k 1 The integrals in A1

can be eval uatedb result 25 WO

2
2004/ 10485&9&4&%&@%& - 57 X -b-' exp - x +
= 2b K b (2al8:l K, CVA)

where 4=8’/2b and K denotes a modified Bessel function,
which can be shown as follows:

For k=1 in equation (c9)
E{r"18;}=V2/b(1/8])
For K=0.5 in equation (C9)

E{r,” 18} = V2 (18K, (2% VK, (2\2)}

or equivalently

E{r;%18.}= (I8, ) 24K, 22 VKo (24/2)}

Proof

From the definition of the conditional expectation, writing
A=B/2b, we get

[ 720/ exp(-Ap, )07 (v, o) "exp(v;” Ibydv;
E{r"18)=1=
[v exp(-2,9,2 )b (0, 1b)* exp(v,*Ib)dv,?

0

Rearranging, simplifying and making the substitution u=Vﬁb

gives A.l

The integrals in A.1l can be evaluated by using the result
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f 0O where K denotes a nodified Bessel function, see

Wat son (1966). 5 Exanples of nenbers of this class are
whzd4itousphi ch case E(v;-2 1(3;} = 2/b(1/1 3 1PCTAUZI04/000696

corresponds to the prior used in the Lasso techni que,

10 Ti bshirani (1996). See ag o Fi gueiredo(2001). The

case k=0.5 gives E{v;-2Ifl; ? “27b(1/10,1){K, (2

A )/l Ko(2 .11) eq |valently E{v;-2113}=(1/113;
I2){2jx 7! exlﬁL Eﬁﬂf)—! k,@)where KO and K1 are
S

nodi ki ed Be ti ons, sée Abramowitz and
St egun(1970). Pol ynom al approxi mations for eval uating
whelresk Beaseksf Hnabliofse@aBeb8el 0BGHctNoADr a@BW t z and
0, p379). Details of the above cal cul ations
wag%gﬁ%ﬁgég ‘in the Appendi x. 25 The expressions above
dennnstrate the connection with the Lasso nodel and

ExhiS1d8f B,&.efaag.eékg E’D@ﬁ% k&?m,' gﬁge,é Epiﬁ%ﬁ e ste

t hose skil Re ar 0 tendS o z&ef
and b tends to infinity the prior tends to a Jeffreys

|npr eﬂ‘p LQf/ph ne enbodi nent, the priors with 0<
'gﬁ a%d¥b>0 f%pﬁ?a cl ass of priors which m ght be

|nterpreted as penalising non 35 zero coefficients in
whichanbereepbnlisi sobehueppibbeukadsinpther Lagsot bechnique,

B8 A3 4285Rt SBhoBiPbosagudtroa8 2pREA NG nor

enbodi nment, in the case of generalised |linear nodels,
Tha! eRskdk-0Nst §evABXi M sation step nay be estimated =z
z

E{r,”|8,}= V2 (1B K, (2% VK, (2\4 )}

or equivalently

E{r;" 18} = (VB ) 2JAK, (24 VK, (22}

where K; and K; are modified Bessel functions, see Abramowitz
and Stegun(1970). Polynomial approximations for evaluating
these Bessel functions can be found in Abramowitz and

Stegun (1970, p379). Details of the above calculations are
given in the Appendix. )

The expressions above demonstrate the connection with the

Lasso model and the Jeffreys prior model.

It will be appreciated by those skilled in the art that as k
tends to zero and b tends to infinity the prior tends to a

Jeffreys improper prior.

In one embodiment, the priors with 0< k <1 and b>0 form a
class of priors which might be interpreted as penalising non
zero coefficients in a manner which is between the Lasso

prior and the original specification using Jeffreys prior.
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by replacing a L with its expectation E{a L This is a

"Y' a ¥Yr 5 preferred when the nodel of the data is a
w@eonenedssced | i near nodel. z For general i sedPdT/AB2004/000696

nodel s the expected value E{~ L } may a 'Yr be

cal cul ated as foll ows. Begéagm ng wwth 10 aL =XT{01 a;

)(Y.".)} (C10) as T; an; (0) where Xis the Nby p

matrix with ith row xi T and z 15 E{~ 2}=-E{(a)(a) T}

~P)ti..(a,)2) X
In 6“%?5‘&%?.%‘%‘%°?H‘%5}Eéanbn(é’?)c%% 82 dendiafisda)findsr
mod@&ly; ' stép) (dY )ifh HRe m&tdh}sation Xstéd hay HEr&stimated
V= a; (Cp)l@@( On' )2) . a; 25 V\DZOO4/ 104856
PCT/ AU2004/ @0D696 59 Preferab o@lg ner g i, sed
bY| FRRARCTRYers, = PR FomatAt liges the t8pis
(a) Choose a hyper prior and its paramet
préﬁéfréhlﬁhéﬁ the mbgeli bhnthy &£tding &—@en&ﬁalziéed linear
é ., P}, 9(o) , applying a value for e, such
mo §i for exanple E = 10-5, and If p _< N conpute
initial values by 0" =(X X+M - 1XTg(y+~) (C14)

2

For generalised linear models the expected value E{——} may
be calculated as follows. Beginning with
oL 1 ou,. y,- U
=X ) (c10)
B a;(®)
where X is the N by p matrix with i*® row x;* and
o’L oL, oL r
E )= Cl1
{6262} {(66)(63)} (c11)
we get
oL i v2y-
E{ 6262} =-X"Aa;(9)7; ( ” —))'X
Equations (Cl0) and (Cll) can be written as
oL 1, 0n
—=X'V(=)(y- c12
B ( aIL)(y ) (C12)
o’L
E{==1=-X'V'X c13
{aﬁz} (c13)
where V=A(a, (o)t (617,) ) -
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and if p > N conpute initial values (3* by 10 (1
- XT(XXT+/ u) 1X) XTg(Y+J) (cis) where the ridge
w@2ooamefses X satisfies 0 < X 5 1 and is snal |l Pemau2004/000696
chosen so that the |ink function is well defined at
y+~ (b) Defining 151 E S , otherwise and let Pn
be a matri x of zeroes and gﬁes such that the nonzero

sf ;
PR, gk Yspeda i ebybleky Shautplhne H hgerseon
Cm@aesma:theowt(@)s :step by calculating 25 the
congi)t I @pal,gex Qeﬁ&s@rvgtr%rofanhh@ta%s%he&ers

dlstrlbutlon of nponent wei ghts using the functlon
QR | N(theéwrg—téf PAGORRELFDEY, SPEEIRE B=OK( nFo =
On) } l, &' 9(R()applydny QT vaQde( £8n}, ) pudh as

Q 30 V‘Df(ZS)OO4/ 104 6 PCT AL§2004d800696 - 60 where L
i's the I%8F I9REPKo8a™r dActi % Using =Pn y and
—Pn7( ( CI¥) pca&hNbe camplatten :.naslalqmlues, , BM)byfi(n))

=L(y I Pn Byj_ )QX)FN)OXS %Ig.)O(d (Y(n) ))-2 Y (C17) (d?cu)
performng a X1 m’sat step by applying an
i terativeansg ddedureN Wmmt&%mﬁemﬁﬁsbﬁ

|terat|on 2?; %a Tfun ion of y Wherebyécol
= Y(n) n@xxﬂ&égl )%)ﬁ gr(P'i = Yr + ar Sr wher&13)
ar
where the ridge parameter A satisfies 0 < A £ 1 and (
is small and chosen so that the link function is well

defined at y+({ .
(b) Defining

g, ieS,
0, otherwise

8= {

and let Pn be a matrix of zeroes and ones such

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

n) _ pTam® (n) _ n)
YO =PI® |, B® =P
v=P8 B=Py

(c) performing an estimation (E) step by calculating
the conditional expected value of the posterior
distribution of component weights using the

function:

QB | B, 9™) = E{ logp(B, ¢, v|¥)| v, B, ¢}

(c1e)
= L(y|8,¢")-0.5 BT AWM(B™)*
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I's chosen by a line search algorithmto ensure Q_Yrf
1 ,y(n), O1)) > Q"Yr 1 n)' On)) , and for p < N use

wad2008/10485(d(Y(n) )) [Yn V, Yn +I] (Yn Vr' zr BTAY2004/000696

(C18) where Yn=Q(d(Y(n)))P'" X 20 V=A(a; ((P)i, )2)
a, z =a (Y-) and the subscript r denotes that
these quantities are evalUated at A= h(XPn' yr) . For

p > N use .25 Sr ( ) I (Y]

Vrizr d(yn‘ﬁeﬁ%ﬂ)%é}l tﬂ‘? 1)%# hkdéhi‘hch?lfun td orJD(of

(e) Let y*Ufbmghe3v~aH’Ueam P haft so("fél@ommrgalwltten
30 criterigh is satisfied e.g Yr - Yr+i | | <6 (for
exanple 10-5 ) . WD 2004/ 104856 PCT/ AU2004/ 000696 -

61 (f) Define 13* = Pny* , S.,,=li: | [ 3 ; |

>TeXQUY B I B LG | ww@) 0Bl A(@Ry9pt} constant, segi7)
le-5 n=n+l choose pn+l pn + xn( p* - (pn)
wher e 4* satlsfles L(y jPn,%q) = 0 and xn is a

dafg) ngpérfdrmingicd naeimisddsiom 6M)1. sthp Gb}t hegpliyniing an
sone ¢ t "l
equat i ﬁ@%%%bﬁé%&%@%(%‘mcﬁﬁy to et an up at
equatuoht¢mtﬂbnﬁh*@oawv@nmwummstg inn of ehwdereby
to | nooppar e sh@Skor 1.0 ket j hopd, net hods Yedderhera o,
(1974) and CuII h and Nelder, (1983)).. In such an
embodi tc &( ?;%ﬁ) %’c%‘ﬂ%#"eh% SEY AR
above Tesr B anr opf i )Nl,thndi foepl aced by a
quasi 'l',k2|1l;h00d as shovvn above and, for '

R%Phson

8= AME®)IYIVIY, ' (Y V'z,-—=—) (c18)

d(v‘“’

where
Y,=AWd@®)PIX

on;

V=A(a; (9)7; ( p _)2)
_on.
z= ” (y-w)

and the subscript r denotes that these quantities are
evaluated at pu=h(XPyy,).

For p > N use

(n) T T T _
8, = AN -YT (Y, YT +V.)'Y, [(YTV:'z, d(v‘“’ (c19)

with V., and z, defined as before.

(e) Let y* be the value of Yy, when some convergence
criterion is satisfied e.g

|| ¥ - Yee1]| < € (for example 107° ).



10

15

20

25

30

exanpl e, Table 8.1 in MCullagh and Nelder (1983). In
one 15 enbodinent there is a nodified updating nethod

wo oostibdsecal e paraneter T. To define these npdBAE2004/000696
requires specification of the variance function tie,
the link function g and th derivative of the link
function Once these are ae?%néd all the above

al qeni t BIecan pe applised. g 204l npopenpRHRdEEN] HRE
quac? | PREH N i o Swp U R BUnERy Wkre
algorithmis nodified so that the scale paraneter is

updatedsbp emeddl gsons§ans,oEaylle-5.[ NSy nepZFlNand,

T, wWagl t patd_i pare gvalgrateded [wWHese RV {sfi

Prefe g%ls;/a, q)tahi S Qﬁpdatl(ﬁéyi S pgr%‘orne%ﬂ\a/\h%énstaﬁéﬁles
nunbef-Iofy | Pay @etlerand & isha dagdhng Fadcts: isheh Nhak
divi ¥ of N -s can be used when s 30 is much |ess

than N. WO 2004/ 104856 PCT/ AU2004/ 000696 - 62 In

anot Ber kerHodi Notte that bin eopnaases dthe isamle MaRkAmeter

and Qdagholhkeki kA9 gaﬁskiohgegaoxarga&ee K}g}§ﬁ¥F}y to

wth rows xiT can be replace y a matrix

th egefreAr MPdptiRg RAPatirpxEoxj P-for sone ker nel
function K. This matrix can 5 also be augnented with

THe W@ efibodlfiente0MRye kM@ end@ENebS iak8rfb¥8Rel Buasi
Tabl e 2 bel ow, see Evgeniou et . al (1999) Kernel

likeddhiood pethgds Weddegrburn ((197&3ussdaMcFudilaghbasds

-¢lol - 1 ‘ol a> I .S .
N%?ﬁ%% é&g Pﬁg.(ﬁnlL%dﬁ %L]e%%gggg%gf,_grf ?gﬁe fterative
priddeiduteacis deftlaliled apovie wid@d be appropriate, but with L
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 1°, the link function g and the

derivative of the link function gz. Once these are defined
n

the above algorithm can be applied.

In one embodiment for quasi likelihood models, step 5 of the
above algorithm is modified so that the scale parameter is

updated by calculating

1N Giem)
) — __ NTAi P
¢ Ng; 7

where pu and T are evaluated at B* = P,y* . Preferably, this
updating is performed when the number of parameters s in the
model is less than N. A divisor of N -s can be used when s

is much less than N.
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Thin plate splines 11 x y | 12n+1 Il x-y [I12nIn(ll x -

y I'l) Multi layer perceptron tanh( x'y-O) , for
waeotadsss O Pl oynom al of degree d (1 + X'y ) dpCBAU2004/000696
splines Ben+l(x - y) Trigononmetric polynomals sin(( d
+1/2 )(x-y))/sin((x- y) [2),10 Table 2: Exanples of
kernel functions In TabI e the last two kernels are

Ir° g%ocyﬂgin Ainent, T poii® g@;%rmggeé &ageggmoaeis

tivari ate VeI‘SI ons can erive

arqsir SPaes lgkeliidood model s thet icovaripte Totayds & wish rows
x,0fcdiensd £ £fed WANCh ik #1261 :BG0 WilH 8 )" &5emeht akij and

kerne funftlon in eifher general|sed [ ear nodel
kipr= & FPRePPRBOEERREL) TrRehieR Kn- Ftfelx can
al\dzu <bha amgmeemml Wwitds aoppesed od bnessf Some efxah\pnear)

ons of. the C y _give a
keatSde B Byt e dS8y” o befony B4 BTV o
a12(0(949/9])04856 PCT/ AU2004/ 000696 - 63 A fourth
enbodi nent relating to a proporti onal hazards nodel

w—Tow bedescribed—5 D Proportional _Hazard—vodets
The m&erdeloffungtiodnhodi nent majordrLas&orrbintny ¥ )
sanples in order to identifly a subset of conponents

caMi L adicAPdd8 Of af fect|idg { he Q@abll} % hah 3
defi ned event 10 (eg death, [recovery VVI Il occur
fuRa®diar 5 certain tine nprlgd§> raining sanples are

Trhizid) ath Triepaaizayst em and tihe| | tkne ﬁepp%n'ed:zf j Ot
when the training sanple is obtai ned to when the

mBMdEYud@S Pecurred. Using a isgafigtlicgly agethog 4o
a330|atethet|rretothe evle FWIth he datagbtalned

Trom. 1o a U.I‘allty of tralnf P? Sa Ie 2nal subset of
dl t rtht a’F

TSR RN SR %he i dentifie el Eapabl e of

predicting the || = -y ||™In(]]| x -y |])
Multi layer perceptron tanh( x'y-0 ) , for suitable
0
Ploynomial of degree d (1 + xy )¢
B splines Boni1(x - y)
Trigonométric polynomials sin(( 4 +1/2 ) (x-y))/sin((x-
y)/2)

Table 2: Examples of kernel functions

In Table 2 the last two kernels are one dimensional i.e. for
the case when X has only one column. Multivariate versions
can be derived from products of these kernel functions. The
definition of B,,; can be found in De Boor (1978 ). Use of a
kernel function in either a generalised linear model or a
quasi likelihood model results in mean values which are
smooth (as opposed to transforms of linear) functions of the
covariates X. Such models may give a substantially better
fit to the data.
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distribution of the tinme to the event. Subsequently,

know edge of the subset of conponents can be used for
wo e®ita9485¢ or exanple clinical tests to predi ctPEDAU2004/000696

exanpl e, 20 statistical features of the tinme to death

or time to relapse of a djsease. For exanple, the

data froma subset of co nents of a system may be

obtained froma DNA mcroarray. This data may be used

to predict a clinically relevant event such as, for
A Eganphcembodinent pelaeihantdsa propoentional \idzardegmodel
wi9¥ LS PbENaSLPINSEL, Of certain synptoms, or rel apse

of a disease. In this way, the present invention

identifies preferably a relatively small nunber of
D.COAPRSLPL Snahi Biz 480 Meassed to 30 predict the

di stribution of the tlne to an event of a system The

sel ected conmponents are "predictive" for that tinme to
Thammevkod . oESSEnﬁiemqulﬁemmnmﬁy ﬁh&lﬂ@éatr&&minQSsamples

at f es

1nlgér;]‘ven |§% é%% es | %g?lcd$fd%§%$&%%€%%l ﬁ%ﬁbé?
caﬁébbgnpﬁneﬁfscmhmghtbanpb@bdhehltn ph%du%tdefxnﬁdcﬁvnnt
(e?V&QLth OP&SoJrQPfP G OIPOHERL S @@E’ﬁﬂ?%”céﬁ@é‘lﬁféﬁﬁ*e by

hi's nef hod t he conponents can be_used in future to
repied: ct TxaipiRg| 2APPLEP 28Pa/ ADUBERePCIT AV 02y BRRB AR the

timebfeas@obdr £6o0f whf theEtifiRingVeahpDé Bs SHbtLihed to
new s

of th t
whahoPhP otsSe Bef aediir R, P10 4 ShREacrEnbathed dro
assoapatentbet hime aoetheteveQU|wedhtUheodaEQt¢b@;nmgﬂcirom
éﬁﬁrékﬂ@ tgfa?ﬁ§¥ﬁfﬁ% s %feéyséegﬁbgg%aQPr Q-ﬁéﬁéhts may
rpar

t1o nmeters Int e
becpderbifoedr thak 3r2ecer>alt>he @%IEE‘P@HCtB%s‘élﬁecan be

alaebhsueﬂen%f%ﬁé behel fo tﬁw&véﬂtans@y@ weh€igrs to
neasur e _of O the tine from obtainin e sa Ie to

knRHFEﬁgﬁh% nE’t‘ﬁoﬁ“’B?ettﬂE FCARRARPBNE | S33 ?l‘é%Ie‘il gtests,
foki 8ramplancEiriéal Abe8t€nNto PRYdIDEt afyr ObL&hYDBE) e

stggggLicgﬁeEegQSrggsggnth éime 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 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 predict onset of certain

symptoms, or relapse of a disease.

In this way, the present invention identifies preferably a
relatively small number of components which can be used to
predict the distribution of the time to an event of a
system. The selected components are “predictive” for that
time to an event. Essentially, from all the data which is
generated from the system, the method of the present
invention enables identification of a small number of
components which can be used to predict time to an event.
Once those components have been identified by this method,

the components can be used in future to predict statistical
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bi ol ogi cal system the event may be, for exanple, tine
till failure of a system tine till death, onset of a
w@asotitess@r 15 synptom or synptons, onset or rBCEAE20080H00696
a condition or disease, change in phenotype or
genotype, change in biochemstry, change in
nnrphology of an organlsn1 t tissue, change in
havi ou Ies are,_as

S ogi
fea fe%u?grt% e é aRVEhT: ?roﬁwpr%%lous %fﬁ%§n?
sa:epbes, The menh@dt@f ahhe epeasemayifreen thes m:eefaembllesd

ut&%?&%ga% sQQEEé?anirHQ% éﬁrtoeéfﬂﬁiﬁhté”@?ﬁ?%ﬁéﬂih that

rom sa
argi et #eddired kp u?%re%mm na%dwﬁe%he ahineste AT e?ff%nt

ofi 8 ¥hkedm! h%oabyrwfﬂwat 80t 616N £ t Hige PP &P Srameters

. e aliv en sa were | ast pbtai
inoEhe HOUBE (Eome GaREF Gl LT FORI SLFReRE | i coe Ao
subhat tae beasathteved.patient has survived for at |east
a given nunber of days. 30 In one enbodi nent, the
input data is organised into an n x p data matrix X(x)
Asypspdnhereing r At Hhagteaam| evenkll pefendpbPpentmeasure of

thIWhﬁé' Hompoﬂtéinbﬁg”l:'ﬁé Qéﬁﬁiéfté h@ﬂléh BRe iRthod of
exanp consi der an hkga ata matrix =(x;~) from
y

thFan"éﬁghﬁPe’-saaPrPHB‘ér the peiPfept, aw e¥eRE- An event

mayNBeVafljabbséprablanglent . anwlhéﬂetnarmy@t&ﬁnfﬁ dor

bi g ch.indivi d al . V£)2004A 0485 éAU2004/0 069@ £ill
igLogtra eP%B H8f Y e TBY| ?ed OF (FERfe, time ti

faiihdrei déak systeml 2ime|) talVadeabheydnggt of 03 particular

syﬂ?@%ig gﬁfg&*’. 5, g?ggt 8¥eﬁ£1a£>9é Sﬁagpégnd:ﬁtquﬁvgi

ual ere al so be defi ne
dlﬁaPPabléhPﬁaﬁ FﬂdeaF@§YRﬁe?ﬁegeE°FﬁBf:|ﬁ@$ﬁ9%L&P S

b1§Hh&h¥§kr&|”Ehhﬁ a ﬂﬁnﬂbﬂﬁhéyényak &hnsrg&ﬁlém or tissue,
censored sng|va time. Denote the censor indicators

changg| {ReP8REVIPETy; s uncensored

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 obtained from, for
example, patients in which the time from sampling to death
is known, or in other words, “genuine” survival times, and
patients in which the only information is that the patients
were alive when samples were last obtained, or in other
words, “censored” survival times indicating that the
particular patient has survived for at least a given number

of days.

In one embodiment, the input data is organised into an
nx pdata matrix X = (y) with n test training samples and p

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

For example, consider an Nxp data matrix X= ( y) from, for
example, a microarray experiment, with N individuals (or

samplegs) and the same p genes for each individual.
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ci=0, if y, is censored 10 The Nx1 vector with
survival tines y; may be witten as y and the Nxl

WO e@itao48p6 t h censor indicators cias c. Typi cal PET/AES004/000696
di scussed above, the conponent weights are 15
estimated in a manner whicl. takes into account the a
priori assunption that nost of the conponent weights

effE 0L | SRR AN ABfRBIAGA PRI ERAAl Rasviauan
i (42 N) 6rg = Meiptila y, 4 y; P} ; Jemokdly the —timeerso an

evért, | For | BxahB160MMANSNM vAL! $ile. P(Hrd# , kalkdM fhdividual

Yand P(r i s sonme hyperprior, distribution 25 n P(r12l
there | maKaplee ket defjded & vamiahle that indigptes whether
th&ﬂbﬁzﬂ'dmaﬁlﬂua}lhe wﬁx@rivdjls;ﬂﬂ:ﬁwt%@nai :a_;eamjjﬂéveefjmml time

gamma prior, for r, i jch t;=1/r] 2 s an i ndependent
o SRR e | SO i FH S ol DEBRE B FRT S dahLpators
aspgwhmateer k>0 so that the density of t; is WO

2004/ 104856 PCT/ AU2004/ 000696 - 66 ry(t?,b,k)=b""

(t; /b)k": exp(-t; /b)/P(k) 1t can be shown that: 5 E(

t2 1,.(3 Aify; ASWCERSOrS) b + (32) (A) Equation A can be

show aly,ifo) liovensoreef i ne 10 I (p,b, k)= J(t2)p t

exp(-0.502t2)' (t2,b,k)dt2 O

The Nxl1 vector with survival times y; may be written as y

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

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.

Preferably, the prior specified for the component weights is

of the form

P(B, B> B,) = Iﬁp(ﬂi|ri )P(Ti )dT (D1)

¢ i=l

where f,.,p,,---,, are component weights, P(ﬂi|z',.) isN(O,z‘,.‘)and

P(T,.) is some hyperprior distribution

P(T)=1:[P(r,.)
that is not a Jeffrey’s hyperprior.

In one embodiment, the prior distribution is an inverse
gamma prior for 7 in which ti2 =1/z',.2 has an independent gamma
distribution with scale parameter b>0 and shape parameter
k>0 so that the density of t’ is
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then | (p, b, k) =bp+o.5 {P(p+k+0.5)/F(k)}
(1+0. 5bj 32) - (p+k+0.5) 15 Proof Let s= '82 /2 then
wo ¢@ahodsye=bp+0. 5 ((t2/b)p+0.5 exp(-st2)' (t2, bp&i/AU204000696
Now using the substitution u =t2 /b we get 20
I (p,b,k)=b"""0-5 J(u)p+0.5_ exp(-sub)-Ku,1,k)du O Now
let s'=bs and substitute th expr essi on for y(u, I, k).
Thi s 2 il {2 = J exp(-(s'+1)u)up+k+os-'du
/ F( “b%sgg(ﬁggkfﬁngp a‘t'abl e of Lapl ace transforns,
eg Abranowitz and Stegun, then gives the result. The

tcgggl bLogRbwaXpretation follows from 30 Ef t2 | a } =
b kK)/1(0,b,k) _ (2k+1)/(2/b +02) WO 2004/ 104856
PCT/AU2004/OOO696 - 67 As k tends to zero and b
tendg{ttd| g r2ky1)/(2/bregYyl t equi val ent to using (a)
Jeffreys prior is obtained. For exanple, for k=0.005
and b=2*105 5 E t2 1 (3} _ (1.01)/(10-5 + a2) Hence
Equetian Jetanrbet showhyasg| feklowesa Jeffery's prior with
this proper prior. 10 The nodified algorithmfor this
nodel has b(n) =E{t2] g(n)}-0s where the expectation
Defdngal cul ated as above. 15 In yet another enbodi nent,

the (Ea'boﬁ)—?(t B el e S P S5

then
I(p,b,k)=b""** {T'(p+k+0.5)/T" (k) } (1+0.5b8% )y #*<**

Proof
Let s=p8%/2 then

I(p.b,k)=b"* [(2/b)7*°* exp(-st* (" b k)dt’
0

Now using the substitution u = t? /b we get

I(p,b,k)=b""* [(u)""** exp(-sub)y(u, 1 k)du
0

Now let s’=bs and substitute the expression for 7(ulk). This

gives

I(p,b,k)=b‘”°‘5°] exp(-(s"+1)u)u”***'du / T'(k)

Looking up a table of Laplace transforms, eg Abramowitz and

Stegun, then gives the result.

The conditional expectation follows from

E{t* |8} =1(1,b,K)/I(0,b,k)
= k+1)/2/b + B)



distribution for r . Preferably, the ganm

di stribution has scale paraneter b>0O and shape
w@2ooamefsses k>0 20 It can be shown, that fu k-B¢RAL2004/000696

exp(-(,yi/u+u))du E{Ti-2| ai}=Db fu k-1/2-1

exp( - ( yi/u +u) )du %j(S/Z k (2 yi ) b1l ai l
KI/2-k (2 JO ) 1(2])K3/ (2 -vyi | ai 12 K1/2-k (2
"Yi ) where 'yi=(3i2/2b and K denot es a nodified

Bessel functi on 25 Sone special nenbers of this
As ck okends ctqAexTP IRl dh kerds o (infinity, /@jresult 7y

eqiiva18ht 1o WR B dOASRRS REH AR0D 000G . Gfox Widiple,
corr onds% eﬁl or used in the Lasso techni que,
f°‘i’|lbs Oi Ad9RF2* e al so Fi guei redo(2001). The case
5 kOSglves 5 E{r;-2lai}= 2/b(1/ja;j){K (2 "Yi)/Ko(2
Y) zo ts OE{r;_2|a;}:(1/IN;I2){2'Y;
T g e L

and K1 are nodified Bessel
funct| ons, see Abranowitz and Stegun(1970).

Pol ynom aI Er oxi mati ons for eval uati n% these Bessel
He?ﬁﬂc‘t’?oﬁ%’*c%ﬂ bBTPLERATEAY ABLRRBWEPz 2aHBEfSTY’ s prior with

th{s epbiohd B 7PriPB7/9) . The expressions above denonstrate

the connection with the Lasso nodel and the Jeffreys

prior nodel. 20 Details of the above cal cul ations are

10 Thasmbédified:algoritive feamehies imedeabdvas and ' Yi =(3; 2/ 2b
00

b(n) =E{t2 | B(n)}-O.S

where the expectation is calculated as above.

15
In yet another embodiment, the prior distribution is a gamma
distribution for Té. Preferably, the gamma distribution has

scale parameter b>0 and shape parameter k>0.

20 It can be shown, that

Iuk'y “exp(-(y,/u+u)) du
E{7,”|8}=—%
b Iuk'ln"exp(-(’yi/u +u))du

2 1 Ky @)

b 18| Kypi V)

R NC) SN
8,1 Ky 24)

where v=8’°/2b and K denotes a modified Bessel function.

25 Some special members of this class are k=1 in which case

E{7,|B}= V2/b(1/B,))



fu k-3/2-1 exp(-(7i/u+u))du E{ r;-2 113;}_ b f

uk-'/2-"exP(-("Y;/u+u))du 0 2 1 K3/2-k (2 -Y;) (D2)
w2do4a04856 K1/ 2-k (2 -Yi ) (2J)K3/2.k (2 ~Y; ) PCT/AULD4/000696

KI/2-k (2 "Yi ) 25 where K denotes a nodified Besse

function. For k=l in (D2) E{r;-2 WO 2004/ 104856

PCT/ AU2004/ 000696 - 69~ B K=0.5 in (D2) E{r;2l (3;

}= 27b( 1/ 10j . WK/ Ko 2y . equi val ent .
wnih S edtddd jod fd gl fidda 3 TheRUSD Kiclyiue.
Tildghiraul (YN ¢ Realaflsm tFigneirade(2MHdi 4 i onal

expectation, witing 'y;=/3;2/2b , we get r; -2 r;-1

exp(-yiz;2)bl (z;2 /Ib)k-"exp(r;2/b)dr;2 Er;-21j;}_

The cpse a3 yiFives )b-' (r;-2/b)k-'exp(r:-2/b)d r'2 0
5 15 Rearrangi ng, sinplifying and making the

subst tutj.on gry? [ integrals in Al

can %{eri fﬂaﬁu%’/@){}gidﬁ)ﬁ‘@]@mh 28 JX -b-' exp -

X+ a2 =Db Kb (2a) 0 x a where K denotes a nodified
ong&gﬂaI&M}on, see Watson (1966)

10 E{z;18,}= (VI8 )2\ %K, \7 VK, @)}

where Ky, and K; are modified Bessel functions, see Abramowitz
and Stegun(1970). Polynomial approximations for evaluating
these Bessel functions can be found in Abramowitz and

15 Stegun(1970, p379).

The expressions above demonstrate the connection with the

Lasso model and the Jeffreys prior model.
20 Details of the above calculations are as follows:

For the gamma prior above and 7Y.=8/2b

Iu“’ *exp(-(y/u+u)) du
E{ Ti-z 1B.}=-%
b Iu"'”“exp(-('yi/u +u))du

0

_ \E 1 Koo 1)
b |8 1Ky %)
1 Q7K V%)
1B Ky %)

(D2)

25

where K denotes a modified Bessel function.
For k=1 in (D2)

E{7,”|8,}=J2/b(1/|,))
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In a particularly preferred enbodi ment, p(ri)al/zZ? is

a 25 Jeffreys prior, Kotz and Johnson(1983). The
wo doahiodssod function defines a nodel which fitBCT/AE2004/000696

data based on the distribution of the data.

Preferably, the [ikelihoodgfunction is of the form

30 $g1 Log (Partial) leellﬁood = (e, T; X y-,c) i=1

WD 2004/ 104856 PCT/ AU2004/ 000696 - 70 where /3T

=(' 81, 62,,/%%heand tpT =(~pl,rP2, ,rp9)are the node
FogaKafetteia nmodel defined by the Iikelihood

function may be any nodel for predicting the tine to

ot e o e PR D VRSB E or opor 1 omal

hazards nodel. Cox's proportional hazards nodel was

' Cox (1972) and may preferably be used
oé;giﬁ%eg§%§§¥5n nodel for survival data. In Cox's 10

proportional hazards nodel, (31lis a vector of

(expl 218N (1/ @@Kr /a?s)m with the
conpg%gﬁng rggg?ab (? n§?§§?¢of t he present

i nvention provides for t he parsinoni ous selectlon
Pidﬁﬁiestination) fromthe paraneters 13 (ry,r2.

S _pr tlonal azar nDdeI
F’?%@&ﬁ c{%gCo tafhodp °%0%0 5 i cé’tl on of xpsec|5-‘r"’%‘por ‘i onzi‘ltmg
Wl d2bls wedgétcan be problematic in the circunstance
where different data is obtained froma systemfor
the sane suryjval tines, or in 20 other words, tied
survival ti msCE 2B Ltll‘2\ﬂl, x@lyg)ktgglg(gmy)drbe subj ect ed
to a:€re2 dsi'ng s eb t hat I"'eads to ‘uni que
survi iJresThe pre-processing proposed sinplifies
the ensuing chilexpsyirt)E\(el’ " eapeEvndrabout tied
survival tinmesy, in the subsequent application of Cox's
proportional hazards
Rearranging, simplifying and making the substitution u—V/b

gives A.1l

The integrals in A.l can be evaluated by using the result

:jx b exp[— [x + ‘;—ZHJ; = aibe (2a)

where K denotes a modified Bessel function, see
Watson (1966) .

In a particularly preferred embodiment, p(ﬂ)ayhf is a
Jeffreys prior, Kotz and Johnson(1983).

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

N
Log ( Partial ) Likelihood = Z g; ( B.o; X, X,Q)
i=1
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25 nodel . The pre-processing of the survival tines
applies by adding an extrenely small anmount of

w0 n®itgodssé cant random noi se. Preferably, the ptDaecione00696
is to take sets of tied tinmes and 30 add to each tied

time within a set of tied tkpes a random anount that
is drawn froma normal di'strl bution that has zero

nmean amd rjance, pro tigonal to th | | est
WBRRE 1 6 (A B andie @Bk S6PvEe SR Thar@eded ch

r e- pr ocessi achieves_ an elimnation of.tie i MeS,
DT RHBLRES rp G RS SR EARRA Y (0% L R LIPS SRFELon
mSpryd vty the@SL #E: 0MMINMBRE BT/ LRI W0 Rent I 2

e pre-processing generates distinct survival tines.
sysedmr abl y, these tines may be ordered in increasing
magni t ude denoted as t= (t(1), t(2), * t(N . t(i+])
>t(j) . Denote by Z the Nxp matrix that is the
It CoRé I @RSSHBRNnt ) e LEAd PVEe £ined Ve nd NEi IS ORIddY is
of the rows of Z corresponds to the ordering jnduced
Cox’ % Rr pfetr R brhzards JpPdrhothy® Rre -w%%azards
médel hwagbifitXoducedtby dxext (972 esand mdy gprieférybly be
t he sane per nut at #EQEI trn 1k’ s

ith th i ' .
u%&%e?sp?egﬁgﬁ%g31on it ééi‘£§¥ugﬁ§$&$§4 atd. In Cox'

essing 1or tleg SUr Vi va
proportitenaht hansrdefmodeke BS isade vier torapdar(@xpdanatory)

pQﬁméFé{éV%sgﬁ%ﬁ%fﬂ%K@%&%ﬁé@t@keﬁreé@%l . the
the i kel1hood function for the proportional hazards
mabhed Afythe PEPEPRE aR YRl i RTRYIARS dfo1 1thg
p&féimﬁﬂ:ﬁb@s *@éze‘cﬁiélmlamﬁ] eﬁ:ﬂ@éﬂbﬁ% fr&f %hd\ﬁ'ﬁﬁﬂters
7( C ceigaq N i_~=the jth row.of Z 9%5: I
£ 18555 Mot s indpraint dRa betard qedle] Wiven
theeddta X, y and c.
Application of Cox’s proportional hazards model can be
problematic in the circumstance where different data is
obtained from a system for the same survival times, or in
other words, tied survival times. Tied survival times may
be subjected to a pre-processing step that leads to unique
survival times. The pre-processing proposed simplifies the
ensuing code as it avoids concerns about tied survival times
in the 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 tied times a random
amount that is drawn from a normal distribution that has
zero mean and variance proportional to the smallest non-zero
distance between sorted survival times. Such pre-processing
achieves an elimination of tied times without imposing a

draconian perturbation of the survival times.
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20 tinme t(j) . The logarithmof the |likelihood (ie L

=l og(1l)) may preferably be witten as N L(tj, 6)=Yd
wap+hogs€ exp(Zjf3) 1=] jE91! di Zi)6 -Iog ZP([,‘T/AU2004/000696

p(zjfl) (D4) i=] j=] where JO, ifj <i , j =1, ifj

>>- | WD 2004/ 104856 PCT/ 004/000696 - 72 Notice

that the nodel is non-paranetric in that the
TheappaeptodEesOimy Ofehdta Séis VA Vet ik tSt subeivOD tEmd®i

specified - preferably only the_ordjnal property of
Pr?ﬁ%‘%b%lﬁr m% et‘fﬁé%s afF%Y (RRPTIFF e Y tRFFEIRITDN of

the risk set;%l is is a nop-paranetric case Cp
magnityde rdepeted agi = szg)t(g) IF(Ng;lmofhﬂg >émppodi nent of
the met hod of the invention, the 10 nodel defined by
ED%ﬁg Pg’ %EHECW:&J‘ rhac'txa:.:E a{._ﬁg@t r:LlsC t a%]rl\.(évg*rangement

InN“a paranmetric surviv

of/ ghe s re?"(ﬁécpcfr e‘? (eReranathe y)onsiaring eof asheci aowd of

VA d’&fz‘ésﬂ&ﬂé:oéwoﬂﬁ‘é‘térdéﬂﬁn%pinaﬁcédvﬁ‘)t QheOforderJ.ng of t;
t he functi onal formo the ~

nmeters._associ ated,, Wt
al %r@?@%FedQ}ﬁsév ?‘&né’tl diew ofs tkaeef“?r%PS/ Zi-ndefetdhohe the
resalt hefi mtﬂl%trllﬁg o owitRs ther dalie PRI rMUBAYIVIE required to
orégll_,egti on (and estimation) fromthe paraneters X31
and the estimation of Ip° =(i,,P2,,(pq) for
paranetric survival nodels given the data X, y and c.

20 A@tépp?&engrece%mst oy Sty yhVah - UR98h, tiles is taken
survi val do not require pre-processing and are
1nH@n@f"é§?‘H¥t yand reference is made to standard texts on

survival data analysis (eg Cox and Oakes, 1984), the
likelihood function for the proportlonal hazards model may
preferably be written as

e (Z;B)
2. ew(Zp)

lGiRJ-

(D3)

N
(e18)=11
Jj=1
where ,BT=(,Bl,ﬂ2,---,ﬂn), Z; = the j*™ row of Z, and
‘Rj= {i:i=j,j+1,---,N}= the risk set at the j*® ordered event
time t(j)'

The logarithm of the likelihood (ie L=log(l)) may
preferably be written as

L(£|€)=idi Zig—log( Z exp(ng)]

JeR;

_Zd [Z,B log[Zg“,,exp(Z /)’)H (D4)

=1 Jj=
where

o= 0, ifj <i
b1, ifj i
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The paranetic survival nodel is applied as foll ows:

Denote by f(y;e,j6,X)the paranetric density function
wobkoothetss®5 survival tine, denote its survival PETIATRG08M00696

by w s(y;cp,/3,X)= Jf(u;cp,/3,X)du where V are the

paraneters relevant y to ?e parametric formof the

density function and /3, X are as defined above. The

hazard function is defined as h(yi;cv,Q X)= f(yt;

(p, QX)/S(yi;V,8,X) 30 Preferably, the generic
N°Fb¢ﬂul§hﬁ§n shet haoded- | jiiee| inRRPaRaNRtyich, tmkithat the
aﬁﬁﬁ@%ifg02?838|nk&fﬂ%ﬁ@ntsuk$1V£120Q$@H}@Eﬂilon is not
SPeo 159 ) PRELPEanLEPntp s raibdlararerty (gt the
susVanaBr dimest sams asedyqiin afhesudetemnihattondalfa thed risk

2o P8 2Tl 201888 AR UNLNEL RIS LOYA § Bor roquired

col lrec sur vi va 1T bu
(igsgd0) 5 Survi val drstrrbutrons that may be used
i nclude, for exanple, the Weibull, Exponential or

Extrene Value _distributions. If the hazard function
Inpgapasder  eakedimenty ff vithep methgd gofithe,)iaxfRnéiqn. the
moHB8EN dﬂfﬁnéd) by, XheexDikéf ¥hoeq) eXirdtivid isf (@Yl Parametric

sfytyal = éﬁtne"?%?ég%tt% DS ob P REREEFBhCaRBE v vey model,
[3 ~)s dA( wector isf dyexplapatohy) opasfamétei’s Tatmsdﬂatnﬂd with
th 88BFQLEQS angngx (ﬁgﬁvgjygcﬁ$§t5fbﬂékgﬂ§tePQV588001ated

ensi ®haZard 9 unctions T
Wlthethﬁofﬁnethhé%efQF@s@ﬁtEHelﬁu¥ﬁeV®hr@§$aﬁhY function.
i mredi atel y above. 20 The application detailed relies

in part on an algorrthnrof
Preferably, the method of the invention provides

for the parsimonious selection (and estimation) from the
parameters ' and the estimation of o' =092, 9,) for
parametric survival models given the data X, y and c.

In applying a parametric survival model, the survival times
do not require pre-processing and are denoted as y.

The parametic survival model is applied as follows:

Denote by f(yi&ﬁﬂY)the parametric density function of the

survival time, denote its survival function by

S(y;(g,g,X)= If(u;?,g,X)du where ¢ are the parameters relevant
Yy

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

as defined above. The hazard function is defined as

o 8.3)=1 i 8.X) (r0.8.%).

Preferably, the generic formulation of the log-likelihood

function, taking censored data into account, is
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Aitken and O ayton (1980) however it permts the user
to specify any paranetric underlying hazard function.
wo-odosanissg from Aitkin and C ayton (1980) a pre¢EAU2@®4/000696
25 | i kelihood function which nodels a paranetic
survival nodel is: N ijmziLog(,ui)-f.[i+ci log A
(Yi) (D5) i=1(Yi ; co ere pi =A(yi;cp)exp(Xi/3)
A tkinv nd d ayton (1980) note that a coEsequence

of equa éw p (e Sggy AQ? |
2004/ 104 é P /ALQOO4/ 0069 treatdtas Poi sson

variates with neans , el and that the last termin
Ref@ahicen tol bratidasdneextgpendannlydieabEhgugtivhl time

g pends ong&e) 5 Preferabl the 4] terh

R AP BERaMesF i3 T eBF SaRACR GIUEHVay FedBiesTeveRlE) 2

coalbkyhphSpﬁpsm:ﬁ@v@3~zxﬁezﬁléBﬁ}buwhenelMhh@yma$ bp, aged.
sulryIVAE L BR0d obl £ s Onku28 SHBAGLTE oy

may a5 4 Vect afnd~an
eﬁap@rlst: \télepﬁeeb@l;ﬂe Fxponeptiaki mrsgxéqeaueu ¥alueD6) to
dikteduae idnRosteriori estimates of /3. The prior of

equation (Dl1l) is such that the maxi mum a posteriori 15

estimates wil|l tend to be sparse i.e. if a large
Lin ke hagrrdy funmsions MavebretAGARD, aﬁany conponents

of 83 Il be _zero. Because pri or tation
(&xﬂsﬁsggha(ypaaygidhﬁ nehées S_n,éoﬂﬁgﬁ am%—z ypw and
estimation nay be per ormed in such a t hat ~

f the sti s are zer nd the re
ngpikk =e&0m Xybovit(ip )e dammamezeggughai_
survival 1imes. 25 In the context of m'cr ray

data this exercise translates
dA(n;@)

; X; is
dy;

is the integrated hazard function and ﬂ(yﬁ¢)=

th

the 1 row of X.

The Weibull, Exponential and Extreme Value distributions
have density and hazard functions that may be written in 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 parametic survival model

is:

N v
L=Z c,-log(,ui)—u,-+c,~ log{% (D5)

i=1 A(yip)

where #i=/Wyﬁ?)aq4A3ﬁ)’ Aitkin and Clayton (1980) note
that a consequence of equation (11) is that the ¢;’s may be
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35

to identifying a parsinonious set of genes that

provi de an adequate explanation for the event tines.
wa@soogtiafseal above, the conponent wei ghts whi ch PERATR®E/000696

the 30 posterior distribution my be determ ned using

an iterative procedure._F?ffprable, the iterative

procedure for nmaxim sing e posterior distribution

ergn el PUPODEN' SaPllle S AUPOH RLaNE) iy Sp 20 2 ast

tegenpstequetmam (1B 7doss mz@mm@meﬂ (although it
dePéA4ABR04H000696 - 75 If the E step of the EM
al gorithmis exam ned, from (D6) ignoring terms not
involving beta, it is necessary to conpute Ef, a2/z2

Préf@rably)/) the posberfotladstidyetdd/of B/ 3p} anS rafiven
f.or conveni ence we define d;=1/d,=Gf/37=0.~1In thé
~fcﬂlovvlng we wite d=d(%3) (dl dz, ,d )T . In a

si m Paf, pafne a y |depig)& ﬁ&xanple d( 6(" )) and  (Ds)
d(y("?) ?ﬁﬁh g wh réﬁgzL) P"y(") and P" is
obt ai ned fron1the ieﬁ identity matrix by omtting
WhEEPHﬂné(m.Bf%src)V\ﬂPcﬁhﬁl elipopdn&uncsian-the E step
requires the calculation of the conditional expected
val ue of 2=1/z;2 when p(Ari2) is O z?) and p(i
In)Rag ﬁm?,%é?:‘?‘?ﬁ“éd brFgY Bestreatefofsa é yPStaEsed missing
datoand dh iﬁeﬁﬂﬁ1e§bpﬂ¢mﬁret1h@e£|\k@|1@ﬁiﬁi% equation

(DED BB BFEILDE 2| FBSker dor NO0BE 1S, P EHD! 1o Fior of
equﬁF%PaIKElhgl@heuehgbhathhh@ymsximmnupwpmbtérlébm—

estimftes wiP1i PbhdatdShe b 0dFad i.9(0f a large number of

parameters are redundant, many components of f will be

Zero.

Because a prior expectation exists that many components of
ﬂ‘ are zero, the estimation may be performed in such a way
£ﬁat most of the estimated f;’s are zero and the remaining
non-zero estimates provide an adequate explanation of the

survival times.

In the context of microarray data this exercise translates
to identifying a parsimonious set of genes that provide an

adequate explanation for the event times.

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.
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2. Defining /3(")_{ /3,, iSS" 0, otherw se 25 and

et P'" be a matrix of zeroes and ones such that the
woonzaoesel enents yk") of /3'") satisfy y(n) =p@lATULA4)00696

,13(n) = Py(n) " n /- (D8) WO 2004/ 104856

PCT/ AU2004/ 000696 - 76 3, Performng an estimation

step by calculating the ‘expected value of the

p (e} dIS r L put f _conponent _wei ght ThIS
rePERLCE! Shef SEoPRS bR L Pan kPR 8 o Shgitd; £l
19n@’€11)9 ~OetiE noE{ i@@‘épfmg ,petav)it|ig necedsary '(@9)
co{nﬁ td 8, (P("))-1 PQ 2 j=1 where L is the |og

el i hood function of y. Using ,13 =P" y and f3(")

= P yO E {88 rha )3? 10 QY I Y("),~Q")) = L(t | PP("))
2YTO(&LY(")))Y (D10) 4. Performing the maxi m sat i oy
st ep. hls may be performed usi ng Newt on Raphson
i tera),BHd as fol | ows: Set yo = y(r) and for

r=0,12,... Yr+l = Yr + ar Sr where ar is chosen by a

e 0 142 SELS S Tt
4, =18, 400 £O0TH Yeh9 FoTAakthg Jod Iizive d=H(BB2(A5d)...d,) -

In/gr.'s_;,mgl\.( %)1T mé?F a? deL‘:.n %raeLxQIIpr dP,B(”))or

d(y"™)=P d(Py(")) where ™ —P}' and P,, is obtained from the p
by p identity matrix by omitting columns j for which ﬁy)=0.

Hence to do the E step requires the calculation of the
conditional expected value of ti2=1/z'i2 when p(ﬂ,-l’r,-z) is N(O,z‘iz)

and p( )has a specified prior distribution as discussed

above.

In one embodiment, the EM algorithm comprises the steps:

1. Choose the hyperprior and values for its parameters,
namely b and k. Initialising the algorithm by setting n=0,

= {1,2,.., p } ., initialise /}(0)=,§*, ?(0)’

2. Defining

B, ics,

0, otherwise

ﬁ%w=={

and let B, be a matrix of zeroes and ones such that the

nonzero elements y\") of B\ gatisfy

m _ prgm  gm _ p
) (D8)

R
t



Let y be the value of Yr when sone convergence

criterion is satisfiede. gl I Yr-Yr+1l | |I < E (for
wexaapbsse=10-5) 20 5. Define 83* = Pny* , SnPET/AU2004/000696
Q I >E1L mx 1,8 | where El is a small constant, say

10"5. Set n=n+1, choose irp(n+l) =fi(n) +n (T* -99(n)~
WD 2004/ 104856 PCT/ AU2004/ 600696 - 77 * aL(y |
Pny*. (P) _ where ~p satisfies =0 and xn is a danping
factor such that 0 < xn <1 . 6. Check convergence.

3. | Perfoifmind"dn| ésemabibsre sep Sbls L:i:abd:lhyatfsmgl thé hexpected

vaf{llf‘%p el:ﬁ% gg?égrfﬁp§28@% ITB.XI m sat I%@l{ l%t w%l%ﬁts

Thipe Iesrulhﬁteelr%?rme@mem@ the fpnretien: expectation a

5 "Yr E{ a2L a-yr 10 In one enbodi nent, the EM
algorith s ppl i o, maxi m sterior
di st Qi(,BlngH) enEihet ,@HPJII 3%)«9@ ¢€)}oporti onal
hazard”s nodel. To'aid in the expositio of the
application of the EM 1 I |t en the model (B%)
Cox's proporti oﬁallﬂj’dﬁifo 9—4—5 is preferred to
define "dynani c wei ghts" kFec based on these

wei ghts. The weights are - |,I exp(zi/3) 11'{ 1 = NE
where. | Lexpg ZjtiBe jlog N1likelddiogd , funckion 1of dly. wsing
B =Py and B” =Py™ we have

") (n ny 1 n
10 0 17",¢") = Lt | By.g™) -1 A Yy (D10)

4, Performing the maximisation step. This may be

performed using Newton Raphson iterations as follows:

Set y0=y(r) and for r=0,1,2,.. Yrs1 = Vr + @, 0, where a,is
chosen by a line search algorithm to ensure Q(yr+1 | }/("),(p(”)) >

15 Q(}:, | }:(”),(f(")), and

n n n }/f
g, =AMd(y"N[-AE(y" ))) A(d( @) +IT! ( =)
0%y, 07, d(z )
2 2
where oL =P’ oL , 62L =P’ 62L P for B =Py, (D11)
oy, B, 97, o°p, - -

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

~

criterion is satisfied e.g ||¥,_¥,4 || < & (for example £=107°)

20 5. Define ,B*=P,,}/*, S,,={z':|,B,-| > & max|p; I} where ¢ is a small
J

constant, say 10™°. Set n=n+l, choose ¢( n+l) _ ()+K ((0 (o(n))



20 Matrices based on these weights are WD 2004/ 104856
PCT/ AU2004/ 000696 - 78 W,l w,2 W=W,N K1 w2
WON004/1048580 W O O WN N W* dIWM t=1 In teeTAU004/000696

the matrices of weights the first and second
derivatives of L may be wjtten as aL =2 T W aQ 5
(W)) (D12) a2 L _ ZT T(W* _A Z = ZT KZ x18 2 where
K=W-LW 1. Note tgzrefgre fyomthe transfornation
poaLrix Pn degcri b (éi% ﬂar‘f’g% St pE(Z), of the EM
wheFGofi t AATLEESGSt ion ) (see aPlg Equdd sh&amping factor
follows that aL PT aL = PT ZT yW n vyr aflr 10 z z
suéi?l@ﬂataokﬁpil?‘ L P* PTZT/W._A!IN .)1ZP" =PTZTKZP

6. Check convergence. If ||y -y\")|l<&; where & is suitably
small then stop, else go to step 2 above.

In another embodiment, step (D1l) in the maximisation step

2

may be estimated by replacing with its expectation

2
r

o°’L
62
Y

T

E{ }.

10 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
15 algorithm when the model is Cox’s proportional hazards
model, it is preferred to define “dynamic weights” and

matrices based on these weights. The weights are -

Sinexp(Z18 )

Wi‘l= N »
Y& exP(Zjﬂ)
j=

. N

w =Zdiwtl
i=1

wp = dl —W;.

20

Matrices based on these weights are -



aY a,8r t J WD 2004/104856 PCT/ AU2004/ 000696 - 79
Preferably, when the nodel is Cox's proportional
whamanadsse nodel the E step and M step of the BEMT/AU2004/000696
algorithmare as follows: 1. Choose the hyperprior
and its paranmeters b and k. Set 5 n=0, So = (1, 2,,
p) Let v be the vector wi /8 ~conponents V (1-E, if c;
[ P) C, =010 for sonme small E , say .001.
Deflne f Bl he log(v/t). If p S N compute initial
val ues jl6™;, by f3* =(ZTZ+21)' ZTf 15 If p > N conpute
|n|t|WI val ues ,8' by (I -ZT (ZZT +Al)"' Z) ZTf where
the ri‘dge pararreter A satisfies 0 < A < 1. 20 2.
Define !ffi(n f NN i e Sn 0, otherwise Let Pnbe a
matri x ofwzgnoes and ones such that the nonzero
el ement s y( nfof /3(n) satisfy y(n) = PT~3(n) Qn)
,(nN) n 25 - PT/--Pn 3. Performthe E step by
cal cul at(i WD 2004/ 104856 PCT/ AU2004/ 000696 80 Q
1, 81n) A mE{'glog (P(~,~P,z I t }~1 L"6 (12 NI/fit 2
i=1 dl(,8th)))
W=\ :

!

QO T

WN
W 0
A(W*): : ol
0 e
sk k N T
W= dWW;

i=1

In terms of the matrices of weights the first and

second derivatives of L may be written as

AL _gTy
op
5 2L - \ . > (D12)
Ly (W ~a(w ))z:z KZ
op
where K=W —A(W ) Note therefore from the transformation
matrix F, described as part of Step (2) of the EM algorithm
(Equation D8) (see also Equations (D11l)) it follows that
aL =R'T—aL=B,TZTW
7, 9p,
10 8;L 6~2 (D13)
| =Bl 5B, =BIZ"(W"-A(W'))zP, =P/ Z"KzZP,

6;: 0B,
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where Lis the log likelihood function of t given by

Equation (8). Using 6 = P' y and fa() = P" yt") we
wh2ooe1bs§y 17(")) = L(t 1 1"Y) 2 YT A(d (Y "'BQivYAB200D000696

the Mstep. This can be done wi th Newton Raphson

iterations as follows. Set Y0 =7 k"land for

r=0,1,2,... Yr+l =Yr + af’ & where ar is chosen by a

' rc I [ 0. en £ H_ol.
PrefREaBEP] ‘Phofl PAE hOR] 01 800 3 XS tipna), ppnaras
model (the ) F (st and )M gyap rofi( el (5 rp3g9di thmhere a6 =
foZboé d(y(n))). For p > Nuse Sr =A d(y(n))} | -YT (YYT

+K—é%-1 Yr. | YT r-d(1/d(Y(n)))Yl Let be the value of
1oyr GRRPSeohite cBReTREHRE amd cite Patametesaih sanddk e, Spt

| Iny0, -sye+ifll,B,<-E,(p9r. e8Pl Be tHeSyecBorDafitne |f

ng;l neSIr11:i 1 f31 1 >61 max | f3) | where ais
a STRTRERRE ant, say 10"5. This step elimnates
variables wth very small coefficients. 20 6. Check
conver ge , i1 fiflel1y* - y(n) | 1< e2 where c2 is
suitXbIW esnpl lift ben stop, else set n=n+l, go to step
2 above and repeat procedure until convergence
occurs. WD 2004/ 104856 PCT/ AU2004/ 000696 - 81 In
anot her enbodi nent the EM algorithmis applied to
maxker skome esmpokt erfl or sdiyst.0i03ut Defimieen £ e beddbgi(y/t) .
a paranetric survival nodel. 5 In applying the EM
al %géi tQ%n to the paranetic survival , nodel, a
corsediendt TR il Valuesmaf B ci's may be
treated as Poi sson variates with neans u i and that
the gtasprierypiprequati on (11) does not depend on
(alt ougg Zgrﬁge%efﬁds on tp ). Note that
1ogJ(C%ui )=logllllyl;~p))+Xjj6 and so 10 it is possible
t o Tolk P thee PRttt iE4dl #alstess Fde¥|inear nodel
for the Poisson-1ike nean. Preferably, an iterative

|
B =I(I -ZN(ZZT + AD'2)ZE
where the ridge parameter A satisfies 0 < 4 < 1.

2. Define

»

{ B, i ef,

0, otherwise

ﬂi(n) =

Let Pnbe a matrix of zeroes and ones such that the nonzero

elements 7(n)of ,B(n) satisfy

[N

() _ R,Tg(") , g(n) = PnZ(n)
==}fé ) B =PLy

[

3. Perform the E step by calculating



10

15

20

maxi m zation of the log-Ilikelihood function is

performed where given initial estimtes of cp the
wesdimeses of 6 are obtained. Then given t hesSBCT/AU2004/000696

estimates of /3, updated 15 estimates of ~p are

obt ai ned. The procedure -i $6ontinued unti

convergence occurs pl ying the,posterior

di st@(BLBTon= %g e@(pabg\) tﬂ@; note that (for fixed

Cp) aTog (P) ‘i apaau-""aTo ?,u) and Xl (D14)

al3 p a/3 ai alu al8 20 {oon quent y from Equati ons

(11) and (12) i€ fld}|Bws—t E{———@%—S =XT (c-ti) and a 2

2 =-XTd() X. The ver si ons2 édﬁal on (12) relevant to

the paranetric survival nodels are aL_PTaL=PTXT(c-'~)
whe oliis 26ha 21¢@15)ikalihédda fubct RIXTQE) XPn gi¥ven by

e e (6! v dolnd® 3L oB6h Yotemob e Bt

al gorithm (see pr €f er abl
(p(n+l) +Kn (T* -(P (n) ) where ~p* WD 2004/ 104856

PCT/ 004/ 0006 -182 thsSfies aL =0 for O<xn <_1
and ééz’ll's B ?gt’_')flié’ Og@e ﬁl’)bt ai ned fromthe
previous Mstep. It is possible to provide an EM

4. abgorihdmyf O B3l ARy caR! &d | @BnkN With CRBWE¥h Haphson
, mmmnlcsmwva)mmasamiSmchHaydMa

itesakiong yast hECERPYRgor PEFM i s k=11 OPPGws FoF  Frfbstr 2/
Yr4@ HYPEr PLIGr @hdrets @aianeictiosdn anByk eg biiaé advhrch

gt o i Pl Lacter Rl bkl

| Bdr pisN{uBe if G =0
S, = A(d(}:(n)))(YTKY+I)~I(YTW-A(l/d(Z(n)))}:),
where ¥ = ZP,,A(d(Z(") )),

For p > N use
8, = A(d(;:(”) ))(I—YT (" +1<“)—1 YJ(YT W—A(l/ d(g(”)))z)

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

criterion is satisfied e.g || Yr - Yrs1]] < € (for example

107°%) .

5. Define /~>’*=P,,Z*, Sn={i:|/3,-| >£1max|,8j l} where & is a
J

small constant, say 10°°. This step eliminates variables

with very small coefficients.

6. Check convergence. If ||y*-—y(n)||<£2 where ¢, is suitably

small then stop, else set n=n+l, go to step 2 above and

repeat procedure until convergence occurs.
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for some small s , say for exanple .001. Define f to
be 15 1log (V/IA(y, (p)) . If p S Nconpute initia

WO 200464886 by /3* =(XTX+21)"' XTf . If p > N CPOAU004/000696
initial values /3* by (1 -XT (XXT +21)' X) XTf 20 where
the ridge pararreter % satisfies 0 < %S 1. 2. Define
fln)— A ESn 0, otherw se 8%t” Pnbe a matrix of zeroes

h.that t | ts. )
S sl S L ELT AL
maxinis &\ RE Od¢ 4 DdB8H6r RITS DL O OFEn th83moPel is a
t . | cul ati '8 | e
P B OBty B s 1 TR EY, 6075 L DY 133, (p(") 1 N
2 j=1 d(33(")) where Lis the log likelihood function
Inoépﬂlf"Dl%;C@ﬁé‘)EM '@ﬂlé-l%n—tg tie amé i c —stPr\V:(val\Ne

mofal s 3) gonsetubine §f Lbanathdn sTLLY 14 thAL the 1r: o ey

be I\bmé@ﬂeﬁeaabswlsé@nl #ﬁﬂit@@Swﬂshfzméémsu, Seindy@hat the

f
la?g(E%osen géq{la ?.?1% ea oes n%ti;l ?T?T?l?o ens?heral Iz‘_le_.lgh
1t|dqpé1),ds(@(1 )¢)> Mote |th\a(t' )lggkyl Yog) /F{or, $Wu%166rso

T, Y] I
%s%gégibié&h‘:ér%@&;ﬂ ’E‘h%'O%:g‘laig]).Y%n(frisé%xgrﬁp 3 ?\I%J%ge lanear

modeadgyfn;:(g:qPq:q-s%?x}j-l:}]a%lrpa:}) 1Rrefgrably, an iterative
makEmizhtioh! 36(¥he) 1oy-11Ré1Vobe finectbniei O por fahired
Whéggﬁﬁg‘?gl\&/e%&f%?le 5%!:22 c|>fc' 3at Ihséf Ieesqzlma%es on,B are
obtained. Then given these estlmates of S, updated
estimates of ¢ are obtained. The procedu;:e is continued
until convergéﬁce occurs.

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

dlog (1) =la_y<:>a_,u=#610g(,u) and dlog (u;) _x,

8@ y7, 6/} 6,? 6,[} op

-~

(D14)

Consequently from Equations (11) and (12) it follows that

—=XT(C-,u) and —L XTA(#)X

The versions of Equation (12) relevant to the parametric

survival models are

a_L:p"Ta_L=RlTXT(c_,u)

oy, 9p, T

FL 3L (p15)
ZZ=B P =-P X"A(u)XP,

oy, 0B,

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

~

step 5 below) preferably put ¢("+1)=(£7(n+1)+r<n((o*—(p(n)) where (p*

~ ~ -~
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l0-5) . 20 5. Define 83*=Py*, Sn=i:Ifli |

>el maxlj3jl where Si is a small | constant, say
waeosd10486¢ n=n+l, choose cp(n+l) = p(n) +Kn (~PCF4UL0OND00696

WD 2004/ 104856 PCT/ AU2004/ 000696 - 84 * olL(y

Pny*,cP) where tp satisfies -0 and Kn is a danping -

(P a factor such that O<S8%n< 1. 6. Check

convergenge. if Ily'-r 111<62 where s2 is suitably 5
satiafieshen 0 ofprelsec,gol t andt Bpi2. fixednat hehe value

embodi meA®, survival times are described by a Weibull

surviyal densjty function, For the Weibull case Cp i.s

obfRined abF g oS PFEVLPRRAE SFEP10 A(y: rp) = ya. —A(y:
—aya-1. (p=a N Preferably. al -.a 4 (c]-
$P)EBYes Thasb Piafe Obo chfovida da., B 3187 L{fh Far pazapeter

sedhectibopr bui tlee atonpeat cdf vphtametric sdbviwval andpdel$ hend
. Pki f ! op [ . I,

mi SEERECEPRIRER,  cPrSRinToBl I0PRG | BRI OERL 1004E

fodlowaraneters from 6t hat can provi de an adequate
explanation for the survival tines if the survival

' f ol Wei bul | _di i buti A L cal
1. kHRRpe FobRuef Seiotend' She' Brbearsate BHoBHE Bree dp=te7
t he Br esent invention now b deg,sg,f,j)beotopy way o

i | f
angokgPenceSthi §=Po Fn& m}l'lzowrﬁg Ron® | i ni Oy exdF ev be

It shoul d be, understood, however, that
the vector with components

_ {l—e, if ¢=1
€ N lf‘ c,- =0

for some small € , say for example .001l. Define £ to be
log(v/A(y.,o)).

If p < N compute initial values B =(X"X+AD'X"f .

p by p
If p > N compute initial values f§ by

~

B = 711-(1 S XT(XXT + AN X)X
where the ridge parameter A satisfies 0 < 4 £ 1.

2. Define

B, i €8,
{

0, otherwise

pi(n) =

Let F,be a matrix of zeroes and ones such that the nonzero

elements 7(n)of ,B(n) satisfy

Z(n) = PnTé(") , g(n) — Rx}:(")
=Fp ., B=FRy

™=
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25 the exanple is illustrative only, should not be
taken in any way as a restriction on the generality

wobooshetsseivent i on  descri bed above. Exanpl e: V¥LT/AU2004/000696

2004/ 104856 PCT/ AU2004/ 000696 - 85 Full nornma
regression exanpl e 201 dat&3 points 41 basis functions
k=0 and b=1e7 5 the correct four basis functions are
identified nanely 2 12 24 34 estimated variance is

3. Opé¥ fordlV tHe KOs e @i, Dad £, 10 £aGNt basi s functions
are identified, nanely 2 8 12 16 19 24 34 estinmated

variance is 0.63. Note that the correct set of basis

f uncpi gng el E?’Eggpgﬂﬂ@g%ﬂﬁy@?ﬁ%ﬂge results of

the Iterations for iven bel ow.

EM{1teration: O expected post; 2 B?Si fns 41 20

si gma squar ed O=ﬁqggjgg¢ENLLt atien- |1 expected post:

-63.91024 basis fns~41 *si'grias8ai@@ 8y) 0. 6037467 EM

Iteration: 2 expected post: -52.76575 basis fns 41 25

si gma squared 0.6081233 EM Iteration: 3 expected post:

-53.10084 basis fns 30 sigma squared 0.6118665’§O EM
wherer &tiisorthed logddked iposkd Funz tibbd bebdsi snd ng(™22

si gma squared 0.6143482 EM Iteration: 5 ‘expectéd post:

-53yd 9887 Basi p f R9al&33 pi.gme,sayayed 0. 6155 EM
Itﬁgagﬁgn:gg e%ﬂgctedgiost:"-53.91096 basis fns 18
017”8y = L1 By ™) =y MG ™y
4. Do the M step. This can be done with Newton Raphson

iterations as follows. Set 70=y(r)and for r=0,1,2,..

Yre1 = 7 t Q, 6, where a,is chosen by a line search

algorithm to ensure Q(}:,+l | Z("),@("))>Q(}:, | Z("),(I’(")).

For p £ N use
8= ~MdGONIA()Y, + 1T (- )-A(Y/d) )

~

where Y=X7’,,A(d(}/("))).
For p > N use

S, =—A(d(z(”) ))(I—YT (YYT +A(1/£z))—l Y}(Y,,T (c- ~)-A(l/ d(;:(") )) Z)

Let y* be the value of Y, when some convergence
criterion is satisfied e.g || ¥r - Yrs1]] < € (for example
107% ).

5. Define g*=Pn}:*, S,,={i:]ﬁ,-| > & max|p; l} where £ is a small
J

constant, say 10™°. Set n=n+l, choose ¢("+1)=(p(n)+/cn(qo*—¢("))
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WO 2004/ 104856 PCT/ AU2004/ 000696 - 86 sigma squared
0. 6159484 EM Iteration: 7 expected post: -53.94735
whamiaofses 16 signma squared 0.6160951 5 EM | t BEBAU004/000696
8 expected post: -53.92469 basis fns 14 sigma squared
0.615873 EM Iteration: 9 e&dpected post: -53.83668
basis fns 13 10 sigma squared 0.6156233 EM Iterati on:
10 expected post: oL 33112,3:@,3}% basis fns 13 sigm
whescplap eds Ot 54 5564 6 Srati-001; addexpedsed fdasping
-53.51035 basis fns 192 15 sigma squared 0.6157966 EM
Iteration: 12 expected post: -53.52386 basis fns 12
fagtopresutiuartdtrto. 6458524 20 EM Iteration: 13 expected
post: -53.47354 basis fns 12 sigma squared 0.6163736
EM Iteration: 14 expected post: -53.47986 basis fns 12
25 . sigma squared 0.6171314-.EMkteration: 15 expected,
6. pGuecl Bondatigrnce. I 7 IER cohared . Beassitably
smdM |tlesratstop, lél exppettesd guesd (2 .- 53. 63423 basis fns 11
30 sigma squared 0.6196385 EM Iteration: 17 expected
post: -53.75112 basis fns 11 sigma squared 0.621111
In 3nEMMeY eemhodimenty, expecival gomes -8 B30T ilmed DY s
We:ﬂﬂulﬁ'm%@r@&m&ﬁé%im.zo%xl%@%eibull case ¢
. PCT/ AU2004/ 000696, - 87 EMIteration: 19 expected ~
is preferaplyene dipensiopal andj gnm squared 0. 6236203

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 « and select a parsimonious subset
of parameters from gthat can provide an adequate
explanation for the survival times if the survival times
follow a Weibull distribution. A numerical example is now

given.

The preferred embodiment of the present invention will now
be described by way of reference only to the following non-
limiting example. It should be understood, however, that
the example is illustrative only, should not be taken in any
way as a restriction on the generality of the invention

described above.

Example:
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EM Iteration: 20 expected post: -54.05662 basis fns 11

5 sigma squared 0.6245656 EM Iteration: 21 expected
wW@omi/10485¢1. 1382 basis fns 10 sigma squared 0.PCHALBD4/000696

10 EM Iteration: 22 expected post: -54.21169 basis fns

10 sigma squared 0.6259266 EM Iteration: 23 expected

post: -54.25395 basis fns $5 15 si gma squared

6259266 EM Iteration: 24 expecte ost:, -54. 26136 ,
FELERORHRL o S ALt B P TR BN AR N i b
fexpeiddéresl post: -54. 25962 basis fns 9 20 sigma squared

0. 6260203 EM Iteration: 26 expected post: -54.25875

basis fns 8 sigm squared 0.6260179 25 EM Iteration:
k2 angdetel/ post: -54.25836 basis fns 8 sigma squared

the 6268ddc EM U LTEE 4 O £125 ©XRES Lk PNt 1 Hfed Sdnely
2baS| s fns 8 30 sigma squared 0.6260166 For the

retitdBYata set with 201 observations and 10

eybinabédsvakidheandih=0667 G ves the correct basis
functions, nanely 1 2 3 4. Wth 35 k=0.25 and b=1le7, 7
basis functions were chosen, nanely 1 2 346 8 9. A

Witkhork=0f2tdmdilb<eleli ons is given bel ow. Note that

eight BELIE! Bglanlidles,d NEGRE] £6la SGlandiy 2004/ 104856

- 88 EMIteration: O expected
2pst2 P6phBi24fIK 10 sigma squared 0.6511711 5 EM

ebt Hhaté@Wali MEECLLWD POS! ‘No €. SRS RatSridte 1kt of
o3P Ee5HEL SR i piehoacd! LA SLRLL Ol 2 Sxpected post

The results of the iterations for k=0.2 and b=le7 are given

below.
EM Iteration: 0 expected post: 2 basis fns 41

sigma squared 0.6004567
EM Iteration: 1 expected post: -63.91024 basis fns 41

sigma squared 0.6037467
EM Iteration: 2 expected post: -52.76575 basis fns 41

sigma squared 0.6081233
EM Iteration: 3 expected post: -53.10084 basis fns 30

sigma squared 0.6118665
EM Iteration: 4 expected post: -53.55141 basis fns 22

sigma squared 0.6143482
EM Iteration: 5 expected post: -53.79887 basis fns 18

sigma squared 0.6155
EM Iteration: 6 expected post: -53.91096 basis fns 18
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10 sigma squared 0.6518373 EM Iteration: 3 expected
post: -57.72295 basis fns 9 sigma squared 0.6518373
wabdoktiesssd | on: 4 expected post: -57.74616 basiBCT/AB24/000696
15 sigma squared 0.65188 EM Iteration: 5 expected
post: -57.75293 basis fns 7 sigma squared 0.6518781
20 Ordered categories exa es Luo prostate data 15
. sanpl es_9605 g or k=0 and b=1e7 we get the
S1gT | WAL e%U€¥§§%§£classification table 25 pred y 1
EM2IBedation: 0 D €xpece@ fodt: 3 6. MTBB(Pakis Ofrds 416
Identifiers of variables left in ordered categories
_model 6611 35 For k=0.25 and b=1e7 we get the
sigmt | 8dRAYeReQubt&09%3 scl assification table WO

2D04Ld0AERS PETLALLROOLA 000606 -580024068badid £nsd T4
14000 20300530040 40004

Identifiers of variables left in ordered categories
sigmaesquébdd 016854713

EM Iteration: 9 expected post: -53.83668 basis fns 13

sigma squared 0.6156233
EM Iteration: 10 expected post: -53.71836 basis fns 13

sigma squared 0.6156616
EM Iteration: 11 expected post: -53.61035 basis fns 12

sigma squared 0.6157966
EM Iteration: 12 expected post: -53.52386 basis fns 12

sigma squared 0.6159524

‘EM Iteration: 13 expected post: -53.47354 basis fns 12

sigma squared 0.6163736
EM Iteration: 14 expected post: -53.47986 basis fns 12

sigma squared 0.6171314
EM Iteration: 15 expected post: -53.53784 basis fns 11

sigma squared 0.6182353
EM Iteration: 16 expected post: -53.63423 basis fns 11

sigma squared 0.6196385
EM Iteration: 17 expected post: -53.75112 basis fns 11

sigma squared 0.621111
EM Iteration: 18 expected post: -53.86309 basis fns 11

sigma squared 0.6224584
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Note that we now have perfect discrimnation on the
training data with the addition of one extra

woaootabdsec A record of the iterations of the Bdhav2dimwocIe

is given below 15

EE R I I S S S S b S S S S S b S S S S S S S S S S S S S S S S S S
Iteration 1 11 cycles, cFi?ngon -4 661957
| |cah|o % 20
EMiT%e A% Sichi:Catig réx’ﬂ%‘gfta?&a '8%}- f3 %6%1 3% £fs011

22 row =true cl as baS|
functions in nodel : 9608

Slw*****a.*xjéiéd. 3‘50*96)273;672*0*3****:*******;*;;**********
ratlon yCl €S criterion -
‘411 &r§‘§§|°ﬁ calZ% gXpected Bostiat ~Oft-95562 1 bagig fpsqll

21 row =true class 35 Cass 1 Number of basis

Si%s%@%}gbgpggg%l&ﬁ;ggff}*****************'***** \/D

EMJreragdend P2l Axpected0pess: - -50.1B8ar bhisds End 10
cycles, criterion -9. 007843 m scl assification matrix
fhat 5 f 1 2 1 23 2 0 22 row =true class 10 C ass

sigmg, seuprsd Ba§?§4ﬂ§ﬁct|ons in nmodel : 508

EM Iteration: 22 expected post: -54.21169 basis fns 10

sigma squared 0.6259266
EM Iteration: 23 expected post: -54.25395 basis fns 9

sigma squared 0.6259266
EM Iteration: 24 expected post: -54.26136 basis fns 9

sigma squared 0.6260238
EM Iteration: 25 expected post: -54.25962 basgis fns 9

sigma squared 0.6260203
EM Iteration: 26 expected post: -54.25875 basis fns 8

sigma squared 0.6260179
EM Iteration: 27 expected post: -54.25836 basis fns 8

sigma squared 0.626017
EM Iteration: 28 expected post: -54.2582 basis fns 8

sigma squared 0.6260166
For the reduced data set with 201 observations and 10

variables, k=0 and b=le?7

Gives the correct basis functions, namely 1 2 3 4. With

k=0.25 and b=1le7, 7 basis functions were chosen, namely 1 2

346 8 9. A record of the iterations is given below.

Note that this set also includes the correct set.
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kkhkkkhhkkhkkhkkhhkhkkhhkkhhkkhhkhkkhhkhhkhhhkhkhkkihkhkkhkkihkhkkihkkikikkikkk*x

Iteration 4 5 cycles, criterion -6.47555

worneahessé fication matrix 15 fhat f 1 2 1 23PO1/AR24/000696
22 row =true class 20 Class 1 Nunber of basis
functions in nodel : 62

************************'**88*'******************

Iteration 5 6 cycles, criterion -4.126996 25
m sclassification matrix fhat f 1 2 1230 21 21
EM30tepatibnee @l espeCtedspdsbthinb2zrbagibadns foincti ons

in nodel : 20
L IR S I IR I b I b I I S I b I I I b P I I S I I I S I I I I I I I I I b b

sigmar ganared B-€HEL231 criterion -3.047699 35

EMNL&ekaesbhi caileﬁpaatéaxpoé{aat V&Zﬂﬁféi%%@s fns 10
PCT/ AU2004/ 000696 - row

=true class 5 C ass 1 Nunber of baS|s functlons in
sigmdebquaiad 0.6516289

kkhkkkhhkkhkkhhkkhhkhkkhhkkhkhkkhhkhkkhkhkhhkhkhhkhkhkkihkhkhkhkhhkhkkihkikikkikkk*x

EM Iteration: 2 expected post: -57.69118 basis fns 10

sigma squared 0.6518373
EM Iteration: 3 expected post: -57.72295 basis fns 9

sigma squared 0.6518373
EM Iteration: 4 expected post: -57.74616 basis fns 8

sigma squared 0.65188
EM Iteration: 5 expected post: -57.75293 basis fns 7

sigma squared 0.6518781

Ordered categories examples

Luo prostate data 15 samples 9605 genes. For k=0 and b=1le7
we get the following results

misclassification table

pred

Yy 1234
14000
20210
30040
4 000 4

Identifiers of variables left in ordered categories model
6611

For k=0.25 and b=1le7 we get the following results

misclassification table
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I[teration 7 5 cycles, criterion -2.610974 10
m sclassification matrix fhat f 1 2 123 0 21 21

wdadsomowmssé rue class Cass 1 : Variables |eft ipcTmued04/000696

1 2 3 408 846 6614 7191 8077 regression coefficients
20 28.81413 14.27784 7.025863 -1.086501e-06
4.553004e-09 - 16.25844 0.9212991 -0. 04101412
khkkhkkhkkhkkhkkhkkhkkhkkhkkhkkhkkhkkhkkhkkhkkhkkhkkhkkhkkhkkhkkhkkhkkhkkhkkhkkhkkhkkhkkhkkhkkhkhkkhkkhkkhkkhkkkkhkkkkkkxkx
IPEPStion 8 5 cycles, criterion -2.307441 25

y m 3cRad3séfication matrix fhat f 1 2 123 0 30 2 1
%1 rQM/:érue class Class 1 : Variables left in npde

3 86 4 7191 8077 35 regression coefficients

32068699015, 80614 7.86011 -18.53527 0.1808061
300096428619 WO 2004/ 104856 PCT/ AU2004/ 000696 - 92
khkkhkkhkkhkkhkkhkkhkkhkkhkkhkkhkkhkkhkkhkkhkkhkkhkkhkkhkkhkkhkkhkkhkhkkhkhkhkkhkkhkhkhkhkkhkhkhkhkhkkhkkhkkhkkkkkk
£t8r8tPof 9 5 cycles, criterion -2.028043
m sclassification matrix 5 fhat f 1 2 1 23 0

Identifiers of variables left in ordered categories model
6611 7188

Note that we now have perfect discrimination on the training

data with the addition of one extra variable. A record of

the iterations of the algorithm is given below.

khkkkkhkdhhkhhkhhdhhhhhhkhkhhkhkhkhhkhkhkkhkkkhkhhhhhkhdrik

Iteration 1 : 11 cycles, criterion -4.661957

misclassification matrix

fhat
f 1 2
123 0
2 0 22

row =true class
Class 1 Number of basis functions in model : 9608
khhkhkkhkhhhhkhbhkhkhkhkhkhkhhkhhkhkhhkhhhhkhkhhkrkhhhkhhkhkkkhkhkhkk

Iteration 2 : 5 cycles, criterion -9.536942

misclassification matrix

fhat
f 1 2
123 0
2 121

row =true class

Clagss 1 Number of basis functions in model : 6431

khkkkkhkhhkkhhhkhhkhkhhkhhkkhhhhhkhkhkhhkhkhkhkhkhhkhhkhhkhkd
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2 022 row-=true class 10 Cass 1 : Variables left in
nmodel 1 2 3 6614 7191 8077 regression coefficients

W@ 0001188686 17. 21351 8. 599812 -20. 52450 0. 223295BCT/AU2004/000696
-0.0001630341 15

EE R I I S S S S b S S S S S b S S S S S S S S S S S S S S S S S S
. -. 90 -~
Iteration 10 6 cycles, crl?erlon -1. 808861

1t@rathiasshi i cat gop paLEl X Lol 3230 20
22 rSM/—true cl asg %% CF%QtE?QEnva? 3%78& left in

nodel 1 2 3 6614 7191 8077 regression coefficients

mi32128833i¢8t3084MalrdR2612 - 22. 33653 0. 260273
-% 696388e-08 30

kkhkkkhkhkkhkkhkkhhkhkkhhkkhhkhkhhkhkhkhkhhkkhkhkhkhhkhkkhkkhhkhkkhhkihkhkhk*k

f |tedatkon 11 6 cycles, criterion -1.656129
qiggla sification matrix 35 fhat f 1 2 1 23 0 WO
2004/ 104856 PCT/ AU2004/ 000696 - 93 2 0 22 row =true
@l afs2@ ass 1 : Variables left in node

row =true class
Class 1 Number of basis functions in model : 508
khhkhkhkhkhkhhhkhhhkhkhkkhhhhhkhhhhkhkhkhkhkkkhhhkhkhhkkdkhkddhkkhhd

Iteration 4 : 5 cycles, criterion -6.47555

migclassification matrix

fhat
£ 1 2
123 0
2 0 22

row =true class
Class 1 Number of basis functions in model : 62
khkhkhkhkhhkhkkhkhhhhhkhkhkhkhkhkhkhhkhkhhkkhhhhkhkhkhhhkhhkkkik®

Iteration 5 : 6 cycles, criterion -4.126996

misclassification matrix

fhat
f 1 2
123 0
2 121

row =true class

Class 1 Number of basis functions in model : 20

Thhkkkhkkhkhhhhhkhhdhhhhhhhkdkhhhhkhhhhhkhkhkkhkhkkhkkhkhhhkd

Iteration 6 : 6 cycles, criterion -3.047699

misclassification matrix
fhat
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51 2 3 6614 7191 regression coefficients 42. 01569
19. 73626 9.90312 -23.89147 0.2882204

WOQG‘)’&A(WSS@************************************P(’,’T/Aﬂlﬂ)04/000696

I[teration 12 6 cycles, criterion -1.554494

m sclassification matrix_f ag f 12 151230 20

22 row =true class Cass 1 Vari ables left in node

£ 20 % 2,3 6614 7191 regreSS|on coefficients 44.19405

20 69926 10.40117 -25.1328 0.3077712

ia;kQB*~k70*~k~k~k~k~k~k~k~k~k************************~k~k~k~k~k~k

bt enabijon 13 6 cycles, criterion -1.487778 25

m sclassification matrix fhat f 1 2 1230 3020
roy) =tENe=F138Scl ass Class 1 : Variables left in nodel

1 2 3 6614 7191 35 regression coefficiénts 45. 84032

13k 35 b B20Ra5 28, $1803:0:3200954aUP 2094/ 104856

e ek derdie- e d-Hle - S e e - Ko e A e e e e e -Ae e -Ne W e Ne e He He Ho e He e e de s e e &k &k k& & %

1tlek@itan0fn 14 65°E9E§§s,CEEE%EEQBn 124429494

m scl assification matrix

misclassification matrix

fhat
f 1 2
123 0
2 121

row =true class

Class 1 : Variables left in model

1 2 3 408 846 6614 7191 8077

regression coefficients

28.81413 14.27784 7.025863 -1.086501e-06 4.553004e-09 -
16.25844 0.1412991 -0.04101412

khkkhhkhkhhhhhhhhhhkhhhhhhkhkhkhhhkhhhkhkhhhkhhkhhkhkkhhkikk

Iteration 8 : 5 cycles, criterion -2.307441

misclassification matrix

fhat
£ 1 2
123 0
2 121

row =true class

Class 1 : Variables left in model
1 2 3 6614 7191 8077

regression coefficients

32.66699 15.80614 7.86011 -18.53527 0.1808061 -0.006728619
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5fhat f 12 1230 20 22 row =true class 10
Class 1 : Variables left in nodel 12 3 6614 7191

wo egraesson coefficients 47.03702 21. 97416 11.P6RAM2004/000696
-26. 75088 0.3298526 15

kkhkkkhhkkhkkhhkkhhkhkkhhkkhhkkhhkhkkhhkhhkhkhhkhkhkkihkhkkhkhkihkhkkihkikikkikkk*x

Iteration 15 6 cycl es, critérion -1.415

2@ S6LASILELGALLRR ARL L LY+ Q4 kB 4 ab k22222423 0 2 0
22 row =true class 25 Cass 1 : Variables left in

Itgyasion]192 3 6814Y¢ies.regitssion cdePRPLRENts
47.88472 22.35743 11.26136 -27.23297 0.3357765 30

L IR S I IR I b I b I I S I b I I I b P I I S I I I S I I I I I I I I I b b
mipcdpgpiEicRE18NCPREELX criterion -1. 395770

nmehalkassi fication matrix 35 fhat f 1 2 1 23 0 WO
£ 2004/194856 PCT/ AU2004/ 000696 95

123 O
2 0 22

row =true class

Class 1 : Variables left in model

12 3 6614 7191 8077

regression coefficients

36.11990 17.21351 8.599812 -20.52450 0.2232955 -0.0001630341

hkhkkhkhkkhkhkkhkhkhhhkhkkkkhkhhkhhkhhhkhkkhkkkkhkhhkhhhhhhi

Iteration 10 : 6 cycles, criterion -1.808861

misclassification matrix

fhat
f 1 2
123 0
2 0 22

row =true class

Class 1 : Variables left in model

12 3 6614 7191 8077

regression coefficients

39.29053 18.55341 9.292612 -22.33653 0.260273 -8.696388e-08

khkkkkkkhkhkhkhkhkhkhkhhkhkhhkhhkhhhkhhkhkhhkhhhkhdkhkhhkdhdkhkhhhs

Iteration 11 : 6 cycles, criterion -1.656129

misclassification matrix
fhat
f 1 2
1 23
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2 022 row =true class Cass 1 : Variables left in
nmodel 5 1 2 3 6614 7191 regression coefficients

W B004/163B86 22. 62508 11. 40040 -27.56866 0. 339747BCT/AU2004/000696
LI IR SR I SR I b I b I I b I b I b I b I I I b I b I b I b b b I b I IR b A b I b b 10
Iteration 17 5 cycles, criterion -1.382936
msclassification matrix ffat™ f 1 2 151 23 0 2 0 22
flov%;;%ue class Class 1 : Variables left in nodel 20

2 614 7191 regression coefficients 48. 88196

row2=809¢ 8c 148219636 -27. 79991 0. 3424153
khkkhkkhkkhkkhkkhkkhkkhkkhkkhkkhkkhkkhkkhkkhkkhkkhkkhkkhkkhkkhkkhkkhkhkkhkhkkhkkhkkhkhkhkhkhkhkhkhkhkkhkkhkkhkhkkkkkk 25
Iteration 18 5 cycles, criterion -1.374340

Classc| hssiYarkablee ekt xinmeede 1 2 30 123 0 2 0 22

1 30y géfalertdpss Class 1 : Variables left in nodel 35
1 2 3, 6614 7%%1 rergressi on coefficients 49.16029

regresnyon qeEERLILT 953811 0. 3442109 WO 2004/ 104856

42 PET% 6920947 DEDH9%. 963 PH -23.89147 0.2882204

kkhkkkhhkkhkkhhkkhhkhkkhhkkhkhkkhhkhkkhhkhhkhkhhkhkhkkihkhkkhkkhhkhkkihkhkikkikkk*x

khkkhkhhhkhkkhkhkhkhkhkhkhhhhkhkkhkhhkhkkkhkhhhkhhkhhkkkkhhkhhkk

Iteration 12 : 6 cycles, criterion -1.554494

misclassification matrix

fhat
f 1 2
123 0
2 0 22

row =true class

Class 1 : Variables left in model

12 3 6614 7191

regression coefficients

44.,19405 20.69926 10.40117 -25.1328 0.3077712

khkhhhkhkhkhkkkhkhhkhkhkhkhkhkhkhkhkhkhkhkhkhkhkkhkhkhkhkhhikhkhkkhkkkkk

Iteration 13 : 6 cycles, criterion -1.487778

misclassification matrix

fhat
b 1 2
123 0
2 0 22

row =true class

Class 1 : Variables left in model

12 3 6614 7191

regression coefficients

45.84032 21.43537 10.78268 -26.07003 0.3209974
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Iteration 19 5 cycles, criterion -1.368567 5

m sclassification matrix fhat f 1 2 1 23 0 2 0 22
wdonmwssd rue class Class 1 : Variables | eft ipPcrmdsio4/000696

1 2 3 6614 7191 regression coefficients 15 49. 34987

23.02251 11.60689 -28.06586, 0.3454208

Ak hkhkhkhkhkhkhkhkhkhkhkhAkhkhkhkhrhkhhkhk*x*x*x AR R R R R R R R R R R E R R R
**il£¥£¢*£¥k£¥h5&Syﬁlﬁia*iuilﬁ%i#&h*ﬂ*ﬁﬁﬂﬁ§4
m scl assification matri x that 12 1 23 0 2 0 22

Iteratink =14 ue: cl Gseyd ess qu.teuawrabﬂes‘l%@@ in nmodel
1 2 3 6614 7191 regression coefficients 30 49.47861

08109, 11. 63732 -28. 13903 0. 3462368
mlﬂqlaﬂslk wat:«cm*matnxx*************************

| fleaiati on 21 5 cycles, criterion -1.362068 35
£ nzﬁflﬁésification matrix fhat f 1 2 WD 2004/ 104856
AU2004/ 000696 - 97 1 23 0 2 0 22 row =true
El23s O

2 0 22

row =true class

Class 1 : Variables left in model

1 2 3 6614 7191

regression coefficients

47.03702 21.97416 11.06231 -26.75088 0.3298526

khkkkbhhhdhhhhkhkhhhhkkkkkkhkhhhhhhhhhkhkhhhhhkkhhhkkk

Iteration 15 : 6 cycles, criterion -1.415

misclassification matrix

fhat
f 1 2
123 0
2 0 22

row =true class

Class 1 : Variables left in model

1 2 3 6614 7191

regression coefficients

47.88472 22.35743 11.26136 -27.23297 0.3357765

hkkkkkkhkkhkhhhhhhhhhhkhhkhkhhhhhhhhhhhhhhhhkhhrhdkd

Iteration 16 : 6 cycles, criterion -1.395770

misclassification matrix
fhat

f 1 2
123 0
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5 Cass 1 : Variables left in nodel 1 2 3 6614 7191
regression coefficients 49.56588 23. 12080 11. 65796
W0 28448882 0.3467873 10 PCT/AU2004/000696
EE R I I S S S S S S S S S S
Iteration 22 5 cycles, criderion -1.360305
m sclassification matrix ffiat 15 f 12 1230 20
22 f oy =true class 20 Class 1 : Variables left in
nodel 1 2 3 6614 7191 regression coefficients
rowo=6ou9Cc PBS9 4769 11. 67193 -28.22219 0.3471588 25
****~k**************************’t***************
Iteration 23_;#0 cles, criterion -1.359116
Clapgc| hssi Yeriartee nbef b xi?@rdes0 f 1 2 1230 20
1 223resustTLelclass 35 Cass 1 : Variables left in
nodel . 1 2 3.6614 7191 regression coefficients WO
TeIHBA7 10% 650" PLTT ATR0D4/ 000696 - 98 49. 6649 23. 16588
481475384 372 . 3508 4D1 04 BA40209%7 . 56866 0.3397475

kkhkkkhhkkhkkhhkkhhkhkkhhkkhkhkkhhkhkkhhkhhkhkhhkhkhkkihkhkkhkkhhkhkkihkhkikkikkk*x

Iteration 24 4 cycles, criterion -1.358314 5

******************X****************************

Iteration 17 : 5 cycles, criterion -1.382936

misclassification matrix

fhat
£ 1 2
123 0
2 0 22

row =true class

Class 1 : Variables left in model

12 3 6614 7191

regression coefficients

48.88196 22.80978 11.49636 -27.79991 0.3424153

khkkkkhhkkhkkhkkhhhkhhkhkhkkhkhhhhhkhkhhhkhhhhhhkkhhkkkkkkxk

Iteration 18 : 5 cycles, criterion -1.374340

misclassification matrix

fhat
f 1 2
123 0
2 0 22

row =true class

Class 1 : Variables left in model

12 3 6614 7191

regression coefficients

49.16029 22.93629 11.56209 -27.95811 0.3442109
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m sclassification nmatrix fhat f 1 2 123 0 10 2 0

22 row =true class Class 1 : Variables |left in node
wd 2043048604 7191 15 regression coefficients 49@9A0204/000696

23.17818 11.68776 -28.26025 0.3475789

EE I b b I b I b I b B b b b I b I I S I b I b b I b I b b S I b I I b b B b b

Iteration 25 4 cycles, crit®rion -1.357772 20

m sclassification matrix fhat f 1 2 123 0 25 20

22 row =true class Cass 1 : Variables left in npde
FEEFDRBFEBIATVAOI RO TR AT R EHET TR Rht s D, 71017

1t83a¢86A49141. 69298cg8§e3,70§21Qe§£rgx§9332. 368567

R e e S O b S R Ik S S e b b R R IR R e e b b R R

Iteration 26 4 cycles, criterion -1.357407 35
mistciabasfiéatbbnanatdixi x fhat WO 2004/ 104856
PEIL AU2004/ 000696 - 99 f 12 1230 20 22

£ 1 2
123 0
2 0 22

row =true class

Class 1 : Variables left in model

1 2 3 6614 7191

regression coefficients

49.34987 23.02251 11.60689 -28.06586 0.3454208

khhkhkkkdhhhkkhkhkhhkhhhkhhkhhhhhhkhkhkhkhkhkhhkhkhkhkhrhhhhhkid

Iteration 20 : 5 cycles, criterion -1.364684

misclassification matrix

fhat
f 1 2
123 0
2 0 22

row =true class

Class 1 : Variables left in model

1 2 3 6614 7191

regression coefficients

49.47861 23.08109 11.63732 -28.13903 0.3462368

hhkhhkkhhhhhhkhhhhhkhhkhhhkhkhhkhkhkhhhkhkhhhhhhkkkhhhkhkhdk

Iteration 21 : 5 cycles, criterion -1.362068

misclassification matrix
fhat
£ 1 2
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row =true class 5 Class 1 : Variables left in nodel

1 2 3 6614 7191 regression coefficients 49.72251
wWQ@30019@4836 11. 695 -28.27763 0.3477704 10 PCT/AU2004/000696

LI IR SR I SR I b I b I I b I b I b I b I I I b I b I b I b b b I b I IR b A b I b b

Iteration 27 4 cycles, c!i% rion -1.35716

m sclassification matrix 15 fhat f 1 2 1 23 0 20

gzzgomb:true class 20 Cass 1 : Variables left in

nodel "1 2 3 6614 7191 regression coefficients

290 03984 23.19590 11.69697 -28.28237 0.3478225 25

khkkkkkkhkdhhkhkhhhhhhhhhhhhhhhhhhhhhrhrrrrrrrrxxx*
row =true class

Iteration 28 3 cycles, criterion -1.356993
m sclassification matrix 30 fhat f 1 2 123 0 20
clads' oy Fivarisghrnses 18bt Amsfiodel Variables left in

r 3T hebbcAHIbosos

regression coefficients
49.56588 23.12080 11.65796 -28.18862 0.3467873

khkhkkdhkhkhkkhkhkhhhhhhhhhkhkhkhkhhkhhkhkhkhkkhkhhkhkhdkhkkhid

Iteration 22 : 5 cycles, criterion -1.360305

misclassification matrix

fhat
£ 1 2
123 0
2 0 22

row =true class

Class 1 : Variables left in model

1 2 3 6614 7191

regression coefficients

49.62496 23.14769 11.67193 -28.22219 0.3471588

khkkhkhkkkhkhkkhkhhkhhhhhhkhhhkhhhhhhhhhhhhhhhhhhhkhhikk

Iteration 23 : 4 cycles, criterion -1.359116

misclassification matrix

fhat
f 1 2
123 0
2 0 22

row =true class

Class 1 : Variables left in model
1 2 3 6614 7191

regression coefficients
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- 100 regression coefficients 49.73646 23.19846

11. 6983 -28. 28556 0.3478577
WOQG‘)’WIM'SSG‘************************************I—"(’,’T/A52004/000696

Iteration 29 3 cycles, criterion -1.356881

m scl assification matrix f%gt f 12 10123020 22

row =true class Class 1 : riables left in nodel 15

4538550009 - 15 8303 L TR 387730 A4 Tog1q 2ode 1100

kkhkkkhhkkhkkhhkkhhkhkkhhkkhkhkkhhkhkkhhkhhkhkhhkhkhkkihkhkkhkkhhkhkkihkhkikkikkk*x 20

* A2 x3R #3 G WGIXRFe# *Glala @ik QR # % % x3RERAT w e
m sclassification matrix fhat f 1 2_ 25123 0 2 0 22
Itesptiomuédcl dss docysdes . cVAtezirss -LefP8d4nodel 30
1 2 3 6614 7191 regression coefficients 49. 74283
23..20136.,11. 69981 -28.28918 0.3478975 1 35
mifCIASSIHICALAPTORAEA e pred WO 2004/ 104856
P@HaAU2004/ 000696 - 101

£ 1 2
123 0
2 0 22

row =true class

Class 1 : Variables left in model

12 3 6614 7191

regression coefficients

49.69192 23.17818 11.68776 -28.26025 0.3475789

khkkkkkkhkhhhhkhkhkhhkhkhkhkhkhkhhkhkhkhhkhhkhkhhkkhkkkhkkkhhdk

Iteration 25 : 4 cycles, criterion -1.357772

misclassification matrix

fhat
f 1 2
123 0
2 0 22

row =true class

Class 1 : Variables left in model

12 3 6614 7191

regression coefficients

49.71017 23.18649 11.69208 -28.27062 0.3476932

khkkkkkhkhkhkhkhkhhhhhhkhhdhhkhhkhkhhkhkrhkhhhhkkhhkkkkkkk®

Iteration 26 : 4 cycles, criterion -1.357407

misclassification matrix
fhat
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yl1234 14000 20300 300405400014
Identifiers of variables left in ordered categories

wornaeli0488611 7188 10 Ordered categori es exanpl BCT/AT2004/000696
prostate data 15 sanples 50 genes. For k=0 and b=le7
we get the follow ng res_ulgts_rri sclassification table
15 predy 12 3 4 14000 20210 30040 20

40P G4 Identifiers of variables left in ordered
categories nodel 1 25 For k=0.25 and b=1e7 we get the
fbl3dbwithg results nisclassification table pred y 1 2
4031400020300 30040 4000435
Identifiers of variables left in ordered categories

T eFTUS ULRAD 2004/ 104856 PCT/ AU2004/ 000696 - 102 A
record of the iterations for k=0.25 and b=1e7 is given

c ggg“’l : Variables left in model

1 2 3 6614 7191

regression coefficients

49.72251 23.19211 11.695 -28.27763 0.3477704

khhhhhkhhkhkhhkhhkkhkhhhhhhhkhkhhhhhkhhkhkhkhkhkhkhkkkkk

Iteration 27 : 4 cycles, criterion -1.35716

misclassification matrix

fhat
£ 1 2
123 0
2 0 22

row =true class

Class 1 : Variables left in model

12 3 6614 7191

regression coefficients

49.73084 23.19590 11.69697 -28.28237 0.3478225

khhhkkkkhkkkkhhkhkhkhhhkhhhkhkkhkkkkhkhhhhkhhkkhhkhkkhhhkdk

Iteration 28 : 3 cycles, criterion -1.356993

misclassification matrix

fhat
f 1 2
123 0
2 0 22

row =true class

Class 1 : Variables left in model
1 2 3 6614 7191
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kkhkkkhhkkhkkhkkhhkhkkhhkkhhkkhhkhkkhhkhhkhhhkhkhkkihkhkkhkkihkhkkihkkikikkikkk*x 5

Iteration 1 19 cycles, criterion -0.4708706

won@®ehesss fi cation matrix fhat f 1 2 10 1 23rOr/2udo2/800696
row =true class Class 1 Nunber of basis functions in
nmodel : 53 15

*************************J‘pvo*******************

t -1.536822
reh$gg?%§§P ?3%??%%Lﬁgfrfilfﬁ;{onzo f 12 1230 20

49223640 23 L28EF a3L. 6883 528.-218RpohHRr3978DA%i s

functions in nodel : 53

L IR S I IR I b I b I I S I b I I I b P I I S I I I S I I I I I I I I I b b
LT TORT B AT B LI T LT Bt T b b e
It8ratiens2di cati Bncpeléesx SPitdpionf-1.2564823 0 2 0

22 row =true class 35 dass 1 Nunber of basis

functions in nodel : 42
miSéi&SSifiéatibn*matrix************************* V\i)

2@Q€£104856 PCT/ AU2004/ 000696 103 Iteration 4 5

cyc criterion -2.132546 m sclassification matrix
123 0
2 0 22

row =true class

Class 1 : Variables left in model

12 3 6614 7191

regression coefficients

49.74026 23.20019 11.6992 -28.28772 0.3478814

kdhdddkdddd ek dhdddhdhkdhkkddddkdkhdkddkhdkhkhhkkhkkkkkkkkk

Iteration 30 : 3 cycles, criterion -1.356805

misclassification matrix

fhat
£ 1 2
123 0
2 0 22

row =true class

Class 1 : Variables left in model

12 3 6614 7191

regression coefficients

49.74283 23.20136 11.69981 -28.28918 0.3478975

misclassification table

pred
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fhat 5 f 12 1230 2 0 22 row =true class 10 C ass

1 Nunber of basis functions in nodel : 18
WOQGD’&H(M’SS@************************************I—"(’,’T/AU2004/000696

Iteration 5 5 cycles, criterion -1.978462

m scl assification rratrix_lﬁ{h_at f 12 1230 20

22 row =true class 20 da % 1 Nunber of basis

f unct, in nodel : 13
y**5’(92)(%:*%**************************************

1% & & i® 6 5 cycles, criterion -1.668212 25
g selassigication matrix f hat f 12 1230 20 22
30 row =true class Class 1 : Variables left in node
BP?P A D 41 43 45 regression coefficients 35
.ol £22. 30781 13.04342 -16. 23506 0.003213167
0. 006582334 -0.0005943874 -3.557023 WD 2004/ 104856
PCT/ AU2004/ 000696 - 104
Identifiere Of variables Teft: Hnt ordered vategories model
sdif’AldPn 7 5 cycles, criterion -1.407871

Ordered categories example
Luo prostate data 15 samples 50 genes. For k=0 and b=le7 we

get the following results

misclassification table

pred

y 123 4
14000
20210
30040
4 000 4

Identifiers of variables left in ordered categories model
1

For k=0.25 and b=1le7 we get the following results

misclassification table

pred

Yy 1234
14000
20300
30040
4 0004

Identifiers of variables left in ordered categories model
1 42
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m sclassification matrix 5 fhat f 1 2 1 23 0 2 0 22
row =true class 10 Cass 1 : Variables left in npde

wd 2043048540 41 43 45 regression coefficients 3BCRATAD4/000696
24.69518 14.61792 -17.16723 1.112172e-05 5.949931e- 15
06 -3.892181e-08 -4. 2906

************************_**J*kak*—*****************
Lteratd o . criterion.-1.2 68 _ . .
A peEoRt 8% Fnd TYELERioRY! ERE RRp 357440085189 15 giyen
be2®wr ow =true class Class 1 : Variables left in nodel
1 2 3 4 10 45 regression coefficients 30 39. 15038

26.51011 15.78594 -17.99800 1.125451e-10 -4.799167
o e e e g e g o e e e e g e e g e e g e o g e Je e e e e e e e e B EEHEEFFE e FFE

Itlelr@tdbnon 9:5 g¢yckosles!, i tehiikefioh. 1474348306
m sclassification matrix fhat f 1 2 WO 2004/ 104856

PCT/ AU2004/ 000696 - 105 1 23 0 2 0 22
misclassification matrix

fhat
£ 1 2
123 0
2 0 22

row =true class
Class 1 Number of basis functions in model : 53
kkhkhkhhkhkhkkhkkkkkkhkhhkkhkhkhkhhkhkhkkkkkkhkkkkhkhkkkkkkkk®k

Iteration 2 : 7 cycles, criterion -1.536822

misclassification matrix

fhat
f 1 2
123 0
2 0 22

row =true class
Class 1 Number of basis functions in model : 53
bk hkkkkkhkhhkkhkhhkhkhhhhkhhkhkhhkhkkkkkkkkkkkhkikk

Iteration 3 : 5 cycles, criterion -2.032919

misclassification matrix

fhat
f 1 2
123 0
2 0 22

row =true class

Class 1 Number of basis functions in model : 42

khkhkhkhkkhkhkkhkhhkhhkhkkhkhhhkkkkkkhkkkkhkhkhkkhkhkdkdhhkkikk
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row =true class 5 Cass 1 : Variables left in nodel 1
2 3 4 45 regression coefficients 40.72797 27.73318
wd 0036443836 - 18. 61816 -5.115492 10 PCT/AU2004/000696

kkhkkkkkhkkhkkhkk* t**********************************
)

Iteration 10 5 cycles, criterion -1.09211
m sclassification matrix f~mat 15 f 1 2 1230 20

22 rQw =trrue cl.a G ass.,l .. Variahl left in
Ttezatitn 4,3 454%§F§%fésgféﬁeggg¥fi3?23?%451.74539
28. 49967 17.04204 -19.03293 -5.302421 25

_~k*~k*~k**_*f*_*~k**_*~k*~k*~k**,*~k************************
misclassification matrix

Iteration 11 5 cycles, criterion -1.060238
mfd@tassification matrix fhat 30 f 1 2 1230 20
£ 22 nmowa=true class 35 Cdass 1 : Variables left in
gg%}l 1 2 3 4 45 regression coefficients WO
/1(94856 PCT/ AU2004/ 000696 - 106 42. 36866
28. O@26 17. 32967 -19.29261 -5.410496

kkhkkkhhkkhkkhhkkhhkhkkhhkkhkhkkhhkhkkhkhkhhkhkhhkhkhkkihkhkkhkkihkhkkihkikikkikkk*x

™M e=rt§tu|eor$lf2°’55 cycles, criterion -1.042037

Class 1 Number of basis functions in model : 18

khkkkkhkkkhhhkkhhhkhkhkhkkhkhkhkhhkhkhhkhhhkhkhkkdkkhhhdhhhhkik

Iteration 5 : 5 cycles, criterion -1.978462

misclassification matrix

fhat
£ 1 2
123 0
2 0 22

row =true class
Class 1 Number of basis functions in model : 13
khkkhkkhkhkhkkkkhkhkhhkhkhkhkkhkhkkkkkhkhhkhhhhkhkkkkhkkkkkkkkk®

Iteration 6 : 5 cycles, criterion -1.668212

misclassification matrix

fhat
f 1 2
123 0
2 0 22

row =true class

Class 1 : Variables left in model

123 4 10 41 43 45

regression coefficients

34.13253 22.30781 13.04342 -16.23506 0.003213167 0.006582334
~-0.0005943874 -3.557023



10

15

20

25

30

35

5 msclassification matrix fhat f 1 2 123 0 10 2 O
22 row =true class Class 1 : Variables |left in node

wd 2043048565 15 regression coefficients 42. 73908CT/AU2004/000696
29. 23176 17.49811 -19.44894 -5.472426

**************************fdk4*******************

Iteration 13 5 cycles, criterion -1.031656 20
*ﬂﬁﬂyﬂ*asshﬂh@a&h@n*ﬁ&&&mx**ﬁha&*ﬁ*i*z**}*ZR*Q* 25 20
rue class : ab i n node

|
Itfrft§°2 25 30 Ped¥& ?l0n°5&§FFF€Pen95333%35536
29. 38894 17.59560 -19.54090 -5.507787

***l*****f***ii:******ii:****************************
misclagsirication ma
Iteration 14 4 cycles criterion -1.025738 35

mifd@tassi fication matrix fhat WO 2004/ 104856
£ PCTAAU2004/ 000696 107 f 1 2 1 23 0

123 0
2 0 22

row =true class

Class 1 : Variables left in model

123 4 10 41 43 45

regression coefficients

36.90726 24.69518 14.61792 -17.16723 1.112172e-05 5.949931e-
06 -3.892181e-08 -4.2906

khkhhkkkhkhhhhkhhhhhhkhhhhhkhhhhhhhhhhhkhkhkhhhkhhkkdthk

Iteration 8 : 5 cycles, criterion -1.244166

misclassification matrix

fhat
f 1 2
123 0
2 0 22

row =true class

Class 1 : Variables left in model

123 4 10 45

regression coefficients

39.15038 26.51011 15.78594 -17.99800 1.125451e-10 -4.799167

hkkhkhhkbhhhhhhhkhkhkhhkkhhkhkhhhhhhhhhhhkhhhhdhhhkik

Iteration 9 : 5 cycles, criterion -1.147754

misclassification matrix
fhat
£ 1 2
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2 022 row=true class 5 Cass 1 : Variables left in
nmodel 1 2 3 4 45 regression coefficients 43. 08034
WQ@N04/1@836 17. 65163 -19. 59428 -5.527948 10 PCT/AU2004/000696

LI IR SR I SR I b I b I I b I b I b I b I I I b I b I b I b b b I b I IR b A b I b b
Iteration 15 4 cycl es, criégrion -1. 022366
msclassification matrix $8°fhat f 12 1230 20
ﬁgﬁéowbztrue class 20 Cass 1 : Variables left in

| "1 2 3 4 45 regression coefficients 43.15213
29.63225 17.68372 -19. 62502 -5.539438 25

*kkkkkkkkk khkkhkkhkkhkkhkkhkkhkkhkkhkkhkkhkkhkkhkkhkkhkkhkkhkkhkkhkkhkkhkkhkkhkkhkkhkkhkkhkkhkkhkkhkkhkkkkkkx
row =true c

sSs
Iteration ?6 4 cycles, criterion -1.020444
m sclassification matrix 30 fhat f 12 1230 20
ClZds! OW FtVvaRi&hBeS 186t AmShodel Variables left in

L Joge) 43 23 4 45 |

regression coefficients
40.72797 27.73318 16.56101 -18.61816 -5.115492

hhkhhkhkhkhkhkhkhhhhhhhhhhhhhhkhkhkhkhhkhkhhkkhhkkhkkkkkhdk

Iteration 10 : 5 cycles, criterion -1.09211

misclassification matrix

fhat
£ 1 2
123 0
2 0 22

row =true class

Class 1 : Variables left in model

123 4 45

regression coefficients

41.74539 28.49967 17.04204 -19.03293 -5.302421

khkkhhkhhkhhhkhhhhhkhkhhkhkhhhhhkhhhhhhhhkhkdhhihkkkhik

Iteration 11 : 5 cycles, criterion -1.060238

misclassification matrix

fhat
£ 1 2
123 0
2 0 22

row =true class

Class 1 : Variables left in model
1 2 3 4 45

regression coefficients
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WD 2004/ 104856 PCT/ AU2004/ 000696 - 108 regression
coefficients 43.19322 29.56089 17. 70206 -19. 64265
WO 200346386 PCT/AU2004/000696

kkhkkkhhkkhkkhhkkhhkhkkhhkkhkhhkhhkhkkhhkhhkhkhhkhkhkhkhhkhkkhhkhhkhkkhhkhkkhkkkihkk*k 5

Iteration 17 4 cycles, criterion -1.019349
msclassification matrix #H& - f 1 2 10 1 23 0 2 0 22

42196688 53008 LT et T ™ Hed 20 577s0”
17. 71252 -19. 65272 - 5. 549713

BRI e S S S S S I e i Sk S e i ik ik ik A S 3 R R R R R Sk S 20
hkhkhkhhkrkhkhkhkkhkhkkkhkhhkkkhkhhhkkhkhhkhkkkhkkhkkkkhhhkhkhdd

Iteration 18 3 cycles, criterion 018725
Iterakiensl?icatidreyRiesx ¢hbkerion 21.048203%3 0 2 0 22
row =true class Class 1 : Variables left in nodel 30
1 f 3 4 45 regression coefficients 43. 23008 29. 58745
migel a/*i%ﬁ%l‘?i%%‘g%éaaitr’s’.‘ 551837

*fﬁét****************************************** 35

g lte atéon 19 3 cycles, criterion -1.01837
m sCl assification natrix WO 2004/ 104856
PA2 AR004/ 000696 - 109

2 0 22

row =true class

Class 1 : Variables left in model

123 4 45

regression coefficients

42.73908 29.23176 17.49811 -19.44894 -5.472426

hkkkhkkhkhhkhkhhkhkhkkhkhkhkhhkkhhkhkhkkhkhkkhhhkhhhkhhhkhkkkkk

Iteration 13 : 5 cycles, criterion -1.031656

misclassification matrix

fhat
£ 1 2
123 0
2 0 22

row =true class

Class 1 : Variables left in model

12 3 4 45

regression coefficients

42.95536 29.38894 17.59560 -19.54090 -5.507787

khhhkhhkhkhkhkhkkkhkhkkhkhkhkhhkhkhkhhhkhkkkhhkhkhkhkhhkhkhkhkikih

Iteration 14 : 4 cycles, criterion -1.025738

misclassification matrix
fhat
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fhat f 1 2 1230 20225 row-=true class Cass 1
. Variables left in nodel 1 2 3 4 45 regression
waeomifioassent s 10 43. 23772 29.59295 17.72188 PCT/AU2004/000696
-19.66176. - 5. 553047
EE I b b I b I b I b B b b b I b I I S I b I b b I b I b b S I b I I b b B b b
Iteration 20 3 cycl es, critPérion -1.018167 15
nisglaﬁsification matrix fhat f 1 2 1230 2 0 22
20 Tow =true class Cass 1 : Variables left in npde
1 233 4 45 regression coefficients 25 43.24208
29. §9698 17.72382 -19.66363 -5.553737
khkkhkkhkkhkkhkkhkkhkkhkkhkkhkkhkkhkkhkkhkkhkkhkkhkkhkkhkkhkkhkkhkkhkkhkkhkkhkkhkkhkkhkkhkkhkkhkkhkkhkkhkkhkkkkhkkkkkkkxkx
rovt sEBPP0R12883 cycles, criterion -1.018052 30
m sclassification nmatrix fhat f 12 1 23 0 2 0 22
cl35 roglzt ue, cl] ass gégss,l : % iables left in nodel
W 2004f 10383 | PERBOARBPE®E - 110 1 2 3 4 45
1 2 3 4 45
regression coefficients

43.08034 29.47941 17.65163 -19.59428 -5.527948

khkkkkhkhkhkhkhkhhkhhhkhhhhkhhhhhkhhdhdkkhdhkhdkkhhdhkhhhkhi

Iteration 15 : 4 cycles, criterion -1.022366

misclassification matrix

fhat
f 1 2
123 0
2 0 22

row =true class

Class 1 : Variables left in model

123 4 45

regression coefficients

43.15213 29.53125 17.68372 -19.62502 -5.539438

khkkkhkhkhkhkhkhkhkhkhkhhkhkhkhhkhhhhhkhhhhhhhhhihhddhkkikkikikikhk

Iteration 16 : 4 cycles, criterion -1.020444

misclassification matrix

fhat
f 1 2
123 0
2 0 22

row =true class

Class 1 : Variables left in model
1 2 3 4 45
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regression coefficients 43.24456 29.59787 17.72493
-19. 66469 -5.55413 5
WOQGDa/,lodssgc************************************PCT/AU2004/000696
Iteration 22 3 cycles, criterion -1.017986
m sclassification matrix fhat 10f 12 1230 20
22 row =true class 15 G as881~: variables left in
nodel , 1 2 3 g.45 regression coefficients 43.24598
regsegeial G9°55483°R58 con3 -5 554354 20 1
43019822s3Pf 5608D 071 202@6 pPL2U642852-3.8452841 4 0 0 O
20300 30040 40004 I1dentifiers of
variables left in ordered categories nodel 30 1 42 WO
**PO0AF IDABEE* PETF AUROOAF HOOEYE* ¥ * A ¥ * & VB
1t DEELNLAG THE, | NYEDFL Ck AREr ASe F QL4 OV, 0193 £ Met hod of
identifying a subset of conponents of a system based
on data obtained fromthe systemusing at | east 5 one
mibédhBbDgicagpbe maesikhe system the nethod conpri sing
tg gteps of : obtaining a |inear conbination of
c ﬁﬁ nents of the system and weightings of the |inear
f conti nati on of

123 O
2 0 22

row =true class

Class 1 : Variables left in model

123 4 45

regression coefficients

43.21670 29.57780 17.71252 -19.65272 -5.549713

hkkkkkkkhkkhhkhkhhkhkhkhhhkhkhkhkhhhkhkhhhhkhkhhkhhhkhkhhkkhdkd

Iteration 18 : 3 cycles, criterion -1.018725

migsclassification matrix

fhat
f 1 2
123 0
2 0 22

row =ztrue class

Class 1 : Variables left in model
1 2 3 4 45

regression coefficients
43.23008 29.58745 17.71848 -19.65847 -5.551837

khkhkhdkkhkhkhkhkhkkhkkhkkkhkkhkhhkhkkkhkhhkhhhkkhkhkkhkhkkhhkkhhk

Iteration 19 : 3 cycles, criterion -1.01837

misclassification matrix



10

15

20

25

30

35

conmponents, the weightings having val ues based on data
10 obtained fromthe at | east one training sanple, the
w@bookaesse one training sanple having a known PEEAULM®H/000696
obtai ning a nodel of a probability distribution of the
known feature, wherein th del is conditional on the
I i near conbi nati on of conponents; 15 obtaining a prior
dkﬁ%gibution for the weighting of the |inear
conbi nation of the conponents, the prior distribution
conpriding a hyperprior having a high probability
gepsity close to zero, the hyperprior being such that
%t hszgot a Jeffreys hyperprior; 20 conbining the
rior“flistribution and the nodel to generate a
roposteneoeldsstri bution; and identifying the subset of
conponents based on a set of the weightings that
maxi m se the posterior distribution. 25 2. The nethod
Classcl i reMarpablepmieftwhnruwpdel he step of obtai ning
1 the hipsar conbination conprises the step of using a
Bayesi an statistical nethod to estimate the
regepgRiPRgsoeifichentet hod as clained in claim1 or 2,
43faByher 280s500ppr 19i.ng1BbBe-sbepe 0y 6 maki pg3aa7apri ori
assunption that a majority of the conponents are
unlikely to be conponents that will formpart of the
krdyBEEp kR EANPINENF SRR TRbr ppthpY as ek ed i n any
ItEQSt%nFEB P'Eec§%ggle§? QLE‘hQ’Eioﬂhﬁfi?bEs%F?
yperprior conprisés one or nore adjustable
paraneters that enable the prior distribution near
miZehask9fhea¥abhchlat WP2004/ 104856 PCT/ AU2004/ 000696
112 5. The nethod as clainmed in any one of the
pf@@&ding claims, wherein the nodel conprise a
f mat mematical equation in the formof a Iikelihood
guggtign that provides the 5 probability distribution
aSéd on data obtained fromthe at |[|east one training
ganpl @2

row =true class

Class 1 : Variables left in model

123 4 45

regression coefficients

43.24208 29.59608 17.72382 -19.66363 -5.553737

hhkhkkdhdkddddkddddkdkkddkdddkdhkkhdkddhhkhhkkkkhkkkkkkkihk

Iteration 21 : 3 cycles, criterion -1.018052

misclassification matrix

fhat
f 1 2
123 0
2 0 22

row =true class

Class 1 : Variables left in model
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6. The method as clainmed in claim5, wherein the

l'i kelihood function is based on a previously described
worpaeli0483® for describing sone probability PCT/AU2004/000696

di stribution. 7. The nethod as clainmed in any one of

t he preceding clains, @hiﬁgig the step of obtaining

the nodel conprises the p of selecting the node
1 % om a, group conprising a 15 nultinom al or binom a

oglstlc regression, generalised linear nodel, Cox's
regr@p@*?moﬁgﬁfﬁagaﬁmtsnDdeI accel erat ed fallure nodel

43 aﬂﬂwar@mww S Vi %83 D8l 66869 The, sBihpd as
claimed in claim7, wherein the nodel 20 based on the

mul tinom al or binom al |ogistical regression is in
ke RErFOF MOk + 2+ EX I X O r Aix G dr £I*F 4 P rifixGd T G 1

i=1 g=1 1+ 1. eXi 1+ 1: i_ah 1 25 9.
It?ﬁ%tgr%?h%%l ad cf af PP %Pa?ﬁ’?on\/\h]ér%'}g?%e nmodel
based on the generalised linear nodel is in the form

mJ.QE% Q?[BEQ%EQ{ME’L%@HE {yiei-b(9) +e(Yi,(P) } i=1

od as clained in cIa|n17 wherein
tﬁbahndel 30 based on the Cox's proportional hazards
£ nodel s in the form WO 2004/ 104856 PCT/ AU2004/ 000696
113_ of: di 1t ,Q_ Nexp Zj,(3) exp ziQ j_I
123 0
2 0 22

row =true class

Class 1 : Variables left in model

123 4 45

regression coefficients

43.24598 29.59889 17.72556 -19.6653 -5.554354

misclassification table
pred

Y 1
14
20
30
4 000 4

Identifiers of variables left in ordered categories model

1 42

2
0
3
0

h O O W
o o o »



10

15

20

25

30

35

Y iE91 J M11. The nethod as clained in claim?7,

wherein the nodel based on the Paranetric Survival
wonaali048s6 i n the formof: 5 N L=L c to +c torPewAUbR004/000696

i=1 n\Yi' | 12. The nmethod as clained in any one of

t he preceding clains, @hfagig the step of identifying

t he subset of conponents nprises the step of using

g S iR RIS P Ul ) AL el L)

ution s nmaximsed.
13. The nethod as clainmed in claim12, wherein the

1.1 tergthyendd e diliént SeWhdM adiddd MR doinpdherfts of a
net hod for ideptifying ‘a subset of conponents of a

sYgtep R=soh ¢h drta cehbdired i fxemshe FYREFRISING R least

oné Nt PaiNiveg Ofafp Pé Uf 2ih t ¥h&f syps €S | 106l s thif$ , corier B ihg
tnS2C ﬁ%ou . is defined by a response to a test
¢ r25THENT Tt he nethod 20 conprising the steps of:

exposhraimind va al inganfcomb et on ©f onmsten teai freite
syé@gmgéﬂéfp&é‘ﬂgﬁbfnﬁbéfc{ﬁ | {400 4 £SO En I LHPS, paSEM

on response t O_ e_ tr ea?msn , heasuri ng corrponent S
compor¢retsubfhetweightings  krning ywalpes duied o data
obERIROACHLESm! ERE 46 TERAP! Sndf tr&lRodd fydm@1dNethe at least

Subj ects 1nto response groups using a statisti cal
ong L brIiRing /MRl e R Ve 3 oiee PQ%MM/ 000696 -

114 oBfairdieg n@thede Rsof|&ipisbali L oy sk ritherdm of the
bl 5 bt3! | FRLRAOE HRL AL o RSl S5l "
linear combination of components;

obtaining a prior distribution for the weighting of
the linear combination of the components, the prior
distribution comprising a hyperprior having a high
probability density close to zero, the hyperprior being such
that it is not a Jeffreys hyperprior;

combining the prior distribution and the model to
generate a posterior distribution; and

identifying the subset of components based on a set of

the weightings that maximise the posterior distribution.

2. The method as claimed in claim 1, wherein the step of
obtaining the linear combination comprises the step of using

a Bayesian statistical method to estimate the weightings.

3. The method as claimed in claim 1 or 2, further
comprising the step of making an apriori assumption that a
majority of the components are unlikely to be components

that will form part of the subset of components.

4. The method as claimed in any one of the preceding
claims, wherein the hyperprior comprises one or more
adjustable parameters that enable the prior distribution

near zero to be varied.



10

15

20

25

30

5 16. An apparatus for identifying a subset of
conponents of a subject, the subset being capable of
wheiongo4ssed to classify the subject into one BET/AU2004/000696
plurality of predefined response groups wherein each
response group, is forned % _exposing a plurality of
subjects to a test treatnen and 10 grouping the
subj ects into response groups based on the response
to the treatnent, the apparatus conprising: an input
5.for Theerebhed paselaime gnﬁ@neersoeﬁ ?fethe preeeding

c1§gﬂspraﬁeﬁehﬁgtneamedepe& slée adﬁathéMaaleabse&uaélon
, copponents that is . ca e 0 use
ing PREoPPomL HE 2shbkel taoPlr BurethonobhaF oRbeviarAgthe
per&bh$ityaalannhbﬁtsonnbhhed ol 7dafthechppined ufras the at
erein the 20 statistica
legﬁal sgshg%?hgé c%g%Pﬁges the nethod as claimed in
any one of claims 1 to 15. 18. A nethod for

6. 'de”&hEYhQGhédsabséiaQEe&059°8f§1ﬁ of @heeabheeﬁethat
I S_capabl classifying_the subject as_being

llkeépaﬁeﬁvéueetheﬁ igshaasdventd PF%&%ﬁEﬁ%Ymﬂ?ﬁcﬁlP%étm°del
foeOaRBUREbihiesombhpdobaBRLE 8y N@ibbeibtepsnof : exposi ng

a plurality of subjects to the test conpound and

groupi ng the subjects into response groups based on
7.eachTheupebdd asspdasmedoinhanyeshecofipbbadpréfeding

ur L n f .kh n e

cLERSy  WPO-E T RRE b Eel' op PoRUPhERL End oap So00R L0
theos@pasgﬁfyeﬂﬁetsesj§besmpﬁeé ﬁeepoﬁssrgwsueempHSPhggaa

mui%@hbﬁ&b@abraBihEﬁhﬁlnﬁbaQQt135ré§reggQoﬁ?tB@He@ﬁllsed
clained in claim18 i S%atIStlci anal¥5|s 4
11H€FHOH°€8ﬁprFgesstﬁé°ﬁefﬁ68n§ BRZRRES TPASany36figlerate
faillaresmbded idd Perane4rit48aoviReal Ad881/ 000696 -
115 20. An apparatus for identifying a subset of

conmponent s of
8. The method as claimed in claim 7, wherein the model

based on the multinomial or binomial logistical regression

is in the form of:

€iG
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9. The method as claimed in claim 7, wherein the model

based on the generalised linear model is in the form of:

“logp(y | 8, )= (2020 | (). 4
o a(9)
10. The method as claimed in claim 7, wherein the model

based on the Cox's proportional hazards model is in the form
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a subject, the subset being capable of being used to

classify the subject into one of a plurality of
w@emdabdisped 5 response groups wherein each responae2004/000696

group is fornmed by exposing a plurality of subjects

to a conpound and groupinﬁ the subj ects into response

groups based on the respo dé t t he conpound, the
fgpparatus conpri sing; an input operable to receive
°*feasured conponents of 10 the subjects; processing
nmeans operable to identify a subset of conponents
that is capable of classifying the s ¥ ects into
response groups usj,ng a statisti anal ysi s net hod.
15 21. T, agég Ns as EFﬁmkgdéfa i m20, wherein

t he stat alys ri ses the nethod

as claimed in any=d 2? Q%QngV%qu 15. 22. An

apparatus for identi yTﬂ%!a subset of/ conponents of

20 a systemfrom data generated fromthe systemfroma

plurallty of sanples fromthe system the subset beln%_

1lecapabre Bethed s ebainedpirdfidim Ted¥ipretn the gagde
ba8adPbR, théhPadRRet AL USSEHVPVATI Hgded PEOLRSEhEJEHEANSE

operable to: 25 obtain a |inear conbination of

conponents of the system and obtain weightings of the

| i near conbpynation of conpo ents t he

o o

wei ght i ngs éqg bt ai ned from
at | east orf ralnlng sanple t one
training sanp e having a kno f aturé obtaining a
nodel of a probab|I|ty distribution of a second
featy e, wherei n the pod i s conditiopal
121§ neHPE BADRAG: FBnC LRI BOT bR CHEL, OBy GF nFhG BE Breding
cldhmhrlbhéremnfahetheepebghidegelﬁflnghEhélsehset of
t r
cofBSReNBh, COmBLiha; ERATORER Sr SPEaHiaR) sterative . o,
praceduset Hucpr tbntptbbaprbbalylhatx densibtyoofethetpopberior
ai¥etigdeivher 8l RakhmiBygerprior is not a Jeffrey's
hyper pri or;

13. The method as claimed in claim 12, wherein the

iterative procedure is an EM algorithm.

14. 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, the method
comprising the steps of:

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

measuring components of the subjects; and

identifying a subset of components that is capable of
classifying the subjects into response groups using a

statistical analysis method.
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WO 2004/ 104856 PCT/ AU2004/ 000696 - 116 conbining the

prior distribution and the nodel to generate a
w@omiao4ses di stribution; and identifying the sPhEaU2008/000696

conmponent s havi ng conponent weights that nmaxim ze the

posterior distribution. 5 23. The apparatus as cl ai ned

in claim?22, wherein the lﬁﬁoéessing nmeans conprises a

150N ged to execgute of t e. 10 24.

Conpﬂ% prog?a ?% &hbﬂ %i%ﬁﬂmgé b %?%ﬁﬂpéh?ng
stapmatataé aaalmasstmethodpcbmpglappatheuaethodaasycbmimed
. h | i pgany one of clainms 1 to 13.
1n2§$y g@%n%gtg?agégdggge Eedlun1conpr|3|ng t he conputer

15 programas clainmed in claim24. 26. A nethod of

16t estmgagpéaa@hs E6PM QesYSEFIMY Oa | SOPLEE Vo £ AcdfiGdMéSts of
of . the sa t he nethod conpr|5|ng the steps._o

a pubieRb fb : sEBﬁ%Et 81ng oRpBRRAE SO h%?lﬁﬁeuﬂ?ﬁgﬁﬁstlc
clabs2@yt bRef sabteet KHEosuhéﬁbfoé ﬁbgﬁﬂnfﬂfsoﬂaytéﬂeflned
een_det ern ned b using, the nethod as cl aine
redfihsf “urolhE Tresi®eddn *enitnal afSul 14 ferrd By
expbaing28, phheatihyt b€ sybneth|toaabte$bgt:ehtmgsteamd
gr8§p2§g éﬂeaQﬁﬁﬁé%;% kot fé&h&ﬂsé n%fla%s 55904 3o YEAEM
dét erm ne eature o e sa t he apparat us
reéBﬁﬁFPsFﬁgthﬁeﬁﬁgaF’é}FnFesf—hﬁgaPEPré'é%oﬁmslslng-
i denghf i ffut Nfa8CHEEANG Eng WnbAsthPEd NBSMSSh &St £ | 8 NExle
one.of clainms 1 to 15. 30 29. A conputer
ub?8§E§n1ﬁﬂPch when executed by on a conputing
devi peocassbng méensouperahgededlt@eﬁbiﬁﬁraysﬁb&ea.of
. f nt . f f aLsY§ t
cogpsngggsa@g@ ik xgggbusgge Qiﬁg 1.0082:8Y31 SOL1 89" the
sut:agptganrpl:e sgsppaﬁet groypst emngnel shatbshicali mlysms

me€fBRI, nati on of

17. The apparatus as claimed in claim 16, wherein the
statistical analysis method comprises the method as claimed

in any one of claims 1 to 15.

18. A method for identifying a subset of components of a
subject that is capable of classifying the subject as being
responsive or non-responsive to treatment with a test
compound, the method comprising the steps of:

exposing a plurality of subjects to the test compound
and grouping the subjects into response groups based on each
subjects response to the test compound;

measuring components of the subjects; and

identifying a subset of components that is capable of
being used to classify the subjects into response groups

using a statistical analysis method.

19. The method as claimed in claim 18, wherein the
statistical analysis method comprises the method as claimed

in any one of claims 1 to 13.
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conmponents and conponent weights is generated from

data generated froma plurality of training sanples,
we2a0h/ 18852004/ 104856 PCT/ AU2004/ 000696 - 117 PET/AUZIONG00696

sanpl e having a known feature, and a posterior

distribution is generated g% conbi ning a prior

distribution for the conp ent wei ghts conprising an

adj ustabl e hyperprior which allows the probability

mass close to zero 5 to be varied wherein the
20 hypedprarpayatypifor Jdenttifwingpayhrgel ofampmpanandis of
a siBjets, CORSl duaad Eéhﬁéfec%l% 3 of:qy@iﬂ@taé&u tP

iC

est| nat e conpopent wel

se the
claggityithe f J?%HI&P are Rt %ﬁt o Qfiangdstingd
refpSHHE egr@uip@omqm@m Sea):fh are fpan D i PEPus yisd emniidrda by
subset bel CfPt redlctln a _featu q{ a .
exBegiiy Aop Dk FEREY| S Dbl it s £ Reoliiind S | Grpuping
the osprj a¢ by immostqggpmﬂe g sibaged |[omedhe response to

£h&O §@gﬁ 55?54@{5 ﬁ%é Iﬁ? system and
Wel gt 1 ngs’ of the 11 near combl nat | conponent s,

eac rﬁ%flftmét VRRYAR IRy St h Ee Rl e mwm SPmRPneRhis of
thébsabyededfom at | east one training sanple, the at
| east one traini sa ﬁw ng a, known feat
bt T S RS SBGRULD| 19 (LAY 1 H PR Yhe
coRPorents that uie, cdﬂﬂaﬂbbe no £ hel amstcf yisy ctehneli siumjmitmmnto
tio e
re%ESnSL 535“?% ?piﬁgfé Q¥%£1§£¥§%?|%%§?¥é¥gE$§E$ I near

conbi nation of the conponents, the prior distribution

21 COMPFRSI £%p§£‘a@a§é Usd bl L1 PSR DL EN vire A 0 Vhe

fhe probability mass close to zero to be varied;
StEBhﬁgh‘Fﬂb ?W%ﬂ%rm%?%?ﬁll%?ﬁ‘?ﬁhs%dthﬁé“m 3% claimed
inJ&NPr8hé8 Sf PEBaBNE 0L €bsSisibution; and identifying the
subset of conponents based on the weightings that
maxi m ze the posterior distribution. 30
22, An apparatus for identifying a subset of components of

a system frpm data generated from the system from a
plurality of samples from the system, the subset being
capable of being used to predict a feature of a test sample,
the apparatus comprising:

a processing means operable to:

obtain a linear combination of components of the system
and obtain weightings of the linear combination of
components, each of the weightings having a value based on
data obtained from at least one training sample, the at
least one training sample having a known feature;

obtaining a model of a probability distribution of a
second feature, wherein the model is conditional on the
linear combination of components;

obtaining a prior distribution for the weightings of
the linear combination of the components, the prior
distribution comprising an adjustable hyperprior which
allows the prior probability mass close to zero to be varied

wherein the hyperprior is not a Jeffrey’s hyperprior;
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combining the prior distribution and the model to
generate a posterior distribution; and
identifying the subset of components having component

weights that maximize the posterior distribution.

23. The apparatus as claimed in claim 22, wherein the
processing means comprises a computer arranged to execute

software.

24, A computer program which, when executed by a computing
apparatus, allows the computing apparatus to carry out the

method as claimed in any one of claims 1 to 13.

25, A computer readable medium comprising the computer

program as c¢laimed in claim 24.

26. 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 that are diagnostic of
the feature, the subset of components having been determined

by using the method as claimed in any one of claims 1 to 15.

27. The method as claimed in claim 26, wherein the system

is a biological system.

28. An apparatus for testing a sample from a system to
determine a feature of the sample, the apparatus comprising
means for testing for components identified in accordance

with the method as claimed in any one of claims 1 to 15.

29, A computer program which, when executed by on a
computing device, allows the computing device to carry out a
method of identifying components from a system that are
capable of being used to predict 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
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training sample having a known feature, and a posterior
distribution is generated by combining a prior distribution
for the component weights comprising an adjustable
hyperprior which allows the probability mass close to zero
to be varied wherein the hyperprior is not a Jeffrey’s
hyperprior, and a model that is conditional on the linear
combination, to estimate component weights which maximise

the posterior distribution.

30. A method of 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:

obtaining a linear combination of components of the
system and weightings of the linear combination of
components, each of the weightings having a value based on
data obtained from at least one training sample, the at
least one training sample having a known feature;

obtaining a model of a probability distribution of the
known feature, wherein the model is conditional on the
linear combination of components;

obtaining a prior distribution for the weightings of
the linear combination of the components, the prior
distribution comprising an adjustable hyperprior which
allows the probability mass close to zero to be varied;

combining the prior distribution and the model to
generate a posterior distribution; and

identifying the subset of components based on the

weightings that maximize the posterior distribution.

DATED this 26" day of May 2004
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