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e scard e pecsionone s ckalssify novel items by traversing the tree from the
root down to a leaf node, which assigns a classification to the item. Note that a
decision tree can also be thought of as an if-then-else rule: each decision tree
can be viewed as a disjunction of each of the paths through a decision tree,
where each path corresponds to a conjunction of properties that must hold for

the attribute values of individual instances.

Decision trees are particularly suited to classification tasks in which items can
be described by attribute-value pairs, the target function is discrete valued and
the training data may contain noise in the training data labels or in the attribute
values. Clearly, the problem of diagnosis using gene expression data fits these

characteristics - each sample can be described by the expression levels
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ascencmtorachugetyn ratio, or maximum information ga| n.
Most decision trees in the literature are constructed
by C4.5. The construction of a decision tree is a
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partition the nulti-class subsets (groups
selection measure to determine which feature is most discriminatory. This

measure is also called gain ratio, or maximum information gain. Most decision

trees in the literature are constructed by C4.5.

The construction of a decision tree is a recursive process. A typical process
involves determining a feature that is most discriminatory and then splitting
training data into groups. Each group can contain multi-class samples or single-
class samples, as categorized by this feature. A significant feature of each
group is next chosen to further partition the multi-class subsets (groups), and
the process is repeated recursively until all the subsets contain single-class

samples.
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the process is repeated recursively until all the

subsets contain single-class sanples. SUBSTI TUTE
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Almef'nﬁ'a@% Bf terelitiaE L R eprube Bast nBSullbR ' Sppliea. By the
gﬁﬁg gueal féateachseiEe ts&rrwl e85 My, %%b@fé;@r%b{)é@pﬁéihing set is
|nt e new set while others may aﬁear more than
ogrnreratsshrom thee oRgipabdsta. aﬁé@@ughd isi ngw tsainingaset. isBhe same
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byhitg otiegstrhay apbealrhore -thaRrrhceRDehote &E Bubodtstrépped training
is the class predicted nost often by its
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cisnthe Lmasisnrpredlctdm mostnoftere bpf |t$I autsclhessifiers, swith ties broken
di ffer? whi | e baggi ng builds the individual

cFRUEHY.er s separately boosting builds them

sequentially such that each new classifier is

i nfl uenced by the performance of those built
pBigvilasu 4o y bagaginghi boasdingt ebse ssemp| @s committeecof y classifiers  for

classification by voting. Here, the construction of the committee of classifiers is
different: while bagging builds the individual classifiers separately boosting
builds them sequentially such that each new classifier is influenced by the
performance of those built previously. In this way those samples incorrectly
classified by previous models can be emphasized in the new model, with an aim
to mold the new model to become an expert for classifying difficult tasks. A
further difference between the two committee techniques is that boosting
weights the individual classifiers’ output depending on their performance, while
bagging gives equal weights to all the cornmittee members. AdaBoost.
(Freund, Y., & Shapire, R.E. (1996). Machine Learning: Proceedings of the
thirteenth National Conference (pp.148-156)) provides a good example of the
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further difference between the two comittee
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n ce

E’ﬁ?{%@gﬁ?@@tﬁ;ﬁg'ﬁgﬁ%ﬁ%nﬁé SaopeEbagRINSs Ao Fith ACH

tarpationdl €orfeguIRET DT RO BIHEEF @RUQEenyG:)nOI/\@ata Mining

%%30%6%@%@”@468% xS e sRORA B R darportant
oricbpt forfdisdovetig siyrididadt Irg |rilb§ ffftﬁh lmﬁed@lfﬁé neie J&Wong L.

Knowl edge Di scovery and Data gp 2). San
3P888). Beineenphes L 128 Ebednl Shivl 2003 cBiainlormatics, 19, 71-

@%rﬁbﬁgév%glecaf@gﬁ F%ﬁ%@@l%ﬂ&tﬂ@'ﬂ%&% hitir&Palgorithms

B)foem;atgmgttpaiterné_%ay 2ot 1 sufficientigt eﬁlglent t(v2|®é1~3t h)a,pp“ed to high-
nf or ic ue to the

*ﬁ‘épéﬁ’l” ﬁﬁé@xl]d?ﬁla %W“Q’]?égrbﬁfigr@r?’?%r than Mi0RY al gorit hims

of enmerging patterns may not be sufficiently efficient
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characterisation, prognosis and diagnosis of disease.
The di scussion of docunent s, acts, materials, devices,

artd diseassion dfhdoduinfents Sactsnﬁiaﬂdﬁ@lsl Belibes, articles and the like is
specification solely for the pur pose of prOV|d|ng a

d ‘HH@%’ Iy Hiis §H%C'f"ﬁﬁ‘tl§§'e$ﬂ|elb’rf‘9'é | RHPOSE Of eromding a context for the
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TS R e Bt e oSSRty date of

Eh@é%ﬁcgﬂ,&_ 1 shows various ranking positions of the
three features used in a significant
BRIEF DESCRIPTION OF THE FIGURES
Fig. 1 shows various ranking positions of the three features used in a significant
rule discovered from a prostate disease gene expression profiling data. Here S-

to-N stands for the signal-to-noise measurement.
Fig; 2 shows two trees induced from the prostate disease data set of gene
expression profiles of 102 cells: (a) the standard C4.5 tree constructed by using

whole feature set;, (b) a tree constructed by using only three top-ranked
features.

Fig. 3 shows five rules in a C4.5 tree derived from a prostate disease gene
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rul e di scovered froma prostate di sease gene
expression profiling data. Here S- to-N stands for the
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a tree constructed by using only three top-ranked
features. Fig. 3 shows five rules in a C4.5 tree
qﬁ%‘ ﬂeghcﬁ\hé"ﬁ@li@é@t@ Al1Bs GhS£asL 59988 belBSN SRIEthPEERSp-ranked
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grptusesi on profiling data. Fig. 4 shows applicant's
rules in a C4.5 tree built on only three top-ranked
features. Fig. 5. shows a decision tree induced by
g 5f rahowas bayecisibndata inducéd byd Cul B rfrithi atigyéred data set to

subt ype Hyperdi p>50 al_ggci{‘ns,t ot her subtypes of ]
diffegrdate the Riiyre Mgasdines0 ageipsk lher-sgbtypes of childhood

= 7- Fn3453, 4 = 1 2400 ig.- -
igﬁﬂ\/\g’nﬁﬁg&e‘ﬁ?rﬁlﬁbnuﬁyg‘régmi)cgtﬁ’c%r 1 r"rtfaé) g?”l'g’- ?ol 3453'4' d
a24¥x9val i dation by four classification nodels over

253 proteom c ovarian data sanples. Fig. 7 shows test

error nunbers of four nodels on the 112 i ndependent

tiegl 6 sPBWRIAS dribrtiEntR8REEALE! : Romti ¥Peo-fol idati

cl gssi fication rofr tlﬁré ALE glms:easeO?HYg h, 8 ojj. c,:rog§ vg'@atlon by
(feooglpssitiaaticar modiels aver 253-dréBomiEiayarian dett@esmpled. ol d

cross validation results in the probl em of subtype
classification of the ALL disease. Fig. 9. shows the

tFEI%t 7edHows fasThatsr AlMRbEADEAolYmbaLls 6h assif1icmidepBndent test
nodel s over independent 149 MPM and ADCA tissue

samples in thegprobemsH Gnsubtiee clessifieation ohthebdkls disease(Yeoh, E-
c| agsif} h O n [l data sets. SUMVARY
(J:’ éﬁiﬂ {@EI)\IT:&G%%%@”% pgﬁp‘a@@gct t he present

i nvention provides a nethod of identifying a rule

useful in the analysis of biological data, the nethod
c%%pﬁ-s?*ﬂ@”? ht0-feldpsrags validation™ results in the problem of subtype

classification of the ALL disease.

Fig. 9. shows the test error numbers (MPM:ADCA) by four classification models
over independent 149 MPM and ADCA tissue samples.

Fig. 10. shows the test error numbers by four classification models on two small

data sets.

SUMMARY OF THE INVENTION
In a first aspect the present invention provides a method of identifying a rule
useful in the analysis of biological data, the method comprising the steps of
providing a training dataset having a plurality of features, and
generating a decision tree using the dataset,
wherein the training dataset remains substantially unchanged through the

iterative construction of the decision tree.
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providing a training dataset having a plurality of

features, and generating a decision tree using the
wa@l2t0a8t648 Wwher ei n t he traini ng dataset remai NSPCT/AU2004/001199

substantial ly unchanged t hrou the iterative

construction of the decision tree. SUBSTI TUTE SHEET
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second aspect the present.inventjon provides a nmetho

ST BAS PSSy rtins S biowich sleThBe e MR LAyt the steps

ohf bi ol ogi cal data, the nethod conprising the steps

of providing a training dataset having a plurality of

f praviging 2 tgenieg gdatasgt Havingsa plality obfeatures, havi ng one

G800, AT ARIG5E b LR 0y B B o tre o

ogsRs, ati ng one or nore further decision trees having a
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dekipiiinghone e Qe rules fraypithe §esd degisiprotseasi ni ng one or

/ f ’ re f
Berpiiio e 8hipe A eAE BRI ts FRlfig £l ontne dataset
snitgiravibuslylusedria odingradkb didion trgbs tasehe irbetr mdde/ and
construction of the deci?qis?{é tree. Preferably each of

t PRI BRC PHMOTRAUIELIIRS S QasRINfePr BOFR fUlHiar slacision trees
wﬁereﬁarfﬁeI ﬁéh\'vﬁgesddté‘se%}h %rﬁaﬁesgabstbﬂtiann ?:nggéﬂééd Mfrough the

t

form the two or nore decision trees C
sitdratieencordtructivhef sberdenisidnetreaf features in the

dat aset. In another aspect the present invention
provi des a conputer executable program enbodying the

NRif@@BIy0bath & f eSS of &Rt Hefisiohntréd®cbRsIde? Re®ktantially the
the present invention also provides a conputer

i saMe dealyres incthepdataselex bcan aliemaiivedoem thestva bedore decision

L O e ey

a nmethod described herein. In a further aspect the
present invention provides a nmethod of classifying,
cRaBethSr| 3sRREt theadifesemMg inenipBgREYIdRs & doseRIter jexecutable

ForBgHdrR UGG Heethod TSR presHt iMRhtiBR & n-

In another aspect the present invention also provides a computer including a

computer executable program described herein.

In another aspect the present invention provides a rule or set of rules produced

according to a method described herein.

In a further aspect the present invention provides a method of classifying,
characterising, diagnosing or prognosing a disease in a patient comprising a

method described herein.
Throughout the description and claims of this specification, the word “comprise”

and variations of the word, such as “comprising” and “comprises”, is not

intended to exclude other additives, components, integers or steps.
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Thr oughout the description and clains of this
speci fication, the wor d "corrpri se" and variations of
WO bmsoptedls such as "conprising” and "conpri sesPCT/AB2000001199
i ntended to exclude other addijives, conponents,
I ntegers or steps. SUBSTI TUTE SHEET (RULE 26) WO
2005/ 024648 PEVAIUECORESCRIPTIOR OETVHE HWEBNITONPTI ON
OF THE INVENTION In a first aspect the present
i nvention provides a nethod of identifying a rule

uped Yrst Qséé& tﬁ@%r%é‘}élﬂ iAleRticH 9%\%’4}5 daiathddef l@rﬁlﬂﬂng a rule

conprising the ste E§:@E)row ding a training dataset
hesafugndhe lanalysis olog dates theametiecheermprisiggdhe steps of

PR p /e Yt BV PRI T3 ELIP AT B e B e

lgaratatuw@acdywmsmcrbemu@‘trkhﬁatdgétl sion tree.
li cants have shown that the net hod descri bed here

pwgﬁrea*esthﬁu Haining daipeati rerpaingc subslaptialbpackanged through the
Qfeéuvé?e& Fl.S?btlot:\Q:fﬁltlé’E]Emsﬁ1 ¥Mregnd k-NN. - The net hods

SO provi e easi ensSi'ble rules that help in
transl ating raw dat a into know edge. Appl icant's

TReneaas, v sharint st ofnes metRo 4 saThecy Beteinaisyiday highly
aEBmpeRiiel BEC\HEBE Bhar8@abSt4 asprb%ggtr{egalﬁadwnsasw O%nd k-NN.

every iteration"s construction of
pFhe enetbdds @isn pravide pbsityanompretersitie kalkgssthahdel inetranslating

of the or i nal, data and/or the features' val ues
rﬁ%"s‘i’%ﬁt'f‘ lfrﬁpvﬂﬁgﬁ%nged t hr oughout the whol e process

of generatlng the decision tree. As a result,
ré)ﬁ)llcant s rules will nore precisely reflect the _
Rlicanbs tethedi ¢liffers deara, prieer ads apsomiltes oflassiiers in  the

3380ERE LT RPBRRH L, Sl R BBF. Bep senerr

dmcgstmad)péd graining dataa forAsvepe dtehation’$), constrastidw! 6f @kes. In a
et of conditions with a predictive term

Threters %?Oém FAicanhemetded kreps Mepize st thaeriginal data andlor
Ctﬂ@%%hﬂ??’y@él&e %Ubé‘l%ﬁgléfff un?ﬁé}%éq ﬂﬂﬁu evam{@ h@ﬁgﬁrocess of

a genera preferr ormo

pyerszating thve decision treeep«seaenesetﬂ applfcaJnt swales| willonork precisely
and

e ector%rqe nature of ‘ihe original data, whereas because of the use of

bootstrapped training data, some bagging or boosting rules may not be true

when applied to the original training data.

As used herein, an example of a rule is a set of conditions with a predictive
term. In a preferred embodiment of the invention the conditions are conjunctive
conditions. An example of a generally preferred form of a rule relevant to the

present invention is represented as follows:

If conds and cond,and ... cond,,

then a predictive term

The predictive term in a rule often refers to a single class (e.g., a particular

subtype of a cancer). In one form of the invention all conditions in a rule are
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then a predictive term The predictive termin a rule

often refers to a single class (e.g., a particular
waeabsypwsof a cancer). In one formof the invemti/anmhbo1199

conditions in a rule are SUBST§ TUTE SHEET (RULE 26) WO

2005/ 024648 PCT/ AU2004/ 001199 "8 required to be true

i nreqsved tsdlq:)tree infsone spmpdhs:of the prmmilvebmlasmdbutatdt all true in

true in n les of a ses otﬁ?e n the one
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preferred to be no nore than 5. ldeally, rules with m

=1, 2, or 3 are best for clinical diagnosis. As an
e&rampumbetrhe maiongitiong isreferead st bainq pwag)than 5. Ideally, rules

S L2025 b P GBS0

€ gene’expressi hood | eukem a
cells: If the expression of 40454 at is >8280 25 and
the expressjon of 41425 at is?6821.75, then
s%mneerml%ttpge‘ommme (tnhetsar ({R03)s Bioinrosmeris.i 19 71-78)

B35 Syl o 508 ST U BRI v

e&mb.satlsfy both of the two condltlons on gene
expression profiling. It is therefore useful for
clinical diagnosis purposes. The decision trees nmay

be 9#‘?%%‘{&%@0@8%4@%4"%‘?&%@% 39 the skilled

artisan e nost convemri ent method is by using one of

t he amdyhaeaxpression ofs@MB@ree/mazatg@s such as CART,
4.5, OC1, TreeAge, ERGOV, TESS, and
eBesthan Hiis semple §e°d&%°9a§3éc’?3¥ﬁe present invention

provi des a nethod of identifying two or nore rules
useful in analysis of biological data, the nethod
c'brniprriJIei iagpdt Isatisfiexbby aol getlsof dnpdewkemiai subtgpetadtheethan E£2A-

BEKEwhing 0% st o) Samla i e EBA R (Hassetihsalisfs both of
rpeitwoniiticH S R eXPresorBFFilihG! 1BFs fHePBRot Gisbtui r clinical

deci sion tree,
diagnosis purposes.

The decision trees may be generated by any method known to the skilled
artisan. The most convenient method is by using one of the many available
software packages such as CART, C4.5, OC1, TreeAge, Albero, ERGO,
ERGOV, TESS, and eBestMatch.

In a second aspect the present invention provides a method of identifying two or
more rules useful in analysis of biological data, the method comprising the steps
of

providing a training dataset having a plurality of features,

generating a first decision tree having one feature of the dataset as the root
node,

obtaining one or more rules from the first decision tree,
generating one or more further decision trees having a feature of the dataset

not previously used in other decision trees as the root node, and
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generating one or nore further decision trees having a
feature of the dataset not previously used in other
walewsswems t rees as the root node, and SUBSTI TUHE/SBERT/001199

(RULE 26) WD 2005/ 024648 PCT/ A)J2004/ 001199 9
obtai ning one or nore further Ttules fromeach one or
nabteining ther odewrsi funthet reales, fravineeacn cnlecot nsorei fugther decision
q?t aset renmmi ns substantially unchanged through the

®F%tive construction of the decision tree. It must
BGh &Y QﬁéaFrQFﬁlﬁdﬁiatéi@ RIrR&iRst s@iﬁ‘étgﬁfi’élyahﬁcﬁg d%ed through the
concerned only wth the generation of Single cl sl on
titazative @f@stfuﬂtlmcﬂﬂmaemﬁmmwn relies on the
generation of nore than one tree to provide a

"commttee" of trees. As a tree is a collection of

ribhitsst poeipprevigter thabtheQirebBist reBRJSQre @DPeOAGerhed dnly with the
rule, nmultiple trees can contain many significant

raAnSsationef (edlefdaitien prees; r e farenit thédnventiegl eelies on the
SR SPRRLS 0l 0B B BRR S SRlmie: BBy i e s

e oyllestiohesf ralegnvheaevergieaf cnfdherttdeesorreél'dmd&abra)&ﬂé multiple
of the present |nvent|ﬁn i s advant ageous, because t

HR&MFAY CORAN ManYesignifigant W'%eTBSdiS:ﬁ ghmultiple émeschrfeaks the
;@ﬁ% 'aiv%"rﬁé glegg%@gfggowﬁ I?od The tﬁ%%? Ut d d“rf’avalows the

rsing etrescon
ssagne ftiaiing dataltosbe prlamﬂ bap‘nanye eithay sngmfmzmbtorcmmor rules.

(R 2PpirsEbr o 2SPESRBE INVANURS ' oHuANG0e NS Hecaloh the mutualy
Té}@:ldw& Ades te oPel BedisiBRtRI cll Hff Phary ﬁﬂér@%ﬂbﬁé lamdrPrBatures.

the state-of-the-art committee nethods such as
bHRyiINvgN{oBs AN sUrprisingp eiscoreredi thet medtinte trges zoptain significant

(5o 1k B pAB R it 4aflons. tipr BREBH] RipSteS: The muttple
tdrosé-eepportivetriles ahercforeatmeehdrivielpivdiast) predidiibh ke

the prior art nethods, the present nethods uses the
original training data instead of bootstrapped, or

pﬂ%‘qﬂethwé‘ d;ﬂ%ébglbgat Rerefh %ﬁffﬁ?t fulﬁﬁ(ra %E); front t@é state- %f-the -art

er ent eclisiron trees e ru
mdnmptee mhethaisosuatr @ebagging I(llBBaumHanhﬂQQ@)f h/m#:m‘mtmrn/ng, 24,

P18t dnq REoPine Kistid,de S HpHe: Begl 14900, Machine Leaming:
h%%bbaﬁ Q%ﬁ“%stﬁﬁ?é’eﬁ?ﬁtN%né?Qfdr%Feﬁ%e(bg% Hsﬁ)gt OUnlike the

he origi'nal data as they sometinmes only approxi
pnor art methods, the present methods uses the original training data instead of
bootstrapped, or pseudo, training data to construct a sequence of different
decision trees. The rules obtained by using multiple decision trees in this
manner reflect more precisely the nature of the original training data. By
contrast, the rules produced by the bagging or boosting methods may not be
correct when applied to the original data as they sometimes only approximate

the true rules.
The skilled artisan will be able to decide by trial and error on an effective

number of decision trees to be generated. In a preferred embodiment of the

invention the method comprises generating about 20 decision trees
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the true rules. The skilled artisan will be able to

decide by trial and error on an effective nunber of
walewsswems t rees to be generated. I n a preferreBCT/AU2004/001199

enbodi nent of the invention e met hod conpri ses

generating about 20 decision trees SUBSTI TUTE SHEET

(Rfbatuas pf We Poskehd 2AeABoRAS thaeSeH G04disRs trdd iha committee of

f eat f th t th
s o sidert, o feler Bimbet Sblealies: trap ahs s Bgde of the prior art,
W@b@rﬁb@feiﬁﬁbﬁfh%sw&ép nidie dBRidiad &relb cbhgldérr'a‘?rlea?srttabout 25%

Preferably each he two or nore decision trees
cfnall tha f%atur®ast tfwodatasm% Mofe prréferatdy fe@a:huofeﬁwe two or more

L5 s el CleBSRabbuLE6 ™, Bl ol Bkl ep P e datase.

fSat tﬂo@é pr@fetétﬂy @aatoasm the ®¥d bk nidreedduisibr rtrdtsy c@didler at least
of the two deci sion trees consider at | east

Mﬁg‘%’f)@” H'Iel feﬁﬂé'eﬁé‘hfhﬁ‘é@taﬁﬁtthe dataset. In a
highly preferred formof the invention each of the two
or nore decision trees considers substantially all

tihea fhigtly rpeiefleirnedt foendef #setinvdntionhéascH of tf;e)ftwatlﬂ’ more decision
invention, a tures are open for selecti

ttE?efso?Qﬁﬁ'(ﬂﬁré§U%§?%ttﬁﬁy ﬁ@ttﬁecfeaw irstHierdataset. | bifys form of the
%@é’rﬁlo‘hﬁill ol gﬁﬁél‘? Rfre%‘ H fd 1%&%% fBﬁﬁWl‘é@S?é ﬁwne > method

use for aSSI [ cat on no It has been’
tdveids He sllfgculf ctaastcar prelent bk howe ovangi toptranwkedfeatlires to be

features, and. that these features_are sopgtines.,.

HEREDER  ARficalph gt o R Bl B8 et faRfcant rules often
aedindow-rhhkedl fdRGredy BRarthafthedB! fat?es a'i‘é‘%ﬁ‘%tlmes necessary
features are used as traditional |y, many significant

far etasgifiersritesachieve pentect @caueacypr ¢t edd@lcynemblersafof only top-

BT E, HES) 3Pl RSO SRR B i or

fipacdurhfee two or nore decision trees consider
substantially the same nunber of features in the
dataset. In a preferred enbodi nent of the invention

tﬁ\%{%ré@lgo%aéﬂ%? tﬁé 3|r M @Sﬁ%ﬂlﬁgn tré%scggmlﬁéreguﬁ%tantially the

rees nay construc using a casca
aam® fedtureshinrthe, daatiaisetf elatan eledative doledthientve or osé decision

U8 il SRl e SR e

Mor gan Kauf mann). Then the f| rst tree is built using
the top-ranked feature as the root
In a preferred embodiment of the invention the two or more trees are cascaded.

A committee of multiple trees may be constructed using a cascading approach.
First, all features are ranked into a list according to their gain ratio (Quinlan, J.R.
(1993). C4.5: Programs for machine learning. San Mateo, CA: Morgan
Kaufmann). Then the first tree is built using the top-ranked feature as the root
node, the second tree using the second top-ranked feature as root node, and so
on. In general, the kth tree is built using the kth top-ranked feature as root

node.
It will be clear that a method of the present invention could provide a large
number of rules, and only some of them significant. Accordingly a further step

in the method may comprise comparing the accuracy of at least two resultant
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node, the second tree using the second top-ranked
feature as root node, and so on. In general, the kth

WO e@s/02464$9ui |t usi ng the kth top-ranked feat urBCEHAU2MOD01199

node. It will be clear that asfrethod of the present
invention could provide a large nunber of rules, and
ouley teooitant at bignificaghrdlecadf .cotesmridi orgley ta daithisethe training

Z’t@%ﬁ%wu%?f?ﬁgg% g&'ﬁwgﬁéﬁiﬁf&% i ; h?@_ﬁ_ﬁgaccu racy of
Ry 1P iSO F28R5a 05 AA6TuRRTAS\BRAAABEYEP Bccdrbcl Wy Somparison

ain a significant rule. O course, In or
odtht thes traieingr datasety  dhearesultanis ruleacmagealsov bei dempered for

GRS it IS et VT Pép a0 TaBGSRRt Ui R0 resur

accuracy by conparison wth the training dataset. The
resul tant rules may al so be conpared for accuracy
ryefegaklyt et campassen iR¢luHes aeighting RS plbgdanes yaccording to the

&gll/%%ﬁeﬁ% t@?%éset?rﬁ fr@l%‘e\%sy %.tc%%f‘a?%) ﬁéh?egg tﬁ@ gle H:%%?age of the

rul'es according t vefr age o
tshenpled msatclass s{?ﬂilsfyil’igimlearmvswgiese amyc?rimsts of h100 positive
per cent a of the sanples_in class satisfying the .
rsam?e%aﬁgés@'%'scﬁ%@eems?épgt m&é’@”&gﬁ ful&/& coverage is 75%.
RN Dbl o FoSelhgintts Bgartint R, AGhifean i
limone siithi mtesge soeerage, kirgxafiptant least 88%. A si gni fi cant

rule is one with a |arge coverage, for exanple at
| east 50% G ven a known or test sanple for

a6 afHreddr 8Ntest REnTPRE RAICLISBTCEKA, HREMAS may make the final

deci sion by voting, in a weighted manner, the rules in
deeisiar byr etingefint deveigbiedi maseer htie rwestiosthesaiiptrees of the

RO e M BB SRS, AREB S bl Whihs o e
troles né Bgcataing tottheir coveragd@ah thélbAginabtralirgd&@; MatidiRach rule
maxi mal percentage of training sanples in a class that

saweightednby the maximalspewsegiadeng! tainioa sameleagini anelass that
3B stk i MeidHtha, e BikAGu s ool Sifhiicant and
pninporulésreal that thase futes dlbcontribliteviataorgrddnteatdthiir @roportional
to bei i fferent from baggi ng and boosti ng,
5@6?&%%%‘3@@%% al so differs from another voting

met hod call ed the random zed deci sion trees

(Dietterich, T.G (2000). Machine Learning, 40,

I3edug®N. toremngadiftarenthfroms bagging and boosting, applicant’s method

also differs from another voting method called the randomized decision trees
(Dietterich, T.G. (2000). Machine Learning, 40, 139-158). This algorithm is a
modified version of the C4.5 learning algorithm in which the decision about
which split to introduce at each internal node of the tree is randomized. With a
different random choice, a new tree is then constructed. Twenty of the best
splits (in terms of gain ratio) for a feature were considered to be the pool of
random choices (Dietterich, T.G. (2000). Machine Learning, 40, 139-158). Every
member of a committee of randomized frees constructed by this method always
shares the same root node feature. The only difference between the members
is at their internal nodes. In contrast, applicant’s trees in a committee differs

from one another not only at root node but also at internal features. Applicant’s
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nodi fied version of the C4.5 learning algorithmin

whi ch the decision about which split to introduce at
we@2mh/024ster nal node of the tree is random zed. PAN/ALI204/001199

di fferent random choice, a newystree is then

constructed. Twenty of the best2 splits (in terns of

geormnmitédeso)off drees freaeumeucter lergernpotentiad far lverbiey than the

pool, of ndom choi ces (Dietterich, T.G (2000).

W@HPW%‘L@?an, 40, 139-158). Every nenber of a

commttee of random zed frees constructed by this

nmet hod al ways shares the sane root node feature. The

onl gareying éxuéribe roethaderdasesbead Merein itiis oftent fesind that significant

Bl e BB Wk B3lreE Fhlsr @ iy 35k Rytef fiovered by
dtimetheds atFdrrdeinfisie, ApplicHras hatelisedereéd a significant rule
SUBSTI TUTE SHEET (RULE 26) 2005/ 024648

Ffmmpwmeata@mwsel@at@om that comytrises eerassien frefies from 52
'tﬁhﬁf‘r eﬁQ%ﬂBtS@ﬁoﬁrﬁél c%'ll%’ ﬁ%ﬁg@%’ ttggzibéﬂgeCaB@%dﬁQ/ Z1‘3%3 :209).

n-carr out cri érei’n
| s often f ound that Si gnl ficant rules often contain
| owranked features. is not seen in rules

di scHve598_8}=> 2% -and 335{36 Rbenébidnd For exanpl e,
Appl ?Qggbﬂqth%’?hgh ?@8‘/?5?9,{7@5?&/9”' ficant rule froma

prostate di sease data set conpri ses expression
profiles from52 tunor cells and 50 nornal ceIIs

(Singh et at (2002), Cancer Cell, 1, 203- 209%

3'@59gu|@t|s aosignifigant rebswiha cov;erqge OF 94% (44025 thegumor class.

t@?ﬁ‘sﬁ@hﬁ‘ gﬁ% g\a}éﬁrdgg epc?s?tlicgfb }Pﬁﬁ% e‘él fre%ttﬁﬁrgg'% c%n he above
clubes sgeneC@2$08eal bigs tdnethea‘nkl pgsition] Whilasthef othlee thvbor genes are
at u&e? defined in éh& above rul e, ene 32598 at
gal q tho

wer-enred #odi ROSi{ipn | (geps 3Gt atk R®Od26fRte position

I sition (gene
g@ggggjgtg;s@a% Ié%%”ﬁ%ﬁ%ﬁb (ge éehé:B%?LQSO at) in the

entire set of 12,600 genes The rank order may be
ci ded usi,n

| ected fromth
§ 18 AP rhoen A8BiBH LTS o n o cedb et from the group
t.nématdgsglamsfat@;ﬂsr -'to-%Bi%ex%ea@@?e?Héﬁ’t”EQttatléﬁééJ eHT'rd%y, and X2

Mbt oda eature selection for know e
ané\W@ﬂ}efﬁn@-lldaHa&nMﬂtm, HottI98) Meeatir amer‘eqaoad@m knowledge

Q&é\fé}g gz’)d %e;ta l]éﬁ?%g E}{J)st%r? g@,& lﬁf%%@%ﬁlg%ﬁ&hsﬁﬁrs) In fact,
in order to verify that the advantages gained by the present methods are not an
artifact of the ranking method used, alternative ranking in terms of metrics such
as signal-to-noise measurement, t-statistics, and entropy and X? measurement
were used. Figure 1 shows the ranking positions of the three genes using
various ranking methods. It was generally found that the ranking of the genes
agrees even when different methods are used. Therefore, this example

illustrates that even very low-ranked genes can be included in significant rules.
As a second example, Applicants present another significant rule, discovered

from the same prostate cancer data set above, which is dominant in the normal

class:
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artifact of the ranking nmethod used, alternative
ranking in ternms of nmetrics such as signal-to-noise
wore@seenent , t-statistics, and entropy and X2PCT/AU2004/001199

nmeasurenent were used. Figurgal shows the ranking
positions of the three genes using various ranking

met hFdi2598t atva29 gade4@IQ7% ato6nd t hat t he ranki ng of

t he gene rees eve when different nethods are

e s o 20T @

used. exanpl e illustrates that even
very | owranked genes can be included in significant
rules. As a second exanple, Applicants present another

sThsirelecisrsignificant it cov@2%d(4 115@naviesagaine the ostraaleclass The

TRREEG KRR B s Bhie B4 Hhne d i B the frt

RSokitRs, ONKil® Afsl @8mpbAeht geA2990a07 #A9isagibbAlly Oéwat-rakked at a

then this is a normal cell. This rule is significant
virasifionbegow, 100tB0) coverage in the nornal class. The
ranki ng positions of the two genes are as foll ows:
gene 32598 at sits at the first position, while its

doneferablyt thedeatidOF Aéfiming itls? gd)@tgladdashéfd?e rdeicisidee tteatara selected
osition below 1000t h. era e features
[N 2l deRBEES Todbe dafasel AGeREiEs A theis@ai gatio or entropy.

SGivéﬁtéa@at:Pléef BK'HH!/Ir?dn'twé Q{48! éhrﬁgl%sd(ﬁgé\ﬁ)g% or negative), a

accor |ngtot elr ratio or
cfaataureetdlpanlmIMImgng)W@mtocdd@Gemabé thartwloeslasepxe:ssbah\kre roughly

dhedSaH Bl i ol tefintat o RLG RS, lsﬁﬁﬂf "Sdraind foerachine
¥airifg. Bam MaAéd OCAQWdﬂééWKatlfrﬁamﬁ)l%? %/ ‘(Fa Ngyad U & Irani,

Pr o%rams for machine |earni ng
iﬁﬁh})) Mgphfgy éﬁ@mj@g (Hrgg@,qﬂngw & |tlv%mTh/ﬂee(nth /nternatlonal

| of t
(G5Lon s e Hen FHESBAORY A respl The envopy
Imetiddi geaseresphe ldldssl didiribubibAl qrﬂe@_&‘asﬁeatﬂ'ﬂéeoﬂhbf\»OIﬁMe collection
rret hod rreaFures the class distribution under a feature

S samplesdf the-distributiope-g+ egafﬁﬁsgg\ Ievelstqfea gene for x tumor and
q’ﬂo?ﬁ'[dl b’s'%;hﬁfése %owseXQFgFSd d'a Swdbn? tE B dhd_ normal

nor mal  sanples-s clear boundary bet ween
tdimstasmbtmsafedtunensrﬁlhen abalgaed a sinall érﬁmpyr galue. tAemall entropy

Nl icheeteS [ love B 2 Unkeusinty farydRegentating e twe dissses by
dhisf sihgBtfealurd Sarid 8udhMafl 88 368 tHUs ranked at top positions.

Preferably the first tree is generated using the first top-ranked feature as the
root node, the second tree is generated using the second top-ranked feature as
the root node and so on. As described, committees of trees are constructed by
forcing some top-ranked features iteratively as the root node of a new tree.
There are also alternative ways to construct other types of tree committees that

are in accordance with applicant’s idea that the second could be the best.

In an alternative form of the invention a second level node can be selected on
the basis of rankings. Suppose we allow k number of feature choices (usually
top k features) for every node, then a committee of k trees can be built if the

trees always have n nodes. If we allow k number of feature choices for nodes
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this single feature, and such features are thus ranked
at top positions. Preferably the first tree is

w@ensnateerl usi ng the first top-ranked feature BST/ALZ004/001199

root node, the second tree is1gﬁnerat ed using the
second top-ranked feature as ‘the root node and so on.
Asnligextche it twao favietst ¢hs robt lgvekandrie iensdiate chitldrey level), we

forcin onme top-ranked features iteratively as the
T 9RbAS (REWREI K rob. Thiha@pRraach facuses pltetian Ofctop-ranked

fed éﬁtﬁé?'b’?élfélrgtat%é‘teﬁodé’{é%él &f 1oESRLaCHIRA tﬁﬁgeMé\Feu.

are 1 n accordanCe wth applicant's 1°'dea that

second could be the best. In an alternative form of
can, be ,sel.ecte

the inyention a. second vel. node on, ,
 Cah @Rl B diR RER oL TS it Bnoityies “Geiffisr daR s used in
f adisegaefhfbes by(dsetd ¥ne tfemuke baat Bnﬁ—’&h%fap réficisYtree. As an
node, then a commttee of k trees can be built if the

t @x58plgl ofipis ABR®ashntheefirst tleevis canstuctednusibe thefwhole original

026 BRTE et (B0 BE oS U TR a W EwAR Liperstood
t 5 theewadss iibbrtantofeaturevis) Cargl i04s5 iwaetheat gppiieidl 11 tBe reduced
can get 27 trees when k = 3. This approach

level), we
f&%@&eﬁ?f%ﬁﬁ REOHA tem-andi@en. genes either globally
at root node level or locally at children nodes’

| evel. In another alternative formof the invention
riédsicedtemplatedhthatidhe preserstemhethodsscinsdd chee sonbiress With prior art

del eting, one feature after_ buil di a previous tree.,
A@egﬁ’dnsegf)aﬁﬁpré’.‘@fa(t‘q"r'ir‘écyapﬁ:roéa%’ﬁm@%eaﬁi ¢215 {sr 8ehguistic method,
C éHf; . e . | .

FATBEHCS SholSH 15 SR AICSBEBLAChIcS ) Sy e, On e
vetbeudnds t tbedemesgingepaiten appmachncan estlve ethby incénipleteness

3 lied to the reduced. data t enerat e
ProBesy e S Bine Kot b hofinag MSE: GamPliTe hifsmer g patiem
pagsreath ERtaesCs ot slirizbcs astikBRtovprbbider 4 efosaf tagp_roximation to
met hods to i nprove accuracy. For exanple, as C4.51s a

Hegardimal aRswebd, appl i cant's answer to di scover all
significant rules is still inconplete. On the other
hand, the energing pattern approach can sol ve the

| Predenabbt ¢hesisioldyicd| datal fort the datisingi GaRSEONST Rightdimensional
t.hg}t hi.gh. gorrbi ning the emerging pattern approach

ARPrNALORY . SSHRA BEIRiR the dermicdigh dimenrgionaleinformalier means
SRS AREHBR doPti | r “ghdi6oi ’
bi olrogilcal dghtlgmgrét éqppa%8§§§@%g§' ?ih%r%pw bﬁ(ﬂgglcal data
hinghdds ranysinforahation that may be obtained from an organism such as a
mammal, reptile, insect, fish, plant, bacterium, yeast, virus, and the like. The
information includes gene expression information such as transcription
information or translation information. The information may also be mass

spectrometry information such as size: charge ratios.

Preferably the biological data or the training dataset is obtained from a
microarray instrument or a mass spectrometer.

Itis contemplated that the method of the present invention may be embodied in
the form of a computer executable program. The skilled person will be able to

implement the methods described herein in one of a number of many

SUBSTITUTE SHEET (RULE 26)



information. As used herein the term "high dinensional

i nformati on" neans information containing about 100
w@eoosoeas4®el enents. The term "bi ol ogi cal data" Pe¢TabU2m@es01199

any information that may be obgai ned froman organi sm

such as a manmal, reptile, insect, fish, plant,

programmimg lppgsagesskmasn irattte atie Sudhdangi@ges include, but are not

AEPREERCESTRE bRScan AR G it Faltiek Vel CF Yislal Basic

I Ly @érineitive BFehb8é OrTRY b%’ﬁﬁ‘b’ malyXe BRIEASS a volatile form (for

spectrometr infornmation Su _aS Sl ze: Charge rati os.
Rxefmpiebran ascespgnempnyatairoa meee tpeamaneyt datmaseich as a

e B B0tae O Tefi AR e R R o7
the present invention may be enbodied in the form of

a conputer executable program The skilled person will
he anether aspachihe rsasenthavertioalsodesidasea aearutar in¢luding a

SR0uRbe SRR B Do YO O oH ATy et ined Méfson wil

lumdgrstges thabtine iselddiienaot cebtrah prauegsimgeanit neilludepend on the
but are, no limted to Fortran, Pascal, Ada, Cobol,
eomplexitysof tie, Similationcior. bei gipkemeied: g’refsr@b'y the central
iy finftf ist SK186ted Th fi"i‘ﬁfl t h™ 2Penti

\(g)g?ats?jl eg/f gr rﬁs(ﬁr egxaﬁpnférf&?gép omcaﬁ)(ggéspér@ﬂ]orry} Ig?ntlum 2
iRendiunb3 e ReativeménCellecom MRS RASCR 1060§hert bettest or age

device (such as a hard drive) or on a CO-ROM 1In

anot her aspect the present invention also provides a

GR EPBEHRT dsﬁ@bﬂfﬂié&e@enﬂ‘h?f@h‘ﬁcﬂ{ pR\Afas 2ipliIe g 'R Miles produced
descri bed herein. The skilled person will understand

raegordimgtasaineethpd slestribechheedin.pr ocessing unit will
depend on the conplexity of the sinulation to be
i mpl enented. Preferably the central processing unit

ils sdLrréedspeamieora@sentpinvestiondiprevifesta wiethod of classifying,
Pentium 2, Pentium 3, Pentium4, Celeron, MPS RISC
RIS NG diggnosing embiagaesigpa diseane it askatient comprising a

IRYEBHI R cREOY hdRsina rul e or set of rules produced

according to a nethod described herein. In a further
aspect the present invention provides a nethod of

In Giiathdt, Rheet [ Peert dnpehtam gravidemin BietBed  Bedifying 2
h#8164iBal process involved in a disease comprising a method described herein.
Differentially expressed genes in a microarray experiment can be up-stream
causal genes or can be merely down-stream surrogates. It will be noted that a
surrogate gene’s expression should be strongly correlated to a causal gene'’s
and hence they should have similar discrimination power and should have
similar ranking. Thus, if a significant rule contains both high-ranked and low-
ranked genes, it would be suspected that these genes have independent paths
of activation and thus there are at least two genes that are causal. This
surprising finding has been observed in many other data sets such as a
childhood leukemia data set (Yeoh, E-J., et al. (2002). Cancer Cell 1, 133-143.)
a lung cancer data set on (Gordon et al, (2002). Cancer Research, 62, 4963-
4967), an ovarian disease data set (Petricoin, E.F., et al., (2002) Lancet, 359,
572-577).
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In anot her aspect the present invention provides a
met hod of identifying a biological process involved

WO 008/0ziegease conprising a net hod descri bed heP@i/aUu2004/001199

Differentially expressed geneggin a mcroarray

experinment can be up-stream causal genes or can be

merely down-stream surrogates. It wll be noted that a

sur ate ssi on shoul d be strongl . .
bl GnBesioSe hBLIRG atesdnt igntiim dusy ey Used dpdnvestiate

h@easddTokiadr tHapCEAmEdrat ItoR BeNRMAaddSihakl £hyhdiRase for which
simlar ranking. Thus, if a significant rul e contains

bislevant ieleginalaiata sanihepbtainededult hesisedtin the pressat invention
suspected that these genes have independent paths of
activation and thus there are at | east two genes that
aTlee Gravgstibn Willirow der forther degstiiistl by refsehes to ahs E6liedng non-
in many ot her data sets such as a chil dhood | eukem a
dupEingexampleh, E-J., et al. (2002). Cancer Cell 1,
133-143.) a lung cancer data set on (CGordon et al,
(2002). Cancer Research, 62, 4963- 4967), an ovarian
di sease data set (PetricoiEXAMPLESet al., (2002)
Lancet, 359, 572-577). SUBSTI TUTE SHEET (RULE 26) WO
2005/ 024648 PCT/ AU2004/ 001199 16 It will be

uhtferfoleums: kxaMpiRs sPewaRe they eRtfronanes ®fethesdretheds of the

G RitioH] S ot.he

co\r?tgé%l ate Oﬁh\ggﬁaﬁiord%@ega@'?% &ﬁlcb%{?stlhélhéthods as well as
bs ugd pogi tzad:todalnai:mms 0BV b t(Bunges (:11198() Data didinignahdt&Knowledge

esent v I nvent]on now be furt her
SR ren 2T 21aPD) SR KDoA P g b oyl AGNC ATy ot gpression
%Wi@hdl%@:omeleﬁ%ﬂn%eﬁe @S%F@és‘?@n AP @oﬁ NE.J., et al.

per formance” of the nethods of “t he resent 1 nv t|o
wWi20R2pr |GﬂncartCaﬂabg13ib1éad ao@yariag tumohqmisteoasc wata (Petricoin,

ﬁﬁ ngpﬁog(bﬁlﬁgﬁ)réa@%aggénﬁ%éfwaz Bur %Bif)lgeé}x?)dexpressnon data

ko e@oRIDn étedl 9f200RY. Corter RE¥sdardH, @Y4963HP9@7§5§|# 8Varian disease
data, including a childhood | eukeni a gene ex reSS| on

Lata’ sevdbatriceiry E.Fetetaal., (2002pbgncatadddr ST245 71 as well as other

ﬁ ](ﬁd?'rpzstrf)ﬁ‘é‘ ?égong’nce urgé%d?qu';;g%f 4(7P${1IL}hégé Qata have

Clesrerer ggripedexipr eagplivantat suppreniémtadonwelbsié, HiI%mc.lit.org.
U&Er Research, 62, 4963-4967), an ovarian di sease
sg/GEdatasets.

Results are reported based on two measures: test error numbers—the number
of misclassifications on independent test samples, and the error numbers of 10-
fold cross validation. When the error numbers are represented in the format x :
y, it means that x number of samples from the first class and any number of
samples from the second class are misclassified. The number of iterations
used in bagging and boosting was set as 20—equal to the number of trees used
in applicant's method. The main software package used in the experiments is
We/ca version 3.2, its Java-written open source are available at
http://www.cs.waikato.ac.nz/ ~mi/weka/ under the GNU: General Public
Licence.
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data set (Petricoin, E.F., et al., (2002) Lancet, 359,
572-577), as well as other data (Arnstrong et al.,

W@ 208/a)464Nat ur e Genetics, 30, 41-47. Al thesePdBAE2004/001199
have been grouped in appllcaq9 S suppl enentary
website http://sdnt.lit.org. sg/CEdatasets. Results
aEXAMRICE t £d ICdassifioatibnoofrensirias tutreat andr normal patients by
nunber s-t he nunber of m sclassifications on
iPt'E%ﬁ@HH%?rt test sanples, and the error nunbers of 10-

f RbSicEn®$ Sirstadvaflpitiofns oW%ééh? o%ﬁé’r'i dat’é@&r(@eﬁ‘icﬁ)m E.F. etal,

represented in the formt : neans
n(2002) LeficetadpPe§721501h) Mrhach i abouil rws t@ddstlagylshmmlan cancer

e RS PR BB OB Bl ThEELAT i Egossion.
Viisis SRbtedtnid Gpeatial ddte gfeherétéa‘qg m@fsstsrpéeﬁoék&ﬁﬁj/ cafbe found at
awg(l)lcant s method. The nmmin software package used in

‘deliealprateamics. stqgmgqg)m,eﬂ‘@r@rarg @veirqlssmllar data sets in this
zﬁéa "Tjw'et b s?%%@?(sc'a@ gf‘eoaéelga E c.fho%te for thlg e&qﬂjple. The

S. wal ac. nz/ er th

Cdatar lads Bubdtac of 12i56esmaple§U§l§TbEﬁhfﬂEls %EETca(rRHI'_)Eaﬁ@M 080ovarian
2005/ 024648 PCT/ AU2004/ 0011 17
FHCETYi cherh e %?\VHP(ear‘? @Gﬁﬁrr'b%dwnéﬁn’é" fpatueass dasyely, the

We@ét%”’éﬁ?htuﬁ%@' O uﬁel?%e% a8V, ?@iEr@&ebﬁlaPané’ss/charge (M/2)

recent ovarilan data set I'coin

(igeotitjes.ancet, 359, 572-577) which is about how to
di stingui sh ovarian cancer from non-cancer using
serum proteom c patterns (instead of DNA expression).

T Se P tEATHE a‘-flp\%]&és?(|ﬂﬁ$r%|t%')‘%élfb%r%h§8§%r the 253 samples
spect r osco‘?Q can f ound
Wi

9:"@9 fthefp agpfpomelahlw %t(b(em dbny(Mavere Mmg, wirece NV is the

o TtV e b Bl ot i ap BRCImhRT Gl are the

haaxindratislengfty %%égm&heféat&é COHY hetrRaliZaNd&tanés be found at
and 162 ovari an cancers. Each data sanple is

RRRlicRBER| supPlementaryahsites tto Wadmcit orgeg/Glodatesets.

anplitudes of the intensities at 15,154 nol ecul ar

mass/ charge (MZ) identities. For each feature, all

v'érhejexig(riahtdatai satedypesvamoe incudal a B@@afaie et dabs set. As such,
I es u3|%the foll ow ng, fornul

NV
icaRkS metRpy Wagrvaluated |rtgng§0-fold Cross val(ldatlon over the whole

data set. The performance is summarized in Figure 6. It can be seen that
method of the present invention is remarkably better than all the C4.5 family
algorithms, reducing their 10 or 7 mistakes to a error-free performance in the
total 253 test samples, giving rise to truly excellent diagnosis accuracy for

ovarian cancer based on serum proteomic data.

For further comparison, SVM and 3-nearest neighbour were also used to
conduct the same 10-fold cross validation. SVM also achieved 100% accuracy.
However, SYM used all the 15,154 input features together with 40 support
vectors and 8,308 kernel evaluations in its decisions. It is difficult to derive
understandable explanations of any diagnostic decision made by this system.
In contrast, applicant's method used only 20 trees and less than 100 rules. The

other non-linear classifier, 3-nearest neighbour, have made 15 mistakes
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normal i zed value, V the raw value, Mmthe m ni num
intensity and Max the maxinmumintensity of the given

wo eabie448 The nornmal i zed data can be found at PCT/AU2004/001199

applicant's suppl enentary websiqt e:
http://sdnt.lit.org.sg/ CeEdatasets. The original data
set does not include a separate test data set. As
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on serum proteom c data. For further conparison,
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S 1044 \V \Y/ e

S do 8L naBES, YR, HALRPay R M AEIChoBS fisS 16 perfect

f actwraeys on digjetdada sed, s ac}jbhsalprqtmalgorltmmaodsstmpdrt&e’m machines

ker nel %Vﬁlqlb nS|n|t is difficult

t GhiErachiRe ik BEawask eI IS srtues Sadts are Considered. In

dfa%ﬂ”@&hbclo%%rﬁ'egnfém%sb\)oe@'Lﬁeay\%S% Jarﬁlnggr\{\{é@tbelow the
I'icant's nethod used only 20 trees an

1&80thl pasitiame Seether cooparisaraesultsaidsditater tha- sorae dew-ranked

h d t 1| TUTE SHEET
(Rl 93 e IS5 08 008 S TSE1S KD B50 FPOGEY BSrToiTBa ey, Opening all
afeaitiree foesondigeratiof ¢thbagh mstesfshérh Ay Yetrtdin t?rfé(ﬁ?r%l rules) as
features are used in the classification nodels? |f

ow$ed tmapRlispntis metnod fssan itea thet isomone flexibleotppn thardeaiof using
f&qﬁ/%fﬁ rﬂ{ ?ﬁﬂ support vector machines coul d not

achr eve per accuracy applicant's nethod coul d
not achi eve the perfect 100% accuracy either. AII

0 r cl s ifiers such as k-nearest nei ghbour,
éga“@ﬁ'af r i tPMRtyPe, claggifieatian eaf hildhaed leukﬁeva by gene
ng ﬂJssﬁ&‘? cut threshold were set as one of these

%oc nunbers, the classification al gor| t hnms woul d
nAsatetlh;empbolﬁlesmc Laokemic (Aldr) inhéhslddent s aeheteecsgeneous disease.

BB rifRDt esBoPlhoy P gk SHRRL sy eS e Lionia s eb mprecise

ankd eRpehsies BFbcess, rd r
wer e uged WhgseC ran%q%&ing@&%ﬁ;?i%ﬂ?&é@%s@%M Rany specialists

pwBP tare ot Sihmantyoaysilabsoin aesingle snedigak aenter [{¥eobolwl., et al.
l&\%ﬁ?nkegancer Cell 1, 133-143.). Using microarray gene expression

technology and supervised classification algorithms, this problem can be solved

such that the cost of diagnosis is reduced and at the same time the accuracy of
both diagnosis and prognosis is increased.

Subtype classification of childhood leukemia has been comprehensively studied
previously. The whole data consists of gene expression profiles of 327 ALL
samples. These profiles were obtained by hybridization on the Affymetrix U95A
GeneChip containing probes for 12558 genes. The data contain all the known
acute lymphoblastic leukemia subtypes, including T-cell (T-ALL), E2A-PBX1,
TEL-AML 1, BCR, ABL, MLL, and hyperdiploid (Hyperdip>50). The data were
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features are necessary for classifiers to get perfect
performance. Opening all features for consideration

w@ edvsgteasrost of them nmay be not in the final pal/avs)00a®01199
used in applicant's nethod is4gn idea that is nore
flexible than the idea of using only top-ranked
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chi | dhood., | eukem
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a%’iﬁ‘?'%?’gOirﬁqu}“glgﬁ'gﬂ”ee%ﬁgaﬁ%@ﬁpeéent er (Yeoh, E-J., et

al . (2002). Cancer Cell 1, 133-143.). Using

m c:roa_r_ra}o/1 gene expression technol o%y_ and supervi sed
| hes srigingh tialHngansy tashfiata wyare 1gyensdeim @ dreepstreguiaed The test

SaHRdH hUﬁ\beP%:%f GogH cgssﬁ%:?ﬂ&ggrjpéd%}?a%rﬁggfees%nﬁé&f &in§ e 6-level

sanme tine the accuracy 'S a
presyatrsctareds datacine &rs Eiur&ubt Applicands se$ti acturacy whs shown to be
chi |l dhoqd ] eukem a h been conprehensively studied |,

TGN BRBEy NG and Bagsie GG 1 MaSaTeq SHEeRA P RgGing. SVM
L L. e f | rehi _
Ohide 25 fistales, Ohthed SaRie ot DR LS saft|gE pfnile 3-nearest
@Ggighthoyr coommiiedi 2dymistebes Tbeir deéacy intherefdhe odiytaround 80%

ST S oA G AR R o S
Imo88Rs Mg cd\hﬁex?@dnéﬂtﬁ@ &f HuRldfedd WP Kefhd) @Btors TARY tens of
data were BSTI TUTE SHEET (RULE 26) WO 2005/ 024648

Hoow sandsoaf iynebevalaatiansyi kleepritrass applicant's rges eontsfined only 3

418348 SgRl 8 MG B M S3berals e 1R prprererre
|ewiiguedersianddile. 9, 27, 6, 6, and 22 test sanples

respectively for T-ALL, E2A-PBX1, TEL-AM.1, BCRABL,
M.L, and Hyperdi p>50. There are also 52 training and

Hedfits! Yvitﬁ ARAfF c%ss°$$lﬁfati6h§ b 'a‘?érkgﬁ’{e’ﬁoﬁé&’gd ggééhc;w Svell each

original training and test data we ayere
taubdype wastdistingulsted frem akotfeer subtyessinothef whole data set. The

cl assificatign del s are presented, usjng the 6-1evel
(ipauts pis e duaire BnASeR. ARG MahoR feriomiad the C4.5
HGOYtARY famdlySARYN3InNRaRsst neighbour (3-NN), and had a comparable
performance with SVM.

EXAMPLE 3: Classification of lung cancer by gene expression.

Gene expression method can also be used to classify lung cancer to potentially
replace current cumbersome conventional methods to detect, for instance, the
pathological distinction between malignant pleural mesothelioma (MPM) and
adenocarcinoma (ADCA) of the lung. In fact, a recent study has used a ratio-
based diagnosis to accurately differentiate between MPM and lung cancer in
181 tissue samples (31 MPM and 150 ADCA), suggesting that gene expression

results can be useful in clinical diagnosis of lung cancer.
Note that in this case, the training set is fairly small, containing 32 samples (16
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much better than C4.5 and Boosting, and it was al so

superior to bagging. SVM nade 23 m stakes on the sane
Ww@Eed050246182 t est sanples, while 3-nearest neiptiau2004/001199

comm tted 22 m st akes. Thelr agcuracy is therefore

only around 80% (1 - which i§Sfar below applicant's
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ross val i at| s are also reported to see how wel |
'n%tﬂﬂ d| stingui shed fromall other
subtypes in the whol e data set. The results are
I|sted |n F| ure 8. Again, applicant's mnethod
weltmnsnthsrglata setd.fami |y and 3- near est

d .
%'a%%se&iaﬁ%d 0% e R A fond HUhBIR Sefigles.  This
g@mn;ﬂ&m?m\&yl rﬁsultlﬁelsmgsw @mlwhy Sﬁiamted dlegls@ﬂss(sl\lrbstrong et al.,
to cla un er to potentia repl ac
@58%%3\%@25@@%%8 o’gwgrff aﬁ@scg@@mge h%vyvaa@ gpentiyg methods
Ifgfé @ﬂﬁ%mélrﬁatap:fétté‘m ogi cal distinction between

I gnant pl eural nesotheliom (MPM and
adenocar ci noma (ADCA) of the Iung In fact, a recent

af e Hesd Sinals e el Hon® inrstind o d2hdak Natirey Ganetis, 30, 41-
t4ps4 %b‘é@ﬂmeeélsﬁﬁétlmmnlﬁm%mme? HSS@&%IO?\%I Nlﬁtsubtypes

ene expressi on results can be useful in clinica
dikerecie s otallafeglye S hd-classNrairing samples (20,51 7c and, 2(1 tespectively

L AR AL T oIS S 8RRy for AL

FW[LAW4AW$199F|921% MPY! i ]S@CAEEA}OW?’\hFép@)FFSthé eiiéspectlve
set IS relatlvely I'ar ge, having 149 sa es
Aassificetionmgriormances appre agglm@mle&%btyeqszrrm several more

frﬁ%&%ﬁ% tpéﬂe@ﬁé) th%‘?sgt?ts%ﬂeﬂa gr 'a?)?ﬂcér?tst h&ﬁgmﬁé(r displays

amlyagorlt ns are uré
wetaagmmexe@uﬂnceamswvlrIeawlsﬁmllaf eedwtbtttf apbhcarts, Snakmg no
E;ﬁlsn & agg(y%rgl ng% -%ggre%?%segdhrﬂ)%ur m%w% rEnlétakeRgsm I1 :0). For the
widely-used ALL vs AML data set (Golub et al (1999), Science, 286, 531-537.)
the performance is also reported in Figure 10. In this instance, applicant’'s
method made one more mistake than the C4. 5 family algorithms on the 34 test
samples. However, applicant's method was better than SVM (5 mistakes) and
3-NN (10 mistakes). On the other hand, for a comprehensive 10-fold cross-
validation on the entire 72 samples, applicant's method was much better than
the C4.5 family algorithms by making only 1 mistake (see the last row of Figure
10). In this experiment, SVM made the same mistake as applicant's method.
But k-nearest neighbour made 10 mistakes. If ad-hoc numbers (50, 100, or
200) of top-ranked features are pre-set and then used, no classifiers could
achieve better performance than when all the original features are considered.
Once again, this indicates that opening all original features for the selection of

forming applicant’s rules is advantageous.
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The data sets studied so far are all nore than one
hundred sanples. This exanple shows results using two

wo edoan246ed y snal | er data sets (Arnstrong et al PCT/AU2004/001199

(2002), Nature Cenetics, 30, -47) to ascertain see

how the inventive nethods fare with small data sets.
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m st nearest nel ghbour
rmideaQe data sdtgSir(gh dt: )2002), Caneer Gefle ﬁO&E@Q)ALEantﬁpath of the

M. dat a et al 1999 Sci ence,
chige 59 100 o 2pieat.deRERRSENS @ wgls rr“éeporstoe&h'ﬁrir@ fas dive rules,
19bta|déotl§‘} d’ipgﬁrfﬁﬁ tré\fé?ééIQ§@ﬁe ve %H t hrrs ¥ te designated

nmore msta
34, 2est 4 @adpﬁ dsomHbeeledlr sideplol rlglaint Tshemetdscpécum coverage and
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véigh#ahhtorul@nit tHae £ 144 %o%ra’@@n@\l/&&heamm(brcaass S Recall that this
nmet hod was nuch better than 4.5

Iy
alu eontigins two @ék&mglydwgr-mnhedtfaa@res ee mmldmsltearmv
of Figure 10). In this experinent, SVM nade the sane
m stake as applicant's nethod. But k-nearest

niegth ioel se ok tré@ 61158 akestrudiéd asllimaed N8y 8 diSally top-ranked
or 200) t op-ranked features_are pre-set and

1f0l$@ﬁ-"§§ed‘£‘"?ﬁi¥c? At 38464 alY a”ﬁ‘cﬁ?@@&ifet tldte number 3 was
p&‘iés‘yn%”l?f ehg)%lnto"‘éﬂ‘érhﬁ“) rtgfefe% d'g's r?ﬁ"thé %# sg(%hlﬁéa%t rule (Rule
consi der ed. ce agaln

i ndi cat e ha

al) mdheglrstareé eEtgwreQ(lf)cshometheedtﬂmtureronhe séoa%nHiﬂ!Etége the rules’
applicant's rules is advantageous, SUBSTI TUTE
%@BEC% CN5T99 SN Ahe 1w nprer ol isabues dralogontainegherppeported in

5F,gpy@ change of rules' significance if discovery is
based on a small nunber of top-ranked features.

An important observation is the unexpected decrease of the significance of top
rule in the second tree constructed with only pre-filtered top-ranked features.
This observation supports applicant’s belief that the best could be the second
best top-ranked feature groups do not necessarily produce the most important
rules.

In fact, applicants have shown that if the lowest feature position in the most
significant rule is p, then at least p number of top-ranked features are necessary
for deriving a decision tree which can contain a rule with the same significance.
It is hard to know the number p if the whole feature space is not considered.

So, to pre-set a threshold to select top-ranked features is a heuristic that has a
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Here, C4.5 was used. (Quinlan, J.R (1993). C4.5:
Prograns for machine |earning. San Mateo, CA: Morgan
wKanoSomeend to build up two trees, nanely two PBCDADPS008001199
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tree- madieedo fmeiatakessoratiee traidsg alaya, it onadkerBvémgrsaout of 49 test
deci sion tree which can gontain rule with the sane
SEGIST UhEES c3e. SRSIRARES SeoRibherhuSe Waaoes 19 maReendenty

gk 810 B 0 SISyl o RS ot

testingssetc Intesestingly aviswBlE ParcofSHEET Jreutdmbibed\iey applicant’s
%9&%8 %éﬁgﬂﬁn ?ﬂéﬁ“@eoc%ﬂq :eu?'gsulting hybrid made even fewer mistakes

of only 6.

On closer inspection of this pair of trees, applicants found that the set of
features used in the first tree is disjoint from the set used in the second tree.
The former has the following four features at its tree nodes: 3662_at, 39806 _at,
32845 _at and 34365 _at; but the latter has a different set of features at its four
tree nodes: 38518 at, 32139 _at, 35214_at and 40307 _at. Therefore, the two
trees are really diversified. The two trees each contain two significant rules
each for one of the two classes. Again, these significant rules contain very low-
ranked features such as 34365 _at that sits at the 1878th position. Another
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22 risk of losing useful |owranked features. EXAMPLE
6: Alternative trees can performequally well in

w@emdiozteron. The ai mof this exanple is to seePCT/AUL00HS01199

possi bl e to generate, fromthegysane training data
set, two trees (or two groups of rules) that are
dparticslafly edtebbestingppoint hare gsidhaty theetoveragprafdihet topnrules in the

G ven daja set, C4, 5 was used tg generate the .
35anvErse b Iireashy SnEOTRSSS 4 e Rile i By MFliegr his could
asxgI&if ViiPtheQiondNRed oufpRriBfNEH Méfid, al ternative

tree, an approach that is slightly different from

C4.5 was used: The second-best feature is forced to

* PBORROREE AR BAR o S s BB BT e everea it
Al (yeson, E-Uquetdal. hD02) crCardersCofl 1, 1133348 ttendifakmtiate the
al nost the same prediction power nd soneti nes,

, th
suihivee Mieadanst Shepeupbings ehenidnosd isvikentia; Here, the first
ﬁ]té}r'iaérrdabh@ tre@nmggénplrﬁsfa?(esmm@f Bk t@stpgéurhpf%., t\l\ﬂﬁ‘l%s’zlapgplicant’s

e the so-calle second-best "tree acfua great
osgqoedftorerethdeliz nfistakes. Hoguaver, Dystambinirtetheltwo trees, the hybrid

CDeHF 1o UAleRe: i Ees s A RETBISTp b SHgh g of trees were
gihgﬁin?%d’ @%ir%ffo%hb'\ﬁrgcﬁgCihleQ‘Hgﬁﬂbé‘-waﬂ,.tﬂ‘gH%‘ V\FHHrlétthe second

ree made no m st s on the tral ning data,
naee W08, and g paitsuvherfe the tvedteessgot tis in parfotmanaease,
applicant's second-best tree managed to i ndependently
i nprove the disnmal accuracy of the first tree by

R ighpliamts el FdikesveBehbRilly IshpllanBretiétion power, they can be
Interestingly when the pair of "trees are conbined b

dpAtedans ' ‘expaashoihq shsiarstoad nthe irslwanbrimt,ertrﬁlationghip of the
' b i ]  of 6.
FRMIe I Rt WA Bt sl Biiiert, i, Bpgaests a

f cammhitteendf trées approzich: fteapussibleuddrcigastBe idiversity 6fe trees’
I s di Sf'soi nt fromthe set used in the second tree. The

' GXREFISRabY eeergindontivey trear a fewthitres, apdisoson.r dee wide range
R 8%y PR cortFD 811900 11905, Mo e

thigke quatitysof tB8Hridvidual tre€RihIBe-coaimitide? Ml prodidesadood basis for
40307.at, Therefore, .the two .trees are reall . )
RS fo.gRuCH RIS PRl Sield Bae kS Eaneupanver dlagnosis reliably.
significant rules each for one of the two classes.

Agai n, these significant rules contain very |ow

rBXAMPLER t Rule dischvery.34365 at that sits at the
1GivenhaptainingataAnsethBr having two classes of samples, positive and

negative, the following steps were used to iteratively derive D trees from D,
where D is significantly less than the number of features used in D. and usually

D was set as 20:

Step1: Use gain ratios to rank all the features into an ordered list with the

best feature at the first position.

Step 2: i=1.
Step 3: Use the ith feature as root node to construct the ith tree.
Step 4: Increase i by 1 and go to Step 3, until i = k.
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PCT/ AU2004/ 001199 23 particularly interesting point
whes/ 02448 hat t he coverage of the top rul es i nP¢aUu2004/001199
second tree has increased as npared to the rules in
the first tree. This could explain why the second
tTleen qutgserchor beddirdatlyf igesérata@t fremothiese ¢rcaspbe then depth-first

SGaVersAS , Tocds R SRR Ticanb ss, SBahe dulsipre Tanked dccording to
ISkhlAfge's dofeflidel & Rip-AinkebthesSaret S§8ifilaht. aﬁ?é f@;r‘gﬁwgitcant rules

ot her subtypes of chil dhood | eukem a. " Here, the
snayi dhen beasedt foe gnderstanding poasibleointerattids betyteen the features

l e whi | lycant's .sgcand tree de
R R0t B BRSL RBleD: i i Beldsio 15 U8e thprfules for class
hyrediction nagislicaat §nséthse $s Weddribedanttes hesesubdaangnm v,
ten such pairs of trees were examne and 4 pairs

found where the first tree won, 3 pairs where the

SELAMPLE '€ ol nAdicBoRal 'S vvher'e the two trees got
GENen 4 f‘@%E 57 %?sai%i#?%%'tt,eﬁ%%;"htﬁ?%é&e@ o3l HB8 a specifi

truRatoetdll s 2 praefidted cladiabelder fHi®asbt shmpleiher ent
inter-relationship of the features in the data wth
their own diversified experience. This suggests a

OEHRIEEE i £ AR mied goPOSSI DI e 1o

i ncrease the versi rees' "expertise" by
generating a third tree, a fourth tree, and so on. The
w de rang of diversiti provi ded by such a

commi tt ﬁﬁf“ﬂ%gﬁs"oﬂu ?2&, together with the high
qualinwkgﬁwyhﬁé'dey”? Jred rees in the commttee, will
provide a good basis for scientists to study

bi o- nedi cal data and to conduct cancer di agnosis

i apl LE 7: Ryle di .. G traini
e Bt e onb PG of ot $456E By kst £ 16 lanithe oatue class,
[ [nbO W : . 1t ' :
VB, SRRSO RASUT O I F coes.
tSemetimesnthbk predicticrat coire be usathimoud—i.anceiterdl, Y0 oPk, = 0. In

s set as 20: Stepl: Use gain ratios to rank all the
riBsse sttudtioris, th Pricitions Taraalhine K ifes agesrwititapeABother, and
ghetfHal ldecR bbli nell relidbleSt : i
g 1RGSR L 0s N Bodineh des] ORof, HER dltion ar
mixed with either a majority of positive classes or a majority of negative classes.
In these situations, the following formulas were used to calculate two

classification scores based on the coverages of these rules:

k1
Scorer* (T) = Z coverage(rulel”’),

i=1

ke
Score™(T) = Z coverage(rule]®).

=1

If Score”°(T) is larger than Score™®9(T), the positive class is assigned to the

test sample 7. Otherwise, T is predicted as negative.

By using the rules’ coverage as weights, the pitfalls of simple equal voting
adopted by bagging (Breiman, L (1996). Machine Learning, 24, 123-140) are
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Step 4: Increase i by 1 and go to Step 3, until i = k.
SUBSTI TUTE SHEET (RULE 26) WD 2005/ 024648

wEROnsALL@O4/ 001199 24 Then rul es can be di r eck€HAU2004/001199

generated fromthese trees byskhe depth-first
traversals. To identify signi T2i cant rules, all the
raﬂcé@echr/bpplmahési wedghaingi ptgjicycallowadhe rtrdeeCamupnittes byautomatically

el wadieh % R PO fof, he, T esimivy ot i @R fcant rules

|ﬂttﬁé§_\ﬁéd|@f§n BRicagsn the features (e.g., genes or
proteins) involved in these rules. To use the rules

for class prediction, applicant's nmethod is descri bed

oLy SARER e GBRAMERT A sofeNBE LS B0 oy s

c@nmda]@_&at\gdlds have a specific rule to tell us a
predi cted class | abel for this test sanple. Denote the
krulesfromthetree co mkGtee as: rule, pS, rule2)CS,
e ruI eki pos, neg, Here Kk,
+ k2 = k. Each o gbg@éﬁ%e(}uﬁkpredi cts Tto
belnthe p05|t|ve class 15 |Ie each of ruler; neg (1
< <_ k2) predlctsTto be in the negative cl ass.

aEEsthatt %%eK/eE éﬁg h%dﬁe%‘?%c?%glssgﬁgmbﬁg@?%#:aé I’ﬁeetest sample’s

pa:lasisctlons fromall the k rules agree with one
anot her, and the final decision is obvious and seened
reliable. Oten, the k decisions are m'xed with
ethagy, @ gﬁbmal by %Fp%b‘i"étbbvﬁ\éil ﬁ?a?fg/svgﬁa ﬁfdo‘lf}ba%ns and
negati've cl asses. n these situati oW ng
fajtefatms wayebe swdle: to el ahdvat desonded cjoamms‘iuczmw:tbnut departing
bas d an tg ft?‘overa es of these rules:

%’Peﬁg @5\%’?% %( SI"%YG‘ on. 7 - Scorene9(T) coverage
(rule; e9). i=11If ScorePOS(T) is larger than
Score"eg(T), the positive class is assigned to the
test sanple T. O herwise, T is predicted as negati ve.
By using the rules' coverage as weights, the pitfalls
of sinple equal voting
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adopted by bagging (Breiman, L (1996). Machine
Learni ng, 24, 123-140) are SUBSTI TUTE SHEET ( RULE 26)

wOE0R0D64H24648 PCT/ AU2004/ 001199 25 avoi ded. PCT/AU2004/001199

Applicant's weighting policy lows the tree conmttee
to automatically distinguish™The contributions from
tQEeAMS0r rules and fromthe significant rules in the
predi ction' process. For mul ti-cl ass probl ens, the

classification score for a specific class, fy
d. i s Raethedcbidendifying a rdlegisafyhin the analysis o blologlcal data, the

A&k e class that receives the
hi éﬁ@?t sc‘lc’)ijrlégIq he Et_eésyr?edl cted as the test sanple's

qirasisinga trairtuyg datasehbatndg lzeplapait\eof fmadures hand many
vari ations, catl ons ag%t? al.terations my be nmade

tQ?’Pﬁ%t'%%\QQC&&’b P8 UG NIRE @n wi t hout departing

fm@éPetthhéptrémtn%a@ééétt rethaihb esuBstSAGAIRN &H&gédﬂt%ugh the
SHEET (RULE 26 2005/ 024648 PCT/ AU20 4/ 0011 26

Cn_eﬁaﬂk)@ QOHSNLWQOh@(ﬂﬂm dedeienitteg.ng a rul e useful in the
anal ysis of biological data, the nethod conprising
the steps of providing a training dataset having a

.ur a'Atmembdf&ﬁidﬂdlmﬁ , toadidim gle MMedéih NBean GBBEE 0P TetURSs in the
usi ng the dat aset erein the training dataset

@tawtsar@u%&%annaétwlgnqhtﬁeaaﬂgewughpuugw prrcesstafrganerating the
le’J kon of the decision tree. 2. A nethod
according to claim1 wherein the nunber of features in
the dataset are substantially unchanged throughout
enerating. the decisi on tree.

the proces f
rfgt hod: eiBed i%@gOtdéng; FALRIM ofr elaim m wherRip é(?hle@aﬁPfJ-B@ features
9h thdBaldadt YFESubstantially unchanged throughout the process of generating

the decision tree.

4. A method according to any one of claims 1 to 3 wherein the features

provide information on a gene.

5. A method according to claim 4 wherein the information relates to the

expression level of the gene.

6. A method according to any one of claims 1 to 6 wherein the decision tree
is generated using a method embodied in a software package selected from the
group consisting of CART, C4.5, OC1, TreeAge, Albero, ERGO, ERGOV,
TESS, and eBestMatch.

7. A method according to any one of claims 1 to 6 wherein the rule

comprises one or more conditions with a predictive term.
8. A method according to claim 7 wherein the conditions are conjunctive.

9. A method according to claim 8 wherein the rule is:
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in the dataset are substantially unchanged throughout
the process of generating the decision tree. 4. A

woredosozhearcording to any one of clains 1 to 3 BEIBABR004/001199

the features provide informbiyon on a gene. 5. A
nmet hod according to claim4 erein the information
relates to the expreSS| on level of the gene. 6. A

rrethoj acc r di ng 8 onec?f claine 1 to 6 wherein
the debfef ’na'?‘? an ?%" ené?¥red using a net hod

enbodltﬁdnla’l rdEciewers package sel ected fromthe
gr oup conS|st| ng of CART, C4.5, OCl, TreeAge, Al bero,

ERGO, ERGOV, TESS, and eBestMatch. 7. A nethod

afgor dA PethB8d %Y:o%qr? (; aﬁ)ﬁ%bgsor{;clé Pr{s.n7 g@% \ghgrg rpglé cgngltlons in

conpri ses one or con

taerute abe ré\}uimdmmatmelirdahlgasbo@é gample vhitiegpradidiie class,
conditions are conjunctive. 9. A nethod according to
claim8 wherein the rule is: SUBSTI TUTE SHEET ( RULE

26). Wzﬂgﬁ»{d&zﬁa@é&d’ﬁﬁ”tﬁUgW‘Hr%oyga aindd 7 toCPAAWNERh not all

cond2 and en a ctive term
meEnaitébnsciooa dulegareoremoiredrie tm‘ traeannany’sample ehangichasse other

ond tionsg in rule are required to be true in
Fhap S8 Elashan Do Brecshefrtor e atf ve ol ass. 11 A
met hod according to any one of clains 7 to 10 wherein

not all conditions in arule are required to be true
i 12.anyA saethpd asroeding &0 any onetaferlaimshato tiewbereds thennumber of

SRaRIeRFShe B8 T RosBen SRt Womoer of  conditfons i

the rule is Il ess than about 5. 13. A nethod according

to claim12 wherein the nunber of conditions is 1 or

A%r A method agsending & clpiie AR wherein theonwnbabekcendiéens is 1 or
gl in analysis of biological data, the method

conprising the steps of providing a training dataset

having a plurality of features,

14. A method of identifying two or more rules useful in analysis of biological
data, the method comprising the steps of

providing a training dataset having a plurality of features,

generating a first decision tree having one feature of the dataset as the root
node,

obtaining a rule from the first decision tree,

generating one or more further decision trees having a feature of the dataset
not previously used in other decision tree as the root node, and

obtaining a further rule from each one or more further decision trees,

wherein the training dataset remains substantially unchanged through the

iterative construction of at least one decision tree.
15. A method according to claim 14 wherein the number of features in the

dataset are substantially unchanged throughout the process of generating the

decision tree.
16. A method according to claim 14 or claim 15 wherein values of the
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generating a first decision tree having one feature of
the dataset as the root node, obtaining a rule from

wo bwsh24688 deci sion tree, generating one or NDPET/AU2004/001199
further decision trees having feature of the dataset
not previously used in other %ecision tree as the root
eateresaimdthebtaiasehgrea sibstahtally uhehdngeah iacighau the process of
nore further, decision trees, wherein the training
GENSERINg BRgessiany, h??antl al Iy unchanged thr ough the
iterative construction of at |east one decision tree.
15. A nethod according to claim 14 wherein the nunber
df7. f edt madkod accordingita apgtoneref clainss ahtto 8 wherein the features

hqu he process of generating the
g)ééY@?%ﬁgfrbgtio Ba ®Fest hod accor di ng to claim 14 or

claim 15 wherein val ues of the SUBSTI TUTE SHEET ( RULE
26) WO 2005/ 024648 PCT/ AU2004/ 001199 28 features in
d thoaascarring datdlaim §7 uMeergifythe infesugtivurelates to the

@x@F&%ﬁ)rpfevelgﬁrlﬁe jhag the decision tree. 17. A nethod
accor

I'ng to an e of clains 14 to 16 wherein the
features pr ovi de informati on on a gene. 18. A net hod

cor to claim 17 wherein t i nf rmatlon relate
e Mt SSPOmINL I Ay onerRs GRS 1400 18 WaptRsa the decision

%“e‘éofsdg&gertafbcﬁ%m%nﬁ .ﬂtatﬁadabﬁﬁ)oafed f & é8 nbggen&@e selected

decision tree is generated using
srasnftheageupackagieting | afc CART,f €drb,t @@19 antqugmsAlerngRGO,

Age Al bero, ERGO ERGQV,
%@q@%@ﬁ%gﬂmg A net hod according to any
one of clains 14 to 19 V\,herei n about 20 deci sion

trees are generat ed. 21. A nethod according to any one
@0. c| & methad tagcppdingdeeany one ofucleims 14 tasdd wherein about 20

%%'3%' {ng Eerqer%ﬁdj' ctive term 22. A nethod

accor wherein the conditions are

conj unct | ve 23. A nethod according to claim 22

wherein the rule is: . _

21. A method according to any one of claims 14 to 20 wherein the rule is a

set of conditions with a predictive term.
22. A method according to claim 21 wherein the conditions are conjunctive,
23. A method according to claim 22 wherein the rule is:

If cond; and cond,and ... cond,,
then a predictive term

24. A method according to any one of claims 21 to 23 wherein all conditions

in a rule are required to be true in at least one sample of the predictive class,
25. A method according to any one of claims 21 to 24 wherein not all

conditions in a rule are required to be true in any sample of any class other than
the class in the predictive term.
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If condl and cond2 and ... cond,, then a predictive
term24. A nethod according to any one of clains 21 to
wQ@Nosztee8 n all conditions in a rule are requPCEAULM4/001199

be true in at |east one sanplfszof the predictive
class, 25. A nethod accordin o any one of clains 21
26. 24 Anmetreachacamrdimigl to am'nmd ofoclainng 24 to @5ewlerein the number of
required tg be true in any s | e of any cl ass ot her
CAAAIORR &N Me e [s{esnihalt 2ekidve term  SUBSTI TUTE
SHEET (RULE 26) WD 2005/ 024648 PCT/ AU2004/ 001199 29
26. A nethod according to any one of clains 21 to 25
wiier eiAnmetitochaegardingfto alainy26 vdreseinrthe eimbereofi condigioms is 1 or
%hh rbeabout 5. 27. A nmethod according to claim 26

in the nunber of conditions is 1 or 2 or 3 28. A
nmet hod according to any one of clains 14 to 27 wherein
each of the two or nore decision trees consider at

8ast AaRwlitod30gepding fo aRE onea@fuglains A4ttre27 whesgiateach of the
%ﬁo oArﬁ@rIetbc& %ercf?rre@%% Sflef laﬂégs?%b%fa?gd(o @F@ggg?ﬁﬁ& in the

nor e ci sion rees consi
a@%m. all the features in the dataset. 30. A nethod
according to claim?29 wherein each of the two or nore
deci sion trees consi der at |east about 75% of all the

heat UAe?'n%\lﬂoBhSCQﬁH eio c'l%ﬁm AeRIHAPEn2 856K chfniiheI cPwo or more

clai m 30 ereln ea e two or nore deci sl
deeisorcivess demss'deruatsieasttamdutﬁo% bf aththe femtunessn lthe tataset.
dataset. 32. A nethod according to any one of clains

14 to 31 further conprising the step of conparing the

B0CUr aC ynéthoat aé&ﬁfélngt th dARUIdcaNheréthegatly &bt rt‘wé or more
significant rule. A met hod according to claim3

weeisisimtreescongider @trleas:tca’qmn ¢8% of all the sliy the dataset
conparison with the training dataset or by using a
test dataset which has an i ndependently validated

Basul 1A mcthod a@ctdmmgam:mimmot WHedréinnegéh Vel mwbhér more
conpari son incl udes hting of the rul es according

decisian Fecerangders qqlp@t Yy afl the features in the dataset.
32. A method according to any one of claims 14 to 31 further comprising the

step of comparing the accuracy of at least two resultant rules to obtain a

significant rule.
33. A method according to claim 32 wherein the ruies are compared for
accuracy by comparison with the training dataset or by using a test dataset

which has an independently validated result.

34. A method according to claim 33 wherein the comparison includes
weighting of the rules according to the coverage of the dataset.

35. A method according to any one of claims 32 to 34 wherein the significant

rule contains a low-ranked feature.
36. A method according to claim 35 wherein the rank order of a feature is
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35. A nethod according to any one of clainms 32 to 34
wherein the significant rule contains a | owranked
wo e@s0e4s48 36. A net hod according to clai m 35 Wer/aiuzno4/001199

the rank order of a feature ig,SUBSTI TUTE SHEET (RULE
26) WD 2005/ 024648 PCT/ AU20047001199 30 deci ded usi ng
deielebdasing banehodf sedected éropn thepgoupscatsistingadf gedm ratio, signal-
ratio, nal - to-noi se rreas renment, j-statistics,

Py Tednir e TSR Sion MTaRY. St FEFSHESIRO g t o
any one of clainms 32 to 36 wherein the features
defining the root nodes of the decision tree are
S€l ectbethetiyod antondincatd any anerafclaims 8Ado @&t wbetein the features

BE06G: B o8 higR Al o FhoR 1, S SR e Rl A Features
int fref d4tasét accordinges A&l gaipl Ao bRentropg! top-ranked

feature as the root node, the second tree is
generated using the second top-ranked feature as the

@got P\ r‘?ﬁ fdd 5@&0%38 tgga ng”qqn%%%lél%s L8 Q?Weerefﬁrtﬂgrf@& tree is

executin accor di Ing to an

gleaenaied utsmg&&e k& top- rauk@d foataet aothe tdoeﬁoﬂepthﬂ:wbond tree is
accordi n% %mat hog accordin to any one of cla

gepgraigd Usng theRecABd toR- ’%ﬂk&éjs Wﬁgﬁs t@ﬁa{Pﬁfc’B%qf? §T?f€j9fa

di agnosi ng or prognosing a disease in a patient

conprising a method according to any one of clainms 1

88. 34 @tﬁnplﬁeneemxciltalblei geogriahnyi capabléi of ogkexalting a method
proc conprising a method

!
DL S GRS ob Pleftos T3PS SOT be "t Ao mmhod

according to any one of claims 41 or 42 wherein the
di sease is cancer. 44. A nethod according to claim43
fiRer eAnruleor sehoérules predecadaceording teea rgetbiod according to any

%&gr fZCLA @’gnﬁ%}r%'%t ate cancer, childhood Ieukem a, and

45. A nethod according to claim1l
substantial ly herei nbefore described with reference
to any of the non-conparative Exanpl es. SUBSTI TUTE
SHEETA Rugthod69f \Rassfginoo Lheusctpisinguzirgasing 99 prognosing a

disease in a patient comprising a method according to any one of claims 1 to
38.

42. A method of identifying a biological process involved in a disease
comprising a method according to any one of claims 1 to 38.

43. A method according to any one of claims 41 or 42 wherein the disease is
cancer.

44. A method according to claim 43 wherein the cancer is selected from the

group consisting of prostate cancer, childhood leukemia, and ovarian cancer.

45. A method according to claim 1 substantially hereinbefore described with

reference to any of the non-comparative Examples.
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31 46. A nethod according to claim 14 substantially
her ei nbefore described with reference to any of the
woensopspar at i ve Exanpl es. SUBSTI TUTE SHEET ( RTEZARS)04/001199

31
46. A method according to claim 14 substantially hereinbefore described with

reference to any of the non-comparative Examples.
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