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discrete-valued target functions. Each internal node in a decision tree

represents a test of some type and each branch corresponds to a particular
value for the attribute that is represented by the node from which the branch
descends. Decision trees classify 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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r@éblgronortref;g%x'éﬁf{n b?f CHAB @B 93N | M%t grﬁ%‘ﬁégoq‘ﬁ%m software

trees terature are construc
ucrrpiementedomemlhodas dech sEsoGARTeand sC4 5t eC&rSI(@elnlan J.R. (1993).

p > i cal process.involves determ ning

PEdet Progtmd T Taching iearing Ao MptemdAnMprath Reufmgnn) is a
heuristic algorithm for inducing decision trees. C4.5 uses an entropy-based
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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Similar to bagging, boosting also uses a committee of 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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invention as it existed before the priority date of
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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this application. BRI EF DESCRI PTI ON OF THE FI GURES
Fig. 1 shows various ranking positions of the three

wo e@s024638 used in a significant rul e di scover eRCT/ATZ008/001199
prostate di sease gene expressign profiling data. Here
Sto- N stands for the signal-to-noi se neasurenent.
Fexpressiem prafilingalataeces i nduced fromthe prostate
di sease data set of gene expression profiles of 102
cells: (a) the standard C4.5 tree constructed by using
VI“I? 8 ERalsrgpplighnt'd Plled ihr£LT4£8NFéE Ltﬁﬁl?%rp)bn#ifstrﬂge top-ranked
onfy three top-ranked features. Fig. 3 shows
rfepges.n a C4.5 tree derived froma prostate di sease
geneexpression profiling data. Fig. 4 shows
applicant's rules in a C4.5 tree built on only three

trig- Earﬁfﬁdvs‘ gatietison freg. inBuced ®ys Ca . 5ldrirmi #Nayéred data set to
i nduced CA4.5 froma | ayered data set to

dilffw@fn@ﬁtq dhe %%y%dﬂmﬁrdwé& agpiash 03@%{ §Ptypesepf childhood
dh Q _
LBk tfre HYE0 Dt GG & 7 1B G IVBS 24779, 40 24534, d =

2m0.9. Fig. 6 shows the error numbers (Cancer

Normal ) of 10-fold cross validation by four
cl assification nodels over 253 proteom c ovari an data

Slnﬁggé %ﬁow’é'tﬁe efrot penrgs(baﬁﬁéror NBHH?I?B? 19ffof(ﬁé’r{)ss validation by

s on the 2 in ent test sanple
doubtlassiticatdrs modetscovdra28si froteinniorovafian ldatAkanplesease
(Yeoh, EJ., e al. (2002). Cancer Cell , 133-143.) Fig.
shows 10-fold cross validation results in the

IfFlgbVeéﬁdWs safiterrst sliMmbets bE Rdurafogélst & tﬁéu@' ﬁﬂ@%@ndent test
Fig. 9. shows the test error nunbers ( PM ADCA)

by
fwﬂpl@s & e podiernof oslehtype olassifinaigreatither Ablu disgaise (Yeoh, E-

t?.%?g&bddzﬁsﬁ%n% F&'eﬁSI 15? ﬁ?')ni)dShOWS the test error

our c assifica els on two smal |
data sets.

Fig. 8. shows 10-fold cross 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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SUMVARY OF THE I NVENTION n a first aspect the present
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conprising the steps of providiyng a training dataset

having a plurality of features, and generating a

deca second aseat shegredent dMeaﬁem providesa méthed tof dderitifiging two or

dat aset re s su stan | y uynchanged t u h t he
or ot Saab ity AR e o bryadical e B8 e Bed i arsig e steps
agfect the present i nvention provides a nethod of
identifying two or nore rules useful in analysis of

bibroviskiig altraizing dataset having plunglity of feptutes, st eps f

PPl 5ol BaBlslth SRETREInG B Rsfld, 4L e et s the root

f,e@dejre of the dataset as the root node, obtaining one
nore rules fromthe first decision tree, generating
ow;atwng@newmqrﬁéwle@e‘tqrgutb@uflf&i@@@lsmirﬁ@ a feature of

t rr&‘thHéan%H%@ﬂ t?éb EQ\% dag?é%%?é; of the dataset

es as he ro node

fmusttmemousllyeseﬂnn mtrwodemm@n trEaelmrsethé lnd)dbtfmdej egidsi on
trees.wherein the traini atasa(q%renains

seening e Py ME KB &% omreacdioNa @ Bere further decision trees
C\ﬁﬁérter rﬂi%eof}aﬁuflné Rutds& PdABinG §§bst5ﬁﬁ£lﬁfr %%tﬂaﬁ@é?@ tﬁfough the
er 'substantrally

two or nore decision trees consi
tltmasmeomsdatahloesoﬂtlmet:ibelsdmtaeeat. n an alternative
form the two or nore decision trees consider
substantially the sane nunber of features in the

dateisably Baghajfhee ﬁﬁp©9tmél*éed@él§i%ﬁ”ltreé§‘\éﬁﬂéi'd%9 substantially the
pr ovi des a conputer executable program enbodying the

n¥arne deatyres ine h@r@%téﬁet i vantaltemnativedatnhthe tmpecmquaedecus:on

N e

anot her aspect the present invention provides a rule

or set of rules Produced according to a nethod
d6s@ppied aspestnthe present invention “provides a computer executable

program embodying the methods of the present invention.

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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n a further aspect the present invention provides a
nmet hod of classifying, characterising, diagnosing or

w@e@gnpsisg a di sease in a patient conprising BCTRUDDE001199

described herein. Throughout the description and
clainms of this specification, the word "conprise" and
vari ati ons oDETAIL&ED DESQRIPTAON'OBrTHE SNWENTION
"“conprises", is not intended to exclude other

addi tives, conponents, integers or steps.DETAILED

DRSEHIrTASPe PHhd Fﬂﬁeééﬁfﬁh@émm pfovidésh meared of R)%ntlfymg a rule

present invention provides a nethod of identif
ruﬁ@uluﬁéhmaniawswr@f kiplapipsi datgt, thst oletied apmpssiag tha esteps of

oS A TG0 2B LB BBl ¥f el b e ot i ng
agmasm@a ddcwomﬂleéglsir’fg%trﬁadéﬁ@ét, wher ei n the

traini n% dat aset renmai ns substanti al IE/ unch
t\Whergih theetrpiningitdaiaselo Fypainst pebstantialiye U@éb?@@% through the

Lifrative BBhdt Joﬁ d?"i‘l“(?dé@i%\’éﬁ?w t{r&?‘t the nmethod described

herei n provi compe i ve accuracy conpared
to C4. 5 baggl ng, boostl ng, SVM and k-NN. The net hods

CAGRIBRY Hisveaanouta iRt ek qohedgdeseafiva gfineplovides nighly
rasrh B8titlief g&fl.ﬁ'aé)? QBNIAred t8rt4 %orﬁagg tgio%ﬁﬁgf s‘%/m éﬁ‘d k-NN.

t he rrana enment the original trail
ahle m@boda@lmpm\mee eboitt sompwmwblalmlesgthaahalrf mr translatmg

eve i_t.e e] construction of trees. n a preferred
tﬁxén@palﬂ’,qvggag 's met hod keeps the size of the
or| ginal data and/or the features' val ues

substantial | y unchanged throughout t he whol e process
o‘?\p@@a@tat .m@thpﬁedtfée;rssummtrp@@r A8 xomaviflee, classifiers in the

S se

BhaGAREnt 1 oVl TR, A5 hUo8B8. 850 40y venerat
lmmtgtframm Stdimippedata %mlevgr}dmb?atlmdh%ﬂgbf@‘l Ctﬁf trees. In a
bOOtiF%grUI?\% not be true when applied to t
R farphl %Oy liganks mih%éae%ﬂ& ﬁlzezm tB&@ﬁ‘ﬁl@' gpta and/or
A0S 3 ik SLLSERIEH, SR BRI Y bG8 Brocess o
cgerdraiing sheadecisam treet iA® a result, applicant’s rules will more precisely
reflect the nature of the 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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conditions. An exanple of a generally preferred form
of a rule relevant to the present invention is

wo epsesemt ed as follows: f cond and cond and .PCT/aAU20#4/001199
then a predictive term The preglictive termin a rule
often refers to a single class (e.g., a particular
seltiree tofbeatroanc esome sampied of theopradietivienclass,i mrt redtlall true in
condi ti RS ifn arule arsre@‘ui rEd to .bﬁ true .in sone
ANPHLPEP QN DY SHaRes T8 hagdhe agg:in flde PLpqictiye fermy
any sanples of any classes other than the one in the
predictive term The nunber in conditions is preferred
t bhe aumbeardn antgeadit®ns| isquefefred tg be na more than &r Ideally, rules

A B2, 20 br & 4B e ot P8R Bonp8err or a1 co. 10,

71-78) contains two conditions on the gene expression
profiles of childhood | eukema c t he expressi

.I acells: f the SSi on
dops an4example, dbefolowingaiie kieetegh(2005) o Bicintotmaticst 19, 71-78)
/ 75 . . ' . : _
(SRBRL 15, od b GEBERE Ay B AT Bondld Ruemi
sediisypes ot her than E2APBX1, while 100% of the sanpl es
in the E2A-PBX1 cl ass each satisfy both of the two
condi tions on gene expression profiling. t is

L her pfAb @xBARIdn bPA0#RSd B falapagnosi s purposes. The

deci sion trees may be generated by any net hod known to

t he akdlthe@xprdsstanof 4725 magis>68aYens, ent nethod is by

usi ng one of the many avail abl e software packages such

as C%F@I" this, sampies SHdEIE2AKBET 0, ERGD, ERGOV, TESS,

and eBestMatch. n a second aspect the present

i nvention provides a nmethod of identifying two or nore
rThissulesiefnatt satisfeethby sing cells of ahy deulemidadubtypdreother than E2A-

d risjng.the steps, f proyidi a training .
%@g@ewﬁﬂ%iqqgo 5)9,5“1%,33[71 é/)s &th,%e§¥ﬁfﬂ£)? 1 class each gatlsfy both of
the two conditions on gene expression profiling. It is therefore useful for clinical

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 a first decision tree having one feature of
the dataset as the root node, obtaining one or nore

wo poem24euom t he first decision tree, generati NBCDAB2008/001199
nore further decision trees hgying a feature of the
dat aset not previously used in other decision trees as
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fromeach one or nore further decision trees, wherein
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decision trees. One formof the invention relies on
t he generation of nore than one tree to provide a

"|€ ATU%t bt epprédiatedanst thdspraséntafethodd 76INotebh&srnel only with the
rul es where every leaf of the tree corresponds to a

r@aneratian of pingle rdacisiendreesnt Ane faiAy o§ithmiinyention relies on the
T i1l ‘ . S| .
RIS e e UL B BB SBIR 3 HEE, pp oo s

wdo%dtbn&)ftrhlsm?erd evarileaf cfahe ttefe b@rreﬁ?ﬂr@sﬂecb hﬁe, multiple

many either. significant, or. m nor_rules. e approac

Jed A LRI TaENONERANL RN afhEgsse! FRMINIS srascbreaks the
| : . ) b C of

GBI oA BRI LRaY) P ARIASS, B R A o i

ssame itesimigy ydata soovee explairedt byurhanyleither sigmiftocamt airmminor rules.

Lgni fi t hat t. ny interactions
rPhPpfEhnt heSpiesest FRetRR s aBvanabsels Besaust e mutuall
rélcassiveIAleS O nst dedisibRared bt BPWRANY IntefRHbARS iaPibng features.
The net hods described herein differ flundanentally from

t e vantershave sumprisinglyrliscoveregeghabaitiple treas coatgyn significant

' , : ' ing, .24, 123-140 d_ ..
(S, TR b, AR et 588 WiPRerfdoot Aol TR mutipie
Leassisngporive celedithgefere sthgthdn thegsdweMéitdreaition.
Conference (pp.148-1 56)). Unlike the prior art

nmet hods, the present nethods uses the original

1% oS! dodciobasly MRASHEARARAAY (RFFUAE sreorno-an
demnmittee metdesls Stiuh asibagging(Brevednply (189639 Madhinepl@arning, 24,
U5 348)ahd Bo3stiny tFretind, Y., & Shapire, R.E. (1996). Machine Leaming:
Proceedings of the thirteenth National Conference (pp.148-156)). Unlike the
prior 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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manner reflect nore precisely the nature of the
original training data. By contrast, the rules
w@emdozeds by t he baggi ng or boosting net hods nByT/ATR00BE01199
correct when applied to the or]' gi nal data as they
sonmetinmes only approximate the true rules. The skilled
A festare of the peeszblt énvemtidads deatbyadh detisandires ima committee of
be ge t ed.

L HRAE o Bioton SumBoE o [uiebiB 3o e ReBSHR TS pror an.
IR raBSe A6 i M B8P RiEre HAcRGSH #eBB coh8RRA at Edidout 25%

of the present invention is that each decision tree in
ofcalhthe featurds in thes datassit.devore pgeferably eachbef thef two or more

features than th t ho f oPrlor art referaply

SRR Yk ot o R ieBbul B PLED Beifepls G TReataset

| StaIs inopd Puéferdily Hachl of theetie ot wicre détidibR tiRisas@isider at least
eferably each of the two or nore decision trees

More pr i

cah%itgé?o at all hesfeatiresin Sdaiasal.l the features in the
dataset. Still nore preferably each of the two or nore
deci sion trees consider at |east about 75% of all the

flaad Unigidy iprefeneddfdras of the irventioh! aaghr of eie ellofarr moed decision
t he inve%néion ach of the two or nore decision trees

dEres SIS0 subsrANtAly plidhe Teaires it theedataget. nin this form of the
Jai&tRin allohidiha fEQ¥%§5r§ BBeh Wreéglégﬁnatblfoﬁﬁ'rgl'eg%? the method
features are open for selection to formrules, so the
revoittsd theey difficult basdichf ipcabblenmc bhisisivc adanyr twipkramkedl features to be

AR pr B AR epb Bedd” s ettt Finsbhefihe simaificant ules often
SdoRbdihil6RFanked RsatQfdsSANBREAIHR Sk fLABK Bfe KBATAEINRSS necessary
and that these features are sonetines necessary for

drastassifiers te cachieve periest fascuragyculfaeg-hoc adribecs of only top-

TAERRS Pl o, 508 RGN R Saf e g missea o

iinacsustat e. Preferably each of the two or nore
deci sion trees consider substantially the sane
features in the dataset. n an alternative form the

" o ) . . _
PRIASHRES B 180 ol 5P RRBCAT50 4 LoRkpL bl e
esdoosl fertatesoin thbadatasetnt incam blierriative dornothe tivoees mair€ decision

ﬁ?ﬁ?s%tagq?r%id@ﬁ q@g%th‘éﬁg &%gg%@g?&%ﬂ?g inbt(rewe dataset.

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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First, all features are ranked into a |list according
to their gain ratio (Quinlan, J. . (1993). 4.5:

w@emgnzses f or machi ne | earni ng. San Mat eo, CA: PODAT2004/001199

Kauf mann). Then the first tregsis built using the
top-ranked feature as the root node, the second tree
wslies gtot bistagre @osignificppt aulkedOf emiunses iasondeotto ndwle¢hisathe training

etres ] R ideracvalafict o Siatris horpr 10 4eamie therageuracy of
| a?‘f‘dlm rfé. tF*P@fé?éS@/QHE rUlé‘é%'cQﬂnﬁé%H%Pé@E{ur‘é%y%y comparison

ge nunber of rulés, and only some of
svignitiie deainingAdataset. ngTyeara‘suftahblrules elma[ynalsbe beectrogared for

SRR a AR 6 B35 Aok hetrsur

course, in order to do this the training dataset szt
include a validated outcone in order to determne th
duelaraply b apprgrisem ineides praighling|of heryies e@carcbng to the

ol %doffllﬁ[a dHigsett A 0% r?é%”?%\/éfqb %Pnél%?hé pé!ddép't‘ébe of the

e resulfant rules ma

samplecin aclasy satishing that aset va’ppodn? b&:’p%sl&nconmsts of 100 positive
Prefera

de d I lid
' SIFGFT SR 3 T ?ﬁj{%%?%tﬂég ?ﬁ@* ermh@emh@srué%meme is 75%.
twaet e@ﬁa@fsaawfbet .m%sg' Fh:tﬁfre%‘%fed i glghiﬁcaﬁtsrufesc OX&igdficant rule

nanely the percentage o Inac

smons Wwjthraylarge coverage Storexaspie at kast 66%si sts of 100
positive sanples and a rule is satisfied by 75 of
them then this rule's coverage is 75% The skilled

@f/ér‘i)% RMdwin Bleté@%brﬂﬂﬂé %r%ﬂé@sqlfldaﬁ‘loﬁ' Yl ety n’fa‘ilJ B8ke 4he final
ignificant rule is one with a large coverage, for

ébegmﬂre byt votings tin 5@ wveighiegh manoeswitheoruleesn henfthetrees of the

S5 BleRGRe! it SqiELe SAusTRS: "OFR JhallpLe i acigiR® to e

trlulee&is Eécdrhﬁmgctorfﬁbirfceeelfd@;@tm&ﬁ@oflﬁlﬁbl saiRHedatat thtig®ach rule
of assigning weights to the rules 1s accordi

t'~°o W%htﬁdca(/éhag@amﬁnalh@er@entgﬁgﬁapf {reding rpraples; int Aaglass that
s§t|sf§3tﬂré Fid © This ‘0@1@%} qﬁgggi’q#qﬁlsﬁﬁgblgﬁ ﬁ%&@g&h l%g;_emf?éant and

trarning sanples in
Thiner meeg head thgt theddeodled st contribatecs émbv@tte to their proportional
significapt and mnor rules, so that those rules all
%lgfsrt‘i’mﬁ nalyolPgor dance to their proportional roles
to the final voting.

In addition to being different from 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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n addition to being different from baggi ng and
boosting, applicant's nethod al so differs from anot her

wo edosogienet hod cal | ed the randoni zed deci si on PCEAB2004/001199
(Dietterich, T.G (2000). I\/acqbne Lear ni ng, 40,
139-158). This algorithmis a nodified version of the
Gorbmiitesasni ofg tedegohavemmuchwhlaedert ipeterd@l sfarn dieosity than the
whi ch s I'{s to introduce at each internal node of the
tr,a@gopgfqda 8%%i zed. Wth a different random choice, a
new tree is then constructed. Twenty of the best
splits (in terns of gain ratio) for a feature were
clonearadng dut dhe enethedp aigscobed dhedeim i ipiafles found that significant

SO0 Ebpln (s real B i Hl Pl friga giscoverea by

f presrsare omsthodst etbrivkaniple, Apphcihte InaaE disdtveesd ahsignificant rule
same root node feature. The only difference between

tfremnesesiate disgasendata seft bah Lomivises. expressien aypfiles from 52
: e . it . :

20Bidr SR sho SCPomel B €S ef ) (4023, EahtborLans, 203-200).

features. Applicant'scommttees of trees have nuch

| ar ger Zr%otenti al for diversity than the random zed

t r ee¥ 3399822} 49N 8388@ afet descri bed herein it
is o fqu Si.gni.f i rules often contain

| ow ?gggoeﬂé}f%gtt h?@ghlg'f%ggmlngﬁ%l( seen in rules

di scovered by prior art methods. For exanpl e,

AFp_I I cants have discovered a significant rule froma
ptibsrdleds @ sigaidisantaiule with a eexeragensf i94&s (49(pR kisstheriumor class.

i. . . | .
PEBlEmS SR R B PR Res Bl i e above
Ik 8garte 82598§ablS?BT’%%gﬂ_atfirwlpﬁﬁiﬁoﬁﬂ%ﬂgamfe_%tﬁer&Wol genes are
t { e IS rule |Is a signirticant rule .
vﬁ%ﬁ"_"'b/s @w?%'ékeéfatgawtmgwﬂgn i(gepRe’s fk pAYs266th position
5@@%@(95@9?9% tﬁ@ehﬁr@%e%?wbaemsge&#est. he three

atures defi'ned 1 n the above rul gene 32598 at sits
at the first position, while the other two genes are

AR e AL e R R b3 S5%8en o the aroup
SHEMEP G 1 49908 FRataskeft gyt Wnony. nc X
i measiremenjailiv.r Ht foMotedmat- (19980 Seathren sefasitiont for knowledge
tdi§£3\}ér}§tain%3dat8%fn?rpg}f’Boas@gn %\(I?A: Kluwer Academic Publishers). 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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nmeasurenent (Liu, H & Motoda, H (1998) Feature

sel ection for know edge di scovery and data m ni ng,
w@ewsomehd: Kl uwer Academ ¢ Publishers). n facPCT/An2004/001199

order to verify that the advangages gained by the

present nmethods are not an artifact of the ranking

met hFB2AH8d at>a29 andad0 XY wér6i ng in terns of metrics

such, as si.gnal -t o-npi measurenent, t-statistics, and
ent r YN %%'%”mgﬁ?%ﬁem were used. Figure 1 shows

t he ranking positions of the three genes using various
ranki ng nmethods. t was generally found that the
rEgiralg isfsigmécepingith agr8e% @i&0)waverage irethennormal class. The

BRI 5o DR G RSB DA 308 e s

Spaitidn, CRNle ritd edmpbhiedt ePendorzaang B, ghyRily CldWes-ranked at a
present anot her significant rule, discovered fromthe

Rasdiqn belowt tO®HAcer data set above, which is dom nant
in the normal class:f 32598 at> 29 and 40707_at >- 6,
then this is a normal cell. This rule is significant

Wrieferablygthgofedtre® Yiefining thg eodtmddes aifdheruiefcislliclm tree Hre selected
ranki ositions of the two genes are as follows;

gonerind 3N feaiTes Tathe Kietqgat Hooagung ferihelraae fak or entropy.
BT B 888 S99 ) 113 AR IR, YR intarve.
desiune’sgdistriminabing neaiesr tof diffecentede shertwor eassescan be roughly

| ect by . ki ng.all feat ' h t t .
IEREFURH N s 2 PR L6 (b0 BB o acnine
S84rrRd.SARN€0 | OR: MoAg&eKa0fmaaap of by (Rpy! (FyP4d, U & Irani,
negative), a feature's discrimnating power fo

df £ (E9%k | Maehinge Leaing.asdeseeding eofr HigyhTRirtaeatbudri¢rnational

' i 0 r AL ( Qi p ) s GA- 5
o3 B ol e s, o A DL A .o e vy
Kaefhoanmeasoresbiyeatta s tridraivyashded alfdataai of e whole collection

(1992). I\/a?hi ne Learni ng: Proceedi ngs of the
THisanaRias Hf the dishibutionate . go eeressian ienelsafig gengfor x tumor and

| i (08 KO- D - r Thie ©

T SHBELEE0RS 240 el Goben Uy “(hid g, rormat

aflagdes, dinslfeatune lie thermassignedrgpbamlli énttdpy value. A small entropy
, . . _ i | | f for x

?\{Iﬁﬁ,ﬁt { Iirgﬁ%étgg a low or ZeFo %%gler?gintye}/oer differentia "%1 The two classes by

this single feature, and such features are 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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nor mal sanpl es-shows cl ear boundary between the tunor

and normal classes, this feature is then assigned a
wa@embslo24smt r opy val ue. A small entropy val ue i nECTVAUZ®4/801199

| ow or zero uncertainty for differentiating the two

classes by this single feature, and such features are

t bnlg ataheditstatwd Hyefsoithéirooslever ahérigbimmediatd chigdren level), we
tree |??generat first top-ranked feature

257 et 23dreamus entfnéngeéhavﬁj appEachslogUses atteplien oRgtop-ranked
é;@né\»eélﬂ{lﬂ gtl@cgae e k66 AR 1k/8I §'r5|055| 50Hil IR Roged! IS

As descr comi ttees tregs are constructe
by forcing sone top-ranked features iteratively as the
There ernative

de of a.,new tree e al so t
B anO8eE alleraibe BHRep 1 davestton B BafiAinERs ofnis used i
agebdeuBAL BEEaBydMtny anelfestand aftel BBAJIKG 3 pfeWous tree. As an
second could be’the best. n an alternative formof the

i WP'ﬁ@f t@l%ae@r@@chem flma@eclarcqmstryete@cwdg dhe tWI’mle original

fe a? E r@‘ec %Fugjee 29 m sua waﬂhlg g(%’}’[%,k%é;] W% &th;’eY"?S understood

nagithe hivst impodant tetaaﬁeoﬁy @4t5 e€st. & amddthebuapplieds tot the reduced
trees al vva%/ﬁtehave n nodes. f we allow k nunber of

1 Qaip P gePr @ssef%”dﬁ&ﬁa%ﬁﬁp% the first two |levels

(the root level and its immediate children level), we

can get 27 trees when k = 3. This approach focuses

alt i contEmplatedothat dhé qale gememettiddsecogd dhﬁbbmbiﬁed @dth prior art

DRETed B dprorer sty Son e G odE: G aapristic method,
t430IdhRts SRsder S0 Ltﬁ@ébv'e? SHUS§RFESAL rJIé§?§ sh Arg(%rﬁbl'ew On the

one feature after building a“previous tree.
exthaplhand thei emepgingapatternhappiaash caeesdlse the incompleteness

OB A bRt B R R R4S
uasteoatio eddanet O STEUristio® s tirely tbgsrbuide P¥iosér applekimation to

was then applied to the reduced data to generate a
sbesapima @@swghd so on. t is contenplated that the
present methods coul d be conbined with prior art

nmet hods to i nprove accuracy. For exanple, as C4.5 is a

Hénﬂfenablyc thet biothgic ptiatzant’ theansikingt datisee a¥ehighldimensional
ﬂﬁlflcant rules is still inconplete. On the other

mMatinge. efdryiadyhprain dhe tﬁﬁ'ﬁr@éﬂfh dimpansiengleinferanation” means

.Hgﬁﬁﬁngh %ﬁ%ﬁglﬂ?%ﬂ*?ﬁe@ﬁgf’%g%ﬁﬁ NSH ek Blogical data”

includes any information 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
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approach and the C4.5 heuristics, is likely to provide
a closer approxinmation to the optinmal answer.
woe@soramd y t he bi ol ogi cal data or the traini necHaU29e001199
i s high-dimensional informatiggn. As used herein the
term "hi gh di mensional information" neans information
quogranmming labguagdOknawn ithe afterBudhslangbagdsinaiude, but are not

RS o LT ERAT bt Y s
:dl'r‘sé?ﬁ/t dervatile 0¥ thBse. bBd Fﬁd A bef\%ggée storédSn 208latilReform (for

ke.” The information inc es g expr essi on
iexpommiet randosu@ecass tmemocy)i @t irna mere reamamenbiform such as a

AR PR B T Bt LRy B e B R G.
rati os. Preferably the biological data or the training

dataset is obtained froma mcroarray instrunent or a
iR fhoihricasratt e presert ipyantian plsceRrovides @ Kemptabincluding a

SoriffePESEN GBI TBICAEETIREhCS, gt B0 Bron

winderdienciithat tioe isgdativantf chatrake phagssihgs anit beill depeidion the
i n one of nunber of manyprogranm ng | anguages known
camlexty ©f §ecPmulaiong s e dmRRMeRtad. ar Brefgrably the central
| 4r&d t a i & :
Drosd Ao $60etelPA0] the Grond ARG Potitm, 1y Bntium 2
tHardiem IhEeptiogr AnCeteyondV RS RESICi R G00odrabvétter. f or m

(for exanple, random access nenory) or in a nore

per manent form such as a magnetic storage device (such

a8 anofiiraspettie resent ivERGHI Moviled@rineroraseR @6 rult8 Hroduced
present invention also provides a conputer including a

eeapiding tea seethadidespribed Aataiescri bed herein. The
skilled person will understand that the sel ection of
central processing unit will depend on the conplexity

oh 4 Herthémakpettothd préseritmplental efovifes i madthpdt B classifying,
central processing unit is selected fromthe group o
iCharafdenigndeAiaonafing PeRAANRSNY Pditeans M appaligntmamprising a

?ﬁétﬁbarbesk/}igéj RLff RLO000 or better. n another aspect
the p '

resent rnvention provides a rule or set of rules
produced according to a nmethod descri bed herein.

In another aspect the present invention provides a method of identifying a
biological 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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n a further aspect the present invention provides a
nmet hod of classifying, characterising, diagnosing or

w@e@gnpsisg a di sease in a patient conprising BCTRUDDE001199

descri bed herein. n another aspect the present
i nvention provides a nethod of identifying a
bi ol ogi cal process involved in a disease conprising a

il o, e I5a, Paf Ui aokosrEnveafpn indh et Faaito investigate

C&Hé@éesﬁ%ﬂf@r ManCaandd. M Bl YorstemplstetieMat AHy a6ak8S for which
t wll be noted that a surrogate&jene S expression

stietryait biolegicaliaty caprhecpbiningdiepudd bawsed igdhe present invention
hence they should have simlar discrimnation power
and should have simlar ranking. Thus, if a

sTigmiidvenioh willl reove det farther ﬂ@b&lﬁécgbyrr@féféﬂc@w the following non-
| owr anked genes it would be suspected that these

g'Eﬂ'é'@gr%@B‘R%ependent pat hs of activation and thus
there are at | east two genes that are causal. This
surprising finding has been observed in many ot her
data sets such as a chil drieXAMRLESM a data set (Yeoh,

, et al. (2002). Cancer Cell , 33-143.) a lung
cancer data set on (Gordon et al, (2002). Cancer
Rﬁé%épﬂqawm@zexa@ws &Qmareaﬁ‘i‘eopﬁffpé[ﬁaﬂ?%é%fs@%dﬂathé?éﬁ of the

5(3 %E%@g?ﬂ\{én&\hgplwbh e;5r| e?gt 63%?@% %Tﬂ{](b%B’Stllef methods, as well as

i SupPOrt meuctuaynat@mmedSVM)l(mes OEAGOS) dDa@les/r@t ard Knowledge
WHRERER! 8 1211672 RBg Kearrast aeiBROWS TbearREdrEy Mlexpression
o U ) i, D UOTER T, .t
n@A0R)i Gangee Xzt .e£33-EXANYPaESVEHEN ftoMoomru@oexardetaa(;Petncom
O Tant e OBR LANGR 50 52T AL SIS edse iR oruasion data

asn V®bidoasetsl OQ MBS REseRrdE $2( 3Ybh 49%‘7')9@$ovanan disease
(1998). Data and Know edge D| scove

1@8}‘@?)('38%3% rFeEr e%tta|nd2@ﬂ%bbfr1@0&in359m53é5é'l7 ).a8s well as other
ﬁ?r'ngproggte?’a .Yg%dﬂEﬁfgyﬁe géﬁaﬁ}&?go,l FXGAR 8L data have

expr SS|on
been grouped in applicant's supplementary website http://sdmc.lit.org.

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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(2002). Cancer Cell 1, 133-143.), an ovarian tunor
proteom c data (Petricoin, E.F., et al., (2002)

Wh 200602464859, 572-577), a lung cancer gene expPEBAUZN04/001199
data on (CGordon et al, (2002).,,Cancer Research, 62,
4963-4967), an ovarian di sease data set (Petricoin,
EEXAMRILE al:. , Qlassificatiancef ,ovdlrtan Gdthdr/dnhd aermal |patients by
ot her dat a (Arrrstrong et al., (2002), Nature Genetics,
3Protgemies. Al | these data have been grouped in

aRBbIﬁc%"fWE fitstRURRIAIBRANE ¥na Y@é&ﬂb@aﬁéﬁ Batd §&"(Peltr‘léolr‘i’r|§F etal,

/' Gedat asets. Results are reported based
n@@g)ap dancele SH69e by 3o 7y mtbacts ist aAkoutumdye to dfstlngmsh ovarian cancer

ssifications on independent .test s l,e
PTG B BrERRTE Ratlerit (8RB G DfRcsrpression)
tNigis gIrb@ontig peLEadita (ePeRRen tfdmials tspecfresdBdly &an b¥.found at
|t nmeans that x nunber of sanplées fromthe first class

altiep: deknicalpsdeomicssiapMeo i there rase swaveniel YMmiles data sets in this

cl [ f 1.0
L) 108k SRR ORI 81 AR e e, The
odlattarle@s; autatdl bh 28Bpsamples: 91ﬁebhlwls (ﬁbﬁ dﬁi109r)SQﬁGVVEB2€ovarlan
packa ' is We/ca version

e used in the experinents
RS o BRch (B OSRTP ot BESsrRe bRl |1§M5é fqatires. namely, the
m
Qe i oo il it 2V B motpERay rissiiarge (wi2)
odeniitigs. tunor and normal patients by proteomcs.
Applicant's first evaluation is on a recent ovarian
data set (Petricoin, E.F., et al., (2002) Lancet, 359,

5@ 84ch fertufe) dllsvaﬂbé’é”(anIﬂé% Werbl AsHH D@ EF | ﬂ%n253 samples

cancer from non-cancer usi ng ser um proteom c patterns
(¥siRg dhel folowng fexprles VY (VThi M/@M@ﬂ@omd\ﬂepemew NV is the

r ctr c can be f
RRAIRS PGS, B PESRy SREL LR 25 AR LR Mox e
Srhakinajmdﬂte@sﬁgébfﬁ the ghvieinsfeatdre. THe nbahakR&ld dataasht be found at
(dated 6-19-02) was chosen for this exanple. The data

rRRPligankbE aYPRIPMERtARy AYRsite: htin:/lsdmeIiiosg.calrEdatasets)

and 162 ovari an cancers. Each data sanple is described
by 15,154 features, nanely, the relative anplitudes of
t Hee iorigimed | datassett ddés hod intllde Ld aeparsts/ lebhidaea (S¥.2) As such,

applicant's method was evaluated using 10-fold cross validation 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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identities. For each feature, all values (intensities)
were nornmalized for the 253 sanples using the

wo edosonemy formula: NV = (V - Mn)/(Max - Mm, Piravuz00Mo01199
is the normalized value, V thggraw value, Mnthe
mnimumintensity and Max the maxi numintensity of the
given feature. The nornalized data can be found at

A R g reslef Fo R duiBeRio Con topgankad feptuygs are used in
Sthe €lagsifibation Mddele? alfsepiAé Qofneﬁi At 25 ST, - 35"50r 40 entropy-

such, thpl i cant's met hod vvas eval uated using 10-f
cranked\fgpluas iase useds stppORvsctoramaghises copld not achleve perfect

PRCAREERTS GonfTRLAC oL BLOHES O, eCRAABE, 660, acouracy

beithear AlhatheatlastifiersCduch asikinearedtgRigiboe, C4653|ia¢m®9algonthms
their, 10 or 7 mstakes to a_error-free perfornmance i

t Henpiyeabayesaceddinalpiness S@* fithe qut arashofd weye set as one of
epesh! ithot AGRBEES fRecHaas) %ﬂq% rims%eﬁfaf njﬂ%%ﬁﬁe perfect

on serum proteomc npari son
aaccuBacyean déisis dadd gah asrapgticants algoumml ahd sxupxpdt:tc,\ledtdsrenachmes
sama 10- f

S 28 et B e e S v
f%@f ugShet RIREdHREd Mddhyréd WHFH)QIsdeWHBQé Sragﬁlﬁglgcugrt% tbglow the

kernel evaluations in its decisions.
de000th pesiterst abdelblae corplasisan | r@ﬁsltsafln@natedthaj nemhe dow—ranked

BEhT RS bl estanlof SRR, f g6l Berfart pafBRupd® ppening al
OfdaflireB Jor toritdératibR$tholigRmost deﬁérﬂShaﬂ%g’f&the h@meules) as
made m st akesWhat are the results if a hoc nunbers of

ow$ed F‘O%Pmlé}ﬁnbﬁj neshed isean ilea ihebis mare flexible than the idea of using
éﬁ\?%ﬁ (ffgam}ggl s? f only the top 10, 20, 25, 30,

ropyranked features are used, support
vect or nachlnes coul d not achi eve perfect accuracy;

agg § nme hod coul d not achi eve the perfect 100%

&N?lyée t hePubtype slassificatien; of shildhead Jeukemia by gene
nei ghbour CA.5 famly algorithns, or naive

b%ﬁessgg%?d not either. So, if the cut threshol d were

SACUt&_stnph@lﬁlasﬂireteuheml‘a)mmmbemmldrdemés al laaste'rcfge_tmbljerdisease.

8 AP B oS A REpE hyBis BB eprimprecise

N&ed eRBSnsive process, requiring the combined expertise from many specialists
who are not commonly available in a single medical center (Yeoh, E-J., et al.
(2002). Cancer 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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can reach the 00% accuracy when the whole feature
space are considered. n fact, sone | owranked features

waowerne/oserl whose rankings were bel ow t he 3000t PCT/AU2004/001199

position. Such a conparison rqgults indicate that sone
| ow-ranked features are necessary for classifiers to
gtmndpénmteca tqamuhgnsehoﬁéwﬁmaano@s aht dremdependénirtest set of 112

FREpIeR 1SS 2bé a8 s F2aBof i 42 TniRGhstentls pRd 5. 9. 27,
thap, Ia’ixdrTQQeté‘s'tes@rﬁb@st h%agebﬁ@ew dep RIALYSI PEAPBY1, TEL-AML1,

togar anked features. Subt ype ¢l assification

ABLdHdbY, leedk Eliypardiy>afbnel kerpr atssialge SActraiming and 27 test

BIE8 R obisE LB b  Ceinol gy to

identify correct subtypes of |leukema is an inprecise

and expen3|ve process, reqU|r|nq t he conbi ned
e orignal tragtingang st data iware laneredria adreecstiveitre, The test

J t
ir BBots" of 19UR laRsfiegiion m64ak Sre ffitented Jusing the 6-level
geemsteuqztusaisdata reuhﬁ[gwgy’ aﬁdplmamég?test@bcur%cy wals shgwn to be
I f n or| this pro m can be so
SoRER bR inee cBelSid BaPliphare i LRt SaPaHRT @badeng. SVM
t I e s
e 2 AnishkATEH' B sAchRbl o, 21185 RIS, (WA Snearest
| reiglelvo L dmayntfo@@rﬂ'&:wqiabe& n$heie bgcwaodisthepefevé onlyl eyound 80%

337 WS i bR Db PR Ay & Giicai nBdapnalty. the SVM
hwbaeéldisz@dry cdbraplek heorsibhi r‘;%b‘f'ﬁ&nﬁ%a% geRefili vectors and tens of
cont ai ni ng_ probes for 125 enes. The data contain

dhpusandsidigrnaterauatonsn ol wttast | zpplisants sulps ppetamed only 3

(gcj,, l‘f%@ges; n@gﬁy Bé ;{h e l"%/{t%l Fv%ﬁp Qﬁ% CBQ%FA%% rld|§§ are therefore

vegsiidividdeslanddisiea trai ni ng set of I nstances and an
i ndependent test set of 112 sanpl es. There are 28, 18,
52, 9, 14, and 42 training instances and 15, 9, 27, 6,

gﬁ%ﬁg%x\%h t1$€fj(£@’\ﬂ§s?§%@ﬁgﬁ’§t§,\%%l¥o r%’f) J%dé‘lrt%"seesrbow well each
Thubtypeawasaistindi@shedhfrommgll attier2subttygsds mathel wholef data set. The
orteggﬁs aresf:s‘%lecli al‘rrm] ?—“?guusre%u b}\égm applicant’s method outperformed the C4.5
algorithm family and 3-nearest 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

SUBSTITUTE SHEET (RULE 26)



The original training and test data were layered in a

tree-structure. The test error nunbers of four
wa@b@smrfougzat i on nodel s are presented, using theCBAU200€001199

tree-structured data in, in Fihgure 7. Applicant’'s test

accuracy was shown to be nuch™better than C4.5 and

Bdest and, 16AMDGCA), wasleathedesupelr isaeldtivelyaggie)havingW 49 samples

o M CCE AR 0 RS samintads 245 BesicBE T2rmes features

?@%H%gfméﬁﬂfshﬁ{ RbAfparRBhYtcAryed bgot%é( %ﬁd? }*}Q}é‘ﬂ& %Iéc’)rithms are

ow applicant's accuracy of 94%

t$tovevin nigded 9i Oner ggaionppelicantsmeswts ang dtterithan €465 (single,
ker nel vectsqrs and tens of thousands of kernel

Xedtfid dBSest

@8Pﬂrast, applicant's rul es contai ned
only 3 or 4 features, nost of themw th very high

coverage; the rules are therefore easily
ﬂéWﬂﬂ%&éﬁ@uméQmQ@emﬁlﬁ sets.ol d cross validations

31:% ?ilagéj.sreﬁsggfqo‘?gd '3 {%‘?gﬁrﬁgérm ﬁﬁ)rte tﬂgﬁhoﬁé‘%ﬁéa\f&]&oﬁémples. This

i'ngui’s rom- al ypés 1n

daiaansletshoWsergsatts lusincatveo felativaly smaflegdata SetsA@amitrong et al.,
d out performed the C4.5 al gorithm

L. t t ho ] '
?&ﬁ{)?g y H?%E;‘%é@ ’@%t30méﬂg‘h@égraSGQﬁﬁm)S;eeahQWRggn’a/entwe methods
?F@@/ﬁtﬁ@n?alpﬁétfa% nce with SYM EXAWPLE 3:

assification of T'ung cancer by gene expression. Gene
expression nethod can al so be used to classify |ung

cOk it sl O Bused ot [SAatidhe 4 e B2 BARGA Bgnetios, 30, 41-

REONS lBBUE tHe HisBREH betvde MEEHNRbthen abhvéttRinaRALL subtypes.
ADCA) of the

nesot hel i oma (MPM) and adenocar ci noma (
| Uheye atefeaiotal of andc8R3-classdiaimag saswles (2&iti7olead20 respectively

R BTE Ny R A TRl Rl RpTLeUE SRR decPdiuil, for AL,
SMOpesdndigAMIgL  OFRRIréXNDE$HieosecBAl! Fews arepdrtsUIRé Utespective

in cljinical diagnosis of lung cancer. Note that in
tHassification performancei ngnsetagain. rsangleyC4 felrees made several more

SR a2 ieBl?, CHANE ey B ittt ABES spiys
adstbBdingDeRSelldrmeh SV kkas sirdidacréduttd toy applicaid's, making no
Irﬁgt r%gaé gﬁgﬁj&&gﬁ;g%&%&@%ﬁ?%éggg En?sttaﬂgss%:qyO). 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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shown in Figure 9. Once again, applicant's results are

better than C4.5 (single, bagging, and boosting).
wWEXAMeL4648): Results on other data sets. The dap@r/asL®4/001199

studied so far are all nore than one hundred sanpl es.

Thi s exanpl e shows results using two rel atively

sBEXIAMIPLE &: aDewtrs change tafanleLtsighificanz@lig discouveryds based on

CGenet 47 t h th
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slairml %\Stréé isScordntcted Bageds tonv ey ofiginafwholdibatup®Gpace. The
gure 10 éthe second row) reports the
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Fféttﬁ'e%r e J@df 2 rtFeénd?’éc%S?ecf B3 YRE prostate
assi |er app |cant S’ cl assi

ddlspiasryslammat Srrtgmg a&XZ@ﬂ)Z)eﬂIae:ceB&ZMlhﬂQOﬁ 2&)9)arEach path of the
ng .no m st akes as

e il 16 uleghisshreshiin S ot wbe S01 1450J6e pap five rules,

t u {
Qg sl i ARt 1 dosinatd

ai,sa Beporanddb ifrorri ther left1sidentot hglst i Aseimmspective coverage and

K d ned ke thamn, the
SRERhEr P ofaler saBnech ares FRles i FidiPed.  MRMIBvErS the most
ghiﬂ@éﬁ\ﬁ rufe: e tHards \gas, b,@t/én%"get HdaY tﬁ‘éMu%r%lﬁ&@k ®8dcall that this

3-NN (10 m st akes). he ot her hand, for
crm r:@hf@mﬁ tye exjrgroely I@weewﬁsledcfaaumas ea nn¢fd|oeued| easligr2
sanpl es, applicant's nethod was nuch better than the
4.5 farrily algorithms by nmaking only 1 m stake (see

t Rext, 2% seoundtrei toeecdMtrudted ¥ Fmitsaas | Bgl&&@ﬂy top-ranked
n?ade the same ni st ake as &)I icant's nmetho

CRENPES NaME!Y hHAAS_4hde840 ts ke 37689 2@t hddentwpres 3 was
égase]'lot% bé’(egéQno cF“assu é%‘i‘%‘ét&rﬁgt NS pist SicHH rule (Rule

then use |ers co chieve b

pey rhdherdmsietremaﬁlmﬁ(talsihot/\haetherstlgjcnﬁb dfehe seesnditree; the rules’
consi der ed.
respectlve coverage and the number of features they contained are reported in

Figure 4.

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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Once again, this indicates that opening all original
features for the selection of form ng applicant's

WO 2008824688 advant ageous. EXAMPLE 5: Down change pET/AURM®$/001199

significance if discovery is g%ied on a small nunber
of top-ranked features. Here, 5 was used. (Quinlan,
Jisk. ondﬂﬁagi)Jsefﬁmoﬁv-ra?ﬂ@@rfaammsr machi ne | earni ng. San
Mat eo, CA: Morgan Kaufmann) to build up two trees,
nanmely two groups of rules, and then conpare the rules

EXARPLE 61 Mefetnafite @féés‘%ﬁﬂ‘ﬁ@?forﬁi éét‘iallyﬁ‘mie'lleiﬁ prédiction.
constructed based on the original whole feature space.

Tine i ot thisrexemplede tacgesif iitsisfpassible dp @enesatenyrom the same

&'%Zr&}r{é %‘g)%'hgw '}?%% ?Slagw% %@89,%%2 cﬂ" ésﬁ?}bgk @?e diversified but

peofimteudily aasian prédicies. (Singh et a (2002), Cancer
Cell, 1 203-209). Each path of the tree, fromroot to
a leaf, represents a single rule. So this tree has

bggi Shpti I
C?{VS?I ve esg\"t/’egﬁ'i?_ﬁ%sr uﬁegg% a dgfsel fh%a?gdﬁ%‘fe{ﬁé@gs fn% the most
alistrionihatony fdetutee bt the deot node ngext Timegeraeret&)entéltefnatlve tree,
t ned ar st ed
& BbgpehdnaRis aranBe et Eome i pAsasedy | e Spcond-best
héstufe RAMresy ¢6 %%oﬁiéefhet F&)ttd&%r fo? hiRig redeTRE retrﬁ‘é"%ﬁlng nodes

this rule contains two extrenely | ower-ranked feature
ase teen boltdy herdtardardNe4 5, metheds dpplidantscfound that such pairs of

onstructed is limted to onl obal | - .anke
TR AT il AT Ag Bae FPasiian Bowed anc b8Blies” he.second
MeRDSVendoWBEfENAs it fidt BReequal to the number of

features in the nost significant rule (Rule ) in the

first tree. Figure 2(b) shows the structure of the

%%?‘%P@st}é;t%fwe an &y ﬁez is 338@%‘:&’. ée z? P%‘jrtgegereﬁ %%réﬁﬁe so-called

ures y contal ne

lSegon@-bést freei agtoalyagreatyseutpetfonned the rstndig@et 8dhows the
decrease of the significance of top rule in the second

t Priimab (4-» rees® rpﬁte@ma pRyered ﬂ@a et tosliffergpiiate the subtype

s t [
tE;%é@?ﬁ\ng%l be the seconghéesmkgﬁgan@ﬂ‘gﬂgh%'s 4.5
fire@t madegno upistakesnat thne dragsag idaya, pit ooade 1Bherrmssbut of 49 test

I oprlctasanﬁ {hulls %2'89, applicant’s second-best tree managed to independently
improve the dismal accuracy of the first tree by making only 9 mistakes on the
testing set. Interestingly when the pair of trees are combined by applicant’s
method (shown in next section), the resulting 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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elvegdwont ped fSopaits wheref thegwodreaes Gatra ti¢ iruperfatmance. an
exanple is shown of a pair of trees where the

so-cal |l ed second-best tree actually greatly

oNé Repliedmedtrb8 dirs! Bave 5é6é‘|faﬂy %lrﬁhé’r\/\?réd'@lorpﬁbwgﬁhhey can be

4.5 tree constructed on a aere a set
direatedens i @xpettpe V!&humtwi@rﬂypdrmepirﬂmragbun@r—relahemshlp of the

T T LR

ecariiitesibf Wéedt Spprsichs &P bessiblke tbhh@re@@é&he diversity of the trees’
applicant's second-best tree managed to i ndependently

i ByPetiset R¥ aensriindR dhirdhirge of foyrdh frees and seeomy The wide range
Wlogrsﬂ@sé?rév\f?ﬁghﬁf Egcrggi écn@?ﬁtfe%é b #esSlor rules, éocgeoger with the
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[t h id d f t akes of only
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found that the set of

EXAMPLE 7: Rule discovery.
Given a training data set D 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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features used in the first tree is disjoint fromthe
set used in the second tree. The fornmer has the
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the two trees are really diversified. The two trees ,
JER45T S8 2Pn et hsFEAINCEb ISP o PLdRE1uIPY Bt SaRke aeraing to
LI HChASS @ove R, the tdiRRmkeld BHdS saNighiE&st. CPRE ?ié;ﬂgitcant rules

very | ow anked features such as 34365”at that si
tihey Hise8be ysesli for ondersitandieg passibteuintaragtions betwaennthe features

pai nt here is that the coverage of the rules i

(s g8BRS dreotihy) eRBUcEafBse ulch, o e¥ i htor class
| pretiittioh] a5plicahes methbg isasddlibRynh ahé nekysidycsgsond

tree outperfornmed the first. Yet another exanple can

be found in trees constructed fromthe | ayered data
2002). Cancer Cell 1,

A .8:Ecf tedictioh: .
e ool B A e
suintdatetl us/a predicted TRk 13bal fat S tedtsanipl®S t est
sanples, while applicant's second tree nmade 2

m st akes. However, by conbining the two trees, the

b BIGLIR FEALAK TR Ndimile, Lest set. Randonty,

ten such pairs S were exam ne and 4 pairs found
where the first tree won, 3 pairs where the second

tree V\;on,p(gnr(ilj 3 Rai rsr Zgz%se the two trees got a tie in
perfor ce. apphi’t&nt" s tree pairs have general ly

si m | gy pred gl pan poywet, ,ned hey can be treated as
"experts" who u%dérs’t 0od’ t he i nher ent

inter-relationship of the features in the data with

their own diversjfied experience. Thj uggests a .

o Bk S P@é&féwﬁfgéé?rﬁ'%iﬁws&% 118 B nithe pesie class,
t [ | by t Ry [ y - '
DYETeAER 0L Bl SO L PSSl BRARERT Po BY AR FbiBfhe ciass
Bormetimies| theek ppediglighedcdry be wranimoosari bt esthel ki =€®6r k, = 0. In

or rules, together with the high quality of the
thapestiaions de prw'etwévscfa%mw'ﬂa@, S aygffeswmeoae goether, and

hasi bty Y | ‘ )
B8 el AochE PR pB YRS Rk SidmB Hella P RE: Mg Reiccbions are
dniedwetty eitt@na majority @f positive atassesior B rajorifgof megative classes.
Clka%ﬁgsse ogitusz’:f’fllgplls,esthelo?dcil'otv\}iﬁ/g(;3 %r}r%ulas 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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negative, the follow ng steps were used to iteratively
derive Dtrees fromD where Dis significantly |ess

w0 bas/ot4se8 nunber of features used in D and use@i/Ay2ad04/001199

was set as 20: Stepi : Use gaibg ratios to rank all the
features into an ordered list wth the best feature at
téinided.sAppicant’s arighiingppdlicy /allows. th&ttee Gmivstbee teeautomatically
feature as root .lgope t? copstruct tFe rth treﬁ:l St ep.
Aisyinguish e fopribytigns rag (e aingy rales apd from 1 ‘?ﬂ%‘ﬁ'ca"t rules
riHItR8 prédictish Bidcess! y generated from these trees by

the depth-first traversals. To identify significant

rules, all the rules are ranked according to each

rule's .c et opr.rank on siani.f i cant .

Tﬁ r @?‘Sh%% gﬁfbl?r&\@e gﬁ%,gk:?s?lﬁgﬁﬁ% sgérggirof &é&&lfflc glass, say class
ugdierei@ngtiedgaspossi bl e i nteracti ons between the

features (e.g., genes or proteins) involved in these

rules. To use the rules fdfCclass predi ction,

applicant's neth ] eschi j aext

subsecti on. EXAhﬁg%}ez(ﬂCI a‘gsp‘g‘?%}gi@g?i 0n7 G ven a test

sanple T, each of the k tri8ds in the comittee will

have a specific rule to tell us a predicted class

I I ' t ¢ ; ,
(PO blesg b iemel B g H ot ORI récibtt s e st sample's
releesS 9, rule , ..., rule , Here + k = k. Each

ofrt//e, (1 </ < predicts T to be in the positive

class, while each of ruler, ne9 (1 << k ) predicts T
tEinBfy,| t SAEuIBCBR! hpBrediaed- th%qnﬁ{dr[g?%riéﬁkﬁnéf modifications and
predicti ons can be Uhani nous-i.e., €ither =0 or k =
Oalteratitrs mayi beimadents, therabqyeeditseribed composition witheutkdeparting
rul es, agree with.one another, and the final decision
i§O'H§UF%@gﬁzﬁ)ﬁ@“g@gﬂ@&er'%‘f?rﬁﬁne. Oten, the k decisions

are mxed with either a majority of positive classes

or a mpjority of negative classes. n these situations,

the followng fornulas were used to calculate two
classification scores based on the coverages of these

rul es:
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Score (T) kt Score(tm3 [T)=9 ( 3) "=i f Score (T) is
| arger than Score (T), the positive class is assigned

wo eooshieieest sanple T. Qtherwise, T is predi ctedr/ag2004/001199
negative. By using the rules',goverage as weights, the
pitfalls of sinple equal voting adopted by baggi ng
(CGAIMEN, L (1996). Machi ne Learning, 24, 123-140)
areavoi ded. Applicant's weighting policy all ovvs t he

tree comm ttee to automatically distingujsh t
contr .fbmertaﬂ@ Of id5AtEYiRd AirHier usafulds thnanalsts @frh;ologlcal data, the

%?{H ;anﬁH%gfe éfépts pr edi C.tl on process. For
ens

e classification score for a
smemdfng:a h‘aamsg dataﬁet hasnsg@ plugalityvabtigatured, asd c Score

=S Th I t hat [
e e S R e
S@Rgrem 5th§|ﬁ§|ﬁ|nd:|dé@éééf rérha.ﬁaoswhtaﬁuaw%ﬁemﬁ@éh tthgiugh the

many variations, nodifications and alterations Ty
ritedativeocansdrugtion of the decision teeeposi tion wit hout
departing fromthe spirit or anbit of the

i nvention. CLAIM5S . A nethod of identifying a rule

usef ulA imethbe &curdiBgStootialth Of giesih that BumbBE ofBédiatkes in the
conpr|3| ng the steps of providing a training dataset

a%t %remqhsaqmtt%uydm%agae dBroughgut thfe pEagesg of generating the
fekl €€ using the dataset, wherein the training
at aset remal ns substantially unchanged t hrough the
iterative construction of the decision tree. 2. A
t hod accorg to claim1l wherein the nunber

of
at ura&etho ording to claim 1 or claim 2 wherein values of the features
in the dataset are substantially 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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dat aset are substantially unchanged throughout the

process of generating the decision tree. 3. A nethod
waewsngiemyy to claim 1l or claim2 wherein val ueBCDAU2M0€/001199

features in the dataset are sgbstantially unchanged

t hroughout the process of generating the decision

tree. 4. A nethod according to any one of clains 1 to

3 wher t he featares provi de i nformati on on a gene.

in
5. A bRl 34 6Pa ‘h@nq o' EP%%n 4 wherein the

i nf or nAehGNpFRlicivesetA t he expression level of the
gene. 6. A nethod according to any one of clains 1 to

6 wherein the decision tree is generated using a

L% TN ey BHEES QISAPRCE IS SR E 5P Bontions
Al hde are ER{uedBBERrud kS8 leastiondsainidid ohthelpredictivg kids,

according to any one of clainms 1 to 6 wherein the rule
conpri ses one or nore conditions with a predictive

term 8. > cordi t |l oL nei nnt :
(Ehm R e RotiS 16 B8 5r6 B unt 8, o' fprin ot o
ctanditichsvinea gule arneerequiredite: e ©Oeldnaardy samgleaoflany classe other

nd,.. then.a predictive term 10. A nethod according
tctgagﬁg}e BE’ésdrf' trgq nggictlyetetgrrg. wherein all conditions in

arule are required to be true in at |east one sanple
of the predictive class, . A nethod according to any
ot% ofA gnethad arcewling tavasy ene ofatlaimg 7 doridi whenedn the mumber of

BB R ae TS [he irhalBul 8, e pradi ctive corm

12. A nmethod according to any one of clainms 7 to

wherein the nunber of conditions in the rule is |ess

thhn abhowrthed acgordingria elatm d2auhereinytheonemberpieenditions is 1 or
tyg, gunber of conditions is 1 or 2 or 3.

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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14. A nmethod of identifying two or nore rul es useful
in anal ysis of biological data, the nethod conprising
wo bmssreps of providing a training dataset havP@IAE2004/001199
plurality of features, generalééng a first decision
tree having one feature of the dataset as the root
eateres bt thendatasat ard substantidheufichartgedethirsughout the,process of

enerati one. or re further decision trees having a
%@g@@@g&ﬂet%gl%%@ gg@t not previously used in other
decision tree as the root node, and obtaining a

further rule fromeach one or nore further decision
ti7ees A methed according to anngneanfagaims éddo 6 wherein the features

ntial |y unchanged through the iterative
?Xﬁ@@?uﬁpﬁ’aﬁ@ oﬁ% é%b%t one decision tree. . A nethod
according to claim 14 wherein the nunber of features

in the dataset are substantially unchanged throughout
t1fe profwiBodracgering iy ripifhad’ akagreinothe infermatipnn relates to the

oré?bﬁ%%}&f:@%%ﬂﬂetg{%ﬁ%[ aim 14 or clai mwherein val ues

eatures 1n e dataset are substantially
unchanged t hroughout the process of generating the

Pt R R -
‘?t%eaisggéﬁerai& uéir{geé hﬂ@ttﬁ)‘b"@ﬁ@o@%o‘ th &l s6flvare pﬁ@lgaeqeﬂselected
t e 0 e

he information r ates to t expressi on | eve
Grome . the 9groprepheidting cafr BART,t 64dmyOiie Beedigei, nélber, ERGO,

in the,decjsion tree is generated using a
ﬂ%ﬁ@y{\gﬁ%ia@@?ﬁegtﬁ@m'mre package sel ected from
the group consisting of CART, C4.5, OCl, TreeAge,

Al bero, ERGDO, ERGOV, TESS, and eBestMatch. 20. A
@8t hod\ aeibediargordinarty ame oot @f elaives 14 tw 199whaeairiabout 20

%%g}gﬁoﬁ% ?e%}ezégﬁertageeaes are generated. 21. A nethod

accor y one of clains 14 to 20 wherein the
rule is a

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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set of conditions with a predictive term 22. A nethod
according to claim?21 wherein the conditions are
wa@eonsomsts ve, 23. A nethod accordi ng to clai mP2r/AU2004/001199

wherein the rule is: f and c and ... cond , then a
predictive term24. A nethod according to any one of
@Bai ¥\ Rkthcd ﬁ@commlgetbrarwl dnecoinclaim®@$ to 25awherem theenumber of
required. tg be tr at | egst one sanple of the
ﬁpgaﬁt'ef‘?\/bﬂ@ e is 955 rh%‘i"ﬂ@oé-accor ding to any one of
clainms 21 to 24 wherein not all conditions in a rule
are required to be true in any sanple of any cl ass
@her A methathacedrdisg torclaitre2(p mdireini the nusnber2d, conditions is 1 or
?et d according to any one of clainms 21 to 25 wherein

¥ hunber of conditions in the rule is less than
about 5. 27. A nmethod according to cl ai m 26 wherein

t he nunmber of conditions is 1 or 2 or 28. A net hod
Z8cor & methed apgorging ¥ any singsof1dainas 24 tahef whereinegach of the

%&ou?%@'g&o ISI?R Er%ﬁg%%n%d%? g‘s fefél%? 8Ut52$‘gs%ftaa‘ill tlgug_aféitures in the

aatdset. according to claim 28 wherein each of the two
or nore decision trees consider at |east about 50% of
all the features in the dat aset. 30. A nethod

ggcor QA rr‘ﬁ’ethedcééédm%g ‘M‘Qfﬁ e‘l’éint %g/rg‘g? g’ﬁ 'ﬁ?ﬁgor more

eci sion trees consi der at ast out
deaisioretseeéncomsdenatdeast atgilit 5A°/maf alb theafeabureis g thendataset.
cl ai m 30 wherein each of the two or nore decision
trees considers substantially all the features in the

dat as@l matRod Aab&SraRg & TR 29 WheRdih 886n Af mea't% [or more
14 to 31 further conprising the step of conparing t

decisiaictjees cansidenatleasionhad dblaaf alt thesteaturesiin mendataset
significant rule. 33. A nethod according to claim 32
wherein the rules are conpared for accuracy by

Ciﬂnpa?l soathod t Scddreingr & rHldien dat agrbreidir eByh UsH ik awo or more
t est dat aset
decision trees considers substantially all 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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whi ch has an independently validated result. 34. A
nmet hod according to claim33 wherein the conparison

wo psozhess wei ghti ng of the rul es accordi ng to PEEAU2004/001199

coverage of the dataset. 35. met hod according to any
one of clainms 32 to 34 wherein the significant rule
devidednssirg honethadksade dted frone the3Group cortsistithgasfayainlrait®, signal-
Eo claim 35 V\,herrgi n tHe.rank or der d?%za feature
(SARSEIBRIBLEMENY, elBHRNFSs ENERPY AR SnfaRSUERBERt:
consi sting of gain ratio, signalto- noise neasurenent,
t-statistics, entropy, and X2 neasurenent. 37. A
Pt hod erethwwdl angordingatoyaonenefofadlaimes3320 t36 BBerdir thes features
the features, defini t he .root_nodes qgf t deci si on
HPEanGAhe 18P A5 aes b the. AR R a1t P eelelbtiy RS A1 features
fatrrRs@itassCasdrditigte thélebaindatio or @htreppr entropy. 38.
A net hod according to any one of clains 14 to 37
wherein the first tree is generated using the first

p-ran . t (o) . . t . .
|t3§ ) ge%‘e&g?n eJéF ﬁéﬁgmgﬁg atégc(%n%daft ao%'?rfsa;]{'(gg S?eai Eu‘lg'en tzrgg first tree is
yeaerated uBm@gthetfirftetbprranké@fea%u@ai)ttge%rooeneg_et the second tree is
program capabl e of executi a met ho ccordi ng to any
GRBEEHER L3NG se5oa8 fopreankkd Teptiirg asdbe rapt neef cetera.
produced according to a nethod according to any one of
claims 1 to 38. 41. A method of classifying,
SBar aét evarsputgr dxeqrablengrograpt ocamablagoh ekexrding ian method

3ol iRne b ORiRed ol of | dentiTying a

bi ol ogi cal process involved in a disease conprising a
met hod according to any one of clains 1 to 38. 43. A
#6t hod ade or dehgf rolearproducecdacesrdingstoda roethod adeerding to any

i | S,gancer. 44. A nethod according to claim
kggvﬁﬂgfaj'i%ﬁiwesgancer is selected fromthe group
consi sting of prostate cancer, childhood | eukem a, and

ovarian cancer. 45. A nmethod according to claim1l _
4ibst Antmethpg Ak classifeingr chasacierigiag, wiagnosing or 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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reference to any of the non-conparative Exanples.46. A
nmet hod according to claim 14 substantially

wersiondoes or e described with reference to any pET/ALIZ004/001199
non- conpar ati ve Exanpl es. 31

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

reference to any of the non-comparative Examples.
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