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PREDI CTI ON BY COLLECTI VE LI KELI HOOD FROM EMERG NG
PATTERNS FI ELD OF THE | NVENTI ON [ 0001] The present
invention generally relates to nethods of data m ning,
and nore particularly to rul e-based nethods of
wae4eeéd y cl assifying a test sanpl e i nt @CHe0E00GIKo or
nore 5 pOSSIb|e cl asses based on know edge of data in

: tﬁ@L@[oéﬁ %R@Meéﬁﬁkeh\fﬁ’ ?&%iﬂﬁ

THE INVENTION [0002] The com ng of t he - d|g|tal age was
FIELBOFTHEINVENTIONachi ng of a dam a torrent of 10

informati on was unl eash enowavvahlnan
00013, e PRsd e S e Peai et B Tt
particHRAP el BB AES metheds @%@H&@cla@d&@ng a (3t sample it PEBDE ﬁ#o or mdfee
now i n _abundance and. are read

in
poss o lesatiba G RIOGRA eigABER B Feesgt (SEapRALS bt imention
usestﬁ@@@ﬂ{qh@&g@ﬁ% pafdid nues to increase, so the promse
of being able to efficiently analyze vast amounts of
data is being fulfilled nore often; but so also, the

BACRSRECRBIOPTER INBR NeNabl e to anal yze ever |arger
quantities 15 is providing an inpetus for devel oping

(00023 t | The corpimg O%fbp figital pgeatas dkim todhe irpaching efcamptorent o
inforioR Wi L\{h"% oypé'vﬁiﬁﬁﬂtan &%ﬂimﬁ&w@m@g@ﬁa@w'

sense o converting 1t into
resultk, mﬂue:dget,s amttcalstnﬁamnn g dasetis genernli-edre navcioabuManst fngraresedddy

amessqa% 11(1) frjessa Ble forfnggn %ﬁrﬁleorr] ?15];1%%}1%? dgan gA(Fé g&%lé]u% BEEJ gc?lﬂﬁl{eF fn

incredsé) o ab pionﬁsp of bmm}rbleeo effieititly dmlyzp pasb:pnomts of gataik being a c ed

i | £ dat -
r ot SHIE G B i R o Bl B ol b e anes
is pro@idm) a®infpeitds fd idéveloping stiphex sqphistivart edalyipal Gehempd)003]

ooy S LU PUICELE, vl O o SOl

usefunulbmedgy RRAGhe 5Bkt atRAERECHEFRE idadIRE of dtAisicalkalysis,
vari egat ed Iandsuapes that _are not. onl strange and

patterg {fﬁ%'ll @pyd dafa rining o Cppgnt ffhéléfagmmwﬁﬁ? i{r B B ycaen e

methd¥y BfRopBhRly Rvher e Mthugeoh@EPbi dafd! R (b AdeAkdyS 8 opib® M
nmeasurenents or calculations that depend on nany

with dafsshat seisy, is eRRAIRn Gt FHihinASOBBleX PERRCIFEPCY t h-

hundreds of variables arise today in many wal ks of

life, including: gene expression data for uncovering
[00031‘! heDdt in knotreshanesbs nuivers, greltems predidatesnd W@hmcwmppwit Ppias

xemdea g{mtwﬁ-dﬁﬁ]enklg at %(A@é ’whﬁi,g R r@igﬁ]}m% v@ﬁ% Eﬁgﬁks ﬁ%ﬁa’}e‘ rlo{ ng

or Capturing un ying  sociol ogl
only strenpe@nd cmn‘mlaﬁcti but agerToht :emhlw compreiehdible b the bnwangmtis. Themost

rstandl henanena ch I i
R S e
1ndepé}ﬂielﬁebﬁdbh:§.yDﬁﬁ)£bYs WA tﬂ@ﬁﬁs@i%ﬁﬂes%ﬁ SERAH 2AH0MIBRS life,

including: gene expression data for uncovering the link between the genome and the various

proteins for which it codes; demographic and consumer profiling data for capturing underlying
sociological and economic trends; and environmental measurements for understanding

phenomena such as pollution, meteorological changes and resource impact issues.
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[0004] Among the principal operations that mayqpebruary 2007

carried out on data, such as regression, clustering,

sumari zati on, dependency nodel ling, and change and

devi ati on detection, classification is of paranount

i nportance. \Where there is no obvious correlation

wwemeent particular variables, it is nefEHSGO/0§0%

deduce underlying patterns and rules. Data mning 5
{00049' IShHdk |tl§‘eﬁ}i1hﬁﬁal 8bdimiohthdl ial e &Gadloat @ datﬂﬁsuﬁfffs Irdgte@sﬁcbn

cl aSSI iers, such as patterns or rul.es. past,
clustefipgs PEnmazalich odenendency mgdeliing; and chang¢and dﬁt@@t’?“ &emmn

classiRALOSE BKbREnoBNQhnfdiBRcel WhetehdSis dabvicie bérefllor bloen
over the years, It has given rise to the f|eId of

particytprstatishies) ibiapererrgly t9 drdusundeelyine gatises pud mles. ats Pinge
classrﬁr%ﬁ&?&ﬁﬁ to tuftd ?Jcﬁr@@%ﬂi éi’tﬂgaéé@ig rddt] e@@atfekﬂs Py, Righpl e

I nspection has | ong een repl aced by the use of
past, wheragthia hescheerrpeissible, dtdias beon Bamsmne exepitedardarze ¢éachale pnipat,

over BlekR e Bl BERREBARROE MDY, 07, TCi Bl os. t

i ndi cate those paraneters that are critical, and point

o005k AERE LBy S R R e
mspedttim BsdongHesn replatedbythe dsa of dmirmtdﬂmhalﬂicslooqiﬂ’ Nevelthelass,

deduc petaq%ltléq%ﬁr 1?9%)1%%%1% 35@3@31;{3%5@’11%% %’oh}%gevx\gye%u? %lgoeél Qe%u&mn

of pridifh®thyat iaRke ok pachnpRfalkht gmcnuscapmt potht i iwajtomaw et ns
result from '| ear ni ng" @igﬁﬂ usi ng sone .initial
rofitghla experispentso s ff thegsieacs of verel AR RiiEepaItomp R EY PO ny

stmctﬁl@ 64 {He Abt8 Sutlalo PSidt Ppadictek kélethaftaesl wiluable ¥pae hemm&
new data w t hout buildin up rules or patter

constangly bing Araeireds by thiz sesees &Il rapreciated paradigrd Sﬁteéfmg@fff RAgferns
resu;t%h aa‘ié%rﬂﬁ%‘ foBdst, 'uﬁﬁé ke nitidl Qheftkdt] bR bBled DidiiflededOr €,

these nmet hods are not very efficient for |arge
Howeglen Iaazyétobmq@@ in usp pmBFthrR@Ecdist propertics O neyelsta iy building

up ru%)&rr 'zttjt]alt‘ﬁcfeit v ﬂ?t%l%sﬁfi&ﬁoﬁ@ & ﬂﬁpm@ﬁ&&% Phigek Ifots]t?&ﬂcularly

ent n|n Emer gi ng Patterns

mtelhabbcﬁv@pnm@ eeyrof $hesardetipids fre netrvele@fﬁmenﬁm lsgai@ﬁets
I nternational Conference on Know edge Discovery and
Data M ning, San Diego, 43-52 (August, 1999), which

- [0006] s Revenlypiouraisriblettinutes bpatterfehmenipen aticlaiel (ot Pongagd Lo o

e SR R e o Byt R ek

25

30

Intentah@zas Gﬁ’fﬁ’&eﬁcb af anaﬂ&dgebnmveb@ran&ma Mim@ S Diegahds5h ot

o O RS 5B R B

they a8 Wlso(dblertdd BYnedl @ital witheighicgitdditg (b) the@ are nbhﬁ: i m the sense that
epresent atj on poses .no obstac
paﬂem#ew byrmachinare ag) OPYieRs 19 CXPRt AR Prpwst t?wolflﬂ%tésc ehiey are

useful, 82 tAdyelabld BRI REdINOALE aid (AF By 26 REHIBILIN Ne. /TN OdS
include: k- nearest nei ghbors (see, e.g., vaer &

represepiation PW@@&? elstacks & GeipBICMIRAioBr n cl assi fi cati on,
| EEE Transactions on Information Theory, 13:21-27,
(1967)); neural networks .(see, ., Bishop, Neural
[0007he t Inhrekis|f of maghine: learpingRes atgsh md@wusegmeém@nwthﬂét igglpde: k-

nearest nggﬁbogs](ge%@ g) CO%Q,QQ ﬁ(atlt Vﬁ‘é&r@s’t n&gh%gr EQB Elgsrsiﬁcﬁgg U IEEE

Transactions on Information Theory, 13:21-27, (1967)); neural networks {see, .g., Bishop,
Neural Networks for Pattern Recognition, Oxford University Press (1993)); Support Vector
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Kk
s 5SSO B IEL G bt
- Neuralmts mwmmowmoéemovmrﬁpgm thlackdor rgetbddgss.

- 467-470, (1995); Lockhart et al., “Expression monitoring by hybridization to high-density
oligomcleotide atrays”, Nature Biotech., 14:1675-1680, (1996); Veleulescu ef al., “Serial

V\D 2004/ 019264 PCT/ SG2002/ 000190 Machi nes ( seeqBubga§ 2007
“"A tutorial on support vector machines for pattern
recognition,” Data M ning and Know edge Di scovery,
2:121-167, (1998)); Nai ve Bayes (see, e.g., Langley et
al., "An analysis of Bayesian classifier,"
wEPpeaued ngs of the Tenth National Conf eP€HgEuBA00190
Artificial Intelligence, 223-228, (AAAl Press, 1992);
MachBied @eeBkdey, “AMutorilstasuSpdrivetior iavhiney for fttéth as6gnitonAthean

-and Scene Anal ysis, (John W] e ons 973
Mining qud Epowipdge acapgiy %"rﬁ 197.8658) ﬁ%@g@’ﬁ%@%%g %BF}F%% al.,
“An ahﬁ%rufmyesﬁd\msgﬁ& ”@Me@@iﬁy}gfﬁamﬁﬁw@ﬁnfeéﬁ&%ﬁ

pite " their popularit each of .these net hod

Amﬁ@@!ffmélhgenqu BB AN 8%5%@92% s eEginatly &y DuddeHart Pafgs not
Classgfc%ﬂ‘&ﬁdﬁf? Jﬂal}ﬁs,‘@oﬁﬁ‘“ﬁlﬁ &fSBH§ N@eﬂmﬁbﬂnﬁ Cal5tdck DUin®S,

i scussed her el nabove. I& he k- near est

C4.5: depgybrolosmarhing @m(ngka\ma)n agfnwnn §ﬁIaM§1% G5 139)). Despite
their 1}!0@&1&1&? el ﬁ%&é d%eﬂfods sultB Yol &R b \?bacmtamgms i id d%éé’ not

new 1 nstances of data are classified
produbtypﬁﬁmemth the fonmpdesirablsrativibutds discussed hemainglore.t r ai ni ng set
wi t hout ever deriving explicit patterns. The k-NN
met hod assigns a testing sanple to the class of its k
[0008{[1 e afte $tnearest apighbers method (‘fan\N’}ns 21 mmghmﬁhxspstamhbasei or

e

comp @0l wieiidnerinte &amng tetafithen edﬁ(ﬂ&‘mmgt exl:lld}:lltmaiﬁamhsl {The &-NN

nder st and co ses dept ver .bui | up
method 5T TGS @ B ST BGOSR AT OPL Utk T E
where&?!@ﬁﬂ%gﬁs mbdstitedkin tdmPapeime dlstaE@:rme&pi Taogh tRTE- '\1211\% mlgthod is
. Jdntroduction to conputation eonet r ress,
simpleargies 3R perfopmance, §dyy dogs wotielp Bglg%an%a'%g CYRPIPSBIE 1 hat
depth28d RivEDuflds ubAPredicAReShiveat | on of new data, but without
producing rules that a person can understand. Neural

nets renmi n-popul ar anongst peopl e who preferthe use

{oooygf NG @&‘[%)for ARhHE Aindk) lEbeNoPY @ Fﬁﬁ:\é%l i(nr&ﬁcaonlié eS

esian rules to conmp uteée a robabl istic summry
comp@ta’cdmal gebrocty,” MITPzass Ciamb;adggd\{g 4849)) amrdee %m@ﬁ of tools that

However, NB only gives rise to a probability for a
gi ven instance of test data, and does not lead to
(00103 e rie4ied Bayesi(ORY m‘eth)_s}eaaﬂ nles unmpmtaa prebabdistidrurniaer fiongaeh

t d
o TSV 59 BB i
the clhsygd@ased bn Mhait probabiliRtid Sumdnty, aﬁd@l@ﬁﬂﬁ sarfydé toethectighest scontagy

BCRIER MO OE e ey e

not 135@!0%5&96119 f26nizhRé ru@é@ﬂﬂitt@ms Sﬂﬁﬁ&ﬁmﬁt anainportant assumption used
QJantl tative nonitorin gene expr eSSl on patél?g;not

in NBjs that fgatereyass datisiineliy ipd P WF“é‘?a“F fog g lot oigypes grdata
the caﬁ@ 7]?0?1 Himple %ﬁ:ﬁ@)geneEQQKIUeﬁ' ih a%ne%ipresagff Blroﬁﬁsal:ﬂﬁr not to be

tori ng di zati on g - densi
mdemde@tom eqn'@@f ths@ a@rciq;gls relame(searfer esmrlecﬂqhena stal, “Quantitative

mom%ﬁ%#&éénejegﬁgs.’?&)& Bt with a ChhSSHdY DRA Tmcroagﬁ? b 8liente, 2%0,
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expression", Science, 270:484-487, (1995); Chu et al.
"The transcriptional programof sporulation in
buddi ng yeast", Science, 282:699-705, (1998); DeRi si
et al., "Exploring the nmetabolic and genetic control
- WpR04diet expressi on on a genom ¢ scal e", PGEMEHE80190
278: 680-686, (1997); Roberts et al., "Signaling and
analysis crf(gmetempressfon mﬂ:wncp,l 280:A84PHET A0 IINEYS el | ‘Ehe abxmchﬂmynaa

prosrd o s ¢ Bieds o et 16, bRl e o

“Explogipahexanets mﬂrgemeﬂv e@helcbf lpdhe ekpasstion drnQgeAdiaic yculeS, Rfence,

r mal | on tissues probed
21868 PRS0 bt - Sipiing s o A Rl APIS ptvays
revealeld ﬁj £matriP 6f HolbAbre0d E@ressidnIpastiosT, Stk 28BB7RE80, (2000); Alon e

| ecul ar_ cl assification of cancer: C ass di scovery

al., “Bomfai Rajtexasof gpns GXRIESFION TeVENPd G Alastesing prelysis SRORBTADA SPIHG ™ |
colonﬁsdu@sr};si&ed BP8ligoribleatib archys® 99c; NEE LMY, §&. 1AS.A., 96:6745-6750,

Di stinctive gene 10 expression patterns in_ human

(1999rkiotnlreg ale pMelneiar glessifisntion ofenaces(dus discouy andglass Wb@;twn
by ge%%ressi%ﬁ %mtonﬁ G Scu!z}zc§ 286531987 9@@9@) ?@n’BZ et c{l 1494

ring gene expression ofifec ang s in
expresion rpia@mselahlnnan ovnsnatyepiipliddells and '@rgasbame ;' Procdiad, Acad.

R I

ovariamgeteinerdas usibg tipa miceemrrayieGine P29 1IAVNIEE1I99R. non-1i n e ar

kernel functions to construct a conplicated mappi ng
bet ween sanples and their class attributes. The
[0011} esﬂubparﬂ’ﬁgacmawc&ﬂm( AV {"hope withédta thatds nonéffactivdy nadeled

by linglE et SR o Pl e R e Ct o ptedSrappine

betwebisaffiplet hnddheifRRSd Mifidhtes (The &slﬂ@gl‘,ﬂaﬁemarb 665 €hatdré fformative
ata, but be Eave like a lack box" (Furey_et

?Fé'&%‘?PﬁE‘a]&Y&?g 2R LAER2BIF %‘&asses o

data Wﬁhlhdﬁlhén@ﬁmﬂ’ bpabeTBVANI's bdnSeBpEwitibompRPUAS bitHeRe like a “black
m croarra expressi on data Bi ol nf or ITHtI CS,

box” (gren erel. o Puppoptyeenmachinyclissifieptionandyalidaionpfcancerdissel v

samplERAY %&&mﬁe&éﬁt&glmw %mﬁm&aﬁcsd fémaﬁﬁzh@)im RndQ/BR
appreci ation o Varlal|ltﬁ/] of the data in order

[ g. 25
Va3 Bl 8 D oo sl AR e Ao RECTRI Ot o
appreayjtionthef wilartalways bafprthgomingechni ques that condense
seem ngly disparate pieces of information into clearly
articulated rules. Two principal neans of revealing
[0012kt rAccordingly, npom¢ desiabde from dapainttofieibw ef dataypising amtechnities that

d L d
condeffeSertan T b e o Mo b SV s e R iR PR
meanspﬁ tdvedling strud@tabipatiemb & datauliat fre basvdonulps 28 declstontiees aabagen

nt ... Thus suni. t hat , se eral ecl.es, of
induety” Prrifih St raridcs BRee! 0 TEK PO R e WS PG daf
sets, budtad v o theORAEAdtRing dﬂﬁpaﬂﬁﬂhssﬁﬁﬁl@ t!ﬂhsevéiﬂ@ﬁécfehl 6t i on

of a decision tree may gend critically upon which
rules a5 3ppAIPRLing trgining seb theyrylesfhat gecome immediaiely apBarpst truelt ¢ oy

constrﬁJii%ﬁ oftd @Bikibh G@hay'dé t&%ﬁ cmﬂﬁﬁ& UpBE WRIBY clARifib TP Beli & ¥eed the

anal ytical franewor data, are overl ooked in

tree. Jqvif is oftenfhat sigeifiepatiulsssnd thpiébv anfigpariantepeytical fmewatkder thhe

7 _data, a‘itr &gﬁéoﬁ&l ) Qn{v{ngq{ a@decféion tree. Furthermore, although the translation from a

4
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tree to a set of rules is usually straightforward,
those rules are not usually the clearest or sinplest.
By contrast, rule-induction nethods are superior
because they seek to elucidate as many rul es as
whweeBbie and cl assify every instance i nPEREGHRIEP1YWet

according to one or nore rules. Nevertheless, a

tree taxusehafruledis bypkily setaightfoewardydhwed lenare deissillpthe tlegest ot hods

b devij th tt t t
simplf8 v DR I At e B pirgt by iRt s gt o
manytnhesra@ p@hlﬁle%ﬁd EMssiFydvery nisﬁddé(iﬁ the BatnRt kroeding fo0dd 3] mdrbAiles.
thod i.s.ane_ of nmost succe

Neveataqé% |36‘HmPfF€EhYﬁ’EE‘ %ﬁ‘a@dwmu degisiop dgg e ?‘{#‘éﬁé’ﬁ?"sdewsed that

attempiQ8 bapitaHae FEREHRIIVI ARCAR DT 8 offddeRand@hcSthdrBdthn O Rk
conti nuously varying data. Wereas a 10

inducken Btgde-f orwar d rule for a |eaf-node in a decision
tree is sinply a conjunction of all the conditions
that were encountered in traversing a path through the

10013] r clhe C4 Srmettiod israpp of thowest suscestiel deiderf-irectrppthodalingsatedaiol
adapt@ e‘églgp E‘gbné@m&'hég% 'dgté( settshcﬁaﬁ o dﬁa&ﬂ c%ﬁtlrgu\ﬂuﬂ \H}?}}l kLD HHelefis

ate points I ntroduces er r estlnates

straiglﬁtﬁrwq:yd)s@ fiot @Wmm ng dg}mwa:tep orgnplyd conpogimpfadld. 5

cond;ﬁ%‘s HBR{{ rﬁén%%?e?esa Hlu% smlfg n@&h ﬂm >&e<1, Horlt 81@950? [I‘@E tind ¢
ave nce | e déci sion

leaf, tlmnfcmiimet;md astem;us td slmphiy thesa ryidsdoy prveing thettfea bt imtertknediate points

and n§ B B ool et e o B8 eiaBhon ik B s
produba (tlﬁfstt]hay are @asg Itc&SJSmehﬁﬂl it oot haet pad! pbﬂamammasioﬁ he

our desirabl e quali t|e nentlon d_herei naboye h
boundgtnch i3eah & Btnoféitn b S ien T Beia 4 Rpdiion s PRNGIL YHiaDle
differﬁﬂ%teﬁftaerﬁﬁamgmﬁ@ueand Li, ACM SI G <DD I nternational

Conf erence on Know edge EXscovery and Data M ning,_San
Di ego, 43-52 (August, 1999)). Anenerging-pattern("EP")

[0014] S Res&itIila claBs FOHRRE WS od hATIR8ssesWe B {dBsirable ghdlfléscat es
property that is largely present in a first class of

menhem@l hereipabovq hae Been propersénlt isibased gn e idehef ceteeséng paferns (Dong
and L& Q@M ﬁm&n%ﬂgﬁi Cbnf&ence JRkAwWIdiRE DREeH) An@BEE Wing,

wth the first class.”™ Al gorithns have béen devel oped

—-San Didge 43§ (AugstEl99)) £ Ao emérgingpattepa(EPSHs ysehin in qemparing elagges
of datQPiPlnH?&ies cb};%:v?rt% Qg:ﬂ@%@ pfre'séhﬁ% 3\%“ Qlfassg)E n@z}, gf&ﬁgga 4bSdht in

data (see atterns
a second dasSefeoniplomentsryidata, iadga ma@emmeﬂapfvoﬂm fixgtslass.

; [ ' :
AgorffncFid oot S8hico ol o208 Pl RO Bk e R tniogo
the cldsl&lﬁwgoﬂ tfeciconpepiondhta Beefogexagple Hd hhdWiosg, “Emerging Patterns

o BB s s S B

Good Mgﬁ@ﬁe(}en& Gr6usis ! &bihl Gbnaﬂxﬁr@mbrymﬁledﬂm@g the Chreepk of Erferslive

jen express] rof i " Cancg |, 1:133-143,
Pacterf oo P S8 AT A P iy e SclsBF iR Sgyee
discoveB, &1dPR@RtbMoflol@bihe ﬁrﬂe&lﬁtﬁ& ¥oute Iyanphdb] 80 IeiRdnia BP&e
expression profiling,” Cancer Cell, 1:133-143, (2002}, ali of which are incorporated herein by

reference in their entirety).




[0015] In general, it may be possible to generatesEpyYoo7

t housands of EP's froma given data set, in which case
the use of EP' s for classifying new instances of data
can be unwieldy. Previous attenpts to cope with this
I ssue have i ncl uded: Gl assification by Aggr egati ng
Emergl ng Patterns, "CAEP', (Dong, et at, "CAEP:

{ooﬁ] as i bdnerdt, it@fy ba/poe\gge ﬁ)ggaﬁérﬂg ERBh SlsAHals o84 @SS given N,
DS- 99: Pr oceedl ngs of Second International Conference

datagst 1 vettigrareyhedtsr BESS for efespifians npRpmtANce pEdas SR pe unwieldy.

Prefiof a&&&% to c@ée&ﬂthl (Kls is$u@ ‘Iii\léfiﬁ%ld}i@d @asbificalbr byf Agtaahting
Intelli Setsuo kawa, Kai chi_ Fur ukavvaE[(Eds

Emerging Pajisr ‘CAiE;B,pr(Pﬁlfe«ff a, i@@%l)’ NClassifieption by fggzeeaine:

Pattalis, Sin, DL99: 0bceddings oﬁ&k&rﬂgntbb&ﬁndhﬁi (td?;ﬁzre?i@@&n &mwﬁs&zé&z@e
Cl assli cat i

%n%a@& emsrgt %goatterns for

Tokymdmardgeceait ThiGrhalte Bnlesye i i 4figql fif&@geﬂc%éetiljﬂ

ArilaRd, Kdi¢hi Feuke¥a (Eds)hig21: Spa; eSpihged WIP9))) @ndifiBiisg oNGumping
P,E’,atgter s..and Itst{ crenent al. Mai ntenance Al orhthrrs,"

EPy bt & n@ HFUSE P41 T BT T R T e re R

clasNHé‘dﬁbﬁ] ethargb &gilnﬁ%t558ys(egag QO)3) 134, I(zooi) antLiCH oAl ‘The

%mg ed he elng%{” erenc in their entirety. In

SPa U fieiog Prterpnatd s Ingrepagnta IEP’“F‘FBVC%N@?“%’ES able to

Pro€ledinss ojfyf’arn@fmh&na nc®bn MBFhR1eHTink, msasgs 2eav)lat o

asa e test data is. clas ed
Whlélﬂ’i%’f’?%‘fr? (gh E?a"gr@‘;%@@?ft”é i eYirey- 3‘? éfs‘%g Ecﬁﬁkﬂlﬁpﬁ at a given
EP st dn%f Hb&iblelduﬂ'ﬁkbllfbga sniaR nember If infarkés in @ pReb LR h sdniplesof

¢ télh quﬁg, |tn ane cl ass of da%’lﬁ is zero, but. whose
est 4B 813?5‘ Y AR B85S P e e CRF e PYLETS PmgRg 5
EP’SI{TUEP32)ER specil EP’@ $@bsalsuppbrt & s Slaksi of itk BRerbATOWIERe suppRY

oSS BR el BRI BSR PP SLLON 3 Sl ongesty

themmmmdﬂaaémm&kqﬁhmdﬁs ﬁrbhéelst Bl HRRIGOMM. be @83 BrgeThe
umg both C%f {1 I%E is | abor intensive because
n ?“\f Flrmﬁaélf% Ly ot fumbersomg 5 very | arge

nunber, of EP' s when classifying new data. Effici ency

en_t ackl ta sets_is pafanount,
IOOI?Edaﬁ%usgs{)‘rﬁ%b%ﬁ%%@ H e B Ey bicwB O B egsiadntton
of al@l@;ﬁa Kf@jﬂ larﬁe@hbérﬁﬁ‘dﬂ? stvihely @lhssillyingewedata. Eﬁi@i%hﬁy vﬂxﬁlﬂtacklmg
i,ntelligible ru
. ,veryé?rg? %a‘t s%
that [eddisas vilidadovall eseful uidyntusglﬁlu hﬂesn)ut 641848 Sdst, iyl uSing an

NNARY THE .| The pre ent I nvention
"fﬁ%‘?‘bﬂ?ﬁ”(&?&? of ifeniifying ! "ts“}fg\l&‘% & °£‘1“|1Fé{tlﬁb © YH%’P%P]m ni ng
classih@tiler a test sanpl e, haV|ng test data T, is
' categorized in one of a nunmber of n of classes wherein
n is 2 or nore, conprising: extracting a plurality of

SUNSVIRRYI OB THBINUENSION om a training data set D that has

I st one i nstance of ch of sa| c]l asses o
1003, L TR e s e e g domres S etipdof % £oRngs Yhethey
a tesfsanipkd Bavir@nésadansT,as cﬁte@chz&ﬁﬂﬂrouaﬁ% R0 of f bEEAsE3 OWer@in 1

occurrence,

is 2 PLIAOLE, §8ﬁnans&gu?)§rn$t{n§ a Blflra?lty of eerrrrlgrr | n%tepnastﬁtorenrantraﬁn?rlxg Jﬂa set

D that has at least one instance of each of said # classes of data; creating » lists, wherein: an

ith list of said » lists contains a

R A e T e T




enmerging patterns that has a non-zero occurrengeehrfardPoo7

ith class of data; using a fixed nunber, k, of

energi ng patterns, wherein k is substantially |ess

than a total nunber of energing patterns in the

plurality of energing patterns, calculating n scores;
- wherein: an ith score of said n scores is derived
frequériof Rteurfch@FIEH Cdf@Sch@melging otepi Em(np &oinehid plutalitySa®i d

ith list that also occur in sajid test data; éﬁ
eGP RAFGS RHI"ATR P 2E9 08P o el CBIFS et vepEe ? Tt data
numbsr, £ QALRGGInE Pk, Wheldlh S ShBShitiay lbh éhahik gie atmed oSai d n

scores. [0Q18]1 Preferabl the n n of classes js
ORI P {e‘f‘%&r?ﬁ”i“’l%" feRF P&%"r‘i‘ﬁr ?a ngtmg PR SPPRY: o i
scolofifai A deyreo datved forh theIRcREIBSof f EMEziAg bit@ind ﬁtﬂ':@lddﬁith@t

set D that. has at |l east. one . instance of. ea of .t hen
thaté‘f“’%&%%&‘“é‘i“d fraldgas agf 5%@% “’ﬁ“’ﬁ‘ P‘l;sf“& 7 C\%ﬁ%? ¥idp %é?ﬁes‘- P 18
catcgorivied if byt daleetink iilgthighed af Aill Asedrediary 2007 WO

2004/ 019264 PCT/ SG2002/ 000190 contai ns a frequency of

occurrence, f (m, of each energing pattern EP,{m
[0078] omPtelfieabb, the abhiiey # oDElased¥ey Porimgpre) aid the nsthddvatmptiees: a

.occurrence . in usi n
ek oL e el By o AR D EfhBcitR
instsiddalteacit df glelr\clabsessf didapdteating oliad, whertihein zﬁhﬂlstejﬁﬂfegliﬂig

patterns in the plurality of energing patterns,
calculate n scores wherein: an ith score of the n 5
scores is derived fromthe frequencies of k energing
patterns in the ith list that also occur in the test
data; and deduci ng which of the n classes of data the
test data is categorized in, by selecting the highest
of the n scores. [0019] In particular, the present

i nvention also provides for a nethod of determn ning
whether 10 a test sanple, having test data T, is
categorized in a first class or a second cl ass,
conprising: extracting a plurality of emerging
patterns froma training data set D that has at | east
one instance of a first class of data and at | east
one instance of a second class of data; creating a
first list and a second list wherein: the first |ist
contains a frequency of occurrence, f, (n), of each

patterns that has a non-zero occurrence 15 in the
first class of data; and the second |ist contains a
frequency of occurrence, f2(m, of each energing
pattern EP2(m) fromthe plurality of emerging patterns
that has a non-zero occurrence in the second class of
data; using a fixed nunber, k, of emerging patterns,
wherein k is substantially less than a total nunber
of energing patterns in the plurality of energing
patterns, <calculate: a first score derived fromthe
frequencies of k enmerging patterns in the first |ist
that 20 also occur in the test data, and a second
score derived fromthe frequencies of k energing
patterns in the second list that also occur in the

~ test data; and deducing whether the test data is
categorized in the first class of data or in the
second class of data by selecting the higher of the
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first score and the second score. 25 [0020] Tb€ Fepruary 2007
present invention further provides a conputer program
product for determning whether a test sanple, for
which there exists test data, is categorized in a
first class or a second class, wherein the conputer

- WhlogegRem product is used in conjunction RETSGA020HMYUt-er
system the conputer program product conprising a

contaipORMuky sRRERRI®, §) t(rﬁ} %ﬂ&cﬂ'@ﬁiﬂrgiﬁ@ FRfteln BPGA) ot BE plurality
program mechani sm enbedded therein, the conputer

of empxgiol pauammatrmm mmcursnwgn areith dlsseeftdaBOusmge fixed

number ka of enﬁafgfu%ﬁ paﬁe nes %ﬁer{:mtk slu‘?sta%{lalfg?e%g' ﬁlanoﬂ%taf ﬁ%fng} {1(% e%n%‘%lng

patterhd‘iﬁthe phasligtof kragihg parerns slvdae e safes arhémmsm ithl sessofahe n

east on i nst. anc ass_.of
sooreg v e RGP B i c PR gigt e PR RRE 1 e
test ddtd) ndRERingEthich@F tha hiclagedoflduth tHe tdsi dita is Eufigtofze B D@ lebiinft
i rein, for each of the plurality of enmerging
thehlgéfﬁoahﬁgs‘?%q%e first list contains a 7 21 February
2007 WD 2004/ 019264 PCT/ S&002/ 000190 frequency of
occurrence, fi(l), of each emsr% g pattern i fromthe
100199 Jn parsicuiar e nsseprt dnvasion plag prayides ?rwa!eeﬂws@f Setemaining athgther

atest Q«ﬁﬁﬂér FRIE Besd AR cfaﬂeéo?itze&h a%it Qhss 984 Reond @ﬂsst Hﬁnp‘ﬁﬁﬁ@ nd
contains a frequency of occurrence, ), each

extracém @mﬂgy phAmCEsing Natteteiam HeaRpLda stk thet hag nféwgﬁ qng

'mstanp SS o?lasg RPGat\RG 2Pre RS ﬁﬁ{aece%fgs&smmgs 6fraa1tafb%eaﬁﬁgcmgt

ata; using a fixed emer gl ng
st mﬁaﬁ&celudist wiwtnein: éfierfirkt hsfszombsa fmumy b@pccmacet hf,&m) af ¢ach al

nunber rgln rns.in the Luralit
e B oot he oy of oo gt R b Eon oA pgence
in the ik Bk BEdata: M&@b@a ligfeortain ¥Rk BnBPofRBdinRAdRS 7] (ﬁa) toh&ch
first list that also occur in the test data, and

emergigpaitran ER:Gr)drotethé pleulityfof amergitepatteresfhehes @@n@ﬁroloccuxrencc

in e SREH U AP oAht lS Sf SR e B PRk b b BB PO

substantisiiyllas than Tatabgmiberadmenging I_pm;tefns isthe glhaby of)émaﬂgm@pattem#,

caleulit s RS ERE Cefuiiivont e (bRl oltprifafedalliihyb e oy B Bl

also oﬁihﬁﬁ&l[&teslt tate aid sacaml Srddetivdddem the quﬁérems b8 emerging

o B hepulfh o S o e e B iR O By Sl o

categ@REIN the Gke@8l8ss of fiftn SrYISthe McoRIRINRY df hth By sefdctidgtASHighRAES the
msrmr%}& at | east one processor and at |east one user
é

first seop A hgseeondy§cptenf 15 which are connected to one
anot her by at |east one bus; wherein the at |east one

Erocessor Is configured to: access a data set that
[0020}, 5 SThe preseativentiondurthes praiides aspmppter pragranypradust {9F defpaminingnd

wheth®f a the Srlple, @vhicfﬂ ﬁltm%réﬁ?rs okt BraSe 9 nfeli‘ﬁf@ﬁr@tf i@ second

extract ‘a urality o emsrgl ng patterns tfromthe data
class, sdherein thprcempléer@rcfgraarsmmdmw usedh ik canjgectionwith i sampricesysiem, the

L s e

prograo madn_e«hsrmerdregdedghqm tierconputérpougrapieechinisnaddntpyisigg at leaaf
one GBS WP B L SES  AEa RBR B sl

data setaiink s aSleddt doe@gtaadcyf a fifst clas ufcraarme at 1éam(o’ﬁ¢ instaficcefe hscond

atter fromthe ralit
- class ofr;[iE ta; extrgct:l uraﬂty of emergq}lg patterns ilflom the dXta set; creating a first list
and a second list wherein, for each of the plurality of emerging patterns: the first list contains a
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emergi ng patterns that has a non-zero occurreaqee&amymmy
the second class of data; use a fixed nunber,
energi ng patterns, wherein k is substantially |ess
than a total nunber of energing patterns in the
plurality of energing patterns, to calculate: a first

. wospoedhker i ved from the 25 frequenci es oPCRSGEABOM Y]
patterns inthe first list that also occur in the test

and a £ . nci es
v o, S50 A6 oS A i
patterfbGhdt has! arhon-ErQ@ odc88dncHRLR: fird 0Hlss @ 8L Bn IR bdosid Hsthﬁnﬁaﬁﬁ _
sanple is categorized in the first class of data or in

frequéntieof osaomnd, 79 obeack enthaging faters efren the piprdlineof lkinglgiee  of
the first score and the second score. 30 [0022] In a
patterprcshas h@pe@nwre oestsengs imsherseesnd ¢lpss oftefan Bng & @é‘i*FP‘%?ﬁ& of

e R BTG o R S AT

plural@Pof eﬁargtdg@amrseqalculah a;ﬁrhf@por@qieew@rfrc@dﬂle froarenaeset & of

- emergbngtp?tlgeg:nessn? ; ﬁl‘Sp]\_{S% B { MYoc& ln%hé &k Eat? MQ%&JM%&@{:&EV

--------------------- ruary
from (RODdquendlos ﬂﬂﬂaﬁie@giﬁgaﬁttmﬂ(ﬁ' HSS2OasODEEX0 oagueinikedest dity and

still_ other err t 1}
ceais U s Plrlet T Pl TR ol Ol b e Eond g
data b e tiRXPE Bigler oNthelfitsascorpatditienbcondetiosal records,

financial transactions, census data, charact eri stics

of an article of manufacture, characteristics of a
{00211 OO bidkdut mﬁdﬂﬁéramoq;mv&tes £§soh foraeﬂemngwam@ah fest sample,

nmet eor ol 0ogl Ca ata envir nt al
for WIS FLPAE DAL 6 Fits JOCHO R S S o Sou il D&ty £
comp%%cﬁllgaﬁl deblmbory} %lMﬂN@%s&%@ @ifleakt de user ﬁllfbﬂ’ﬂ& 4l of

onput er system of the present i nvention. 0024,
whlchmr@m@cgﬁme mﬁh@gbﬁﬁéwgn%b&ﬁ vihereindhg %éf‘é‘ﬁt‘*%?jp SSgr
configoft8 flaksG dﬁﬁé%éﬁﬁﬁ has H0a2d onf iRancB of £RisEd1Ss 8 dARHOA least

according to the present invention for predictin

one lnetanqe@éa sepend clapsd I dptpiBlarct FPrbuplity pf emesgingagenys e tg dpthses
createld f[r&thft%d Qseﬁgn(ﬂqﬂfjwl&keﬂ? for &dch {oﬂﬁ@, o[“ Qe Slllg Faktbans: fhe

representative me of Obtaining energing

first hstazbﬁtﬁih@%e &{cgﬁﬂocblﬁreﬂcied &0, obdacK srRBERNEtetn fibinGheqlRARE 'S
of dat a. FI G 5|IIustratesamethod of

of emerging pattns Ii'@t s pnedient deowrehdelimthe fisbelass hﬁ@atar andghq ﬁ\qccad list

class of data, usi enmer gi ng. patterns. 002 }
contaimp wireqyenoy Plaseyiiness ;' 1 rob 2k FPETEng P@egvsf{ome Splbeals

-fo Fe nore than -Si
emer ﬁwqhagﬁn?s a1)0f-2p10 ot curr?nci\llf tﬁ(e)sgésil)gllrlr% Sof 8%% %%fk%i_ ED
nmanEEGRtrEEEgJ@\bﬁma' HﬁebeMﬁﬂuﬂmglhaﬂ' hl mtaimrhhwdd epferginige
patte { esen a]&l/,%nt | %nng%gttee srtg]:: cﬁa?e Xﬁrs?sfcroalfe%gnvcﬁtﬁomqne

frequencies of k emerging patterns in the first Iist that also occur in the test data, and a second

- score derived from the frequencies of k emerging patterns in the second list that also occur in

the test data; and deduce whether the test sample is categorized in the first class of data or in the
second class of data by selecting the higher of the first score and the second score.

[0022] In a more specific embodiment of the method, system and computer program product

. of the present invention, k is from about 5 to about 50 and is preferably about 20. Furthermore,

in other preferred embodiments of the present invention, only left boundary emerging pattems
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100, as shown in FIG 1. Conputer system 100 pR¥eth@arp2007
hi gh performance machi ne such as a super-conputer, or
a desktop workstation or a personal conputer, or nay
be a portable conputer such as a |aptop or notebook,
or may be a distributed conputing array or a cluster
Wpp4/0336net wor ked conputers. [0030] Syst BEI/SG@EN2/000190

conprises: one or nore data processing units (CPU s)

are ust0.2n st otherpreldBd embuddinehisythd datd sgpdomptitey ddtnselectekbfrdoo tha

groun OFRRIOF o Py presson G Dol eced] 3 g oo s
data, 26 H:tR264n BGTE SGRARALARIHIAACHIIEY of a (BUGIET, AFar@REstRE of
» nmore magnetjc disk drives); a user interface 104 which
a raw pglprigly pieoralogisal dgte qrexgRmenial g4 3P chaserisicunt apeplation of
mgm&@ﬁph-screen di spl ay; a network or other communi cation
interface 134 for conmunicating with other conputers
as well as other devices; and one or nore
BRE@Qﬁ¥@?hﬁ@@§@@fﬁgﬁﬁgmﬂﬁ@gfor I nterconnecting the
CPU(s) 102 to at least the nenory 5 108, user
[0023] nt FET hehowd @dompaistisysienwhihk picsenipfeati@. 134. [ 0031]
System 100 may al so be connected directly to
| aboratory equi pnent 140 that downl oad data directly
[0024 0 FiEnDshpwd B8 suppdnis catberspresepiedemegbordidde syeiymi ncl ude
data sanpling apparatus, one or nore spectroneters,
apparatus for gathering mcro-array data as used in
[00253 e EG. A Qepisprrastiad actodinglty/the preseatiaventionforguediqimentolledive

. .port ahl ' t t in the field. [0032 t
R 0 S o BT e A 2 P o kit o it abse

136 via network interface 134. Renote database 134

y_-he distributed across, one or nore, other co ters,
100265 2184 depfes RSB oot SO EE GG PR Oy i
cfﬁggﬁﬁnhﬁhﬂ“ﬂ@hﬁbf@ﬂﬁ| dat abase or any other 15 form of
ata storage whose format is capable of handling | arge
arrays of data, such as but not Ilimted to
[0027?/{0 r128ds Sl0&RkS 2 ARt FLUHEEHinD ¥ pRIRERIABIMSIER T8Sin a class of
crosoft Excel, flat files and XM. dat abases. [0033]
data, @yngteanergii@@aitasnsal so optional ly connected to an out put
devi ce 150 such as a printer, or 20 an apparatus for

witing to other nedia including, but not limted to,
-~ [0028CD-HRG. @iDugRaes & ireeshructere sstemdoepredintiog morethansik yebtypesof -

fyl..0PR I " ZL R S K gnetic tape, or optical
Ammﬁ%? ‘i&ﬂ%hégﬁfnéhg%%ggéﬁﬁggysysten1s menory 108 stores

procedures and data, typically including: an

operating system 110 for providing basic system

services; a file system 112 for catal ogi ng 25 and
DETANEL B DESCRIPTION ©F THRINVENTIOMNe or nore application

rogra 14, such as user |eyel .tooJs for
ro02s3{ e ol of st CvaBe AR Bl e 915 o1 EAUPET e
100, 8 Y& D) 1 MeY¥mpiRer 3RnOf00 fa@ bé Phibiopridehanee mddihesubmaad

system such as U trix, Irix, Solarisor A x; a Linux
super<QmEpyieH or 4 dogking aEksigtiaiey 2 personal computer, or may be a portable

computer such as a laptop or notebook, or may be a distributed computing amray or a cluster of

networked computers.

[0030] System 100 comprises: one or more data processing units (CPU’s) 102; memory 108,

which will typically include both high speed random access memory as well as non-volatile
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system such as Wndows 3.1, Wndows NT, W ndowsg@Ruary 2007
W ndows 98, Wndows ME, or Wndows XP or any varian
thereof; or a Macintosh operating system such as MacGCS
8.x, 30 MacOS 9.x or MacOS X; or a VMs-based system
or any conparabl e operating system Statistica

- WoaaewoyRéis t ool s 118 include, but are not PCT/SG2020000D,
tools for carrying out correlation based feature

memoBEkRE hi &8 or Bk mRHAE Gtk GIVBY)Y:Sisérinterfict DPYwHIDSES comprise a
iscretization, and | eave-one-out 10 21 February 2007

monitescReyessish Dess el EonelsespReD ST 1 06 ek S iy s
interfAOP P4 f&adoinﬁﬁlm%tﬁ? HARBthdr tAmAk SO adihella6 bRk dévit 3 8 or
prograns for a-mning and for extracting emerging
more ¢pgrquBicaion bpssen 186 fag n@@toynecpm%?l’%bm R éﬂattale TREEIPBY v
ng patterns 122, derived
10&u%9§w§%8gﬁﬁzﬁdé&%gﬁ%iggﬁég% wel | as their respective
frequenC|es of occurrence, 124. Data set 126 is

[a % ' 128
0050 S5 L bl e L 0k S50
down]dal%‘za direotlg tcntggndmlﬂs Adgbirdtorp pguipnehtlei esy intludewats ssmpling
. ta set ny conveni en
sooariisy R mR reE L M o netle Pt 8 rEnenrs
oty 106 an ey ‘be r ovi ded d rectly from
| abor at ory equi pnent 140, or via user 10 interface

{0032]1 04Syst§i:ﬁ mﬂlaryaﬁ;b @stedsld@@tored BrMEMots AitAARSIS6 Sid abtwas 136,
d from an external medi a such as, but

intrti 4 Foqmpla gt 3 Pisp By o Sl aEiess CBEPBT SBR RIS Y

discs, ﬁre»swtm Aétibks. RBaliatabiat 83458dy bd 2 GelPial ARHAE o‘ian;eatea

[imtless nunber and variety of saqurces.
form qf ﬂétﬁ atpta%wla%f@w%ﬁ@@bbpf W@l%#%eqﬁtaﬁ % JEA DS b*&af)fa

limite® &fs gﬂs&ﬁsh@% l'oilﬁézd g R Ero@’éﬁrsﬁtﬁlsdk Nic:653f: Bxcell, Madifestal KIVL
cas first class of data may correspond to data
databsesr a first type of cell, such as a nornmal cell, and
the the second cl ass of data may correspond to data
for a second type of cell, such as a tunor cell. Wen
[0033H atSastsnﬂOOhQﬂsa:Qpﬁpmlls emngpideo sxquipgsdsivion liﬂan@h as p{priiter, or
an apparag.lg £ ot | b o%ﬂltep {mt Sut{m t!ttn %ﬁéﬁt oaP ]%Wéiai%sh-card

EorTed fonds |rs popu

- smartdeith, tnbmmsﬂmkmdpp;t m“znf’ ch&t magnelrtiespoptis! mcﬂlad ata for

a second popul ati on of subjects. 20 [0037] O her types
of data fromwhich data set 126 may be drawn incl ude:
[0034]0 atihe BdmpiRfliysiein’s nieRRey W8 stofek Protedinds anldidan spttallp sinding:
ensus data denp hi ¢ dat a; ch acten
an opegi98 St 10 Ly providthe BIFICRIRFT SATiof e TR SR

and o@hﬁeﬁn@gcm@srah& bdtg %nthfr nﬁfe @pﬁdaﬁd,@r&g‘ramﬁﬂnw fsaiad Ger leSel €ddlsor
aut onobi | e ter or an article of cl?thlng

satisticglyaaay s Iéémdéprﬂaai%? gty 10 mayibe agyghedolioyang: a
UNIXL Hﬂgeﬁrs%ﬂ Qbh £URCLHE BoRViEE: Alk%ﬁt&rsyéﬁé?@ aO¥ind0¥scbased

places, or representing information for many

systengiueh es Windowst Sk 8§nderws ATy Windaws 9wln®wat>&6¥1@¢qu‘stl‘fi%§rof a
Windf &tahnlgfhn%&% 13B£ £ Vero?@r& Q Qich asMTBKIgSE Y.

r exa es an g ures,;
MacO8 1 ar Mm®B Kadr ad@IScbasedisystempor any comparable operatmg system.

Statistical analysis tools 118 include, but are not limited to, tools for carrying out correlation

bt Earl il

based feature selection, chi-squared analysis, entropy-based discretization, and leave-one-out
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conpi lations of toxic waste figures for diffenepbyryary 2007

chemcals at different tines or at different
| ocations, global warm ng trends, |evels of
deforestation and rates of extinction of species. 30
[0038] Data set 126 is preferably stored in a
wo Bhaidgz@nal dat abase fornmat. The net hodsrofisd2e@e00190

present invention are not linmted to rel ational

cross SAHARAS KFplicRith pRRnBH PO drEAPIEluderebidnd foefa-mining
stored in XM, "Excel readsheet, or any other fornmat,

alldfogexqa@wge@grgtnﬁ@a@atsér@é{;@szt&n be 11 21 Febr uary 2007
WO 2004/ 019264 PCT/ S&002/ 000190 transformed into
relational formyvia some appropriate procedures. For

[0035p x vditienalllanenasy Hi8etbrds o s¢t of aprgingipatieras 123aderized{amms éﬂta

Wipkis
set 125%5 g?% tﬁe%l rg{Encuﬁlg fr%%éﬂcg% gfa 50?12%&8;&6 i% angagﬁég?t &
dwxdemntas atdqpetcitfirst ela;s 12€denoted Poradd m@bqu clabeel 30 donotediDh, of Idga,

and ey Rgiigpat TR D st o JEEH P20y bR RGO SET ndfhidal'®

formatv@gldiag a tolAinadl ditdiﬁaﬁgs;ﬁbﬂsﬁeei eir glammt:m Teei dataj m alay ﬂsnhreat

are als Slb d thelnter ati on
srod T GeSr 0 gy P e B ETD TR R Y B e i der
interfa&P PFIO B el @icBedl ﬂ%hﬁhﬁﬁl&& aitabas suding IBEJ bf ﬁ@mﬁﬂﬂ figm an external

e e LA P TG00y i CIORPP Gt FECRE oafipoyg

Know edge Di scovery in Databases and Data M ni ng

0039] Traditionall 3/ know edge di scovery | n dat abases
[0036} 5 Paseseint 26 81y AERPTISY Ia7or Hlamifless nyrphey g varidy gisgugesy fn

prefcrkquﬁ]ﬂ)écﬁﬁ{érﬁbg)f Vil pkedlent BIQMARibY, dRA 5@ 124 @hndp¥ised g&fe kpres8ibfl data, in
ul t1 mat el éﬁunder standabl e patterns in ata (see,

whichecasg the iyt alapseaf dete may correspapdijodafy éor afist Bprphpeli. fuch as a normal
Jha K 6088cond| A dths
eIt agat aggg%gnd é\&igﬁﬁ%\ﬁa :G%I{ee%% sky- Shapi r ocogngé o :
tumorfeeth\Whan, datadet. 126 ¢omptisis\ge1e eRpression dats, iti9 @y possitie @etrthﬁ firet
{

s 3 RSB oy 5 Ao VB Pl AR e
cozrespmd@fo daifor acsedoad peputatenadisubjgc®040] The process of

[ dentifyi ng patterns generally is referred to as "data

m ni ng" and conprises the use of algorithns that,

= {00370 N Rkier Spesofdate &pﬁaah;luﬁ deta s mzfahaydmalkawmflﬂuhufemanqnt Bdical

rcouds L el o e P Bl SRR B Pt

such ds@n SHrisQIAYE prod@RRRE NGRS oﬁmg:laamnufmg@aih ak bt h as
been achi eved-wi th the use of %%P%# ation rules, t
automobiles  COEAYST P ABIGe 5 clphing Tpeteprole %sweﬁ%'ésf%?mp e,

inforrdiB® &b & Sver el dne Or bl labR )G repetaénailFmEon@aion & many
t hought of as consisting of a collection of tables

differesh et 2P SR BRGeTstel 2 PRBIAon ¢ PTaE s i g
compﬁé;ﬁ%ofog éqa?@l@dsaﬁ:@m ard@é}@s‘ir% ﬂgﬁre@ eHn%Bm@Jtal ﬁﬁtﬁ rsh@ll'ﬂs e-val ue

rel ati onal nod e for
compﬂ@pgeeof aixiorveastedigoms ﬂgaﬁﬁferent@bwmﬁin a¢ giffersntdimes ot 44 diffaremy

tocaidl il nde ot e PR b B EORARNI bShles s a1

[0038] Data set 126 is preferably stored in a relational database format. The methods of the

presenit invention are not limited to relational databases, but are also applicable to data sets

stored in XML, Excel spreadsheet, or any other format, so long as the data setscanbe
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which is just a name for a particular propert\@bpryary 2007

category. A value is a particular instance that a
property or category can take. For exanple, in
transacti onal databases, as mght be used in a 30
busi ness context, attributes could be the nanes of
wep4gesd es of nerchandi se such as m | k, PCHB@A000190
cheese, conputers, cars, books, etc. 12 21 February
transf@id _intt)cyﬂaﬁ&ﬁh %gniﬁgﬁﬂneaﬁlﬂfbﬁwh&éﬂﬂ&lggre[xﬂﬂﬂad_ ]datéﬁtore?ina
trjbute has dopmain val ues that cap be discrete or
SPrea‘gglf& s @ nafuuak oy 3pq-ealynyo fgpmat, sg it 41y s and Agoluwn fspdd By g

interpfbteBGE 81Bora it hidH b@ivufe Yo ¥spéctiveMi G‘dﬁreﬁﬁdiﬁ@% the@RtuMi3h HE'S
yel | ow, bl ue, green, etc. exanpl f

of red, ) anple of a
cell atgi e 49d oelamm ¥ cpyldbn iaterpeciedge the valpg Vgt mattiibyte Yapliiee sepprdin
X', O R8H oA RARHARYSta SR Yntd B1a6iG0 forrhd? af@ alsh PSR deftRng on

_ database, for exanple, attributes may be 5 binary Wth

the intpgpresasion g1t is prprRpFiate fop the speifie data sqts. dihe pRpEapriste (oteretation
and e e B Bl FuBOR Gl V80 o T B SRR
persoft gkilledhin' thoart. al t ernati vely, a "condition." Thus,

"color-green” and "mlk-1" are exanples of itens (or

conditions). [0043] A set of itens nmay generally be
Knowlededbdisaokrs in [agnbases tndtIdusMinidg r egar dl ess of how nany

wo3s} o AR, Gty R R BRER BR e n S G Y e im
procesfof idbmiffingeatith novel, \phientallasiud anduilthnatelly nhderseddable phiterishie

nunber, of attrijbut in the dat A .record may, be
data (i oy Ios o, Kgiee SV it A St e gee
discoeRan ﬁaaalm@, pﬂ'rﬁ GhBiatefly- SHapitnd W.10. Frbheis, Bad), (Alt\mI I/MII‘l Presds,

articular, the te "transaction” is typjcally use

1991)5 d‘{%ffbéls fqthe la%ﬁel%fa aé@%wﬁ% TRYFRLQH; HCEMHi0 AP PS RFeTR rofemrgde
as an WiRFRRDaltdde it fpBichiShaage” usually refers to

dat abases that contain 15 multi-value attri butes.

Thus, a qatabase_or "dat a set"_is a set of
[0040} " RS PlobdsOH S ddafifylng ?%t@ﬂﬁ %énerahif islrS¥errddQb ad QLSRR addO’

every instance i'n e database to have exactly the
comprisghibe atetof lparithees thaptyader demd agbaplable compuiational sffigiercs,  or
]imita\t.ign@, &f&t:é icfiBr ddy ﬁ'ﬁﬁoﬂ% ak }err(‘?]{li?éd&gfte\ﬁ?sl. %emtg&' afpict of data
I des or Xe S hin a

automati c Yy prov I nst anc

- mining jstgyfliecovkrdependenciesamopHdntnd 4 gaphthat hapbegnrachieyéd withdbt wbak e,

el 08 /WY ML SHRSEPe e Dol BOLIRG. © %5

is the nunber of attributes used in D, and 1is

o041 Rl i o G5 e i of 8o Bt By ebam P e

relatiohs) elivk tdbieecofidivtdad i s@ bf fetoadis aaitchaiecordlis a lis) oDhthibaE-valasdaits.N

(e, 2, i P ol Pefebio e et el i Gt & AADL

| 13(6):PEE-C337L @QIM))0 ThelPodk ElBMERET icfii & ah ParfRbt,2{alse@Alled b Pedfure™),

. i.e., suPPn(X) = countD (X) ID A Tla;%e",.or
whichiig jpgt 4 ame for 2 pAstiguler prpRerty QECAIREIY e AYalNp SRl instapee that a
propesty @atSitFoah ERE. 1 BREHle, ¥ transactional databases, as might be used in a

business context, attributes could be the names of categories of merchandise such as milk,

bread, cheese, computers, cars, books, etc.
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where 0 5 S<_ 1. Preferred values of Stypical byrggpapsoor
upon the type of data being anal yzed. For exanple,
for gene expression data, preferred values of S
preferably lie between 0.5 and 0.9, 30 wherein the
|atter is especially preferred In practice, even

- wWozaraesedof S as snmall as 0.001 may be ap@wsspizaqoes0 so
| ong as the support in a counterpart or opposing

[0042T | asSuiibite K8 Hanfietalies thetambe distdtd (B exatoplechter@tvallar y
2007, WD 2 4/019264 PCT/S 02 0019 &gg@%liﬁn

continugliss AR exAmPl Pl ¢ disggete piifibpejisco e #Hedf or m

| yel]ov?(blue g}éewra:@;r An¥xMk of 285Rinkowe amﬁw@rissa%& Saklid oRanyewatheXn B Y

The itenset Xis the "antecedent” of the rule and
agmf%ﬁ@n Fangaatl0-120]. o ayaesactionl delefiem or egmplersripyipsanay e

binary WitRRRES of effer 6.5 BIRACI AR Fit] £valbe YnlRad? thath PSricular
percentage 5 of transactions in D that contain X u Y.

merchipiiise Sigppovhaseds A pigribuigivalug paixip eﬁleféj@ﬁ‘@p@d os%tp@m(wlwa
» f‘ ”» [ q 1Tc
“oond {19 1600 HERRET Y lle AR0REh AL e ofochBnbudl
X al so contain Y. Thus, the confldence of rule X -, Y
S: Nt « 6] f
10043], >4 SEHIR et Bhera R Xofl g A 9041 TGRSR 69
iterns gre n@:tmed Aldbtaizeses OCeoniprisn amunes of daaikdsh Bach reodwonsistsanicl

C i den er t or ual to a er -spegi f.i ed
rumb P R AR b el e B el o R BRE RS wait
recordidyrbe odlled a i‘mnetﬁﬁnl’ vednYfinstesie® depbdding oh ﬁieslatuﬁrbbihb mﬁm

been.sol v osi t,i.on .i ub-
in queg o ILRBICRI O I SR O PiGAY e pB i Ao SR
bmaryaftﬂbuté Bilues) wWhbréa mhel téfng thsiah@MEgialeRs tadAabaded that contain

SOCI tion rul and, out pyt 15 only those rul es

mli-g R [T GHRE b et in s it of FRabAgtiona g atghess. dt s
not netdssary ﬁﬂ@@@)iﬂstahée ih the QfatAsd to hivddkactyBe SebeARGhuek. Tﬂikﬁ se

sub-problens is straightforward so that the key t

definitigneaf ap Bptics ofiramsesHon. aSXwtefAitTibNe-Yalie gairsagtopgtically provides
for mitdSERNELWiBindlshn ie%ﬁ@@et' temsets whose supports exceed
a given thresho? [ 0047] A naive approach to
di scovering these large itemsets is to generate al

[00441322{&% Wﬁgxrmgggfaa{ &IBRL \A}]%&\%ﬁ)@r drhsGhEEH D, '&Smﬁ%*%%t of

ose dinension Is n woul d

- normat sstyand ie derioted 0. nBhet “Hinessignof D inthe Mnibes of etrghutes useil D, and - -

is som%@ﬁles rgf&Jr Qﬁhet(ggill %ﬁgt ¥ﬁes‘%wn’t” & an Hgﬁsgt?g i {ﬂa%tecli %%hn%bﬁ

econes I ntract s n i ncreases
and is defired tydbe thechgxnbdr ofmﬂilsacmmal T, praDIthamohtjundﬁl eX mmtuhhioatanung
. dffl W.th t net hod Agr.awal
i wilfn s e Sobpar e BRERF oo Pgpo ] i e b BRURER o1
tum%ﬁmhﬁﬁlhhﬂ&&ﬁﬂﬁﬁﬁﬁgs of the Twentieth Internatlonal 25
Conf erence on Very Large Dat a Bases, 487-499,
(Santlago Chi | e, %g? ﬁﬁﬂﬂﬁﬁi—M NEX (Bayardo
Efficiently mning fong pat/Perns from dat abases,
Proceedi ngs of the 1998 ACM SIGMCD Internationa
A “Targgy erefrequeds” Hamsymenyavhesesuprort iipgreaier Han se eaNENRR s s |

~ where %%933:2_ i Plgtgltréh values of & typically depend upon the type of data being analyzed.

For example, for gene expression data, preferred values of & preferably lie between 0.5 and 0.9,
wherein the latter is especially preferred. In practice, even values of & as small as 0.001 may be

~ appropriate, so long as the support in a counterpart or opposing class, or data set is even

smaller.
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' ﬂ"’“”fh i/} BTve2PRIPAC
itemsdiDin ® Al iahedk\6e: BFlokerF Bhl Pir adastas vaidbsd @iakmtn id #) D

of which are incorporated herein by reference dief g boo7

entirety. 30 [0048] Despite the utility of association
rules, additional classifiers are finding use in data
m ning applications. Informally, classification is a
deci si on- maki ng process based on a set of instances,

- wpoahdzeh a new i nstance i s assigned to esaps@bozacmwnber
of possible groups. The 14 21 February 2007 WO
2004/ 019264 PCT/ SG2002/ 000190 groups are called either

| asses or clusters, dependllvg on whet her_ the
I0045b| s Paspation By i D s andmplication i g formaX ek Yheggg) andp are two

itemsetsf0 Q{%Mh%ﬂb Tth et *%&é&eﬁi O@E@ & me%m@ét Yis
unsuperw sed | assificati on, In | C clusters of
the “comsqmé d‘Sheanb Whaef ‘rsu@drt’aoﬁim desvaation bl —BY in I sthermasentagen

o wxiifpinih B s ook Ut T et Sk B RS B

The “ I@fa&d"\oﬁthe Sssdcutighiiult iK 00 Phiesigige ofSheQhim@BtidnkHnaS they,
patterns, fromthe given instances. The nethods of

Cmﬂmﬂﬁéﬁb¥%§@ﬁﬂnWh?@ﬁﬂ#%ﬁmﬁﬁﬁwﬁﬂéﬂéﬁabﬁw applied to
problems of superviggg, qkasgj fication. [0049] In
supervi sed C|aSSIfICHTT%ﬂ;@$hE di scovered know edge
gui des the cl assi fi catl” ) a 10 new instance into
one of the pre-defined classes. Typically a
classification problemconprises two phases:

[0046] | e miohlgm opmEiNg aadeiatipn relesfierareps opsrRidew to aen%ﬁél} vi sed

assoc%cﬁ%ﬁflle; thdt ﬂ% e@%poft b éoﬁﬁ'&eﬂéerﬁeatepﬁﬁﬁas& Y Rl i8S -shfeAi NY

W edge a given coll'ection of "I nstances to
numﬂpmwmwé ringypt and minymamicenfidsncgrminegnkspeptivelve Senangly. tiase
r Storfilef
probleghas A8 sl oY bcSihpbon O A0 pROBIE! dbiorll ol e el
with respeqd tqmzasug,@nd,dtbr acgived largedrmset Banerateral msqgatmﬁ rules, and output
| as catl ut|I| t hei i.at
onty s8R bhE@ b lotth LICLER T RA BN LA, (loR9P RENAI G
that tliehe;ohdaﬁ msemgb-pimabms 1s'Engtp1fo|rmd pethat e dilyl to nﬁictenﬂ)bamg
ssed are defi t he patterns, and.,t
sssosuiries o b Freiraatlacky S s lonuPoti Efches S8 ispfole
However, where the nunber of patterns is very |ar ge -
s is often Fhe case w.th _vol.um noys data sets -

fodisspverng BFse e iemsts idp BHsiRtee Pgﬁ}béect

addressing the third problemit is npst deswable to

d
ouldequig ghegling the,ugpar] @ﬂs-ltln%z@et%(f & I9bICIERE T FTERED: And
methddfaﬁt 1afidf béc%ﬁ]@é intfacHBAGE A {RAARE! BrdigodtiRbave te8ROboged @

supervi sed classification problem a "training

that pariiafly svereome;this difficplig vithbe ngirgaehad) ég%loml%géwal |a§d XHa¥n .

T e
Conferanet aurizey Inege Dvea Eram4$7o4=99a(spmagco ﬁhlll@n E04)) tand MAXMRER hy .

(Bayaa\éagﬁfﬁl']ﬁ gil'tnimn? lod %&éﬁ%&xﬁ&gﬁ%&gﬁ l?,llgéereg,n%gsogag,g ?pé‘geAcyﬁ_ose

novvn assi unction
SIGMOMhtemmimzal tt‘caﬁranngon thc@msOfDmtcx,)SS:—%iacl\mas,sw%)) both
" Eﬁa es otfe%ffl asrs) eers W ed in the art are:
of which gre &gxpora jﬁe 5‘?’%’1’? n Associ ati ons")
classifier, (Liu, et al. Integrating classification

n . .
[0048? q)espite the utility of association rules, additional classifiers are finding use in data
mining applications. Informally, classification is a decision-making process based on a set of

instances, by which a new instance is assigned to one of a number of possible groups. The
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associ ation rule mning," Proceedings of the Gowgdtiary 2007
I nternati onal Conference on Know edge 30 Di scovery and
Data M ning, 80-86, New York, USA, AAAl Press,
(1998)); the Large Bayes ("LB") classifier,
(Meretakis and Wit hri ch, "Extendi ng nai ve Bayes
woQagsizéi ers using long itensets”, ProceeusGryeowiot he
Fifth ACM SI GKDD I nt ernational Conference on Know edge
gmuparseealucﬁamelaﬂwsemtmwfsm@@mk%ﬁ whdtHer (2ahsddigm is, CA, ACM
?S% (1999)). CA.5 (a decision 15 21 Februafry 2007
feSPe‘Wﬁ $ OWETHEEY 67 peprrgisssh 0 Slugenedtriiode e HEERY 5o
uusupsflvmafsmdauoﬁ A A stefeb! MistafdeOHE &iBed AU dbBSIeACB
| ear ni ng an Kauf mann, San Nateo,  CA, (1993)§
conragthig swwﬁe‘é Rlﬁfﬁ %t’@&ttherféﬁs@?ﬂ%?f% Fveq et is EROwN At e OBtpR
and thk'ﬁﬁ’rﬂ s objectled £ tolgth RAGHEdhe, AR Y RS or FRBME MR diveh
di scrl m hati on, consi st éncy propert Techni cal
instan¢gs. p’ﬂretmeﬂhodppfct}l@a‘@semmmonm pm@erﬂmapphMP@blh@wf of
supen‘oé\éﬁélﬁés&@adgﬁd' cine, Randolph Field, TX 5 (1957));
erceptions, (Rosenblatt, Princi pI es of neurodynam cs:
Perceptrons and the theory of brain nechani srrs

[0049ﬁp?.n afgmsB (cgg%fé 4 tsgo%ggiﬁowgeﬁéagguﬁaeg ménl?ssl cation of a

new @l}cemtan)e of ﬂ‘a?pﬁ—d&flﬁd cla(sdca @pﬁ;ﬂly aeﬂasﬁﬁqaubnﬁpiommbgtmnses of

B i f] t he Tent .
w0 DIRSHF BB R BN SgP R, 1 SO ST G Bee eaming
phase m&véé mmngaﬁémeﬁkeéﬁm a éuieﬁ 2@)c)tion’d inls@eted o plddeceaceibr acy

cl $‘3|f|er|s |caII determ ned in one of
patert gy Qe K\ yne pgse fOﬁfﬁffnlav@l ithe Porscafagioms CERHE 4°n
exploiR@ E@&d@il@gﬁw(ﬁstz&l&ﬁ A gdetdinn G sthitfiPa debofbbiditiva. ddatd BRing

classifier is trained on _the remaining data, and the

classificptinnufikizeg patiens ppidheirgsiaciaed Propertiqtesugh %Srﬁ?glveameﬁaﬁl% The
depen&%&eﬁttﬁaearmﬁ%ﬁﬁa& %@Bﬁé@ &%fﬂamﬁaﬁ)e ﬁ&&ésyed@ieaﬁﬁmﬁam

is taken as the accuracy he classifier. In 15

the patigaes: 3 thedgsian of efficiept %Eoéﬂ% §0r\ﬂ3ﬂr| dipgevershn Howpwr atgreiths
numbéx‘% tterhdls (r%ﬁr ﬁu%@p% R3bh tht BSe ﬁ{e 3 t |ﬂ AR sdis 2 thlrd

t t
signifignt M:a@érg Eftm of v e 84 e;cl? ;pri efectivepatierds bgéih@nmg In
addres&ﬂ%all thétlt ‘IB% ﬁﬂﬂ m%&%éxrg@ #oqarﬁ\;é Gt éﬁs&iﬁ&?%&t aad 0 Bo cEﬁ}ﬁl&
en re group,

cess peate or the secon

-“"andﬂmthxeo@vgﬂymﬁdetsmdahlegrbmns The -accuracy -of - theclassifier

is taken as the averaged accuracies over that
obtained for these n groups. In a third way, a

| [0050]I e hvesupsrdsadiclassiicatidruybldns aliGeting instmhe’t:bl afistidce whose sthss

t hh
e i P el gt e 6 P P rolipdfck
people} @AniAPipktinke n:Iaijd daex fod Eiﬂ&h;@lll Ehoiyfi $d B He&thy.T BE bt QS Festing

. t hen repeat o he seco i nst the thir
msmﬂ%ﬁﬂ%ﬁﬁ@%ﬂce 5§ '6‘.’0? B “HW%WP 6h§aq8§l§{ iy chﬁagﬂﬁ Tgaps

testingliRBHES thto AR 148615 CRALPRE oftassifidSRANG Qed PhE BEAE:Vihe CBA
classified in this way is taken as the accuracy of the

(“Clasaﬁ%err Bysed on Assoqiatigns) ¢ aﬁﬁﬁerpﬁlés enel., ilriesping ghassifigation and
assomwaxghe/ﬁﬂlm\gﬂ”tﬂ}mqgmg¥ bﬂﬂeﬁu 20 éc{ﬁknfycﬁfﬁﬁﬂbﬁf%@é

perfornms “well 1nall ee ways measuri ng

Discovgoamd Baie A@E@gfﬁﬂtﬁém%Y@kﬂé%MME@sm%S)hsm Yrarget Brages
(“LB”) classifier, (Meretakis and Wuthrich, “Extending naive Bayes Classifiers using long

itemsets”, Proceedings of the Fifth ACM SIGKDD International Conference on Knowledge

-Di.s-covery and Data Mining, 165—174, San Diego, CA, ACM Press, (1999)); C4.5 (a decision
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~~which riﬂhelt dpphedam the witkield iBtames. Eibte proces s teon Appst

ways of neasuring accuracy common in the flelg1@gmg§9§mw

m ni ng, machi ne | earning, and diagnostics and which
woul d be known to one skilled in the art. 30 Energing
Patterns [0053] The nethods of the present invention
use a kind of pattern, called an energing pattern

wq 20819264 f or knowl edge di scovery from darekiEes/o00190
General ly speaking, energing patterns are associ ated

tree ba¥dd} é]as&zﬁﬁk @i €4. 5t Sgrakd for Miichiie dnmenty, Morgdaautammu, Bane
used to describe si n|f| --------- -- 21

1
Mateo {9 DO reBist A g sassiry B BTN L 00
“Dlscrﬁﬂ.\%ﬁ]&'? Snalyki® oy SRS difdtifrkiRfieH) 6@131stellicytpfc@érﬂas) Teetniwale n

data 'set and anot her, or_others
Reportde Brojertunbir21-49:004, IS AFichpah gt WQMF&‘ ek gl T,

L 5 RSt O ke 12
(1957)%&%&%&4&%9&.%@ ﬁmagg c’&_’fnfe%r?%}?ﬂ%g gceﬁgnd 2; t r)DJf

brain rwlariwRr $pagan Bpiaks, Wlamngéqné? €y (18F2)Nmesy griatks.
1962 S QE NG, Al Hhvdsfin] AESEAT EY, L5 O sl %fEiy@ﬁﬁe in

ging patterns are basicall X
classifeoNPronetingn froTagh Nplosadonfraromsrifrid ek, 223-228,
ner patterns have four qualities: validity,
AAAI%E@%%?Q%lpOtential usef ul ness, and understandability.
[0054] The validity of a pattern relates to the

i cabili of ..t he | I 10
oot Fhe Ehoeatid upeishcpReoh Ham B Ve Thdea f00 0
examplini Ak Why, a biram pama{tage df the tr:ﬁnmg dad ia wztfilt@i ﬂlwayassd’fer is

|nvest|gat|n ert ity of
wainedp somRpsE Ot anbihe rRar e Arpligih B REa Gl b LY ©
perceniipe AR Wihhe1d AnR Edmﬂ@r&@ﬁﬁagemﬁén a9 ﬁlﬂlactatsay of Al ciERsifiery Ibe

particularly strong if jt repmains val ve a
anothef aagenﬁ@ﬂe@mvag@ueq Sty 13 ggod Pt ﬁ%Pé?ﬁSfb?]%\"‘% e g, D
pamuJSHeS %ﬂmy os. @ﬁﬁ%ﬁ@rﬁﬁls&mﬂﬂ@d[%&&kmﬁ@%&iﬂnﬁ orcthadtber
er a attern has not been, eV|ou

(n-1) m@e mdeapelepdt w@bh%groupf RBiF PO f@ﬁ ¥ ods
P Btaﬁemme@wﬂ MO S
ool TPl Bk U s ot

| ow support |evel, because.a
over tﬁwﬂlﬁﬂn@)fpﬁhﬁse wrpupen byve thisdrway, plpeverRse-oul sfrategyfis yspgan which
preTms £ GANSRsthHd PR XIS ki teRRiekifie,
the ﬁr&%tmmné l‘?s}g%eé%%?g@?dﬂgg{eﬁ%t occ u? 20 fr ecluent | y b#t
of
o RGO o SRR R RS Sy ki
instan@ds corgdclly élmsifiedsin ithis \aaydaiamnsae thejagcuiagy efdhd qlﬂ%%fie!. 000, an d
t hereby provi de new and unexpected insights into
previ ously well-understood problens. 25 [ 0056]
(00520188 bieddnt inGedfiotl i0BS6lval with qedtinga clasifiestba pieferdbly joderrise
well nl{I asulle(()jf tﬁ)ert}exr%‘le %El}}s\c/)? mgasm%gggc%racg described hereinabove, as well as in other

ways of measuring accuracy common in the field of data mining, machine learning, and

diagnostics and which would be known to one skilled in the art.

Emerging Patterns
[0053] The methods of the present invention use a kind of pattern, called an emerging pattern
(“EP”), for knowledge discovery from databases. Generally speaking, emerging pattems are

associated with two or more data sets or classes of data and are used to describe significant
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patterns can describe trends in any two Or NDLE Fepryary 2007
non-overl appi ng tenporal data sets and significant
differences in any two or nore spatial data sets. In
this context, a "difference" refers to a set of
conditions that nost data of a class satisfy but none
wafldomesot her cl ass satisfies. A "trendbCraizensony a
set of conditions that nost data in a data set for one
changds(BFexRRbIB! diffddbloY trenatitbeidoriine @ath Set Anddabther selotbbor EPs
anot her_tine-point do _not satjsfy. Accorwl% (EP's
are desgakedn: (d- J.dbas Beerag Baresw 10 ot AESH T % as
czassf)gér?, $h & Thdis AdphiRSS o TdpBler $oiRBNEd Softheié BigirichgneltTiseden

auses to sone specific diseases ampng different .

Universigpof dVlelbpnmepustelisy O axhich s ipeproppigddeteinby [HIEE M S on,

reth Ll hRGuL 301 aﬁ)ﬁg h@hdaifidag eprtfefably,
°“m67'?%‘8%g’ﬁn%w%‘lrdgt§*g?’%g an H@ﬁdggﬁﬁ%ﬂfﬂ 2£1&Februar§ 2007
emergh©p a6 hatIAE qualiiTt SARbP.20dT e dewldlesss. sidher

d s%r;ilgatbﬁ ns, and for differentiating positive instances
UnEeR &Yative instances, e.g., "healthy" or "sick", in
di screte data. [0057] A pattern is understandable if

ot B b 0 o BERARpSS) b oo

a discéverd BP sigpiki bawaliiswitsaine Hdgrdeof cestaiatywheegplied to new data. One

understand. Interpretation.of. a .S i
way obihiratE s PReRy Bt o Yo B s oy BBk bR ¥
have UG 1pRREI bylddBingh a5BIgScatagd of wevatad. An@Bmnayheps8dularly strong
Assum_ng a pair_of data s
(&)

: efs, Dl.and D2, .a Pis.
it goh TUA 358 HAD AR EBE TR G e Bt oo B il
pmceééﬂﬁ{afi cantly fromone data set, DI, to another, D2.

Denoting the support of itenmset X in database D, by

supp, (X), the "gromh rate" of itenset X fromD to D2

'S 16 Ly 15 A8 whbheriahaPRg (3ObeSRRE uRIP 3l Bed, elticd s h
[oosﬂré\t%gDrﬂD%&é! %Pergﬁgplm=mpzm~o- 3uRR2(0

io

. traditigtaheatisiicbmethodeopntpphuman prpads. Jsallyueh 3 pptternnyoly

condit%{nfs Bx!}sﬁlg& lﬂga?gl\%ev&f beb&u?é%aﬁ(eiﬁ@rt BRy R168 solnk, HubatR RO oE the N

h rate of an EP neasures the degree of
conditidnainyelvidy of tesausa pen experdriend; t netisethosei padergs thatastf ty 15

frequeptly, éﬁ{n%{ §3Lard hed. mgﬁ?{goﬂtsgx?ﬁlslgﬁgns%{ @&@Bﬁsﬂﬂ}?@%ﬁ on.

ernative derini bn o rowt rate can

- pattereXpmpSsRrinsrathes rinclufing eunany 2915+ coadiiens avherthg aymber pf on

. that finds, t i ' il i i: QnRS:
ot P R LB AR Rk BB
previdi@lp WeBuhddfsood pdblems. 1t is to be understood that the

formul ae presented herein are not to be limted to the
20 case of two classes of data but, except where

[0056F P ghdntifl abdrainds{\6iapakepilarises if it ando nfed prefictivelyn Hperging
general i zed by one of ordinary. skil #} [ nr@fc[}% atrt c‘1t‘o t he
patteraten dosiedropdidn HiY(THO SIROTRAN-CYSIPP G [PBIPORR] RASEE MY
signifflalt AifeRRER fin) Hho/or hdke dphtial tatd R MM esiiéxgactdifie@hcet hegers
I scussi on of “various nethods , '
10 a set of conditions that most data of a class satisfy but none of the other class satisfies. A
“trend” refers to a set of conditions that most data in a data set for one time-point satisty, but
data in a data-set for another time-point do not satisfy. Accordingly, EP’s may find
considerable use in applications such as predicting business market trends, identifying hidden

causes to some specific diseases among different racial groups, for handwriting character

recognition, for distinguishing between genes that code for ribosomal proteins and those that
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presented herein, where exenplified by applicairghif2007

a situation that consists of two classes of data, can
be generalized by one of skill in the art to
situations where three or nore classes of 25 data are
to be considered. A class of data, herein, is

- wewmiiger ed to be a subset of data in a PAT/EE002/000190
dataset, and is typically selected in such a way that

code férf&ﬂleﬁpt&aﬁi aktPfar GiffErentRfippekitive ihstancd ADikgativE Grstamses 1), €

. data taken across all persons tested in a certain

hcalﬂw,a9r shelndissee By pbe the data on those persons or a
parti cul ar sex, or who have received a parti cul ar

treat ment prot ocol 18 21 Februa 2007
[0057]2owmeeadmﬂ@@éwewwmwﬁmlw frornglsn%tﬂé% it. The

fact thit3h EP Eslt' cBhiletiBy &' rrﬁlrleétm&tiak feRisShadft & dskBHERY B dﬁﬂ&ﬁﬁld

gr owt rates are ge than a given threshold p. In
Interppetation ofish P is ngitigularipaided whes fagfs aroéwswbﬂlat e dtslrﬂﬁeéh‘aqhaeen an
alled a p-enmerging pattern fromD to D2
m(’dés%e.%%ﬁa WﬁeD 4n2(X)p. 5 A p-energing pattern is
often referred to as a p-EP, or just an EP where a

[oossr‘,’\z',qusf%&ngg a%g% 3 et ﬁgt% rﬁ}aﬂ?ﬁ@ 311 ﬁlgﬁjd]:fuéd Bs EI%B&E? Wbl 5 cu‘Pz

S0 ca np1 ng rom D
mcreas@?szgnyﬁhﬁt@ffr@l pnebmptarag, IEPtofanmjhnr mz Dendﬂﬁg the suppert oﬂmwsqt §

L NN A U

J-EP. The enmergin patterns of the present |nvent| on
are preferably J-E®, s. [OOGE’]su@lﬁlfﬁ)m(IamSmg(vfe)r&lﬁs X and

Y, SuG h that r very poss curs
ﬁmg Heheve I;Jz Il, h G %%Xg ?ﬁat Xis

nor e gener al than ,| s ahgwissai d that Yis 15
nore specific tha ij)f X is nore general than Y.

s 55 5 B g A 4. e

growﬂ@faté&if P tebsred thategted Oﬁﬂﬂ@e ge[sanpﬂortt fvalnis the pn@rymuaamtt/ Y,
1SS

[ nost . fi N.C.1f 0
o e et < dppen o Spaimn Bt of AT Sl
be expRised ErisdBEoudfd oD ikensetR, o dafilitidnthdt ﬁﬁc&rtﬂmdulmt)pi&ammstfor

(n

specific, and nore than %?“E‘%Z’ is referred to as
situatipgyythere dherfup dpta sefsdraveyepsgibgipneed pop ?H:imt Toget her, the

~nmost gener al ~and-t-he--nost—speetfi-c-EP s in-C are
call ed the "borders" of C. The nost gene%ﬁ{g EP ‘ftoaﬂree

- [0059h digs todr nedgrstood fhat the forgulaepraspited-hegsin ae not

case o??ﬁ%ﬁa@ﬁo@ta%u@éﬁeﬁlw%&e Qﬁycﬂﬁgﬁlyﬂaﬁza{eﬂ hhe QBRI ENVDEP S

he context is clear, boundary EP's are
generdliaddehy oneofioetinary STt intiessridrthy capwhere e iz get FP@ RO Bftng C.

classeg&eda aChkc E Al rufher HhdeRitodl aﬁﬁe cﬁ&ﬁ&ioﬁ lof o8 isttods

Atse 1l Ar e nost general. [0064] G ven a
presertl:@!l Herein wigane @emphiEIa by amphemomro atseruemn that oopiitenl tepflasess of

2o EhHEERy of b RQMIar Y
data, Céb © 9?““8‘?”@%?{10 © @?t‘l‘hﬂee g&?&oﬂ ave t é’ sane support
data atelo B2coAsdered. A class of data, herein, is considered to be a subset of data in a larger
dataset, and is typically selected in such a way that the subset has some property in common.

For example in data taken across all persons tested in a certain way, one class may be the data

on those persons or a particular sex, or who have received a particular treatment protocol.
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* generah foyaRYeR RveDzendh o Eesstie e mopt epmery A

X, and all other EP's in Cbut not in C have$gBpeLl Soor
in D2 that are dlfferent fromthat of X 30 The EP's
in Care called "plateau EP's" of C. If Cis
understood, it is sufficient to say plateau EP s. 19
21 February 2007 WO 2004/019264 PCT/ SG2002/ 000190
. WG D0BaJ264~0r a pair of data sets, D, and PBeysgEoefienyed
conventions include: referring to support in D2 as
[ogﬁo]t he isSdee gﬁrhmﬂ)efrly@ftfeﬁ’é’d thiteHPey drd #ansk® whyse @B)wtﬂ‘mtes are larger
‘background” data set, and D2 as the g et &
than a gien thigsholdy. o patiqyler, SivRRO 34128 2 SO e thags gi‘%ﬂ“"fmset 1s
ferri t negati ve" class and D2 as the
Cﬂedﬁgeﬁgwgﬁﬁ&?%msﬁ%ﬂé?fel n, e.g., the data is
cl ass- relayedm.ax@ggsGK)A¢cord|ngly, energi ng patterns
capture significant changes and differences between
A p-eminging pattbm is ke refapep ko apd ptHY, o1 jnst asERwhesela thleab ade s,
EP'.s can capture enmerging trends in the behavior of

undersioofl || ations. This is because the di fferences bet ween
data sets at consecutive time- points in,

dat abases that_contain ¢onpa e. pi ec . ess
006115, ARG P gh R DS A S PR A D ﬁﬂ?#‘?crﬁae
Hence Q?lﬂnﬂ?ﬁg EISH6h DPtoISGE6k ﬁiaﬂs Efe%ﬂﬁ Dglﬁﬁiﬂlls E&s@ﬁtiﬁ by 1t pheaD.

applied to data sets di screte cl asses, EP S can
are undeaginody ibis adespie tosritmpiag %P 961 e Rhe FRereineRatess of ge PRSFib s

mventf%ﬁaé?b?é@erlﬁ}ﬁﬁﬁ’@s include, but are not limted to: male
? I n data on popul ati ons of organi sns;
poi sonous vs. edible, in populations of fungi; and
u P RRULR pRBBIe Hsiah Rl xe&&r d
mﬂﬁz]ﬁng}g\% gg‘?n%ﬁ?éseg%nﬂsmh& a%}ebpr oSer% capabl SfIn
whenelperi ¥l td:lcwg inved rthenitgevesidt tht X as@ugﬁmeeaﬂ than i dtis ﬂwmﬁ.@lﬁ %
ace t. and CBA for many data sets.
more ’ﬁj flﬁ%l?&e n%falai%hn?upport such as 1% 20% can
gl ve useful new i nsi ghts and gui dance to experts, in

O L R e

there 1@111@&1;@33@% elﬂ&em&@f@m@a) tHaRit. SMniltinae EY it io beahast i S

St g G U 15 20 RUHEGR G Tk Gt HEF A B S B o T

one FP EilatEPrefeﬁé@@ﬁs hol specific, an€ fnoflthan ond BB thmafb&neﬁ todhd Iﬂbktn g
Emergin Pat-t-erns-—-and |ts-I ner enme war|nn|\/Bl nt. eﬂg,nmcare

called BRPHGHGHE COThdREH géh@rai—m§ Rt AGe cﬁ&?“i@fﬁ&uﬁ&%@’ ” of C.

i ncorporated herein by reference in it enti re%&y

The mpgt spesific &8 sarardwgicalied the right bPWEla‘é'rFé)sséﬁ € |W§*rﬂ“f ORCERS %l?ai’e
bound.aeﬂg_%'apé}aléﬂ% LA eRRNI Ry s wﬁéuﬁhénﬁ&ﬁﬁ’é @ Vehe left boundary

i ments use the nost general EP's with high growh
BP’s apcef epecialinteraidhpcanpedhayaregnosigea¢rel r ed because their
extraction is nore conplicated than that of J -EP' s
and because they may not necessarily give better
[00641 eivens coltetion)C BHER: fradolptodl;, 2 subset @9 € isvhadite by platal’ s

a I ab attern. i
gl LS . AT EESMAE D e BOBSRNER Rs
X, andll difie§ BP’s in C but not in C' have supports in D; that are different from that of X.
The EP’s in C' are called “plateau EP’s” of C. Xf C is understood, it is sufficient to say plateau
EP’s.

et —
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growth rate. 30 [0068] It is common to refer tQFehGary 2007

cl ass |n whi ch an EP has a non-zero frequency as the
EP's "honme" class or its own class. The other class,
in which the EP has the zero, or significantly 20 21
February 2007 WD 2004/019264 PCT/ SG002/ 000190 | ower,
wdeguescy, is called the EP' s "count er pacticelzamsw | n
situations where there are nore than two cl asses, the
[0065] NOFGR a phinsrda RN B, hai@lnpxbﬁnaﬁcohtrmmis amide: rreﬁahlng ko sappdaP
has hi ghest fre uen%¥ kpogg tlon? ot her
szﬂ%&é&tPa?ﬂ?%ﬂaéPoqe fiBg 1612538 P‘b%%ﬂé s
“target’@@éfa deh) @herBin S, 1 o8f daRSs diGorasts eetferﬁhgcxa ; @ the ‘QRgdtivy’ ddiat
of its non-enpty subsets are also EP's. In
and ngethe FROsitiveY clagsy Fhewiniegn tsrdatedy dassgslatedy nj i t s
subset-closure if and only if all subsets of any set

X, (Xe (7, i.e., X is an elenent of C) also bel ong
[0066] nA@ordmglyEamrgngzwmwcaawm@m Rhapges apg dilierences betyesit

data sefs? 5\@1‘@@ gq%ﬁ%d r;o laﬁg- fg:gﬁ%ye datdk asEsl aﬁtgrﬁ %mergﬂ‘/g ferfds in the

car Al't hough t he
behavionpfpepulatiods. Shis Grgoaie'the dqﬁgteﬂg@ bgmbll daf@tﬂis eran%F'lt'é(e Hie-

points g&nﬁ%f&a%ggses t‘ﬁ%t con%gn Ecgrﬁ)ﬁra{)ﬁ g%g%s (r?])f @E "g%)"?de\%ﬁg‘% ; n&eaQ% .’%t han

dlffereﬂq:bﬁtsmema et t&ms@]sm ammaachabadb i Anicligionally awhen agpliekblp glata sets

with di r?tJe 8& s hemat ;uf%[: %s% %Oél Esabt é’ﬁ %re 61?5@&32 Egﬁ?@%%\égfcgn

classesS@Uhwle, tat arélﬂtd hﬁaed tohealé mfemahpmrdhts pn papplati¢nxpf ergahisms;

. supp2 ..can_be represe ted on_ 1 es.
Pomon?l@gﬁé@t?prgp%ﬁm%f e S AT m‘fﬁgﬂﬁf( B SP i Shtnss o
undergbig Gédh@d EMEShave phﬁmrcﬁpabwoﬁﬁﬂldmg'ﬁhly@owérhhclasblﬁeﬂs S&Eh are

measures the support of every it sef tar

more agRyfalp o e.8.)p4-5 K ConpRy Bl Fﬂ}%l"w °P’ﬁ g £ "ﬁm

such ad II%J@%)EM%MSMQE&%E@HSW £1dARE Sxpeitd) i@ Twiclle
origin, ~and intercepts the line supp2(X) =1 at C

understpaé Sﬁéﬁti*?tls on the abscissa representi ng supp2(X) =1
is denoted B. Any energi ng pattern X, from Di to D2,

is represented bé‘gt he poi nt (suppl ( 20 sup 33
[0067]] f Certain specialtypes of BB septieedindo As has be 4011%5%9*;91861” er‘?nﬂ% P

whose éﬂ%ﬂWa{ehé &i.eOfar Qlﬂmﬂ %}%P&@ﬁl'ﬂ%a (ﬁ)lt‘ld daltat R8s bdrd, 30ah & ABC.

-’eneérg tern I|e the horizontal axis

““Sumpiog e:ﬁe;rgug QattemB@m%%R (Sen e gPLa ity “lmﬁﬁpagfs pigumping Bpgeging

patertp A{TlngrEh e L

30

Confereme et 8achinalivarnlyigTH2Ha8 (@ﬂ@smcmycm byastedasogén ieer y

e 95RO

25

Altenﬁaﬂtewbbmgteﬁts e mefnioefrgemﬁs«:memﬂﬁgh grrhﬂh tambut ey s dess A
boundary" EP |s_.an EP, S r._sub
proenr Epoaiyt b ot phntete P oL S ERAEC R v
not nedeSHatig 'gﬁ@ bettcPRslI8 (L T-EPS. Hbﬁe\fef' ROtAE3 %hex@ fio J-BP%G laferaeailable
in a given class. Thus,_ rtenovi ng an&yone |t£ @Pfrgmgﬁt
(ie., emmﬁ:gp);s qbgeryed in bothclassas), it becomes Hecesséty to use other EP's 0
growth rate,

" [0068] It is common to refer to the class in which an EP has a non-zero frequency as the EP’s

“home” class or its own class. The other class, in which the EP has the zero, or significanily
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30 hone class frequency. However, from the defj;pgbi.g9 2007

of a boundary EP, when this is done its frequency in

the counterpart class becones non-zero, or increases

in such a way that the EP no |onger satisfies the

value of the threshold ratio p. This is always true,

whpode2bni tion. 21 21 February 2007 WO RODSG0RORGH

PCT/ S&G002/ 000190 [0072] To see this in the case of a

lower, fkéBiRhEWis baln 6P’ sECbuhRipagXamp| 1 siwakioisiwhaa sherecie mare than

ool MG L SIS0 5 A0 A0, RISV

junping EP. Since a subpattemis not a junping-EP, it
nmust have non-zero frequency in the counterfart

[0069L | etslémowllh@awgétmattmm&li& refpacs thes & SRS B8 haf
sausﬂésftﬁe sﬁtﬁé@cl&tlre . I%PﬂaﬁtaﬁSfﬁsEﬁbh-ngty Afrsdtd sve KIEETME NG Yerleftl,

one cla I'n the counterpart class must
collechrm og s@rati’eqrxhibhawbpt-clmne if androplyiifay salpsets pleany pot Spk%E - R X

isan ega et ?? ;iﬂ?o is %@E{l g astu%n Epoﬁ E\/e sBEetior \%vhlch

not e satil s
the numbyt oﬁd&tﬁq:ntsa(k & hmmgemardmaw)ns adcasdusrslscamﬁs Althoyghyheygrmber

Ther ef or unda ,EP's _a '
of srop B § mg Rl e o g FERA Bl on o F iR ol
than oftler TR (1vQ ¥Ry kebdafperalid)) elgn @mgtmd?anet&hmtanm’sexe added into

di scussed herei nabove, sonmetines, if 10 one nobre item
trainiqgdataqded i nto an existing boundary EP, the resulting

pattern may becone | ess frequent than the origina

So, boundary EP' s have the t hat
o070 ep“aficatn@ﬂgmpesqﬂ i o ot i doEbear A JEresie
and tweldaf s¥, 1] ak Bﬁth@ %‘srufqﬁﬁ@ Supph QO iddRiSp, ), tohin BeQ¥presented on

occurrence and -are therefore useful for ca yrln
the y 4nd rgEes anspeciveliief @satsaianget nihe phag fdhe e s pall &ﬁ eS“PP"
plane.® q Fiph :&Erd%sms% rtﬁé sBfpoR QEEVEAMmEEE it tﬂ&%%eb &f4set, D,

escr (see Li et at. ace of

Also showmporthe argphesrtlsp grmjlt Engtof xadient £14g) Which W@%@ﬁ%&h@ origin,
A, ancrﬁtee : ﬁp@IQ glﬁea.s‘l%;%gﬁ lf_e 1408, Thef ot &?ﬁb DSisdA freplefering suggz(ig 1

rence on Machi ne Learning

is den$BOBO YRy en[te@@ﬁgagatwm, % 6mmila do Dy, &5 repieseritest s n@glt @%aqﬂ)e
suppggég ‘i{lﬁ tt§/ xage%ggeeésl orfd e&ﬁaﬁ %’Pbtt st in, inl 661' OE gtekﬂgﬂﬂﬂgéro‘f

gener ati ng erset o

~-the mmg}nek]ﬂ@.tA Eﬁlpnmemtgmgipamsmthehmnta]%ﬁfd@@uéncy as - -

t he boundary EP in the home class. EP's having this
property are called "plateau EP's," and are defined in
Bomﬂdﬂ%ﬁ%ﬂMwwwEn@qm@y%mghyen a boundary EP, all its

upersets. havin sa ue se| f
oriF ol mgperiiapt ooy plst Aucrorue i br e |
to furﬂa&éfﬁc%ﬁ \Uf enfidirzife hkterhd) VEG IEPBSnay OB 16w fredutsy (tegl Clyord) in
the EP is zerqg, a superset th this er. IS
i g o E0UPIHE}S et TP DRSS CIORA PPl SLAPBED s o
dlffer&ta&' b%tv&a{mbamt&ﬁes t 8 “SlRhdaRe ER iSRFFS all Hf whobd pépRAtIbER ate
boundary EP's with the same frequency as each

not ERs. hfétearhrr ide fewet itegps ghat ppatera sontepra e largeps 18 fREHFREY ©

occurreﬁcesiﬁ ? gﬁen) clas ?OI‘hué‘ lrémd%ﬁ Sy he ‘?telﬁ Té&aa%uﬂﬁﬁ' ElindréhSes 33 e
cance level 1 n ferns of heir

home class frequency However, from the definition of a boundary EP, when this is done, its

frequency in the counterpart class becomes non-zero, or increases in such a way that the EP no

longer satisfies the value of the threshold ratio p. This is always true, by d_eﬁnit:ion.
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occurrence in both their hone class and the'r21Femuwy2mﬁ

counterpart class. Suppose that the home 30 frequency
is n, then the P-space maybe denoted a "Pa-space.
[0075] Al'l P-spaces have a useful property, called
"convexity," which neans that a P-space can be

. wewewnet |y represented by its npost generai/sGat/omp®t
speci fic el enents. The nost specific 22 21 February

[()072]2 0@4 see W2 AORALR 19 2 RehpRETHREIY B2 HCRLRN: (@Jhﬁﬁﬁﬁtn&n-@éro

P-spaces contribute to the high accuracy o
frequepqydi &P hoetlaso dFFroistop dR e sRmiepag ClaS%HI%Fé’s’? it Spbpagienyy,

unl 1 DEIL ﬁ g.r Jﬂy Q{Bt lﬁ‘{l EP tlﬂéﬂﬁﬁhe@é ndn%ﬁﬂ‘r Uency in
isaj co Tecﬁiocﬁs @ifb datlzf{ th agt %}ggn be exploited tgq Y

the covnepagiienst, otberise Jowdukbaliodn e jumping e [Ty the pase of 2gHER, é@tf?t@n
o i d
o i EOGnT R P Gl R i,

removiR 8% flem frbm a Q@P 124k¥s ek IfRGhiss i the dat\é in Bb’tﬁicl%sestsitefy it and

condi ti ons Yc Zand X, Ze Cinply that Y E}C
thus thisitie Pamay aakhsisalistiethas morecdhoushiin ?ﬂ@&ﬁwﬁé@‘%ﬁ&lﬂy

 Therefs tm‘?cfarféP Slre maﬁrﬁﬁllﬁ%%ﬂn Ql{eﬂ'%'me blﬁ@ rb@éah& n8 bupeiSdtslbfn

versi‘on spaces and A , Artificial
boundhrmEE lcdni lgwnlerger fBRUBET mahermmgls dipqussefl herriggbors, poeimenilon

one mg)re S[? a% aﬁdé&%tg §u &3s 15&7&1{?&%&1«9 \é%ulﬁn?@ig Bec@ﬂ@ lekd ve

nces negat [ ns ances,
frequeﬁt\tbanyha'?zngmpldﬁe S(orbonndaﬂy)EH’sshaae e maertyélpaéaey SCPRIFHR Bt figm

t heorem
non"Ei’ §'pil?:°§ s distipgy Isﬁo%ﬁh fnglll ﬁg&?egg%ﬁ(ogg g?th (1%0 oun%ar y
are thdrPors useful for cipneing dunge diffe&mcas hetyeafclasses of datae Theogfficiend e
l.oss, of. eraI| p
sy Bl e SRR s ey SR s oors J“‘&Plzg
Emer@’{]g@a@ér%ﬁ @A ls E&e&eﬁtﬂ\h&aﬂgenhﬂbe Adgithnts @ iReeceakingn of 1™ Dp.
Then Qr any pa nyYs XcYcZ|t|sa
Interngiongl L onferope ”t)‘ﬂ”‘%‘ g Lelupius, gﬁo@&ﬁ@@ﬂ 15 in Dp. This
|s because: [0077] 1. X does not occur |n DN. So Y, a
uper set of al so does not occur 078] 2.
(0073} do @atr@sewhez’owa@n&ﬁxe@@wfr@ﬁ e fiowiﬂw (ﬂ@@ is J@gedatf' é ubset
boundglfy BB, th@ktyLeitdfing a 54 8f Be B2 Qhd SuFSHEERE hay diill Bve the}ah0 ]
The frequency of Yin Dp nust | ess than or ua

frequm@y as Hhe bpunday &R diy the home clasy tEP’ %ﬁfgang &és rapege e pallad, “Rigtean

"”'EP’s,’f?g&'%é d e& Dﬁhef fbﬁﬂﬂﬁé‘@% @fverda bo‘%ﬁ faﬂ@ﬂbh%&ﬁé(s bingakh

frequency o is also it. 25
same fr@GOBOY as4tse1f<ars ity “plawpu ER's{ Qficorrsd boméﬁv ‘e tivially plateag o
s QUERESRL, s MR I B i abemcl RN INAN 89

also n&Rssafly ®pEP.From the third 30 point, Y's occurrence in
Dp is it. Therefore, with the fourth point, Y is a

. plateau EP. Therefore, every P, space has been proved

[00741 O Pea EBBAY £whdpemee used to define a space. All plateau EP’s of all

boundary EP’s with the same frequency as each other are called a “plateau space” (or simply, a
“P_space™). So, all EP’s in a P-space are at the same significance level in terms of their
occurrence in both their home class and their counterpart class. Suppose that the home

frequency is n, then the P-space may be denoted a “P,-space.”

[0075] All P-spaces have a useful property, called “convexity,” which means that a P-space

can be succinctly represented by its most general and most specific elements. The most specific
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[ 0082] For exanple, the patterns {a}, {a, b}, {a,
{a, d}, {a, b, c}, and {a, b, d} forma convex space
The set L consisting of the nost general elenents in
this space is { {a} }. The set R consisting of the

- wWonpsgroigpeci fic el ements in this space i sp{T/§@pozivgoiw}

(a, b, d} }. Al of the other elenments can be

elememmfsﬁ-@ﬁfeeébn&mutb e tdgiheeanicylof aciaksfRcatidn pisindawd spHEE.

can be bounded e sim ar to L and
Convefiy iy fEmpgtens oY LR YR el Bl o finds e s
exploidil & rbpi€sent SR colGEIAL Sdnciedl M B t&letifon id¥ecoltred BEHCE “convexity”
Usual }%/y features contained in the attern}i in Rare
[

is said podd. Bryislvnitions 2 elgstiopHe OpBAPRF S "PORVER SPFfii X fprrily patieRS
XV, aﬁ&‘?tthe%éﬁ@ucfnﬁﬁtéjf’éz%@ﬂ e E3MplY haX &N URKL diddidsi®n about
keepi ng their significance. (g0083] The patter ns in
convexitysarchsrioundfin (Stymiet ¢ ahs Tiesf cogmsin grdsrtheaspig sbuchireolygisian| v
re 82063 nei ghbor patterns
spaces?}{ﬁﬂ'rﬁg Sat t Jﬂ: E]Cfs”n?er?]ﬁét ﬁ% sp ac%ﬁ)?h(ﬁw?]ave one itemless
or nore than the central pattern) are all EP's. This

{00761( h Al{ﬁletolreganon%ps%%ceggéel?s%r To%l%w]; O%w%%}'é@tq@ chf P(ﬁﬁlfvé &%9?%

roper Hese | eas
set Dyaf ﬁevpxareﬁnstatﬂea felety m-er(ugé ) is whenvex dphe. BAauord eff this Eebsmof

rons il SfegEaT o iooes i 80 phl A TR e ) R PR Bl
the satg{) fgéé;?&ehrc% gtr?n E}lfcgisﬁ;d Hogie blahso 'WRithod 188 9f gederhlitg istippose two

Qper. sybsets o
pattrts AR e i () R i Py S e e ofn
De. TIRACHF anly PatRAE NsaQ TI@X WO ZGH B9 pRtean EPGithTe B v ddcutisheeh
t hese subsets ange their frequency between the two
in Dp. dihigdshegasein be ascertai ned by studying their growh
20 rates. [0085] Shadow patterns are inmedi ate subsets
i.e., have one itemless than, a boundary EP and,
[0077]as lsuéfl‘iOGSlmaWC‘ypE@m a0, Bragupartel of X, alynoeppes pashi in Dy of
the exi stence of a boundary EP can be roughly -
esti mated by exam ning the shadow patterns of the
[0078]b0GndZhe/pakén ZBawveacwrentds & De v, .3 stsettof Zindso hiscadionrzero
ns are the i mmedi ate subsets of an EP boundary
Ean be cat egori zed |nto two types: reasonabl e"
—and "adver sel y-interesti-ng-"-[0086] Shadow-patterns

freque: n%Br

o2, S TR e BT Dl BB

- 25

30

must be Mger thaiy 6 e b the RQUEREHRS A thoRauénceaitoth datl Zdewm the30
al sg_i nclude those that are "reasonable" and those

frequepqypf Y 41 e i pfi%pect ed” as di scussed herei nbel ow. G ven
a boundary EP, X, if the grovvth rates of its shadow
atterns approach +cu, pin the case of p-EP' s

[0080% pdn_ #Hiea BRerst eirchoneshuy R, Gub s hfcturepotah spree housg e &

<y, This is because shadow patterns are easier to
recogni ze than the EP itself. Thus, it may be that a
nunber of -

[0081] From the first two points, it can be inferred that ¥ is an EP of Dp. From the third
point, ¥’s occurrence in Dp is n. Therefore, with the fourth point, ¥ is a platean EP. Therefore,

every P,-space has been proved to be a convex space.
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shadow patterns have been recogni zed, in which case it
is reasonable to infer that X itself also has a high
frequency of occurrence. Oherwise if the growth-rates
of the shadow patterns are on average small nunbers

- WQ0p@1%R6dor 2, then the pattern Xi s "adveP€EHGeon2/000190
interesting." This is because when the possibility of

[0082]X B&icRgnile, b pataisy{akRa) 1, &8, (2, d}. 18, bea,qu atdempie d} form a

conve 9ac. A CaaFs B SRt F DU PSRN OLe L

R consishfd of theGRUSNHpENiRAI4mdAR W AR sYacER {l{@@ &, (¥, B} f.r Bl ofane yther
[ 0087] Suppose for two cl asses, positive ange,dd)ytwo

elemerﬁ%@am crasidergkip bey “tebisARTdr pdBp A liateﬂﬁ AR

sets siBitE W hERGED, dnll R TBe ROE bdnsiNe 0?&11@%11@@]@19& | THsedireSard the U
A, where xis an itemand Ais a non- 10 enpty pattern,

most gokesd plomentsrd the R-jpacea Wsialidertupseoripipeldn the patemns gy R are more
f
e\ el p b, B LR O S0k, D06 EPLR AR AIREIR
keeping teirsigaificiaceof A in the negative class is small (1 or
2, say), then the existence of Zis reasonable.
O herwi se, the boundary EP Z is adversely
[0083]i nThe rettrnsig the Thntsal i)(slhbmmi aﬂateﬁi( sp,aceA;e usudll@ gyen'moy X (

interesﬁ%%tee%%ﬁ%meeur rga}gggf T pattel ems g gsl,je %e g?aagé h ve%fne item less or -
more tRgplicehtrahpaiempyre alt EE 8. ommrumelmfnot goiad foelmnndarj EP’ E’( A)

- vesnu el g e 8 nhUBEE AforaBrdeor el it

15
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the boldhdy BP1R of X platdarSpacedreliecoss figuentBBYNdary EP is small.
Therefore, if Zis indeed a boundary EP, this result
is adversely interesting. 20 [0088] Energing patterns

[0084]N 2 VRSN ISP Shdvk HeFAmeSinMileTellopcyt vcth-s@erﬂrm he@homh¢!l es
in the sense that-both are intended

class to it eruBtepa elasss Hewpet. alb roperisutes %frﬁboatéi@a( EP e a finite

growtHIWENEhse Etﬂi‘ BBothRA e 8hddasAl TR Marh&'ih #hibh HERWitdets
rate threshol ds whereas discrinm nant rul.es do not, and

changectheir fpanegey briweea ifiedwa plassessprba ascaiseddvstudyingdhein siowiy |

mtes. N gh growth-rate contrasts between cl asses, whereas
discrimnant rules are mainly directed tovvards
~~hi-gh- support conparisons between-classes. 25 [0089]

[0085] héyﬁ%,ﬁ&% ’EE’E%’E‘@?“\%E&S ﬁry_v%g%‘;g% %frténeé&?%\&/}\k r at €s.

EP and; a3 suelx hawplspeciat prepemies hiie prababitityobthb suamgb of@daowlrdexy Hihan

i,nput. EP:s are. . the t ner P i [ e
boroughip e s ipin e il RGP oF b, et b AL Ot o [l
that thé shalovapaiterhslat the immediee subgardf AP, houndary FPachn egaepdirized

fromthe d E f hou d be different fromthat 30 used
into twofypes;. @ﬁoga eFghd pdyessely miprggting, eferabl e extraction

al gorithmgiven in: Li, et al., "The space of Junping

Emerging patterns and its |ncrerrental mai nt enance

[0086]5| §hadp¥ Ratioms oy Rcusedity prrasufe hcapigiastinghiesy ot ey B e Thi,
most iNBERID Sodﬂﬁﬁff EP B6an be ARG hatedR DequebibCdt obctirrence, but can

I ncor porated herein
also include those that are “reasonable” and those that are “anexpected” as discussed

hereinbelow. Given a boundary EP, X, if the growth-rates of its shadow paiterns approach +,

or pin the case of p-EP’s, then the existence of this boundary EP is reasonable. This is because

shadow patterns are easier to recognize than the EP itself. Thus, it may be that a number of
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by reference in its entirety. For non-J-EPS, &mR§&ary 2007

conplicated algorithmis preferably used, 25 21
February 2007 WD 2004/019264 PCT/ SG2002/ 000190 such
as is described in: Dong and Li, "Efficient m ning of
emergi ng patterns: Discovering trends and
wallopduerzences”, Proc. 5th ACM Sl GKDD | nt e POESG0028D0190
Conf erence on Know edge Discovery & Data M ning,
shadow Pattbfhs hivé B&R)recomieed/i 1ﬂ @Ihﬁh edde hésredsonably to mfeeﬁ@?éﬁe]f Alsdpt s

entirety 5 Overvi edi ction
has a Highdgoparbief opqEFyCe| Oex @ws‘r s Og¥ht aé“"ﬁé’ ey aggron
averagtbz RBAIPRHER tiké NHEN thePihe pitt%fn@[ i elivérsel pigteidsitng ”pl“l&ﬂils Dédamsa
coll ective Irkelrhood (PCL) .classificati
when & prssibififypf Xibeing 2 BorndrsgER i seelh jits ﬁ’é?‘?ftﬁﬁ inpReRDefotn o giher
words! 19W8H@5@slmlpn§i9%ff Qfdver @ﬁshﬂ%@r\gattélﬁb Haki fow fRoquénlcids it BRirW t h

a data set 12 denot ed and often referred to
<wumﬂﬁ@ﬂbﬁﬂdﬂﬁﬁﬁém@ah%wﬁm%#mQE 'training set", or as “raw

data", data set 126 is divided into a 10 first class

D, 128 and a second class D2130. Fromthe first cl ass
{0087 n Qugpose fortwostisses, a pesitive and ayicayivpahat & persdanEP t4 bispa non-

[ | W’ ARapbE
zero o SRBEE k! Mo ETEUER DD 2 AIEHO LDRE: 4 Bab bl A
empty[paitesre psrvathat A iseh unmammbsev@’ Vi Bedafenmne@e pdttern A has a

occurrence,i da
non-243 GOBprREF i o el e B v SHRRE OF il echee DG At
negativedass E@mall deik eysay)nthenghesxisteyieny Zjaisonable. amr:rmrme ihe

fr encjes.in test data, the definitions of classes
bm“ﬂB?%§ 1 &TﬁYQHS% ﬂm SRBTRSSs of extracting emerging

patterns fronrdatamﬁemspenefﬁepnrrbed in references

cited herein 1 he frequencies rrence
where gl (s PAMHE of spatsen” Bt e e 558 BF RGPy
the ocaﬁﬁﬂde%r “ﬂaﬁen eaf p@ginl tu&aelgadveamrs Qﬂd‘g@ftheiﬂ Poeiyig themegtiver

is carried out at step . This resu|ts |nE$

class Iﬁ)i"l@&ia’?g? i Bisn:Shpehgnee ohike eqfa@s{xbr At Z heoguming g pQunlary Eipls
small. S‘f]ﬂi‘é!fcge S, i€ 18 al Hoffiady BPRhis r&ilt [P8dvedSlyif6&dihg | N FI G

4, a process-for obt ai' ni ng energi ng patterns-from data

set Dis outlined. Starting at 300 with classes D,

[0088§ %Jfg &atg@n% hafe %«:gl% AR SHGRieAR ARBlHARY ndlah e lseisé s

step to produce cut points 304 f

=

- that- berh tre intantiesido ofptutecantraststbe®yeerGlifferpri data setsy dfavever, emergmg

25

30

pattems s%tl% fce{‘t&%r'o ra@fthr&ﬁl&ﬁsf%ﬂ’é?eas i5 QM G1ds & dok, Ghd @hlécr@flg

ying®properties of emerging patterns may be used
patterﬁsmre%lc&or tismedr lewmsupgom digh atctvﬂr rats chujrasts betweenklasegs, whewes
nd for. .cl.as

ancriigpe i e i R fonaRls i S Epepd o bR RE 10

by frequency in Dm at step 312, and energing

attern cl ass are fera or t.e
100890 bR P O o BT R R By s et 2% S yict
have 1898w thlrites™ [Hor example, thhbtRsl daﬁalﬁiﬁﬁ&pp]ibﬁdvh&oﬁle 1nput EP’s are
calculatrng a score fronrfrequncres of

a
the moffgrmerpl Y s Withegrg v igath stcpeding AL ARy Qtber b?fé xﬁ%%’h‘“ at
such ¥itGdRioff P a1fdRthnt L ex@Rink ERTRIH thddata set would be different from that

used for J-EP’s. For J-EP’s, the preferable extraction algorithm given in: Li, et al., “The space

of Jumping Emerging patterns and its incremental maintenance algorithms”, Proc. 17th

International Conference on Machine Learning, 552-558, (2000}, which is incorporated herein

by reference in its entirety. For non-J-EPs, a more complicated algorithm is preferably used,
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patterns, according to frequency in T are sel
step 402. At step 408, a score is calcul ated, %Esgw%zow
over the top k energing patterns in T that are al so
found in D, using the frequencies of 26 21 February
2007 WD 2004/ 019264 PCT/ S&002/ 000190 occurrence in
woxodOss Sim |l arly, at step 410 a score, rBRsGA®R/000190
cal cul ated over the top k energing patterns in T that

such 28 {sQlestkibAA ih:DbAE arid‘h Dﬁfﬁciﬂ:ﬁﬂ Ifiigmk BeerhdrgifdiRRerhe Disodvering
occurrence in val ues of Si and,S2
ﬁff’”é“éig‘ére

trends agdglifprenress Prog: éﬁ' Af@é SIGI?DII Tnternggiprpl Conferense on

Discobbir} & B8 Wrinkde OTSL BN 8 90BN ohRFatedhBRINYy & sreb infitsietireigduced

lscoatr:; step 4zf4gfrom ?heggreatere of 1SI yand 82. If tﬁg
scores are the same, the class of T is deduced at

Overvf’e&ﬁoEPﬁeli Drib @%oﬁ%végﬁﬁéﬁhﬁ Gépé%} and D2, 416. [0093]

own I n it is understood that
{00901 h e\rmafbltva)f the nfethed pﬁt@es;gﬁpnt m\m,t@m tetsredtn @s the ‘Prediction by

collecﬁseql ltj}lto(a&] @&L&ﬁgﬁgh ﬁo\g&m d% HRGs. 3-5.

a s s arryin e net hod,
In ovemldsap@pqabh esdhben incFI(ﬁidt ﬁmmﬂtma se@ﬂ@rdﬁ@@ﬂ@)’@r angmften

refelre([zi;lrtél ES ?rgllnngﬁlgta’t oxi:%t nge ’erzl: % av&rI AT B%‘%;t(wﬁ is d1v1ded intoa

maj or
first cﬁﬁablylzs Agl asedondtias s 1308 Feoni the ﬁtseclam endmemnd glassu nber

cmeriggp et o s S o AL S by RPmin.
step 2021 NdPéracerfy, @@f@’ig patfin@laibdeir ldepucthe feqamaestof nauﬁmnn@mmse

features and w to avoi d noi sy dat ef f
data 35 iy Ty P pBe oot f i DR FASROES SR A For
deteuﬁﬁﬁg ekérgifly parlnd mm&mreq&enhmn td@r@&ems défnitend of 6]9835591 an
ntropy- based net hod (see, U. anqgﬁd‘}rﬂgg
and Ds g ek Ysfhad EgR oG erﬁf‘éwgz%@ftﬁ v’dfl ued
refereﬁéeE 51EeQ lﬁEﬂéﬁ FRm thd ﬁeiﬁénﬁk&@ob&ﬁeﬁc%f é}hfﬂﬁng pablErRcia ey mgad
he 13th International Joint Conference on

T, acaiintlatmneqwdlqt theapliertijisdikeliroodyf T being dn Dy or &b H)carrighopt 4 siep,
206. ]:é?% }QsYﬂts in g&rcdﬂ:ﬂ&{h% G the LR 85 T, Re., whiRkr §¥%hould be cRBkied in D;
C++: A machine’learning library in
or D.Ct++, i TooI s with Artificial Intelligence, 740-743,
(1994)), and the Correlation based Feature Sel ection
("CFS") algorithm (Wtten, H, & Frank, E., Data

- -[0091fvi- ih BEF: 4P modebscfor obtminigiemerging pattomisifrpm datsl set Lhig gutlined.

techni ques with iaya i ml f o
st L Pl ootly 1 i B o e MR BT R,
step BDEﬂltpltlichceScﬁt udrits 304 forragsimes bf datd spt D] Oﬁlﬁﬁﬁltslp’amyt idkatification
of v R BRI e CHERat T b et g
extradé aﬁagﬁ% pitle@s ﬁarf:l@ﬁtlpzltt 8tSp 308] sﬂg f&Q:ltHsd p a2, at @pﬂ?@l CEnnrgutl)g [llattems

' istributi val ues Wi erent_cl ass,/l.abel s
for s T e peplqtrOEd i P RAPSFHEE Y HEAVECE Py 38F vz
emerg?@'ﬁaﬁérﬂd 10fclase b e phefdrdbs; sEANMEN(G ladSifdif or@@byfciuendyia IHHH

method is a post-process of the discretization. Rather
step 3dhan scoring (and ranki ng) individual features, the

net hod scores (and ranks) the worth of subsets of the

di scretized features. .
[0092] InFIG. 5, a method is described for calculating a score from frequencies of a fixed

number of emerging patterns. A number, %, is chosen at step 400, and the top & emerging

patterns, according to frequency in T are selected at step 402. At step 408, a score is calculated,

Sy, over the top k emerging patterns in T that are also found in Dy, using the frequencies of
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27 -- - - - -------- 21 February 2007 WD 20044 9;@34;&2007
PCT/ SGZOOZ/ 000190 [ 00961 Accordingly, in preferred

enbodi ments of the present invention, an entropy-based
di scretization nmethod is used to di screti ze a range of
real values. The basic idea of this nmethod is to
wasguson a range of real values into arecwsdzern/owso
di sjoint intervals such that the entrotgy of the
occurrencd in e WA Smilasty i im0 2 scRiire S slcaletlpterhovst the e kemereivgi nt s
patterns m ‘InthgthI Salsof%%{l l%tﬁ Zl%lnlé%f%g Séssof occbuﬁéﬂégin‘% 406, Wet h the

interval s are "maxinal | y"
values of Simﬂ Sgetel ce;lnb:yed?ht ser4iai Halteoripes df St anddnarg diffigwnt ffambeneone

n es.fro t
another, 158 3y ot B A S P A b R AT S 3 o 1 B8Rl il
same,the&lﬁbb@fﬁﬁ@&hﬁéd’hﬁtqlﬂﬁlﬁ%ﬁ]t&egtﬁtdrofﬁi@pd@aﬂé& val ues from
both classes of data. Therefore, many noi sy data and
noi sy patterns can be effectively elimnated,
[0093] Rﬁﬁdﬁ}gﬁ 1dt M wRXDHI0E. 3LLDR xsnind&rbteocrtﬁammeﬂ@d@hfwmmm atory
features. In order to illustrate thi aagcon&de t he
invention gnglits grAfagiign tAnglo e i3 CE BT PFSHR BT 0B, YRG0 f
carrying oﬁ’c%é'}h&hdﬁ' §iD agp QbR kP&®: LR BRI Somphle 3 @AtbrdHasses BOK, b
able A: Tabl'e A Range 1 | Range 2 (1) All d Points
descrlbedmt@ﬂ@@“Pm nts (2) Mxed Points All C2 Points (3)
M xed points over entire range 15 [0097] For a range
of real values in which every point is associated with
Preparatice ¢fDatss | abel , the distribution of the |abels can

{0094] Ramagor cﬁ]aﬁlglﬁre ﬁ{ iuglgin{i@}ohﬁﬁﬁ’ﬁ? Eata ke Jv%ﬂ&mﬂ@ RaANE6F appi ng

I'ning the same class of points; (2)
attributes bxa’eagrﬁem @maxmaplé,aip;cmm erpreasigedntd, the whinchallgegelisiisiugene

ont ai n ame cl
s o GHRof, HAEL B BghOIb: obt i BBy
effects axd”fmﬁe&aat xpmesrm g&agﬁgmﬂmoﬂmnmmdatal Rrefems] embpdiments of the
ent.ro e iscretizati Fay
present inyguHG 1@% @‘b"a“f“’%’aq“f’q%ﬁeg}?g Parige |drj1[m§7h% ’%ﬁglst’tgimgggl e
dlscreuzathd?:tc{i’ ct{ﬂﬁﬁuduﬁlﬁﬂﬁe\d afgﬂmteﬂ’c& classiffcaioy lednimpctrogedings of the t t
artitioning is an oned.into a
1511 nterigal TR @F@%ﬁgﬂﬁ@déﬁf“ g 2R3 bR At 5,
Kohavi, R, 18hmS6C DAL, R aManiéy DI akd Filefer, K heMDEt-H @Chlemﬂhé lehmmgs t he

oy G el gt s e, U o RSB

Feature SOQ%B ECRS’ 3 PRSthi? (Witterl 18, & Bralit) 0 O ibhin:Freticsl riddhine
mninze the entropies. For the third case in a le A

learning tpals siditechmigpess itksjapa wemseefionchamear s anipam fiae Mty
(2000)), tﬁ%&fmﬁ RfScr&idhd toh Gnd BRGE saldditn, ARG gnores the feature,

ause m xe pol nts over a range do not provide
reliable rules for classification.

[0095] Many data mining tasks need continuous featutes to be discretized. The entropy-

based discretization method ignores those features which contain a random distribution of

~ values with (fifferent class labels. It finds those features which have big intervals containing
almost the same class of points. The CES method is a post-process of the discretization. Rather
than scoring (and ranking) individual features, the method scores (and ranks) the worth of
subseté of the discretized features.
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[ 0098] Entropy-based discretizationis a
di screti zation nmet hod whi ch nakes use of the ga)Februaryzom
entropy mnimzation heuristic. OF course, any range
of points can trivially be partitioned into a 28 21
February 2007 WO 2004/019264 PCT/ SG2002/ 000190

- wensdogizes nunber of intervals such that eachscboziotnem
contains the same class of points. Al though the

[0096]je nAccm‘.iigngtyﬁ inifdrref ambaditheof BB pfesent @entiod, @i dadopy-HREd

. r ar, e usel s when t cover i.S..ve snal
ciscreflioR P 5 e SRt R Boe L BhES. (Hf PasciiehAt s Bighod
is to panfion @ radgd EGe SAlMe indPd AuntoeOdTidRfbint nﬁ@muaﬁh@ﬂﬁ efitfopy of

artitioning criterion to nake the

IY?EQC“ ye st op- E

the intqrypfsds Rpetracly The sgisPUon Shige e PENE fihe disrpizationiperpess s caucial.

With tukihifai ea&bpyq@éé,%@%mfs QQ:Q‘Q:]ax Lahdf &hsdiﬁdl&%@ﬂato@p S
present ed (Dougherty, Kohavi, R Saham, M,

betweon ghpes .fwsoéac as@f Bé?l‘&qs%ﬁl agpthenclags of detp- ommethod can

automdAnSINY i AHQ Wsd RR%Y (Nﬁﬂz conﬁﬁﬁ@ﬁ%ﬁﬂﬂ&oﬂﬂ T0&d vale h‘é{&%ﬁt&

I nt érnati onal nference on Machi ne ear ni ng
classes of days YTherefoes, nmyisy idatd and npisepatiems ¢ bseﬁwuwmwa; nt o

peemih G AU o 2l Qb ol RO, SRR TR

considgr ﬁ16$]>110whmthrhtam@s1@b disisbi@ons dfheange bigwntsevithrtop plassddbeln, C;
et 3" 1, 2 is defined as: Ent(S;) -Z P(C" S
aﬂdcz’fs#%grklb’ c,k,:hs )). Suppose the subsets S, and 52 are
I nduced by partitioning a feature A at point T. Then,
the 15 "class information entropy” of the partition,
denoted E(A, T; S), |sT?£§a1%n by: E(AT,S) 11 |

i.C
\Ml]p poi nt s: 1f‘lqéégﬁ‘@tsprocess can be %Ibﬁﬁ‘é‘éfs 20
regur si vel yMiRd PoinRNd SZ until songp gl pgging criterion
'S reached [0101] The "M ni mal Description Length
Pi¥nci pl e" i's pref Misdpgingsrd eate 208D partitioni ng.
According to this technique, recursive partitioning

within a set of values S stops, if and only if.
[0097] Gdiong mange, oSyeel vad@e in(whichEyery SfintiTasS)iaRs withe chssNilsl, thee

it 1gf1o4Bh 458 pioeP G, 1 HaR oo P ol b

25

30

containing khe sing (184 pf pomts; (ZEitergeBRi)- })ycﬂm}mrmangem whieh tableashereber

contun} sl 8 of 532 AP ESRFBREThet Robe sl b e el Lot e

" the mididig pﬁih(bbﬂwebmﬂwh D pelgses Ahkntrafy-tabedl dizvetutiobhahalBggadse

L
partitioR ¥ BC2R 2 £HQO:k Patitioned into at least two intervals is called “dlscretization.
For the second case in Table A, the method partitions the range in such a way that the right
interval contains as many C; points as possible and contains as few C points as possible. The
purpose of this is to mirﬁmize the entropies. For the third case in Table A, in which points from
both classes are distributed over the entire range, the method ignores the feature, because mixed

points over a range do not provide reliable rules for classification.

{0098] Entropy-based discretization is a discretization method which makes use of the

entropy minimization heuristic. Of course, any range of points can trivially be partitioned into a
_ 28 . _
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entropy-based sel ection nmethod is very effectbyesrepo007

applied to gene expression profiles. For exanple,
typically only 10% of the genes in a data set are
sel ected by the technique and therefore such a
sel ection rate provides a nuch easier platformfrom
- wondeiaeho2s0 derive inportant cl assificati eosclie@moo1ss
[0103] Although a discretization nethod such as the
certain nuelwd bhipyervila st thnedahiook thegn coatains kalbbime dlass ofipoats. iAlthowh
e .a 0%.0f .the features
th enropg i st piast QiR S oy R el i ol SR
small. Thérai&yjp}laﬁaséﬂ,lﬂéﬂﬁbd%er&gneﬁ eﬁpﬂcﬁlﬁﬁn By @inghirdchirsive ﬁﬁ&tﬁdnl I mggo
ua exam ne. t hat _many ures js._sti t edi ous.
procedure R HfPRF J50 PRISHSE PR rR B ei el AR cen
ensurethattﬁ {d Qfficidih®@vaiecorrel ati on based feature sel ection
S) nethod (Hall, Correlation-based feature
seI ection machine |earning, Ph.D. Thesis, Departnent
| 1 &8 Melami |t on,
[0099] ﬂ&opﬁ%’ﬂf‘%ﬁ%ﬂo& r@s@ﬁt@d m%ﬂﬁéﬁsﬁ@ i and%“% & ElﬁmE.l’ ani |
“Supervisagiand h@upepﬁ@éﬂswfzmméﬁpmnﬂqﬂe&ﬁweh Ptoeeﬂd@gaacn‘éﬁe

Twelfth In%%g%ag E&'&er&% b} @X’%ﬁf [?'E)g @62' )'V%B g?ﬁuﬁﬁg{i@ﬂ" n,

§ of examptestifo tho(stlisets SHnd S8 186théro ok clﬂses Ci,Ghi +Cr 2mblat R{Ee
[ t
the Pmpurﬁﬂ e Utes. 11;‘53’ gﬂ%?gée%i&% gfs ’[21? élﬁQ eﬁ?& Q*Bg‘i Edb it t'S:'é rn }':ltzl "onal

deﬁneqasConfer ence on Tools with Artificial Intelligence,
338-391, (1995)); Wtten & Frank, 2000) are~used to

further narmml((g‘)he B(@rgh)lcfg(wd (ci.sphrtant features. Such
nmet hods are preferably enpl oyed whenever the nunber

Suppose ﬂ%fswsg‘{;?l &d%ﬂ% ﬁ‘%‘% G’f%&ﬁ?%%gg’% %Até&h{r et e

“class mfmmnngxo@wmftlte@ammg)ienomdﬂ% dus is fpivert by: e, t he met hod
scores (and ranks) e wor t h, of subsets of feat ures.
As the featqur_,s @ﬁnr{ﬁyal l'y huge, CFS uses
a best-first- searchS eu iI'st Blc I's heuristic
al gorithmtakes i nto account the useful ness of
individual features for predicting the class, along

[o100] X tdF!: #ﬁ\ﬁ&l foPh ls'd@{e b:}'gélg%% fhe gﬂ‘g&ﬂtrtf&%m th

hat good ontain features

EATS) m 1g¢hiln5u1 m&tla&thedanﬂiqu cutliremei Za“éesamz progess canrbe epplied at ed

recu_rs:velﬂe S?an%%cn?tﬁts&ger g thhioals BRG] ates a matrix of

to
ature-class an&’ﬁsg{lure ure correlations from
t he tral ning data. Then a score of a subset features

SSi t he . heurj.st.icC.lS de ned as. rof rits
ooy AR ool LGB bE 5 BB P B bhaenl o1 °
Accordingfte &iisxécﬂanﬁtﬂ:) seedrsie gapitioning within la sét&ﬁtrahrees stopseff andsonfyhif

average 30 feature-cl zﬁ's ﬁ:orrela ion, and rff is the

average feagjyg-r, pd £ | ation. "Symmetri cal
uncertai nt| es" are usedVin CFSKo estimte the degree

where N is tI'Le 1Ribar s ugsqn & sé’t‘@e(gaug(IASf rS?t %mf(.ﬁ atﬁ‘dﬁ PYS ind 6(301‘ S)

= logz(?:k = 2) ~ [k Ent(S) — ki Ent(S) - ko Ent(S5)), wherein &; is the number of class labels

represented in the set S

[0102] This binary discretization method has been implemented by MLC4-+ techniques and
the executable codes are available at http://www.sgi.com/tech/mlc/. It has been found that the
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bet ween features and attributes (Hall, 1998; Wt
Frank, 2000). The symmetrical uncertainty used for
two attributes or an attribute and a class X and Y,
which is in the range [0,1] 1is given by the equation:
WO 20@0H2M) +H(Y) -H( X, Y) - H(X)+H(Y) 5 whecssddpothons t he
entropy of the attribute X and is given by: H(X)
entropp-bas)ad ai2tidapietio}l is very eGEcHive Whdntapplied ergehd\expregidnyprofiits. Thbr
ur t he best-first-search heuristic wth
cxam i onfy 10T B8 pioivin s e SeerE b oG gPecibpanded
therefdd@fuch ifpledNdntte SidigataSnuch BRies pladi itk whidhhe ddtive MeSdktant
merit found durlng the search will be selected. 10
dw“ﬁfﬁ¥65?ﬂﬁhe x2 ("chi-squared") method is anot her

approach to feature selection. It is used to eval uat e
attributes (including features) individually

(0103} Adbueh g dispeization metiod push o thogntispirbasas maghody rma%émct
fhat it &ag ahBBatihRS S RSve aFRhnyhs S6FBF ﬂhg fe%%& ﬁ&ﬂta?argzetdgﬁ
0 I screti into

first requires its range t
still mepg Wit 2| many asck.QP8 los so featresaarestif Ipeesans | Ttgn@hélwﬁmuwaMd

oS0 2Rl OSBRSS (0

conelatlmlbaiedlfe@ng salvhmndCES)l methiod (Hddle Courelipibon-bafed fantiee seddcsign K

machme%eatn?ﬁ% @H?bﬂ ‘%lixﬁ%%fe? gtgr:chege 81‘1__1ver31ér ?ﬁi’ﬁka[gp les
Hamiltox,Negt Zedladd; aq%nwmemmmﬁ(apk &., Daks rimingX Fehdlcalwhebied n R7

.1s . the nunber of. sanples in the ith [nterya g LS
tearnifegiaott (1 BIAEE Wil iR ERPlefSnion, Ve Shulin S48 Nyl Gy
(2000)) £ tHieCCRI-Squpei ) @kthSa(Ih, 85,)& SAbh® R., Cahig\HeathicRGediBe

val.ue of all considered features val ues. can be

and disgpstigatign of pupesiqpsapussy daocegtings gt the E@Erﬁ Jrgfmmﬂlt Gagference
on Toﬁ%ﬁ%ﬂﬁ&ﬁ @nt&lﬁéego%r 3?18h3_’99 (Y@S}) ew. 1tIeH & FrifR! 0Dy ROt At

feature is. [0106] is to be noted that,
fuﬁheraiﬁitr%@g BPatch éorapg%ta@ §¢38W30 Buchjmcsiods arg preforbly smaloyed

whene v HR GhmGR of \RYSniRS ﬁ&ngnéaﬂ@&éﬁw&l{&n%@ﬁe anot her,
nmet hod 0

the discretization al so plays a le in
selectlon because every feature that is discretized

o104, DY BB, WA SR SO R 0y

- scores G ragksh ghe patth eff snbsets affedgeret] ks theefdaturs subget abalcc milsualiyehuge,-

usin
of mdlwd]mkﬁatui‘.eyfot predixthg Itl‘Btctasx;i alohgwifir thé levedl etinertmlitiorainsng t he

them w1tg %e%ehe? %at goog gaature subsets contain features highly correlated with the class,
yet uncorrelated with each other. CFES first calculates a matrix of feature-class and feature-

CES usfegggcw t?r%t—sggéhaﬂeﬂg %G %.IS E S%G‘I%lgg?tga%kg !IIlEl) @fdoant elal{Sfﬁ,lglgsss €

feature correlations from the training data. Then a score of a subset features assigned by the

heuristic is defined as:
Merits = ——'—i_""“:s
1/k +iklk—1)r 5
wheére Merits is the heuristic merit of a feature subset § containing £ features, ;; is the average

feature-class correlation, and ;; is the average feature-feature intercorrelation. “Symmetrical

uncertainties™ are used in CES to estimate the degree of association between discrete features or
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30 features are used. In other enbodi ments the,t
25, 30, 50 or 100 selected features, or any ?f F%%UATQQOW
February 2007 WD 2004/ 019264 PCT/ SG2002l 000190 ot her
conveni ent nunber between 0 and about 100, are
utilized. It is also to be understood that nore than

wdnovfeget ures may al so be used, in the NMeODEGHI2/000190
descri bed, and where suitable. GCenerating Energing
betweaafemelremmatt{lmﬁdmiaﬂm@m?h & Fraik, :mbtb)tb Theslmenitani ng

emer gi n atterns t abase i.s
unceriang ysett fog t&ogﬁ'éb%&@ SoAnSH IR ﬁi"ﬁﬁg(}?ﬂ“@&’uﬁeﬂfhlﬂnéﬁ%’@?@ B4
1sg1v@dg,rt @ﬁoby al gorithms such as APRIORE (Agrawal and

Sri kant "Fast algorjthnms for mning association
rules," Proceed ngs HE)HHETFEGLYEL h | nter nati onal
Conference on VEry lar ger@atra(Bnses) 487-499,
(Santiago, Chile, 1994)) and MAx- MhvER ( Bayar do,

5 where'FEK) is dieentrapy ofthe ptiripute Sagd ppgiverbis fr om dat abases, " 10
Proceedi ngs of t (&égngglfYt SI@@D I nt er nati onal
Conference on M 85-93, (ACM Press,

| g
crs skASFh ol Blor MR o e AL LA RN CHEN 06D
cntenpmofg@qeqeamw @Ha expandetl eorgimpep ving etbsatsn The enbs¢twitth pﬂrel highegpal

. Ei yori property, which says that
mem:foﬁﬁl%{rﬂg@igﬂ?g%ﬁ% %Hgsg% ern to occur frequently, all

10 its subpattems nmust al so occur frequently, no |onger

EP' s.., 15 there are usually a

ro10s{ o 38 2 (e Bief G aplbemlonh B e SR it iy o

evaluAod@BRSEEncRHing BatuSdIihdivid SUP PPhbashrihp @S- ﬂ;ﬁar&i\;ﬁf) s@fistic
0.5% Efficient nethods of determning EP s ch are

with Tppeet By tBRAIPSOs B TSN Ibi e fhe gnetig fipt ARt HBR0 b

discreliftd ifth RIGMintbRNEFéd eean 14sths BR2Gdph Bekcl BiscrtiRGbnIRMholt
"Efficient M ni e of Ifrrer gi ng Pat erns: Discovering

15  descrifpdchereinaboyel Thef el ofan atrith@Ne @B | nt er nat i onal

Conference on Know edge Di scovery,and Data M ning, San
Di ego, 43-52 20 (Aug%st_ 1MI ch is incorporated
herein by reference in ifisgentEfety. [0108] To
illustrate the chall enges invol ved, consider a naive
wherejfyp isdlitarmbey ofindesilsek is g npmbeg of qlasesm Avds the Barberpf spplesin
the th 1Hde1tvhla)ﬂl 61as§ %&E} e eﬁﬂ%&e@ﬁ@ﬁéﬁ@ ofiA) (RO D =R} C?N quBFemfIQ fs

pOSSI ble-itenmsets - t ena‘fr’ocee tO ctheck

the num@tqﬁ symples émithe e nisavel 9 ﬂmwmber semples indhegidyclass and Nows

20 the oo R il s oyl 00yt ol ol el ke v

valuessoam bgdotted witl the largestloage tieifickt positien, bedraseahdiagaahe 4 value, the
attrl but ? has two possible values, the total possible
‘L‘!‘B calleligets is 26, i.e., [fJ * 21 +(31* 22 +2,
a sumthat conprises, respectively, the nunber of
eton itensets, and the nunber of itemsets with

 0106] o pe B sl dessionp! Gistsiaion axtigerign B b
25 sepmitéatfﬁ;lm dnb GHRRE, Shel m&sﬁﬁ%maﬁmﬁ% ?ia b2 fok iNbdiBridniRcApenber

of attributes so that in cases It is ver

every fegird thet isdliseistieed énto s ejegle Jawr\el;mebﬂslemoml whea cutyingfoutihe
lect] Leﬂgp‘éﬁ gﬁ‘éﬁ e\?\%nggﬁﬁén?srcgﬁb sl QRbe e
selee r?al cﬁnggt‘& m ut fﬁ%@ t eps, na?r@ﬁv ‘{Sﬁgst to
featureli obtained by, say, the CFS method, or if these prove too numerous, using the top-
selected features ranked by the ;f method. In preferred embodiments, the top 20 selected
30 features are used. In other embodiments the top 10, 23, 30, 50 or 100 selected features, or any
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| arge itensets with respect to sone support t%q.@ﬁ,%,@zow

in the target data set; then to enunerate 32
February 2007 WO 2004/ 019264 PCT/ SG002/ 000190 those
frequent itensets and calculate their supports in the
background data set, thereby identifying the EP' s as
wa hogreezs ensets that satisfy the growt h raitechéreenol d.
Nevert hel ess, although such a two-step approach is
other aﬁvmﬁnagm&eb@eﬁgaﬂ abdut UODE are RElized NI KR8 tcbe understood that
zero-s ort and sone non-zero support, itengets in
more ihﬂblqoé?"é‘g?s thiy el Bpsod g B GrsoRst PR ALTR FERitre 1 o
the 5 exponenti aIIy i ncreasing size of sets that
bel ong to long frequent itensets. In general, then,
Generﬁ%(ﬁz@f@”&lﬂ@%?’?ef’ﬁrrs are usual ly too costly to be

(o107§" f ebfo\s{émo&%a%uymmﬁgmﬁg E}ﬂérﬁn%}?ﬁ@t@ﬂﬂ?ﬂbm & atatiade ik S

pre erable to prom)te descri i on of ar e
somewtol $imiuitothe pmblempémﬁwq@nﬁ@emsﬁem addespeeil §3é3185@1|ﬂ@@r3§°h

S hes g%
mmﬁé&?@?tﬁ%@%@ ;P(r%g PR Co #’ect | (gnsg ) angm%b)ﬂt%sedmgs
of the Awaritiath latexpotidnahirefeaanee @é@hghegk Rvie Blsesrd$i-499) @endlagm| y

R R S T T T e R

Procetdings eftan 1 9981 4O SIGMED Ekmausmﬁ g?ortferente o8 Mapdgem&PoDaia,

n r can b cie II ver ed
es-s7p (RO Pt So 0o Bl e Dol e bt dh
Howetk@) t?ty efticibnt lnamngxrf (ﬁﬁyrsaljngﬁemlhs a&aﬂﬂhgmfylpﬁblegasﬁen@@ymmm n

"Efficjeptly mnin t.te rom apases, "
reasons; st AT TG Vi B BRI RS 4 TSRt PoRar
frequdndy) R (te AbPateis Manage skt freglienDAng long & hoRBfor ERGMhPsLaR],

tere 5 oxgRl PR S0 s ERTioBR SR oF ot P

suppoftftiresh SRS G hs0. 396 SEkikib: RthodsF dRéeh g Erds watoesefably

mning EP's, suitable for use with the present

used ip Wﬁlwléﬁhe 1ehqds pfrfbe presgntipyentions are daserbed igf Rpggnd:

“BifickENIH; fEﬁiEfgﬁ%‘P%en@' BRBYRHiAd Erenks BRASifBRAtes,” ACM SIGKDD
Di ffer ences SI GKDD | nternati onal Conference on

Interninpal Setfaenor ereBnaadselidcorety and\Paie Miningsdan Tpipaoy®-523- 52
. n f E
(Aug%tg‘tﬁtﬂgf, :\]vgcg E%R%O{Ps()?ﬁ?éa herkiA® ﬁf?&&ﬁ Rfits LRy Ng Emergi ng

ncrenme I nt enance Al gorit th
- Proceedi ngs of- 17-s- Internatlonal Conf-erence on-

o] R e 5502000 BRI

ncorpora erence I n err entlre y 25
from ddSaesenlﬁl tEDzsmhaﬂy@hlmﬂm the emporoimboBrihdnEDi fonﬂB;oss1ble iternsets

and ﬂ18c1?1|)rl8(ge(ﬁ; Ssc/clkgg éler eau:%I 15[1 g‘ 1r%éll%sk1arﬁer%]% 81' Qq%alqg 5’5‘3&1

threshaldS Ha:i d rzaﬁmmesoﬁﬁecﬂjy;:day, tlﬂaat daeparivall aﬂnblmes; fopexatpla tcolor,
Acco

shape-pr }’V G7En 35 ﬁi V%g%}ﬂgg"%&’ o f’ﬁxg% t"ttﬂqﬁ"%‘i’ﬁt“}‘%ﬁﬁ giii

the meth e ent invention make use of the
itemsdts Jea@eﬁci ?-é@(g 2f hg)E‘@prarsam@écm@r Trspegtiyply, the number
classifi ion he -ranked patterns can hel p users

of sinB\BF ft§h @R ind BRAIKER bi iRARetPEHH 8o 89 FirdTRERs SARE.| OF course,
the number of total itemsets increases exponentially with the number of attributes so that in
most cases it is very costly to conduct such an exhaustive search of all itemsets to deduce
emerging patterns. An alternative naive algorithm utilizes two steps, namely: fixst to discover

large itemsets with respect to some support threshold in the target data set; then to enumerate
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[0112] EP's, including boundary EP's, maybe rankeggio007
the followwng way. 33 - ---- -- ----- 21 February
2007 WD 2004/ 019264 PCT/ S&002/ 000190 [0113] 1. Gven
two EP's X; and X" if the frequency of X is |arger
than that of X' then X; is of higher priority than X
wonogomesd i st. 5 [0114] 2. Wien the frequeonsGo02/00619i S
equal to the frequency of X' if the cardinality of X;
those fréquedtaeigets ah@aﬂbulatbaﬁenﬁﬁpll%rts intkbadkerduiid Gdfta s{c&i, giﬁfaby
riori in the |ist. 115] 3. t
idenigdbiia Biee e sy B g gl Qg
although Sth b 644- steptdﬁﬁaacxhs ddSanBigbdtk bécBus&it dWAR6t eumdrRe BrOSHHE-
first by the nethod or conputer_ systemthat prlnts or

and sQRpedgR-257Q SYPRYF, Hpmssts in fhe faegﬂéﬂta ¥t it rodien not &easible durdlp th

exponSRRY ﬁcx@ﬁ}rh Gﬁ@&ﬁb@ ROl RAB b lofgTrequdnt BMsbib, Sln%%ra@ltﬁeﬁs
but al é fromits counterpart class. Thi's makes

nmvealg@ubre%arwuﬁbﬂ@%tbﬂpb%ffee@vc Preferably, a testing
sanpl e shoul d contain many top-ranked EP's fromits
own class and contain a few - preferably no -

[0109] ovForspirik it pEblem, (a) tin pirtferaldo lorpramqirothe destription offugever

collec 1&8 %]F TR hs?t%.metﬁ’@ohgse%o %gtﬁe\! ﬁaﬁxjro? é‘s ok %e%‘élmgﬁi d ofthb €St

e can s y, contain rom
mamm ae:msetx irt the eriileaibns2,0m¢é (b EP mmk@gcﬁm aferdesipred shich
n [ | ass, e r.el.l abI rdt| , it is
ST EYRAES o1 gSons RS B IR BLEEURLLANE,

algorifhmg,quéwhich mpibdent dimamedlm’s Bsﬂigtboaitmi Aﬂﬂ?&s satixfifingsi dogstramt

can PR s Y HOHIC R P o RS PICER Byt oY

pmgrdnosmaldamﬂahma aaelBayardo s Bifiidigtl$ Mifgdonk, pamtfmnmmagewo

Proceggifs et POBAEYE NG ot Fier? e Betpeonian o i ot

85-93, @AM PREC1998PANER iRhsels &ewARI Cl ass of data and
divide Dinto tw data sets, D and D2. Extract a

plurality of boundary EP's fromDt and D2. The ranked
[01100J m&bﬁﬂﬁf iniEEEF s M agess?di@togﬁé@tsﬁﬂ il &ERbEAo dekcriptidn

% i n descend |n? order of their 25 frequency
of prefgrrerl laﬁtbo olomining BP e #blaigs usa with the peasent ipgentien e de fqupd

in: “Eﬂctenéhﬂnh@fﬁﬂ{eégg%gatﬁ%s rﬁﬁ&ﬁgnngbﬂ%}ﬁgé{d)bﬁ&e@e of \@&g are

denot ed as: also In descendlng

SIGKBDdf@‘ffm@fonﬂli@ﬂﬁfeﬂ@r@d@ewkﬂgmowfﬁm Minivg. Ssadhegna®-a

52 (gl %’2?)3 il e ?@E&%m’g}%ﬁ%ﬁ%ﬁp Ip%r"%or i I né"?e‘“ form

Maint&iancef Al gjthent,\Pratkeditgs of 1 Iﬁﬁ’nmn&] Cmﬁrenc@ndicwﬁmé Laring,
f d f
52O Sk §F DT et Ao b i BBt N o

lists may be stored in ascendlng order of frequency,
L fo.desired. . [QLl18]. S e.that T ins the
Use ojf%:l f@%lﬁﬁg‘@o’g%‘?dg"]ﬂf?%? "vﬁg‘g‘ewo‘g%@ary EP' s:
[0111] ERfleh, e nubnbd:QPdoundary EP’s BRErgd) The ranking and visualization of such

patterns is an important problem. According to the methods of the present invention, boundary

EP’s are ranked. In particular, the methods of the present invention make use of the frequencies
of the top-ranked patterns for classification. The top-ranked patterns can help users understand

applications better and more easily.

.- [0112] EP’s,including boundary EP’s, may be ranked in the following way.
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34 21 February 2007 WO 2004/019264 PCT/SGQOO%ﬁQQg%ngmW
where it <i2 < ... <ix <nt, and x:5 nt. Suppose
al so t hat Tcontalnsthefollovvlng EP's of D2, which
may be boundary EP s: (EP2(jt), EP2(j2), ... ,
EP2(jy)}, where jt <J2 < ... <f y < n2, and y < n2.
wamoemaet i ce, it may be convenient to creat/ecaozomiyd
list 5 and a fourth list, wherein the third list may
be denoted f3(m wherein the mh itemcontains a

ot Ky Y S e R e o oo s T then s

ofmgpénpnahtyﬂmm,fme}tmfsgl ng patterns that has a non-zero
occurrence in Dt and which also occurs in the test

data; and wherein the fourth list may be denoted f4(n)
[0114vh ey, Bihdn tih@ﬁe?ﬁ&lﬂ: of E'ﬂ éﬁﬁﬂtt@ﬂhé‘ﬁeq"ﬂencgf dﬁglﬁf{% Xar?l tg_lty of

occurrence , he secon l'ass o
larger $hon that.fe¥s dien & lﬁa}tltlem mmtydhqnf@:mthﬁehspl urality of

emergi ng patterns that has a non-zero occurrence in D2

and which also occurs in the test data. It is thus
(0115} Solf e deayentyl aad edndinalitsnes Kgind &; ipathtleidﬂm::hInthtm imiorm;-

when b(,' iSpro@cEn tﬂ{;t%? rtfﬁe‘}neltﬂad oggoﬁtﬁaﬁfgtdggu et I n nnts%];' Elisp ays rritaa EP’s.

respective frequencies 0
sintlarly that the energing patterns in said fourth

[ n_desc nd of their
{01161 Sﬂ p% fictice, 2 tice. 9 rtegﬁ’ge 3 u%le may confeyn g%ﬂﬁo]?lgﬁ% |1tﬁ oV clan5buf g 9]
EP’s ﬂtﬁtatswewterp}irmmss sThisanaked medigibe mbioRomplaes Preferably, a testing

iyCLi n of T,. wherein, each score
Samﬂ%’%*?ﬁi% S o) Soreia e EP AR i g Pl B0 Contli a8 Ty

no— Idﬂ?ﬁm]bdmp ffom“lheedmit_el?paist oliss. (Pov@td, frdnPexPbienstS@ith a W& Parkefye
re of Tin class_ is deflned to be: {/ \\\ m

ofdai B Spfe i St oueh T popc A WYL abet) ROt
ranked2EP’ sﬁﬁﬁﬂn 1t§do[ﬂ1tla1§£rt dlass.t TEmBEEIRbIE Ere@hl‘}lfonpgt i€ teﬁ&iable to uge
Uﬁl#&? ﬁ 0 be:  score(T aa(i akz ? 2(m
e s Tteff |fteq'éeebmét(vbfmm ass t%efetdé'eetqa sing fignlsdmmp| e
conntedpattEPRr edi cted to be in the class of DI. Qherwise T
is predicted to be in the class D2. If score(T)_D1 =
score(T)_D2, then the size of DI 25 and D2 is

[OL17IPT pr?éféﬁli%ﬂreﬁﬁﬁ‘& héhdAGER ‘f?ﬂo% ekéngmhgléd Brpo §§¥ £ B

assigned to the larger

--testing ggyaple-T, ceRjeiaing o drsea of datng Cemider & maiffing\iatd sennthat has at least

one mégweiﬁt&g?@ﬁ'é% Edss Qgcrlﬁt@d %?g%&%f& r}g&ﬁce o?ﬁ %‘ef:on?1 i ?f%ntﬁ agd divide

D into Seadaby(sTy _!'-Dzmihf’ﬁ Bxtredt 2 pluralityaff bopmddry BPYS Srom Thend B). Ughe Of
rankedtn?ﬁouh&a@y EP’s of Dy are denoted as {EPy(i),i=1,...,m} in descending order of their

frequency and are such that each has a non-zero occurrence in Dy. Similarly, the 7, ranked

boundary EP’s of D, are denoted as: {EPf), j=1, ... m}, also in descending order of their
frequency and are such that each has a non-zero occurrence in D;. Both of these sets of
boundary EP’s may be conveniently stored in list form. The frequency of the ith EP in Dy is
denoted f1(7) and the frequency of the jth EP in D, is denoted f3(j). It is also to be understood
that the EP’s in both lists may be stored in ascending order of frequency, if desired.

- [0118]  Suppose that T contains the following EP’s of D, which may be boundary EP’s:

{EP@), EPy®) . . ., EP\()},
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30 quotient can only be 1.0 if each of the top
of a given class is found in T. 35 21 February158|%§zar§2007
WO 2004/ 019264 PCT/ S&002/ 000190 [0122] An especially
preferred value of k is 20, though in general, k is a
nunber that is chosen to be substantially |ess than

- wahewosal nunber of emerging patterns, PCESGzik0IBG

typically much | ess than either nl or n2, k c< nl and

wherekl <H2.. Qihen,, A ORS Baip6scuBb thesT @htatas e @olbwing &P 516 D,,5

30, 50 and 100. In general, preferred values of k
“mmhpﬁﬁb%@Fmﬁﬁhﬁ%ﬁout 5 and about 50. [0123] In an

ajAretNatris . eegdjyent where there are nl, and n2

emergi ng patterns of D, and D2 respectively, k is
where diois € n- 4<0y B BRI Seed byRewcEesnit mgEbesonyaRicatie el pihird listand

nt,
i R s SRSt o BB PLISTRSE WIS TE
frequendy ofi ngcunenes, of, (i, 1) inrthe fstalasdif dit afeec:lreaubrgmg@wem in fromthe

percentages, in such enbodi nents, g%f from about 1%
plurdlifyepf Sperging Badierns it hes R 80T 45T RIEHITRSS: ﬂaDn vihagh afsp pesyisin the

test davaaliﬂaewﬂefaﬁh@ﬂam%%@ﬁl n;\éﬁe%ﬁote’a {I(ﬁz{@ﬁi:r&@ﬂl@ Gt iREEoRlRRS NOt
lead to a 'e nunber for 0124] The net hod of

frequeney| of adcatrinag J§ Bes thde@cmdu dpstofidetn of m@m@m@ﬂtmm from

neralized to t aral | el clas i fi 0
the PG g SEeREEE ppiIEEs Tt 2aRHR] fourpts 1 T gt g e Pipucs in
the tesu&e@af Ut is 0% al€H [Serawsle ﬂl@t@bmefgir%tp&t@ffs i @B Kﬂd ligerasdeadddn

nul tl-gene discrimnators for differentjatin oqg
descerg@gpgﬂﬁléo ftl;egﬁ?sg?quv%{rqgg?nme%ﬁ@g%@@e i pud simil arlg that the

emergfhb $afeld¥iMald iRk 15t ardlb@Red in desBliig oﬂ@ﬁ:f@tﬁﬁlrééﬁécuﬁé I, in

contrast to a hierarchical tree classification
frequesgigsf egpprrenge WH2ch the differentiation is | ocal because
the rules are expressed in terns of one subtype

agai nst the renaining subtypes belowit. 20 {0125}
[01195u Bhonast sttpds torcalevlate tyascerescibepgedicting the Gbssaabe(q,f Pwheyein
F t.hed
ench s ABboRle o Bl cf e e es gl idEng DERSHAL BOCOITR 0
D; arewedr @hen théweomtonT gribaiph clasdis Befmedto bc) | s for D. versus

(uon D). Feature selec n and etlzatlon maybe

carried outaba312h9=szgﬁgf£3 as= g wth typica

two-class data. For'e fhex dﬁmbd EP's of D. can
~be---25 denot ed-{EPn{it)-,-EP, % - -EP: (%)} -and- -

And,sﬁmimmdhﬂqo:a@stbeﬁdﬂasgisdp@@dtcd:efrequéncy. [0126] Next,

instead of a pair of gcpfes, c scor fan be

cal cul ated s )ecbcig;ggagl ass d f 30 T. That
is, the score dg? Tin (m)nggseTDm—uJ&("@efl ned to rrhbe:
o~ n\Zm score(T) Dnf fnr 1

[0120]1 Xf score(T)_Dy > score(T)_D,, then sample T is predicted to be in the class of Ds.
Otherwise T is predicted to be in the class Dy, If score(T)_Dy = score(T)_D;, then the size of Dy
and D; is preferably used to break the tie, i.e., the Tis assigned to the larger of Dy and Dg,. Ot
course, the most frequently occurring EP’s in 7' will not necessarily be the same as the top-

ranked EP’s in either of Dy or Ds.

[0121] Note that score(T)_D; > score(1)_D; are both sums of quotients. The value of the ith
quotient can only be 1.0 if each of the top i EP’s of a given class is found in T.
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me1l ml (imMET 36 21 February 2007 WO 2004/0%9%@&umyzm7
PCT/ S&002/ 000190 Correspondingly, the class wth t
hi ghest score is predicted to be the class of T, and
the sizes of D' are used to break a tie. [0127] An
underlying principle of the nethod of the present
WO Wenson i s to nmeasure how far .5 awayprcheGnapodisEP s
contained in T are fromthe top k EP's of a given
class By using nore than one top-ranked EP's, a
| ecti I K I'ho , nore reliable redlctlons
0122] ¢ A SptAlforede 30 chive® machceh kise REEH R | o
choseﬁSo Hrsabtaa b ![bs:mialﬁﬁé tbﬁpﬂdrdb@r dfickBilinh OR s, z@ckls)l}glxcaﬂy

1¢@£ I n t e case where k = 1, then score
mﬂchlfﬁa HRE ApATEh b R <phaid<de.- Plenageropiate velges hemiSn Y 15.n
25, 30T5m Sndf100. Th'z0¥Yal, DRFARS harfes eﬂn%ﬂetvaeelﬁ%wdna Godat500f DI -
In this situation, if score( as Its nmaxl mum
val ue, 1, then the "di stance" is very close, i.e t he
(01237 3h o6 BERAve oBOAREL: Nt e b B oMb B and
D; resgipotively dces cthgsen tprisatfised perintagend whichaverd o pae #; is emallet. i lagkty

. ener al
ot by 0B, Bish P DB el o B orh B S WRE ot any apet
m andgp. Pfefegadfived bertdnagés inewhreabkdicdeEPrmgd fom ﬂtﬁuﬁ%&@htﬁut 5%
and kj roingététg]éunt atest ify Stg%ettg Vﬂgueﬂ 1ﬁgu% ! %te%)g eFe agﬁgeg Berc(?e\ﬂgg%&]oes not ead
ma“mdemgmngﬁpAtterns generally, i ncluding but not limted
to: boundary energing patterns; only left boundary
energing patterns; plateau emerging patterns; only the
1012470 Sthe ﬁﬁfhﬁdl & cﬁtmﬂtmg Scbebs AERFIEHd MereindfdvPRhy R giferali2diBb @ieNd

a{ m@ose g%ﬂ rate is larger than a threshold,
Pafaﬂ‘g cla éc 1iqnof mplti-ofass gt Srrexample,ilis pairedal ygfﬂ&%f%ﬂwfq*fampgl
lists oPfafife@ gatels Md riilti-Soné BidéiiiASork for afﬂeﬂéimhﬁv@mté%r%e ﬁéﬂl&ﬁ%&

from?2 to 10. [0130] Ih an alternative enbodi ment of
subtypep cSsh & digssmipationisi sleml pring e asaiiadleln comas e kierarchigal
tree cI8RIfIIARE kB unﬁﬁéh' tﬁl?(ﬁﬂé&%ams B@al WiGhe tRlryles are xpressed in
cl assi ficati on. particular, the nost specit 3
terms gf QugByPhpe a@fnsmesrpme@g abepesdeldwit n PCL, the ranked
boundary EP's are replaced with the nost specific
el ements of all P-spaces in the data set and the other
[0125k t Spppoerf thiv@iere azese alksses pf datdl (1¥el) edenaidsone Ds, ar;eD.. Eiast theed

s BB Rl s W s o

(1< nspet |fn§r|ﬂ; va‘stﬁ Hept ;). FeatBre Bel&dtios endafisCrefitatiotitaytbel cAriB®D& in

o s A5 BB L VPR OSF) Stp Kor GFP e TR s o Dacon b

denotedecondl y, the conditions contained in the nost
S c fic elements of a P-space are usually nmuch nore

’@H@Wbbundé?#EEP s. So, the 37

and listed in descending order of frequency.

[0126] Next, instead of a pair of scotes, ¢ scores can be calculated to predict the class label of
T. That is, the score of T'in the class Dy, is defined tobe:

score{(T) _D, E (I'"

©om=l (m)np(: xT

36




10

15

20

25

30

21 February 2007 WO 2004/019264 PCT/ SG2002/ 00Q X 0ryary 2007

greater the nunber of conditions, the |ower the chancCe

for a testing sanple to contain EP's from the

opposite class. Therefore, the probability of being

correctly classified becones higher. Oher Mthods of
- WaMPAIg2ER s in Classification 5 [0132] Pecrssoanatoitohe

only nethod of using EP's in classification. O her
Correspotduaglls the biats vathehetdghestatarailo bedmadaltowla itteltlag of &, swd itiedhizes

e .consistent with the ains of the present

I
DfD"F’IE\%%&ﬁ%CfS%%E(&ﬁIS are described herein. [0133]

Accordingly, for a gi ven test i nstance, denoted T, and
ts, correspondi, ata 10 D second t hod
o127} or1inded] WPH@@@%@I P@&%ﬁn@égmﬁfpem?a&lr?g%

away Bt 2% BINRbREiRed 1A ke fﬂJEh th@féF kBT Nk QOas R 8y W3Rk more than
construed to be limti n%)f 0134] 1. Divide Dinto two

one topgankefhiERys, & egcdlectiyegepobpf mer arebéﬂe edietionyi uiilizeq. ng

AccortiBSIP kit In¥Bbdis Rfferre@ Bfas Pledichh t%lcﬁﬁe%%% 1kurdad g‘P N
create an enpty list, ‘final E [0135] 2. Di scover
the EP's in and S|mlarly di scover the EP's in D2.

Di |
[0128{ 0336 ey ?r. i gk St“‘?’ew ®, ﬁl{dﬁ%?‘?ﬁéﬁ%eg@? fi}s?ﬁgiﬁ%@; h

he  numb
contaipgdrin ﬁ’wf@tﬂ'omuhe mnsj ﬁmyenﬂyrﬂcwrangﬁsaf éhdlnils gitvdem, if The

o SHEGR BRI A0 Gl IS0 R iy

proper¥y ofil} igmiso@resent i 3§ tedting $amplel iSstaller de)-es‘wﬂah:atdﬂ’m&thé quncerni: y

| greate; andxt'hus, {t Eecmlngg Iess lhgcgﬂﬁla (‘Yﬁflongs tB &he glrasstog %;<h[n ne{ap,r e |ist.

score(@:_p, amom(\mcp artkbsecmis naxei ahicgolif esph af thy kuipamkedBPE is
féﬁguency and length are both 25 identical. The
preseflifeed EP list is denoted as orderedEPs. [0137] 4. Put
the first EP of orderedEPs into fi nal EPs. 30 [0138] 5.
f the first EP is fromDt (or establ jsh a new Dt
[01254 ot ié‘“r?é\'zi}“%? ood fhatfhe metfiod qf the@aqﬁfgat )§1tV§‘m8? e brsgrried out with
emerging phtfif %@neﬁily, Phelddtz baf nobBahitetth:ChbuflGry E?ﬁer@ afidrils; b9 left
first E 6. Repeat from Step 2 to tep5unt|I
boundgry gEgfeing PHYErS H%fé%u PpRengis pafisny; onlydke mast snepifieplptpaengrging

s gSB ARN T SEAOROORNIR OSARL e e

ﬂlreshdﬂ isinp Bwntiengreatirstae 1; pefaplly 2 BR- Sutisstisa jusipng iﬁ*Pmrmelimbw,

f the EP is fromthe first class, the test

from2 n% ance is

[0130] In an alternative embodiment of the present invention, plateau spaces (P-spaces, as
described hereinabove) may be used for classification. In particular, the most specific elements
of P-spaces are used. In PCL, the ranked boundary EP’s are replaced with the most specific
elements of all P-spaces in the data set and the other steps of PCL, as described hereinabove, are

carried out.

[0131] The reason for the efficacy of this embodimuent is that the neighborhood of the most

specific elements of a P-space are all EP’s in most cases, but there are many patierns in the

neighborhood of boundary EP’s that are not EP’s. Secondly, the conditions contained in the

most specific elements of a P-space are usually much more than the boundary EP’s. So, the
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predicted to be in the first class. Clhermnse;gh%m5§§§mn
instance is predicted to be in the second class.

[0141] According to a third method, which nakes use of
strong EP's to ascertain whether t he system can be

made nore accurate, exenplary steps are as follows:

weB4aped. Divide Dinto two sub-data setesT/sGueapagh D,
and D2, consisting of the first and the 10 second
greateg the swoler plrepditdris \ud lywer[ﬂﬂs]oﬁaice Bor 2 B®@Q¥APle totOntlih FPNRGrom

rly discover the strong EP's in
the onpyiS cipd), M GRSt PP cnatslagpicd repmnlishens
the two lists of EP's into descendi ng order. 15
EP |ists as orderedEPsl and
Other@@@@’e@ﬁgﬁ%?é gg’fﬁ‘ﬁf@ﬂ‘%’ﬂ for the strong EP's in DI
[0132RNGCEs nk 03 85 o b\ink BE's idRackisEof HHAMAISHAIRTR!
T, eno

su%ﬂvthat t hey nust be contai ned

reliable g meqr,d results are opgigtent wittshieloagrol the pfesantlinydntiont ad

me¢ﬁ£m§u§ﬁggworderedEP32 such that 20 they nust be
contained in T, and denote themas EP2(1), ... , EP20).
[0146] 5. Conpare the frequency of EPI (1) with the

[0133]c r %M(ﬂﬁéiy, odr a%?v%ﬁ fehrinBRd: adf tetté P'eand chrzonrﬁgqoﬁ%ngl t?aﬁlglaegrdata

test i nstance 1s predic
D,a sqg:ptuigg,ethpﬁl f@@r@cu@ heclws oET edmptibe thel fallldweiig steps Wwhdr@e hotatide

tng{lcgg ? 185 aﬁmfl ed in the second cl ass of

ata I e sl |ons ares 25 broken usi ng strong
2-EP's, i.e., EPs vvhose growh rate is greater than

2. nes P's in d.assification
10134] oiﬁ? 38 B o] b g e ?eﬂg'i’?%&gf’fﬁd)zp%?flt eopsigling gapagiively of
one oft\astﬂasbs lof/dat) mell igdaterng empty ligtawiEBze- Qut -

Cross-Validation" (LOOCV) classification study. In

LOOCV, the first instance of the data set 30 is

[0135]c on.Disteve thetBP’ 8 DR, ah§ihildyHhs8MNeLhe BFY it BE T €MRI Ni NG
i nstances are treated as training data. :hepeatlng this

procedure fromthe first instance through to the |ast

I013610N. Ackrcin oRRSRMbiy il o e%ﬂ:ﬁb&%ﬁ#&%‘i{a piite®), sort M€

pe ercent of the i'nstances ICh are correc

the EP'5 (fgofp beth g andprbintoedeprentlingtder. aﬁmemnggntehearaﬂmm racy
e KO woBPAE o {3t dll ﬁé‘%{gncgléf* s 1a%rrttﬁg i 3&% o3

conpatible wth 't esent
-39~ 2-1toEeiihedist 2007 v~o 20041019264 -PCT/ SG2002/ 000190

D]yt PG B a kR0 e R R0k Bloneisipcne

undertheng ib Hm}brbﬁ@malﬁe]sm Il in the art that these
a ot _in in the scope of
o PhEbah R e eé»saﬂ@wa%r bitfency it e o
repr ééentitaht i ve enbodi nent s.
The ranked EP list is denoted as orderedEPs.

[0137] 4. Putthe firs_t EP of orderedEPs into ﬁnalEPs.

[0138] 5. If the first EP is from D, (or D), establish a new Dy (or anew D) such that it
consists of those instances of D (or of Dy) which do not contain the first EP.

[0139] 6. Repeat from Step 2 to Step 5 until a new D or a new D; is empty.
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EXAMPLES Exanple 1. Energing Patterns Exanpl® ebbdiary 2007

Bi ol ogi cal data [0149] Many EP's can be found in a
Mushroom Data set fromthe UCI repository, (Blake, C
10 & Murphy, P., "The UCI machi ne | earning
repository,"
WPy, cs. uci . edu/ - ml ear n/ MLReposi t @EF/SE0IH0001H) so
avai |l abl e from Departnment of Information and Conput er
[01403c i B Fond thelfinit VBris the finadfPs@etlidhfipeoniamed 1nf i dneof WHSA)infRHian
thre d.of. 2.5 The followng are two
propePEE Mo BhShpide T Bl afs g s b s e
predidi¢dWDBRIn-therfirste)ass. ((BhenkiseShefestinstih@ae prediCE dNGe NABER T
clEﬂssone) } Y ={ (BRUSES = no), (GLL SPACING = cl ose),
‘(VEIL COLOR = white)} [0150] Their supports in two
cl asses of nushroons, poisonous and edi ble, are as
ol | ows, EP supp in_poisonous supp_in edible
141} hhrding fon S50 ot Soishmes 305l SQTEEP o Apptanostip the
systend BASR nfalfe BoabdiratCb¥mbiat R OLON DAL €S reveal notable
differentiating charactéristics between the classes
of edi bl e and poi sonous Miushroons, and they have been
[0142ys &f thicfe% inRHivh S\ Bhia s&g’,"c\ﬁﬁoftéﬂl 1%@55 Icgﬂs i Jf e First Fidhe
J. Li, G Dong, and K ‘Ramanohanar do, Ki'ng use o
second plassppgespectizslpr essi ve j unpi ng energi ng patterns for
classification.” Know edge and I nfornmation Systens,

25 3:131-145, (2001)). Interestingly, none of the
[01435 2gPiscayer the sireseER's N@RHORJ simikripliscof@lthel strGlgF P’ sin lp.0ad}
and {RI NG NUMBER = one} is an EP, though there are
some that contain nore than 8 itens. Exanple 1.2:
[0144De o4 ccapirigto frequancy A0rt 24ch bethe tharlists 0 BF s indled@Rdth Ok 8264

2 .00019 2] ,Ab 0 || ' f _EP
Denotg 55 PR B8 kL 5 e OB UE B o eSO PP P FP e

in D; 4dldB. census data set, "PUMS' (avail able from
WWW. census. gov). These EP's are derived by conparing
he popul ation of Texas to that of M chigan using the
["145{:” 3RE the fop ik sdtomderadEps! e thakthesmusbs centaigedfimi srab|
denotelthédn ad Y, . 2., , AV Sirhilart V3Bl kie:tap EPES6 B defrlE that 1.
Travt i m,[1._.5;ﬁmww?k8%y?§. e[%’153] 3 BFde ot 86l
they nyysibe poniained in €, gnd dangte hem ag ERABY 1 i P20} anguage at hone,

nmeans of transport,

vk D

{01461 5. Compare the frequency of EPy(1) with the frequency of EPy(1), and, if the

former is larger, the test instance is predicted to be in the first class of data, Otherwise if the
latter is larger, the test instance is classified in the second class of data. Tie situations are

broken using strong 2-EP’s, i.e., EP’s whose growth rate is greater than 2.

- Assessing the Usefulness of EP’s in Classification

[0147}  The usefulness of emerging patterns can be tested by conducting a “Leave-One-Qut-
Cross-Validation” (LOOCV) classification study. In LOOCV, the first instance of the data set
is considered to be a test instance, and the remaining instances are treated as training data.
Repeating this procedure from the first instance through to the last one, it is possible to assess
the accuracy, i.e., the percent of the instances which ate correctly predicted. Other methods of
assessing the accuracy are known to one of ordinary skill in the art and are compatible with the

methods of the present invention.
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personal care, enploynment status, travel tinme zi¢ewsd 2007
and working or not in 1989 where the 10 val ue of each
attribute corresponds to an itemin an enunerated |i st
of domain values. Such EP' s can describe differences
of popul ation characteristics between different soci al
w%%?&“%lg%gr aphi c groups. Exanple 1.3: Tr 8REHEGP/000190
pur chasi ng data. 15 [0154] Suppose that in 1985 there
were 1,000 purchases of the pattern { COVWUTER,

C ' 1 ills ae. lﬁa Ve d
o) O L1 CFL IATERL o Al LSl 35

It wopld be Hedswstoodbst one bf il initiclait drat thesa esaids asiot i biySvay limiting
. . 1 n EP.with a r.owt h te of 2
- the? r ?n&?g%g&%t‘%@é’h g?ﬁn?rﬁ U gi{\’n\sl%afﬁ fapfﬁsgﬂtﬁtafs ﬁ?F’@i‘I@‘ﬁ‘m’r n any

analysis for which the growmh rate threshold was set

EXA&%?E% nunber |less than 2. In this case, the support for
the 1tenset is 20 very small even in 1986. Thus, there

Example 1 FpengimgePdifernsn appr eci ati ng the significance of

atterns . thathave | ow supports. Exanple 1.4: Medical
Exam %ici:‘tcl)'r io%ﬁcﬁl.d%t[am%l Consi der a study of cancer

[0149p aMANER’s cAM 1R F6und s MdshAoRPatRI KR
who IlWer e cur gd a?ﬁld an(%éll ﬁgpbg%ﬁ‘{sgﬁ’gﬁlake’ C

tients 2 ) > d an
&Muﬁg‘égr’gthe&f&ﬁ%@%?%mwp‘?%?% not cured and where the

hitp:/eHatvas.ud BEIIAISETMLREREIRY hidi RO R P d
T treatnents, T. A ?ﬁ?gﬁti cal use?ﬁ%/%B ' é@f‘ Ti,
ormghon apg CompufpriSaicte JiTersity pRCaiforgiafirvinm WY fortgrawth ek t 0
thresh€l8 bELS, TR YoiRMhelaldHy tyg&% Al jents who
had bot h scg/rrpt cg)rrs S? n %Zs?%aﬁ%g@\ﬁgtﬁ%é\)g??&e%séi ved al |
treatnments of T1, T2, and T3, the nunber of cured

pat el HE =Aahd t n hents whg were

ot eup(S00R o). TR A8 UASL ANGERDNES- e

c ohil UL =sted (GB-LLSP AGINGiadose)h 67HIL 6OLI0Re= GieEy) oM

conbi nation occurs (if there are no better plans).

The EP may have | ow support, such as 1% only but it
[0150] raJheitzepposninkwoviksagmbshrdols, prRohmahnddibletrbagamse, of

a lack of efficient nethods to find EP s with such

| ow support and conprising so many itenms. This EP may

EP eveh ot  agl the eval Liong [ 41 2T Eebruaryl]2007

WO >m§ﬁ1%£§'%@hg6/§%’o&ﬁl%lgo kn8WPEHRE abolit t he
X effgct of O&ch tr¢at meas9®Bn e.d., synpwom S. Al T
seleeted-set—of--slich EP'.s_ coulld therefare he i useful

¥ gui be to%48%ors |n dedit ng what tredlfent shpuld be
usetfor—a—gtver—fretteat—st+-uat--er—as—-hdicat ed by a
set of synptoms, for exanple. 5 Exanple 1.5:
[0151] | | Thes¢ ER witlevegelage S26RihQatsd @valtdtaBle dﬁf%]e%ﬁitjnggf\aﬁﬁfcﬂ%§s
'S

of, transcripbi ng. a gene! s DNA sequence into
betweef platiesl ﬁégle éliddﬂé%g%qumﬂshwa ity daOporvseibln bujdies
powerfl@Tassifiend (Bdelbg. L NBL GEIORS] bl RORarAThIARoRf! ﬁm&%ﬂﬂngﬁ‘ﬁﬁé o
ene expression |level '1s the approximate er or
expressgvg wnggn&fmgf%tpam@rsclﬁmﬁ‘c@oga Hueevledga awd Information Systems,
3:131—145, (2001)). Interestingly, none of the singleton itemsets {ODOR = none},
{GILL._SIZE = broad}, and {RING_NUMBER = one} is an EP, though there are some that

contain more than 8§ items.

Example 1.2: Demographic data.
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cel . Gene expression data, usually obtained By Hah@hyyoor
paral |l el experinents using technol ogies 10 |ike
m croarrays (see, e.g., Schena, M, Shalon, D., Davis,
R, and Brown, P., "Quantitative nonitoring of gene
expression patterns with a conplenentary dna
WOR0BYaRe4 ay, " Sci ence, 270:467-470, (1996¥/5G2002/000190
ol i gonucl eotide "chips' (see, e.g., Lockhart, D.J.,
[0152o rigout HR20 callgetinns of AP, contaifin hetot1B ﬁf:md\lha% beeﬁdﬂsdo@gredvﬂn‘tha
S i
U.sS. c%ﬁsedata%t ‘PUl\M (g@%@%om W. cel%.u%?ﬁ} Srﬁ’ieh?ef%?di hﬁg
comp@s&a thy bwpubhhzxacuf Torasttothhtiof Mlﬂmas iiding thd gr@@tﬁ watd eekhotel 4. 50ne
such F¥il.ays. " Nature Bi ot echnol ogy, 14:1675-1680, (1996)),
and Seri al Analysis of Gene Expression ("SAGE") (see,
Vel cul escu, V., Zhang, L., Vogelstein, B., and

(oisay Pk, B i FeedSoiptor 1 Bl Bk sk

~levels of genes under specific experlnental
0153 o&gl tions. 20 [01571 Knowl edge of significant
[0153)y; WY Cessribe tosRoEiy e bgisahilipe danguage atdgma, hegns of érsporkn

petsontll QRRGipIdyRent stk YA BBl %o whiR, 20 WEr ?%?ntﬁ §Plogs @h(ﬂ@ the

experiments, medi cal doctors or b|o oQgl sts
value gf ﬁ%‘% afthyte Cpﬁ@%p@;@ﬁ Focandieryin prespumerated lisg ef dogiain vglapre Sudir

EP’s cBEderife @H&%ﬂ&!@%ﬁﬁl%ﬂ ERl RSV R Peen AR soGflhe and

di sease cell t hese genes or their proteln
geographipgrgéss can be used as diagnostic indicators or drug

targets of that specific disease. 25 [0158] Gene

expression data is typically organized as a matri X.
Exampieok.3: shyendls i pvechesing dafat h 1 rows and m col urms, n

01561404, ERREAS S DU DS 8 GOBTLTESHUAERES ,

MODEMS, ﬁmwwm}pm ofr PO miiRion Eberddd ufaﬁstacttoym endih 1986 there

e SOBEHATEON P St 05N e S APl
growthqam ol 2 firomin $986 S 986 em;ghus Ve t&hdenﬂﬁdd in anwl@dlysxs‘{ml%vm@riﬁe
Met abol i ¢ and Genetic

w2 o s 1 B S thih o Ghs B33 SpISEoEibe et i

very sn&ile@eﬂtﬁﬂl 19887 BtnfkB@ere B%0en thdiR Blaphrecidiitle %etsigﬁﬁc&fce of patterns
eriment is intended to provide any possible trends

“*m“hﬂﬁﬁ VEFUPLri ti es of “every single gene under a series-

of conditions. The resulting data is generally,
i;g;)or al . The 42 21 February 2007 WD 20041019264
Examp erd Pl second type of experiment is used to

[0155] SX@Jﬁkﬂ& alshi@y Bf néx{is @vhé:le H% cﬁm%&‘ébﬁtﬁgﬁ%}ds%‘ ]t;\?tltaﬁto m m

f erent ca
who wepy¢urashang another wntamgegprds ¢¢f Patleﬂba?rho avereSot cukddakd whdre the dnl

compnécg vﬂe&%ﬁgﬁ atlo yn?v? eri n g & s i’s &%W‘T‘B?%@ %‘a E‘%ﬁp‘ e
Ty, T, ol with gfavgl mf Brfwetbe foy-cikd @mﬁﬂad,lnﬂ@taﬂm/ﬁfnbﬂgal candgf OC.
. 6745- 6750, 9)).

ptin ol tog G5 o s P Ve el et ) el oy ana 7o
the nunteaaf sk patignts BOWInRe the Sudbed of Rfiertd Vehol vibRd ok Sursi TR a9 f
suggestl{l%a% Ehlél treatmiont oo nga%gn s ogld %g iﬂp%gdswt?eglgveg tgg Sym%lto?n g)?l%tmlattl:on
occurs (if there are no better plans). The EP may have low support, such as 1% only but it may
be new knowledge to the medical field because of a lack of efficient methods to find EP’s with

such low support and comprising so many items. This EP may even contradict the prevailing
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indicators [1, 8]. The resulting data is gener;_alﬁeyruaryggm
spatial. [0159] Gene expression values are continuous.
G ven a gene, denoted gene, its expression 10 val ues
under a series of varying conditions, or under a
single condition but fromdifferent types of cells,
WO Y4924 range of real values. Suppose t HCESEROINS
[a, b] and an interval [c, d] is contained in [a, b]
knowl&eb hbogehe@f@:tqf eath teatmettone. gosapionySit Aatleqadsetpd puge EP 5t
could reF e | b%ra%sef‘ll gl ?go do'ctgﬁlnyc? d@g*fh?t?ee%r %sﬁ?uﬂt e% nglgevc\lhfﬁtc Set
glvenﬁledf&lmﬁlmﬁn’m ali ifdieedrvy agﬁnﬁmnpﬂoms daldxadpla pattern. So, a
pattern is of the form 15 {genes@an, bnl, , gene;
k@a; k bn]} where i, is, 1 <k. Apattern alvvays has a
Examplé ?gulﬂlﬁﬁbawﬂgeﬁ? ehgbedsigiadata. Thi s exanpl e shows how to
cal cul ate the frequency, a pattern
0156} e hgpragpspfiRaicHRmE TgmP Diya cagepnBNA 1%‘%?8??{#3? y gene

exproRRT £8S AR08, R1eeodes f6@)rdteidthR c&f@ﬁﬁof@ﬁﬁﬂmbld@@ju&ﬁbs A
normal cancerous cancer ous cancer ous

gene epprossign Jpve) isstho approxiazienumber of cqpiep of thst s KNp Pﬂ?d'iced 5’&1 e

cell. C::?’ene pr?egsmrpdd%?’ usuQ1137 &tmrﬂed gylh%l@y %§ ?é’mneﬁ@ mﬁnﬁteéhnaﬁ%les
Tabl e B consists o

Jike Ir@xcmrméseew gv,aﬂchr@a, fofabar gléwgst Anddfrawin &, ["QuanifatiVghi ¢ h

momt§ M S ol &Jlrélgﬁﬂ]ﬁlﬁfm%@rﬁm%nﬂﬁt%y%f&ﬂ@ » Sefbfdd, of

ms" o Is an""instance." The

270:4¢a4100(1A9))y ehgon@@tids ‘clipBYspe, elgabodkhirh Befu iy HafBYBG@MrCh
Fone@ﬁa_mhgrwa?%see fm&nq&n%g CORRNSRH R, Hatddes.,

nstances are_in the I nterval

and Bfo@m,IE.LO “B3pressiononbratoringtythpbridizaticnge high-de@sitooliganucigotidg 1
3 ) 9 it .
sy e Rt 1815cLoo OGP, A S P AR Cheresion

(“SAGHT ¢(s§6MYelCﬂa§éi1,tV dimng, Li, Vogeistdin, B aedt KiozluaKu 8erimiaialybieof n

t he e [0 0.3]; 3 21 Febru
gene cxgmiog STt BOTHCHoTP b STl e Y eondiuder
Spwﬁc@kpbﬁnﬁmsltcomudm the range [0.30, .1.21]. Hovvever it
can be seen that the pattern {genet @[0.4, O. 6]
gened@0.41, 0.82]} has a frequency of 50% [0161] In
[0157$f d@kwteegd dflsigﬁfﬁr:@& &ffSEREchEeR Biol RIS of dataes mns et of

Is divided into two 5 Ubdﬁt&‘ﬁﬁz og
viomedigi| KT aXSIPIS HsOPR BRSNS SORSPFHPEE ocfor FEiclogigts

wish tgm tthQﬁl}cé ?k%ldﬁfle‘kﬂ 8f ceMith Yaes &fgedd Pouph ERRzcGRAFIP bEWeen

requency of a given pattern can change
norond p@qﬁ@nbsesweﬂw Aben, Hee genss aifbairptels Rroderst 4 Beysed as

maglliﬁg@fngfcﬂgrs BAlih SRR 3F BatsHRAR alR@ks.er ns whose frequency

. [0158] Gene expression data is typically organized as a matrix. For such a matrix with n

- rows and m columns, 7 usually represents the number of considered genes, and m represents the

number of experiments. There are two main types of experiments. The first type of
experiments is aimed at simultaneously monitoring the n genes m times under a series of
varying conditions (see, ¢.g., DeRisi, J.L., Iyer, V.R., and Brown, P.O., “Exploring the
Metabolic and Genetic Control of Gene Expression on a Genomic Scale,” Science, 278:680—

686, (1997)). This type of experiment is intended to provide any possible trends or regularities

of every single gene under a series of conditions. The resulting data is generally temporal. The
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significantly changed between the two sub-dat &1$ebGary 2007

10 [0162] The pattern (gene, @[O0. 1, 0.3] } is an
energi ng pattern because it has a frequency of 100%
in the sub-data set consisting of normal cells but it
has a frequency of 0% in the sub-data set of
- WQHME26Ls cells. [0163] The pattern {geR€T/E01280019. 6] ,
gened@0.41, 0.8211 is also an energing pattern 15
secondatepaaﬂs@eﬁmem a‘sxsai 10 esafniedrngsped in 2 ihgle snyirorgapntbut romvi t h

dlffereé'g‘ﬁﬂaég 6P ‘513{’ eatz% usedd% 1ki!ﬂa%lhe §S%§g%3¥%%r§es§ %%Fe

and L@'mel 20K Bro Padngs of Stne(BEptessionRevedled by CMBteBngAratyms of

romof o it ERop S oGy erB Rk T o gt YaE (B

U.s. A.Z@fﬁ 6’934516‘5@ 7(;199(93;9 Qﬂi}s Jyp@stdxerid@hiin epedi@i to aﬁsmtlassﬁﬁng

new cqlr]@ &pc} 1291' thgldenq@é@;@n ofjlsefu]agl}ggvagl\ﬂrs]q.]aeg(pressEnéy arg ge(%%ggpsﬁc
mdxcaB?st[ﬁ%]n'ﬁh&fesu@Q@atE%@&ﬁﬁ\ﬁ saifReveal ed by O ustering
Anal ysi s of Tunor and rmal Col on Ti ssues Probed by
A igonucleotide Arrays,"” Proc. Natl. Acad Sci. U S A,
{0159]96(%%1 s'i_’&vvaﬁ]aaga?egc)o)lmu@ﬁse dveataeéene Bend@d e, Gis e/epr@s@mvn

char act rIStIC of ene expressi on data 1s'that the
valuesrinddy @ serish ofsarypizegndiipns rvdes asinglarendiiandrt ﬁfferent twes

of ceﬂ%gm a %Angé of 1B 5@&63 dﬁ%?ose s Mleﬁ {?Cb]%& %lllglgltvz Q’HA i 1 1

Ining Size asses em a
contaip¢dlin [mbb Call @o@; @2, dNew ieerl, meardngthat thervaluespf gepe;peingigd y
/ 0, [
inclos30 bpnt¥ SRod; B3P he St R Wl A el e it e
fromd:ﬁererbgengs mnudd;apgm(S(’) a pArem ierfthploan:iof an ener gi ng
pattern that ?h'an _i fre% (?fz/la 0% in nornal
tissues to a ¥F€& of &7 cancer tissues taken
wherefz,rqiagu k. S\ madroalwaystag a Kﬂ@pencs &ta dmatt Thizsxaniple shovd lowi tng

caleuli S FeGREE BT B CETHIRBIE 03001,  R76254 And

D81767 are particular genes. According to this
energi ng pattern, in a eﬁl cell experinment if the
gene KO03001's expreSS| lue is 4;9 | ess than 89. 20

and the geﬁeSW]BE’?E’PMB?@@E‘?S%W ot | ess than
127.16 and the gene D31767's expreSS| on is not |ess

25

than 63. 03, then this celT vvgullll1 e much nore Tikely™

to be a cancerous cell than cell.
Gene normal normal normal cancerous Cancerous Ccancerous

gene 1 0.1 02 0.3 04 0.5 0.6
gene 2 1.2 1.1 13 14 1.0 i1
gene3d 070 -083  -075 121 078 -0.32
gene 4 325 437 521 041 075 0.82

[0160] Table B consists of expression values of four genes in six cells, of which three are
normal, and three are cancerous. Each of the six colomns of Table B is an “instance.” The
pattern { genel@[o. 1, 0.3}, has a frequency of 50% in the whole data set because geney’s
expression values for the first three instances are in the interval [0.1, 0.3]. Another pattern,

. {gene,@[0.1,0.3], geneg@[O.SO, 1.211}, has a 0% frequency in the whole data set because no

single instance safisfies the two conditions: (i) that gene;’s value must be in the range [0.1, 0..3];
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[0166] This data set contains gene expression |evels

of normal cells and cancer cells and is obtained by

one of the second type of experinents discussed in

Exanple 1.4. The data consists of gene expression

WQHPHELSE or about 6,500 genes of 22 nor nBET/8G29e2(9e0190

sanpl es and 40. colon 15 tunor tissue sanpl es obtained

and (if) frohgeasy’s Aklho/arest bé in thdum@e (080ak-2Hy Howewsr. itAlmobe seen thit the

paery R 10 R0 2 R SR BB S0 o i ssues

probed by oI|gonucIeot|de arrays " Proceedi ngs of

o161 s Fhvo MGASE Pheion 56l 165699 ol Fladieh s bueclfib Pl o

sub-d sefd; 6HaQorgR® @fthfaliich 6ftBe thsa ApxaBooS oaiamemtmfcmar di ng

tQ their nrninah%éﬁ} nS|t ?cross t he sa hos
valuesgd e direg cappessiys g O BB Rt Pt BB R
data st REanoBELGR BatslRt. FErsdind ;ﬁlttéiﬁ@flré thbié paveRislvaieredliont e

internet site
signifiggrghy chapgedbetweeatheiro sl ¢#2£%$n. edu/ oncol ogy/ af f ydat a/ i nd

ex.htm . This exanple is primarily concerned with the

follow ng problens: 25 [0168] 1. Wiich intervals of
{0162} hdheraead sinerRifd) 4B isop caergig pattey beggypeihhag 8 FBYUSEE Bns
100% & he Bl i Y sl BIHRRRBes TR len T W T
set of gageageusicellst he normal tissues but not in the cancer

tissues? [0169] 2. Howis it possi.ble to discretize a

range of the expression values of a gene into 30
(01631 The pltterni{ pérer @K s0.Glogenh|0.4h .88 dydsormsiempging gattern

[ a inte als r |n ery nbi nations, in

becausc rl]a 6% 'g‘regcyi“hﬁ‘iloﬁl}m‘{al \/S%tw dre Feglg'l e? 45 21 February

2007 WO 2004/ 019264 PCT/ S&002/ 000190 [0170] 3. Can

dIS ered. patterns be ed to.perform
64} SRR RS E bestch difign pitg Py Shifentsemeion g
leukeifig |di1ta ke::ﬁ (GHDibERkL., ONoRaIE eraauﬁ:au@f)or %c&é‘ﬂl‘lﬁbﬁ di_lls_&:d?&ybﬁlﬁclﬁsaﬁe
.type of expression _experine ese
Predwsrf EEPRCXEIRES108 JIOPRAAing s ﬁﬁerwgégéﬁ%r—fi @é%&a@g colpp, pumop, o
data s&@Al@ﬁl £ 88!, NdXoReri@h, D.Af Gishl1s, ‘ZbaQQ,Qi QERRD., RO LivinD
r el evant genes _are di'scretized into i nterval s mhlle

AT “Brred Petisans A Geje Exirepsion Beyralsd by Elurfamsr*‘étalmwfﬁi’-reor@rih od."
Normd itofon FI%s81ek Probed by ngoﬂueieardre AddaysST PI6E OB Hoa® fscil 8. a9€NES

have been viewed as "trivial™ ones, resulting in an

96:6145a8150 L PONoweisddn Bable Grd cpmmomeherecteristieefsigne epuepirnaiaiac
is that gRAuEBLF SnleSis G il?ﬁgﬁ gz&ﬁgn wittookrikfofal mafREt data,
I'scretizatron, was re-organized in
accordance wi t h the format required by the utilities

of M C+i- (see, Kohavi, R, John, G, Long, it,
Manley D and Pfl panabI c

Data set ’ Number Of Genes Training Size Classes
Leukemia 7129 27 ALL
11 AML

Colon ' 2000 22 -Normal

| 40 | Cancer
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"M.C++: A machine learning library in G+, " ToQlpgpMhd Boo7
Artificial Intelligence, 740-743, (1994)). In short
the re-organi zed data set is diagonally symretri cal to
the original data set. In 15 this exanple, we present
the discretization results to see which genes are
WEEPER26d and which genes are di scar ded PCRE62002/000150

ent ropy- based di scretization nethod generates

[0165] nieanethbnotakiod, ttammpreskmiehrmf 4 gehe, ahchn be kiveldyygene(X). An

I SCrim nato reSS|o values rom nor mal
exam i SERTEIRE BT FORER B TRy S B ERL TR o The
frequeBtiof 0P iban@eltidhes eiked frama thisaidlofaintop dhtLatl) cdnfiits the following

automatically ignore nost of the genes and select a
three #68Y pst di scriminatory genes. 20 [0173] The
di sceit@BbaI9E s0BH RerkBBLI4) I>l19)ﬁf-6 Ste 116'1}3632)3@00 genes

each 'into two disjoint intervals, ile there is no

whered 980 oR 76254 ﬁldtnw Tearearicrler Eere6Bogalingdo tisemergngdrieit.e s
inandW @l e J'n;ﬁe £ 3 ﬂz%gé?lé K03%07 99%}6369&1 Jah€ ;s HENES t1BH 89.20 and the

conS| articu discrimnatory genes and

gene R762(t4’s emessmn hsemsleasahﬁnkié’l &ﬁm@uthmp@dﬁtli’ﬁ?kﬁeﬂp@ﬁ@p s/t Jpss
r

tan G324 ERR R ol L B D« Bt O Gl 1

nmet hod thus | ays domn a foundation for the efficient

Govery i;Ng patterns, t her eby

Exmm@% 5?“% a%mnS%Pergfl%ﬂE% ‘huge numbers of noi sy
[o166p aThie dms set {:cﬁﬂazﬂ]geﬂb&prdssﬁlﬂ lesvtls afxtornoah caile snd chscerells and is

spnmar i d in rst olL,ym .30
obtaing R0 hEES serha BR of proirshedis b S BEmelsrid TPt Shoridl
of genk &[@r@@ﬁiﬁvaﬁﬁfﬁg)ﬁ st 6,500 gblﬁﬁ eff 22abmahtistue sﬁxhﬂs.ﬁﬁ!ﬂ d0lcolon

col um ana t S S an n
tumor fp5g @mpg‘fa °§@Wﬁﬂmﬂﬁmﬁg’mﬁ§%@ﬁ g?fi 3319 Pl oad
patterfsidt ﬁd’ Y St phestibn rbadale® blPclad@ing XileH Sﬂﬂmbﬂhn&nbiﬁial colon @édies
ematical convention 46 21 February 2007

Probe@mzwgl%@e pes SEpsersrgu TtionahAcgdamier sciagesof the United
States'f Bk &hn, ﬁ@aﬂmmI(@g»emexbmlda@&adﬁwmm%ﬂeie the

range and a round bracket excludes the boundary

sampiwmmoserra@p@ng to Beirminisa inronbsacips te gl hersacpeTided
lower %M‘fm?ﬂftf f&éf i dI‘H@‘?édQ&Q dhtﬂ Eé@ is %lﬁlytal@ﬁﬁbﬁ B&he internet

I nterva ne nunb I nterval s Sequence

-msﬁemuﬁMQammmBmQ@gDa@IW®W1®§WﬁWﬂ%Mm@Wigﬂ +00)  3' UTR 408 -

RI BOSOMAL PROTEIN S16 (HUMAN) 2 T49941 ( 272.5444),
[ 272. 5444, +00) 3' UTR PUTATI VE | NSULI N- LI KE GROATH

[0167F AThiDRx arlpleASHORIrA eebcamddviththeSolBAG PibbB#Hs39874) |
[94. 39874, +m) gene Honop sapi ens thyroid autoantigen
(truncated actin-binding protein) nRNA, conplete cds
[0168] 1. Which intervals of the expression values of a gene, or which combinations of

intervals of multiple genes, only occur in the cancer tissues but not in the normal tissues, or only

occur in the normal tissues but not in the cancer tissues?

[0169] 2. How is it possible to discretize a range of the expression values of a gene into

multiple intervals so that the above mentioned contrasting intervals or interval combinations, in

_ all EP’s, are informa_tive and r_eliable?
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4 R34701 (- Po, 446. 0319) ) [446 0319, +OO) 3' Lfll-r'ﬁ)ebruary 2007
TRANS- ACTI NG TRANSCRI PTI ONAL PROTEI N | CP4
(Varicella-zoster virus) 5 X62153 ( 395.2505),
[ 395. 2505, +m) gene H. sapiens nRNA for Pl protein
(PI.h) 6 T72403 296.5696), [296.5696, +00) 3' UTR HLA

- W64 HI STOCOVPATI BI LI TY  ANTI GEN, DE@CBYG20020p4490
CHAI N PRECURSCR (Hono sapiens) 7 L02426 390.6063),

[0170@ 3RCHNBBdiscovadd mperas Heusano @i@férqmpla&sﬂ“mmn (8lk) i.e., predicting

EE U| at S%OF%?S&?C@%’.‘JZ‘IEUS COdleﬁ(:gLﬂg_lue e?ngest Seﬁgx}%s]ioé PO
experﬁeht;?drogenase 2 MRNA 9 U20428 207. 8004) [207 8004,

+00) gene Human unknown protein (SNC19) nRNA, parti al

cds 10 R53936 ( 206.2879), [206.2879, +00) 3" UTR

[0171FR@BEde&erBﬁ%BHéJW§&s%§sédM des. F&GH mam&ara@wc(gs
mbe) "11 H11650 (-, 211.6081), [211 6081, +00). 3'

its 2. RPEee BSOS T ERBSTAT RS P 2 TR HE heontiiogbIoy.

e S 15 E
s 010 04 Tkl LS Tl 0

been Yiewsd as ki gal7 gnep)resufting i apgasy platierm whgre a sprll pprghes ofgoriip

diaen&BE SiaRks SleRonddtledMRNA,  conpl ete cds 14 J04182 (-00,

ENTEY 04§ ?fs% 04, +00) gene LYSOSOME- ASSOCI ATED
I\/EI\/BRANE GLYCOPROTEI N 1 PRECURSOR (HUMAN) 15 MB3680

T
by theRﬂBﬂ@ Of YILOB+ (24, KokHR B), Joljn2G9La3R., Magley, D3'and AilRz8384 23

AT S R AT R

(1994))]\[[nTshdkﬂ,' Itlfa‘ﬂe-Bigﬁiliﬁa data Adt BH&g@iﬂB&J&ﬂrﬁEﬂe@ﬂdalto tisapgioaidita &8 In

this e§a81p ebev rFSﬁntﬁB?,s %fﬁ%‘ﬁ*ﬁfmfi 8? g? 8%5(0@ en s:ar}g seiél&g@gnd%Ncﬁ
genes @ TReddgedl AlnyArdp§bhsel dig@aRation ol gérerace teh@lsREd 828 (

“mas R AT SR A DB U RS PP AL 8
exprestof Odibes 2ebfh chidohs cellls Tfhe LREoby-bax0d dis@eia o iethiol BhnkhNASE

C.SUBSTRATE, 80 KD
automaticaily ignore most of the genes and select a few most discriminatory genes.

~[0173] - The discretization method partitions 35 of the 2,000 genes-each-into two disjoint - - - - - -

intervals, while there is no cut point in the remaining 1,965 genes. This indicates that only
1.75% (= 35/2000) of the genes are considered to be particularly discriminatory genes and that
the others can be considered to be relatively unimportant for classification. Deriving a small

number of good diagnostic genes, the discretization method thus lays down a foundation for the

 efficient discovery of reliable emerging patterns, thereby obviating the generation of huge

numbers of noisy patterns.

[0174] The discretization results are summarized in Table D, in which: the first column

_contains the list of 35 genes; the second column shows the gene numbers; the intervals are

presented in column 3; and the gene’s sequence and name are presented at columns 4 and 5,

respectively. The intervals in Table D are expressed in a well-known mathematical convention
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PROTEI N , HEAVY CHAIN (HUMAN); contains TARL
repetitive el ement 21 T51250 212-137) . [212, 137, 043~ 277
3' UTR CYTOCHROVE C OXI DASE POLYPEPTIDE
VI 11-LI VER/ HEART (HUMAN) 22 X12671 (-w, 149.4719),
[149.4719, +w) gene Human gene for heterogeneous
wngedoaRe4 ri bonucl eoprotein (hnRNP) cor e PEF/8G2002{900800 23
T49703 (--9%3411025),[342.1025, +00) 3' UTR 60S ACIDI C
in whitt BQEGS/KiackeRGFER iN:llBive of e byundarh hemipe of the thgsandy rogufl
00, . 76. 501) [ 76. 86501, +oe ene Human
bm"ke&?j‘rc@ﬁ?%i'?:o UAHEOPE ¢ ecept or pr ot ei n ZTR%IA conpl ete
cds 47 ------- ----- -- 21 February 2007 WO
2004/ 019264 PCT/ SG200 %90 25 X16316 (-. :

27499 65. 274 VAV 6
The BQJngfsiyh](:l)l \fgr[f d@ggtg;&? by[ T?'Jsed %ﬂm cémpﬁ oréeMO}gl\?v

a_nCRNA,_ogng_et—e——-e-ds—-z—Z—I:BQ-Q&’SHQ——
n UTEE I\/ETALL(PAN— STIMJULIN 1
AR RORase ETHAR

NG iRzt Nsé@ﬁ’lﬂﬁm(c&ams .
3 ELBNGANTIEI. FRGT DRSS HAGAMa( Horismo @Hglﬁ @m, autoBLENBBER?

(-00, 65.27499 65. 27499 "apt ] A3
¢ B ade AR R A of W%eﬁ% T
s copphat %-«:%95525% 53%%% f3. 0 @
6  0efRiklURENodN BTRf q&A@Ess(mmj Mpmm:enm)

conpl ete cds 32 R43914 ( 65. 27A99)EN, PEH ARTENGGIAINNWY)  3'

UTR CREB- Bl NDI NG PROTEI N ( Mus WWP&@W%@HWB??&
7 9pE2M980% ) 390 GES [HUBT, +°°~1n§e“ﬁgen DR e (e gD subuoit

AL NASE; PR
A R

e %g = C 1
[6 850 gene Horm sapllﬁjﬁacc(scl one, PEBPZaAI)
10 CORBoI de WER8790, LLOE2ABTY, +4) memormomﬁmaﬂwmwmw@mwm

ki nase del t
List 20661127 er‘[mzoo 7217,

numbe mber
a1

oo

CBFAl ) (Schizosaccharomyces pombe)

11 H11650 (-, 211.6081), (2116081, +=) 3'UTR  ADP-RIBOSYLATION FACTOR 4 (Homo
sapiens)

12 R59097  (~=, 402.66), [402.66, +=) 3'UTR  TYROSINE-PROTEIN KINASE RECEPTOR
TIE-1 PRECURSOR (Mus musculus)

13 T49732 (-, 110,7312),(119.7312, +&) 3’ UTR  Human SeRNP core protein Sm D2 mRNA,
complete cds

14 J04182  (-=, 159.04), [159.04, ++) gene LYSOSOME-ASSOCIATED MEMBRANE

e e GLYCOPROTEIN 1 FRECURSCOR (HUMAN}

15 M33680 (-, 3523133}, [352.3133, +=) gene Humsan 26-kDa cell surface protein TAPA-1
mRNA, complete cds

16 RO9400 (-, 219.7038), [219.7038, +) 3' UTR 839423 PROTEINI-5111,

‘ INTERFERON-GAMMA-INDUCED

17 RIQ707 (-, 378.7988), [378.7988, +) 3’ UTR  TRANSLATIONAL INTTIATION FACTOR 2
ALPHA SUBUNIT (Homo sapiens)

18 D23672 (-, 466.8373), [466.8373, +=) pene Human mRNA for biotin-{propjonyl-CoA-

. carboxylase (ATP-hydrolysing)] ligase,

complete cds

19 R54818 (-, 153.1559), [153.1558, +) 3’ UTR.  Human eukaryotic initiation factor 2B-epstion
mRNA, partial cds

20 J03075 (-, 218.1981), [218.198], +o} gene - PROTEIN KINASE C SUBSTRATE, 80 KD
: PROTEIN, HEAVY CHAIN (HUMAN);
: containg TAR1 repetitive element

21 T51250 (=, 212,137, [212.137, +=} 3’ UTR  CYTOCHROME C OXIDASE
POLYPEPTIDE VII-LIVER/HEART
(HUMAN)

22 X12671 (-0, 149.4719), [149.4719, +=) gene Human gene for heterogeneous nuclear

' ribonucleoprotein (hnRNP) core protein Al
23 T49703  (-,342.1025), [342.1025, +=) 3’ UTR  60S ACIDIC RIBOSOMAL PROTEIN P1
' (Polyorchis penicillatus)
24 UO3BES (-, 76.86501), [76.86501, +=) gene Human adrenergic alpha-1b receptor protein
: : mRNA, complete cds
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MRNA, 3' end of cds 35 1115662 (-m 894. 9052) 21 February 2007
- [894. 9052, +w) 3' UTR GLUTAMATE (Mus nuscul us) [01751,
There is a total of 70 intervals. Accordingly, there
are 70 itens involved, where an itemis a pair
conprising a gene |linked with an interval. The 70

WG 0g¥h%26% e i ndexed, as follows: the fir8€T/gEmeoeisono
intervals are indexed as the 1St and 2ad itens, the

25 | t Hi6HE ne 5.0 P va) ecias 5 VPHEN
26 (j VBTH (7 A2 BHEHS 3838 g E?Wﬂmgﬁ%m
27 UNgo&Y’ %ﬁﬂﬂ 7%9{2'06 72h LB 3 FH S MErROSH Al STIGOIN € RloB Lapiens)

28 WhERooE easl fd@s43 N @ko\bEdti-N G BIET GCRST/RIANSEISNDING PROTEIN
exanpl e, the pattern {2} r epraB@RNRStus norvegicus)

2% { GoNEHLes e:@mmmis@ +#+1)3} UTH 0 ERGYG KA FPCHOR 1AM filgmo

based on the discretized datas®iE¥FE di scover eg u3| n

A e T R Pl

a1 angy 5P P m&%%% 58) forORE (ot Nt
m ni ng of enmerging pat erns [RoreRiapke@s t rends and

32 di fbemens 65274090 6017aB i-n FSUTHE  tAREB-BINDING PACERSMBIKEDIS: ulus)

33 | nUsFHat+, 86340500 egenon KBRS Ymééﬂ@r AENG

Data M ning, 43-52, (1999) [MONO mweel ing
oy B85S LA RARLISHEL foeyT ‘*“"E"%F‘

34 85 S ¢l aAl) core -binding
dassi % "I* 'S, DRk Al BdHainQiph GHIRY (EHFAL)
Sci ence and Sof t war e Engi neerlmmgm,stkwwedssmy of

35 Melibedar ne go42S2)Nasionsal 4=n.3' UIR  BLUTAAN. (MGEmuscuid
Ramanohanar ao, K., "Making use of the nbst expressive

o R S B S A A e
item jsA Yfdir lcbml%rdmg a @'Igﬁﬁnﬁﬂaﬁm fafl ﬁ}.ter%l t;lﬁﬂd 11:E)gng¢ Tntﬂ?zxpd, af fodlows:
the fir G G B AT AT g GOV RS, e T asps e e

the (*b18th §ﬁd/(@'ﬂ§t§ fathd) andtheTsH g&ﬂetkrtﬁb inteBai @ BR e and 1o Machy, Meis
Learnin 551- 558, (2000)). . The alg r|thn§ an derk

index i lsﬁﬁﬂﬁ‘ﬁ'iﬂ E@WQF \fjﬂ‘%tet”é% patiefigag iDaters £ 24

represtTRe %H%@[{(ﬁqqpﬁt,_@p one class of data (i.e., in this
case normal tissues or cancerous tissues), but do not
occur at all in the other class. A total of 19,501

0176 1" gﬂ{gg fbred B4R Bn ROBAGL L Sk BAEREHvdrS Jsiﬁ’gtvﬂpéﬂmém

tissu he colon tunor data set, 48 21 Februar

‘bordersR@A algihiRe BPROFRIDIBHand TG PRAOTR (560 Domn Gy &i. J., Tftidiont

mmng&%&%}{gﬁgﬁ nﬁrﬂs&vérﬂigﬁje%ﬁfan@d@fgénc@q BrotRiic R JPAY Ei

requency I € cancerous ti1ssues, were
ACM ﬂ@KDEdﬂkeﬂnynmhb&mfeaéngmn Krowobedgd DNSCOYary FedPase MBing 452,

e n f
050y L s e e KRS CoBl gl ol BRSUE Rl p0.
TheﬂsCBélﬁﬁﬁlaw 8f u:amteeScwm eSoftwedk Engmdeﬂng, GlpivasityrP Meltwogke,
trqong each cas u hows. t he S.
1"““""'T"“%F\;eLl ? ﬂ%‘ﬁi g ‘ﬁg %ﬂg&e ?@feémf%cmﬁfﬁaa nd
jumpifizemekgingt ph@enm&tcﬁsﬁﬁdaua@ K:ﬁﬁdedg&}nd Ihﬁ)ﬁeﬁﬁoﬁ @B‘tem.he 131-d45,
I scussed and i ndexeg@herel pl_% le E: 10.The tmso
(20013300555 Jo RaeeliRatoo - 91 neg piscq g SeRnEST TR
and itd ih&GSHEB mbih@Rbntd bl FohiGfins, ”'P?oc%é@rﬁgs of e Seventeenth International
Conference on Machine Learning, 551-558, (2000)). The algorithms can derive “Jumping
Emerging Patterns™ — those EP’s which are maximally frequent in one class of data (i.e., in this

case normal tissues or cancerous tissues), but do not occur at all in the other class. A total of

19,501 EP’s, which have a non-zero frequency in the normal tissues of the colon tumor data set,
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Energi ng Patterns Counts normal tissues tunor ofirS§USS 2007

Strong EP's Counts normal tissues {2,3,6,7,13,17, 33
20 90.91% 0% (67) 7 31.82% (2,3,11,17,23,35) 20
90.91% 0% 159) 6 27.27% (2,3,11,17,33,35) 20 90.91%
0% {61 } 6 27.27% (2,3,7,11,17,33 1 20 90.91% 0% (70
WO GHRR627% (2,3,7, 11,17, 23) 20 90. 919€086H@tdINY
27.27% {2,3,6,7,13,17,23) 20 90.91% 0% (66} 6 27.27%
were d{seovameB, afd Dol 033165 2D’ sWhich hdeQoh-63) fréqueity 2vilie cah@r@is
. 6,7, 8 17 2}%2 20 90.91% 0% 149, 661 4 18.18% '
tissues; erg dgsived,bybesa gleoBinG ) 9194 096 {49, 66 ) 4 18. 18%
(2 3 6 17,33,35) 20 90.91% 0% 59,63 ) 4 18.18%
13,39,411 19 86.36% 0% (59, 70) 4 18.18%
[01771( zT@k@ ‘Epang B ity sorted oy dgeroniias, ady 9@'@@9@@5 of goigeegefor tb%z?e
norma%sue@ %ui tﬂelﬁm cﬂﬁ:e}ou&@ssﬁz@ res 4% hoh 8 268p°¢@nd subng B4, 8]%
3} 86. 36% 0% 149, 59, 66 }
each cass, celm%n l{sh@vsehwEPésa Tctlm nmsbe;rs in Gie pattegsSfPOFRPERID 16,38, aﬂééz
1, 63 3
inthe 658, ). G By by fopd ool A 28 52, Y0 )
3 13.64% (2,3 17, 21, 23, 35} 19 86.36% 0% (59, 61,
631 3 13.64% 2,5, 6’T§blel% 23,31 } 19 86.36% 0% (59,
63, 70) 3 13. 64% 7,13, 23, 31 } 19 86.36%
0% ( 4% 5,20 EB)s aBd ﬂl@t@&%tro‘ﬁam’e hﬁhmnqrmpl tgeEP' s and
the top 20 strong EP's in the 40 cancerous tissues.
15 49 21 February 2007 WO 2004/019264

PCT/ SG2002/ 000190F#¢eq. FFeqin in Freq. |In_ Enmer gieign
EmergilpRattenny ns  COPPAE s Pl Hygdes t fuaos Hssug ropg ER’ N

(23, P15 eBUnt @ nor mafHfssues 0% ( 1{667}58 62 ] 30 095"
(2,3, 15700%( 30) 18 4B.00% { 2@%58 629} 26 0% 65, 00047¢1%)
12,3, 16748939P% of 28, 5861425 0%p62. 50061410) 15 8750% 2727%

{2372?1 3233?2 63’01 25 0gh g, 50% {524 1{7%'? 37. 50%, 27.27%

{2,3,7,1,17,23} 20 90.91% 0% (49} 6 27.27%
(2,3,6,7,13,17,23) 20 90.91% - 0% {66} 6 27.27%
{2,3,6,7,9,17,33} 20 90.91% 0% {63} 6 27.27%
{2,3,6,7,9,17,23} 20 90.91% 0% 149,66 4 18.18%
(2.3,6,17,23,35} 20 90.91% 0%  {49,66) 4 18.18%
(2,3,617,3,35) 20 90.91% 0% (59,63} 4 18.18%
U f2,67,13,30,41) 19 seas% 0% {59,701 4 1818%
{2,3,6,7,13,41} 19 86.36% 0% {59,63) - 4 18.18%
[2.6,35,39,41,45) 19 86.36% 0%  {59,70} 4 18.18%
{2,3.6,7,9,31,33] 19 86.36% 0%  {49,59,66} 3 13.64%
{2,6,7,39,4,45) 19 8636% - 0%  {49,59.66} 3 13.64%
{2,3,6,7,41,45 19 86.36% 0%  {59,61,63} 3 13.64%
{2,6,9,35,39,41) 19 86.36% 0% [59,63,70) 3 13.64%
(2,3,17,21,23,35} 19 86.36% 0%  {59,6L,63] 3 13.64%
{2,3.6,7,11,23,31} . 19 86.36% 0%  {59,63,70) 3 13.64%
(2,3,6,7,13,23,31} 19 86.36% 0%  {49,50,66} 3 13.64%
Table F

~ The top 20 EP’s and the top 20 strong EP’s in the 40 cancerous tissues.
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{ 26, 52, 68 } 25 0% 62.50% (341 14 35.00% {
16, 38, 58) 24 0% 60.00% { 361 13 32.50% { 16, 245°Pryasy 5007
24 0% 60.00%{ 1 } 13 32.50% { 16, 26,52, 62} 24 0%
60. 00% {51 13 32.50% { 16,42, 68 } 24 0% 60. 00% { 8)
13 32.50% (26, 28,52) 23 0% 57.50% {24,30 1 11 27.50%

WO201@19288, 52, 68 } 23 0% 57.5090 { 30, 32CHS@02BTIB0%
{ 16, 38, 52, 621 23 0% 57.50%{ 24,30 } 11 27.50% {

26,52,54 } 22 0%@5 00%H&E0y 34T 11 27.50% (26, B&ln22

L4 )l tisgi®s 2 Pun@O)ihgpes! JtRugERA Gt Rorfi fissues.

t1s, 53562}00% 3010 14 ¥%10 25.656% (16036, 581 B2 0% 55:900% {

{26,52@) 34) % 22.50%% (26, 38558) 22 10% 55. 008 { 14, @bod 9

(28,52250% {832, 58 1 0B2 0% 55.500% (8910) 9 28 50% 57,505

{26525%226432 58} 22 0955, 00%1 10, 24 i 9 22.50%

6 22 09%5. 00%% %10 4249 22.50% [ 0178 %0ne

{26,588 Inci palas i nsi gh®% t hat @& be {dd¢duced fHom t he3s.00%

{ 16,382588r gi ng2patternspare Sdagawmri zedyas fol jsows. Fiarsed

(16, 42t %ie} bor d_;;*r - based ,ha;\l gori téﬂﬂﬁ% S gigla}r ant eedBt o di SEQYer

ener gi ng% patterns. 179] Sone of the"

{16, 266??Eq2él ng%pattern are suPfi% SI n(él}y i nt er®st i ng, 3250%
{16.4p@nticul 2rly foro%hose tdoat®% cdarstlain a rsl ati ved2pos

{ 26,24 #Ange nuygber of ggnes. E,qgoq@xarfghg@}althgugh t hg 509
es 7 genes

t , 3, 6, 7, 13, onbi
{16.3 i gg?her it can"®till P%%Oéy a \/@W‘lfar geﬂf requeﬁégjf"
{16, 33(5905291%23| n the Mornmal FP¥sued24ddhely Hl nost By
{26,5qmnmal cel |'s exgw essi orssved ue33sani sfy all of 4/Bex

{ 26, 32(‘1ond| tiogs 10 inplied byshdye 7 (hgpp. Hoyever, nq.,

ngl e cancerous cell satisfies all the conditions,
t1s, Sﬁﬂéerve Zthat al % of t he”Popert &dbl pat t¥rns of 20k
{16,56pRtt ern 22, 3, 60% 7, 13,5540% 33R4.3¢hcl udbng si nglset ons
{26,383980 t hezxconbi nagd ons ofssgiex |1 t@RBe ) MUStghave aps 509

on- zer o, frequen inb f the .normal  and
{32 58gancerous tlssue@l Thi s%nébggs t%a]to}there must 0% at

(16,53 ¥3dst on® cell f%%m bot F58% t hd Bé¢hal @nd canBé&%us

{22,26t429sues matisfyiog the ocemdi ti grswoinplied by amgsos
sub=patterns—of {23767 131715333 —5021
February 2007 WO 2004/019264 PCT/ SG2002/ 000190

[0178] Some principal insights that can be deduced from the emerging pattetns are

_ summarized as follows. First, the border-based algorithm is guaranteed to discover all the

emerging patterns.

[0179] Some of the emerging patterns are surprisingly interesting, particularly for those that
contain a relatively large number of genes. Fdr example, although the pattern {2, 3, 6, 7, 13, 17,
33} combines 7 genes together, it can still have a very large frequency (90.91%) in the normal
tissues, namely almost every normal cell’s expression values satisfy all of the conditions

10 implied by the 7 itemst However, no single cancerous ceil satisfies all the conditions. Observe
that all of the proper sub-patterns of the pattern {2, 3, 6, 7, 13, 17, 33}, including singletons and
the combinations of six items, must have a non-zero frequency in both of the normal and
cancerous tissues. This means that there must exist at least one cell from both of the normal
and cancerous tissues satisfying the conditions implied by any sub-patterns of {2, 3, 6,7, 13, 17,

15 33}
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[0180] The frequency of a singleton energing paFL&lbry 2007

such as {5 } is not necessarily larger than the

frequency of an energing pattern that contains nore

than one item for exanple {16, 58, 62}. Thus the

pattern {5} is an enmerging pattern in the cancerous

wQlgHess with a frequency of 32.5% whi cRCi/SGd30um902. 3

times | ess than the frequency (75% of the pattern
[0180K 1Ghe HmerRRdf a singllvin 8mérpicly patteassutinat{5} i aot nedessadiy ddrgesi S

of gene expression data, ﬂrog&% of genes and th i{:r1
than the SefecyF BheEREE LD B SRATHBPE RGBT EAh D R i iyl o
58, 620 ETHRS the pRikeL]5} Wah BRink PRiefl i6 Ge@lricgais tBuchwitthoibqaady

t he border-based EP di scavery al%orithms ié vlei% very
of 32.57ahick 1§ 2pus & {iwes less Jee the SemusBed  SAET Jiemgtepuk fePn@lt hat
This ifdRYRs ! BLhE HBAHS B%?ﬁéexpémma oubP of 3Ads ahd el , 965

ot her genes aré each partitioned into two intervals as
correlafiend are hefieringd Mete dmpgrignt'thawsipgle geneg'  possi bl e patterns

having a | ength of 7. The enuneration of such a huge

nunber of patterns and the calculation of their
[0181] r &¢jthewidheatiscieszaipmmethasint thebardershasadFR discoveryialgotithpg, it is

Even..w i scret| ' 1Al :
very Bl s foblo 3l Rl Ml Ok Ep 8, Kuming
that the X, pénsthor genkoare eadh priiticeed ing tvhntepeistae wall, fiRn thgre 2@, 7,
13, 17, 33}. It can b preci ated.that th roblem.i s
"Connd i ROR RS SV o i Fpneui 1y G e B
Gkng 0ciis pricsl G (R e ( BRA with
Patten?i S e%%a?%ga?g% ‘;f?gegr{tfal n crlr‘%)érl‘se I?ﬁlg%ly?ﬁlgééﬁg%t [ 0183] e
the distiletitghméthe), the aaiaf entuhaationof DOY del pitase i stll ©o expehsine, for
_only those EP's whose ﬁgo er subsets are nat energing
discovprang tea patiem §2.8, &li7s otk Pl 1t qam beanpecialsd fhot theprphim jseven
ﬁgﬁﬁ} it oli 5t B SONREERDvER BP's (not listed
fnote ﬂ]ﬁlg?% Y, ’ﬁﬁ%}‘gggﬁ%‘r}w%%per sEet of a di sgover esd(n%PSi S
here) cehtein naome aet gongsg pattern. For exanple, using the EP' s
with the count of 20 (shown in Table E), a very |ong
energing pattern, {2, 3, 6, 7, 9,11,13,17, 23, 29, 383,
[018213 5 Throbgtathe oo nbthe tve tofdedtiisgictmsithmai oty thése EP's whese prapeit

f 2 . b [ .25 83l.... Not
suboi i D e RHEE R ot SRt Bel BEL oA B afhed e
the dist6vered [EPS. Getierally) aag propdd wdperseivé n disanverad BP @plgo &R meerdingm

* panen 15 e SRR TR T it ol BT IR A e BRE T

emergG@YafaT (R, @ 7PRLLEB7HI3S 2R BEI3EY, thiy cdnbiers ofyitgenes, wifhGAB4]
In suynmary, .the_ discovered energing patterns always
Smme%%ﬂf%@%gmgegﬂﬁm¢ nunmber of 30 genes. This result not
only allows users to focus on a small nunber of good
di agnostic indicators, but nore inportantly it .
[0183} o Note that g5tk theGE Epsaesiustigately at feqet oge ‘maﬁ%ﬂ Hprg its own
class, Bt (‘ggJeE@Jnﬁg'l any BP REmGRHRleP@hds O Rcfdifdhe ﬂﬁ;@rﬁ%& hat RhrBEd4Bé S
and the frequency of the conbinations. e discovered
wholeaiate migll hepajisa evest et of dpfa eovpseidyagalrediscoyerqdiy the system.
properties of a newcell. 51 21 February 2007 WO
2004/ 019264 PCT/ SG2002/ 000190 [0185] Next, energin
[0184pa it emmsary the disswvered emgrging pattoma alyepssenthipratial numbes f t o
gencs.s’ﬁﬁs rlgsolﬁ\{ n%fc' gnfljl('l aljlr;)%vlsq §sers to focus on a small number of good diagnostic

indicators, but more importantly it reveals some interactions of the genes which are originated

- in the combination of the genes” intervals and the frequency of the combinations. The

discovered emerging patterns can be used to predict the properties of a new cell.
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patterns are in predicting whether a new cell Ji§eprary 2007

normal or cancerous. 5 [0186] As shown in Tables E and
Table F, the frequency of the EP s is very |arge and
hence the groups of genes are good indicators for
classifying new tissues. It is useful to test the
weHBfU2Hess of the patterns by conducti ngCHSG2002/000190
"Leave- One- Qut - Cross-Val i dati on" (LOOCV)
classification task. By LOOCV, the first instance of
he 62 tissues is identified a test .inst
(01853, 1y §eF ARG THSE OB s ey A g Y
patterfi@fedn prREAR: E"w’h&ﬁerh'iibﬁ cd)l 9 SQ BT @ caerbusom t he first
i nstance through to the 62nd one, it is possible to
get an accuracy, given by the percent of the

[0186]' n ?Js A Sn Wbl B a8 BatfOl, kR Helpendyl o tHe EPQGs velyOdRd Ind Hance
his exanple, the two sub-data sets respectlvef%%

the gr@@mﬁgsltee are @@Odtwfbcam?mlaﬂﬁlfngmeﬁ dissups, didggssfubiqdes
usefulﬁe@&g%{eq)uéeéﬁffbg fc&{ﬁq&mg Iy SEUGS Onel B cfedang&due@’ €oorest |y

i ct's 2 tissues. Only three normal

.classxftcatsmm@b BNLOORY, therfingt inggiye Wéheeﬁz\msﬁ@ﬁgﬁ ifentifigdag 4tped as

instan§3038 e lih SRR e AL 0 GADGRIMA. RIRANE Rl proccBudnd

VWEI € W assl ues. This
from meefimlmstanmﬂmom tQ th:rpzndsnhe,m it possible &nsgst an apguraciegiven by the

percen&?lftﬁ rl?%;%l%‘%,vfhl%r Cfﬂg pre&ﬁﬁg BZ 3 :1 Z?‘/,S Kk iT, SD. W,

Schumer , , and Haussler, D., "Support vector

{Oisdminyhﬁe@%vﬁq B S A PR G0 b ot S

tissuesHn@ thﬁfzﬁkﬁb@tﬂaﬁlglg t@ﬁleél. 6rho ggldgﬁoﬂi coﬁé&ﬂﬁ)ﬁt):dicgsrﬁl\ggcﬂmﬁstlsiuee d
Si X tissues T 4, n . usin
Outy i pprmaiisiss 05 2. SrpLiest wieoly Orsvned Bepicrnn ol Mg

two czh&@olﬁ HA0Rcew ﬁﬂ%glv@s&w&hgﬁdmﬁbm namatmuespmsﬁmmﬂn

herein differ fromthose ms-cla S|f|ed the
be comppate giith a eReleigtherliferatiige gy Py CNS W‘ffy

N., BRY, D.WHYshuidRr RE! A HIRREL mf*‘sﬁﬂi}&t Géc@ﬁﬁ;hcﬂﬁr@@hbsﬁlbauon
met hod presented hereln i s better than the SVM

and vaidation of cangr fissucgBplPy Using nigoBY STFsEeay HPMIORAIED| on

16: 906-@[@?06@ ﬁls%@a%?ﬁéd MfsYuek OB 1% Twﬂmh%n@ﬂ%), seigalooy

or mal or cancerous) tISSUG shoul contaln a

_wgmmsmwmégmﬁanw@ﬂlammggmngHQﬁ@pﬁ@mmhbﬁmwﬁﬁ¥@ﬁdhEﬁW@@ﬂH@S)

' presen‘f{d%er@fn%ﬂ‘fe; frﬁlfl %?e mf3! %ﬁss@ﬁeﬁ%ﬂe S@W@&Bodo ExcEfe'T ohd ﬁ‘??: WB@

25

30

I SSUes ver ased on the nethods
mis-clpssifisdnt w)hm ithe, perfortnesde of fhe Slassification methodpresepiadlyergipiss

v p-ranked highly frequent EP's, fromthe
bﬂkwgg?ﬁ Sggé mﬁf tissues. 52 - - ------- ----- 21
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' he third ted h
o1s8] b1/ ve P g FEColg B R ot v o Rl
1dea115i 'a $5t4REmdl Wr canbbrdus) (e shauld cdNER) a Mrge mﬂuemsfgiws from the

| assi fied as cancero tlss es h the re uIt of
normal (05 BFEPELFHGPE ?Sﬁw@végs Sﬁ% B hegpies

tissues. However, based on the methods presented herein, a test tissue can contain many EP s,

even the top-ranked highly frequent EP’s, from the both classes of tissues.
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15

5 [0190] According to the classification resuldy$egary 2007
the sane data set, our nethod perforns nuch better
than a SVM net hod and a clustering nethod. Boundary
EP' s [0191] Alternatively, the CFS nethod sel ected 23
features fromthe 2,000 original genes as 10 being
WG HeHBet i nportant. Al of the 23 feat uPEEsSGM2800190
partitioned into two intervals. [0192] A total of 371
[0189]0 0 Ukidathy tHER'ne:thof prechins ¢ bareinabalvel, 58 dftthe Cltiamies avf caneetlyal

.cells, and 131 SN the cance | ]
precicf ot it f5ren @0 D ot ar iy Wor S fRIP SR gl
tissues) Thiis@hid 8suRIof cladsHioitet it oes When@trdrp Hihwareestdiod descri bed

her ei nabove. Sonme top ranked boundary EP' s are 15

presented in Table G . Table G The top 10 ranked
[019010 O WRERiNg tBheSlakdifidalh rEQfd BH theCdas Sat@dde] ol mdthvd pedsiaRr ous

class are listed. Boundary EP's Qccurrence Qccurrence
much pegerhan A HMEmedied andgrelusteringgnethody 27 23, 31) 18(81.8% 0

{2,6,7,21, 23, 25,31} 18(81.8% 0 (2,6,7,9,15,21,31)

18(81.8% 01 {2, 6, 7, 9,15, 23, 31) 18 (81.8% O
Boundgoy B§'s7, 9, 21, 23, 31) 18 (81.8% O

o2 O 40 gl ik

being (b2 pbst 1Bp2Byt2 Hill o the 23 B{BrEs Bey pHtitigned BHioftyo Mfergals. 31 }
18(81.8% 0 {14,34,38} 0 30(75.0% (18,34,38) 0
26(65.09% (18,32,38,40} 0 25(615% { 18, 32,44) 0

{01925 (AG@al5¥P71 HodBdaByHIP’ OwR5i{s6¥eBd4n t5S8cl@s ofiebnal gells, 20071 WO

bount3y R 58 S b S22 IR0y B T of 2 s are
ranked according to the method described hereinabove. Some top ranked boundary EP’s are
presented in Table G.

Table G.

The top 10 ranked boundary EP’s in the normal class and in the cancerous class are listed.

* . | Boundary EP’s Occurrence Oeccurrence
Normal (%) cer (%)

{2,6,7,11,21,23,31} - 18(81.8%) o0
{2,6,7,21,23,25,31} 18 (81.8%) 0
{2.6,7,9, 15,21, 31} - 18(81.8%) 0
{2,6,7,9, 15,23,31) 18 (81.8%) 0
{2,6,7,9,21,23, 31} 18 (81.3%) 0
{2,6,9,21,23,25,31} 18 (81.8%) 0
{2,6,7,11, 15,31} 18 (81.8%) 0
{2,6,11,15,25,31} 18 (81.8%) 0
{2,6,15,23,25, 31} 18 (81.8%) 0
{2,6,15,21,25,31} 18 (31.8%) 0
{14,34, 38} o 30 (75.0%)
{18,34,38) 0 26 (65.0%)
{18, 32, 38, 40} 0 25 (62.5%)
{18,32, 44} 0 25 (62:5%)
{20, 34} 0 25 (62.5%)
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114, 32, 34} 0 22(55.0% 114, 28, 34} O 21(5%4$é%%my2mn
118,32, 34) 0 20(50.0% [01931 Unl i ke the ALIJA
data, discussed in Exanple 3 hereinbelow, in the col on
tunor data set there are no single genes that act as
arbitrators to clearly separate nornmal and cancer
- WQEwP42264 nst ead, gene groups reveal cont PEFBG20GHIAEn
the two classes. Note that, as well as being 5 novel,
hidées.Bowsdary EP‘q, espem al 'y those Hasoomg nmany

{jg}b@ Bgns are not—obviogs to —biol 00355 73%51“0' nedi cal

Thus—they fmay potentially reveal new

t
c
d
b %1 giiﬁ:}al functions and %may havk pot ZPP& f or
f
s

Atkhginew pat hways. P-spaces 1D [0194y5%1 can be
Eﬁg‘lg U there arg a totg of tem Uuuiwﬁl o EP

‘av-hg—the—sanre-hi-ghest—occurrence of 18 1 n the class

of normal cells. Based on these boundary EP' s, a

[0193P1 5 3RaEH8 ACRIMNIE datd, @ié&‘.lgseﬂ th Eﬁé&taglb 3%@&119&&&/ M§£olon or

specific elenent is = 31
data Sgyhef%ﬁmﬁlal%en%lgﬁt %ﬁs@éxﬂrmrs [ clenléx sep@atancmalan@.qqmr set

cells. Elfsteﬂf‘ genQ Eﬁuﬁbfre\;esl%oﬁtﬁi&s BRI He Y Hastesh Rttt a?%?ly{srb&gg ©
inthe normal class. There are ap rO)(lnH e

novelﬁhﬁs@b@md@ﬁg s.ieppeginliyghase l.laérlnsplamec:onﬁiun@c aramtwb\hws tdoy

biologh®&/ Wi ﬁe&%al ﬁgét&f__.sﬁﬂg &e)glg}:!} 5‘%‘0%\1/1\%&? Gdv il 8¥w [‘nﬁ% g]?rag glr%tgt?%s angd

usi ng
ﬁmyhpﬁﬂﬂ@p@&@ﬂﬁmhmm@wn@mwmm cl ass of the colon data. Most
General and Mobst Specific EP's Occurrence in  Nornal
class {2,6,7,11,21,23,31} 18 1{2,6,7,21,23,25,31} 18
P-spa¢e® 6,7, 9, 15, 21, 31} 18 (2,6,7,9, 15, 23 31} 18

2 6 7,.9,21 31 1, 25, 18
0194} 2 1 bespbr e e 4 B of i iyl £ ping i i
occurrBeb bﬂHh;t tlﬁ@:[h?s dfﬁnﬂﬁ%ﬂ@ 3204n Bicdd b‘ﬁ&m@@@ﬁggpace ean be
found in Whngi the only %g’st specﬁic g’lm}lent 18 2=1{2,6,79,11,15,21,23,25,31}. By
convexity, any subset of Z that is also a superset of any one of the ten boundary EP’s has an

occurrence of 18 in the normal class. There are approximately one hundred EP’s in this P-
space. Alternatively, by convexity this space can be concisely represented using only 11 EP’s,
as shown in Table H.

 Table H.

A Pyg-space in the normal class of the colon data.

Most General and Most Specific EP’s {  Occurrence in

Normal class
{2,6,7,11,21, 23,31} 18
{2,6,7,21,23,25,31} 18
{2,6,7,9,15,21, 31} 18
{2,6,7,9, 15,23, 31} 18
{2,6,7,9,21,23,31} : 18
{2,6,9,21,23,25,31} 18
{2,6,7,11,15,31} 18
{2,6,11, 15,25, 31} 18

4




10

15

20

{2, 6, 15, 21, 25, 311 18 {2, 6, 7, 9, 11, 154 Fggma,yzow
23, 25, 31) 18 [0195] In Table H, the flrst 10 S
are the nost general elenents, and the | ast one |s t he
nost specific elenment in the space. Al of the EP' s
have the sanme occurrence in both normal and cancerous

WQIgk®Eet wi t h frequencies 18 and 0 respeCCTlS@OwOﬂ@O
[0196] Fromthis P-space, it can be seen th
signifi ant ge[,eﬁ &7, BB (28, ?(lboundary EP‘Ei) can be

expanded—by—= her—genes ] hout | oss of

si gni fi gance, *Haﬁwx??f?ﬁ keepl ng hi ggh ocgcurrence in
one cl ags {ays, 7ahaenseil, 78, mﬁelptrer cless. This may be
usef u| | n i dent i fyi ng a n;a\(| faallaal | enat In n-F h

TToT gt U1 (A

bi ol ogi cal pathway. 10 [0197] Simlarly, a Pao-space

[0195183, ”Pa%?efH HRURE 10 Bpk B8 tRaNGESASE! fnRfiS, and INE1aBRSE is the
gener al EPin this space is only (14 34, 381 and the

most spesific el in he sre. i All Qffho)ERs hpxe the gamepacunggse indeth negmal
and caéwgetrcﬁlgalassé@ﬁh f%uenﬁestl%léﬂtg@{'e\ﬁ Evefan add six nore genes

chan Its occurrence.” 15 Shadow Patterns
[0198] It is also straightforward to find shadow

[0196]?3%} t‘ih%P-sEQc*% agbé %Erg%.%t\fsvlggxg{ﬂg%dg Blgton (gcgmsﬁygps)a&n bhe

Ir S row, an
expanqh:dﬁ)y eddirg some o&dzrgmebwithmlemssqf sighifitaneet, nantedy still &eqpiighigh

bset.s Q P 5 two
occurred in 36 SR BRG] B R o TR R L0
mamnﬁﬁilaﬁgdlamlcﬂdgtoa@amhraﬂow patterns. CQCccurrence Pattern
Nor mal Cancer {14,34,38} 0 30 (14,34) 1 30 (14,38} 7

38 {34,38} 531 55 ----------- --- -- ---021
[0197F € ISimhiRslY, a2QPspace 1R b2BOMOANLD 2fs4arlebibls S0 Okt GO bBAErl BPAD]

this spgc%ﬁg{,]%%ogggagé %5213%@133%1 c ig Q ¥ ﬁ%‘so?ﬂ, 960, gaS, 4%, H?&E er

45}. So, a boundary EP can add six more genes without changing its occurrence.

Shadow Patterns
[0198) 1}t is also straightforward to find shadow patterns. Table J reports a boundary EP,

shown as the first row, and its shadow patterns. These shadow pattemns can also be used to

= illustrate the point that proper subsets of a boundary EP must occur in two classes at non-zero -

frequency.

Table J.
A boundary BP and its three shadow patterns.

Occurrence
Pattern Normal Cancer
{14, 34, 38} 0 30
{14, 34} 1 30
{14, 38} 7 38
{34, 38} 5 31
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obt ai ned than other classification methods suGh rgmyary 2007
4.5, Naive Bayes, k-NN, and support vector machi nes.
The result is summarized in Table K, in which the
error rate is expressed as the absolute nunber of
fal se predictions. 5 Table K Conparison of the error
WO2a048199¢4 PCL Wit h ot her nethods, using LBORG2062/000M

colon data set. Method Error Rate C4.5 20 NB 13

[01991K - Pé¥ i@ olofpifivk st4, usificthe PEI; mefh3d, h%&teiEOOEﬁErrdx&ate kandel0

k=9 1 k=10 10 0 dditi aces. ca

obtsingSghey S crl%ﬁflﬁaﬂa%glﬁfg?% i %04 povel "&?& N SR 5%

machn@@t Bhe 166 is shiRaiBNHERbIE B dAfioh thEnSr M&ﬁﬁexptbﬁﬂedlﬁs&hb by
the nost specific elenments of all P-spaces. In other

absolutgapggler of §3ls¢ pradictivrs-ext ract i ng boundary EP's, the nost
specific plateau EP' s are extracted. The renai ning
steps of applying the PCL method are not changed. By

- Loocv, an error rate offableRiy six nisclassifications

r &g thd ddlo

Comfiedh BLOAS ud Wn ihieh, R, BGROOCSOR A Bl detg ot
Gene Expression Data Set (for |eukem a patients)
[0201] A | eukgni.a, data set (@ T. R, Slonim D.
K., Tamayo, Pﬁ.g%h%ard. C.. %sengeek M Mesi rov,
J. P., CullerC4t., Loh, M Lj20Downing, |I., Caligiuri,
M A, 20 Bl ield, C D., i%Lander, E. S,
"Mol ecul ar cl@assification of|Cancer: C ass discovery
and class priedicti on by gene2&xpressi on nonitoring,"

Sci ence, 286: -537, (1999)}.,contains a training
set of 27 sa of acute | hobl asti c | eukem a
- (ALL) and 11 pempl e acuteizb56 ---- - -- --- -- 21
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k=7 10

k=8 10

k=9 10

k=10 10

[0200] - In addition, P-spaces can be used for classification. For example, fot: the colon data
set, the ranked boundary EP’s were replaced by the most specific elements of all P-spaces. In
other words, instead of extracting boundary EP’s, the most specific platean EP’s are extracted.
The remaining steps of applying the PCL method are not changed. By LOOCV, an error rate of
only six misclassifications is obtained. This reduction is significant in comparison to those of

Table K.

Example 3: A first Gene Expression Data Set (for leukemia patients)

[0201] A leukemia data set (Golub, T. R., Slonim, D. K., Tamayo, P., Huard, C,,
Geasenbeek, M., Mesirov, J. P., Coller, H., Loh, M. L., Downing, I, Caligiuri, M., A.,
Bloomfield, C. D., & Lander, E. S., “Molecular classiﬁt;aﬁon of cancer: Class discovery and
class prediction by gene expression monitoring,” Science, 286:531-537, (1999)), contains a

training set of 27 samples of acute lymphoblastic leukemia (ALL) and 11 samples of acute
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nyel oblastic | eukema (AM.), as shown in Tabl &Gepryary 2007

her ei nabove. (ALL and AM. are two nain subtypes of

the | eukem a di sease.) This exanple utilized a blind

testing set of 20 ALL and 14 AM. sanples. The

hi gh-density ol i gonucl eoti de m croarrays used 7,129

Whoeidesof 6, 817 hunan genes. Thi s dat aPEESGRaRI0HIgI0y

avai l able at http://ww. genome.w . mt.edu/ MPR 5

myelobxstinilenta GAMIE)aastsmnsn David ©.derefoalorve.t (Ad.Llapd Abdi aze Bat a

202 sel ec nl n ene i,

rain ks b g it o8 S By elle e A iR e oFHTATE g
14 AMHaiiiplds. p]albtﬂgmdafsﬁy ﬁﬁgblﬁlgfeﬁlﬂlemﬁﬁomyﬂlsbdén129r1ﬁc&)es/<afl63317

usi n ut . int at 4. Then, two houn P s,
oy SareR T Pl PRI GBAIDIS A I 55t e SO SR 1

100% 10 occurrence in their hone class, were

di scovered, [0203] Biologically, these two EP' s
Example: i gtteny Reved from the denbgiip et on of Zyxin in a sanple

[020210 elrhe @%&ﬁ&ﬁeﬁa@mﬁ&g gede h@y%nt Bibs tlfé%dal of 3,129 ¥edttes. Alhb

class. O herw se isinthe AM_ class. This
discrefizgion mehpd|partiiens dig feajgre W%W@Mgr@wmgé@uwow B #P+-apn.
%&EE%P Ueg> bl i nd
fwo bctﬁ“est [ ngp o %y ln@b 944%‘%8'5’26 ?ngﬁg{?gsﬂltogl 1E:alglt?ll é%%oa}dfwer e
Occmmcmﬁmdlomﬁhla& W@S@FQOWI@ better than the accuracy of
the systemreported in Golub et al., Science,
286: 531-537, (1999). [0204] Biological and technical
[02031 o Bidogival theseewo FEp peivate tharefitiye esplag'@s of Ayxtithig a sample cell
is lessﬁmag ﬁé {ﬁe n{l'u ceﬂfg thoﬁflld Slastshahlcgms ]% 1% tﬂgkﬁﬂ; ?a%&.h
uman " ori g I'hclude: 't he
This nﬂ@regﬂﬂduﬂiﬁﬂ mammg sdiyifes mith@.yz sny akb@thms.eﬁdnatuleonappﬁed to the

st e ionltr G0 P O GO o e BB et in e

the ac@VRY 6RaREsyithe Spod SIS Ghllieerl. | Sofefice; 285)580-537, (1998her e m nor
- it is suggested to use nore than one gene to
strengthen the classification nmethod, as di scussed

[0204he Bﬁﬂwg&ﬁi BWieckical R0 Sdmdridies h-PBRAH mARY BagbiH B eXfRental

entropy val ues are signifi cantl | ess than t hose of

protocgls fhat Rf?ﬁé‘%?lﬁéﬂta’ hoth from fmaghing4ed h Wﬂﬁl&? tExampleinclyde: thge

produdBh HARYA RASS IheHirsparalidnl f @t{nip(ilﬂ!ﬁ thedARaGion HH&PRssidnAAkls, and

genes, whose nane, cut poi'nts, and itemindexes are

- also frpi ghedmpyrity oramisciassificatigayof tissagse T e¥precme thosppastiplperrors ~even

where gdlrﬁﬁ Oﬁ‘?srs\ﬁg%es@tfﬁ F@Jﬁ&b‘ fiGn bif2 HgI B?rréngthén%h@é‘lﬁs@lﬁ&dﬂ@ﬁ‘ &E’thod,
t wo e C

into tervals using t ut points 1n colum 2.
as discTised herainbelowdex i ndi cates the EP. 30 Table L The four

nost discrimnatory genes fromthe 7,129 features. 57

21 February 2007 WO 2004/ 019264 PCT/ SG2002/ 000190 '.
[0205F e HourzeneOwtre Rouin) twhést entropnuidnes are significantly less than those of all

the other 7,127 features when partitioned by the entropy-based discretization method. These

four genes, whose name, cut points, and item indexes ate listed in Table L, were selected for

| pattern discovery. Each feature in Table L, is partitioned into two intervals using the cut points

in column 2. The item index indicates the EP.

Table L
- The four most discriminatory genes from the 7,129 features,
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Zyxin 994 1,2 Fah 1346 3,4 Cst3 1419.5 5, 6
Troponyosin 83.5 7, 8 [0206] A total of 6 bour%gﬁl;/ruaryzow
EP' s were discovered, 3 each in the ALL and AML

cl asses. Table M presents the boundary EP s together
with their occurrence and the percentage of the
oweumrzence in the whol e class. The ref ereniGonumer S
contained in the patterns refers to the 5 interval

i ndex Femifabl e 2. [fabPenM Thr ee| bonhdary EP's in the
ALL cl &gsn and t hreggdpoundary EPjs2in the AM. cl ass.
BoundaEa\i1 EP's Cccu gnce in ALL é)% Cccurrence in AML
(%9 {5 7} 27(100/53?) {1} 27 (1 d% 0 {3} 26(96.3%
0 {2}c&311(100% |148450 10 (90{9% {6} O 10(90.9%
10 [0207] Biologicplly, the EP {_5, 71 as an exanple
says t REPORYsihe ekdrdessi on of C5F3 is less than
1419.5 and the expression of Troponysin is |less than

[0206;3 l-zf’go%ah@f‘”ﬁ HolBry TRl e distoftirdd, Ydchin ﬂ?leg% AAANIAG¥sses 50

ose genes$ I nvolved In the boundary EP's deri ved

Table By predeats the boundary EPts egetheyvdthdbair deewprenmei apacepiage,of sod

. e indieat g 15
B0 U L, TRl Uil bt
intervijdndodarBabER s {5, 7} and { 1 }. This P27-space

consists of five plateau EP.s: { 1}, 11, 71, { 1, 51,
{5, 7}, and { 1, 5, 7 }..The nost specific plateau
EP is 11, 5, 7). Note Whd¢M his EP still has a full
Oleee oewiaey BB s i the AL chiss aAd threedoerslsry EPG i B2 QBIL cldse .
accuracy of the PCL nethod is tested by applying it to
the 34 hling testing sanpl t he | eukeni ta set
(ol Hgmdey B! T obsgeifab b cBh b BEra et A Bone: Gt
cross- psafy dation (L@OGW%pn the col on data set. Wen
applied to the |eukem 0E)rai ni ng data, tohe 58 21

Febr uar 11007 21 (100%)
3} 26 (96.3%) 0
{2} 0 11 (100%)
{8} 0 10 (90.9%)
{6} 0 10 (90.9%)

[0207] Biologicaily, the EP {5, 7} as an example says that if the expression of CST3 .is less
than 1419.5 and the expression of Tropomysin is less than §3.5 then this sample is ALL with
100% accuracy. So, all those genes involved in the boundary EP’s derived by the method of the
present invention are very good diagnostic indicators for classifying ALL and AML.

[0208] A P-space was also discovered based on the two boundary EP’s {5, 7} and {1}. This
P»;-space consists of five platean EP’s: {1}, {1, 7}, {1, 5}, {5, 7}, and {1, 5, 7}. The most
* specific platean EP is {1, 5, 7}. Note that this EP still has a full occurrence of 27 in the ALL

class,

[0209] The accuracy of the PCL method is tested by applying it to the 34 blind testing sample
~of the leukemia data set (Golub et al., 1999) and by conducting a Leave-One-Out cross-
validation (LOOCY) on the colon data set. When applied to the levkemia training data, the

58




10

15

20

25

30

WO 2004/ 019264 PCT/ SG2002/ 000190 CPS met hod sekegh &gy 2007
exactly one gene, Zyxin, which was discretized into
two intervals, thereby formng a sinple rule,
expressable as: "if the level of Zyxin in a sanple is
bel ow 994, then the sanple is ALL; otherw se, the
WOHMHIR6H s Al % ' . Accordingly, as there PEI/SGIDOZ0GN
rule, there is no anbiguity in using it. This rule is
CFS nkfi0¥sadeed macéy om geﬂ@ezmra which gradtidcetizddove tmarmtewhlenh@eby
[ Q estJn d
fomrnqg p;‘é e ru}e c—*g{g C %%. gwg eervc%ior AL %mgcpfile £ belmtv g%ﬁg ﬁ’l Eh%
samplé Is AT 6tﬂﬁﬁ'ﬁﬂaﬂﬂ:| senplelswﬂ& 5 (Hmoradgly,tas tevalis cg@rtms ruld?ﬂmahd

four es in eukemi dat a,_hayve al so,been
w0 amligiip BHeiE DG L A Y e g [ e
appnee Rl thORYofDAGEEs Y 844, Alrésaldd if BometREddtiondfoRy TPGcrease t he
boundary EP' s deri ved frﬂim t hese four genes, 1%@8“ ng

accuragy, itds reﬁsa{wéﬁca? usesQpRe gidisional gaes- | Resgll that ouf grmesi the;
data hﬂalaﬁ».o b8 Widcteld s R 1R the mﬁp%ﬁﬁu by @Oedildsy-basitidereplbliioh ned

10 using the Zyxin gene al one. Exanple 4; A second

methoéeﬁﬁn%r @b yndagy B sdeived fipm e {3y gaaes p teglingtegor rate of
two nﬂdl%ﬂﬁﬂoﬁﬁés%btain@& kﬁﬁ@ B9ult id $3€ L 1elbingh X RN BeatRE By @

|'arge coll ection of gene expression profiles obtalned
uSIngﬂlpamlssenqslodee Children's Research Hospital (Yeoh A

E.J. et at, "Expression profiling of pediatric acute

Iynphoblastic | eukem a (ALL) bl asts at diagnosis
Example ;¥ seowidySeps Bxpirastion Basa et (foesubtiype obdcute bimpbetdastiand of
1cuken‘(i11 veI Opl ng therapy-induced acute nyeloid | eukem a

Plenary tal k at The Anerican Society of

[0210He fifhis @kang»}e w&aiarmunednon/b@enmpre@rdn@m,s obthioed fkam St

T o) s 3
Tude SRR Gyt ol bt B3 2 1D PRERSER pRffn i} e soue
lymphoWihski} leﬁEbrrﬁﬁQMIlﬁﬁlastsTdH diagnogis @cfcuﬂaebj predice bothtile rivie df olapse
i di zation on.t Af trix A,,

and of BHcitng Tt R o b sl e i R A RO Bl 7 o,
Amrz&ﬁt?@cﬂéﬁbﬁiéﬂamﬁl | A3 Anfal Mbaing,g@)banc&ilﬂomﬂ}bcem%et bodips ts

"P' calls were r ce nsi
The dgja,gomypeises p27 geme exprepsion o @& mugeé E‘ﬁé‘i eu? %{’ﬁﬁ 4
samplésn trRds hlobilel Rbrd 8RaihS hiyhaRkadHonWey Aty Rixamwsd dueGhip ( d)

intensity values nore than 45,000 were repl aced

contalwyg prgbey .12 598 gene ) Thehybrisizg E%“ %@d%eéﬁ legnsdippse A 2kAlgens m

with 1és§‘fhﬁ‘1f‘§ “It”léal%ave‘{@lje_r};lfc%d 64 1: ‘;@r Bpakidrat 0is ‘Oﬁfe%placed

| aced ese ene expre33| on profile

by 1 (xaiprity wies teﬁﬁéhaad@(m@aéwéedwripwwl intepsity vPlegsican ten

45 OD(%_\%L% %ﬁj&d bedbg@%g&-gﬂ %@Aeh gﬁ{{ %ﬂ%ﬁ% infensity
values(difiep by WispheBd90 wire Epl.ta]:ed/bytlr é‘éess 82wnme@ssm@r<§ﬂ® igontain

at he A g Bl P A 12 (PATE B30 1B

_"IEL-A?MD] MEd., BCRs&BIymfddrypar&plssh(Hypmtp»ﬁh)et her it is a T-ALL

or a sanple of other subtypes. If it is classified as
T-AlL, then the process is termnated. Oherw se, the

[0211p L @pm%m@ﬁumagioﬁ @sdlam\hed I?egn ised tohtﬁssﬁﬂy &fésdsﬁmﬁ]éﬁ ay\ihewmr
the sa an be classi E2A- XS, or

FIG. B 5 G1RA Py RO B PR B o S S AR Eh Py,

sampl@ofdther subtypes If it is classified as T-ALL, then the process is terminated.

Otherwise, the process is moved to level 2 in the tree to sce whether the sample can be

a classified as EZA—PBXI or one of the rémai_ning other subtypes. With similar reasoning, a
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deci si on process based on this tree can be term nated
at level 6 where the sanple is determned to be
ei t her of subtype Hyper di p>50 or, sinply "OTHERS".
[0212] The sanples are divided into a "training set”
wprod@Bessanpl es and a blind "testing set PCT/SG2002/0001%
sanples. In accordance with FIG 6, it is necessary to
decisiof probdsebassiindbiv irebacar betarnofiatadtietehb where the spmplois determiueidr s

o bo ofber AR RGP Bar G T SRS L Tabl o N Tabl e N

10 Six pairs of training data sets and blind testing

set s. ired.d sei;s I re,dl s Training set.. »
1021217 gL PR OGS B s O G0 e e B s
of 112 Iﬂpﬁle@g Tnlaboordhdd wiFIG:6, & fshedessatto Bifther b ElcadBif the two

> -
st i o TR Al o oo T TS et e
given iDL i P>50, ML, OTHERS} TEL-AM.1 vs. OTHERS3 =
{ HCR- ABL, Hyperd| p>50, 52 vs 117 27 vs 61 OTHERS3
M.L, OTHERS} BCR- ABL vs. OTHERS4 = {Hyperdi p>50, M.L,
OTHERS} 9 vs 108 6 vs @afblel@THERS4 M.L vs. OTHERSS =
{ Hyper di pgg( "UJ. t %%d&tﬂ s&fSand Bk tgsaué%ts OTHERSS5
Hyper di p> VS. Hyper di p47-50, Pseudodip, 42
Vs 52 22 vs 27 OTHERS Hypodl p, Normm} [0213]. The
PORFHERSE " IﬂmiHERSZ", " OT HERSB" " @’PHERS‘:ZL" Tﬂs‘“@TGHERSS"
" OTHEE Q i e han
@rﬁéﬂgybtype - SRS :fl: Eshovm‘ﬁ“l n i%vs e
4y Rt |.q'?.'.«ﬂ'. R ABKATP 95 %165 Covaenerati on
The @,Hae&,g.smmaMﬂs are produced in two
stepaLl N TOMERSI-SHCSAMpPHypadiss®l| | rsendier onR7vwsBhe nost
GIFBERSE M natMIIVOTEREs are selected from anong. the
¥2R 55‘8"59 en e%THERS“H{éIYPPthBHf'P)M@ 0§'§¥RS} I9rYS 1020 t K& Second

6vs
f gene selectlon

TR R
> § EHn il 50, BRI, C X P8 vz 01T BE {EF T ES:

@mﬂ%\%ﬁ % ﬁl’y P?fectlvepbecause nost of the

127558 genes were 1gnored. Only about 1,000

[0213] The “OTHERS1”, “OTHERS2”, “OTHERS3”, “OTHERS4”, “OTHERSS” and

" “OTHERS” classes in Table N consist of more than one subtypes of ALL samples, as shown in

the second column of the table.

Example 4.1: EP generation
[0214] The emerging patterns are produced in two steps. In the first step, a small number of
the most discriminatory genes are selected from among the 12,558 genes in the training set. In

the second step, emerging patterns based on the selected genes are produced.

[0215] The entropy-based gene selection method was applied to the gene expression profiles.
Tt proved to be very effective because most of the 12,558 genes were ignored. Only about 1,000
genes were considered to be useful in the classification. The 10% selection rate provides a
much easier platform to derive important rules. Nevertheless, to manually examine 1,000 or so
genes is still tedious. Accordingly, the Chi-Squared (3?) method (Liu & Setiono, “Chi2:
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genes were considered to be useful in the 21 February 2007

classification. The 10% sel ection rate provides a 25
much easier platformto derive inportant rules.
Nevert hel ess, to nmanually exam ne 1,000 or so genes
is still tedious. Accordingly, the Chi-Squared (,f)
WOoRBsds4 Li u & Setiono, "Chi2: 60 21 FebPCH$GNR00T0 WO
2004/ 019264 PCT/ SG2002/ 000190 Feature sel ecti on and
Featureliefectiontand disdraizatoh ohmmeric atdties.t Buvedings #redBBEThgs of

e e n ) AR PR SISO B

Frank, &. Harcamkbzg:ﬁ?ractwwcmﬁbm@ng Pobaii &d&nzgﬁmhrm@al ear ni ng

o kAR5 e ch o SRS Ol O 0

Feam@él&&bﬁ(@ﬂ@m@@&ﬂﬂa@ d'?)ﬁ@laﬁérﬁbcﬁ@d pﬂbﬁe@aec(tﬁ:ﬁawhrmmemg,
Correl ati on-based feature sel ectl on, maggl ne

PL.D. {"leeatﬁ rRepeytmentyf GompyigreSefeace, Paisersifypt fYaigio

Zealan@c('lm? Q)V1tt5ﬂ"&\f7§‘a'h§ i2b00) B u¥Mitk@ttRer nliddW tht Qdsch NQ e important
Zeal and, (1998 Wtten & Frank ZOOOQFJ%re used to

genes. fTp s rerdy e 6 efbodseiame A npEher ohisne SRR ban Zciedte |
CFS-shiltked sgéﬁeyg%nsédffortd@;%%o'ér%& Bln Sk Oferish H{é‘@ﬁfzo%ked

gene 'arger than 20 hen the CFS-sel ected genes
genes byrthe Moesthoblerevdwsk i vi ng our energing patterns. O herw se

the top 20 ranked 10 genes by the f nethod are used.

[0216] In this exanple, a special type of EP's, called
[0216] ubgxhis gxdipes, & specialnygba ofEP’ Elealked junsgpingdlefetmuatagt EPE iven

dlscovﬁr\g? (g‘?' atfvﬂggt? fﬁ? %\ﬁ“&@%&ér%e ?S?Igﬁegm':(i rseaP %fg f?lrgialtégncy

conditiofis: thélﬁ freduycy hxﬁDﬂ’(@ﬂi‘zZ Brnﬁn baa‘b butiin anthbhlata sekat &ra 6f) npre

zero; (i1). n prope ubsets. s 0,
of thef ioge sqbgeiis B i ool 1t RGO REIeE BRIy e o
with tHe@gderducndlct 4indnl €11 BEXE, gﬂﬁﬂlezfai’oﬁﬁ RO BS speiétgofald julghing .

Furthernore, nopst of the s ersets of thﬁg{&unpl ng

left-bopgsfery. S ARelEY "y WHiess Gieypaye g Ueqyencg abqlyiani Rye zero
frequency in both Dt and D2. [0217] After sel ecting
and discretizing the nost discrimnatory gﬁenes t he

[0217]ROABERelppuE anchdiscisiizing the mystpispRpRicERenss ey BYHPRR-PBE g
and ﬂxﬁﬂ%‘ R(Qgg@l% o SR aean S@ﬁjﬁfnﬁa’?’ﬁﬁo% Conference on

overy and Data M nin San Di ego, 43-52

-+~ Knowlgdee @drovebii and Patsi Mipin iben Hicge 4302(1989 L Ménidmersing

patr 5 e AR, B DT B leshng The

ourne stra 2001
Melbomine, AustiVe, (ma:éa etfal. meqz)Smge Eﬁmmgnm@maamg Brtgmns aeelis| t s

icree AT e A B PR A O L B PET RO ©

Machibbleabliiy, §520858 XZ)OOO\)&were usdtb diwovkr P \om tEﬂbreceﬁaetb dntet dats.

s moflel 5 Ripipal e 850G e e bt By ABPREC ot

Exanple 4.2: Rules derived fromEP s [0218] This

section reports Lﬁ_he di scovered EP's fromthe training
Example,$.2; Rufes dergf frap € Scan be 30 expanded to formrul es

[0218f Ofrhids&tibi@ ?éré'%eﬂﬂ;c&\‘aﬁd GPR rof XA @FEhHDTE bdtess & be
vari ous subtypes of
expanded to form rules for stinguishing the gene expression profiles of various subtypes of

ALL.

Rules for T-ALL vs. OTHERS1:
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ALL. Rules for T-ALL vs. OTHERSI: 61 21 Febr ugf Y08 2007
WO 2004/ 019264 PCT/ S&002/ 000190 [0219] For the firs
pair of data sets, T-ALL vs OTHERS 1, the CFS nethod
selected only one gene, 38319 at, as the nost
i mportant. The discretization nethod partitioned the

- WEpYRe®ed on range of this gene into two PAT/EG20RI08190
(--CGo, 15975.6) and [15975.6, +00). Using the EP

[02191li Joothe fiyst pdirgd datd erspT-ALys BPHERSE tie CR8mietwd seldcted only

eng--3s3] 9 -co, .1 5.6)1.and 5 ..
one g‘?’égﬁé 1_%%‘3@1156% gt gfhe«@if%rf‘}‘?a{}%c‘wrpﬁ%‘P°’}?% 5 100%
expreésﬁﬁ@%%ﬂﬁﬂﬂéﬂs Benk lhﬁa t:ﬁro/ﬁltérvaﬂ:ll.: ass 1597E.6?and2[5905.6,}[+&:(}%ﬁﬁgﬂ1& n
.the HERS 1 cl ass; the latter has zer eqyency in
P digcfjieryialgnfhins o EP Sgisee mvof t85aa- sty @t 190 SONOT HERS. 1

{geneggﬁgﬁﬁ@(lwﬁr@icaj} ETheNernalA al106% tedueWiinge TLUIR, cld:OB2 Q]
I the expression of 38319 at is |ess than 15975. 6,

zero fyeResicy iphe(HFERAY Plassyiiplaticrbast zepdeguepenip e Tofhe st a

100%}theqiBdSy in B OTTERBI YRG, THerdBEERhate thé Bfiekhe di: S si npl e
rule r'equl ates the 215 ALL sanples (28 T-ALL plus 187
OTHERSI) 15 wi thout any exception. Rules for E2A-PBX1

s Or j yoaple rule for
(02206 & ngxﬁlgé %?f&%ﬁ]%g?ﬂ?ﬁéésﬁemﬁg%%?ﬁégg one gene,
33355_at, tisdhldissmplemibstéelaTtAlilnto two intervals: (-oo0,
10966) tgé;gi;lO%G, +co). Then 20 {gene_33551n@- o,
10966)? And {gene_33555,, @[ 10966, +co)} were found to
be EP' s w it mug00ssubtypgimd NGIERSA. E2A- PBX1 and OTHERS2
respectively. So, a rule for these 187 ALL sanples
(18 E2A-PBX! plus 169 OTHERS2) woul d be: [0223] If the
[02218 X pTHsssiyderuteiredBRS e a15 ABL barpies (ASARALD PGS STIOBERS 125
. Lhis ALL sanple nust be a E2A-PBXI; O herwi se it nust
withopftany eXcepliolne i n OTHERS2. Rul es t hrough Level 3 to
Level 6. 30 [02241 For the remaining four pairs of

: h han 2
Rﬂlesg%@?ﬁ?tggl’vs{( e-GES method returned nore than 20

e 22“met hod was used to select 20

[02221 OPFHeRRE a38RASuleP6r FRANIBION vs! (NEHEIB2! TRERodicked aied
sets. Table 0, Table P, Table and Table R1ist the

gene, AiRErond dipraetised ibintogyo gésmeals: (e K19P0) 2p@HI0P46 ks Thethd an

{gend DIEXRLD, 1966)} %ﬂ;ﬁ{gﬁ%'_agsﬁ;‘dgnbm, {OV reRBbnd tfe PGS CL S

respecti vel

- -100% frequency in EZAX’BXI and OTHERS?2 respectively. So, a rule for these 187 ALL

samples (18 E2A-PBX1 plus 169 OTHERS2) would be:

[0223] If the expression of 33355_at is less than 10966, then:
this ALL sample must be a E2A-PBX1;
Otherwise
it must be a subtype in OTHERS2.
Rules throungh Level 3 to Level 6.

[0224] For the remaining four pairs of data sets, the CFS method returned more than 20
genes. So, the y* method was used to select 20 top-ranked genes for each of the four pairs of
data sets. Table O, Table P, Table Q, and Table R list the names of the selected genes, their
partitions, and an index to the intervals for the four pairs of dafa sets respectively. As the index
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mat ches and joins the genes' nane and their intervals,
it is nore convenient to read and wite EP s using
the index. Table 0 5 The top 20 genes sel ected by the
, method from TEL- AML1 vs OTHERS3. The intervals
whreidaged by the entropy nethod and the PaHeseo2@00ie
intervals are listed in colums 2 and 3. Gene Nanes
matchésrahé foita ke gbrpsferame and thdicineahls, it i8B86k 2omveniént BPaead and write
B’ 8997.%%% [8997.35,+0") 1,2 362390 14045.5),[14045.5,
SUPRRHEMEEN. 116328 55, +W 3,4,5 41442 at
(-cc,15114.1),(15114.1, 26083. 95), [26083. 95, +00) 6,7,8
37780 _at .2396. 3),[2396. 3, 5140.5), (5140.5, +00)
9,10,11 36985 at (-,19498Y9%) [19499.6, 26571.05),
5 'fhe[t%ﬁﬁ);%néé §slé'c}ed%% thb 37 hthoPfen{ $EBIAMLI vs OTHERS3. The intervals
(-,7788.95),[7788.95, +cc) 15,16 38203 at (-,
prodgqegij)ygye,e{l@pz mc@pd,gnd)thelin(,ieﬁ_go thg'@@lwl_s ae 1'(stegi in columns 2 and 3.
9930. 15),[9930. 15, +) 19,20 32224 at (-cc,
5740. 45),[5740. 45, +cc) 21.22 32730 _at
(CeneR@Ed . 8bipte(v#864. 85, +n) 23,24 35665 |dpdex to Intervals
3863 ar50) , | BT 39 [890NBs, 49, 20 10/ /7_at (fi2

Bh%6s) . | To70 BRIRI> 28250 I9aioqh, | 343
1442875 856139818841, 819%3.931126983.95,360 3 7| % Bat
@136 4:7. 05) &,286.3)(23048, 3140.5),3534034) 36008 _|ad 10,11

’l’lf‘_ll_. 35? r:l_Ljf‘_ll_ | ol LN\ L o Wal ’l"\gﬁ_at I_’

AT R T OB R AR T BT T 2 ag ag
4938 a gt (CTBBYRTBEYSFE873. 85, +w) 40, i1 41200 af
BI08R. 5) , [ d6B03F3ar) +42, 43 35238 at |(17.18
AT A B T AL b O ronah e O T 772044445 46— Tabl e
LI%SGL&(;'HtThp gr{f’%’?’g-?ﬂz,‘[a%@élifz)l ected hyv thef fr?rfg? hod fromthe

d%ehopai r | GERIAE SAOABTEERSA.  Gene NafR€ I ntervals
Bevdex 10 | Gbessiah edBRsat (-, 5242, 15)2324 5242. 15

B i 2 | (=, 5699.35),13699.35, 1) 25,26
0770t | o, 22027.55), 22027 55, +9 2738
36524t =, 1070.65),[1070.65, 4 29.30
34104_ar (==, 1375.85),[1375.85, =) 3132
36937 a at | (=, 13617.05),{13617.05,4)  [3334
36008_at (==, 11675.35),[11675.35, +%9) 35,36
1299 at T, 3647 7),[3647.7, 9136.33), [9136.35, +9) 37,38,30
A3har (=, 6873.85),[6873.85, +) 041
41200t (=, 11030.5),(11030.5, +) 4243
35238 ar o, 4774 85),[4774.85, T1208), (77204, +=) 444546
Table P

10 The top 20 genes selected by the 3> method from the data pair BCR-ABL vs OTHERS4.

Gene Names  § Intervals Index to Intervals
1637 _at (o, 5242.15), [5242.15, 4=) 12
36650 _at (=2, 13402), [13402, 40} 34
40196_at (—0, 2424.4), [2424.4, +<) 5.6
1 1635_at (~=0, 5279.3), [5279.3, +) 138
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2424. 4),
[5279. 3,

(_
[ 2424. 4,

+m) 7,8 63 21 February 2007 VO 2004/ 019264
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Po, 13402),

+cc) 5,6 1635 at (-

33775s at 1130.

[1130. 75, +00) 9,10 16368-at 11112.9),

5279. 3),

75),

[13402, +-.0) 3,4 4019@1@Ebruary2007

[11112. 9, +' o)

WOLD04102926441295 at - (-, 33488.7), [33488. PCT/sG20§2/00039014
37600 _at 24168.95), [24168.95, +00) 15,16 37012 at
(3377ﬂ&&t27 moa 1[311:/85],21713071,5 +)~) 17,18 392p®Bat 14137 25),
Gt 7257k G at (w3273 1, [ 3273]55,
i?)ggn’rd?’ﬂ 2b¢ 11'1‘1’2%‘-[1111&9_4, 1Q7R>l 9) [;3293’_:’%, E.-CC—,\ b3, 24
950 o b HOB IS 30061 a1 (- OB} 27
33531{1& at ENZHGQS)S),@SI&QH@% at (-, +m B 317-at

-r)ou_gdt T AD09. 55 1256 W) 31, 32
G SO QMEP%ﬂmuM7awg R’+§ 55’34 nggb!ewz}T]e
P20 ge =3 A8 (A By ?he " hethod P8 NCLE Lvs
QREERSS. | Cener3biauiegsbarerval s | ndex t p2ilZht erval s
e _at gﬁﬁyﬁdqénmméugy 7,¥CC) L, 2 4Dpgy_at (-
5331.15) 4 3341201 W29321 157,
(98551 15|48 6 39338 at 5813.1). [5 3.1.+~) 7/8
206Daiat (| (40476. 05), [ 10476. 05, +00) 9|20 32193 at
(35062005~ 0] = j+4p0D. 0, ¥) LI, 12 40518_at[#3228.2),

—2—W)—13-14 3677/ —at—{—58439 5839+
f[ é']zfg (e, 20 — v 28l '
37399_at (o0, +=0) 29
317_at Coo, +) 30
40953 _at (—, 2569.55), [2569.55, +=) 31,32
330_s_at (=, 6237.5), [6237.5, +==) 33,34

Table Q
The top 20 genes selected by the ¥” method from MLL vs OTHERSS.
Gene Names Intervals Index to Intervals
34306_at (—==, 12080.7), [12080.7, 4} 1.2
40797 _at (—==, 5331.15), [5331.15, +=) 34
33412 _ar (—=,29321.15), [29321.15, 40} 5,6
139338 a7  (—es, 5813.1), [5B13.0, 4y T 17,8
2062_at (=, 10476.05), [10476.05, +) 9,10
32193 _at {—0,2605.6), [2605.6, 4=} i1,12
40518 _at (—, 23228.2), [23228.2, 4) 13,14
36777 _at {—», 5873.9), [5873.9, 4x) 15,16
32207 _at (=20, 7238.8), [7238.8, +) 17,18
33859 _ar (o0, 23053.2), [23053.2, 24674.9), [24674.9, +) 19,2021
38391 _at {—n, 16251.65), [16251.63, +=) 22,23
40763 _at (=0, 3301.3), [3301.3, +=) 24,25
1126_s_at (—, 6667.6), [6667.6, +) 26,27
34721 _at (—e=, 8743.05), [8743.05, -i;m) 28,20
37809 _at (o=, 2705.75), [2703.75, +oo) 30,31
34861 _at {—=, 4780), [4780, 5075.05), [5075.05, +w) 32,33,34
38194 _s5_ar (-, 859.2), [859.2, 6860.6), [6860.6, +=) 35,36,37
657_at (-, 8829.8), {8829.8, +03) 38,39
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32207 _at
23053. 2),
38391 at
3301. 3),

[ 6667. 6,

WOR)4/0286429
34861 at

(-, 7238.8), [7238.8,+00) 17
[ 23053. 2, 24674. 9),
16251. 65),

+n) 26,27 34721 _at (-,
37809 at (-, 2705.75),
-, 4780), [4780, 5075.05), (

8743.

(-,
05),,

5075. 05, _+-

[24674.b}8+08§8%3fg%?%12m"

(16251. 65, +0') 22,23 40763 at (-
[ 3301. 3, +cc) 24,25 1126-A. -at 6667. 6),
[ 8743. 05,

[ 2705PTH5G2020)0180, 31

33188, 34

BED94.1%, 8116+ 859. 2), (850.

D40.46860. 6) ,

E@jﬁ)_ﬂ.atb ’

+00) 2Q 12

'EDomJl)f’MGéhm)bb/ at (-,

oS

8829| Bl 188294
MD Oﬂ

AIH1OORA

OO VoOV

Eghrnaru 0““7
" y=

UUSTT UL JLU

PCT/ SG2002/ 000190 36918 at (-
+00) 40,41 32215 i

5321. 15),

, [ 5321. 15,
_at Thple R2464. 1), 12464,

1,+-) 42,43

Thd B '@ﬁgfﬁe&r RR OBy RO PIRRRA ORI RCIBGaR Yivhdiah-sTRS bPHERE OM

Blohail T ET UM >50°VS OTHERS. ~ CRiex DR
Eoteivals ‘R’V Fedhtervals—36620-at{--161313-1,
B 1 Loon oD BTG s (- 10351 058121 10351, 9%,
00023, 4 | EF103AL95E HO35626990) 25) , [ 6499. 233}4 w) ‘5,6
37047 AU 4920593, (cbBEFLp. 91 F00) 7B [F724 At [,
’”‘“95 45} ﬁi’9 91 9,26 -+ 9.-10—3220+F 35242 9) ,
HBH o Loy g he ot 155177ﬁ 115517)2, +)
] 4048@2§Baﬁ)pw%5#%@ﬂ 95), [4591.PAal¢ +00) 11]16
@@2@1& at t%l%@)nsbﬂé&@ +- ) 17,28 4 ihﬁ?? r at
$0496—95)—1-40400-05 $0;-20—3
P“G 667 Eﬁlﬁ;?§g§§”6§h)+oox 51 55 abodb o (-
4@@%&95) FRIERIDAIILBOY 23, 24 40998 hibF- | 11962)6),
[3551:96:2 , TOL)1382@, (3840, 3D688 g at 3340. 5 17,28
3055 DR 00 B 8903 —at—(=00,—36p854);

ugg%ﬁaf ),19433.9333049&%%? Rt

31492_at (o=, 17667.05), [17667.05, o) 21,22

38317_at (~, 4982.05), [4982.05, +) 23,24
{40998 _ar (—==, 11962.6), [11962.6, +) 28,26

35688_g_at (=, 3340.55), [3340.55, ++) 27,28

40903_at (~o=, 3660.4), [3660.4, +o5) 29,30

36489_at (==, 6841.95), [6841.95, +<) 31,32

1520_s_at (<=, 10334.05), [10334.05, +o0) 23,34

35039 _s_at (<=, 9821.05), [9821.95, 4+) 31,36

38604_at (=, 13569.7), [13560.7, ) 3738

31863_ar (o, B057.7), [8057.7, +=) 39,40

"5 [0225] After discretizing the selected genes, two groups of EP’s were discovered for each of

the four pairs of data sets. Table S shows the numbers of the discovered emerging patterns.

The fourth column of Table S shows that the number of the discovered EP’s is relatively large.
We use another four tables in Table T, Table U, Table V, and Table W to list the top 10 EP’s
according to their frequency. The frequency of these top-10 EP’s can reach 98.94% and most of
them are around 80%. Even though a top-ranked EP may not cover an entire class of samples, it
dominates the whole class. Their absence in the counterpart classes demonstrates that top-

ranked emerging patterns can capture the nature of a class.

Table S
Total number of left-boundary EP’s discovered from the four pairs of data sets.
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36489at (-, 6841.95), [6841.95, +00) 31, 32 15%@F§W@Lymm7
(-,10334.05), [10334.05, +00) 23,34 35939.
9821.95), [9821.95, +) 31,36 38604 at (- 13569 7)
[ 13569. 7, +co) 37,38 31863_at 8057.7), [8057 7, +00)
39,40 5 [0225] After discretizing the sel ected genes,
wanergneups of EP's were di scovered for eauscm/aoondse
four pairs of data sets. Table S shows the nunbers of
[ e sctipal COVeERIEd | @inmtechf BRYs ip@xt t| @jonigr of EFfyeDf o) Ted_cql umm
CIEL b1 @ OFRREHSI B hat t he nuier of the diidPdveried
FHORABL 35 GTHERY| \|dPly | arge.  WEUse anot her {Pbur tlabl es
MLLRabIrErSE, Tahhs U, Table \,5¢7and Table Wjtiee | i st t he
WPzt oERe e o gt o tgig f requency | g3#e
requericy of these top-T0EPS can reach 98. 94% and
nost of 10 them are around 80% Even though a
t op-ranked EP may not ckavled an entire class of
sanpl ekep mokt freduent BRI imshet TRE-AMbland QTHERS3 clsedsy absence
EWsthe c@mﬂ@$vpa%ﬁwﬁm&swgpﬂennnsfﬁaME@ tﬁhﬁﬂwﬂ§51

{:2}33353 'P&EJ’I e S 1§°9I'ot al  ntmBe® of “Pef t - bofidary ER' s

tis,sn ey ersedd from Ohe f our | PaizPls of0.@at a set®8 65 241

17.8)

A e

WMUUM 0 Hzpqgo-‘blqjg‘gdeUA/ GEEL90 Ddt a
(Dl —vs m\ Nurbé EP-s—Hr—-D—Ngaper of
BT B ot ol OEL VLB 0 o iR 170 a1
BT, 2B 8.62 OTHERSA0 101 2805318 M vs OTHRSS 155 597
{/1943 41}1 gh6b o0 vsow_l HERS {4,41,\19}&15:8004371 Taht e T len

1B oyl H i wTals)

‘363 \,nt ——— 0 H—the 11.7-% A?vj'n_o Are—OTHH LT et agSes.
ég %}ofrequencv ofreque hcy I%g S frpqupnm/ %
fer'équeno?\}@ in TECOMM I i hUFPHRRS3%90n TELANIAE i n

Iz;ik;l-{bs 82(59Z 551 940 31 0. @,{714023 d@)} 0. 00 888 89

22— 9038000 112935:0- 00888942022, 33

?Z-g% o886900 (1 0¥°7, 40) Bf%%g}gg %0'? f5 ngq,ggé 54 4. 00
(1, 9,40) O. 00 88.03 {22, 28, 33} 84. 62 0 00 {15, 17}
0.00 88.03 (16, 33,43) '1%%16%9 0.00 (1, 23,291 0.00
87.18 Ten most frequent EP’s in the BCR-ABL and OTHERS4 classes.

EP's % frequency % frequency | EP's % frequency % frequency in
in BCR-ABL. __in OTHERS4 : in BCR-ABL __OTHERS4
(22,32.34} 77.78 0.00 (3.5, % 0.00 95.37
& 12) 7778 000  [(3,9,19) 000 95.37
{4, 8,34} £6.67 0.00 {3, 15} 0.00 95.37
{4, 8,22} 66.67 0.00 {3,13} 0.00 95.37
116,35 66.67 0.00 (.5.23] 000 0352
{8, 24} 66.67 0.00 {11,17,19} 000 93.52
{24,32} 66.67 0.00 {3, 19, 23} 0.00 93.52
(4,12} 66.67 0.00 {7,19} 0.00 93,52
{8, 32} 66.67 0.00 {11, 15} 0.00 9352
{12, 34} 66.67 ~ 000 {5,11} 0.00 93.52
Table V _
. Ten most frequent EP’'s in the MLL and OTHERSS classes.
EP’s % frequency in % frequency in | EP’s % frequency in % frequency in
MLL OTHERSS MLL OTHERSS
{2, 14} 85.71 © 0.00 {5,24} 0.00 93.04
{12, 14} 7143 0.00 {5,22, 38} 0.00 96.81
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{22, 30,33} 82.69 0.00 {17,25, 40} 0.00 87.18

82.69 0.00 (7,23, 40} 0.00 87.18 (20, 43) 82. g@%&%"zw
{9,17, 40} 0.00 87.18 (22,36) 82.69 0.00 {i,9, 29}
0.00 87.18 5 Table U Ten nost frequent EP's in the
BCR- ABL and OTHER$4 cl asses. EP' s % requency

wometency EP' s % requency 170 frequencyCi/siG2002100190
BCR- ABL i nOTHERS4 in_BCR- ABL OTHERS4A (22,32, 34}

(273} 78 0.809{3, 5,00} 0.0( (962837} {804P) 77. 78-8. 00 (3,

{lg,la:}gf 0- a@ 95 37 0do4, "8, quggm b/o(dg UU {3, ss@n U UU
Q5 _37 221 g6 67 @ 009527 34}

(Bd757 0. ?369{3 5 2 0 00 d§7%‘§U' mﬁ”%imﬁéug"’?ﬂo oo"
W31, 17.6699 0. 00 UW. 52 (|32 2632) 66967 0.00%%, 19, 23}
R0 9352 (4. 120066 67 (398247, 190 U 00 U%HZ (8

32) 66. 670,00 {11 16} 6- o 34y —6 65706
U1y %30 93 57 Tahle |V ﬁj‘ ﬁost requenfoEP s |
{8 ¥ M LLS7dhd OTBERRSS5 cl as|dés24 3P so@gfreque%%l in 9%
A figquencyiyn BP sp d&b’rrequqneymn %omeequencysam ML

OoOruiCncc hg | orLiEpoc LD 4 [l fa Wi aYal
1T T IEN\OJ Ve OIT T IEN\OJ N3] J.'-rj' U\J lJ. U Uvi\), L'—I-} U. U0~

98.94 (12,14} 71.43 0.00 (5,22,38) 0.00 96.81 66 21
February 2007 WD 2004/madiow64 PCT/ SG2002/ 000190 (2, 39)

'

-

64. 29 TEn Ost frédhent P’ Ain the BlyPOdifF0%Ad OTHRRY Bldssé&@4. 29 0. 00

EP'D, 28, B@h:geu@ﬁn 9é ﬁSq]wncy(nil GEPL 7} 64 3&1:6@11&&@1!1( 5 queﬁi&) X
{4@4B) 647859 0. 00 ¢®, 15, 20405, &7, € : (14 @é? 64 D9
1D (157124, 26]7 Qoed0 96. B, 15} 0.00 76.92
(214,38, 718 0.00 1615y 0.00 7692

{4, 14} 7143 0.00 (1,15} 0.00 76.92
(12,14,34}  69.05 0.00 {15, 33} _ 0.00 76.92
(12,14,16}  69.0 0.00 {3,15} 0.00 76.92

(2,8, 14) 69.05 0.00 {15,17,31F  0.00 75.00

(14,32} 69.05 0.00 {15,17,19}  0.00 75.00
{10,21,24})  66.67 0.00 (15,179,277 6.00 75.00
{12,21,24)  66.67 0.00 {15,309} 0.00 75.00

5 [0226] As an illustration of how to interpret the EP’s into rules, cbnsider the first EP of the
TEL-AML1 ciass, ie., {2,33}. According to the index in Table O, the numbes 2 in this EP
matches the right interval of the gene 38652_at, and stands for the condition that: the expression
of 38652_at is larger than or equal to 8,997.35. Similarly, the number 33 matches the left
interval of the gene 36937_s_at, and stands for the condition that the expression of 36937_s_at
is Jess than 13,617.05. Therefore the pattern {2, 33} means that 92.31% of the TEL-AML1
class (48 out of the 52 samples) satisfy the two conditions above, but no single sample from
OTHERSS3 satisfies both of these conditions. Accordingly, in this case, a whole class can be
fully covered by a small number of the top-10 EP’s. These EP’s are the rules that are desired.

[0227] An important methodology to test the reliability of the rules is to apply them to
previously unseen samples (i.e., blind testing samples). In this example, 112 blind testing
" samples were previously reserved. A summary of the testing results is as follows;
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{8,36) 57.14 0.00 {15, 24,28} 0.00 96.81 12,3
0.00 [7,24,42) 0.00 96. 81 Table W Ten nost f%igg%ﬁiézmﬂ
EP's in the H erdi >50 and OTHERS cl asses. EP' s 96
frequency in %frequency in EPPs % frequency in %
frequency H erdi >50 OTHERS H erdi >50 in OTHERS

w@¢ 0a4/@a®p4 78. 57 0. 00 (15, 17,25) 0.00 78. $61/5¢9201904)
71.43 0.00 {7,15) 0.00 76.92 {12,14,38} 71.43 0.00
{5 15) 0.00 76.92 {4,14} 71.43 0.00 {1, 15} 0.00 76.92

4, 34) .00.{15, 331 16
o228 Ak tog ST BALE sepibparmsaiteody progei s ALty g
OTHERSi sadples a&kohe@ly@fédi&éd AOTHIRG132) 69. 05 0. 00
(15,17,191 0.00 75.00 { 10, 21, 24) 66.67 0.00 [15, 17,
27) 0.00 75.00 {12,21,24} 66.67 0.00 115,391 0.00
[0229]7 5 p@%v@l 7, 92@6) pA%-PaR1 balnlqﬂb‘é afedtbifly ?fedlbt@{!\ésmALFH}ﬁF R @t

s into rules, consider the first EP of the
83OTﬁﬁﬁsAWEM*@W§§§ﬂﬂﬂYEWdWWQESQiﬁmﬁﬁ According to the index
in Table 0, the nunber 2 in this EP matches the right

interval of the gene 38652 at, and stands for the
[0230F o iidi Ievedad tpibaenly 4 eaneples awsenisclassifiest, d@eBlE-oatheingmbegofer

s i By Qoo R BB, QB emoRid 0Bl SC037 & at . anc
st ands for t he condltlon that the expression of .
6937 3 Ly

w212 krilo s byl a0 g0 S Rl o ANy b e

these wiloasiss. (Hb&ewla lafre tivebeiso? EBamelecfoyndsathe s&ﬁgmnidgéevblmnf the

It t i.ngl le f R
B G N D e g e
EP’s fidni i dé&&&par@clm @b Qalerdiable plaﬂicﬂix&ns if isl tehyonabbare nedmﬂx;plea

y f top-1 EP' Thes P's are t
it BRB S Uy BoELTist S8 p 6uBAmEARIA GUR Ffepat EF
imusﬁﬁh&ﬂﬂﬂbﬂ@ﬁ;&ﬁahﬁﬁ&uﬂ&%mBQbGabl||ty of the rules is to

apply themto previously unseen sanples (i.e., blind
testing sanples). In this exanple, 112 blind testing
[0232{S afRb BSindBEQdR] FNnQeSinY KM RSRIRLLT rlesStt BIREY, isdhowd 18

esting results is as follows: 67 21 February 2007 WO

Table Xo Frmptho seeuits Han Seseon prigwdtindohipid g frequentEP|s¢oranultiple song
LL;
S IR G W T

- total of ¥ piieRiassifications was made. The id’s of the four testing samples are: 94-0359-U954,

89-0142-U95A, 91-0697-U95A, and 96-0379-U95A, using the notation of Yeoh et ol., The
American Society of Hematology 43rd Annual Meeting, 2001,

Table X
The number of EP’s used to calculate the scores can slightly affect the prediction accuracy.
Error rate, x : y, means that x nomber of samples in the right-side class are misclassified, and y
number of sarples in the left-side class misclassified.

Testing Data Error rate when varing &

5 10 15 20 25 30
TEL-AML1 vs OTHERS3 2:0 2:0 2:0 1:0 1:.0 1:0
BCR-ABL vs OTHERS4 30 20 2:0 2:0 2:0 2:0
MLL vs OTHERSS 1:0 0:0 0:0 0:0 0:0 0:0
Hyperdip>50 vs OTHERS 01 01 0:1 0:1 0:1 0:1
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5 [0229] At level 2, all the 9 E2A- PBX1 sanpl e Fb@ary 2007
correctly predicted as E2A-PBX1; all the 88 OTHERS2
sanpl es are correctly predicted asOTHERS2. [0230] For
levels 3 to 6, only 4-7 sanples are m scl assified,
dependi ng on the nunber of EP' s used. By using a
WQRAHNE64 nunber EP's, the error rate decPe&86a1)2/08090
[0231] One rule was discovered at each of levels 1 and
Generglizagon foMgdteclpmgredistiabi guity in using these t wo
ul £ f EP‘ und
[0233i he Eg%alﬁrﬁsgsalm@ ﬁO%mg?d%T"ﬁn?%%ree tolﬁcco |ng Cnm’ln'ﬁgré
So, 2 wofe@ 19.Orgasusdignkdtorin Beepdl tapi- 20 “OTHERST JisdaRlimitoky; mprthdrsvith

some {R§onhEF 2 Pl 5 eopPine b8 et ooty Nixebpipreant s B2
was ad¥ighdd. [The téhfsakiple lﬂid}hof doRgaeRnY didtinfindedrs SFIE2A Pmeﬁy@kcﬂlsﬁo

avoi d the confusing signals fromcounterpart EP s
'orT~A]Iﬁ.u g p

S0 theSeoreRre s sPELaY applied to levels 3 to 6.
[0232] The testing accuracy when varying k, the nunber
of rules to be used, is shown in Table X. Fromthe
results, it can be seerfableadt nultiple highly freguent

Subtyp®' FBCRY mllIEBA-pI e S{yipérﬂ@ POIAUl é8)LIcan [oIEvi de] @THERS
conp andl rflul__predjction lli kelihood. Wth k of
20, %]t‘ ng? E%Yve 39 of 4m scliassifi ga"ﬁ}{bhs has

Score”ﬂd°19.65he | dos of [iowe fOUVOO(EStl g.78anpl [epear-e: | 697
04-0350- 1LOEA . 80-10142- |JOBA 697-195A, _and

96- 0379- W5A, using the not at| on of Yeoh et al., The
[0234]2“"%1%& SRHEL XBEfsanlﬁé%%:?&My icled MR ABEGlch Oy

Tabl e X The 'nunber of " EP's used to cal cul ate

high cpifislence o Bi thisgaathod) gt toyp migclastifications wereaerde far &g total 112
tesmg:s%%{emen vafsf g%&o&ﬁ% %0 3% Howbver TR SVIMIRB, X g?f@?‘% 7, |

f-side class are m'scla
26, Z%FBdhhnmakesoﬁspsmWes in the left-side class
m scl assified. Testing Data Error rate when varing k 5
10 15 20 25 30 TEL-AM.1 vs OTHERS3 2:0 2:0 2:0 1:0

Improfenients tOClafdificatidBl. vs OTHERS4 3:0 2:0 2:0 2:0 2:0 2:0

0235y el i oo o e g g on BRGS0

overcoifd poeibld Qﬂo&%ﬁéh Qa2 ROGAAL 4 behadhing eirdroby the

d| Qtlon 0233 ABL test sanple
"DNA%Pﬁ‘h?"H’é Y& EW‘HFI} mgtre tPFFée"]t‘ 6‘&9"’2’55%@&32{’@@” be.used to

strengthe @i kydtedat ors.  So, a score of 19.6 was assigned to
it. Several top-20 "OTHERS" discrimnators, together
W th
[0236] The previously selected one gene 38319_at at level 1 has an entropy of 0 when it is
partitioned by the discretization method. It turns out that there are no other genes which have
an entropy of 0. So the top 20 genes ranked by the y* method were selected to classify the T-
ALL and OTHERS] testing samples. From this, 96 EP’s and 146 EP’s were discovered in the
T-ALL class, and in the OTHERS] class, respectively. Using the predictibn method, the same
perfect accuracy 100% on the blind testing samples was achieved as when the single gene was

used.

[0237] At level 2 there are a total of five genes which have zero entropy when partitioned by

' the discretization method. The names of the five genes are: 430_ar, 1287 _at, 33355 _at,
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sone beyond the top-20 list were al so contai negrifuary 2007

this test sanple. So, another score of 6.97 5 was

assigned. This test sanple did not contain any

di scri m nators of E2A-PBXl, Hyperdi p>50, or T-ALL. So

the scores are as follows, in Table Y. Table Y Subtype

WEORMEMA- Hyperdip T-ALL M.. L TEL- OTHERSI/SGEBiz/06B)Xl

>50 AMLI Score 19.63 0.00 0.00 0.00 0.71 2.96 6.97 10

4114({_&23’&41320'51'3 air.eNoE ehat 313355 aﬂ%&ﬁbﬂ@ﬁﬂﬂﬂe@t&zﬂ\m gen rAdlatflthe

r cted BCR- ABL h confidence. B
five sS40 PSRRIt g DTl it et P et HERET e
30,z4a‘i.gfr, ?4’?’]% 59; o0, I_%HG 351822, 1!»02&&5 4,0% \'E/l %mu&ﬁg&gzey@mweg@ ﬂv$ fBrPam
0 . wever .5, / an - NN. :
in the BRAPRE T alge 21 I TIESY SR B LR ettens USRS Tont s
predickin RS Alf hé Bting BamlId 23 PvelA) weR ok 11y claRiiewitidR] dayone

gene was used for the classification and prediction.
nuistakpg) onepagsie alisVine 8yfep! 180%a¢gra8Y-such as human errors in
recording data, or machine errors by the DNA-chips
that rarely occur but which nmay be present, nore than
Comperiren gisinOtherlylefbodised t o strengt hen the system 20
0 @gN
[0238’ eﬁﬂb}e fie %%X%O%% ?ng acyc‘ﬁfc &gﬁ en [ egd%aﬁacgart [ %‘l?ggne by
C4.5, NBeand iSEDE Bh!gMSﬂmn sdmtﬁ gaes dngl thtegpmstraining ad dastingsewplesar e
h enes ' I f o]
The PO g EEa RS0 08 SR A GO B nfpor Rl R4
by 43%Ifmmskplﬁly’ s 7 uad by 3% trom S¥MITGERS ofh thears¢dicaltrestanepl pesit ofFr om

6 EP re discovered in the 25

view, %tns&ger%ﬁ?%g%nw%ﬁdgbep%ﬁ S 1 class, respectively.
Using the prediction nethod, the sane perfect
accuracy 100% on the bl't? d testi ng san‘pl es was

. achi eved as V\pen thgd%{ﬂy g?? pnﬂw e%%&ﬁ e

TE%‘P%)D%t ropy when partiti E‘ﬁ%‘dat59fd‘§?5e'11ﬁ’é‘dels )

di scretization nEfhagd. df€ NGVES ONBL heoﬁrggce:mgga)
are: 430 at 1287 at 33355 _at 69 21 Eebruary. 200

TWOIPEOTEBRS264 PCTO:6G2004/ 000100 49946 _at, &
Eéé?’g?%?d‘f’ﬂ@ th360333§%_at d@ OuUf.gPr evi ousd(y

one gene. of the five genes are
%{Mﬁ\@lﬁﬁ@ﬁ&&ﬁo t% | nitdrval&l wi t &1t he fol [l ng cut

R TaY @&ﬁ{shl vel ~30Q,,246. 3¢4.4313. 9, 10,66,
B%“gégvs an %g 7. QRS th3g§ent ?opy i's zng(g t here
Mides OTHERES' s | n @:be EDA- PBX0 cl 288 and in xthe
Hypoipeat v bFEERY! Mo 00%f" eauggicy. obsi ng the, PO

Total Exrvors 7 13 6 8 4

[0239] As discussed earlier, an obvious advantage of the PCL method over SVM, NB, and &-
NN is that meaningful and reliable patterns and rules can be derived. Those emerging patterns
can provide novel insight info the correlation and interaction of the genes and can help
understand the samples in greater detail than can a mere classification. Although C4.5 can
generate similar rules, as it sometimes performs badly (e.g., at level 6), its rules are not very

reliable.

Assessing the Use of the Top 20 Genes.
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15

20

S prediction nethod, all the testing sanples (atreb@¥§boor
2) were correctly cI assified wthout any m stakes,
once agai n achi eving perfect 100% accuracy. Conparison
with G her Methods: [0238] In Table Z the prediction
accuracy is conpared with the accuracy achi eved by
We20pge19264 0 C4. 5, NB, and SVM usi ng t he sX0E/S6WI2001%d
genes and the sane training and testing sanples. The
[0240PClMurk effort andecmpeadiot wadamifydheanest fmpoddnit games Haybegd m@gd. r om

e Fe b g DB Wy

in the POL pediofion diedd, AhhaitGnaave my 0 jndgas:ﬂhe q;.ralimﬂihel sdbered férks is

, ients 15 Ta or rat es ri son of
possitfis howit UERTA R The KR niqa! St U P UREPRt | g
picked!@dritthe trdig Idﬁglﬁﬁ%@ugﬁfeﬂor rat e of different nodels

k-NN C4.5 SVWM NB Qurs (k 20, 25,30) T-ALL vs OTHERS1
0:0 0:1 0:0 0:0 0:0 E2A-PBXI vs OTHERS2 0:0 0:0 0: 0

[0241@ Gth Scecﬂl%hs dobSly QT&EB@ er a21eile1 i-anQi 18ve02, Indraflomly
Lvs OTH RS44O 2:0 2: 0 ML vs OTHERSS

select 30 gengs af egh @f e fupregaining uely @s%sw apsrpiRephipin their 6 0 2
accuraggtrgxil fle gesungﬁhﬁ’%es% ERR Rvdl; shd (8 rPedt (9) 2 MRl SRsSHRAd

Ier, vious advantage of the PCL nethod over
calcul@e/nyerages, and plleretatisfs.i s t hat neani ngful and reliable
patterns and rul es can be derived. Those energi ng
patterns 20 can provide novel insight into the
[0242bomablbatﬂsmnwahdmimnmawmm arfd avnegegaemwy aretithe 380 hel p

[t
expenlnTgnts B%%gpf; ?P gﬁ I%gﬁcogli Il %ﬁ%@%ﬁd’cg C an gnég%m?@r"fs QSO
listed SBymihe drmmyitlessifien sl tedting snmplels wemmdh@mdxmd bam: higgeecless if

ewo ilon @l R 4o P IR g g™ Embartet s B S e
First, D06F the MEag o4O 26 BclRCH BGAAGIRTYQOOE Adir{dBRAA hechacibs.

Secon o e S BTG S RS BFoP BE o EE R

on thexBIRME deh@! Th\@Ff&Ehce 6dnQ6hch 8% JBlRE:ford) fthel geme sgﬁctgﬁ pRdipd ar e

verfy useful in_the PCLéPredl ction nmeth C?i
worked effggtively Wi thaatpdicpn mrtheds. (e elpqtipy mgto ﬁ@l@%‘i‘f@&ft ed
prelin@@RESepk Befodd 93abIE b ac otioh FolidM dve &BSRshed. he
~accuracy dlfference if 20 genes or 1 gene is randonly
Table AA
Performance based en random gene selection.
Statistics Ievel 1 Ievel2 Level3 ILeveld Level5S Level6

‘Dummy (%) 86.6 90.7 69.3 90.2 89.1 55.1
Testing Accuracy(%) by SVM _
min 82.1 90.7 40.9 72.6 76.4 490

max 90.2 92.8 93.2 91.94 98.2 939

average 86.6 90.8 . 7335 84.32 85.0 _ 67.8
Testing Accuracy(%) by &-NN

min 741 784 466 887 691 383

max 93.8 92.8 89.8 90.3 96.36 816

average 84.7 394 66.5 90.3 84.2 60.2
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5 picked fromthe training data, is investi gatzggebmar
[0241] The procedure is: (a) randomy sel ect One ge
at level 1 and level 2, and randomy select 20 genes
at each of the four remaining levels; (b) run SVM and
k-NN, obtain their accuracy on the testing sanples of
- wenethizevel ; and (c) repeat (a) and (b) acChiGrdrecivo
times, and 10 cal cul ate averages and ot her
[0243Ft ditis 4ol possiblf ©24@jutcTibbhocuiagy iSthe priginahdatawidi 139 genes is
soptef BT Rhco B g RS i gt BB et methos
alsomhasubigﬁ,ﬁ@éncﬁ Fotlthemyginat Bas SVM, &N, NBahsldC4. 3 hakeed. By

repecpiiy Ph AT Y0 g et ne o gy e S PR Thes g e
much wallaaiharn:ﬁeéirdi h‘z&?%ﬁs 708, afkil Bif the eedgéed dinta ard Aymplibdalespeativaly to
two i acts becone apparent. First _.all  of.
SVM G100 Ao Pl AR o0t oG GHRTHS oL fpeiapshing
reliabl® pRYBridnRIdeIsdumy accuracies.  Second, all of the
average accuracies are significantly (at | east 9%
bel ow t he accuraci es based on the selected genes. The

[0244f] fﬁn‘%ﬂf e Sne070 b&@@&{hﬁe% phAGHERHS e adviiBoe@L Bt high
sel ection nethod worked effectlvely t he

accurypy wieaierpiviatinoerpeciatiy athen wwplicd fo elﬁﬁswn&mm%@sssﬂne
prolee!s TRRGLER o/ 91 déi’g&hﬂé@h émtsgtﬁﬁlesb fit ﬁfeﬁo& iRy _?_laﬁﬁﬁzd all

accurate prediction nodels are established.
its subFigpes endrahiced sneraeiesoansiderabiiesy thae the EH S AB.GYM. sodb-N8k i cs

o 5 )Gl )1 56 L

remaie U3 for Yliddtestiys. SvFdch simd 2, imp@@erFentip egormcsem @lsd olpgrver

ine 10Tt g oo e Gl follhorin THIERE0C 0y o h

mn 74.1 78.4 46.6 88.7 69.1 38.8 nmx 93.8 92.8 89.8
90.3 96.36 81.6 avera 84..7 89.4 66.5 90.3 84.2 60.2

71 2 ruary. 2007 _ T 1191926033%%{3(320102/ 000190
, Patﬁl nal o by 10=told cross validation 1

t he
predi ction met hodsWN Expéfi né¥Mal MBsul Ces&reWtRat t he
OERA. & 6 @Rkl ON rrEtTﬁ“od gal SO oKkes o@ DI g dnfoa‘bmoence.

Fgfmgfsef@sg gta, VM kgN o8, ang & meke

EZOOT

-r-rrespe Ive and. 26.-m scl aSSI i Catl ons on
lﬁé’?ﬁl ngléan‘pl Ws. Thbse Pdsul ts  &oE 03
BCR ABL vs OTHERS4 6:0 54 2:1 0:4 1:0, 1:0, 1:0
MLL vs QTHERSS 2:0 3:10 0:0 0:3 4:0,2:0,2:0
Hyperdip>50 vs OTHERS 75 13:8 6:4 6:7 3:4,3:4,34
Total Brrors 25 53 17 27 16,13, 13

[0245] Tt will be readily apparent to one skilled in the art that varying substitutions and
modifications may be Amade to the invention disclosed herein without departing from the scope
and spirit of the invention. For example, use of various parameters, data seis, computer
readable media, and computing apparatus are all within the scope of the present invention.
Thus, such additional embodiments are within the scope of the present invention and the

following claims.
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5 nuch worse than the error rates of 6, 7, 8, zapg,rgﬂzow

if the reduced data are applied respectively to

k-NN, NB, and C4.5. Accordingly, gene selection

nmet hods are inportant for establishing reliable

predi ction nodels. [0244] Finally, the nethod based on
wEwerigizeng patterns has the advant age of bot/bclazgimiselO
accuracy and easy interpretation, especially when
%&Wﬁl@r cl assi fyi ng gene expression profiles. Wen
tested on a large collection of ALL sanples, the
met hod accurately classified all its sub-types and

achi Avesthog pf dsterpining shetbergitstsempleyhayiag esidga i $he 4. 5,

gmﬁi- . Tk werf ormed by

cate%}!gzseg?%%g??oug B%\IOfZJ/?%geg?ﬂ ?ﬁ%xg%(gﬁ%ger’ %g?iﬁlé'ng and the
axbrartingd plurality of dmerging fatieins feosn 4 inining datefsaid? thathag atdeaptar

m' gfeg&notfsgi@ngrgsgf sh@dl.es was al so observed 15 in a

© IJ]%E[# o?{ae R

Cross va Ion test on the training data, as
csdatimgn lists, Wiindie BB. Tabl e BB 10-fold cross validation

| ¢ he training set of 215 ALL | es,
T ai M g oTlesT PR POt AT ey PR e Pt f on

K- DI , '}qu:a:l“ et battedris Mat-hat 8 nbAUHERS1
o:%ﬁ%ﬁ@%%ﬁéﬁ%& s et pteln Ma st S s
0: oregoetn a1 ith des9obiatag: 0 TEL- AMLL vs OTHERS3 1:4 3:5

ind o R hinRer O, B i ping IR iy RSt i
i o gt nhmfen e Sy find R e SRGRARAGRY Ry
numHer Of Enedgids Biterlyip dregilysalofeme@ipEipRe I3, calollging ngeefess: 7
whes; 4,3:4,3:4 Total Errors 25 53 17 27 16,13,13 20
Te51245] It will be readily apparent to one skilled in
t he ar&h scbradf sagmyscores is dbived fom the Frequemrits ofibehdrgiog@t i ons
may . be nmade, ‘t.,he .i nvention.di scl osed herein w t hout
-de%‘g?’fl?’Héa:l?fﬂt&ﬁﬁtﬁkﬁgal%ocogﬁ%mSgﬁéeslé%l%r| of the invention.
deduicirg ehivh losaid rsedaseds off dutd thetest datn BrEtgerised id Y seletitsthe
. .C ut.er readable nmedia, and conmputing apparatus are
hg“ﬁﬁ?gpﬁﬁdﬂﬁf%est he scope of the present invention. 25
Thus, such additional enbodinments are within the scope
B eliSa SN s S 155 (L1 01 g clal v 72

2804 N 204 FETaSGAR0RL BERH I\ HAEcihSwRit NEDAcBsses

..of data the test data is categorized in by selecting the largest of the classes of data having

the highest score.

The method of claim 1 or 2, wherein:
said k emerging patterns of the ith list that occur in said test data have the highest
frequencies of occutrence in said ith list amongst all those emerging pattemns of said ith list

that oceur in said test data, for all i.
The method of any one of the preceding claims, wherein:

emerging patterns in the ith list are ordered in descending order of said frequency of

dccurrencc in said ith class of data, for all {,
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11.

1. A nethod of determ ning whether a test sanph@epryary 2007

having test data T, is categorized in one of a nunber

n of classes wherein nis 2 or nore, conprising: 5

extracting a plurality of energing patterns froma

training data set D that has at | east one instance of
wened1ehs said n cl asses of data; creati n@CHsGIsA080190

erein: .an ith list of said lists,contains
fﬁgéﬁﬁeﬂe’iﬁ%m dspregeing © aflfls’("ﬂﬁr?m&e'@ %ﬁ%ﬂ%ﬂ@dk
is a 1BRH b&tdheEPof{ snfall@py.Sai d plural ity of emerging _
patterns that has a non-zero 10 occurrence in an ith
class of data; using a fixed nunber, k, of energing
TR tlefo 8 anBRS FcRinks 1116 4, SHRRIARS Atdlhsk Mas |a@e°n?t_htlirﬁﬂ k& o ot al
nunber of energing patterns in the plurality of
' terns, calculating n scores; wherein: an
ﬁxeﬂ?ﬁ&sc rgpgl" said n scores is derived fromthe
frequencies of k emerging 15 patterns in said ith
list that also occur in said test data; and deducing
MR nGho@ bf &3 bk it cRlRIGE S, vifere ﬂﬁﬁﬁk@h&s%%én{gﬂ%t Bk a
categorized in, by selecting the highest of said n
fixedpeneniage f anyhe net hod of claim 1, additionally
conprising: 20 if there is nore than one class with

t he hi ghest score, deducing which of said n cl asses
Tk netthiod of 4vg oteaf vlabiwstSdo V.svherinegid fixedpbrdentagnis eh slwni ng

th esi. of ta having the highest
1%tgggorucka.g%%flé}%ﬁgouﬁaeetqﬁ%%%%&g@%%{ﬁmﬂﬁbr 2, wherein: 25 said

k enmerging patterns of the ith list that occur in said
,*tq(%st d@tfm hz(;)lvee0 rée hi h%§t %%gﬁ%e@cj es of occurrence
methiod of 40, O e DRSSP YPFSEE “Siver gi ng patterns

of saidith list that occur in said test data, for

[1 i. . 4. Th h . f th di
to. fhepetiod S P8R s R B e BUPHE | 1 the {1 i s

are ordered in descendi ng order of said frequency of
occurrence in sajd ith class of. data, for all,ka.lﬁ 21

4 mpibpd ol Aot ningyRaslry A foff FEIRS g %ﬂe%ef%z ina

first Dlass DS sd¥Bd s, efmpRgone of the preceding clains,
wherein the ith list has a length and k_is a fixed

Bty plyslive! sprasiagpefterasiron a traing daipsehR ihabhps gileaghy

~ one A5iEnce bf £4i:2d s of i@ afh at R de 1ﬂsta{nb§oﬂ ;tssbohéi 8lhss Bﬁﬁta,aﬂ |

l'ength_1;, and kis a n,
creating a first list and a second list wherein:

said first list contains a frequency of occurrence, f (m), of cach emerging
pattern EP () from said plurality of emerging patterns that has a non-zero
occurrence in said first class of data; and

said second list contains a frequency of occurtence, f, (m) , of each emerging
pattern EP2(mn) from said plurality of emerging patterns that has a non-zero
occurrence in said second class of data;

using a fixed number, , of emerging patterns, wherein k is substantially less than a total
number of emerging patterns in the plurality of emerging patterns, calculating:

a first score derived from the frequencies of k emerging patterns in said first list

that also occur in said test data, and '
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5 fixed percentage of 7. The method of any onesefyruary 2007
clains 1 to 4, wherein the ith list has a length 1;,
and k is a fixed percentage of any 1;. 10 8. The
nmet hod of any one of clains 5 to 7, wherein said fixed
percentage is fromabout 1%to about 5% and k is

- WOageedBet t 0 a nearest integer val ue. 9. TESGraR@wdoof
any one of the precedi n& claims, wherein n =2 . 15

10. a¥eondseanveptivd o the, Reduepeies phf eerginggtions g i n n

= s3edAl 1 MaPalsolobeur th AREAPE L bngl€t €r M ni ng whet her a
t est sarzg!gga having test data T, is categorized in a
£ ed

deducing v pst detasipeatnearizell ipsthe fiioiasy pfslpta gt indhersecqed i ng

| lgiﬂgr 'zﬂ‘ﬂﬂ:&as% fi QR Psebbal Ni ng data
dassgjgtﬁit%&ta%?%%%ﬁg% Ioggst 2 &g@ialngt ancg of a first
class of data and at | east one instance of a second
| as t 4 i .first list and a second

12. F&ﬁ\?\ﬁgét}cgﬁ%ﬁil’s?%ﬁﬁ%&%?}}r%gmﬁ? " contains a frequency of
ifwaic first etvoegnd Baid sepond eoreme tyualydadyéimpwhefhet thetest sl iy)

fr.om.sai lLuraljty of. enerqi t t
catoggfR B et Prisiebe i ] PR L G B Pl oF
the f?d oSt sbeaietambflditst contai ns a frequency of

occurrence, f2 (n), of each energing pattern EP2(m

fromsaid plurality of energing patterns that has a

13. 'Ifh@ﬁmﬁmﬁd@f];cléﬁﬁgllbﬂﬁbpﬁhﬁéim sai d second cl ass of data,
using a, fixed n er, .k, of emergin attern wherein
- spidfemerging pajfrms of i iy e ﬂeaﬁa%wamf@i &t dgtﬁb%é‘}ﬂ%iﬁm
freqRABEPE BEbuR@kd BISAS fitslist Aorktdll #obd emeafingQiamdir@ of ghid first
atterns, calculating: 30 a first score derived from

list thaf acopy i@ stidieetidas: 8¢ Kk energing patterns in said first

shill Hlemere@ bt 8f Q&G ond Bst 8t Shelkra® Saidkd: Aata BREHhE Aighdkt
February 2007 WD 2004/019264 PCT/ SG2002/ 000190 a

frequsadies o ocsurspnes el sesendrlistamangd aif e raREingatisus pf said
secofd TRt %ﬂ(}ﬁc&%&s&&?d&i‘ said second list that al so occur

In sald test data; and deduci ng whether the test data
is categorized in the first class of data or in the

t ting the higher of said
14. ﬁ‘?%%?‘%%%ﬁ‘@%n“gf’%%?&?éﬁ%bn ér@%’or e. 5 12. The nethod of
© eplemginppatiemsdin shid firstrliat drgordaseroin descending jofdersdjsadd fréquenicy g€ or e
occu?:@]% %ﬂaﬂ &%ﬂ&%fﬁa‘i{g&?d are equal, deduci ng whether the
. OCCUPIEEP sanple 1's “categorized in the first class of data
enterging pattensdie eidacanld figsreafrdecksitimddssending exderiofigpid frequdngy ger

of oc%flrrence in said second class of data.

15.  The method of any one of claims 11 to 14, additionally comprising:
creating a third list and a fourth list, wherein: _
said third list contains a frequency of occurrence, f;(i, ), in said first class of

data of each emerging pattern i,, from said plurality of emerging paiterns that has a
non-zero occurrence in said first class of data and which also occurs in said test
data; and

said fourth list contains a frequency of occurrence, f,(/, ), in said second class

of data of each emerging pattern j,, from said plurality of emerging patterns that has
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the first or the second class of data. 10 13.
met hod of claim 11 or 12, wherein: said k eneﬁgﬁﬁauwyzmﬁ
patterns of said first list that occur in said test
data have the highest frequencies of occurrence in
said first Iist anongst all those energing patterns of

- weuwMhif2zie st |1ist that occur in said teseCusGzgziosmg 15
said k energing pattern of id seco Ilst t hat
o o & BFR1oF QSeHTanG At AR lER of SR MBIE dE0 OPYTE BB
of gagerd wiRRGEe I n said second list anmpngst all those
energing patterns of said second |ist that

in
sai d Bgene s inpald thiddisias erdarcdn desrgpdign er 0%641 ins 11

£ 0 srdRenc)OLScBiRnceal sl Bidiido Rk (84 NS 1 n said first
list"aré ordered in descending order of said frequency

of  cwengiog pattsrs inraid dpugthistasy ordareddn deseending erderfgpid
enﬁgtgk%?op&g 5&5111%5&15%96&1%%%?%' ist are ordered in

descénding order of sal requency of occurrence in
sai d second class of data. 25 15. The nethod of any
14, additionally conprising:
16. crea%&ﬁékg Eﬁ%t and a fourth list, wherein: said

third |ist conta 1@ frequency of occurrence, f (im
said firgt seoa ig ivery by of ;8hta of each energing
pattern |n1fron1§%( @l ity of energing patterns

that has a non- zeroggcaurrence in said first class of

gg&@mﬁmgmmhgghm@bSEZ rs in said test 30 data; and
said fourth |ist cen &, I equency of occurrence,
f2 Wm), in said second class of data of each
energing patternjmfromsaid plurality of emerging

17, PRIAGIASE i Rhe HRBims 1946, RRLEMBAY R0 has WRn2@044019264

CT/SGQOO 000190 a non-Zero occurrence in said second
saidspepndlish has@danathdem epd\m ehixed pergeringe of vhighaves af Jyanddxi
a; and wherein energing patterns in said third |ist
are ordered in descending order of said frequency of
occurrence in said first class of data, and 5 enmerging

18. ﬁ;f?e d:&e%ﬁola f g@&glafnﬁ) rlttg lé %Ereﬁrszﬁd ﬁfsgl?s'f: ﬁg ailéﬁgﬂqsﬁﬁn di ng

er o uency occurrence in said second
saxdcsbcascthsb hasdaemgth 150 Gud k‘ﬁheﬁmunhrechta@é ofA swinref hBnd Ivher ei n:
said first score is given by x f Onf ; and

19.-— The method of any one of claims 11 to 16, wherein-said-first list has a length /;, and

said second list has a length L, and & is a fixed percentage of any one of [ or k.

20.  The method of any one of claims 17 to 19, wherein said fixed percentage is from about

1% to about 5% and £ is rounded to a nearest infeger value.
21.  The method of any one of the preceding claims, wherein £ is from about 5 to about 50.
22.  The method of claim 21, wherein % is about 20.

23.  The method of any one of the preceding claims, wherein each emerging pattern is

expressed as a conjunction of conditions.
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. fTkm splGrea 10 said second score is given el
£2 (1 mEl '2\mi HP,U $T 17. The method of azﬁ&%’]“nae’yzw
of claims 11 to 16, wherein said first list has a
length 11, and said second list has a |length 12, and
k is a fixed percentage of whichever of 11 and 12 is
weweddiess 15 18. The net hod of any one ofrcukGroermodd t o
16, wherein said first list has a length 11, and said
second list has a length 12, and k is a fixed
24,  PRIERE PRy She &F tieipracinglolaitd) hdrdin oAl lefioendaB teiding
any one of clains 11 to 16, wherein said first |ist
pattgfpiargusedngt h 11, and 20 said second list has a | ength
12, and k is a fixed percentage of any one of 11 or
12. 20. The nmethod of any one of clains 17 to 19,
25.  Theanethiod ofmy @nd ¢hekinsddp b nvherpin only Flateancmprging pattposs pg
1mu§bOUt 5% and k is rounded to a nearest integer val ue.
5 21. The nethod of any one of the preceding clains,
wherein k is fromabout 5 to about 50. 22. The nethod
cl.ai rel ' . of
26. Bl fiegRl S s 220B Dol e et e iR O
usepattern is 30 expressed as a conjunction of
conditions. 76 21 February 2007 WD 2004/019264
PCT/ S&002/ 000190 24. The nethod of any one of the

27.  Theaweei@t 0fang o ¢fihe prdsatig dlm’ﬁn Werbiﬁfegohb?mhﬂme;gi@m}t@ﬁm g
atterns, are,used. .5 25. The nethod of any one o
has@%‘ﬁ?”ﬁ‘émilafgﬁr%a'gﬁ@ro@r “only plateau energing patterns
are used. 26. The nethod of claim25 wherein only the
nost spec¢ific_plateau enmerqgin atterns ar used. 10
28, e ot of eficH =g RGN S EHE BRELRAAY 181 ai o,
wherei n each of said energing patterns has a growh
rate Iarger than a threshold, 0., 28, The, nethod of
29, "Ehegrethod of 3 epeptitiedaceina e sherein sachobipd amsiaing patios
has 208 4Pof .15 29. The nethod of any one of the
precedi ng cl ai ns, wherein each of said energing
patterns has a growth rate of co.

30,  The method of any one of the preceding claims, additionally comprising discretizing
 said data set, before said extracting.

31, The method of claim 30, wherein said discretizing utilizes an entropy-based method.

32.  The method of claim 30 or 31, additionally comprising applying a method of correlation
based feature selection {o said data set, after said discretizing.

-33.  The method of claim 30, 31 or 32, additionally comprising applying a chi-squared

method to said data set, after said discretizing.

34.  The method of any one of the preceding claims, wherein said data set comprises gene

expression data.
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30. The nethod of any one of the preceding C'@Hﬁﬁmuwyzmﬁ
~additionally conprising discretizing 20 said data
set,- before said extracting. 31. The nethod of claim
30, wherein said discretizing utilizes an
ent ropy- based net hod. 32. The nethod of claim 30 or
wE4atéd ti onal |y conprising appl yi ng a met/bedo2e60190
correlation 25 based feature selection to said data
35.  THhermethpdofplaimeddgwhereitseidigeny ¢rgressyy datrigs heeh apBediompa; m
microQurapappams 2. additionally conprising applying a
" chi-squared nethod to said data set, after said
di scretizing. 30 34. The nethod of any one of the

[ | ai el B.sal RAMRFhsss gene
36. '5%3’?@%’3?%%‘@32% gﬁhe#éagdﬁ%%’?%ﬁfﬁ %8‘?’%{3 %%2004? 0264
corrBPHidSGRRGIHGO0L e 85cell Frbat frast untheo lass bEdaim cutesparidetoei n
dm£§y§ggﬁﬂﬁggéﬂ£f55ion data has been acquired froma
m c

r'o-array apparatus. 36. The nmethod of any one of
the preceding clainms, wherein at | east one class of

ata b5 .carr.esponds.to.data fo first .tyne,of. cel
3. SPapaRRRE R A R mg Pl oy b fua fons
typechditell if ocancerageand type of cell. 37. The nethod of
claim 36, wherein said first type of cell is a nornal
cell and said second type of cell is a cancerous

38. TR rhetholl@f &8.ond Srehd Padcbdith dMims MheRinGt Rist brtelagrofdgali ng
cl ai ,_wherejin at st one cl.ass of_gat

| ea )
compsppids SR & st aglptip,of sublpqiyand aessiAng erht g jects
corrépbhd@to daBASta BRAY PRilafidrBTSubdctsdat a  corresponds to
data for a second popul ati on of subjects. 15 39. The
~ nethod of any one of clains 1 to 33, wherein said data
39, PRIMQRAREhYRBe Bl to 39EHh&@h s#iBd@ sekomfhibes fefignt BT hod
- of any one'of clainms 1 to 33, wherein said data set
medicghigedrdses financial transactions. 20 41. The nethod
of any one of clains 1 to 33, wherein said data set
conprises census data. 42. The nmethod of any one of
40.  Theangtsod df any 08Bof olelirey lefio 33.setiertingraidalate gt cerppmisysi fpangial
cteristics of an item selected fromthe group
1Rm%%%%?sting of . a foodstuff; an article of 25
manufacture; and a raw material. 43. The nmethod of any

a1, PRSnBlodSh Bl o drclilindio SRR\t Yot B0 R BTBE S5

42.  The method of any one of claims 1 to 33, wherein said data set comprises
characteristics of an item selected from the group consisting of: a foodstuff; an article of

manufacture; and a raw material,

43,  The method of any one of claims 1 to 33, wherein said data set comprises

environmentat data.

44,  The method of any one of claims 1 o 33, wherein said data set comprises

meteorological data.

45,  The method of any one of claims 1 to 33, wherein said data set comprises
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environmental data. 30 44. The method of any oR¢e@ary 2007
clains 1 to 33, wherein said data set conprises
net eorol ogi cal data. 45. The net hod of any one of
claims 1 to 33, wherein said data set conprises 78 21
February 2007 WO 2004/019264 PCT/ SG2002/ 000190
wahewoagteri stics of a popul ati on of or gaRCESE0020190The
nmet hod of any_one of .clains 1 to 33, wherein said data
charggferisiics ph7 RopWlationef R8Iy data. 5 47. A conputer
program product for determ ning whether a test sanple,
for which there exists test data, is categorized in a
46.  Fhp method phaay onsrof glaigis d 43P, wherein saidyfale 6t gonidHEs BeTkeinger
dataPr 0gram product is for use in conjunction with a
conputer system the conputer program product
conprising: 10 a conputer readable storage nedi um and
47 Rl GlaR bR A, BREAARLMGEPAL] Sl AZRIR ol
conpu rogram nechani sm conpri sing:* at | east one
exists tesitdatp i catdgormed inysfirst ctagir a secand dlass stherimghesomputery t ool

procfrofit ool phiich RAR s kil ol B8 BllobBft °°°

prodo@tanpriaing: at | east one i nstance of a second cl ass of
dat a;, extracting a.pluralit f _eneraqi atterns.from
AR Rter Reegarliormig miedfim s cqnlpuley progiain tagalmiSe ebediRd | | o

theradd) eie @brfiputdr Pog@matechnistedothpiiding: al i ty of  energi ng
patterns: 20 said first ]ist contains a frequency of
occu?tlle@ﬂé’é?“?mwaf?m%IS@B]Ich energing pattern i from
sai datpdattiond sokihg@dol;20®r gi Ng patterns that has a
non-zero occurrence in said first class of data, and

sai d*WBeldKH 48 O ont ai ns a frequency of occurrence,

f2), of @aekingQ¥atk Gt Rt 108 billekibob idsfafiloS Afidt dMsyib@latal ¥
of enerqgi nIg patterns that has a 25 non-zero
I~

occur r Kk F‘%‘i%ﬁ%@@ﬁﬁ%‘iﬂé@%@%ap a, using a fixed
nunber, i&x@&cotix?grﬁl%flﬂhl %Mef’gﬁ{g%ﬁerMMdH dhialsst;

substantial |y ess an a total nunber of emnerqging

pat t er ns crepfingiadirgs lishead ¢ segongflistaisrel, fg each of said plurality of

emerging patterns:

said first list contains a frequency of occurrence, ,-(1)_, of each

- -emerging pattern i from said plurality of emerging patterns that has a -

non-zere occurtence in said first class of data, and
said second list confains a frequency of occurrence, fi(z) ,of each

emerging pattern 7 from said plurality of emerging patterns that has a
non-zero occurrence in said second class of data;
using a fixed number, k, of emerging paiterns, wherein & is substantially
less than a total number of emerging patiems in the plurality of emerging
patterns, calculating:
a first score derived from the frequencies of & emerging patterns
in said first tst that also occur in said test data, and
 asecond score derived from the frequencies of k emerging

patterns in said second list that also occur in said test data; and
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patterns, calculating: a first score derived f¥eahthe o007
frequencies of k energing patterns 30 in said first
fist that also occur in said test data, and a second
score derived fromthe frequencies of k energing
patterns in said second list that also occur in said

- wWawstoidet a, and 79 21 February 2007 WOrR08&0@1OAB4
PCT/ SG2002/ 000190 deduci ng whet her the test sample is
cat egor i Zdeducing vebpiberfthe test sasipleds capyeoningd in thesfirstclpsy ¢ data
second ot frafisseQnd falsdr B¥a @%ﬁ&&gﬁg hi%é‘r o H BRE scie ahd Ve
first score and the second score. 48. The conputer
progr afpqerdaast of claim 47, additionally conprising
instructions for: if said first score and said second
score are equal, deducing whether the test sanple is

5 48. 'Batcomputérpogranrproduet of claist 47¢ hddiionaly comprising instrectipisdior:

f I i th r.of . the
FRRERSSFPRR Bl R oY o SR ik BB e R 5 o
categmiaglia thefir dlasstof dita @limihesedohdaitassid datahe tefeictivig tsedargderlof
rgin ter of said first list that occur in
me%%?’ﬂ%é%?g%&%o e the highest frequencies of
occurrence in said first |ist anongst all those

| nmergin atterns of said first Jist that occur in
1o 48 ’@]ﬁicﬁfg?‘g%ﬁ’g)mm Fpf Wféﬁa%ﬁewg patterns of said
SRGRREgig PhitdridRF s2QTHEr Tist that S&uslints8 testdRtia Ravdahhidhbe

hi ghest 15 frequenci.es of occurrence in said second
freqyencles of AervEesce 1 spid fing Y apprepigl fhpsp emarpipgratierps of gpid)first

list (B2 6&Flnlshig test daBl an@CCcuUr in said test data. 50. The
conput er program product of any one of clainms 47 to

sAY & epgreing Pattensphsaidsesand ligtdhet posir in ppid tesi data bays the dihesp o
15 freqiinél &Y df DEbuBERE B s sRBAd IRE Afonkz® aff Blot defody pattedds of Bid
descendi ng order of said frequency of = occurrence in
seconlistj thet qoeyr igaiidest dfta.dat a, and ordering energing
patterns in said second list in descending order of
said frequency of occurrence in said second class of
50. Buremps pegraniedugiofpny enc opeleigs AMopOofitiesr canfprising one
contfl m&thRkNB 47 to 50, additionally conprising
Instructions for: creating a third list and a fourth
20 drilesing emdrgingpatterns misaid fikst lisd 10l desrendimprrder nisaid fleqeoeyeficy of
Wcu&g&ﬁgsgﬁctﬁstc&m@ﬁg )andl n said ,,f i, rst class of datra of
each emerging pattérn imfromsaid plurality of
ewdaing iemgreing phteeris &n datiatcondilist i descending order of said frequency of

* occurrence in said second class of data.

25 51, The computer program product of any one of claims 47 to 50, additionally comprising
instructions for:
creating a third list and a fourth list, wherein:
| said third list contains a frequency of occurrence, f, (i), in said first class of
data of each emerging pattern i, from said plurality of emerging patterns that has a
30 ‘pon-zero occurrence in said first class of data and which also occurs in said fest
data; and

said fourth list contains a frequency of occurrence, f;(/, ), in said second class
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30 non-zero occurrence in said first class of ﬂ%@ru%%w

whi ch al so occurs in said test data; and said fourth

list contains a frequency of occurrence, f2 (jm), in

said second class 80 21 February 2007 WD 2004/019264

PCT/ SG2002/ 000190 of data of each energing pattern jm
WG 2000019264 d plurality of energing patter N ECT/BGE021e1390 a

non-zerqQ occurrence in said co | ass of dat
et eigh GEPEMRD Bl FULRE S LA eESE AT Bt
eNR h&H-Reh RvdrteRlcRPsaidbedad ladsRE dth dnkl Shich blo Qoale InBehditddt
descendlng order of 5 said frequency of occurrence in
saf#afpd whergir ass of data, and energi ng patterns in

sai d fourgfydideShdsGn QEOREEE: b2 ofRRE RNALBLHY ARE oo

sai d freﬂuency of occurrence in said second class of

5 dat a. figarency of prowesncadn exjd bt gasoefisete. a9 cl ai m 51,
further coibbileiafighd il ikl Q0o bRkred hOcEAIRY Rt 0

said first s e according to t
(~i M) |said fraquancy BPb@ushcesinkaid seodetissidate according to
the formula: f{{'rWni~ PP, (WT 53. The conputer
program product of any one of clainms 47 to 52, wherein
52.  'Khel computerprogidm mbtmatof Blaiinos 1afaber chiBpristd insTitiosdomp ut er
10 calcRE2 (an1product of any one of clains 47 to 53, wherein
"left boundary energing patterns are used. 20 55.
The conput er progran1pro$§ f any one of clains 47
sasl 5% scophaseailing tedletfonpula: mergi#g patterns has a
growth rate of oo. 56. TH®2 Gi=er program product of
any one of clains 47 to 55, erein said data set
S0REdnd ShredRdodiHab &e?&s&uﬁrgﬂ%z% grouyp consisting of
gene expression data, pati (2 =Bgi cal records,
financial transactions, census data, characteristics
of an article of nanufacture characteristics of a
f ood r TP
53. et eglﬁlg Fgm&m pﬁrf:@%tg ?foh&é%l?/a?i gllge n(g Ig}l{a%ié’ 422% % {vgéﬁ%n kis from
15 abolbde stwueili sti cs of a popul ation of organisns. 57. A
system for determ ning whether a test sanple, for
which there exists test data, 30 is categorized in a
54.  fi r stThetagsteoprogars pmdurtiofinp e, of thaies<d &t Borwhaaripoeily lefig:

bou§d1éry emerging patterns are used.

20 55, The computer program product of any one of claims 47 to 54, wherein each of
said emerging patterns bas a growth rate of «o,

56. The computer program product of any one of claims 47 to 55, wherein said data
set comptises data selected from the group consisting of’ gene expression data, patient

| 25 medical records, financial trahsactions, census data, characteristics of an article of

manufacture, characteristics of a foodstuff, characteristics of a raw material, meteorological

data, environmental data, and charactetistics of a population of organisms.

57. A system for determining whether a test sample, for which there exists test data,

30 - iscategorizedina first class or a second class, the system comprising:
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e T 21 February 2007 WO 2004/ 01928%epryary 2007
PCT/ S&002/ 000190 at | east one nenory, at |east one
processor and at | east one user interface, all of
whi ch are connected to one another by at |east one
bus; wherein said at |east one processor is configured

wa B04/EaPéess a data set that has at | east PONEGIMNRDDENCE

of a first class of data and at |east 5 ope nst?r}pe
of a aledbons mepaYsatdmsteas processet 3gét leat %eafeamtﬁr%ceofl o
whiS{ RS SinfQich & dnS hlbthe} hRNIAALAL WAL @ set; create a first
l'ist and a second |list wherein, for each of said
pl ur arbereip saif aldenst oy migeespraiscerfiEEedioni d first |ist
cont gp i a%a% & CHAP IS Yt IQJS% BE AR RESHrst cldsh I da@bnPAst
emerging 10 pattern 1 fromsaid plurality of emerging
5 patnaingtance fatsedondclass pldtazer o occurrence in said first
cl as gﬁg and i.d.sec ' ntains a
freqieéﬁ%gl 0 Qg%cur reg%kggfall??btlﬁlﬁéaig?&gggh ener gi ng
pat t ereateia fifst Yutrusiad sicopl! Uistathireip, fof eachnefisgid plyralitytof emerging
that, has a non- zero occurrence in said second cl ass

of P4ata: 15 use a fixed nunber, k, of enmerging

pat t er ns, . WL Gt okiaihsa SRS AM e inbice] BYS off A emefoing
total nunber of energing patterns in the plurality of

10 emer gi ngt@al fren s plivality obdnesdimfpetienss that hasta nec-eare
derived fromthe, frequenci.es of k energing patterns in
sai d ch?‘g‘ienqei’%imc{‘ifggy 8""%@%‘{” in said test data,

and 20 a &S0y A Affle i Rle/ drokOR. | BdURAG) oS of

k enmerging patterns 1n sal [Tst”that al so

occur idmefpRigPateds! frchadaad plaaidy oshimophtirzalkat hite nbest
sanple is categorized in the first class of data or in

the scBRcEraEdn w1l speppd clpts ok@f%ct i ng t he hi gher of

15 the fusd Sfixed G@AKr, AN6E chBRinG PERAM, WHeRIEE is subbtarkiBlly #¥ehan
system of claim57, wherein said processor is

: . a p :

additata! gumber of eenspaingatiens ip ge plupalityof gmerpipg patters i and
saigdefgeond score are equal, deduce whether the test
sanple is categorized in the first class of data or
in the setlmideat deriyedior e Fepipncdiesobk epaging peliempingad of
the fir : data. 30 59. The
system%%thgﬁrt%%t%%@&%?ﬂg%&ﬁgﬁ’gﬁdn; sai d k _energing

20 patt er ns ofccandiseprd derived fausthe freguenciss el frenepgingiaticnasds t

- data hagn Lbs b GURRD ook ROUANSIGR, gy Occurrence i n

said first S those enmerging patterns of
sai d deducs whether the test sample is categorized in the first class of data or in the

)~

second class of data by selecting the higher of the first score and the second score.

25 58.  Thesystem of claim 57, wherein said processor is additionally configured to:
| if said first score and said second score are equal, deduce whether the test sample is
categorized in the first class of data or in the second class of data by selecting the larger of
the first or the second class of data.

30 59. - The system of claim 57 or 58, wherein:
 said & emerging patterns of said first list that occur in said test data have the highest

frequencies of occurrence in said first list amongst all those emerging patterns of said first
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82 21 February 2007 WO 2004/019264 PCT/ SG2002 Q0439 2007
list that occur in said test data; and said k energing
patterns of said second list that occur in said test
data have the highest frequencies of occurrence in
said second |ist anongst all those energing patterns
- WonIgH2@t second |ist that occur in sai dPCESG200R0E?0 5
.. 60. The syst of claim57, 58 or 59, wherein said
list t&&%@é"o‘"‘?‘)éi%?? 4% onal Iy configured to: order
@ﬁ%ﬂ’@ia’?ﬂg}ﬁ_ﬁgﬁ% dfSaid ﬁec@ailidtftﬁdt b&hir nis&d tebtrdatd am_elfju:ﬂfig_hgst
order of said,frequen 0 occurrence i n sai I.rst
freqfniet ol pouEFERog n saHleope Bt 8‘8?“%?@&5’??@1%‘!&%‘11%3 Y pida d
secon@ G gkt bdeiilin kdid #@g@gNdi ng order of said frequency of
occurrence in said second class of data. 61. The
system of any one of clains 57 to 60, wherein said
60. P OCEHS QhteinDf G 47 MNRIH Yorhefe BN PHELoriaddilionafiy €At € 2
third li'st and a fourth list, wherein: said third |ist
confi@irdde:ns a frequency of occurrence, f1(im), in said
' : t . I jan from
e s e b L R oy b
occurrepge-in eidiinsiodasy ofdaigend n said first class of data and
' . i d.t . - '
10 i eloR B o i ool Pltl il e PR sehedB ) ),
occurendenin said deapd clamsdf ddtmss  of data of each
emergi ngpattern jmfromsaid plurality of energing
patterns that has a non-zero occurrence in said
61.  secofltle ghtamf afy otdadfzlaimcs M 6@ wvhedem@aid procussr isndditiondlly
Uﬁest data; and wherein enmerging patterns in said
¢ Wﬁdéo‘l ist are ordered in descending order of 25 said
- Erepopihind st edd ot isEt&einn said first class of data,

ond SRS BALLERL L S LU 1Lt e prder o
I6 g%ﬁa&e&&%@gﬁa@eﬁi %0!11%%%11}1‘6?%/ dpf }Hl%@% ?Lﬁms ﬁ{at ]ﬁag gl m

erein professor i's addit y contigured
t onom3@roombwrehetin saidfbsiatlass of dbta sriorldchadso ocwhisriysdidiesthe
foEar{ylag& f ((Zm) ; and 1 \m ffit~mET

h

15

20 said fourth list contains a frequency of oecurrence, f;(j, ), in said second class

- - of data of each emerging pattern j,, from said plurality of emerging patterns that has
anon-zero occurrence in said second class of data and which also occurs in said test
data; and wherein
emerging patierns in said third list are ordered in descending order of
25 said frequency of occurrence in said first class of data, and
emerging patterns in said fourth list are ordered in descending order of

said frequency of occurrence in said second class of data.

62. The system of claim 61, wherein said processor is additionally configured to
30 calculate:

k .
said first score according to the formula: ) £ilin) s and
: : ' =l A (m) EPy (i JeT'
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83 21 February 2007 WO 2004/019264 PCT/ SG200%4QQ04,99 2007

sai d second score according to the fornmula: N(M =1
&P, (Imp 63. The system of any one of clains 57 to
62, wherein k is fromabout 5 to about 50. 5 64. The
system of any one of clains 57 to 63, wherein only
WO Wp4016uindary energi ng patterns are us@®drs@do/ofhs
system of any one of cIainE SEi o 64, wherein each of
i rgi . S growh rate of co
%@Fg?ﬁe SygggﬁPégngﬁﬁ&gﬁg'gyﬁg %i 5 .57 to 65, wherein
said data set conprises data seF&@ted fromthe group
consi sting of: gene expression data, patient nedica

5. char AL SPPRET B8 OB LA 1L b AT RARTERL NG  figut 5.

characteristics of a foodstuff, characteristics of a
raw materi al, neteorol ogical data, environnmenta
data, and characteristics of a popul ation of
64. O Jamh$dPBtem BFf any OndBichnsk Drfto 65 WAEDI BAIP LAMIRIIBS emerging
sanple cell is cancerous, conprising: extracting a
pattgmseysedy of enmerging patterns froma data set that
conpri ses gene 20 expression data for a plurality of
cancerous cells and a_gene expression data for a
65.  pl ur 3bs syiem of any opheficlaiey 374¢ 64 Fhereingyhal faidemengingst and
? S [ erein: said first list contains a
patt regﬁgégymgégg%@urrence, j'), of each energing pattern
i fromsaid plurality of emerging patterns that has a
6. MO AR QOESHLSRCS clfhusHoflo? RnERACHT S P Ehecs A
* said $eEOR Yo ONtal ns ‘a requency of occarrence, f
selegtédifronothe gaoicopsising iof gene pairéseibmdita, pationt ndica redordsal ity
of .emerging patterns that.has a non.zerq occurrence in
fineril ety ol s Shaspenges P el Rt of
charal;]mfs@ds 6a ﬁ)a}ishﬁi‘, ﬁlgaract&ﬂfﬁicﬁbﬂarkvy ingtefiAl iRdididldgidal @aﬁl ess 30
fhan a total nunber, of  energin atterns in the
envifsPPLp 4 456 CRHAEPETIRT R POPUATE Of SRR ¢ | ng: 84 21
February 2007 WD 2004/019264 PCT/ SG2002/ 000190 a

first score derived fromthe freguencies of k_energin
67. pat t Srpthqd ef e&qr@in?ng whetQher a sample cﬁﬂs cancerous, comprising: grng

extracting a plurality of emerging patterns from a data set that comprises gene

~expression data for a plurality of cancerous. cells and a gene expression data for a plurality
of normal cells;

creating a fixst list and a second list wherein:
said first list contains a frequency of occutrence, ﬂ(l) , of each emerging pattern

i from said plurality of emerging patterns that has a non-zero occurrence in said

cancerous cells, and
said second list contains a frequency of occurrence, f,-(z) , of each emerging

pattern { from said pluralify of emerging patterns that has a non-zero occurrence in
said normal cells; 7
using a fixed number, £, of emerging patterns, wherein £ is substantially less
than a fotal number of emerging patterns in the plurality of emerging patterns,
calculating: ' '
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first list that also occur in said test data, >aRdndary 2007
second score derived fromthe frequencies of k
energing patterns in said second |list that al so occur
in said test data; and 5 deduci ng whether the sanple
cell is cancerous if said first score is higher than
WEAMMYecond score. 68. A net hod of det ePal/sGa¢p/ oWt her

a test sanple, having test data,T, js categorized.in
one of a TR (Ve SR (g SCQEE B TaFigs pems 1 said
her ei nbétvikiehatl AsCdcleslsad tdh ditgfrs ence to and as 10
illustrated in the acconpanying draw ngs.  69. The

conmput er et sserslertrd diomghe Seapensiseoldremersingpattans in o

56, Op&hidklendInEAhdDdcdiPinshig esitBbad of any one of
clains 1 to 46, 67 and 68. 15 70. A conputer program

pr oddeducigs wheflsr the saranly eofl drpanesroun il ssid flidore is highgr of
Cl @fidBechd sloe. 46, 67 and 68. 71. A conputer program
product for determ ning whether a test sanple, for
which there exists test data, is categorized in one

f : t .10
8. §pelhol U RR e BHARS T SABR oG Bl B0, CLLORAR 1}
one ¢f 4 tumbef of clessese subgsardiallly mdetieinbefot descrihad with tdfi@ence to and as
o AC nyj raw ngs. 72. The system of any one of
luusgﬁtg‘?%s@%&?%mg&g%ﬁ‘gl?ggbl e according to the nethod of
any one of clains i to 46, 67 and 68. 25 73. A system
or determnin et-her a test pl.e, for which there
. DRlcoPBliralieditat i w5 ore ol s 1B “arelteetcrefinss
metlndd of bryResf clairiyistoMBi7ead 681d arranged to operate
substantially as hereinbefore described with
reference to and as illustrated in the acconmpanyi ng
70.  Aleapula Srogdl plotiuctdp&ytid RB3rOIREoakd BetBHe hrfy i€ ofl dhirh /B
megho of any one of clains | to 46, 67 and 68. 75.
to 4650 em of any one of clainms 57 to 66 and 71 to 73,
for use with the conputer program product of any one

of clains 47 to 56 and 69 to 71. 85 )
71. A computer program product for determining whether a test sample, for which there

exists test data, is categorized in one of a number of tlasses, constructed and arranged to
operate substantially as hereinbefore described with reference to and as illustrated in the

__accompanying drawings.

72.  The system of any one of claims 57 to 66, operable according to the method of any one
of claims 1 to 46, 67 and 68.

. 73. A system for determining whether a test sample, for which there exists test data, is

categorized in one of a number of classes, constructed and arranged to operate substantially
as hereinbefore described with reference to and as illustrated in the accompanying

drawings.

74. A system operable according to the method of any one of claims 1 to 46, 67 and 68.
75.  The system of any one of claims 57 to 66 and 71 to 73, for use with the computer
program product of any one of claims 47 to 56 and 69 to 71.
85 |




