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WO 2004/ 019264 PCT/ S&002/ 000190 PREDI CTI ON BY
COLLECTI VE LI KELI HOOD FROM EMERG NG PATTERNS FI ELD OF
wabkie4l0MZENTI ON [ 0001] The present invention geP€r/atop2/000190
relates to nethods of data mning, and nore
%%%&gﬁglagtg to rul e-based net hods of correc%%éqi
HIONB ¥ GRLEECER EIKEEBIORD FROMEMERGING PATTERNS
possi bl e cl asses based on know edge of data in those
I - jfically the present invention uses the
Fmﬁ£%§§ﬁ§§b3§@§§@ﬁéﬁging patterns. BACKGROUND OF THE
Y ' . ¢ el
000 TR S e e atioh Enceaf Ry 1o i Bl iy 3R more
partidubdrbyr toatledrasvdmethoteafsdvet ciy dlavef yvirrgea tesvgampdsinto oneadt two or more
ever-rising tide of data. I nformation, resulﬁs

possipleclassesrhaseds on hepvisfiga afdlefagndhose glasses. iSpegjbisalivathe progeq invention
i di | ible, i
uses B ALPIBAMPRIAIL, (o0 o1 ool i e As

conmputi ng power continues to increase, so the prom se
of being able to efficiently analyze vast anounts of

BACE&ROVELLEFHE INVENTIQY nore often; but so also, the
10002 P51 & 281G ARl P BRASNEE of BB rront o
uantitres 'S ﬁ%OV| i'Nng an I mpétus Tor developrng
infor@ibfidn waDiflesdpN LA e atetbvanahit inGaleveCRENAE de of data. Information,
Accordi ngly, the ever-present need to nmake neani ngful '
results efgesupTneiHt and ealayatiops celatein gongral t- argmey ingamdance and are readily
knowl. e ' rivi bstanti.al _research efforts in ..
sccesifithSEtapolk Futh b S PRbathed £ BEBp HathinTor s to
incre@RJsSlihk Pprothize BYbeibk bbIE M efffdainki9A6LFzd Vet MEleuMobf @dth ¥ being
the ability to scale nethods appropriately when faced
fulfillgdmrone eifenyit seralso ghe gapegstationtof being ableite anglazgesevst larger quantities

) coping 20 wt atag t-hat.ts noisy, .is inc lete, ar

i pre g n oo or 9Bt onie gl PuoRebdPisoped AR b ot

Accotd@nf®! Be théprbfedt NeBR6 hinke WS seide At daAL B8reBl converting it into
which it is conprised. Data resides in

usefulriihowledgevdhdiiving subspratieresgairdnetfratstio mathads of seatistical analysis,

vari egat ed_| scapes that .are.not . aonly sirange ar
patelf et o Bl O BB oo e SRy Bonip Dok mdl B0 By o scare
meth&dBprériitdly whbe £2008 twithhuee WBlunted of datdabd t8 piovede WARMBE coping
__measurenents or calculations that depend on many
with dgsp &hras it qisy, iinideproplgten or exasth atiihirsa caaplgx petameldrispace.
hundreds of variables arise today in many wal ks of
life, including: gene expression data for uncovering
[00031he Dhdtls RSl WRATKhE RBMBEROPRUANE phd¥BcNATdf Qich RESRhpied. Data
for which it codes; denographic and consuner profiling
residebein antltirdioepsiondl sproen wbichyhiarkpr ricb end veryégatdd lamdcapes that are not

R o T N -

hAI001: 6o IANGES ARA oF BRHIESNS hESHED |
Co s o RSB o SRt et o iy adparently

independentivpaiblep dpath sets withthamndredy obearbiasiagide thdty onmeiay walks of life,
includhdge gauEAP B ST ORARICE BN G i FOReth h pgfpme and the various
proteHRUYEEWhRR 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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classification is of paranount inportance. Were there
i's no obvious correl ation between particul ar

woanisabl2zes, it is necessary to deduce under! yi PQI/SG2002/000190
patterns and rules. Data mning 5 classification ains

[oomlgat ?e raﬁn REBIhARS o%ppau ﬁi i w b€ mﬁ%@& BPﬁ&Fdzﬁé téagh & regression,

or-ru

clusteP@§ SdubhBariation AdepBdinc R nﬁﬂbﬂﬁgﬁiﬂmaﬁg@ﬁ{r@ deeiafion dbmtgcm
data sets so that, over the years, it has given rise
classifigaticeis pf pdmenntimoriaecd. SAbeieibere UBVBVigNsCoFiglagn petween

racti.ng.patterns, ation
oS SFHRES IR 4 S ORIV AOH I s o
classiPi¥atidiCaikhd €o Bﬁﬂcﬂéﬁc@f@é gk efigieit d16akfidrQ 8héh as patterns or rules. In the

Nevert hel ess, deducing Eatterns |deaIIy represents
past, wheredhisynas h@nqmsqbbstt ha$ besorppaingtakingenereipesior fasge data sets so that,

over §85iiracbhe SraiidtE e Fnd ekl BB (o way (o new

and profitable experinments. This |s t he essence of
useful data mning: patterns not only inpose _
[0005]t r Uctardengdy) ektractoet pettous, @lasionghipyindemsdedyiogirales hesimple

eSS B o 5 L L SR, vt
deduér’i‘iég E%t%’eﬁigﬂganﬁg @P&%Iﬁ?ﬁ@t%r@}'ﬂﬂe%oﬁ@fest ¥ oIk iadut 81D $he deduction

earning" process, using sone’initial
of pndmlpibssthm Jndléatethasaphmdlemm that are ogtisdt and padovieheway tromgw and
t echni ques |n oday e redi ct rtie
profityBls, cHRPAmERTE H B 1t e|ea$/q9§ bseflﬁ@@ga W%P?‘E@H%nm&nﬁy 1mpose
struct%yé defliridRiatd 1% lsb ?&hﬂ@fﬂ RAREHE ?olE @k cAf Be PABLHIE Wh¥R new data is
ut are not particular 9 intelligible. Furthernore,
constantiyybeihig hdiméred .t thidensy, @ widelyseppseciafefdi parastigm fioond larvgech patterns
data sets. 20 [0006] .Recent|y, four de
resulzfremia, lgagaing} P’i?&?ﬁtse\]“ﬁ%g SRR iAl datarsel Q?FF%FgLed(%té@mng set.
How%%s i OQIEV yjter J:Hm quies Elfldgléegﬂr(])gw D?IMBP féé%écg rcfp@ﬁfeg b Eeﬁ %%Iaq{’lﬁﬁlut building
up ruldstoe pmmgmalbuﬂ}d) op eIaesiﬁeatmn sl:{lmndasetﬁgﬁar@pmdwee jouiaalcl not particularly

M ning, San Die o é iiréAu ust, 999 [
mtellr%blpf@aﬂwama&eealaﬁx pEfe S%‘Qileg’@ ® Venyeft e%fﬁ?’i lﬁ%’f fa sets.
(a) they are valid, i.e., 25 they are also observed in
new data with high certainty; (b) they are novel, in
[0006]he Reeamdy, fhatdesipebid sttrtartebaofipageinb iaveetsien l&ﬂwﬂlz&edl(@be Dong and Li,

o ODViOus to experts_and provide new insights; (c)
Effigieat Mifgag gf Emprging P%tFF‘éS}S dispeering| Tirensls @nd Ditde f@P‘FQﬁnsAéM SIGKDD

Inter%]tgo;&tg 2',‘0{ ﬂf%cg fi Kr)’(}w&dg %chlo%er)} ang’ Dat% %h{ng, San Diego, 43-52

esen I ONn poses n stacfe tot

(Aughﬁtt EQSFQ) efaich Mnc&@ofdﬂélﬂ?drelh ytréferénce irdtsxfntlmayhl (@pthey are valid, i.e.,
| earni ng, the nost w del y-used prediction nethods
they prgclsgcRbsenyed Hngve data h‘éthglﬁ% Partainye(b) they are geyphin ghe sense that

r E

pae s R8O P by 3 LD, BRELOLTELEO P RUEER) ey
usefl S, ahen@iaby khalls predictiofs;, arfdl @l tm:.y ard\N@ellagibise 1. supthists

for Pattern Recognition, Oxford University Press
represarg BN possuppeltacleior el MGEYDTOW. 019264

PCT/ SG2002/ 000190 Machi nes (see Burges, "A tutoriw

on support vector nmachines for pattern recognition,”
[oooﬂat qn)tl;ié 14109¢ 3REhiKB W Eid g ahOufROWRIeY-uséd ddidddh methods include: &-

Nai ve Bayes (see, e.g., Langl ey et al.
nearest nelghbors (see, e.g., Cover & Hart, “Nearest neighbor pattern classification,” IEEE
Transactions on Information Theory, 13:21-27, (1967)); neural networks (see, e.g., Bishop,

Neural Networks for Pattern Recognition, Oxford University Press (1995)); Support Vector
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"An anal ysis of Bayesian classifier," Proceedi ngs of
the Tenth National Conference on Artificial

wo nioglli2gence, 223-228, (AAAl Press, 1992); orP@i/s6td03/000190
i n: Duda & Hart, Pattern 5 Classification and Scene

v 8 DRR L S5 BE p  Rion D

Mmzr(gWaQ@EbMédgfel’leﬁébve@@B IoHt 19T, (1088))190:3)e Bayoe $qekt €g., Langley e al.,
their popularity, each of these nethods suffers from

“An anelysisf Bapestdn alarsifiens dirgcaedangs of thgdesthi¥ationgl Gatjgeence on

T e

CZassfﬁcdﬁomunkz Sbéze@fihc@&%mtd)ﬁn GilEN&iSdat,aNE £19789) dnd 0.5 (see Quinlan,

| azy- I earni ng" mnetho In l'azy | earni ng nmethods, new

C4.5: Frsgamusefor ofactine deaamiesc(Mergpn Kaufanng Sarediatecs 6ifpd PP Despite

e B e S L B 8 Syt oo o
prodl.tﬁr@ ;ﬁa&&ng Qith 'ﬂﬁ‘e fuR8ssiable étﬁ'lblﬁte@ QRcBsbd Relephbeves in t h e

Ining sanple, where closeness is nmeasured in terns
of sone distance nmetric. Though the k-NN nmethod is 15

o 5B BTN S e

“lazylE€¥RingP i 4R 1% ﬁéﬁ'gin tﬂléfﬁodsuhf?w hatRiced SRR arbRlkdtied by direct
nets s or exa ns y & Papert, "Perceptrons:
compArisomwith ainmls umthettrmmng; sguwithoweakr dyewm gaplicit phtferns. The k-NN

Press, Canbri . VA ( re also aml of. .
methpg ggsigns ﬁ&?stmg@%aplm the s Jé tg daRpRe IR Eh OBt ik Teining sample,
wherd Blg)sgﬂetsglﬁgﬁeagﬁr@g e ieRds bEiRRe HRAhc@mPeIcS Ahotgithe kNN method is
erstan hbura nets remai n popul ar anongst people
simpletend e ferd pdnﬁ)rmam:eoft offeh doks hapbielprfietly odderstaod ¢ohplex cases in
Nai ve Bayes ("NB").uses sian rules to conpute a
depthypipgyey puilds (‘:‘P&Rﬁ’fjd?tﬂzvef a%aééh class of data in a
data set. Wien given a testing sanple, NB uses an
eval uation function to rank 25 the classes based on
[0009]heiNeupal akal(sde fot exansplenMingky &nPapestsiRpeeptions: sampit@dugion to
the hi ghest scoring class. However, only gives
Comnuéatwnﬁgwmfb’: (NI Bress, Cmpfatoize iy M:"E’%& arg gls e&%mafes Sftools that
prech@ﬂ?g qpa@sciﬁc (#’ S8 dath, BEOG R r&ﬁﬁﬂ%%?e@ o8 o ap 188 cQﬁ understand.
erns. rt ernore, an | nmportant ssunptlo used
Neuial nbiB rérfaih papulbeahongs peopde whapicftd thabhiseyofi ‘hibekdod®miethods.
whereas for a |l ot of types of data this is not the
case. For exanple many genes involved in a gene

[001% 0 NERTL E%hge@ r(h B )eus@PE %lets % ?&gﬁ% i)g@o%ggﬁﬁg Summary for each

sone ar e c rela

class@f danlif a daahenaWakn given a t@m&gtsamﬁlel, N8 usepan ewluatgndiinction to rank
ene expressi on patterns with a conpl enentar

the clfisgas basadgr theisprababilistio symmarys 20di35512n 1@993)1119{%96% highest scoring

classht gc%l/carg ﬁ 851?’%?\:763 (rl)]lr%u c(FLl g?gbgﬂﬂl a)?i"or Qéﬁ“&nﬂ%{t%&e% tdsP data, and does

not lﬁdctb%@ﬁbrall%cégﬁﬁabkﬁﬁ@es drbafiéms. Fﬁ‘ﬂtmhﬁﬁe; an @hpadtant assumption used
Serial 2004/ 019264 PCT/ S&002/ 000190 anal ysi s

in NBﬁs ehicatixgsrass ga@:ﬁlcall}gmdgp@@entz vhewasfargot qitwpps)of datgthis is not

the oy r P e S o8 i BB A Ron QY Bbd B o e

indepedest b@somte-of thenfr¥iR! c%ée[}&elal%ﬂ @&, ﬁﬁ@xlaﬁlpw Scl%xﬁ@? bk, “Quantitative
control of gene expression on a Igenom c Scal e”

moniBoiingefegene expression patterns with a complementary DNA microarray”, Science, 270,

467-470, (1995); Lockhart ez al., “Expression monitoring by hybridization to high-density

oligonucleotide arrays”, Nature Biotech., 14:1675-1680, (1996); Velculescu et al., “Serial
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278: 680-686, (1997); Roberts et al., "Signaling and
circuitry of nultiple MAPK pathways 5 reveal ed by a
woredoniox02ef gl obal gene expression pr ofi | es", SeCEBRGH2/000190
287:873-880, (2000); Alon et al., "Broad patterns of
analy§i€ 8¢ ?é‘ﬁ%q{ A35i8R ES%Y@%F %"70%4@8‘7‘5@1995)n@hggﬂzly S$4T%e Banscriptional
tuno nor nal on tissues’ probe
prograuhncgfapumlleﬂemhumlhu@hngyeﬁkt” Priewce, D&X.699- 1@&3@199&); DeRisi et al.,
« S. A, 96;6745-6750, (1999% Gol ub et al .
Ewl%ﬁé‘&%msvabeh%w ganglis PURTObPT B CEPIeSTPHER 2 gPRRBIFSFYe”, Science,

g I T

revealdditstd matrixuef plehab gl exppIssios ipeotiladl Seems, 28‘7 $1B7880, (2000); Alon et
Jamuary epithelial cells and breast cancers", Proc
al., “Repaf paferag of gepgiexprgssoneveggd by ¢husigring anaézsgggﬁ tumpg ﬁ@d normal
colone&ss@és rob 'ﬁb@) 31%9&6(9&[@: a g@r %(?Cl %tlpzﬁgctd ng é@?ﬂg 98: 6725-6750

ovari an car s usin na m coroarray
(1999@2@0&1@1«% USHY IS IEPY, Glas[sﬁ(bhﬁﬂm &kﬁh\ﬂ@éﬁ C\es H@éodﬂﬁﬁ Rid\E8ss prediction
("SVMs") cope with data that is not effectively
by gepo gepressionopijoringl esdienrs: OO - BUM Y Permhet|dl.n daistinctive gene

exrel 5 Byt A B0 BT el B PR G EBLE SRR . Acaa
Sci. U.83\]46: 90 2PER17 (199973 rveaﬂgfw oL, tNIshitating dené @Xp%shdtﬁprofﬂe changes in
because they highlig [ nst ances that define the
ovan@ip@arﬁmpmlayp@ng rmewpmasr@ ‘arGane, 2296104838999  dat a
in multi-di nmensional space. SVM s can cope with
conpl ex data, but behave |ike a "black box" (Furey et
[0018! - SupFsPNetior NREhiREs (MBMNITRE) EdpRssithf d#AthhOR ndbeffectively modeled
val i dation of cancer tissue 20 sanples using
by linehizmothodsyS ¥Nps vssianlinkar kernelBunétivie toveqristyct a complicated mapping
ut atj on

betwesR BRI AR Py e Thy Soge pABTES 8 e dat freinformative

becalﬁ@ ﬂ(e%l% Siignp nﬁfan&ék%atVdéﬁh@ ﬁie' dthnaQ flyﬁeli‘-%léill@tt@ séparfé @R classes of
to chooSe appropriate non-linear kernel functions - an

data mpmlae;hmenmnatl spacewiSMMsaan gbpray8h bemplek datobitrighardlike a “black

box” hg 012%1%&%0 «Ql éﬂr}ﬁ‘}%&mmr i de | ri%g!%tgor{aﬁg[gajlgg}@eq{géncer tissue

sampRR R Phikr At @ip%%uﬁi &aLs B@gmfo%&ﬁaxam 00619 0(2@6@9 bhd tend to be
artl culated rules. Two principal neans of reveali'ng

compsitatigoelly expepsive. eAddltIDnalljsattas ti¢rirablarte hbmmempprm%Qn of the
. are decision tr nd rul e- inductj.on cision trees
vasiafyif o1 548 d T o0t SHoRrsts BURaH KT ELA RS
appre@?aﬁ%h%é%wﬂ%ﬁalw%ﬁﬁefo@ﬂ'koﬁfn% very prone to the chosen
starting point us, assum ng that several species of

30 rules are apparent in atraining set, the rules
at beco i med, at rent throu nstructio
[0013){ ® AR IOE r@i‘g ﬁ@%éﬁap%lm of Veaw%?d%rﬁaﬁmm.aewecgmques that
cond Sgﬁééé‘lﬁlg ydl ?1 f:(% (ﬁq{?ﬁgﬁl@lﬁoer n osﬁ%aﬁ%nr%%ﬁlétgcrl] AfE€ Two principal

meana oflgvealiny stﬁlcanrﬂ\pattkmﬁ dn dith éhat d@thasedooreruieseaird dedisich treBs and rule-
arriving at a decision tree. Furthernore, altho

indugfipnn Heisianrirees pravides yistalgod inyisye irapwo@tfze@lz\r@gg icgrﬁmtwn data
sets, {)lﬁea‘fe b ?)r&fétto Ue & s&rc‘sthﬁ?llng %Hﬂig Iy IZstél ?%‘g Flﬂjﬁd&f ﬁ%ﬁ%aé%qemes of

ose rulfes are not usua

rules Bye appatenafit a training-set) theciuied mme&nmmkslnaﬁ@aamppmem through
because they seek to el ucjidate as rul es as
constgicsion of @ dgpision [tigs snayydepond griticaly HPRPeWhlﬁh classifige ig uged to seed the

tree. $850 fsq)ffég & s%ﬁm%ﬁt RS al{d"éhgx%by an important analytical framework for the

data, are overlooked in artriving at a decision tree. Furthermore, although the translation from a
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Nevert hel ess, a nunber of hybrid rul e-induction,
deci sion tree nethods have been devised that 5 attenpt
W o00gapizeal i ze respectively on the ease of usePOf/SG092/800190
and the thoroughness of rule- induction nethods.
n {
tree tc[) 9 Qélt?lf (g%i@?ls%uﬁey{'ﬁfa?@ Io%v%ﬁlgeﬁxtog dru‘i&ealrémoc‘t uéﬁiﬂ'f}ptﬁ§ Sledtest or
s1mpléﬁc B3/ d@ﬂtrhﬂgelamﬂnaaﬁim&hb@s aiatsapmt bedansd thep sdedita elucidate as
conti nuously vary |1g data. Whereas a 10 .
manygples pypesiiaantrlpiis cvey pstaneain hedata s§t accqetingiogpe or more rules.
Nevetr{%l%fes§ 3 n%n{gg} &t %{b%%qjgféqﬁh{lﬁfbn%%%& &Qeem‘é@%?%] Bé‘féq%elil ﬁevised that

wer e encount ere ravérsin rou
attembf ®abit@Netrbget @@y B0tR date tthee of ﬁ@és, anﬂhﬁe ﬂi@r&gﬁﬁéd@ of rule-
attenpts to S|npllfy these rules by pruning the tree
inducgipn methadsedi at e points and introduces error estinates
for possible pruning operations. Al though the C4.5
nmet hod produces rules that are easy to conprehend, it
[0013}33’ 'Dﬁ@b@iﬁ@th@ﬁ‘i’ﬁo&e&f tRE ARBCRIctdssfuNBeibh-ire® thelifods in use today. It
boundary is not |inear, a phenonenon that nakes it
adaptp éc;@sgnnye tapprpaqhes tq data setpthat ¢antdin comtavioa]y ¢arying data. Whereas a

f t | di t t the t
soaig ALY ghle oo BsnasBaR ARSI Pree HoPhes FoweoR st bl e
condlft19H§ thﬁ@@bfe%b&nﬂaea i ﬂrﬁfermﬂ?ﬁlbhtﬁ ey e R tRRFRE tHASot node to the
been proposed is based on the idea of energing

leaf, thatCG4ey mstt(o@cattgmpﬁao annpli_fy theaCn1& l3KPONingtthe tree atdnteimediate points

erence on ed ge Di scaver nd M.n
and nﬁ%ﬁxﬁes e&gorﬁtuz% @& slglgg)}‘t)lm Meg%té -D?éﬁ%ﬁggle &9334 5S method
prodiceERilds thst 46 8dsylto LHMBRABRY, htrlﬁa}%(ﬂf’n%%s god pdfdrandelif the decision
I ndicates a property that is largely present in a
boundary st nat linsar, @ phetminzenob that inskgeit pecdssanto parstition & patinglar variable
SS l.ementary data, i.e., data that has no
dlffer@(}@)l %fgffﬁefl QRS 7§ fiedteee) ass. Al gorit hms have been
devel oped that derive EP's froml|arge data sets and
have been applied to 25 the classification of gene
[0014x p Resaritlyn a disapredietiof oretexdahyt ppssekses aimifowd d@irable qualities

menq"o%gg L&ﬁﬂ%@gp\%t}%g rbggrigroggﬁ % 18 II:SX £V S . Da% emergmg pattems (Dong
II. I

and ‘grégisgdé%ﬁ : oﬁ??%é ﬁgl@g %éﬁ%e % ﬁggﬂze@gg @licroﬁ)%?[y %ﬂ@am Mining,

San IMage,dBrE2 (Avgust, h9IHNadn emergifg pat@in (EP”) (s266f2) in combaring classes

RERCHIN JCIRCE ATE TN TR T SN -
T A AR Ve Sty

Algotithines havb peert édvelopbd éhat derivedElP’s érobi Taegeydata fetd/fRd have been applied to

2004/ 019264 PCT/ SG2002/ 000190 015] ner al, it
the clagfigbiop 6% 8p1 EPIESigRLere ’Et‘i’ﬁﬁ’gﬂmm&}éé‘ﬁ one: phimgrging Patterns

and Cﬁgé'ng'ﬁ@a%gﬁ%ﬁ g Bendifit In )[}nd’mjs OJ? Aas a?g @gﬁl)g $8afd \Xﬁﬁés“ldentlfylng

or c ying new i ns ances da € unw
GoodDighostis Genedpliss fromCGyne EMptd?.smh IPsofilss UeinpalveConcept of Emerging

included: Cassification Aggr egat i n% Enmer
Pattepsy t Biptdormatinsrs: T2 pdsdy, (2%({2)&11“(1 Yeohapatl., ({dps I%Wtecm sype

B B B b B o

exprdokiof QYT gSCCHCE Cell, 1:133-143, (2002), all of which are incorporated herein by

reference in their entirety).
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Tokyo, Japan, (Decenber 6-8, 1999); also in: Lecture
Notes in Artificial Intelligence, Setsuo Arikawa,
weioghi926ur ukawa (Eds.), 1721: 30- 42, (Spri ngerPCWSGZJ))))/ooowo

and the use of "junping EP's" (Li, et al., "Mking
f th tt
ooty g, PBAY PEIBLARELY kP BERLOLERY BBLIRSHS given g

set, inOYBitE BBse tBe dstlof 85 fdr%@&ﬂﬁymgﬁdw istances ofadata canTeaunwiéldy.
Space of Junping Energlng Patterns and | ts_Increnental
Previousi attempiniosopd yithi thisnssue hayeripelader: iglassficatippiby Aggregating

e B0 RO AERT) AR PR A SOR b g P mrin

Pattefn€” §§,995-691 Prdc@&lzﬁg.s%ﬁﬂeé&kﬂfntekﬁht%ﬁf@o ff@k‘éh@él bi D’i@ob&)@tgczence
a given EP ma le to classi a snal

Tokyoapey, (Qéceimizt éfﬁ’c é§99)n also gi: Veprutalares mArtdicgcddpqeﬂzggnce, Setsuo

gl eSS Pl PR g SO g

EP’#@ Cgiaz SNialgh u%%@hﬁe@r%ﬁ% ?ulﬁ]bhﬁg‘éﬁferglﬁg Birfd RES

ta i's zefo, but whose support non- zero in a
clasmﬁoﬂ[dn‘éi’rﬁn&wygc{:hiais&lfmfnmn aystahyS: lBlEPl“r:S 2@ syl iehal., “The

ssification because the e t the ter
Spacq pfoganing Fmereghe ParaTt creRiepta] NEAORAIG® AETHIRE” o
Procésletﬁlfn%[c LT g RMAREER A Con %é?@ﬁ'@e BB LhRhin n%%§585(2'0§0)) all of

cunbersone. 20 016] The use of both CAEP an
which atePhorperated therein hy mf&emm 1b ehmusmrcﬂy hEeAEP, recogmzmg that a given

consj der on_of. . all e nunber
EP g Ry o408 PSR & i AR ¢ Hilstaet mp e er &éﬁa%a Sarfiple of test
data 1Y laksifib @bl AREIREL Padefe RRUATBIHE i kAR piterys, Jumping EP's
(“I- EPEséi)j&e specid &R’ sl Whnswmippoﬂl siebnd clagsofidatagh Imrgl blltthQSb gigpport is non-

but at | ow cost Si an effic pr.oach

zero mc?fcqr%ré?mfmtﬁyr%%ﬁ 6 Qi o B G o B aspIBp R Gbecause they
foy! fit 6rigBl); bt e MR £Fa T 1 ber of

repre%ekll\tl/ d& W&ogj: v eﬁ)lgrléesen ianl\)/entef?on provid a A1ge MUmber 6
them/matdndag thaoampilysey is ptibgumbepomduct and system f or

determ ning whether a test sanple, having test data T

is categorized in one of a nunber of classes. 30
[001&&8011% ush 8{ ﬁ&tﬁ %1%%1’ g&?] RPN ﬂftctféi\ésb%gﬁlsé%f #he consideration of

re, and e me conprises: “extracting a

all, oph vérgllargy naiberyef GPhowheai dlesifging mewdatad rEflfmlengy d'hemtacklmg very

set D that has at | east one _instance, of each the n
large dpigsssisds prrapquRt Idp@ts MpliRatiqnst Secqidingdy. 4. mefhod {Sﬁgsired that leads

o velt Houfl g3 BB et e SR P dona by vang i eciat pprosen

for identifyifg thekmeR elnderoiulg thatatetuly bR fhn dassifichtien.
plurality of enmerging patterns that has a non-zero
occurrence in an ith class of data; using a fixed

UN@W%E ?ﬁg patterns, wherein k is
u stan y Iess an a total nunber of energing
[oo1PRat mfeﬁﬁedeﬁt foRentRinysravideya pikthREPc@hRgeriRbgramgoduct and system for

cal cul ate n scores wherein: an ith score of the n
determining whether a test sample, having test data T is categorized in one of a number of

classes.

[0018] Preferably, the number 7 of classes is 3 or more, and the method comprises:
extracting a plurality of emerging patterns from a training data set D that has at least one

instance of each of the n classes of data; creating n lists, wherein: an ith list of the » lists
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5 scores is derived fromthe frequencies of k emerging
patterns in the ith list that also occur in the test

waladani1entd deduci ng which of the n classes of PeEI/8G2002/000190
test data is categorized in, by selecting the highest

contat[nﬁ K g{;}t%llugl}ﬁlca:q y gg’tgf 0012&’”5 qf %gcti%tﬁ%rgg{g att he @]? En ﬁt?é}ra the plurality
of em\é\gg?ﬁegjg .tten‘tlsghaﬂ HaE gﬁmﬁ% c§g§§%drqu aé Zt@g:}]aggtofdgta dsﬁlg a fixed
numbeR) KPsf éhdifing paémaolhdr€ind i bubsadntialy ks SaR agbtabnumber of emerging

patterns froma training data set D that has at | east
patter@ﬁm the phtrality of emerging paterns, aaleulae noweres aigrain: andgisgcore of the n

score§ }Sr ftveﬁi ﬁgl{ne[g% Eregueilglgeg ﬁgkl%%ngf’g‘cir\%oéatge%saih tﬁee E@itstntgataalso occur in the
test dS@N4RI dbﬁuéln% K@EHESTA Me Ric12068 W e ey tebtldaf is cafegB@dd in, by selecting
energi ng pattern EP1(m fromthe plurality of energing
the highest ef the ntdeateshas a non-zero occurrence 15 in the
first class of data; and the second list contains a
frequency of occurrence, f2 (n), of each energing
[00199 at tﬁg Ri&H2 W FrE QM ivenin @ plovides f&rﬁerﬁ&h&g opéétét%ﬁﬁfﬂg whether
as a non-zero occurrence in the second class of
a testdathp];e hwumgteat datxEdis watebenizedkn adirstelase g mgeq@adtcbism somprising:

subst anti al ess. tha
extrai e ARG AL ST B R QOIS FEmA G B ciet BHBRgFRGE fast one
mstar?@toff G 'fist.clas§ @f Séztla ah&at 1Bask bhSInsBA 6f ARIbNEEaly &"Hatat" @reatmg a first
requencies of k enmerging patterns in the first |ist
list arid@tecfid Ritseheneinythe ifinsttlisecdntains alfitquenap df eccaeroe f;(m), of each
score derived fromthe frequenci es of k energing
emergiag patiars EPn(m)Heors geapldralifyse! enpraging paterse that haSna tumezero occurrence

in the 36810 g i B Sraahd bt Mialet e Peedpie, £,(n). of each
emer, 1%? g?tgerﬁ I]E%é(?ngq{'dpr?ﬁ{ Ebslg%h J)tee%érglgg%gﬁ?ﬁgggfﬁ zIn(H‘Eero occuirence

SCcOor econd scor

in the¥e€&RI¢ladsdf ehtal Oding bfikbE huRb&y kddentrgioppaans, mmgatﬂ Ris
product for determning whether a test sanple,
substogiiadly less dhan actefal nymbewel epearaingpstieras Eyfbe piselity ﬁ’f amergmg patterns,

calcu%a'ter %:ﬁarg g&% Oc%&v@cll ?rgﬁlotﬂg freﬁtle%%ise’s o% %{n%rtél V\é Pﬁte‘fﬁml‘thg flrst list that

conjunctio

also StY6t i@the tebEdat £ QAP lzttsecforﬂfs@@feaﬁhpéd)ﬁamtth@ 68Uengied 9f Aemerging
conput er readabl e stor age nmedi um and a_conput er

patteips iy tharpeensetish thahnlaproecyd duftheriest dpta; anddedyeing ithegher the test data is

categg{téegilr ?Hla n@fsp glﬁ (gTSI 1 o1 oﬁé l%hen&{:m?c{e %ILSI aog:c]igt?ég) stgﬁerc]tm{% the htgher of the

first R6fE Hdnhd &cohdsdoréict i ons for: accessing a data set
that has at | east one instance of a first class of

data and at | east one instance of a second class of

0022 s LB S R e o PR e BB SRS B
whetNd1 QI 184t @amfﬂér foR aghciPhefd tidwd téﬁtfﬂa'td ¥s &e e Wfirst class or a second
patterns: the first |ist contains a 7 2004/ 019264

classp@wrsmb@mmp)m@moglfanepménws uiedde comjpaeting, With ¢ eymputet system, the

comgiR PTG PRAHIch Ak SRRV G AL b ek T pdp Cmpute

progiahAdscHahisHAlRvediBd tHeh@n, Stﬁé @&ﬁ tﬁtbﬁﬁrogﬁﬁ{ AleBnfsm compnsmg at least
frequency of occurrence, fi(2 ? each energing

one spaistien analydis aol;tdh éeapt mrealorttr;g tobl_ emeccgltm@j inspracti@msder: accessing a
data %gﬁgn E%ssqt i@gggﬁqz};ggﬂ%&n SSSI&E dgtgtean %% %Qs(,jt o%le <rilns%ance of a second
class of data; extracting a plurality of emerging patterns from the data 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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5 energing patterns, wherein k is substantially |ess
than a total nunber of energing patterns in the
w@bkwnalizey of emerging patterns, calcul ate: a PECT/SG2002/000190
score derived fromthe frequencies of k energing
patterns in thquirst list that alsg occur _in_ the test
frequeney &F opgvarencs e on @f sashreaeazipg PR ¢ Hm the plyraliiyof emessing

of k emerging patterns jn the second list _that also .
patterg that hasrp ReZare SecEenge indheiirsy él&ﬁ%?gfb“%ﬁgil fie segyd g gpntains o
sanple is cate ized in the first class of data or in
frequeniy of @emnemag@ it caglpeTRerEmSRALteD) TdEqm ﬁﬁ’ Ripeliy fgf‘r)Fél?efgmg
pucry wbet o Sraraee b o8B G bR o umber, , o
L\ i 1Ea totdl YumMel 6ferthéteir patterns in th
emer%ﬁé ?{ltg@ rﬁéégvtgl e%fé?@{u?&g%ﬁ@&?%% 2ittr?ta first cl a%g n%rpaaems e
plural§gedetheeding patteringe calysitienn ficso squre denged fadm Itafsequeneies of &
menory, at |east _one processor End at | east one user

emergipg ppifespein the firsh tisuBagliogeoar @ hpiskdatagngl ¢ sgerd score derived

from ﬁﬂ-}%‘%}g{mgé{s &t én?&gfn ?Eﬁ%ﬁl%‘ﬁi theREL Bk Tist G Abo b&RS Ln @B ®est data; and
processor 1S con |§ re 0: access a data set that

dedudiAg wabthbL@s teso Banplo $¢ cunperiodd i the fist clabsasidand odiattbe savdnd class of
at |east one instance of a second c|ass of data,;

data tesgelesting thedhighes of thy fgst ssaweragdile F5PRESRE f rom t he data
set; «create a first list and a second |ist wherein,
for each of the plurality of energing patterns: the

[0021]i I Thelpr&bntGaRingion$1sd préadesengyteaf fop detsrminnmpewhdthdrly test sample,
of each energing pattern_ i fromthe pluralit 0 of

for whiehthgrp gxistattess EaW, isiwategprizeddn g dirst£Eass Obe SERORE (S, ithp system
the first. cl f ' '

conpg e o et By F s BB Prolfhcn P Rlei Bl wREUEIAS, el of

whiclP atet dhfedted toie ah6thet by &llédsy o busewhegimdie palchetrons processor is
that has a non-zero occurrence in the second_ class of
configiated to:pseess afdptaeeat thatlrasat leagt ong finssanse §f Aryslase phdata and at least

.wherein k is .substant.i al l e . I .
one 51 R e BRSO AR R 70 e B B B s
creat® A& NR6and PscedhCHstaiIR e bt E&h oS G HudEity vidndrgiampbahans: the

25 frequencies of k energing patterns in the first
first lidt Sbntaidta fAdqaencyaTecirfenthief; U of ettt emerging pattemddruth the plurality

score derived fromthe frequencies of k energing
of enfeging pagerhtHahkassemmnbrd badurtehed inahes firsd clasy ofi data, athé the second list

test data; and deduce whether the test sanple is
contatad efyequeneylof scctitrendel rfﬁ) , of @b enferglag pattarn i fronhihe plurality of
second .cl ass of data by selecting the higher of the
emerfinggtattems that hata nmzsre@gmem@h‘ef?le 3@@@@%& of dateg; use adixed

num%eceé :ng h{%ﬁfgén&l?g%ﬁ%eng% W?‘%‘@E“B?‘éggﬁ{%gﬁqwg X‘%ts gl}nﬁna nt%ltag %Pnglgteﬁecl)‘f emerging
patte,a_lgth 1{11:2%1?3?)&%1 ging Didiiis,R6 h18kIaR! X fiddd @re Alrived from the

rther in other preferred enbodi nents of the
frequeneiseof k emengirtg mtternsiin shel fekt lish than dlae pcamdn giertgst data, and a second
patterns 8 2004/.019264 PCT/ SG2002/ 000190 re, used. .
scord Gerisef oM R BT S G TS BB PGRES™ 1 eoigag T GBES ocour in
the t&sP ARG ﬁl%sdeqaé&wﬁ%h&fthg thsf LRMP1L ﬁ%ateg&%ﬁ?i A PRSfisst bag &¥fdata or in the
gene expression data, patient nmedi cal records,
secofid clagicofalata byasekatihg dreshighee of the fitsitsaprecind tbe sespnd sdoes
of an article of manufacture, characteristics of a
foodstuff, characteristics of a raw material,
[()OZEﬁt Q" olln&g' ) @éiﬁg @#@odiﬁ{é\ﬁ{ {)ﬁﬂgﬁ{&lﬁ;d, ben ald) gomputer program product
Characteristrcs of a population of or gani sne.
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 patterns
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BRI EF DESCRI PTI ON OF THE DRAW NGS [ 0023] FIG 1 shows

a conputer systemof the present invention. 10 [0024]
wWOo-R@4/0M26hows how supports can be represent ed PCI/&G2002/000190

coordi nate system [0025] FIG 3 depicts a nethod

. ; .

e B B PGP SR 0 Ly AL B A o e

grouph tdiBisting oft geae axpiessi(ﬁsﬁta)fpaﬁkﬁt anedical fe@@ﬂﬁ] andnGal t%ansacuons census
depicts a representative nethod of obtalnln

data ﬁhﬂfﬁ‘éﬁ%ﬁcs 961 aickyofgpyuifactye, ehaggireistss ol A5t Eaggteristics of
a raw %la%ne 6%9(?13%105 ?r\%&c}nﬂﬁeﬁa a‘?ﬁ dﬁ}ﬁ%ﬂ%ﬁm@ﬂcs of a population of

mfmﬁbﬂ§s of data, u5|ng energi ng patterns. 20 [0028]
FIG 6 illustrates a tree structure systemfor
predicting nore than six subtypes of Acute

' ' . ') sanples. 25 DETAILED
BREE@%E@%#@QW% [0029] The nethods of the
[0023F eF80! 1 kRN L&A lilﬁélesy@feﬁi‘ StBYb¥s&RifiveatlopUt on a

conputer system as shown in FIG 1. Conputer
system 100 may be a hi gh perfor rrance machi ne such as a

ron2 8 Rce? STy Stards® 55 bRBREReR B Bt apotina S8l
| apt op or notebook, or may be a distributed conputlng

array or a cluster of 30 networked conputers. [0030]
[0025]y s tFdah 3 depicerapnetbed acoondingto tho pmsdmiavemtign dorgiredjcting a collective

keliPfed (PSR P BRERGn § S Ok SERa S eI b el |

as non-volatile 9 WD 2004/ 019264 PCT/ SG2002/ 000190
menory (such as one or nore magnetic disk drives); a
[0026is e FIGnt eepiatsen répebsanttattle methodafigirtaipmgamenging pattens, sorted by order
keyboard, use and/ or touch-screen display; a network
Ofﬁ?ﬁmﬁﬂﬁéﬁwegﬁﬁﬁﬁ(%SQWOn interface 134 for
communi cating with other conputers as well as other
devi ces; and one or nore conmunication busses 106 for
[002Tt eFIGO B kstrateg atrheth&lPoll @] culddidgtagpredictiealsitelihbed thatDrig/in a class of
5 108, user interface 104, and network interface 134.
data, [USIIE FINCLFIEE BAYELO® nmy al so be connected directly to
| aboratory equi pnent 140 that downl oad data directly
to nenory 108. Laboratory equi pnment 140 may i ncl ude
[0028t FISa6pllusagtes apf@sauciare sysemdor prditiag @adre drmtser sibtypes of
apparatus for gatherin nlcro array data as used in
Acutgdyaphoblag Fﬁ%(éﬂg+ smplesscanni ng equi prent,  or
portabl e equi pnment for use in the field. [0032] System
100 may al so access data stored in a renote database
136 via network interface 134. Renote database 134

be distributed across one or nore other conputers,
DETA D DESCRIPTION OF THE INVENTION

[0029] The methods of the present invention are preferably carried out on a computer system
100, as shown in FIG. 1. Computer system 100 may be a high performance machine such as a
super-computer, or a desktop workstation or a personal computer, or may be a portable
computer such as a laptop or notebook, or may be a distributed computing array 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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di scs, file-systens or networks. Renote database 134

may be a rel ational database or any other 15 form of
wael2aa0a/0s0264 age whose format is capabl e of handl PemySGz02/@00190

arrays of data, such as but not Ilimted to

I ea p . .
mem%f (such o? p eé( ?Pe rﬁ{%}?ﬂ? 8ﬁlé ?}ﬁgna &%& ?rgglt’?%{%g S()gévhlflbglélglcompnse a
monitoY, XefBatd Andise ah&/er RRtH-068] disslannaetweorlt & alereuimitnication

devi ce 150 such as a printer, or 20 an apparatus for
interfagei ]t3|4rfgl‘ canmahieatingwita otmrwqmuigrs apiellpsother dpyiees: frg one or
ar di S
more ]C(PIB.B)E)ISQIC& 1RVY)uss%$r E&S %)ir ggerc él‘tlgn@l tcg’r}é@)e g@f t)(())pa[tt !le%gti the memory
108, dE@ldin?erfa{cQ@§$]anafi‘1€tv¢&m&téﬁ£ce%&t ents menory 108 stores
procedures and dat a, typically including: an
oper ating system 110 for pr ovi di ng basic system

i ces; f|| ste for at al ogi ng 25 a
[003 r g ﬁsft%m Fliqu ] lxﬁ]c tlg& ip% %ﬂ}l Pg %40 that
downlad YU r@relﬂﬁ to ﬁlHﬁllar}aﬁ)Su 9[9&50&%1’? loqhipBleit {40 may include data sampling

statistical” analysi's 118 and sorting 120. Operating
apparatys;t @ ot hibresydeeroameiers fappdratus Gorl gavhengg nacroamrax datesasdrsed in gene
sy sten1such as, Utrix, lrix, ri.s €$ ﬁ RUx
expregyn MY, DPARCETIRR, L porid - Saimat G Hinfiebe/ 15
W ndows NT, W ndows 95, Wndows 98, Wndows ME, or
W ndows XP or any variant thereof; or a Macintosh
[0032} p e Sgﬁt'emgl Oﬁyﬁi}emcsmbssamtd\m%irsa xem@o dhxab@ 196>vieometwork

QS X; or a VM5- ys or an
mterfe«pfe% oty Seightoe 130 Y00 LATDUAA POV AR HaCts piper computers,
discs,) f1E! ggtgms Blhet@ofks? %erﬁddt«fnhﬁt%jasé 934 ?rfég s afrefatlﬁﬁ'zﬂ Id¥#aBske or any other
'out correlation base eature selecCtion, chi-squared
form andhty Sicsageartiose Pornix sadpabls of hmdhag lavge atamd of data, such as but not

| eave-one-out 10 WD 2004/019264
limited t$graagisheptt AORTOIVGSHIDY S PHATFG FCTp ROt B, Tt files and XML
dma&g&ferably i nclude prograns for data-mning and for
extracting energing patterns fromdata sets. [0035]
Addi tionally, nmenory 108 stores a set of emergi ng

atterns 122, derived froma data 5 set 126 [
[003§s Sysiem H04p alsp ioponallygaanactesio sn oyt ApdRg &30 SP.? as a printer, or

t -
o o) 08 SoBEh R oo SRS &) PR, s
smarGhesied, eskobddystivk, Hapy, dislg fdipralisk) avegnetitdiabé, @ apticdl MES

Di where i > 2. Data set 126 may be stored in any

conveni ent format, |nclud|ng a rel ational database,

L e

an oﬂe?eﬁiﬂ%%&ﬁém lqglfbﬂﬁﬁﬂidlrﬂg"lﬁhsmcs%wm&seﬂ&ws dﬁld sytern‘ HQEfor catalogmg
104, or extracted froma renote database_such as
and asganizing idesrand date; ong errmesetapplication peegrams &4, seh aSol&ﬁPf Ievel tools for

s b 85 80 S S8 oSS Sy Y Moy S0 s v

UNIXWas@ dyk @i duth 9s UMHERETrix@8elavidbt Ay, adlinG0bystes; a Windows-based
preferred enbodi nents of the present invention, data

systesesuch 26 Wiodpws 8ds WjadeweNpr Bardayrs HatVhindpys 98, Windons ME, or

he first ass 0 orres d t
windiis b OF e Vel R e Maha L oG AR e Mcgs 8
Mac?ﬁ@ 1 bevianee9nd o |aWSQfasé1?§y§teﬁﬁ)6r Gy EaRRale b@erﬂ@ﬁg’isystem
or ‘a second type of cell, "such as a
Statistical analysis tools 118 include, but are not limited to, tools for carrying out correlation

based feature selection, cm-squared analysis, entropy-based discretization, and leave-one-out
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tunmor cell. Wen data set 126 conprises gene
expression data, it is also possible that the first
webk@g®1ubs dat a corresponds to data for a firstPCT/SG2002/000190
popul ati on of subjects and the second class of data
0

Cross g%&g@?sﬁ%ﬁ#?ﬁ)@%ﬁ% e1?4 ?%% A 81%9 %lgﬁl?? o%fams fﬁr data-mining
and felaixaasig 2@ gim\pahend frawnddtmsdteide: pati ent rredl cal

records; financial transactions; census data;

dermgraphi c data; characteristics of a foodstuff such

[00353r t P ﬁ%ﬂlﬁéﬁl&h{ tl%% %fz)lfé:stei %e‘f Bﬁéﬁg}gﬁ{gﬁeftﬂeﬁ%. ]]95 @lived from a data

ure, Suc

set 1269 HEPWEKF Bs ﬂfeu&ﬁs;ﬁétﬁ\*&ﬂr@]u@ﬁméé oft ducigendepl Bhrbita getclab is preferably

dat a representing, for exa 25 informatio
d1v1d@cb1mtqa@ttlea$t afisst classb2§ é@noéﬁdggo angg secopd ks 13Q> rdenoted D, of data,

and néay ra§§ ﬁc‘i‘c% ﬂxga.l cgf %{sa Ct\gﬁ f IO(F:S zﬁX getggfg lﬁw st@rleélfr%‘nﬁonvement

formé?rlﬂ@lﬁﬂﬁl@% remﬁbhﬁtdafh%a%akﬁeadsﬁéé’tpéﬂ Hhifgextf QesteatnB2amay also be
sal es and advertising figures; environnental data,

soredromemery Kt oo dxﬁ@lwfa@néabqr@tgryeegument 140, or via user

e L0 S0 S P50k bS5 gl Ao e

medlzg @J&fﬁ%@%@ﬁnﬁe@l td @f16gpyodisiexiel GDtR@ﬂﬁ oD-RPEDLEW. or 1B@h-card.
38] Data set 126 is preferably stored in a

reI ati onal database format. The net hods of the

o 15 Ao B el Bt iy o

prefeﬁ%@ Eﬁgodhfhe}@é'-of tﬁé(}?@keﬁ Riveadsd @ata seP126¢0Mm elfeCHxﬁRJsswn data, in
so long as the data sets can be 11 WO 20 /01 264

whiclPCase 8E20624¢100043ata mayeerfespomditol datafor @lfstitypeadt debr such as a normal

PR T
tumof O&ITB¥Vhes Bath R&E 128 JoBWrike e%xﬁﬁ:'séiﬂﬁ‘ d¥alio W dlsdossible that the first

Interpreted as a record an attribute Y
class loédﬂm«:bnvsqioyds taodatae’@p arﬁdstq@pylatlbm ef sidjents 4nd thh seconéllass of data
row X and colu oul d beb terpreted as the
Corfe%ﬂnl%“\/d%’f‘ eSeER 1? aiiogof gy J?ﬁ% record 5 X . O her
ways of transform ng data sets into relational fornmat
are al so possible, depending on the interpretation
[0037ThatOther tapgar affaiatacfrem fodriclt dma sqre @b imay adraws étcdudeThagient medical

ppropriate interpretat and corr
recorgh; Jmaaalefgama?u%q?aﬁust%# DRI (2 GG 9ice Af foodstuf
such%‘&n T 'unu 41 b¥odebt: @harl@céﬁé%ﬁ o hlll Bﬁi@le' oF ﬁli}ﬁlf&rﬁﬁre si€h as an
now @ covery in gases and M ni ng
autorhOBIRO h cifmpdtet bomahrtiyle df nmﬂuaggmetdomtmgleﬂ ylauameptasteatlag,efer example,
has been defined t o be the non-trivi al

inforpmadpg F?I%CF?& QUEF RS TAGRAS OF THOFE BIACESIOF g}eﬂﬁg‘g%‘i?ge%iﬂﬁfaﬁon for many
t
dlffeféln{ bl'g@l%r 14 eyﬂg{ﬁ%%ﬂ%{;’ﬂe}(ﬁoﬁ eogg g&gllﬂggigr\ll g%@?ﬂfﬁ? marketing data,
comlffishfgb dsresample, saley andeadvértisingipmndse egdronthientad detaysuich as
dat abases, 1-27, G Piatetsky-Shapiro a
comppfagianegt toxigsvaste figysey for dilfsreychemicalseny ﬂ)fgefel)&éw&f Adifferent
locat[o%sbggl? paapﬁgfgnt%ndts rigvéig gf’?éggre'sﬁﬁgﬁ b PPitesdf GREAGIOA of species.

referr

[0038] Data set 126 is preferably stored in a relational database format. The methods of the
present 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 sets can be
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as an "energing pattern” is of particular interest.
[ 0040] The process of identifying patterns generally
w0 g00n@i®ess ed to as "data mning" and conpri seRCT/h&200%/600190
of algorithnms that, under sonme acceptable
vans SRR} KSR SR, Al BLLRs, ORI et

spreadihietrhag a patikal @dwdat aolummiodthat, So titat direw 0¥ &1d a column Y could be
dependenci es_anmong data, a goal that has been achieved

mtermt@% ag HrecouleX oand asisbpie Y ospastisaly. Gorresnondingly, fhsdatum in the
f )
cell a{ﬁ%gp%aﬂg\ ﬁﬁ%[?%gllélfl bga?tg%)gé:éd é%/l ﬁl%glaﬂ{eh A uﬁﬁﬁ%laﬁbgﬁé Y’ of the record

X, GBSk Sisiof Graffonia @ dhia Gs Yito @€l atiedl @&n&@hﬂe&fﬂso pHRsible, depending on
rel ations; each table consists of a set of records;

the inganpretasion thas iscaprapsiate for the specifie datatseis e Tha leppropiate énterpretation

and e FonGndrocediifor Rubs Rt SpRnlR Aid 8 ifPBo SAZ5TY or o
persoﬁ%ﬁﬁ@&)nthyﬁﬁ nost elenmentary termis an "attribute,
(also called a "feature"), which is just a nane for a

particul ar property or category. A value is a

articul ar i.n roperty or category can
Kno“{?%i{gé If’f—‘???’ AN strf”ﬁ%?fgé@ al “dat abases, as
[0039]‘ gﬁYacﬁ)ﬁoﬂéﬁ? Cicﬂoﬂzléﬁgé’ %QH%r?%éatﬁl@d&E@Pfés bedh Héﬁ&ﬁttg $e the non-trivial
coul d be t he nanes of cat egori es of nerchandi se such

proceasoﬁtdem;fymg vehdi noyble petentiallymsefudrand vdtimatelyhodkssiandalde patterns in

04/ 019264, PCT 02/ 000190 [ 004
data (5‘?% F|gb FEVRYE é’ rrﬁﬂ @Bﬁg? CPHAY ! Ib‘g‘ﬁa %é’c?"&f"ée‘{’f dp Knowledge

dzsco@é??m’ll@mb&@} 9997, IS PideQky-ShAH MEOWST. FBwRY B, § AR ARMIT Press,
discrete attribute is color, which may také on val ues

199110f Aceatdingyte theomethbiluef, the pEeent ieentionn @xtaimlype of patern, referred to
gonti nuous attripute is .age, taking on any value in an

as an HeMergIng PRy df glePardelarigleies) | na transacti onal
dat abase, for exanple, attributes may be 5 binary with
values of either O or 1 where an attribute with a

[0040jal The provessits iddusifying patfrans gangtadlly is refercdietodis Séatwasning” and
ur chased._ An attribute-val ue 2gsalr s called

comprisgsd useoqf algaryl éfl}agé]nger some-gegeRfbl Fgﬂmputﬁﬂwgal efficiency

[
i SO s 6 AL ! Aol et o
minirnges & mecbvtaod@endenciestamgtdata a godl rthidtdas baf debievediwith the use of

10, |tems are cont ai A dat ab D, conprlses a
associaliRp &pleybut ’é@iﬁo %‘&81%“%%%033 g‘ﬁsqﬂ%%féyw of clagifagser
of itens each of V\,hl ch has a cardinality equal to the
nunber of attributes in the data. A record nay be
[0041dal Aextlationhlrdarebas daaibe thoughtof astohsisites ofotecptﬂladtimgoﬁlbles called
the nature of the attributes in question.

relatl«aaﬁs gachpble congigs oot sat of Fesﬁfsiac@rﬁﬁ%ch F%Cof‘%/ﬁﬁuad&F pf attyihuge-value pairs.
(see 0 fé&?d’ “%C}elggél?ra?ﬁfbglg %gg%g&%%ag%q‘@yb&pé b}},phﬁm\éa}z&%safme ACM,

13(6)d397t7ab%7e 19709t The rmﬁ@t elefentany tetm\mhméat@ibhfd blalsegalled a “feature™),
Thus, a database or "data set" is a set of

which ﬁans;a‘edtairr@rfgr ppartigalanproperty % category; oh vabieds 3 parjicylar instance that a
prope?t eorr%aft mt? galée }F‘hpgxa%%}l@ qg?r%ﬁagu&l?a\f ?latg .I: la¥ nﬁgl’?t be used in a

dnc
busink$saRaRKLE, |at1ﬂbut@§ céulé Bt thefnaddek loff Batk goriealod melﬁcﬁiaﬁ@lse such as milk,
automatically provides for mxed instances within a

breadg Phagh® campatessetars, books, etc.
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20 [0044] The "volune" of a database, D, is the nunber
of instances in D, treating Das a nornmal set, and is
waletwaneded DI . The "di nension” of D is the nunbe€T/862002/000190
attri butes used in D and is sonetines referred to as
I

100424, ARIEELIE Hot fomifiyal e 8k coibe BT Eame, ¢ddegoripal or
contituoafns Aatekample of a d1sf¢rdftb hﬂm&lﬁut@ ndofornwhich Andyralsacalos of red,

containing Xis witten as X ¢ T. The "support"” of X
yellowrPles. greendetioacrxsmpISTYDY coRREUQUS aftHBUIS AT dasntakiie Granyyalue in an

agree&-ugg%?%l Osg? [B(II) T%\(R. tIQ attraﬁé)agﬁ&luﬂ fd%&abﬁse {o,'r eﬁ?ﬁé}%% ! Ste(s) ay be

binary\wits & akip pPéEithek 6 ogll @ﬂ{e@é ark ﬁtﬁ{blﬁ@{ﬁ&h raevaluerltl_rﬁ’@:ﬁfs,tha‘i the particular
where 0:5 S <_ 1. Preferred values of S typical

merchpagisadag pmhmé Hynpstribtedeelee pRif ﬁgaE%my‘iltml " OF@lf-ematlvely,
“condifTR gy P RSREARL RN S o1l OB R Lot Rnt i)

latter is especially preferred. In practlce even
val ues of 8 as small as 0.001 may be appropriate, so
[0043] ong st of Htems P gmera’ﬂhy ke refoureddo paan “itamseppregarddess of how many

cl ass, .or. data S even 4/ 019264 .
items e SiBsh B 0aB PoBTETIORR S MUDLELH BT OH TR eqold pnsists of a
numHelS offiferhd®ch &2 theh 1k atclaﬁhﬁa%hgéciﬁai o the WHEHEr of a&RButés A Be data. A

two itensets in D, and = 0. The itenset X is
record ey bacdaba drdrsaatifont he arr hﬁamed dependingonstbe naturesof théyattributes
. .onsequent the ru su rt" qf an .
mnqu i‘éP‘?fBﬁ“l% e term tSa‘\?F‘ﬁmB l%tYPf?gﬂ%BﬁS‘gﬂ {%‘éretoe)da@Pases having
bina.r%f Eﬁﬁ'ﬁﬁg VAIRBS wharels (Haabme @iﬂﬁtﬁh&’%sﬁ'all\_(/ ref'é?setoﬁid%%efs 114t contain
he rule is thus denoted SUPPD(X

multi*vabref dtulibnee! This, taldatabaml“danaant”nma eet|0§ trtahﬁaclp@rsmmmsaagwes It is

of the_transactions in hat cont aj.ni.n
ROt ERSFREY For YO RGLENCE P S SHID R 6o O g i aibites. The
definftBHYF Bh (S tddcd)or tﬁﬁéﬂ%ﬁ@m (X a)setl@f &%ﬁ@vaﬂ%ﬂs %B{O%Qu@glly provides

m ni ng association rules beconmes one of how to
for mipedanstbreeamithimssogleantacat.r ul es t hat have support and

confi dence greater than or equal to a user-specified

m ni mum support, mnsup, and i ni num confidence,
[()044g1 mmgf“vol gx%p %@é iGhdke, HER %@ndrﬂbertolﬁ hﬁtan@ésqg Ire 'Re'ﬁﬁ‘l?g Dasa

een sol ve econposition into two sub-prob

normgleset raatl és dadnbteldeibb €T et ‘@lirpertsfon” wif ﬂlsnhsmﬂnlberto(ﬁ attnblﬂeqoused in D, and

and, for a |ven | arge . itense nerate al
is somaiires raforisf 1o & e carRri D toodfioor §m i, ¥oip denoted counti(X)

a

and 1%’@&15}1%{1‘%8 8% 'ttgé ?&teﬁ éﬁgﬁ%a(t:tmntgﬁg Hh tl)hgm%(g)élgarﬁ}g 5(0 ?@{rﬁns%tlon containing
X is wiitgendsGD LeMsThes“sapp@t USLX i Mgis dessted happ () ank éythe percentage of

efficiently mnin association rules is in
transgftioadinel? it cantpin Brige it em sets whose supports exceed

a given threshold. [0047] A r&g' Y (ZJPr oach to

di scovering these | arsggpjCers DSt o generate al

possi bl e ]

A “large”, or “frequent” itemset is one whose support is greater than some real number, 9,
where 0 < §< 1. Preferred values of 6 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 6 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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20 itensets in D and to check the support of each. For
a dat abase whose dinension is n, this would require
w@h@ekineg t he support of 2' 1 itensets (i.e., POL/SG2002/000190

including the enpty-set), a nethod that rapidly
becones intractable as n increases. Two al gorithns
have been devel oped that partially overcone this

[00459i f AinCabdoyiatibii Fuléhie Dl ateinipcatst ofARRIR X (AQraiveat Xamd Y are two
Srikant, "Fast algorithnms for mning association

itemsetgire®, andK ot Bexli- n"@l@ igmseh & iT¥hen ehiseerepRtafithrarulodnsl the gemset Y is

the “Cg%g?fﬁlfelf;gtg of hoelgpll\ée rﬂ‘f @‘if)gp}ema ﬁ%l gﬂ/gﬁa(s‘s)%?‘w{? %a_y) 2 P is the percentage

f

o LA R LR B3 5 B Ak BB RERR yrmocr o
The “COTF RNEITCT tRNashBi BRI is the pRtatagBof 4@ trdnhédvioRs BB that,

1998)), both of which are incorporated herein by
contaiméf K etteecdntein KeiThuerthe ¢@tf3den9@0{) 0B481 Be&pi te t he

utility of association rules tional classifiers

are finding use in dat a"fﬁfﬁ}(_ﬁg‘iggpl i cations.

Informal |y, classificati omung,@)deci si on- maki ng

process based on a set of instances, by which a new

i nstance is assigned to one of a nunber of possible

[00463 ; oﬁﬁg pléq-[)zena 8? Flévf\gn% g%)sﬁ/gg gzgﬂes ‘t%I 8 étq{%)%% generate all

asses or C

assocfiEiBg Rl thaPRaveRab PRt arld onEidase drbf@tth@ford &ual to a user-specified
respectively, "supervised" or "unsupervised."

nnnlrmum§uppqrh grimeph mum@m@ldé@,ceommoaﬁé tgseeciivel Generally, this
f ica whi ch cJ a r
probl jjvegg%y e(ip(ﬁﬁrﬁg%smcgbm o a;m sﬁlgsqroialleﬁltss g&ge?%tg gﬁéarge itemsets

with félsﬁe%\? td‘ ﬁlﬁz@&p QRd, foh8 ghled I8z iteRUAIGEnErhIRN dsiistliATda @ulieS, and output
known at the outset 5 and the princi pal objective is

only thosqyailes wimsakerfidencsershedsyningbrss (See, ﬁﬂa\’éadrﬂ al. f {18A3 P hié turns out
tat £ Ep o RGBS PR TGPl Bl B ub B i
assoc?itﬁﬁ%lfek £:3h idRovdrNR49 aleR i@HNEY WEER gabg&sd ef)dcéélid §ifen threshold.
he di scovered know edge gui des the classification of
a 10 new i nstance into one of the pre defi ned
| asses. i C a clas pr m cQ

10047 p P ik 3P0 i ot Shene i e ey T By AL BSssibte
jtemsbfd iR Wﬁf&&b%ﬁé’ck@h@%ﬁo&&ﬁ%‘a&ﬂ FéﬁhedaJtQﬁEJ‘WH&“e dPh8sgon is n, this

i nvol ves | earni ng know edge froma gi ven col | ection of
would nexjuare checking the suppoet of 28t itesetpéitet, evohichding the smpy-set), a

' phase follo i n. whi ch rod
mettod ok g Pespies i st B Rede . d i ABGHIF hayg been developed
that JaRFIBFERonR thid %ﬁﬁﬁ%ﬁl‘i‘}ff witﬁ t8d ARYY methoal ARRICKR (AlkdalvaNsnd Srikant,
Data"m ning 15 classitication utilizes patterns and
“Fasttdigorithms Soohiaingrhspociqintrilles,” Rracdedigs bf thg Ibreotiers Intathational

B T T Y V-
(BayRab!¢ %fg&en@ﬁﬂuﬁlﬂg ldii%giaa&ng Fro®d ﬁét&’da@&t ” P*o%@édzﬁ%lr@ thP1998 ACM-

thelr discovery ver, where
SIGM@DtIstensational€onfeteacgen Maaegemeimbf Eatat, RE-BasACM Pigss, 1998)), both
vol um nous data sets - a third ni ficant problemis
of WhlﬁlaﬁfedFC%B%aieé bereimsby rqg‘?f?‘éceéflfﬂéﬁ ‘P &e¥atterns for
deci sion-making. In 20 addressing the third problemit
is nost desirable to arrive at classifiers that are
[0048Tot Dhe3pite thienitidixy 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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and that are readily understandabl e by humans. [0050]
In a supervised classification problem a "training
WO pataneel i s an i nstance whose class | abel iBCRaG2002/000190
For exanple, in a data set conpri sing data on a
I

groupl A oBE it AER SR cBLling'sh REORE e ol
respeddiveyQ ﬁmpaﬁvttseda ot tesupaigised 3t @hsering Mmedvds raﬁetaran@lesm se

class | abel is unknown. A "classifier" is a function
unsuperagedpagssiticatian, ih yhicholustere of instapces|agg defingg apd determined. By

e e

and tH@l jaERigal Ebjectiel it to £lin &howledhd)sBGT ALrultg o padahd, ifat iemiven
and association rule mning," Proceedings of the

mstanr-‘% r'the methedhef the peasertdnveation et pyplerabintridige taproblems of
SUDE (iél\a{s%rf{@gnd Data M ning, 80-86, New York, USA, AAAl

pr}grs% 8%): the Large Bayes ("LB') classifier,
(Mer et akl s and Wit hrich, "Extending native Bayes

Classifiers using long itensets", Proceedings of the
[0049¢i f IrhsupeviBdEkBEficatia, thetdisnoatreddnbwledge guides nolassitiggion of a

new VG P RS] J1° Kea-d8TTied P | DI Y R A Gy Bgalem Somprises

two pﬁ’ggé SE2RAAAPHRAL ardd £ReRRSC Phase! 38 SigetRbed cﬁ@éifﬁh@éh the learning
.5: Prograns for nachi ne”l earni ng, "Morgan Kauf mann,

phasesavplvwbamng@,o“(l@e 3om a ghven lcollpétiok -ofi @mtanses to produce a set of

pattemwlg@? Sy ‘a‘t%::lﬁ;?rfgs’gﬁ?lgs?egfg lé\l;g :,(J[B gﬂg«g{gg{gﬁcﬁu&w patterns or rules are

exploﬂé&ﬁf A1 hb R InstaRBS | AUSAEHPIARE [ilty' £t of %ﬁhﬂin% abata mining
Report 4, Proj ect Nunber 21-49-00 USAF School

classifivatami mmz&aeﬂatmrmsa,ndmdaﬂsphaﬂéd@mpertﬂéx sush@d %q\)e)nmes and

coperBEhELY %k g oSentl ALy L PLLIGh PLSS O eU oA 6o o

the paRiRffs! StlﬁQ ggﬁglé ﬁﬁfiﬁbﬁ% S| or%hgls’fof tégﬁ%)s)cov uﬁ%lwever where the

net wor 962 the NB (naive
numb%g’fqmﬂam)s ls:i/cayémrge ems 1s(dfmngh@yase atithatalumindns datalsgts i-sa third

i an sifier", Proceedings of the Tenth
Slgmfmm Iafégfeneéﬁhaé oLhew iclagtangre ¢ fsvtlwerﬁagpmsé rflegision-making. In
addre t%%%hlrd Blent {t‘?§§1ost(&99@1%80 dbvé Qpcﬁés]slf-@sethﬁf: ?5@9&60 complex
classtfier |styp|ca etermned I n one o

andtt&ﬁmrrah&lyay&lerst‘mnﬂablebyﬁpinans in one way, a certain

percentage of the training data is w thheld, the

classifier is trained on the remaining data, and the

| a tc »l
10050 "554 BRIk QRCARR, bk oL Pt BGhek b Pingthie whos cluss

label 1ssknbaime IFoﬁszhhpie,an aulagcyet obmplising Hata o fai pepulation &ﬁhealthy and sick
anot her way, a n-fold cross validation strate% _
peoplesigaining ipsance appRsdata for r@erserikRP W teile healigy. By contrast, a “testing

1nstem%§’lg shatnI gﬁgﬁ%h e@la BHASs uﬂ-]i% . %“Elags ierdls %ﬂmbﬁ’on that maps

ass lrer Is

testmg ﬁhsia)ncgsr mtqosla@rldbeam [t bl Doft dd@ssifietwile 1@6@ itpthe hftiase: the CBA
process is then repeated for the second

“Clawf.i@@gﬁ Baped on Aﬁsogwéeps”) Fhaesibiets (ritics/ abs “Im??@r%qng§éa8ﬂiflé@tlon and
associa%’ f)}é %ﬁg %nﬁﬁllgt’hﬁro%e %rr%gezﬁ%c %chn?erhat? 7l Cton]a}'ence on Knowledge

these R qr ups
DiscoveNsrddD@ta Qfikirgt BORE I¥ew Y 4B e(dSAnAMM@Iaess (1998)) the Large Bayes
(“LB”) classifier, (Meretakis and Wuthrich, “Extending naive Bayes Classifiers using long
itemsets”, Proceedings of the Fifth ACM SIGKDD International Conference on Knowledge

Discovery and Data Mining, 165—174, San Diego, CA, ACM Press, (1999)); C4.5 (a decision
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20 the first training instance is withheld, and the
rest of the instances are used to train the

web@ssifeer, which is then applied to the w tPdESE2002/000190
instance. The process is then repeated on the second

tree balsgcgy LRRGH gggﬁmﬂy £9.5: ?@&%ﬁgo%gciﬁ'ﬁe fe‘&f'ﬁiﬁ? Wibighn K@ fmann, San

I'ns e 1s’ reac percent age o i nst ances
MateoCOA! E00BY); thedSNNf(k@darest xteig'momylaissﬁma Kiéirn and Hodges,

accuracy of the classifier. 50052 The resgﬁt,, hmical
“Discrimipatory aplysis. DAY ORAESLIG @lﬁ%@m PO Slétleﬁ SPrPPYHEY pApohnica

rerorp AR SO, ARA St R sy i

(1957)f)npéi?&éi>%n V(RM&%n@fattnBﬁﬁbtple@ Of aanulpnynico rﬁvm‘eptmn& wed the theory of
dat a mnlng‘W machi ne | ear ni ng
C

brain wieclgmisgts, Spartand3anks cWastiongtan BaCi IGW))( Belgﬁ%ngwpﬂqseg{qs?jnblatt

S

classifSFe! BioPeLpals LR FiR T e@zﬂﬁ?at)onafl Tonferewle @@g@nﬁtm oudliyerfce 0283228,
dat’abases. General |y speaking,” emerging patterns are
AAATRSesc(18080. with two or nore data sets or classes of
data and are used to describe significant 16 WO
2004/ 019264 PCT/ SG2002/ 000190 changes (for exanpl e,

[0051];' f’fﬁée SRRy Of 2 LL&HES)is BRiB9HcRABIALR 0BT mekal ways For

or others EP's™ are described in:

examltinnge By @cm@lmm@nm qf@hmmmgma m@@mlde th@r?éasmfler is
Efficient SSi

naine R BRATR RS AP ds NG hdsd TRgTE piERa B The
perceﬁ{g%é’ & thb Wthgéld MatROWEASy clAssstiddik itfken (a8 @&ldccuraby 6hthe 8lassifier. In

orporated herein by reference in its 5 entirety.
anoth&mesy |amgfq‘tm¢mesr vas‘hdam@l Peasegyas sede dn Jﬂm eppropch, die tefipipg data is

pamt]éggij Jlrr{t(%) g§§01m§| &B fﬁmgﬁ{s%ﬂ&gﬁft E%sg{f%?( ﬁsetga(ﬂi'éd on the other
(n-1) gﬂﬂps W&H %t& Wﬁ'@'»\lutﬂh}é}d 4:8094Thit peocesd isdhdnyrepéated for the second

ern es to the applicability of the pattern to

group) éhitouiztt the niitigabipy TheOcaudeyelsherissitie s ekan @s the ayaaper] accuracies
with sonme_degree of certaint ied t

over thak (g)tal%for\mﬂge Hfgr?WeiH a ggrt‘c?/ W ﬁfz%%—(}ng-ou &ateéy\fts used in which
the fntcﬁr&gﬁxg ﬁ‘é]de% R%thﬁéldadhdﬁﬁe adst 6f tht 'i‘l%té&fcbﬁhr@ Ql|sed o train the classifier,

ave been updated by adding a small
whlctpﬁrtﬁanzt@gljed o the @WlﬂhaldanstémeEmeﬂyo@@s pathm J@szged gn the second

1nstar§@:tg)g%l@1gb@s{g¥me;g I\gm? e e%d’gg%g‘:&% ﬁa% The percentage of
inst e? %ﬁ@é{ﬁasﬁﬁat {ﬁg@%‘j\ﬁ%ﬁak&%s ﬁl@&%ﬁra@%ﬁﬂeﬂz{sﬁh@f es

as not been previously
dlscovered elther by traditional statistical methods

or by human experts.. Usually uch a patt
100530t Fhepresgariarenvions: Broenafidus FavLF Ty GfueBy vertorms

d@é&hb@(ﬁ hereffabbW€as well as in other
well@ﬁ?ﬁtﬁ%ﬁ%@%gé@s{ lﬁg& ecausg human eirgert s tend to
wayst@ mdauriniOfeuiaey ¢@mimsen imﬂie firdd af d29 nfiniegueattiye leiyming, and

not the rare ones. Sonme EP' s, for.e aﬁl e, consist of
diagnestiesandtviigh yoplsihg known to one skilled in €

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 patterns are

associated with two or more data sets or classes of data and are used to describe significant
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patterns conprising nore than 5 - including as many as
15 - conditions when the nunber of attributes in a
walaioa/os®es4 i s | arge i ke 1,000, and thereby prorCHeGre000190
and unexpected insights into previously
- S 2
changior BN URRLCREDBL G B e AR, ERIE A Mothe, or others. EP's
are defUredl 6t:i Mg Uy Miking Eyidrging Fanteeisis Coastrule dcciraee adelifisient

in any two or nore non-overlapping te ral data.sets

Classifins. Doy Ao APDAGIen b0 RSP SASFe G SBIVS: hgineoring, The
. spati ata s . S Cont " i g ..

onincPP B 0k o SR o LR B9 Srence n
entirel§! Enfersdkipafidmbute basieslplonjlietiondiel sinplsondiionsf Prterably,

"trend” refers to a set of conditions that npst data
emerging mRtigatsdagefour gnalgins: vrliditp8pYAltys ROIPRYa) usefglnesgngiat a

in ata-set for another tine-point do not satisfy.
“n¢ﬁ%@%ﬁpgﬁﬁgly, EP's may find considerable use in

appl i cations such as predicting busi ness market

trends, identifying hidden causes to some specific
[00543i sEasediditymfig pditéthearleres to thgiappliepbdlitp 6f theqpattern to new data. Ideally

. handwritjn har act e recogniti.on. .for di stifagu shi
B L T o i e
way OF ﬂ%&i%alﬁﬁé tthd pMPeA) BoAdsp ARAvHEt) SERDBPR /2680 Grighfatiéatabases

or other proFel ns, and for differentiating positive
have bees ipdated by ndding gatiall peicentaghebrew datg. An E“%@av ppypartigplarly strong
... "sick", in discrete data. [0057] A,pattern | . :
i it gt G AYSD PR A 126 DRGSR 6! SBEisuRsdpgrhied ngo the previously
proce§§eﬁﬁhﬂa95p90ti ng it. The 5 fact that an EP is a
conjunction of sinple conditions nmeans that it is

usual ly easy to understand. Interpretation of an EP
s particularl i ded when facts .about its,abhility.to
1005547 s Mgl creBiEp et st Bt g o RPETR i, Siher by

tradit{ogglgs%gtiséé%‘iﬂétﬂ@ds%r@%i Hunfth 4. SGually,[Bhcia B Pateéin io1¥ER lots of
i's defined as an iteénset whose support 10 increases
condiib@ybifd loandupporft level, beeandat Aumen exiit maykagwy seiwe, bubpot all, of the
Denoting the support of itemset. X i.n databgse i, b
condigigpping'sveds drbeoaise Emap SXRors i P Boles thesy P%fﬁl@?to"
: i _ , i
ek B A B!, SpRNPSL N SO iy one

pattelﬂlB():omﬁﬁ'sing siie fian (54 inotudargwisseanysas AP H ¢enylititing svhgn the number of
_gromh rate is the ratio of the suppart of itenset X. . .
atribpigs Bpa @4ia s ié SRl PO e er N OURE AT 2P BOecisH insights into
. L of change in its supports and
prev1|g§sl\?§/§ﬁg{l %ﬁo@ﬁgﬁﬁfﬁ%@?y 15 of interest in the nethods

of the present invention. An alternative definition of

rowth rate can b dinp.t f f .
100561 ot woeRaRIsADf # GHAEFA RO IP1S DAY e Fagicuvely. Bmerging
appl i b o} ' ' N
parci8s SEYL ad e R ot s o
signifide dETRa ket ndnyithe drandrekpatiapd#ts eets.chh thisreentexgrag diffgrence” refers

to be limted to the ) . o
to 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 satisfy, 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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20 case of two classes of data but, except where
specifically indicated to the contrary, can be
w@enens2o#ed by one of ordinary skill in the apCT/86200000190
case where the data set has 3 or nore classes of
code f%ac;tfi‘er G gy diffetreﬂti%tiﬁ%g&ri‘@\?e HOIRER LA Heddliat idshRices, e.g.,
I Scussion of various net s presented herein, where
“healtigRerphick’, ea disyreangita.cat i on to a situation that
consi sts of two classes of data, can be generalized
by one of skill in the art to situations where three
r re class f . . . ' : ing i
100576} AP iR Goar (PR Aclfe L OR ERALHT G Insfreing i The
fact theednPEP B PAcdnpir@€bn oflSik@8etondativths nseahy fhiacilid ysuaby easyéa understand.
in such a way that the subset has sone propert

i.n
Interpeesatiaonorl anfidh isapestiqulaslyi Aideshyhen fakts abakiitsoildy fo %‘é%%wél between
testgtd n a.certain way, one class nmay be the data on
two clpjiet of Jis E5KQO8P a particul ar sex, or who have
received a particular treatnent protocol. 18 WO
2004/ 019264 PCT/ SG2002/ 000190 [0060] It is nore
[0058ar Assuuting & paipobiasa sets, Piand [Epar ERris definadus 8 iigmssievhose support

_ rom h.rates are | arger. _than i yen~th .
e B €% 2L B HERPROGRIBL by e
in datd SIPE Xup R0 Rk Fekbvah Pr@NSH itnRet RatdneDn td DS detintdas:
1ndaté[t)¥2al : gro‘i\%ﬁ?@ ratgf[d))l 4D2 (X) > p . 5 Alp-errergi ng

pattern is often reflerred to as a p-EP, or just an EP

where a value of p i{s0, under st odiﬁsudvgmﬁ)l:}oaﬂcpszﬁpz(r)f)mﬂ;

F et ie ol et CLbnde h | i ng EBIPH G Bl R BE ) O

d ]
one that is present M%Ed i sthahsient in DL. |f D1
and D2 10 are underssupplﬁX It 1s adequate to say
junmping EP, or J-EP. The energing patterns of the
Thus peesehtrate isnthe naticoof the sugpoetfafitehisst XjinePs everigaapgoridn/én The
rns X an such .t ha r _ever

Y Ni i bl .
growtil\rlq\ngtt: gﬁtglté %g’mggswé ﬂ]esdqg?:peoof C ! ab g[F sgpp&g% {j‘?cg %slsthg aﬁmary quantity

i e d DateshtiisvedBbe A8 RREMbtiV@FinYtiod &f dréwth rate can
Oflnt%rngngﬁgi%&Pﬁgét \}Bi gfeswlm)re specific tlhan 1)? 1ci)f Xgri S

be exprassed g teemalbof tduants of itdni@6:3}h definiton that GhdepariieHampplicability for
. EP's fromDl to D2, .an EP is siaid to _he.nost general
situatjoms wheeye the fkp data sets hays Kty VERIANCEPPRYFIGS: 1y e
general than it. Simlarly, an EP is said to be nost
specific in Cif there is no other EP in Cthat is
[00590r & is pelsd driderstdaithat the Torendaerpgschedrberedn alganot fbedligited to the
EP that is referred to as nost, .specjfic nd nore than
case QEORASKIRG g TG EBFHRIEES SECHGLD GIaardp g gy S be
i if&h; k& hedth dehRasP&tmore
gener@é)zée&%'i @1‘3%&%&?%9%&21? g th%:%l%ltdggﬁé%%% " boe?tlher s" of C. The
classd¥nstdate escatdifghy st arferthdramdenmtdod dhat itheef disdvosion af yarfems gnethods
of C. The nost specific EP s are also cal

) |l ed the rjght
prescpisd ey VTR CASPIRE Hioghhg BPYEHIOR vt SRYation gl GgpeiSts of (0 classes of
d 17 i 38 st@hiond YHBEah¥e BPmdre classes of
data, \?\A%{uﬁ%g({%rr?glg ?‘?gﬁ ?ﬁegs%ﬁl?‘h&e@ﬁee £ bou nlggr y 25 EP's are
data £ tGPeEimdetdit X elaks dfaduda) herei) éycomsideradso bgesebsat 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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[0064] G ven a collection Cof EPPs fromDl to D2, a
subset C of Cis said to be a "plateau" if it
w0 piidess a | eft boundary EP, X, of C and all PEESE®0Z000190
in C have the same support in D2 as X, and all other
P'$id | ' tes are
(00605 0F il rRHicuy P BiciOURY BPRRRE [Enkéls WRQITG oA s i rger
than a'gleRttBRShdIR)pS In phrtiCulat, fzivenics> Unadargsévotdateithrebisold, an itemset X is
sufficient to say plateau EP's. 19 WD 2004/ 019264
called RQF¢18G20Q2Pp0@01HOM P00d5]if:For a pair of data sets, D
and D2, preferred conventjons include: referring to
support i n 8Vs e -sh Pof an EP; referring to
DI as the "background"” data set, and D2 as the .
A p-ethergingepattennisaoficn refermpd foeasi, 0-EPgot justan BRhetesa value of p is
i ne-ordered; referring to DI as the "negative" class
‘D2 as the "positive" class, wherein, e.g., the
data is class-related. 5 [0066] Accordingly, energing
patterns capture significant changes and differences
[0061bet meeEP fohat A, seDs whetegn=apisldwdcalled & i mmpingFpé fom Dy to D,.
dat abases, EP' s can captuye energing trends. in th
Hencaseinping EBAgse M tade iviahe this bregehs 4o Dp aad ?Sr?é’semtm Dy. 1 Dyand D,
are undbAsfo®aeH ‘fseac‘deaﬁgtt@‘?@&?g‘,% ingq_i,P;, oR Y- ARG dr ¥R glgaliins of the present
points’in, e.’g., databaseS that contaln cohparable
invenfibrege prefbrablisi-BRss or denographic data at 10 different
points in time, can be used to ascertain trends.
Additionally, when applied to data sets wth discrete
| a I = 4 I ;
062§ SERER ovEpafisFE& SEPE HAh AT TN oy ERIE AR AnREIARER Scblirs n d
when®@f Y ddvutsail & Qhernmiisssaubthaf X idinere gemeckhtlmndh It is also said that Y is
popul ati ons_of organisnms; poQjsonous vs. edible, in
more ppegificabp s ifoX i At sengiabtbatided vs. not cured, in
popul ati ons of patients undergoing treatnment. EP' s
have proven capabl e of building very powerful
[0063%'4 agsvdnl £Elevtibict ofBP’ slfso Iy &0 dC bl BP@s §didiy beemgst,general in C if
.5 and CBA for many data sets. EP's with low to

there iserehi atherstR ok that iswete seserabiipndy Smiagy.@ Blsisrsald (R most
i nsi gh d_guj.d D eyen: "
et B DR BT BRI EVED Yobh eyt mor o

one EPfth&Hs fef6@éd s nessn Speclite, Bidbmbecthan bae BB st ietefaddao @s most
an EP 20 whose growth rate is oo, i.e., for which

genergl fpragiven B, thend A% Kiossilies thamesigancral andihg mest spogHicgPs in C are

W unpin i_ng.patt.aerfs roqrJ- p
o “GHBE" e BT BRL YT ol kg or
The B0M spdcsiid BRTs@@aba ballMaithd ftanoandirg BPF 4 5ih®. Where the context is clear,

Proceedi ngs of 17th International Conference gn

boundsy EPPreark dakenitogieas bt uedury By withaelgpersioangChdhe jeft boundary
, by reference ip its ntiret Preferred enbodi nents
EP’s 6‘%/: qfﬁgecbglégtgms er?@‘ésr?ttﬁ%?’narﬁpﬁélt %eenexeﬁ'urrpi ng Energi ng
Patterns.” 25 Alternative enbodi nents use the nost
general EP's with high ?rovvth rate, but they are less .
[00641r efGivereal cliections € offfdY s fremt PatotPna sibsehbr ef € dhgsid odiec plateau

... .than that  of J-EP._s_and.be e [t.he t .
it igedides sd e PPURgRpLEB oF, B1C R G 16 1hadn 6 hase 282 samgygpor n Dz as
X, anldAICAREEPE & € biPndrife! BaRf BppY@ ind Bat are different from that of X.
The EP’s in C' are called “plateau EP’s” of C. If Cis understood, it is sufficient to say plateau

EP’s.

understéh
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(i.e., every pattern is observed in both classes), it
becones necessary to use other EP's of high growth
WO 2108/01264 [ 0068] It is common to refer to the PCHSG2002/000190
whi ch an EP has a non-zero frequency as the EP' s
t il ,refdfring to support

100631, o P e et B B B A oy e 10 PP
in D, a8 Q4D pOR 6 aiPEP/ ﬁ@ﬁﬁﬁgk@ﬂ@ 219te “baxv]@tqurfdf’ dguent yl;ld Dsg as the

called the EP' s counterﬁart I.n si

“urgeiioceh N B 9F iy Retapered deieaths Qb o ety class
P h
and Dzh%sé% S[%os 1:‘%3 ﬁféa%% %e}e{ﬁg(f‘é%a&%é%ﬁ 1¥\’@1a§§1 e‘l’eﬁ &P has

It onal anot her
special type of EP, referred to as a strong EP", is
one that 5 satisfies the subset-closure pr ope 'F t hat
[0066]al |A@ﬁrdlnslymneremgwtt@mb§@t§reér@1fa¢%0@ﬁg§3 andqlifferences between

data seg% n@éﬁn 8?@%661&0 ltﬁln}eecét%gitgg {latg'bea%g' P? ceaé Pt!ul‘es?merﬁmg trends in the

behavRSr of ﬁ%ﬂﬁle@rom‘s This 1§<beda§seétﬁe aifes@ites bétwegn dhtagetd et @mgeaunve time-
EP is called a "strong k-EP" if every subset for
points \muag'] dzttztt@smhﬁemntaﬁn edrapasalle pieceseof bugiigseor demographic data at

dlfferq%mgp n I&FX%F?%R%‘ISEB ast §a13ere§d§ oﬁ@&t&%ﬁalwggﬁ Hg;gllédqg data sets

with dis@ﬁ@er ElﬁﬁEs,lﬁegHﬁce{phﬁé’ ubeickon@afle boMicen ﬂ&bi]!&%esl (Extahpies of such
s, (i.e., they remain valid), when one or
classemhxdndwt.armm@rimgedamemabd@dfemﬂ% in g4tajonipApulgaens. of organisms;
posorbp e ot SR o IR THEL AR O gy P o paens
under%tﬁﬁ%trea{?ﬂleﬁ OEﬂBg haﬁé"ﬁoﬁr&?ca%ﬁl@]l@@fbﬁﬂdﬁ Wﬁty(ﬁ@weafmdi classifiers which are
, can be represented on 15 t and x-axes
more acespicthan,el. g, Of.Sand4B A £¢rana®edata Fie B andtholow tanedien support,

ed the " port. ane hus bsc
such ayi%e b s e grsiBUERGH eyl e SR EnB b E Syen
& $Bhtiod2. Al so shown on the graph is the straight
uniﬂ??%e of gradlent (11p) which passes through the
orlgln A, and intercepts the line supp2(X) =1 at C

[0067] S g%%dg téagcgaltt&%sag sgqsaﬁé)re(gg fcée&t h%q‘) g%&%}(&% éls%ﬁhere an EP
thselI %?ro@v@rpfa%esﬁ% 6. BYr HWRRhRED CP'Hrt ﬁlstH@Bétc(ké}ounanaﬁM@p@ (ze&o), is called a

ts growt’h rate exceeds or i1s equal to p, it nust
“jumpingemérghignpattern”oor TTHEP. iée(&emlge Lioft al., T e Spap@ﬁ@J wppgEmerging

py T PR RGP
Confe%%pcz b NRSOhRS L mbides 9.‘5@(2@02)3 1&‘&156’1‘@&6@ AR Yrefai®RS in its

separate two ¢l asses l'eads 25 to further
entirefyac Bteferndd enkodiments pﬁtlteq:mss:nt mﬁgnﬁmtélznaymhmngv@rgmg Patterns.”
| ow frequency

Attty pamypeamert i e sush Epiech Lt B SR fs Biggpey are less
prefeﬁ%&)ﬁéééﬁsréanE%xﬁ%:fufoﬁ 'is‘é%ﬁfesccp@ﬁli@%t%ﬁ thEh b8t JOERS 886 becuse they may

of whose proper subsets
not n@é@anrwglvEE’etﬁer réduita thay J-ERie. Hewewer, inecmse& Wwhere aog iR’ e pre available
contains, the larger is its fre

uency occurrenc
(i-e., p¥erpasiouRis Qsemyed ioThaid classeib h?gorgﬁy @sapf XOri15¢ PIGH EPs of high
gn»m% updary EP increases its

[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 significantly
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30 hone class frequency. However, fromthe definition
of a boundary EP, when this is done, its frequency in
w0 b@sooant er part cl ass becones non-zero, or i NPCESSHH2/000190
in such a way that the EP no |onger satisfies the
Y b ” h ¢ more tha
towery S ipdl, o Red S FRD DAL B piy LR Bt G S Fore more than
two clb&@? Zl]le Aems elasd g bé ke teahe class i Whinpan §iPdes highest frequency.
EP for exanple (which has non-zero frequency in the
home class and zero frequency in the counterpart
| a e D2 S
[0069@ §§&159{1£B’h I(Isthclhr S eﬁﬂqg%p&%ﬁ égeﬁe?td rr%gs'%) éﬁl%ng% Sk BRE that
satlsleJQﬂ‘le %ﬁb&t-ﬁlo@%@@@pérﬂyﬁhaﬂah of €0 ubh-efpay substaass also EP’s. In general, a
otherw se, it would also be a junpin In the cas
collectibn af gei&, exhibits mbsgv@omre 1fta§dpnb/qﬁeﬁ§ybseﬁ af ey B e (X € C,ie,X

isan eﬁc}z{g%lstﬁ}f %%%Fsotb‘ekﬁxg C OuB {3 %i 8%18 gﬁ‘%&éﬁ&e%r s%%ge%rfor which
the ndnﬁ%‘é %? ﬁl@ﬁleht@ ds ewHé‘steQ:adenaﬁ’l@})hs 6 188% RSs §1§6 i EP. lﬁﬂth@ﬁg’h the number

e ratio p may not be 'satisfied any nore,
of stragtERi s ginyibe sswilpstoingdiRis tmrimpertant beagusp ghey tgrblodiegnere robust
boundary. EP.s are . .ma fre uent in their
than qtpesdid” Hdbay by FEIAn Bé‘e@a phedn it Iﬁ%ﬁ?ﬁm‘g}s‘é&eégﬁe”%ge‘éln“’
traininiHgr frequency. Furthernore, as discussed
rel nabove, sonetinmes, if 10 one nore itemis added
into an existing boundary EP, the resulting pattern

0070} ﬁﬁ?@ﬁ%n”%rs! éﬁfﬁwgfcﬂwefp@fl’om ooy Peatipyfiate threshold s
and tv@? dﬁta EQMD, ARNDEReStw ﬁgoffg §1%)pq{)étahﬂgﬂbﬁtX)EE’érﬁbéMef)fésented on

occurrence rom EP 'ow occurrence and " are

the y ﬁrktbx etarrespesigfaly of carteaiah seti Thelphangeof didf 4xes énedled the “support
bet ween cl asses of data. The efficient dtsc

planciSo e i FESCISSAAGISBIER (o UBETH <& Ueie €10 § Bl Baigset, D
Also %Logﬂq on thE r%gﬂ)?xgst f el P liWof gor | 1%) r\‘ﬂnagfr)ﬁs%sﬁﬁroﬁgﬁi the origin,

ncre I ntenance oceedi ngs
A, an@fintdr€epts tﬂdﬂil&f.ﬁ@pi(ﬁ}]all aCon fErqoie cxnrthﬁ/hbﬂmsaerdpmcnﬂnggwppz(}f) =1
552-558 (2000)). [00 c% In contrast to the forﬁ?g ng
is de@@% @ny|e¥neémg ResFan.co ER oo Do HPresenietdydos gt (supp1 ().
supngg)g xté%eéx%gé/ds%g ﬁe&ﬁm 3%, & MR %%%@Emﬁ’forto'ﬂ%é;ﬁenmeter of,

ave 't he sane frequency

the trﬁt‘iaglehfeBCO leﬂla{pjngfﬂneﬂgutgﬁmttMﬂEs dn&hshor%nml lagision IG.1H.s
property are called "plateau EP's," and are defined in
the follow ng way: given a boundary EP, all its

Boun%a er%zé@ﬁ%ﬂ@@%@ﬁﬂ? frequency as itself are its

{{6au course, boundary EP' s are trivially
[0071]I a g!bnn@%éptbﬁ)eﬁd&eBﬁﬁb\beﬁndakﬂ}flftﬂeﬂhaﬂ'@pﬁnawu@mss@fof data leads

is zero, a superset EP with thi sé)glr
to fuxahneg cﬁaqﬁ:ésc@@mrgmg patterep. Mpny EB5my vare ‘égcya(e g 1or2)in

AT e ey

dlffel%h&%rbeﬁi}&ncmé tvesiclassep! AtBaundap P is(aarER ialtfywhoae proper subsets are
'P-space"). So, all EP's in a P-space are at _the sane
not B g rmeaﬂxa ileefeey #pme that 8 DAKCTB CORERSy the dargens ¥R fgqyency of

OCcugﬁ%‘gdtg Begll{'?g{] ?{gﬁ e&‘h%ﬁenqg\gng Ql%, 5ne 196%‘ %I‘%{IP?B&UH%&S’SE‘P increases its

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 definition.
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30 frequency is n, then the P-space may be denoted a
"Pn space." [0075] Al P-spaces have a useful

wee@petvys called "convexity,"” which neans thaPCESG2002/000190
P-space can be succinctly represented by its nost

0072855 B 3 RS LSRR 5 PR (PRI fon e

frequeRcPRARE RoiBe Blakd M Rrd egltdchinthe @centepast ctz{Ss)anone of 1ts subpatterns
classification systembased on EP.s. Convexity is

is a juinpingrER NSinpe o pémeliciniis gelra ngpnt@ggsﬂ grusy laarVS &ON-Zero frequency in

[
R T N A R W ——
of its fééc%u%n&}pﬁ ﬁ‘éh&rﬁ@‘c‘: s tOQHﬁ\{ﬁf%%u?teg%{tsﬁhs@ st BO kféateB}han o. But

Iron, a Cco terns is a "convex

removiiA&Eiterh ‘Tron{ £p- Eﬂfaﬁaﬁ@tﬁl@xfeﬁﬁstﬁlc& intthe @ ig bothhudasses satisfy it and
conditions Xc Ys Zand X, ZECinply that Y E C

thus thémto girsayusstibe satificdtany o @kheyghdarsome cirewmefanges it may be.
There Q%Séqlagﬁ agssngg gg;](gﬂ%l?y%eg{ndﬁ%{ F(?l‘?l% e]%isscbesc’:%ﬁs%%o supersets of a
boum%ﬂl A deiy e q%rg é?l%rlf‘}p Burfht k) as diRAERH HArdiR®RT € FofRtimes, if

ows: given a set Dp of p05|t|ve
one miofsitein ¢eegldad thtaan ﬂaﬁhsﬁmg b@h:ldelfy ER gl Ieseltlng patters ey become less
every Pn spac

oo B B S o FAORE  BAP Bl o
non—E%%acﬁl\Ab’%%Schﬁﬁﬁl%{llsﬁfElﬂé lvith |h§’§he<?c€u§5nc% Rm 8Pt s WAKNARbYCurrence and

sanme frequency of n in the sane hone .
are thelefBS usefiltfopedptirosslarge differencs betwees ujppirs of dae. The efficient

IR EET R TC IR TR E—
S A
InterriaBiohgiC@oIFE entdMcline Kearagsg, H52-568 €2(100))n DN. So Y, a

superset of X, also does not occur in DN. [0078] 2.
Tlfwe pattern Z has n occurrences in Dp. So, Y, a subset
[
0073} fjodiig d;g Zi’?]eci%r%%ﬂ\gze%a&[gp@%ucrsnte R6¥ailiBn g%n(l))rl@gg%g toa
bound#y EP ethbfebol yemeinyf a shpetset of th&JEP ﬂhe shpargpe EPtthanstok have the same

equal to the frequency of Z. t he frequency of «
frequoncarag e bos,mdarYtEl’em the beme Alags- &P %hﬁVlBg thls prapeny e %@ed plateau

EP’s, b 8%@?% ed?:fm%ﬂ i tRe R R)%Jl%%k’ﬁ? Q;léﬁgﬁda%y EFOaﬂ Sup¥rsk® Hving the

sone oun rom
sametfféQuéﬂc sk 1t§M@a1ﬁ@ﬂsﬁ‘bﬁixeautERiaﬁ Glfa:durs‘eebomxdlatyrﬁﬂ’ s‘:irel tsiviatly plateau
EP of . Fromthe third 30 _point, Y' s occur

EP’s Qi)thﬁ@SﬂveSTHémlet‘rSdh%freq\quﬁy e B Earop SpEorsoy EP g this property is

Therefore, every P,-space has been proved
atso B ERY T, o space. 23 WD 2004/ 019264
PCT/ S&002/ 000190

[0074] Plateau EP’s as a whole can be 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_gpace”). 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, c},
{a, d}, {a, b, c}, and {a, b, d} forma convex space.
wab®4mered. consi sting of the nost general el ene@it/SGR002/000190
this space is { {a} }. The set R consisting of the
5 k Ebtr 1 ' Lificht stem Wiked on EP’s.

clemeffBSPSHREL by BT P ACAR el P
Convegitn$d ateingdrthnot frepéredfwesnih thpearnd l&ge folfdctivesnefl datrabat can be

can be bounded by two 5 set imlar to.the sets L apd I
exploifed typpresept 1uch GRLreORs EAnIRD HhARBLI<YIOR# &Conty Setpptgnvexity
. . h St.. qge e , e P- » s
s s B SRR OERSRLe hEEPY 1S, Rt forany e
X, Y, £ thevongitions Xt hart Zlhed Fa¥teeC idplyrthdt. Y dldl. SMoredlisassesen about

that sone feature groups can be expanded while _
convekigegranry foned in Eugiarier elbndde conmjapogder-thpereia sirysiyg of yersion

th tal ,posi.ti .of agplate RRES are usual 'y
Spacese@glr&ﬁ@%es ’ﬁﬁf@cf%lﬁ%ﬁ@ge%ecgggggt ﬂjehi’? neﬁghbor patterns
(those patterns in the space that have one item|ess

or nore than the central pattern) are all EP's. This
[0076ki t Ashdosm do@sspaces holdssas follewogiveap yetERs of pasisiva dséances and a

AT T N -
runs a rféé#o@&s?%#}c}éfﬂgﬁﬁn,%fﬁ-s‘fpg@e AR s bEAY BRAteakBs ofill 15&918&1])7 EP’s with

era EP"s "have the sane infinite frequenc
the sagie divkjhercgtoé nfin tra tabei ronfeortess. OVilsant {@sstofi génerality, suppose two

counterpart class, However, | proper_subsets of a :
patterlioh RES PPy Rades & HIHIY & dng PGB S D08 hpeurmence of nin
' | agsies. J 35 '
D 5 e MgRELE Py 0 FLOPSER TSRO, 08,0 oo
in Dp.cThiS$€becaase: be ascertai ned by studying their growth

20 rates. [0085] Shadow patterns are i mredi ate subsets

of, i.e., have one itemless than, a boundary EP and,
S such; j p Lt jdd f; .
007755 RS APEEhl PUSRE bR TR, Bl ke Dy

estimated by exam ning the shadow patterns of the

boundary EP. Based on the idea 25 that tBe shadqw
[0078pat Per Abe ariern HehasASAPEERSES bt SO0k DMbO! BolFRizEeR non-zero
Fan be categorized into two types: "reasonabl e"
allversely interesting." [0086] Shadow patterns
can be used to nmeasure the interestingness of boundary

EP's. The nost interesting boundary EP's can be those
[00791 haB. hahe frenyencyoddLia An TSt br less dhanrer cgpal tp e fegyencyrt X, but

| so include those t 'ye ’ .
st B0 D5 o R RS GAEen sERg 7s n. e
frequéhdp@e¥damy iEMso#. if the growth-rates of its shadow

pafterns approach +oo, or p in the case of p-EF s,
then the existence of this boundary EP is reasonabl e.

his is,because hadow, patt.e I Ler
o0s0 3, 5 B33 AR 35 SR o bpungary P X
c y. hunber of 24 WO 2004/019264 PCT/ SG2002/ 000190 shadow

patterns have been recogni zed, in which case it is
reasonable to infer that X itself also

[0081] From the first two points, it can be inferred that Y is an EP of Dp. From the third

EP!
frequ%lrc]:& T

point, Y’s occutrence in Dp is n. Therefore, with the fourth point, Y is a plateau EP. Therefore,

every P,-space has been proved to be a convex space.
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has a high frequency of occurrence. Gherwise if the
growm h-rates of the shadow patterns are on average
wGepmkbinenbers |like 1 or 2, then the pattern Xp@HSG2002/000190

"adversely interesting.” This is because when the

ossl.hi | | f ' b a P g,S | andl
100826755 Bknblé, B gl 2813 PH1RSEN (B T and {20y ) form 2
conveREps! Mhé SétTgcdrkistng bfiihe maest gaivas @lenpaitd ierthis shad i 6w} }. The set

frequencies but their counterpart boundary EP

d

R congistigig afithemepicspecifiogpents p skis 6P3561S 1 \fb bcf}as{§e’§,‘[‘}g‘ Al of the other
i 1] ive,. b e

elemeflg San b ?%}las?fge{:%drtr%g"%?ﬁe’l"“?(’ﬁ%{‘ hg%ﬁ% k& @febg%{l{aéggg ° @&B ?ﬁ%‘ﬁ% by two

sets sififlaf ¥oHtht séls \MAETRE Fhe St BRohdiSELANE buhdar@ ERON-The€e EP’s are the
enpty pattern, observe that A is an i medi ate subset
most gefera] elgynedisfof thet P-apacet fkisuplhs, featyresncomained iwghe pafesns in R are more

nome BFS B ERES PR A RE REles 15 B e ARAR Yo prpspdea wiie
keepiﬂgsthéiﬁfﬁig}gif(clané& 2, say), then the existence of Zis

reasonable. Otherwi se, the boundary EP Z is adversely
interesting. This is because P(x, A = P(A) * P(x I

o Ot VP Bt o
intereﬁfh%[ t%ééd‘é@ttl?é?r R ghtfoh %a@&rﬁyftﬁ@d%ﬁﬁtt@ﬁls 1P Helspade thatl Hav&6hY item less or -
In

e negative class is large, then P(x, A in the )
more thagahd ceatrakpaasen)iase all E8’sl dibdresitufition dogstnet etistnioe berndareEP’s

attern A = Z hecom boundary EP. i smal | .
becau?%@l@@f%?i@? }valrJSé% o el YiaRa S s pap derhyalingreful when
the bdﬁgeé?‘fﬁj?gf ¥ plafthf spRkiaROthe 4tbst 0GRt EPRI i ng patterns

some superficial simlarity to discrimnant rules
in the sense that both are intended to capture

A AT EE et T —
class %ﬁé&? ;h,&htﬁlérgﬁ\ﬂ elaS@SHOwWe & 411 ﬁﬁg& JuE &S oPb ARidary®have a finite

rgi ng atterns are able to discover |ow support,
growthirgle tgtase theyatceudiomotiasitthe bet vlagses.cThs pesnenih sthighishese subsets
di scrim nant_rules are rr?inly d'rected.tg\g/ard . . h
changgithgit Se@isaFY betyrpaiedyns!a58as A3 RC ApoLlapee ﬁétﬂ%@sﬁéé‘]‘elf growt
rates. 1N€ _Method of the present invention is applicable to
‘J-EP's and other EP's which have large growth rates.
For exanple, the nethod can al so be applied when the

input EP's are the nost general EP's with growh rate
(0085} c Sbaslypaticmnsrs Mpiediley SUBEEPL fmBeYRORe iSb et thefy % Soundary

u ! Log i@ G eR5kdndd o bSundary EP
P ar e R by bt ort g e prBOR oF e/ cARAE0 ofbundary B can
be roughly dstioiitad byFeamlininl the sitadewpatéms abthe texhday HPoMBased on the idea
algorithmgiven in; Li, et "The_ spa

that t PYi@afserne aferibe penefliets ﬁUﬁlﬁe}tﬁ’eﬂfeﬁﬂ p. ol sru iy g be Cdregorized
o RSAFAL gy 30 B BB o o7 e o

i ncorporated herein by reference inits entirety. For
non-J-EPs, a nore conplicated algorithmis preferab

[0086]s e $hadsy PteZOUNIEIREd (PBTAIERHO 2 totsetanessef puadary EP's. The
most grﬁ%%ét:n?gggobfgﬁ?rgﬁﬁgc%ng% tlglbseer tlhhg{g ﬁa'v% 'h?é'ht fréﬂughags (S’l’c occurrence, but can

also include those that are “reasonable” and those that are “unexpected” as discussed

hereinbelow. Given a boundary EP, X, if the growth-rates of its shadow patterns approach -+,
or p in 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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trends and differences", Proc. 5th ACM SI GKDD
I nternational Conference on Know edge Discovery &
w®aaoa/0M2604 ng, 15-18, (1999), incorporated her ePer/Bg2002/000190
reference inits entirety. 5 Overview of Prediction
shado?ﬁ)ag&ln% ﬁg\tgi Wef%n 'r%&%hiz@&’,qg Wi dast HQ9RHasAMAbRVBiNfeLMaPX itself also
e nethod ot the“present Invention, referred to as
has a kipe fregti@di of berurieyice. cOfhepwits ifehd glowith-haedof theghadow patterns are on
classjfication algorithm is provided in conjunctiQn. .
averaggj sopplimugeberslile 1 01? # tb%frhsmatt%i‘gaf Ba ﬁ‘,’ef%ﬁ‘%y %ﬁ{ﬁﬂn’ign &F@ls because
SLALSINGE WL i §&EhdYs BmedPted.” In oth
When g*etpé) ﬁgﬁllrhgf gfr%%f%tg% Haél)g&l&atr? gpnl %%Igalé’gi%@ , or aS ! tnrea ni Ph 7 OmE
wordsS 8twoul®be agprigiapviftadmiber dé tltadoet pattfsihad dow ifequernicivs dutitheir
10 first class D1 128 and a second class D2 130. From
counterpart bpuglaryc ER bad ahigh firgusedond cl ass, emergi ng
patterns and their respective frequencies of
occurrence in D1 and D2 are determned, at step 202.
[0087?9 P&Yi i8S Yor tRERIBEATa Pediti @ 18l DiedatiVigihiat hédRaddry ¥P, Z, has a non-
requenci es of occurrence in test data 132, denoted .
zero deyuifenca mithelpositive Clasy. daenasing a5 st Asuhgrp & is & bem and A is a non-

d i ned o e _ .
o AT P 1 TS B B
non—zglf%fchhltré&@?m 86thch&pessvd thdlihe AGEhtIVE cRERs U Slle odddinlracsof A in the
(0]

extracting energing patterns fromdata sets are
negativestass ethalln(l or & saydrtberstheiexistenae pb? is remaaableh Otherwise, the
re cies of occurrence. of, emergi ng patterns in D1,
bo“n‘%éygﬁglls?, Veés%%?rg%ﬁeﬁtmgoﬁﬁ\sds B?Cé‘a?"gt the col l ective
l'i kel'i hood of T bei ng,m)RLper) “D2(xijg)carried out at
step 206. This results in a prediction 208 of the )
where Pamstend) isTthe iprababilithef frattem”sihd il id asamed4bafiit ¢aadejapproximated by
or D2 20..[0091], FlG .4, a progcess.for obtajni -
the oREPRAGHY bafﬁ% nﬁ_q”f(éﬁ)m (hishefuge ST & Lipgey RRLALY )% the negative
class R ﬁi& 1'&%. Athers Ae ¥hidde 6F BRG]l x3NA4A B2Z hédmihk a Boundary EP is
techni gue such as entropy analysis is applied at step
small3@hetedorpy ib dlis endeed a pounttasy BBAthisgesudt is ailhersedy inferegfnga
set D. Cut points pernmt identification of patterns,
fromwhich criteria for satisfying properties of
Me g VBN rR& S €Al SindRuri®X o BEdriRIRBAtGURS in the sense
[‘“’%gat ?g‘lr)&n%nggtf‘&c §§% 1, at ugtepmSOS, and for class 2, at
that Wtlefe 3dtendedrre captng qatrhsts hatweemdifferens dath sgise However, emerging

preferably sorted into ascendi ng order .by freguency i :
ol S S S s e R S B 8ol emering

_Sshobht L , wh
ol S Rl 5] gL 3L ot bn s, v

discriteiblnadules agtasginlybdickcedriowalds bight supgod cempamsons between classes.
frequencies of a fixed nunber of energing patterns. A
nunber, k, is chosen at step 400, and the top k
" Tl 1EH6 YSNEP’d SdlotREEP’s which
005 B B DR 1S BUERED s dumia's v
have G@b€ potl dates. For eRu@plef the rhabokcannasabenappiiad tdien ghei inpat EP’s are

that are _also found in D1, using the frequencieg of 26 .
the nwst geml EPGBith mrom Bt @253@@%9’33 Aoe emfrye?{g%f I}Uﬁﬂﬁaﬁr& However in

such %ﬁpat{sci}{xgicl{e%gglcﬁitlé%;f})g %yﬁ%cﬁ&é’ EB’ SE6Hh $he B sdtSvdudd bbbt 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 in T that are also found in D2, using the
frequenci es of occurrence in D2 406. The values of S
wanw48P2e4 € conpared at step 412. |If the val ueBCDSGH02/000190
and S2 are different fromone another, the class of T
such %s ?ls g%@ﬂﬁ&f’in@boﬁ% GRd ﬁll; 4pf 98 WhRing e 8hRfgifd ﬁ)_i?éﬂen?sn ®isedvering
the scores are the sane, the class of i s deduced
trendsadndsti#redds” fRrrom irh & G SEGEP Datephatiomal Dauferenée of KBoR]edge
~ Although pot shown in FIGs, 3-5, jt is understood th%t
Discoy¢ra Sbatolaring, 1oméS (i %%%n@cmipﬁ@&?dt‘f%‘ﬁn&ﬂ deleregee m its entirety.
reduction to tangible formin a conputer program
product and on a systemfor carrying out the nethod,
Ovenddve opPRAdicgioh by Cdllettled iksihpod RELConpri se 3 or nore
cl asses of data, as  described hereinbel ow. e
[0090r e parceivisyv of thoanathgdoicha PSRt IBYCDERAR, fP&ﬁfQé 1q g the “prediction by

ot g A b BT R0 i 5.5
In overalr§prdach #dahéwn iMEIGTS, Rafihgwitngaath Set 128, dengeed by D, and often

nunber of genes i nvgl ved. Hgyv to extract infornmative . .
referré@ ot asr“Grainamgiddtainor 8 “Boising sebh eyasdany daisf’s @i set 4P s divided into a

. ) " deal :
e SR 5 B L ks
emer@ilf\i/% P%ﬁ@ﬁﬁﬁﬁeﬁ%sb@ﬁiv@$1%Quetﬁ@éﬂ@ccdﬂrena®Ch by and D, e determined, at

ti-interval discretization of continuous-valued |
step 200t Separeisly, Pmergingpaictnscagitesir tespackive fequanciss ©8 grgygience in test

f. th 3th I nt [ | Joj nt
s b, St I, LB S 20 o
deteng;’ iRy Emm@li?g pHRhs afRd théi&ﬂ%leﬁeies Maedteta, e defintdions of classes Dy
eger m

, Ko7 "MLCGHE A chine learning library in, .
and D-arg UsefloMethods of extracting ematgingpasiernserra datazaig apydescribed in

B L A e L L
T, a dicididn t&pRefd: 8R! colB@heNfkelih&RT 6T TBeih @ B, 8ND, is carried out at step
techniques with java inplenentation, rgan Kaufmann, =
206. Bais rédalte i a Prdictiog 009 pf thetctasp ef T ok an Wheiberek shoald baclassified in D;
feature selection, respectively. [0095] Many data
OT L2mi ni ng tasks need continuous features to be
di scretized. The entropy- based discretizati on nethod
i gnores those features which contain a random ) .

[0091i stIn FEG14, aprodess faxlobténing emergifg patiems fedra data|sgiyRlisoutlined.
It finds those features. which have big.ntervals .. .
Startgg st AP CRRFRIIN LI O Qe et it SRy dnetysts i applied a

hRe RuPPihes R0 &St Bl BE dith 867 B! CubpdiAR-peftai Mdtification
step %@aﬁﬁ%%@?ngp@ng ranki ng) iendi vi dual fea}tgr es,p t he
of patteink oo oxdrieiscrftarial faraatiefying Ipeopadies lof emergingpaitesnsghay breused to
di scretized features

. 27 004/ 019264 .
extuapTRSEIOGERID JIF 5 0TI PR t] RGP PrftiPRPAPy Bppersing pattems

for c%ggof) Sl PROERbY sdrf2g ill?cg %§@eﬂﬁin§&b¥&€i®y_‘fquuéﬁbyqﬁ i, OR¥tpBIUand

I'scretization nmethod I's used to discretize a range of_
emergi@gl pattainy éar. clad @ dapieferalily sondd inti acemstingdrder by frequency in D;, at
artition a range of real values into a nunber of
stepglébj oint intervals such that the entropy of the
intervals is mninmal. The selection of the cut points
in this discretization process is crucial.
[0092] In FIG. 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 k emerging
patterns, according to frequency in T are selected at step 402. At step 408, a score is calculated,

S, over the top k emerging patterns in T that are also found in Ds, using the frequencies of
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5 Wth the mnimal entropy idea, the intervals are
"maxi mal | y" and reliably discrimnatory between
wWo 204089264 om one cl ass of data and val ues fr onPEreGH®L/000190
class of data. This nethod can automatically ignore
occurrencé hope40angiediaily] athstepotiai scoreeSatd caddujatedhdarrthd soprii coesiging
val ues fromboth _classes of data. Therefore, ARJ%
patterns inyb ity argenlsp fanad ﬁbpgwswttb% F@%Iﬁs BEOGHFIERGS %ﬁm The
t
values of § 4@ BAE B L1 13 HBE 0L BP5 U 3¢ EFEIR R one
another, tHed:18RQE UG E‘ledhib%d faﬁétép)mmg‘oﬂhhhe grea&s of B addS,s if thbstdrenae the
of a range of points with two class |abels, O and
same, the ci2ss @%Bwﬁqdncergﬁls@pﬂ-wm thegreigid Dh amddded0. (1) Al
Cz Points All C2 Points (2) Mxed Points Al C2
Points (3) Mxed points over entire range 15 [0097]
[0093] RhofgH ARGBoRh ih BREs, 82l 516Sis uRd¥Bios ey Eie/mbid of the present
assom ated with a class label, the distribution of
invention tmé ith aslcgorc trtahgible fotm oea mmpmempg@rw@éuct(aw oparsyeem for

n ont ai ni
carrying 3 egnighod e aptioff & dpd S5 el SRPRPIEE PO STBEE of e, as
descﬁbed?yg'emje%w_l east one contains a sane class of points;
3) class points randomy m xed over the entire range.
Using 20 the m ddl e point between the two cl asses, the
entr - based discretization nmethod (Fayyad & |Irani,
’epam”%gféﬁp%’artiti ons the range in the first case into two
[0094] _Fgfn%ﬁ}f%hﬁle é@‘?n %&w vAHhmHea8 dita iPfedvEiAAhg ranfber of
range I s par loned into at |east two
attributes ion feawrad. sFar&xampleem gede sspresalczradatmrthe maﬁocrhaﬂh@fsé therfarge

case i.n Tab] t he net ange, i n
number of genes én\(;gggpdt W f%@(tgaptglﬂ? ’ﬂ’ﬁ# é} %%V data
effects ar%%%@c%tﬂmegs iR Qéﬁin%l v@t@%ﬂuﬁlﬂ{&@ 'dﬁﬁ IetbOYY CnbOAMBLE Athe

rpose of this is to mnimze the
present in@eihti@pisean eﬁﬁopy-hﬁeﬂ nietltbc@se Fawaﬂaﬁl en@NraninKwfiMafiti-interval
poi nts from both cl asses. are distri uted

discretizagigp of gomawegs—ve H%d Rutong pgslats i ey £ ooseiig gl e

r d
s e R R T2 B RO gl By BB 8o

Kohavi, Rli sstmeGi z[ainlng Mar@}st,candtﬂﬂz:gen, &n, ‘MLGo: Mnnashmﬁdmmng

irary inh SGoolam ORGSR, T80 AP i o Comelaion based
reature SRR CESF 818 QU ReRER B e g Pragigel mochie

learning tdZDast mﬁa‘ebhlﬁ)éuetv e Jammlmmdmmfs Miergad KesfneihnpShimVgtieo, CA,

t he entro of s artltlosis 0, the
(2000}, ﬁomeépmdssczeélﬂaw @F@ %ﬁe@rleggem%w’et heir coverage

is very small. The entropy-based nethod overcones
this problem by using a recursive partitioning
[0095] PvieeEdits g talks aéddatintiveowstiofiueartds be divoietigede (THeeniropy-

based d1stc$et1rz?ti(oen rtngt%o:i ?gn%;e\gatllllgserfgallt&raeg lw?uc%ngontta?n arandom distribution of
values with d1fferent 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

subsets of the discretized features.
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5 ensure that they have sufficient coverage. [0099]
Adopting the notations presented in (Dougherty, J.,
wovawi2eR. , & Sahami, M, "Supervised and PCT/$G2002/000190
unsupervi sed discretization of continuous features,
[00961Pr oceefings, i8fprébeed Jr)ﬁﬁécﬁﬁﬁnﬂsfb‘fﬁ{egﬁbéeﬁﬂﬁﬂveﬁﬂﬁf 8 BMeSHy-based
on Machi ne Lear ni ng, 94-202 199 let T partition
discreti#qEion ertetfm 1susﬁd te>d@ﬂ¢mt1@s ajrengs ctfhfeal yablset EheSDasmdeSzf this method

1
s 0 pFljgh § e o st e S0 € B oS Tt St bepeSlropy of
the 1nthals T@ﬁnms aPS’th&'IJCQBH of ﬂlfe cat Sﬁ&iﬁé?ﬁ tl§§d1sbﬁeu)z§t10n2prbc%ss is crucial.

defined a Suppose
With thrmisnias etsopSlidenn theSﬁteasra@ ira dmaeninatlbf” paad réliabhndiswginsinatory

betweeé)n‘fq& 3[ '?\lbg}lq: Elgs nt rd-lEI;FathB ahlazég@(ré eA c?ssoésrl]e{tg r hlts In?thod can
autom%ic\giﬁg a%ﬁére ol &n@s which b Iﬁgﬁl(ré I ﬁ%g §ﬁff01lf_1lﬁg grﬁg%/d valfda9dm voth

di scret atlon or AIs termn
classesefldaect. i Ttgard;fbﬂe ouahy poisy tathAnd apisydphitérns Efnbe effecByely liminated,
anongst al | the candj date_cut pqQints. The sane

permitp £ aGroRaR Ob heABRINE S BELIEPRISS g DT Inusgate i,

cons A RGP SH PR O, 3 SEREO i G T v

and Cuistedvit im BibbgpApartitioning. According to this
techni que, recursive partitioning within a set of
values S stops, if and only if. @Gin(A T;S)< 1092 (N
-1)+ 5 25 where Nis the nu er of values in the set
S Gin(A T, S = Ent(S Ta “A, T, S) and 6(A, T, S
l og2(3k - 2) - [k Ent(S) - ki- Ent(SI) - k2 Ent(S2)],
vvherei n ki is tnﬁlig@qnber of class |abels r4ygppesented
in the_set Si 02] This bimary discretjization
rre(l)od has be@ﬂCmErheﬂsent ed by M.C++ t eAHrG,dRedgs and
he execut %h}?odes are available a

ht€ 1w, sg SBBh o o Tt has: badh GRAREt hat
) 29 VD 2004/ 019264;RGT. é(gggq)gggggg;%
me

entropy based sel ection hod 1s very eg?ectlve when
applled to gene expression profiles. For exanple

cally only 10% of the genes jn_a data
[0097]5 e%@&?éaygsy?f%é Velueni igh SFY Ppib B Pt g cass label,the
{ V,
dlstnbaﬁ(% ﬂith@ﬂl e}glc\%ré B:é%p hite }rﬁlcfﬁéf g@? I(%#g?o%ﬁv@héﬂp@ﬁ% ranges, each
contaififig @] satietchass ghipeinti &) l@ape nat-overl appidyadngas din whicht dtdeast one

entro basdrrethdls remarkable in that it can
containg # q%sa| o lass PRI ragdomlyomped oxer the gatiye sange. Using

 the rruﬁcﬁggbﬁﬁt b@t’(& Hal@oR ?%sses fle%n y—bégehld:lscfé%ﬂgtﬁm&?@ﬁ (Fayyad &

as 1, or so feafures are st resent

Irani, mnpp:irhyomctherlrznge tilndte firatoase fmxatww ﬁﬁerlvsls SThé enttopgtiofesch a

Agcor ¥ preferred enbodi nents of the present
partitiqning-is 6lﬂla 1 ﬁ@ge 1s partitioned into at least two intervals is called “discretization.”
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 minimize 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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10 correlation based feature selection (CFS) nethod
(Hall, Correl ation-based feature selection machine
wo e@anined Ph. D. Thesis, Departnent of Conput ePCT/SG2002/000190
Sci ence, University of Wi kato, Hamlton, New
certain nuBat @dertal OR8N thaehdtest, théin codtafnk alksante cladoif poifitdi Alghiough
Practical machine learning tools and techniques with
the entropjy af ﬂlthmk’(émmtl&@,l thé: lntwalg &or ke @fﬁﬁﬁele$a’ﬁlqvﬁh%00‘@ﬂage is very

small. Th%g g?q)—bas %ﬁ ctvercig gpgogﬁéé% P?’ 8?1111& ar éc#aswe E%\mu&mg

procedule%a Gk @bl dp- ?émﬁé&ﬁﬁg chtedbh kb Rlakete infRFRLLRHABIESn@fo
the I EEE 7th I'nternati onal Conference on Tools with

ensure thapthey hiave aiffitionteddvergence, 338-391, (1995)); Wtten &
Frank, 2000) are used to further narrow the search
for inportant features. Such nethods are preferably

0099]  ABHRY BRY Blesdiién AYTRRENSHy, §.eRBhAY; NG, KESIHARRSM.

L 1 a?itetr %lgélrefﬁlzaﬁr(s)n |513inﬁv%ngdy 20[01104] in the CFS

“Supervmaiam’fdmhsupm/imed dish&nz&mofmgntﬁmnnhs featkieny Proqddmpdoatie

features, the nmethod _scores h,.of
Tovelfih i) Soniegategroadlacking ko ks Si-20 B UL P B the set
amflf P{ﬁé Thdse cgear o, bt BIC,Cs) b
Sofex ?g&thétb%ﬁgtg?tscsa rﬁosrizl,t e Sklént oL ek fRLlet PCSS) be
the propotti®afofkerasgles of S; |tlmad ihnvmlmlads ¢;edhar‘dassatropy’eaf a:subﬂq Sihe= 1, 2 is
class, along w t h the level of intercorrelation anong
defined ag; hem with the belief that good feature subsets contain
features highly correliated with the class, 25 yet
uncorrel ated Vint(y, )eaeEB(d}eS JIGgHB(di 5 9). cal cul ates a
matri x of feature- cI as% and feature- feature
orrel atj fromthe ralnln dat . re of .a
Suppose G iseR s S04 seat R b BpPhot B tef Rt A H ereie i
“class inf au'gﬁréntroﬁrﬂr{;’cﬁ the;]?artlﬁd'xli( dendbd EfA mrlg sMRhibys 1S the

euristic rit feature SUbSGt cont al ni ng k

features, ref 30,|f e e-cl ass
correl ati on, d—‘?'(z\ e)f G4 ?(gl)dngEgngeat ure-feature
i ntercorrel ati on. trical certainties" are used

in CFS to estimte the degree of associ ation between
di screte features or 30 WD 2004/ 019264

[0100] %Cfﬂn&@?cﬁ&%ét%%@@or ARtAeRSMired Lseesmﬁd;e@m pAiRUEE®r which
1998; Wtten & Frank, 2000) e symmetri cal

EA,T; S)uﬁ uunml ampngstall thoeandidsteett point: eBhegamerpregess Fan eapplied

n th range [0,1] is

feC“rS‘Veléut\’/ éha‘!ﬁiﬁ%‘ﬂ’éﬁ(é%‘ﬂ%\?‘i(’@}ﬁmg ﬁf‘?@"oﬂﬁ ‘i‘(’)aCh%( ry =2.

H(X)+H(Y) 5 where H(X) is the entropy of the attribute

X and is given by: H(X) = -1 P(x)log2 (P(x)). XEx
[0101] The “Minimal Description Length Principle” is preferably used to stop partitioning.
According to this technique, recursive partitioning within a set of values S stops, if and only if:
log, (N —1)Jr 5(A,T;S)

N N

where N is the number of values in the set S, Gain(A, T; S) = Ent(S) — E(A, T; S) and 6(4A, T; S)
= 10g2(3k —2) ~ [k Ent(S) ~ k1 Ent(S1) — ky Ent(S,)], wherein %; is the number of class labels

represented in the set S;.

b4

Gain(A,T;S) <

[0102] This binary discretization method has been implemented by MLC++ techniques and
the executable codes are available at http://www.sgi.com/tech/mlc/. It has been found that the
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CFS starts fromthe enpty set of features and uses the
best-first-search heuristic with a stopping criterion
wotood/ocunsecuti ve fully expanded non-i nprovi ngPGIYREENS/000190
The subset with the highest nerit found during the
entrop?%@émse\léchbn %ﬂ%ﬂ 1§’ Q&&@ffe&t@v& \Qﬂ&ﬁip 1iB& togene expression profiles. For
chi - squar ed") i s anot her "approach to feature
examweltmcalbmnly ﬂO%snf mlseegbnb@m adath sedtace selactaddyt ths technique and

ud| eat ur es). .i ndi vi dual | asur
therefé.tﬁ su gcélopzrésf pgcp)é desa myich %s{eﬁ il)lragfg)ggmg{orq 8}1’{(%&0 I::lienve important
clasmﬁ)daﬁ§§%§les For a nuneric attribute, the method first
requires its range to be discretized into several
intervals, for exanple using the entropy-based

di screti zation nmethod 15 descri bed herej na ove The z2
[0103], 5) pEhSrehAisgretizagop methodsueh axife gatropy-Rased jaethod iggemarkable in

that it 05{] autbnﬁau&a?[b r%w%‘%&ﬁ aes'rgb‘%; of fhla ?eaﬁﬁ'l%p %)mo:li lsar%ehdeata set, this may

interv asses,
still meamﬂﬁt asoihaswagl 880 biso fedtarek tate smhttp&eseat Td) tiangdlyssxanansithat many
Eiuis t he expected frequency of Au (i Ei 1=

featurey is fill kgdiqiise rAéiCHrdmg Y.4n P¥eﬁ<@‘f?ﬂﬁ%‘&d11@?m§ aﬁﬁqeégesmt ipgention, the

correlﬁt?c;}l Ba?éc? £ éﬁJ,{F se(i:gc?&ﬁ ({%ﬁg)( 1%?@;]88 ﬁﬂ% aﬁc‘?n— eEl?gat%ehselecnon

machifé Véhuﬁzﬁ?,l PIODt MResis, Pepatemet oﬁUonﬁ;mE&I%ﬁle@ Urﬁ%rkit}esf Waikato,
t he ues can be sorted with the | argest one at the

Hamilgon, Sewpéenlando (998 Hilise, Hh & Funkdf-, PRl mining\Rnectionhwachine
t h
leamurz'g? cP {egﬁ‘m{pﬁg Wi th}ﬁ?‘%] p2| rhéc’ntal[wq} %&l gja\rgKBS‘ntl%?m >an Me Mateo, CA,

scussion o I'SCr e
(20009 rbﬂdfﬁl% qgﬁl‘-S?ﬁlafé@V @}ﬁ’ aRfMhod4 it $RA& Sefbnd, FONF@HIE: Feature selection
anot her, the dlscretlzatlon met hod al so i ys a role
and diseretizitiontof onmbg@ attiglnteseV Brogeé¢dimg s nfeha IFde Y sIntematzonal Conference

, t
on Togls 3 e Ters ot S oo ek A Ap BRI diicined to
furthepflaﬁ?&\# the scBRR T okt iBARsC 8icP Rtk )ﬁ% réf%faﬁgr é’fhﬂ)loyed
of the features obtained by, say, the nmet hod, or

whenéver theewenber of entagung feaewenafter discretzatiom is upwmé@ ect ed
features ranked by the , nmethod. In preferred
enbodi nents, the top 20 selected 30 features are used.

[0104] ﬁttﬁéfll:?'lﬁ&ﬂbﬁ&h& th&lf—‘scfoﬁa% Hhd BRiindLind R fehfiffes, the method
sel ected teatures, or any 31 WO 20047019264

scoresH@nd BEREOBE 6@DthIP sulssttsaf feavmes nAe te fnatmzesubba spadens Osually huge,

CFS Wi POt ot Besfiste. Chisevrtiouinih el i asgopy the usefulness
of 1ndi‘V§§Lgazl féaﬂarE@ﬁ)ng?éﬂﬂﬁfn% 1S5S RSt W?tﬂ%é!\‘fé@%leofsiﬁ@e}c%ﬂjeﬁtmn among

Cenerati ng Emerging Patterns 5 [010 e probl em of
them with itles teehief ;hatrgmd'fgatstersubgteaﬂngn rﬁ@tlmasi highlyscoirebatecawith the class,

yet unp A EIRER it 239 ST GBS S caleualr ByPag o fHeRTe St A fdture-
featurb EOr IR ors AR YR tr:ﬁfﬁﬂﬁ §5’ﬂak %En a sg(ﬂ'é lof 858061 feBiBes REiened by the

m ning assocliation r Pr oceedi ngs
heuvristic is defined as:

krey
k+k(k—1)ry

Merits =

where Merit; is the heuristic merit of a feature subset S containing £ features, r_cf is the average

feature-class correlation, and _r_,; 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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of the Twentieth International Conference on Very
Large Data Bases, 487-499, (Santiago, Chile, 1994))
w@naw4hreeeM NER (Bayardo, "Efficiently mning |PCIySG2002/000190
patterns from databases,”™ 10 Proceedi ngs of the 1998
ACHM SLEVOD n 2GS ORISR
betw Dat aaf%![ 85- 9%?{%%&H5?’e?39,89?§g§‘§), br(l)lt@’%()gvf@ﬁv\hi ch arég;lcal
uncertanty upsal fat ewlo byrimeteorenaéribntetandiarclass Ki andt¥y whidiosay the, range [0,1]
. .the efficient mning of EP's in general is a
is givemby tegPAEHr obl em for two principal reasons.
First, the Apriori pro ni.ch y hat in order
for a long pattern o, M@qﬁ@ all its
subpatterns nust &l so gccurH{Xedqudddl y, no | onger
hol ds for EP's, and second, 15 there are usually a

wherg HtXeis therssétiopn P theridiribiaieel & is 2h6R DB gh di nensi onal
dat abases or for s S 0 t hy eshol ds such as
0.5% Efficient netnﬁjégé%"fuﬁ}g@{’é}%[ﬁ@ ‘EP's which are
ref erab used in conju i 0 1 th_the nmethods .of . .
ors QS Bh B empRaar et TsHes e e b e e BOdRGe th a stopping
Bl . i S i _
et o 108 S e ARt TR USRS the ighest
merit Gonfdedringahe seakshomil Eebgrelediedlcover y and Data M ning, San
Di ego, 43-52 20 (August, 1999), which is incorporated
herein by reference in its entirety. [0108] To
i1l | At j ' i -
10108] 1B AU ol-Bat) IR T MR GbHon 3PRTE ARl B1ePBO T is used to
evaluht@lattkidliey (iaalu@itlgdefuichEinGWRIAIY bl Mdagirhgolhe alfichqiell 05?) statistic
~all possible itemsets and then proceed to check.
with xghpechr the glaisseist Fasepumeng aiiibnte, shempthof Sirgapquires is samge to be
. ual to a gi.ven 25.threshol d. 'For rel.ati N
discreiiged e Sg e MERS. for Fhanebing i aftripie Bagetizagon method
describéad HRtefhabbPt. OThe 8 bARE oPRPatBIARs is\WRBR&I &4: each _
attribute has two possible values, the total possible

nunber of itensets is 262, b ey (4 BF (1)*22 + 3 *2

3, asumthat conprises,” Fesp vefy— t he nunmber of

singleton itenmsets, and the=hurber Byt " i tensets with

two and three itens apjece. O course he nunber of .
whergifnyfs he RfEBer T IHICTeReLE Bk POMERATAT s f (PHEHRRRG samples in
the iR int@lval, jtR¢IRS, 20 H,Mddhe eRpRbd B&fuct 3TN, (.. 'hg% A?t eeg?cl,-/zv, wherein R; is

costly 1o conduct “such an exhaustive séarc
the minnbersd tsamples dethedth inemed,oCngytheautbenef samplel in dhaydt ¢lass, and N is

nai ve algorithmutilizes tw steps, na . fjrst. to
the togl yegRpe Of 43&?@%31 Adick S Tgma F&E}S"é@‘f 3 é&%@eﬁgﬁ%ﬂs, the

v St 1 e el B EPUIGR e 2 v, e

more iRt Shefedrg@iscul ate their supports in the
background data set, thereby identifying the EP's as

those itensets that satisfy the growh rate threshold.

[Olﬂélgx 3{11{5 2(8 %ﬁéﬁeg gg@g{@t@%ﬁé}] tg% é@scﬁﬁoﬁcﬁﬁ@cﬁe&%@fi’&? g‘rﬁ' seie‘c(’:tion have been
separ&fRH @rony BROArother 4RE dReFBEZAMIr rhethed OB a rdlk @BdcEioh Because
the target data set, it is often not féasible due to

everytfeatute haipe dintatiaed intd asingleshigyvad tanebeigneret svhieh garrying out the

bel ta.long fre nt. itensets. In general, then, .
sclecfh-, Boongine A A0 0L Py esging BBEFH) (45 tssderived bsing all of the
featuftls 'opEhinedty, b1 Bt CHPnRflouSorif ﬂﬁ:_sé’?&b& 898 nulnbrous, udifig the top-

preferabl é to pronote the description of |arge

selected features ranked by the %> method. In preferred embodiments, the top 20 selected

features are used. In other embodiments the top 10, 25, 30, 50 or 100 selected features, or any
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coll ections of itensets using their concise borders
(the pair of sets of the miniml and of the 10
woreoouied264 t ensets in the collections), and (b)PERSG2002/000190
m ning al gorithnms are designed which mani pul ate only
other p&fv@ﬁfe t ﬂtﬁmﬁé}(yeﬁ%eh %d&%@ﬂ%@bﬂehﬁﬂ%d" it 1ish;ﬁso to be understood that
mul t1 order- fferential algorithm, and which
more thaprl€8 dedturds smyaode usHd inthengarpersdiesgibed] indePhee suitable.
satisfying a constraint can be efficiently discovered
by border-based al gorithnms, which take the borders,
Gene&%?%ﬁ?&rg%lg"?aﬂ@%%gr am such as MAx-M nx (see Bayar (Ijo
icirentPy mning |long patterns from dat abases,"” 15
[0107Pr OTRe gioblisn of effioendH ﬁﬁnﬁ@%&h@ﬁigingtmtmms Ifmmah database is
Conf erence on Managenent of Data, 85-93, ress,
somewbgg)yilarsp thlealpr@blem rinping Brquephiirasety g 4 E akgorghms such
r a
as AP@O%% P@gr%@ggasn?ﬁfrb %ﬂtfb) gg)nhﬁlé${bg gﬁflmglﬁg%haln ntrl!ﬂ@s F’Poceedmgs

of the%&tte#t%ﬁe&ﬁ&tﬁm@zDCOWé@nw b VeReLarige St Buivy, e¢ﬂ7k4m) C&Hﬁtlago
e found 20 in: "Efficient Mning of Energ

Chﬂeph&%é} amst MprBUER-(Bayardy.c Fascignily @ilrﬂ%lo@ﬁ@égems fiom databases,”

Proce?ﬂ%gg{ gtef\ﬁgg %tgl\? g Mgﬁé gngé §8’“§2? ? Kq'g us?&%\f@é@%%gwﬁlr éclf Data,

85-93, TRENPIPR&S, BO8YLIBHh 0 WhIGH G itoffirited B relfindd i their entirety.
I'ncremental  Mai nt enance Al gorithnms", Proceedi ngs of

Howewet, ithq effisientmining pf BB sfie gencsd ina chvallenging prellem; fog two principal

Q0 bot h
B AR B, Ry B SR
frequgﬁt%iﬁll fitks Gaba@Bins MnRE hISs bedhr B&éq@ﬂtly@ﬁd jongerlidiéd foa BBk, and second,
0111] Oten, the nunmber of boundary EP's is

there lam@aallyrh targeamiknbay of aendidateBPisAar high dinensipa! dyalpases orgfor small

oot BRI, B RS ) Aol FE N ety

used RA¢SnfELlidh withliBe HREHBAS Sf BE phdientiheseidh, 4B destiibed mmjmo and Li,
use of the frequencies 30 of the top-ranked pattern

“Effidiont Mirdss pf FoengingPattims: tRipcovarike dropds erd Rifferanrehe |453M SIGKDD

Interygipys] ngée%tc?ﬁ% KuiPger By Heorhe RGBS SRR ¥
(Aughdi€1990h | oML G M8 poraid NAEiR BPABEALOA its entirety. _
PCT/"SG2002/ 000190 [0113] 1. Gven two EP's Xi and X,

if the frequency of Xi is larger than that of X, then

e riority than X, i . . ,
01080, hyinGsres i ShrlmePLinihe] Gror § Bl oy to figcovering BP's
fromfdﬁﬁ%eﬁﬁ?tb 9% 1ﬁ§k1a11§7 Eal&\hﬁte‘%l?é ?&k il Yot D HndI3, fob Al 9@§31ble itemsets
han that o , then Xi is of higher priority than X

and thcm prbeeeldl tet:hec[lmtuﬁr}er@ach iternset’ s fgrasgfbanic ys Jatrgtr than or equal to a given

onf IR s oy A S8y B, ol
shap%?ﬁd"sq e%@é&%tm%ﬁ&tkﬁm&/@ Bbssifié PilfeD Ehedtbﬁap peséold Hlﬁnber of
I'n practlce a testing sanple may

contain n ¢} s own class, but als
itemsets is 26, i.e. T )g* ( j* 2% + r(?,T* 2§ a sum that comprises, respectlvely, the number

of singleton itemsets, and the number of itemsets with two and three items apiece. 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: first to discover

large itemsets with respect to some support threshold in the target data set; then to enumerate
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EP's fromits counterpart class. This nmakes prediction
nore conplicated. Preferably, a testing sanple should
weontainesany top-ranked EP's fromits own cl aBGT/a&6Gzh02/000190
contain a few - preferably no - |lowranked EP's from
those 'flte uERWRERER AR ce%tﬁ% thé"pé‘ig)‘ﬁgfts if the %ﬁ%gﬁﬁ.{dd%ﬁaese’ﬂ“tﬁé}e@/
e variety 15 of data test sanpl e can sonetines,
1dent1f3hmg1g‘re ERis ed thoscierhsitnthht sansyitbel gro]zvth mtatfmeﬂhokb Nwrtheless
nked EP's fromits counte&& cl ass.

mak
althoq sugh péwg Stei agpqoaﬁlgls gdyvangtaggoys Deruss & dt)cas net gnumerate Zero-support,
and s&}ﬂf hoRLEo5h; ? d‘{ hlsé‘{s tHCQH[I ¥t §dig QF%S dfentld8fAGBR due to the
2ss {0 avbid t he co usi n signals from counterpart
exporfertislly @ioreping €ize Af prrethat beongroddhg frequentitinexds.i b gaaeral, then,
follows, exenplified for boundary EP's and a testing
nalVe@é%Pﬁlﬂ@mrafedléﬁﬁlh’ tap fEstinie belckieS®E. of data. Consider a
training data set D that has at |east one instance of
a first class of data and at | east one instance of a
[01099 ec @G0kt alsis pafbleal (@) itapketbiratilel & prOmiotd e lderipéb@ of large
sets, D1 and D2. Extract a plurality of boundary EP's
colleqﬁo@wpbierams wing thais copeisrdearders (he pal & yetepf degninmmal gpd of the

max1n01r dg:n? e%s"ﬁ I,t]l{e«? <o %gt)x?nsgq nd%la/E rrgm'ﬂl ai ori ﬂhrgfﬁrg%ggg&%i ‘ﬁhmh
manifulite dnBEHRdQS 6£ESIROGES (BspetiallPlusink @id Multi- blﬁdéﬁdlff@fﬂﬁﬁ&il

oundary EP's of D2 are denoted as: {EP2 HE
algonthm) m_lﬂi whighstgpiepeny éﬁ@@mech@%u@@g b@tﬂmh PfSrSé’éﬁf%lﬁé)a constraint

can bfﬁ %ﬁ%gﬁ%o}"%{g‘? éy Eglfdgr B? ed %l&ﬁ)%g\‘naﬁrzi; %&C&% {h%riaco?dery derived by a

progr@@RVEN hEMAYMVRHN @6k Bhyards M Effasisntly imidd ey 951t¢etns)froﬁ1ftﬁttabases
ith EPin DL is denoted f1(i) gthefrequency of

Procaedisigs of e 1948 BEM-S1QMEY? éittm(ajtzpnall@nf@ews@z Megnaggment of Data,
t he, EP' th lists may be
Ss_gggggé@%?ﬁs’a@%gﬁ?df) lar%:rl&eg}se fasf?%ug%ency, i f desired.

[0118] Suppose that T contains the follow ng EP' s of

D1, which may be boundary EP's: {EP1(il), EP1(i2),
[0110]. . MetERls(afx)iping P’ mezv@ms/smfg@ame pEFKitdR de2rd 08peytfic description

of el koL TR, Hip b u e e DS YRGR cap be found

in: Efﬁ?z’leﬂﬁl\/ﬂﬁﬁﬂ@ QﬁEﬁleéE’ngsPat{eﬁPsz (]Dﬂa&@veﬁﬁg (lrehlds and Differences,” ACM
EP2(jy)}, Wherejl < n2, and y< n2.

SIGKIDD ,b:tamarzoeql Ganfmrycdcmz Emwledg@ﬁtscwwmaleéDetWtrM& &an Diego, 43-

5 PP o e oL ol

Mam{e'iﬁﬁ’déeﬁféﬁnﬁxfmse CBRICEENRSS of 17" thidnatiohdll CoHViferehtSbn MadBife Learning,
data of each energing pattern i" t fromthe

552- ﬁ:ﬂ&(ﬂ@ﬂ)@)t hoth of mirmhgiraigicpmoratedbercindty thissenge irotherentrety.
occurrence in D1 and which also occurs in the test
data; and wherein the fourth |list nay be denotedf4(m

aﬂm:f h LI BRSSP f
Use occuﬁ’ggiggﬁﬁ&gﬂ(nj Ir:%agm&n%y gbﬁg%élg%d{kg | ass Oft gat a of

[011Hac Dfempthginnmbeaot lmnmdprtEH’s onbade®. fThe rpikingadnidt wiswtization of such

patteéﬁmief B CroBlSetar CoRTE et o 04 resegt pgtion. boundary

SAnRE T E)gxgir elg}, Fﬁé R U b he RALSE Y iAVertidn nikke it bFithe frequencies

Ist are’o
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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descendi ng order of their respective frequencies of
occurrence in D1, and simlarly that the energing
waiosetnes in said fourth list are ordered in JdBGRGIORE00190
order of their respective frequencies of occurrence
in D2 15 [0119] The next step is to calculate two
scores for predicting the class |abel of T, wherein
[0113ach. @wnéwoﬁﬂ%ded@ if thedmguerdcytdfeX; isdarget tmadlsat of X, then X; is
ose that the top-ranked EP's of D1 and D2 are
Ofm&%f‘ggﬁ“ OTty, dpt Yl §E‘BP§ of Tin the DIl class is defined to
score(T) _Di1=jJ1(im =I f3(m nt=1 f1(m EPt (im
)eT mel f1(n) 20 And, simlarly, the score in the D2
[0114d| agsWihen aim‘ﬁrmdn%oofﬁé is eqnfal ©(the )ﬁ%leﬁﬁ}é b'fo fkthé é&r?ﬂ%ahty of X; is
EP2(JM I T m=1 f2 (nZ 012 I f score(r
lmgerggagthgbgg,( then gpis qﬁ&h%ﬁ%ﬂé‘%ﬁ%%ﬁ@dﬁét ed to be in
the class of DI. Oherwise T is predicted to be in
the class D2. If score(T)_Dl= score(T) D2, then the

[01155| z 8. mhd:ﬁequzﬁcmm dagdihalitp beKemaAN; Yird tsRH identibal edkn D{hﬁ prior to X;
e., the T is assigned to t Re | arger of D1 and

Whené’z i pupdndsd gt byithemethod of cegnetar systest that piintg oERisplays the EP’s.
will not necessarily be the sane as the top- ranked
EP's in either of DL or D2. [0121] Note that

[01163 colefrigtide] a TestR@ERAPI nfd cONRINDRSt dnEIP s FHond HObvE r&la%s but also

, The value of the ith 30 quotient can only be 1.0
EP’s fgmitsgountgeariopass. Ebisqnaes @r@wr@n ngorasemipécatod; nHrefqrablIy, a testing

B W T B T A

no — lg@nankdd EIX s if®nditedideirpirbalbss. Howdies, fobrﬁ @x#b%ence w1th a wide variety
substantially |ess than the total nunber of energi

of datgqn teglrsamplg caa sometimes, ttwgbanteyy cemfein ﬂr@agibomtalntoabbmai‘o top-

ranked }EIP(S efggléfltskcogﬁteppéna Te&s 5T ag(% iglab%lgregfgﬁé#g El‘iﬂg%peasqr}?ble to use
multigle Wer edhat € Qfg?lﬂ{ Bequéat ilﬁetﬁe RbmK clakL1oRRHWRHB cBRANH e i AR from
about 50. [0123] In an alternative enbodi ment vvhé re

counternpayt EP3- e n1 and n2 emerging patterns of D1 and D2
respectively, k is chosen to be a fixed percentage of
whi chever of nl and n2 is smaller. In yet another

(01173 t grirefeirke p&@ﬁ@h RAtod & ak folfols! é}?éiinﬂlﬁfeGQBf Wﬁld%fy EP€and a

total of nl and n2 or of any one of
testingopaanple dedorftpining tpyerctassesaygdsta. |Gvnsxueha Erminmg dmmm D that has at least

o S BB R T e
D intd&FC@&M 296 rloga OD(}O tExk88Ch plhifalify ¥y ﬁdfg’g'ﬂggg frBﬁ{)Drand D,. The

&0124] The neth of cal cul atl ng scor SCr i
ranke ér boundboreP”’ lmfbeermnetedlas 1€/ ()oi #Iie .15} pﬁd@bdzr&hng order of their
ass(ifl cat.i Iti-class data.

frequic 3nd ety B S o b odERERFige i Di. Snlad, the my ranked
boundary EP’s of D, are denoted as: {EP,(j), j 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 D; is
denoted f(7) and the frequency of the jth EP in D, is denoted f5(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 Dy, which may be boundary EP’s:
{EP](il), EPl(iZ), L] EPl(ix)}:
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lists of ranked genes and nulti-gene discrimnators
for differentiating one subtype fromall other
wGautygpess Such a discrimnation is "global", Per/sg2002@00190
against all, in contrast to a hierarchical tree
wherefi' agsiiication sid ;@Ii%QYSh;g)o‘é@hﬁ@tﬂat‘?cghtfaftﬁrtﬁé‘del@Wl@‘EP’s of D,
local " bécause the are expressed in terns
wthnmybaMmyMQyégﬁsnst t he remai ning subtypes below it.
O é0125 Suppose _that there are ¢ classes of data, (c

EB() ﬂ@@ed Df”ﬁﬂﬁ} .., Dc. First the generalized
Whereggtﬁ 220\%] gﬁyy né ' h u%lgéttc% Mt %aﬁz %8 \égﬁfelﬁerﬁ ?@ &@%ﬂ qfthlrd list

and a Y®rthUfst, (W}hereln ,thd:ﬁnrd FRedmdy Be aeload; /504 vetiedlein the mth item contains a
di scret’i zati on be carried out In the sane way as
frequapepbf oceuwiende, tfy(), %ah thevfirstdlags of datnaf embrenestaigipettentie from the
ranked EP's of Dn can be 25 denoted {EPn(i 1) ]
pluralEpaf a@yrging patterremhc'(tuhay } ngmdero] esewgenicn 1 Bs avsh #hiry abyoeeurs in the

ot oG S b LA e i e AT iRl comans

f Embk &tern j,, f
e PRIl (0, 118 on s Mg A pfignd e o

the plffalifiFof efnﬁbr# ﬂ% BrE0t tha) ik a -2 8&@1@1/69669121% and which also occurs in
PCT/"S&0027 0 8190 Correspondingly, the class with the

the testidgtaedt 1ssm\¢sraésq me@ww fhebemergingaatteas i) thedhigd ligt are yglered in

used .fo Kk
descetie PG AGORFRIERR HRLERA e E R P B daftact o he
emergihy/ ? Attel Y inlsBidLOulR A5E ofdeidfif Gescendin@yrdeh Of thef? réspetlive
contained in T are fromthe top k EP's of a given
frequagicies ©f oByurgsetp Bore than one top-ranked EP's, a
"col l ective" l|ikelihood of nore reliable predictions
is utilized. Accordingly, this nethod is referred to

[01 19?S '@B@ Hé}&tst s RYcAtQl1A8 &b ‘.s’&réé ﬂéﬁ%}feﬁﬁﬁﬂg theRFhss)label of T, wherein
I'n the case where = hen score(T) Dl

each scorh cmteepondbem by oft the two pbsses abwgnpsEmat the kdopraiked &P sof Dy and
fromt reguent | ring EP of D1.
D, arg Hse?lht@e’g Fl}eL?é‘(?f fl‘é é)fﬂg dﬁy ‘Hgtg lTI)let S maxi rrum

val ue, 1, then the "di st apcg; s very ;c

nost conmon p;rc@@efr;ypgég aI SO P %I n the

testing sanple. Snaller s,em?ﬁ gplacngca fi t he

di stance is greater and, thus, it beconmes less likely
And, sindtarfy, thelscorgs$n the lﬂg“:ﬂasslmédirmﬂ t®be: 1 n gener al ,

score(T)_D1 or score(T)_ DQ t kes on |ts X|nun1value

k, if each of thegls dkGA)EP' s | resent in

T. [0129] It PEF beﬁ 295(,@ d thatszpf (Mt hod of

the present invention may bé carri-5 out” with

[0120] If score(T)_D; > score(T)_D, then sample T is predicted to be in the class of D;.
Otherwise T is predicted to be in the class D,. If score(T)_D; = score(T)_D», then the size of Dy
and D, is preferably used to break the tie, i.e., the T'is assigned to the larger of Dy and D,. Of
course, the most frequently occurring EP’s in T 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(T)_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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emergi ng patterns generally, including but not limted
to: boundary energing patterns; only left boundary
wer®roine patterns; plateau energi ng patterns; PONSG200/800190
nost specific plateau energing 20 patterns; energing
patterns whose growh rate is larger than a threshol d,
, Wherein the threshold is any nunber greater than 1,
[0122)r efAereapéoially prefeﬁ@d 6/81[116 lof &$s 20) tlsough i pergr&IP) iscr nuanber that is
from?2 to 10. [0130] In an alternative

nu
Chose@%nga Ssintghy jose thap dacietal nipbet olserging PalemS e &ds typically
( r re
much 1588%1?@5%3 ?10 %rt I%b rl]<d<e§‘ﬁ 51919/??%81 bﬂf%?%%ﬁ‘ nglg?cx gf%@géﬁ@?lgare 5,10, 15,
25, 3@&150mmadtigo0. of gdtcspanefered @alseok k libé@een htwit 5and @blout 50.
boundary EP's are replaced with the nost specific
el emrents of all P-spaces in the data set and the other

[01233t Chp Illﬁg%flv]e%)?l}]l)%ﬁfréé% Qvﬁl%%cnﬁern% agée1 121? gl:‘?c(l: gaérrelerigﬁfglrﬂﬁrahems of Dy and
D, reﬁﬁb@dﬂl & chéseh fidbe & ﬁﬁe@ﬁé@&ﬂ@é&%ﬂfev&f‘@f A0SH 7 is smaller. In yet

peC|f|c el ements of a P-space are all EP' s in nost
anothgpaltesnatiygtembedineens,rkais adingd percertage of the tefal of n; and n; or of any one of

ei ghheorhqed of boundary EP's that are not .EP
m anf, AT peREHARS: Bk Brrbiipeth” et ripg foout 1% to abous 5%
and kSPREAECtoa] RARRE Mmtddbr Pallle SRR cAeS WhSHA flﬁ(ed( ?&&n@@ﬂoes not lead
t han the boundary EP's. So, the 37 WD 2004/ 019264
to a wholy 8@Rgo 201000190 greater the nunmber of conditions,
the lower the chance for a testing sanple to contain
EP's from the opposite class. Therefore, the
[01249 r oyl inldiiod Ffcalk@lfigg St Eadsbibdd IR2§hIHRE AR BRBeralized to the
i gher. Other Met ho%s of Using EP's in O assification
parallgl ¢lassERjatipCof ingltiholass daga. oFrbryexamplmd ipparticilady ERfel fondiscovering

. | assi.ficati O her et hod re as. re

ists iR e g S et pBSom et B P ufTine e e trom all otter

subtygés”%u‘éﬁ alddRriRliRSRMlis HAYEAL I RMANM agdinst ALSEESMRE to a hierarchical
erein. [0133] Accordingly, for a given test Instance,

tree ctbemﬁca;mnﬁtra@gm in whichche differamtintion tsrla¢ah bacpusathe rule ad expressed in
nmet hod . f or redl ct class of T
terms o 3E SUEPS $EATb I TR BB Y B Ber Al ot ot i on  and

term nol ogy are not construed to be limting: [0134]
1. Divide Dinto two sub-data sets, denoted D1 and D2,
[0125 ac Bupps ittt thege arespdastesvafl datag{c > B elendted W, Dh,assPs Efst the
dat and create an enpty list, final EPs. 15 [0135]
generpfiacdpeifod At EpreseRtnTontion disoeiars ¢ &Fqups of EEow‘eher@lﬂéhe nth group

< r{'zg 'c)sils'efﬁrg v?r%gs](@%j r[rg . &%@}5? 19&10‘11%51*21?sc[n{tﬁ ?rpﬁpsﬁ% rBF garned out in

the sdntewiPassdeafin @ withaypicddiwarthsPddtal Fope S,aBHEHNRED EP’s of D, can be
order. The ranking criteria are that: O(a) G ven two
denoteg s x| and Xj, if the frequency of Xi is larger than

X ep, A5 ER ,(zzﬁs.P,rEP,[(ix)}to Xj in the list.

and listed in descending order of frequency.

[0126] Next, instead of a pair of scores, ¢ scores can be calculated to predict the class label of

T. That is, the score of T in the class D,, is defined to be:

score(T)_D, = zkl (i)

m=lJn (m) EP, (i, )T
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(b) When the frequency of Xi and X; is identical, if
the length of XI is longer than X;, then XX is prior
wo eooxjo1924 t he list. (c) The two patterns are tPEHS&@L02/000190

equal |y when their frequency and |l ength are both 25
Conebﬁ%ﬁiﬂg‘l(}akhe AR wis ke hidhRst! sbére it predrRiedt ©theaBe class of T, and the sizes

or der edE [0137] 4. Put the first EP of order edEPs
OfDnlarﬂ@edtmbﬂeaPsneSO [0138] 5. If the first EP is from D1

(or D2), establish a new D1 (or a new D2) such that it

consi sts of those instances of D1 (or of D2) which do
[0127[]‘ ot A‘ﬁ%ﬁ@ﬂﬁn% Pﬁnélbfe%f thie methBd 39 lhe%e@,ﬁpﬁ%ntfcfnqm&tn@&u?e how far

Step 5 untirl a*new D1 or a new D2 is enpty.

away B2Q4p @]ﬂ’ZﬁdoMécB@ZD%/fﬁﬁﬂﬂt@Gop kK EPAOYS & givEi nldss. I‘Bay usmg more than

first EP_in the final EP h i ned
one togHTaRfsh @P:snm?g@t'éve@mﬁw_e%@ér%gé?% SRR ingH
ey 5y 5 LB 6 Sl ek g et

O herwi se the test instance is predicted to be in the
second class. 5 [0141] According . to a third neth

[0128}; Enthesressvhese k571, dheroiegretP_O1 dvdicaieswhether %Efqtréﬁmked EP
conayin P11 RGBS RLS SONE B 5 TRLE KBS

score€Bt By hﬂﬁmh@)dniain edlde, D2 the @ins ¥ dibthing” o Vdry elofsé rist, tiedost common
the 10 second classes respectively. [0143
propery 9 &4t alshBresert i frepestingispmple; Saﬁ%les ﬁ%f%lﬁlﬂ&?a@.t%éh@mance is

greatefrggd thﬁ? ntgoelg'g> ?s 1er @%&1}1 tl{ag Hﬁéiongf tdot?xg Qfags E%Dtg O ﬁ%eneral

re Uendy

score(®SDE Bﬂid@@e(m’_mrtakeslﬁ ilsanatieubhieales, deifedcdT the &tep-maked EP’s is
or der edEPsl and orderedEPs2 respectively for the

presesttindng EP's in D1 and D2 [01451 4. Find the top k
EP's from orderedEPsl such that they nust be contai ned
in T, and denote themas EP1(1), . . . , EP, (k).

[012@ m_[tl iatd b ufdeffoddBat t8e nfekhiodl JfitReRsde BEERSRmaY B8 carried out with
20 they nust be contained in T, and denote them

emerggg Eﬁiﬁﬂlﬁ) generally, inglug{tg) but hotilxgjtedsto: (hmlpdzprég enlgeging patterns; only left

bounﬁflq;ry gwgpg?¥@%psr éﬂ?eg\ﬁ%@%réi{fig&{egn% %Fﬂ?/tpg%og %)(ell)ffc p'?ateatu emerging
patterBE ,eéiiﬁéiéﬁg phRerB€ whBsd H8wiH fa% isQAr@SSthed a %Eﬁxol@ﬁ) h¥defifthe
atter is lafger, the test instance is

threslﬁﬂdiﬁ;samfylrmdxblen giehier teadnprefdratsly 2afr oel@tieh asline jwintpirgg ER)res a number

are 25 broken using strong 2-EP's, i.e., EP s whose
fromgtodPh rate is greater than 2. Assessing t he

Useful ness of EP's in Cassification [0147] The

usef ul ness of enmerging patterns can be tested by
[0130JonTwed hlegndivelegsbodiie oDtHe-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 embodiment is that the neighborhood of the most
specific elements of a P-space are all EP’s in most cases, but there are many patterns 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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Cross-Validation" (LOOCV) classification study. In
LOOCV, the first instance of the data set 30 is
weongiotesed to be a test instance, and the renBtTBGL02/000190
i nstances are treated as training data. Repeating this
greate E&Qﬁ@%e@ of E&H&t’i&% fhkSWer the Eﬁiﬁ% f&r@rtgﬁﬂg staﬂlpiet}% coﬁ}%%n EP’s from
one, IS possible to assess e accur
the Oppemﬁeqhssoﬂ‘ heteforesthe @rrdmblh\tmoﬁ:lismm eoreeotly eIats:hﬁed becomes higher.
predi cted. O her nmethods of assessing the accuracy
are known to one of ordinary skill in the art and are
t; of the present invention.
Oﬂwr%%ﬁ%%&% 04/ 1%251”%%%%2%%%%2/000190 [0148] The

[0132pr aREL ¢enatfthd by presis@ndf dsigefR’s dnclhssiiavioh) Ddsd: madislis that are as
exanples. It would be understood

. §§'ge ns of severa
reliab ich gixg soynd; rasulisareyeansistemt withdeeaimsnithepresang invontion and

are desitRBYed@y limting in the scope of the present
Invention and nerely illustrate representative

errbodl ments. 5 EXAMPLES Exanple 1. Energing Patterns
le 1.1: Biological data $0149] Many EP's can be
[0133} out’h%?omnalym Brebes tettinstanse, danotediThendits comgspsiding (raining data

D,a s%c%lm& Iﬁ%thoc& for Bgel(a%cgipglﬂqéj HXSS of T coum-li)t}lesesutgle fgﬁgvbiing esteps wherein notation

earni ng repos

and tefthinplogh \Weadt Sobittiueddslbe he@ig: M-Reposi tory. htm, al so
avai |l abl e from Departnent of Information and Conput er

Sci ence, University of California Irvine, USA) for a

1348 O RN Pl 202 o LGB Bty o

one oﬂt@@&ssesrtﬁ@l@ﬁas atdRrbhte ah émpty RétOMthIEPL R NG NUMBER =
one) } Y ={ (BRUSEs = no), (ALL SPACING = cl ose),

(VEIL CCLCR white) } [0150] Their supports in two

135 P 3o B B DR R aBY B REL Whnhes e BiNinDigr owt
N R L s [0151]

Those EP's with very large growth rates reveal notable
[0136hi £ e‘xcemdur@tprtge frbqueacy end $tilomth ikt meabertdfétenlsas a @attern), sort

o 0 ) g B AP b
Ja) Li , Gigen RROEP @Rkl x; R HRID %ﬁeﬁ{ﬁg{, gég{ﬁ%%? F]Hséﬁ?%,ﬁf)en X; is prior

the nost expressi ve j Unpi ng
cl assi foiX;am thedist. Knowl edge and | nformation Systens,

%) R SRS e SR BB o s en 3,

and {%QEXNQW%Bto-XQH%ehs? an EP, though there are

sone
(©) The two patterns are treated equally when their frequency and length are both

identical.
The ranked EP list is denoted as orderedEPs.

[0137] 4. Put the first EP of orderedEPs into finalEPs.

[0138] 5. If the first EP is from D, (or D), establish a new D; (or a new D,) such that it

consists of those instances of D; (or of D,) 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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contain nore than 8 itens. Exanple 1.2: Denopgraphic
data. 40 WD 2004/ 019264 PCT/ S&002/000190 [0152]
wWRb@un19220 col | ections of EP' s cont ai ni ng up teCTSG2002/000190
items have been discovered in the census data
014088t 7. FRWME fidsPERIh AR £ A MY v i
[ (E s are derI{\Q'ved {l) j?orlr%gﬂvng tli%%%g%c?&( ?)%(r)] J(;c?s@jeofgémmedlate

propetr &Pt duhsetofs cb‘hta[negam, Tsifig: B & fgomawhdfirsatiasd, tHeasi dhstance is

1.2, One sych EP is: 5 {Disabl 1:2. Langl:2, Means:1,
Pfedl‘f&ﬁ% Qe in theplipss £3gps. ﬁthﬁ%%miest THSEARCE i Predictsg]to be in the second
clagsVOrk89:1}.  [0153] The items describe, respectively:

di sability, |anguage at home, nmeans of transport,

personal care, enploynent status, travel time to work,

king or not in 1989 where the 10 val ue of each
[014lelt t Acsqu@gée arthise sredod; whioh makesmupnobsirang s tot asdertdin whether the

s .can des be differences
Sysmg aggm %%’ﬁgg%gﬁg%‘teéﬂngf LR} Efrﬁé%ﬁo%“fsf erent soci al
and geographl c groups. Exanple 1.3: Trends in

purchasi ng data. 15 [0154] Suppose that in 1985 there
[0142)er &. BividrOD pntod wasub-defa setsedqrateddd narfdJo)/RUIMERIng of the first and the

?([‘)gE TWARES } out of 20 million recorded
seco %ea?crﬁpg# (l)gnd in 1986 there were 2,100 such

pur chases out of 21 mllion transactions. This
urchase pattern is an EP with a growh rate of 2
[01435) r ot 23gover thel9®dgdiRis ithids and sinailably disbemes the etorigERIeyn D>
analysis for which the growh rate threshold was set
to a nunber less than 2. In this case, the support for

[0144] he3i A&dmaihg k& réuehBY, Ysor TRt ofet‘lﬁ Bd s ? s-m'tbsdefs{:éﬁ%ﬁfg order.

s even nerit in appreciating t e significance
Denotsghe erdesed Ehhsts heweleraifPsl ppbotderedBiatpbapedtively fde diecsitong EP’s
. rd Data. [0155] Consider a study of cancer
leﬁ’é@ énts, where one data set contains records of
patients 25 who were cured and anot her contains
ecQr [ ner el and ere
[014521 g! ﬁiﬁg ﬂn%rtpgtgslﬁji]% frgiﬁpnéé | oﬁi%g P EL%C%L%%‘E??%@“S egﬁatamed in T, and

denoté thb&t mm»lsu) T, . Ahpotshaility findses top HiPs FOm a;%redbﬂz such that
: with gromh rate of 9 fromthe not-cured t

they Iﬁ‘éﬁt é@l CO‘FFQWC‘% 8y T angrdengigdhrgn 88 EPc@hcer .ERED)i ent s who
had both synptons S1 and S2 and who had received all

s R TR i oo B LA . 0
forme & la.ﬁgéf 9Kk tegﬂhﬁaﬁ@%yls §Rad§d’é&%sﬂe ih fntsh@la%] I SYallE 'tstherwme if the

conbi nation should be applied whenever the synp
latter lﬁdﬁatglen 4hd tost lnsiamncms clasdifi¢driartbe sacendh olakeoft data. plia rsm)atmns are

EP ma ve .l ow support, sych as 1% only but it
brOkean Bgo %\f%%n%\hle ﬁltlf g'gos(er?éo 2leds SFeAlT Bk ause of

a lack of efficient nethods to find EP's with

Assessing the Usefulness of EP’s in Classification

[0147]  The usefulness of emerging patterns can be tested by conducting a “Leave-One-Out-
Cross-Validation” (LOOCYV) classification study. In LOOCYV, 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 are 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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such | ow support and conprising so many itens. This EP
may even contradict the prevailing 41 WO 2004/ 019264
weFanA8ER602/ 000190 know edge about the effectPOf/S€z0000190
treatment on e.g., synptom Si. A selected set of such
EP's could therefore be a useful guide to doctors in
deci ding what treatnent should be used for a given
[0148}ediTbalprasiiceiaf the presars inverticaisatbvbitlusiraed beineay et 89@ral examples.
5 Exanple 1.5: Il lustrative gene

f | e.
It wogﬁ{)l?egg%dlx a egs.nggateyaqne[%%g% Hinflpf‘earb;}@g@@ gramplesase potdn gy &ay limiting
) ' J ' ' | .
n 9808 5 RSN o B Rl LTSRN g

that consist of am no-acid sequences. A gene

expression level is the approxi mate nunber of copies
EXA at gene's RNA produced in a cell. Gene
Examgi%of.%ﬁérgﬁg%ttz@msusual |'y obtained by highly parallel

Xperi me using technol ogies 10 |ike mcroarrays

Exampkek]: Bigogic8elagna, M, Shalon, D., Davis, R, and

Brown, P., "Quantitative nonitoring of gene
[0149% y My EFYs eraxbhecfonrd i a MushroomgDasareettfeany therldCl repository, (Blake, C.,

] ar. . i enc 270:467-470, (1995)),
& My O TR i el {ookhart, b,
http://Ekizmxgps.hbi,edBWﬂﬂ@amNMERemsﬁQ%}ﬁgﬂ,i a%so Maillable Gkl Behﬂn%n't of

Chee, MS., Mttmann, M, ., Kobayashi,
Informpggiangind Gemputerritiamcevidnivesity of Caifprias diine, SA )X for o gpwth rate

idization to high-density oligonucleofjde 15
theestis GRE5, e RicBak el TRGH TS S FRiagol § §u8))
and Serial Analysis of Gene Expression ("SACGE") (see,
Vel cul escu, V., Zhang, L., Vogelstein, B., and

Ki nzKet {(OROR Serang), (GHell yWI7E =dfroad)eRING pNENEIER= one) }

Sciken . 484- , , recar X ssj on .
I e\}grg?%]?‘ég%ﬁe"s né)n g@h@%g&ﬁl bc:: %')?E)egr m&tﬁ“&k = white)}
conditions. 20 [0157] Know edge of significant
di fferences between two classes of data is useful in
[0150h oFkeit svipperts frowoeolassed of mishravons posoousxapd edibley are as follows.
experinments, medical doctors or biologists wsh to
know t hat the expression |evels of certain genes or
Epdenefgroups change shar ply pbetween [normal celtrs—amd
di seqs &' RPelN-HO1SHAS, th&?@—’d’eﬁ leor |t hei rerpyiteate
X prodyicts camope used|as dpRgHROSTIC [T ndTcarofs or aru
targ¢ts of that specijffic di sease. 25 [0158] Gene
Y expressiongdafog 1S typlcalkygeprgani 4€d as a gt ri X.
For g$uch a matrix with n rows and mcolums, n
usual Iy represents the nunber of considered genes, an
mrepresents the nunber of experinments. There are two
[0151}mi Fhasp F@ss with errydrigremvsth ratherdvealsiotdbpdiffefentiating characteristics

betwed AR et iy Rao Bl OBmS S ary g been ol for buiding
owerfillRelisifiRRYsdeS 82, JELY G. DARR! s K. éﬁmp

powe Br oyw?,l I'P. %S B pl ‘oi?i ng t%lea%kll\lfle%%%ﬁr?éc%g%réo ne fg?QgOfthe most

expressyewmpingfen@egieg bamresor atassificatiéie &wvwledgaked Information Systems,

a1 SGIEN 78:680: 686, (1997)).. This type of
31315 4SRN TP Ringhdint of e SUelodmFUCKTBOR 1 nereds
{GILIOSIZEE S 8441t hRS {RING_NUMBER = one} is an EP, though there are some that

contain more than § items.

Example 1.2: Demographic data.
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of every single gene under a series of conditions. The
resulting data is generally, tenporal. The 42 WD
wQod4H0eL64 PCT/ SG2002/ 000190 second type of PCT/SG2002/000190
experinment is used to exam ne the n genes in a single
[0152]3 nVAB@thIQOtcoﬁéHuOBE 8BS c%hfa‘irﬁﬁ}%ﬁf) &8 té%g ﬁﬁ\fe 'bebn Hiscovered in the
U, Barkai, N, Notterm
U.S. CVb&lISldata 81, “PVBEX’ (amlablaﬁdtnuewwrwnsu& gibv) Tirse&R’s are derived by

Pat t erns SI on veal ed Cl ustering
commpiagig 8 PaP el R TR MICh G GRimei b G0 T weeshgld 1.2, One
Such]gibisgonucl eotide Arrays," Pr oc. Natl. Acad. Sci. 5

S.A, 96: 6745-6750, (1999)). This type of

exper| ment i s expected to assist in classifying new

cells and for the identification of useful genes whose
{Disapl ;2 deangb 2 Mgans: loWsyily? demeser-? cRlabaral clrepin lf-$91, §y ork89:1}.

The resulting data is generally spatial. [0159] Gene

expression val ues are continuous. G ven a gene,
[0153fenDheitergetacribd, SesPyEiveBs | dBability), MALLIRS atREiRE, niafiebf @8nsport,

of varying conditions, or under_ a single condi ti on but
personyl gage grmppleympat Sttawe érav@fur@@tq workf anchworkingergwt of 1989awhere the

value Eéf‘éééﬁ%unﬁ%@c ot ohﬂél%to AN ?egn 1:1 e%rataci g\%tgp%)ciog}mer%{ﬁ%% Such

EP’s dah@igtcrite dififétanded 8t pdiidaticl dh@fackisGEY Whwadnedifferéhi ®#ial and
inclusively between ¢ and d. A set of one single item

geograghiGereBps. of several items which come fromdifferent
genes, is called a pattern. So, a pattern is of the
form 15 {geneil @J[ail, bil],..., geneik@][aik, bik]

Exam levﬂtﬁrfrehﬂsﬁlplﬁfehahng dﬁta A pattern al ways has a
uency in a data set. This exanple shows how to

[0154]: al &lmpaﬁeethah@ 988 dagse gipraot,000 parchases of tingpatteth fCOMPUTER,

DR S8 SERSPARES) APLE7 i A SAFIRL Bl 0 e

were Z)000%&Ich ‘f)@ft‘hﬁie@ it 61321131%519515 txﬁﬁﬁ@ﬁé&u SFthﬁlﬂ'@E*asg Y&tté%n % an EP with a
0.3 0.4 %ene ene

growth gate of zgrongm;{g 01986 and theg mldn& Ldemﬂ’zed @@ng anatlys:%s ms which the
75 0. e B cqonsi sts

srowefi Y iResFBIA v sl Bpop B Rk | R he Aecsupiie f o temset i

very shiall @Qer@in€1 9880 MRk, th@8 ¢k dhekedlif aﬁﬁ@&ﬁﬁ%‘ﬁe sﬁ%ﬁﬁaﬁés of patterns
the six colums of Table Bis an "instance.

that hpygtlowshpagsnes @[ 0.1, 0.3] }, has a frequency of 50%
in the whole data set because genet's expression
values for the first three instances are in the

Exam%l@tIQIVﬂledllelliecogdﬁhta Another pattern, {genet @[0. 1,
gene3 @[0.30, 1.21] }, has a 0% frequency in

[01551 h ecmmee adandy of eanobepms wdleresmng]am sehedrdainerecords of patients
satisfies. the two cond|t| 161)ltS waat genet's valu

who Wele Curp al?q]atl rfcgﬂ‘@@s [T%PO{ 0 were not cured and Where the data
comprises information about symptoms, S and treatments, T. A hypothetical useful EP {S;, S,,

Ty, T, T3}, with growth rate of 9 from the not-cured to cured, may say that, among all cancer
patients who had both symptoms S; and S and who had received all treatments of T;, T», and T3,
the number of cured patients is 9 times the number of patients who were not cured. This may
suggest that the treatment combination should be applied whenever the symptom combination
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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43 WO 2004/ 019264 PCT/ SG2002/ 000190 and (ii) that
gene3's value nust be in the range [0.30, 1.21].

wolomewened it can be seen that the pattern {geP€BESE002/000190
[0.4, 0.6], gened@[0.41, 0.82]1 has a frequency of

knowlé%" agggtltﬁéleffla& RG] tréa‘i’mbﬁt' d#sd §. adyeniR OB i Ag;emteti 8e0sf,such EP’s

ta set of Table Bis divided into two
could ghebefoiatbe asestAil gmzﬂe w doctbsstis dediding evhaatrg@memf shtonlél heripsed for a
normal] cells, er O%?I sts, of Iues of the

given pedical dyaten &ﬁéﬂ %art? Dy &t Fgaﬁgﬁtsy O(SFX?P ven
pattern can change from one sub- data set to another
sub-data set. Energing patterns are those patterns

Examﬁlhqs.‘;e floswatbre®ene sxpressipni ditcant | y changed bet ween t he

ub- dat t 10 [0162]_Th
[01561 0. i prgc%]s of FansirbBIRct 7R DNACERPBeLaR STk 1 el Bene
expre%bq%ﬂgfp etdy aﬁglab(]fr? q{@}kr&oh&efo? Pltebtéiﬁst t"ﬁats&# %Pélsdrﬁhbfégld%taquences A

I't" 'has a uenc % in
gene cxplssioh @eveﬁﬁtth@ﬁpﬁaﬂﬁﬂt@mﬁnlﬁalolf 80p1b@dib‘tﬁ}1t g'Ehe SR A @)mfduced ina
{genes @[0.4, 0.6 0gene4 [0.41, is also
cell. e cgqpr@spgtdla@,; psua 15 h1ghly] ggragel(ﬁlxppql@a% Hepe teﬁ:hnolo gies

like HBEBW%E)@%E% é’ggc%?nat F/I ﬁ{aﬁ@'l ]felbénrcis li O&[%I‘OWP « uantltatwe

gehe expression data sets use

momtbﬁﬁg §P’§b§1@%§t siéx §§ll’ﬂérﬁ§wnﬁ a cofipledmintarg dhamé@bartGo1 Srbence
ecul ar classification of cancer;

270: 467347@\/@;995)%@11@@@19%«&9 ‘6HiDE (Sem ety LepskBark,In/. eggp%fﬂ Byrne, M.C.,
[1] 8
ronef B0 L ELEREE 82 s, VAP B on aron T
and BQDV% EQ SExpljéssxonYB@hft&nng%y hy¥aicikzatibn to high-densityndigonucleotide
"Broad Patterns of Cene Expression_ Reveale
arrayg:f Natue«f Bivgecknalogsi & Hi75TL0& (1—99@?) At Senal Avely; ﬁlS'Pg é{}% gxpressmn
oA GBS, DLy SR I2 Ry PP St antis o

gene é_}gﬁéﬁlo@} SHemRRIDTN 43024 (BI95Y), tecork egpesi@Kienels sf genes under
ddata i s that the nunber of sanples is small in

specifioeqmrineotal wonditionsarer ci al mar ket data.. 25 Table C
Data set Nunber O Genes Training Size C asses
Leukem a 7129 27 ALL 11 AM. Col on 2000 22 Nornal 40

[01574an owlél%e\éps?ggﬁfdaﬁtl&?f@fkngﬁlﬂe&@éﬁQWom§&Q)f defdis ﬁ&eflhlnn

anot not ati on, the expression | evel of a gene,
blometimmbe an aremiy, iy erro¢ Xyne oxXpresgind ARPHIBINtG meélh@l @(pcﬁ@rs or biologists

wish ?q%@ gletgxgpe%sq r? fevefssoffcéx%ﬂn egQr(x:éé or gelg) /gﬂo{?pﬁ&{aﬁgé sharply between
normal cells and disease cells. Then, these genes or their protein products can be used as

diagnostic indicators or drug targets of that specific disease.

[0158] Gene expression data is typically organized as a matrix. For such a matrix with n
rows and m columns, n 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, e.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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frequency of 75%in cancer tissues taken fromthis
colon tunor data set, contains the following three
W0 2@a®19264 { gene( KO3001) >- 89. 20, gene( R76254)PCI/SG2002/000190
127.16, gene(D31767) 63.031 where KO03001, R76254 and
secon@ﬁi)z of e@e@inﬁéﬁ Id 5HA & e QBHRSthe Edlinnsihfe hlifonment but from m
energing pattern, in a new cell experinent if the
differepe nellsK8@0 0.E., Alen oty ¢ Baikan N.aNogermmnnBtA | e, Kha¥bag®, S9Mack, D.,
and the gene R76254' s e ression%is gﬁ% |§S t%gg Tysis of
and Leyome, £5).o ot Bad B o Haamre e B REGRIEH by CHpgprEciuelysis o
i l i P Brdd KBHYAcad. Sci.
Tumol BB o s Ry B e O A S e
U.S.A2 96 E6TRISgETRD, PEOOR). rEhif typenfesfeninent stexpseed td B34i66h classifying
This data set contains gene expression | evels of

new cely anal foe Bielidensifigatiomelatseid BPRes JRPSP SXPIBHONSAEHER] dpostic

) S nd 4. f. ;g di scussed in Exanple

1ndmd%ﬁﬁiﬂ$ﬂe%§§F%u%%%§?slggégfﬁggﬁghekpression val ues for
about 6,500 genes of 22 normal tissue sanples and 40
colon 15 tunor tissue sanples obtained froma

[0159] f Grnee, expreselonoRbEs Arr@ptinads; Glveha geneg flenotedeggits expression

atterns.of .gene expr.essio . 1B ' .
oo 5 Sor SRR B4 B LR L8 iffornt e
of celR FRRB UGhRRIIrdeal FaruaY.SSippoteteeainggs [of b]Naidianriatkerval [c, d] is

Acadeny of Sciences of the United States of Anerican, .
contaied BYH5 b 76all g¢n1e998s ¥l amfiem ciprning theh theaipliies gf gteptyp limited

. f th | 2 ' . '
e 5, 3 e SRR, MR8 ,805 i o
from @@fekNBEnddl RicAMd 4 pamni By, e grdtkedforthhe reduced

data set is publicly available at the internet site
http:// ni croar r dgepmi@iget b, e dgeBaeBlog§#Rf f ydat a/ i nde

wherg, o st S RABSRAL BEORT BrieabSB b TRl ofr CRF Bl shows how to
calcula[gtﬁé‘fﬁhﬁe&g/ of RPafAl BRISTHB, stddrdRg paftedsgene, or which
conbi nationS of ~ intervals of nultiple genes, only
occur in the cancer tissues but not in the nornal
tissues, or only occur in.the.normal tissues but not
in the cancer ti,SSLieS? TE‘%GE‘ How.is it possible to
di scretize a raNgPIeFXaRIaREsPe EREHIIARE Gt a gene
into 30 multiple intervals so that the above nentioned
eontrasttng—ntervats—orTntervat_ conbi nati ons, 1N
all EP's, are informative and relG®bf®Wws 45 wo
GeqB04/ 019264 PCT/ SG2H84{a000186 mal 017 Ghan&rodsancideerous cancerous

di scovered p ns_he used to performcl

gebatks, i.e., ppadictPlg whethdr a neWtell i dhormal 06
or .cancerous, after nduct i the sang,type of

8eBS%Pr essi on exg@ri rreﬁtq? 5 [021%31] Thes?‘br obl e?rls'o are 11

gegggved usi ng seyer alotggchni quees For thel col o). 1:aNncer —-0.32
ata set, of its 2,000 genes, only 35 rel evant genes
geaed discretized25nt 0437 nter Rt whi |l d4he rerhihing 082

1 065

T IO

[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 columns of Table B is an “instance.” The
pattern {gene; @[0.1, 0.31}, has a frequency of 50% in the whole data set because gene;’s
expression values for the first three instances are in the interval [0.1, 0.3]. Another pattern,
{gene,@[0.1, 0.3], gene;@[0.30, 1.211}, has a 0% frequency in the whole data set because no

single instance satisfies the two conditions: (i) that gene;’s value must be in the range [0.1, 0.3];
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genes are ignored by the nethod. This result is very
i nportant since nost of the genes have been viewed as
wO eoouwiebd ones, resulting in an easy platfor nP@IEGE02000190
smal | nunber of good diagnostic indicators are
and (if) e %Qittég at\Bthe st @3 gl e [di30C1 011, ZHBW%r it Bh tdedn that the
was fe-organi zed in accor ance with the format
patterfi §gprie; @¢0.4 )61, lgenas@[0.41 ] @82]0 fhavh Cequ¢msyef S8&Ghavi , R,
John, G, Long, R, Manley, D., and Pfl eger, K.,
"M.C++: A machine learning library in C++," Tools wth
ty f
0161f7 oyt AL B RERRE pulhds, Hdota sHT Teble B B 80 ino owo
sub-dith @etﬁrrdr@cﬁﬂélstd af thesalues bhthd Shiehinsrmeal @niid, ¢he wvherpmﬁ&eus tof the
the di scretization results to see which genes ﬁ
valuessef] the thage eangerals ealls- Jhadequeey @f 8 @hyuduiteiacan change from one sub-

N e

szgny‘id:laﬁﬂ}r tﬁﬂng@d BltiedEthaeRo sexpiaessison val ues from nor nal
I's an expression val ues from cancerous cells. The
ent ropy- based di screti zati on nmethod can thus

[()162;l mﬁﬂgg?t é%%eﬁ@ E(%F (?gﬁtg eoggﬁlh%ggg[e}ga‘iégfﬂ%ﬁﬁs% iPhds aafrequency of

100%<iih$1feIr &bl T §e@ Bok B Gf RaFrhid] CiBut 3bhaBfa frdiecyOFW % &Nl sub-data
each into two disjornt intervals, while there is no

set of camcepaisreells.n t he remmi ning 1, 965 genes. This indicates

that only 1.75% (= 35/' 2000) of the genes are

considered to be particularly discrimnatory genes and
[0163) hafrhe bﬁteer@t{gsfef:@ 9, (6], ¢ons @de e do 8o ke arsslaatefnwgnxg pattern

uni nportant for c assification. Deriving a small
becauseiithes a 6% frepwnely mghe suti-daty setewith norenalicells: et i zat i on

nmet hod thus | ays down a foundation for the efficient

di scovery of reliable energing patterns, thereby

bvi t ﬂ'ﬁs%rdﬁn efe WBE&Ment examples, a

B e S e tent examp
leukesniavdetn lsate(ﬁ}olub e‘fab] ‘éMmecmlar clpsificatiph of ¢4ncer Clasts disgovegpand class

contains the |ist of, 3 es;
predifip gesrae FOMEHIS! MOREOTIL ereice: eSS aLdoe] e £68tEn tamor
data s"é@g oR, €;, BaRgi tl‘lﬂeNgﬁﬁ?naﬁ §%U@E§1e1{a“%di‘ﬁtﬁs M=k, D., and Levine,
sented at col Umms 4 and 5, respectlvely The

AT, f‘Btoad\Pattsms nf Gai BxDessian Roorled dyClisteringvdhalysis ofybumor and

| t 4 2004/ 2 64
omg@ﬁpbgﬁ%' FOBisESt o CH EARH TP e e BPadel Afsdr US4
96: 6’/4@ CJS @99‘&) 5113%3{%9 4Gh% CNUARBMnRIn éﬂ%@acfe@l@ﬁ@o e@xpression data

oun rac et excl es t he boundary nunber. Table D:
is thabthEhemder gseaspleshis sﬂmaﬂm eomipaisor wWithegpnipperciabmarket data.

ent ropy-based nethod into nore than one interval.

Li st Gene nunber nunber Intervals Sequence Nane

Table 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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1 T51560 (0o, 101.3719), [101.3719, +00) 3' UTR 40S
RI BOSOVAL PROTEIN S16 (HUMAN) 2 T49941 (oo,

WQID4A124) , [272. 5444, +~) 3' UTR PUTATI VE | NSRLT/8E200X80190
GROMH FACTOR || ASSOCI ATED (HUMAN) 3 M52994 (00,

[0165%& Ig%%ﬂ)er n&t?&o@ %7&&5&9% 190 8f E'géﬁé, X?&Hn%?gﬂ'éﬁyﬂn%e%e(m. An

antigen (truncat acti n-bi ndi ng protein)
exampie 6phetBepily pateRBHZ0hah g, its4dGuOs YN 0% dddroiBligssuasdo)a
3" UTR TRANS- ACTI NG TRANSCRI PTI L PROTEIN | CP4 . .
frequangx pf ¢olincansst BFsugs fakig) from tiisppion tyger gajpagt, contains the following
three{t S5 2505, +00) gene H sapiens nRNA for Pl protein
. h) 6 T72403 (oo, 296.5696), [296.5696, +o00) 3' UTR

HLA k03001 STHOOVRATA(BY625TY > 1ANTEGEMN(IXAT8Y) 63.631A
CHAI PRECURSOR (Hono sapiens) 7 L02426 (-0, . .
wherc30R0906RY 6214390 B1IFS7 anccpartigarczeppsaicepeting ioghisparerging pattern,

e R KT RV B R
gene RS9 QISRASION 25 AGRIEs tBarl BA4RBarld tRO gerd (Y3 18892 )expression is not less

[ 207. 8004, +00) gene Human unknown protein (SNC19)
than G3FRISAthenpilbis el woutitbelDuets 8086likely ty, beoGineg Py cell than a normal cell.

[ 206. 2879, +00) 3' UTR PROTEI N PHOSPHATASE 2C HOMOLOG
2 (Schizosaccharonyces ponbe) 11 H11650 (- oo,

Examéi%%:%&in [Padidrn8 8% a TEMbr data SR ADP- RI BOSYLATI ON
ACTOR 47 (Honb sapiens) 12 R59097 (-o', 402.66),

[0166] 40ZhBGlatatseoyorBiint FedRe EXRESS NE] FRSTE nbrokd] elBEarkdEeEeer oflls and is
obtairgﬂg)__}%f@ggf %JeTs%g)qnfgtyNgg oﬂug%%%g&%ﬁ 3(’: o Eﬁgéﬁ%ﬁ@’e & o"i' eThe: data consists

ot sl for R by UL oE ool 408 Lo 0 oo

tumoMEVRRNp e GhD GRRRGGEI 2 A fTPRECIHSOROQMMUNTEY) (seel BlavBa @80 “Broad
(-o00, 352.3133), | 353 3133, .+00 ene, Human 26-k .
pattergg pf gangeKpressiph trveplgd PXelstering ?19%6 %t]u@(og an gorir@ colon tissues
e s T s T
Stated ofXmerictin, IQB8BY3-6[/30,819¥8B, T. hm@pr@'sioﬂ@ermmg'dr@mﬁhese
samplsp 367205 3ceA DG AN s AR Y e GERETPTkcRe gones with

10weﬂ%£ﬁ5te@si@§ %v@feli@ﬁcﬁ@&.o'ﬂ{é fedBkd data set is publicly available at the internet
site http://microarray.princeton.edu/oncology/affydata/index.html.

[0167] This example is primarily concerned with the following problems:

[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 informative and reliable?
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car boxyl ase (ATP-hydrolysing)] l|igase, conplete cds
19 R54818 (-o00, 153.1559), [153.1559, +00) 3' UTR
woovanieekar yoti c initiation factor 2B-epsil onPCTRIZ02/000190
partial cds 20 J03075 (oo, 218.1981), [218.1981, +00)
01709€NS._ERAREIN therm RSB oo s PRETEA Dskd JEAY Kredicti
[ O?ZHA \ %MAN)%QJ 3 11 dzpep ss A V¥redicting

tains TART repetitive el ement

whetHED 4 269 cEH donoribP ol Gifiyerp@d, 2ftgBdnducii)g Be sUlRYEY POSHREMEN

C OXI DASE POLYPEPTIDE VIII-LIVERI HEART (HUMAN) 22
eXperiliety1 (- 0o, 149.4719), [149.4719, +00) gene Human

gene for heterogeneous nuclear ribonucleoprotein

(hnRNP) core protein Al 23 T49703 (-, 342.1025),
[0171]] 34ThdR2Bobleme hreXol iR sHIZSeAThiDbhinRy BESEWthe BHIOH ERhtePdata set, of
_ (Pol yorchis penicillatus) 24 U03865 (-oo0, 76.865012, .
its 2,00pzeges 0nly 38yEle variraenes Ara Aisaretizsbingg é“&?lﬁﬂlé-"fhéle the femaining 1,965

receptor ' I - -
senessit a8 B Bl Rer SR EhEmitpurginitith HRhes nave
been VWed 44 99iviatoonesgRIEItINAM SNEXXHENE oA a 2BalUAShBAr of good
- (-co, 181.9562), [181.9562, +co) gene Human casein
diagnistitaigdichtoghedre gomRMaatedonpl ete cds 27 H89983 (- co,
200.727), [200.727, +o0) 3" UTR METALLOPAN- STI MULIN 1
(Hono sapiens) 28 T52003 (co, 180.0342), [ 180.0342,

[0172(’[C 0 FoBdiséfEfz 4o the AbHANGER 0Bt NDletien BERGTdENdE Mithithe format required
Rattus norvegicus) 29 R76254 127.1584), [127 1584
by the-utjlitges of MELE+OKATR chavicRoTloan Golime. R +dfanleys Rpiaad Pfleger, K.,

« 0 5627. . .065..27499 65. 2 .
MLCH & Rt auRE B o P B ATk SRR g4,
(1994?};’:}%&1))161@,“@% ¢4-8roafled Uatk3dt6 dia6@allyesyntdast8dal to the original data set. In

381, +co% gene Human nRNA ( KI AA0058) for ORF
g ¢

this egaoplkel we presesti thy disewgtipitiongesudis 1 seepyizioh gefes are selected and which

eenes 3 SHTSRY ABFAEGRY Rissd I Roreisn o nggy ge) MpOB o e re
“max @R ’%ﬂ%el?ﬁg Hiim{datdr) DEwRbEKpréd dd VNG from normal cells and
XYGENASE PRECURSOR

expression values from cancerous cells. The entropy-based discretization method can thus

automatically 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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(HUMAN); contains Alu repetitive el enent 34 L40992
(oo, 64.85062), [64.85062, +00) gene Honb sapi ens
W@ edoene2BEBP2aAl ) core-binding factor, runt dpeEBG2002/000190
al pha subunit 1 (CBFAl1) nRNA, 3' end of cds 35 H15662
in whikh 99 a§g 6ra[%g€_’c§')x ank 8R4usARA: thé’E&)nd%ry b eFobibpYiide dnllasound
nus us) ﬁ There is a total of 70 intervals.
bracke@\exdﬁdbsrtgébouﬂdaqrmlmbee 70 itens involved, where an
itemis a pair conprising a gene linked with an
interval. The 70 itens are indexed, as follows: the
first gene's two interval .86 ndexed as the 1St and

The 3%” es_L)Vgﬁ;h é}ﬁegg {i}SQDZ“Sl? GX the e}ﬁ\@%é}m)fsﬁa ﬁ%@*ﬁé@n’é&% than one interval.

| nf ervals as fh%—ﬁg-t—h—an"‘ 7ﬂf h ' ens- |||| S t ||dC/\ =S
List corﬁ?éfhl ent when readl ng and r i t| L ng emer gi ng patterns.
numbey mbe terval g . Nan

14~ 10131 'gfi_" M HUMAN)
g&?cr &t % a2 et &7di scgl\&/er %@Iisg[gigg%m (ESI\O/IWTH

ef fy -0, h 464 3’9%3 L:&or It E%@ sal QB RlcQJuE)Ent Hﬁttruncated
’ J EN@E%])&E%pigggéquong, %\ %and Li actnl—-bmgnglﬁ fei6) MA%omplete cds
4 M R{i30eh10f LRI Bh9)G442ab 1905-0S :3* DIrie C OYRANSACTINGTTRANSURIPTIONAL
di fferences,"” Proceedi ngs of the FPROTEINACM ShisiDExoster virus)
5 | ntxapnnsst I(@nasbs $305)f (895265052 +ON groW e Eigepidds SR der P! arothin (P1.h)
6  Datm2ddani (rg 2064896 1296.5690 99) ;3° UITR  J HLANILABH J HESROGHMRATIBILITY
Patterns to Construct Accurate andABTIGEN. BR(3) ALPHAC

Classifiers, Ph.D. Thesis, Depart RREEURSORGHapetagens)
7 Sciléa&s alrd 3%%[6@%#71}3@%9 @ﬁiﬂ%%ﬁép 5%1(34) regulatory subunit

I\/EI bourne, 15 Australi a: ' mplelyy
1 eyd de

O W 196%) (68 7}%5%1 ogenase 2 mMRNA
? J uﬁl&oﬁ?gg e(f”f’i’arz%7 §89gat g }ogrencl as%j:I1 %g&fmwnp pfemséﬁ £5) mRNA,
559¢. 26 16 b iBlsh 91 o b%ﬂs P otk PibRpHAT 28970 FIOMOLOG 2
0 gﬁ%’ ‘]( gﬁa r?bO[rﬁana rao, )Sy}gs ﬁ&accﬁromycéglﬁ&nbe)
11 Spaﬁﬁﬁﬁf doU'iPi&%ﬁl)e[ﬁﬁr&BﬁngaJ U@RHS AD%nﬁBosﬁLATIONFACTORuHomo
i ncrenmental nmai nt'enance al gorit hns spidiyoceedi ngs of
12t hersoeyENLLans &) [2esnay i onad® UTRONTYREOSINE-FROTEEC HINYSE RECEPTOR
Lear ni ng, 551-558, (2000)). The al gok-i PREGURSOR (Miss museulus)
13 " Jurgerig 24 1EEaIgi 1P BalL trey s UTR tmwwgcmpmhiném@z mRNA,
maxi mal |y frequent in one class of complee¢ds. e. this
14  casB4Her nak. 169. %‘%db’@ Obr+-ganceseprus t iLSSREQ A@&DC@J P&@EMBRANE
occur at all in the other class. AYQCEF ?EN@R@GTRSOR%PMAN)
15 EP M336RA; € 3%@1@%[3%%%% $’3Feeque Agj 1 g protein TAPA-1
tissues of th I tAgSet 19264
16 PCT?‘@@Q)O?T (%gi(ég) &a?ei"g ove}{ ed 83]1]%5@94 P% %{HfINDUCED

2,1 Q fr YRFTATION FACTOR 2

o g e oy s | R

18 [ 01844577 apl.ege B8 fek 8375 Sko) %%Qé t ed thyhaflRRSE R bRGN-REGPSAY-CoA-
of frequency of occurrence, for theaBaylak (ADP-HRkolysing)] ligase,
ti ssues and the 40 cancerous tissuesmplespictively, the

19 t OpR2B1EP(-S, BRUS5SY, [1ONFSERS. 3'IUTR e ddimat agayotic diitiation factor 2B-epsilon
shows the EP's. The nunbers in the qiNA4 emhd cdsf or

20 exalfpbE 16w B8198RMRISM8Li4r)t brae pat tEROTEN KBVASES SUBSTRATE, 80 KD
stand for the items di scussed and i TROTEEY HROVEGHAIN FEUMAN);

contains TARI repetitive element

[e0]
;7-

21 T51250 (-», 212.137), [212.137, +) 3’ UTR CYTOCHROME C OXIDASE
POLYPEPTIDE VII-LIVER/HEART
(HUMAN)

22 X12671 (-, 149.4719), [149.4719, +) gene Human gene for heterogeneous nuclear
ribonucleoprotein (hnRINP) core protein Al

23 T49703 (-,342.1025), [342.1025, +=) 3" UTR  60S ACIDIC RIBOSOMAL PROTEIN P1
(Polyorchis penicillatus)

24 V03865 (-, 76.86501), [76.86501, +=) gene Human adrenergic alpha-1b receptor protein

mRNA, complete cds
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Table E: 10 The top 20 EP's and the top 20 strong EP's
in the 22 normal tissues. Freq. in Freq. in Freq. in
wEeeroine Patterns Counts normal tissues tunorPCT/S628%/000190

Strong EP's Counts normal tissues { 2, 3, 6, 7, 13,

25 17x1836} (-2%590498) 4509493,6%) Fnd1. 820AY ORCOBENA HUMA)

26 2312851} (2018965691 1808661591 L7 2 Amaf caein Bpasd UdeltalifRNA, complete
33, 35} 20 90.91% 0% 1611 6 27.2%% { 2, 3, 7, 11,

27 17 H3@B3} (-2R000279 120098, {+70 } 3’6ITRy . MBRAYLOPANSTIMULIN (Homo sapiens)

28 17 TSZB3} (2013003401 #80084249 & UTR 2 70GAAT/BNHANCER BEDINGPROTEIN
17, 23 } 20 90.91% 0% 1661 6 27. 27APHA Rattugnorgegices) At

29 17 R7254} (-2012805%% H2H05%63) ) 36Ty, P GATION FACTOR 1-GAMMA (Homo

2,3,6,7,9,17,23} 20 . apiens)
MO MY R TR T -
3, 7. 33, 0. 91% 0% ( 58 B3 eweds
s 5 e b igthdgds Ao éo;;;:g?* 'ﬁ;ﬁ A5, gé&{ OF ovel
32 2 Rso® (L 65%7%43@5&65}2%19%, % 36%10% ¢rixB & PROEBNIRYS musculus)
33 1 37521 é-i; 96304 ’?64‘ 405, Bie 36% RITHIOL-GOYENE ALBHASMIDATING
{ 2,3, 6, 7, 9,731, 33 } 19 86. 36/0BUOKY4EENASO PRIGATRSOR

3 13.64% { 2, 6, 7, 39, 41, 45 } @ENEN)36MaDIAK rep&itive element
34 5914682} (3, d4X566Y06485862, B%) @ene7, AHomaldpidns (Gon8BEBBHA ) %pre-binding
59, 61, 63 } 3 13.64% { 2, 6, Ofact@5un3Ymaid kipha sEBmit 1 (CBFAL)
86.36% 0% { 59, 63, 70 } 3 13.64% mRNA 3’gudofgds 21, 23,

35 35 HI54Q 86, 88R0TH{9459052, 9, 36EIR 3GHETEMATE (Mus mugeulus)
2,3' 2,011, 23, 31} 19 86.36% 0% { 59, 63, 70 } 3
.64% { 2, 3,.6, 7, 13, 23, 6% 09
T RN R A N P Bl L
: . r .EP! i . S i .
e 4 SORBRERRL 1 B QUEADRSZ Mo s ard Bt/ oo
the firsN@hg| sngoRatetatsse Golentdastbe itibnd 2¥ stees, thertrgent’s sue sntervals as

Strong EP' s Counts no tissues.. 1 5 . .
the /BB Jp0 4 b ems. 09 10050 §976 = 58 nis3 41 weihb g CalbAd, foms. This
index ]IS4 cgnv!zgieétowﬂé}f/f’eading and writing emerging patterns. For example, the pattern {2}
represents { geners1s60@[101.3719, + 0)}.

[0176] Emerging patterns based on the discretized data were discovered using two efficient
border-based algorithms, BORDER-DIFF and JEP-PRODUCER (see, Dong, G. and Li, J., “Efficient
mining of emerging patterns: Discovering trends and differences,” Proceedings of the Fifth
ACM SIGKDD International Conference on Knowledge Discovery and Data Mining, 43-52,
(1999); Li, J., Mining Emerging Patterns to Construct Accurate and Efficient Classifiers, Ph.D.
Thesis, Department of Computer Science and Software Engineering, University of Melbourne,
Australia; Li, J., Dong, G., and Ramamohanarao, K., “Making use of the most expressive
jumping emerging patterns for classification,” Knowledge and Information Systems, 3:131-145,
(2001); and Li, J., Ramamohanarao, K., and Dong, G., “The space of jumping emerging patterns
and its incremental maintenance algorithms,” Proceedings of the 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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10

15

128,581 25 0% 62. 50% 1101 15 37.50% { 26, 52, 62, 64
} 25 0% 62.50% 1241 15 37.50% 126, 52, 68 1 25 0%
W(GZOOEKD%Z&B41 14 35.00%{ 16, 38, 58 } 24 0% 60PO0%$003600190
13 32.50% { 16, 42, 62 } 24 0%60.00%{ 1 } 13
the cance
were C@% % heboutr 236762, *%15?6%@0&8‘9‘3‘9% fregyingd s capcerous
tissues) Gver2@erived bly tR3e @igoEha0% { 24, 30 } 11 27 50% { 16,
38, 52, 68 } 23 0% 57.50% 130, 34) 11 27.50% { 16,
38, 52, 62 } 23 0% 57.50% 124, 301 11 27.50% 126, 52,

[0177 g4 %a@i;%{é’ {%c? ?k tof@ri%eoég&%%eﬂ}&@%éégg% fﬂegé&}cy%% o%cu?%n@e/ %or the 22
normad BsReYadd 4,404 ahcelbusdms @R Yespecti@ly, B top 80 ER22afistrong EP’s. In

55.00% 124, 341 9 22.50% 126, 38, 58 % 22_ 0% 55. 00% {
each case, colgnin bstpwssheAPls. Fhe ngmbprsap thppasismyober exampled 6y 5% and 62

i the $3189465952) a5 e B BB dhq iy itdipitpyer o,

[01781 Sone principal insights that can be deduced
fromthe enmerging patterns are summari zed as fol |l ows.
First, the border-based alld¥Ehmis guaranteed to

he. ondiegrngo iy uriTEe ReCABRbe BT Sin G pRharEy Pl

particularly for those that contain a relatively

| arge nunber of genes. For exanple although the
Freq. in

pattern {2, 3, 6, 7,Fagin 17, F83i conpines, 7 genes .
Emergmg,?ﬁﬂpm&r it Cptyglps anrlml tﬁ%ﬁie_té‘_nﬂlé!f— es s normal tissues
{2,3, eg@ng]y&i% n *he nor n#91%; ssue§% nane{| al nost every 31.82%

{2,3,M17188,36¢l | ' @ expresmioan val uedssati sfyp lal | of tiee 27.27%

{2331‘)&83%3325 19 inpli {BJW the 7 jy temst{h wever, ng 27.27%

ncefous cell satisfies all e condltlons
{2,3,Q048MA8 } t hat0 al | of S4H& pr opeM%sub- palltler ns of the 27.27%

(2.3, 931t1 orn }{2 % 6, 7.90l3% 17, 33 1 ncf4edi ng singleet ons 27.27%
the conbinations of six |t0%ms t. have a p 27 27%
nor e

{23, ﬁdﬂ“lé?aﬂre@fhency i P&t h of t I} and

{2,3, eamg:ewcws ti ssues. ThE%TEAns td¥at t heddd nust exiést at 2727%

t cell from of theggnormal, cancer ous 18%
{23Pe7a§ 1183, 54 ﬁg&b} { 9, & 18.18%

185U tisStying t condltlons i mpl i ed by any
(2,3, 6u-Padtler ns20f {2, 91§ 7, 19%17, {4P56Gk}. 504 18.18%
{2,3,6,17,33,35} 20 90.91% 0% {59,63} 4 18.18%
{2,6,7,13,39,41} 19 86.36% 0% {59,70} 4 18.18%
{2,3,6,7,13,41} 19 86.36% 0% {59,631} 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%
{2,6,7,39,41,45 } 19 86.36% 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% {59,61,63 } 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, 59, 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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WO 2004/ 019264 PCT/ S&002/ 000190 [0180] The frequency

of a singleton energing pattern such as 151 is not
woe@mensasi |y | arger than the frequency of an POESGR002000190

pattern that contains nore than one item for exanple

{16, 58, 62}, ThES;(Ne PAGENR {5} 1S anm EMErgiMy  Freg 1n
Emerg@bdu@hd | ncduhre Qﬁﬂ[ﬁﬁfsﬂié§ t i $&URSeM tdhro AP €AURREY  Oformal tissues.

{16,5822%% whi gb Ts abouwip 2.3 11 we8o% €SS (3ban the figequencyss oo

of t e patterp 116, 5 his indi cates
{26, 5% 62]/9 for ®he anal )P%‘is of g%ﬁﬁéxpr@ i on data groups4000%
{28,58% genes a&hd their 0%orrel attk60ts ar ¢ 1Dgtter and nore 37.50%

26,5 BRQGant jkhan singje genes.q,Q181] Wy thout thg 50%
{ |scret| zation method and the %lorder- gsed EP 37.50%

126,5%i%8d0very 24l gorith¥e it is629¥y hdPlilto di scWver 35.00%

{16,38303e relizabl e emerggi ng pat tegogs t hatzshave Iharge 32.50%
requenci es. Assum 9 10 t 65 ot her genes
{16’4grr6g?each %grtltl oned’ i nt o t%ﬁ%ﬁ) ﬁter& s as wel¥, then 32350%
{ 16,2¢6,I3er@ tar e 24c 2000 *0%2' possicbbe% pat t{ésrins havi ng a 32.50%

{ 16,4b 889t h of ,f. The enynmeration, 9(1‘@ % SUCh ¢g huge nupber of 4 50y
(26, zg atterns and the calcul ation of their frequencies is '

Padtical 1% inpossi® e at tHV80%i mel{2688A withll the 27.50%
{ 16, 3€liss et i zagi on et g, the Bakwe enqn_;er3at}| on of; 7C 35 27509

* 2 patterns is still too nS|v di scqvering
“6’3§+?§’66§_t terh {2, 3, Oé%, 7, 13%?@" 33} 24%P}can b 27.50%
{26,5a@9preci at €d that tH& probl edpé% everi 30340pre cdnpl ex 27.50%

26,3bp realityy when ity)s acknawhegged thal ysome gf the 50
{ d:}]SCOVGI‘ed EP's (not listed here) cont al}n nore th 72 0%

{16, 5gafds. [0282] Throddh the useO¥F thd Pvd tbor deld- based 25.00%

{16,58l599ri thnmez only those EP sspbose prepss) subsets are 2250%
emer gi,ng patter , are ver nterestingly,

(26,3 ?gé EP szgcan be r| ved ug?ﬁ‘gf ?qﬁ@‘ldl scovéred 22.50%

{32,58P"s. Genekal |y, ar proper S50¢er set{ 80f0 Ja di scBbvered 22.50%

{16, SEFggl}S al sgyan ener gigng patt &g gag, FOr {%@gpl e, u§i ng thezz.so%
S wth the count of 20 (shovvn in Table E), a ver

y
{222p<§ﬁ¢, emer®i ng pat t% n, {2, X390% 7{8910)11 ~ 139 17,  2250%

23, 29, 33, 35}, that consists of 12 genes, wth the
sane count of 20 can be derived. 25 [0183] Note that
[0178hnySahe priecipd indiglys gwt rarsbe dalucéd omithasmeging ]gattemg jareg

somnBe gl P B Pordee Bt iRl pootiesch dferos al the

emerdi€PpdiRehst he  whol e data well because every |tem of
data is covered by a pattern discovered by the system
5 [0184] In summary, the discovered energing patterns

tains .a small nunber, of 30 genes. Thi
101797 ¢ S 5e REfhe GireseiRe Pens 86 puroris Helycie g nepaufacy for those tha
0
conafl 80000 080 AL CANSEHLE kB SPER hou BiEn 12,0,.7.15, 17,
33} covhbinbs Agenes togpihreatiechn stiil hdve awn_sb]armtfr&qnenﬁy (9091@31(11381&: normal
t he_ conbi nat ion

interyals and the fr
tlssuea.w&eeeasmwgi%@aﬁﬁft %?’H%‘e%b%l Ysleg saiisty gl st%e.cetdmons

10 1mphépc%$/ t@éﬁ%&r&so %8)1 3 azeta Pg%g‘g@@c%é&% ‘yn@r séa.ﬁgtg’é pa%flg é%nsdluons Observe

that allsthetppopee s paaancofahs phttegat{ D03 & Ask3, 19, T einchuting singletons and

useful the
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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patterns are in predicting whether a newcell is
normal or cancerous. 5 [0186] As shown in Tables E and
wdaisei1ee4 t he frequency of the EP's is very | ap@ES@md2/000190
hence the groups of genes are good indicators for
I |
101805 SR B SHAOHE Emetdind PultaEih g oL itothBsarily larger
than thel fecjtendne-4aimeriag patiah itida towaths (ic@O@N one item, for example {16,
classification task. By LOOCV, the first instanc
58, 624 hd- hBchm@g@@s{ St ds ?Iu@ﬁﬁﬁgmgéﬁlt%@ g thecaneeropg F%SHE%W“gﬁéfeq“ency

of 32. %‘J}] v%lhlc e ea e, {%&%S@?@?Z{%@Jﬁ@q e%lgﬁomt «%?étﬂ:h{]gm 58, 62}.

This 11hd1§z¥t@ﬂﬁ@t tdircRa I artul s dﬂ‘g%n@ 2stenive, datd, gmupp@ﬁgeﬂ:ds end their
get an accuracy, given by the percent of the
correlativgs areclsstenpn oy i@posieridhen Single €gnest ed. [0187] In
this exanple, the two sub-data sets respectively
consi sted of the normal training tissues and the

[0181F ANGAHBHShE URCRRSdN BEUES and the boeder BatddHP acsvesyt dlgorithms, it is
predicts 57 of the 62 tissues. 15 Only three nornal

very hiaidstoubs o ed thosNZfehahi@] emgg}ng,mﬁ@rrwtbﬁ@aye largesfequengies sAssuming
o oS B8 PR OSTh HEgH 0150, DR
7Copnon 1? ?u{géssﬁ?@patgﬁr}sg&%aeﬁ %to? 72 ThE %Hﬁﬁleﬂlgﬂglfl BEsuch a huge number of

ature see, Fkurey,

patteng %rﬁf the Ehl@ﬁlatl(l)\h of t@élfrffﬁéqueﬂ&es iSpAp@¢HYiim .F&sze at this time. Even with

M', and Haussler, D., Suppor vect or
the dlmik!aﬂsn ﬁieﬂﬁﬁil fhe&ﬁﬂe@ﬂunﬁﬁnion afi’dal + D npaI[ermsalH st too expensive for
ti ssue sanples using microarray expression data,
dlscoﬁrmlgnﬁ@pami’m ()E, 3, 807,116, 903391 4; cag 260Ppieciaies!- tbatatbcsplfobbm is even

R e

| assified by the method presented
hme)%ereln g|%®%¥ﬁ¥$bﬁwthose m s-cl assified by the SVM

nmet hod, except for one (T33 was mis-classified by
Thus the perfor mance of the, classifi.cat

bot hg n
(018241 Rbipugh discie o Dechel 1ories Dot 1girithHr K 1o Ry whose proper

th t t
subsefs Are ggt Gear% gl[ng ]pgﬁém\g/ear%/ &g%&efé% Slﬁfef‘e%ﬁﬁ@?/y&g%rdﬁlhs gglgﬁ@&!i}?:nved using

the dilacdvefdd B® n%”@bne%r@lﬂy, @an ?ﬁfp@ﬂﬁl)ﬁetsbssﬁfedlsmted Ehistatsoran@merging
arge nunmpber of EP's fromthe nor or.c e
pattemy AjonP¥RIOR P,s@u@sthe ER o with Hagi qoumﬂﬁgs (WIE}ﬂ @ﬁ"r E}nat‘)ﬁs’ long
typ S I
emer%%l%ég rM, {%hef 6, T2 1.5 gfjfiéé %’H@‘.@EQ@ 33, 995 ¢itht QBndi i€ of B %ﬁg§ with the

fT5sUe ¢tan’contai n many
same%Qulﬁ\tﬂlzotcbﬁbédieﬂnked highly frequent EP's, fromthe
bot h cl asses of tissues. 52 WD 2004/019264
PCT/ SG2002/ 000190 [0189] Using the third nethod

resent ed. her f [ ;
orsf, SR 5 Y GRER2Y et ol b p PRk S BBiEEpgm fom ts ov
class NRif ne@dd @oﬁ{%ﬁo anyeiTes WOk vitet alsd. f Aedrdiaglgathe sysmers has learned the
tissues. Thus the result of classjfication. inproves

wholeatn vellreagiseRverydies eisdain issoyged by 2 RatendiigVered Prhe system.
classification results on the sane data set, our
nmet hod perfornms nuch better than a SVM met hod and a

(0184 USh ShhR@ryTetd\Bsbovered emerging patterns always contains a small number of
genes. This result not only allows users 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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Boundary EP's [0191] Alternatively, the CFS net hod
sel ected 23 features fromthe 2,000 original genes as
waobeiazgs t he nost inportant. Al of the 23 feBCTBE&02/000190

were partitioned into two intervals. [0192] A total of

371 boundary EP's was di scovered in the class of

normal cells, and 131 boundary EP' s in the cancerous
(0185 e/t (@ Sing paitards bivased &3pdrivatLir dassifEaton tisk o ssb he2useful the

patterns are ranked according to the nethod descri bed
patterisereinbdiodng wbathet bRV 8ok BROHBAILAYCEPSs are 15

presented in Table G Table G The top 10 ranked

boundary EP's in the nornmal class and in the cancerous

ml%f\lo %§sk@r\&fﬁ ihi T9bRE E arRorddieF thERegudne g of therERes @meu_;r ]’a@md hence
(% Cancer (% {2,6,7,11,21,23,31} 18 (81, 8%
the gr@ups (02 geuez apl gl indicaoys foselassifying wpw Hsues. At B, ufstlz&O tg3tfhe

useful{lezsg @2’ t;hegagimﬁ %yé;ﬂxcz &2 "‘gg’/svesé)ne{* %}%& %&05% @ aj@a’agn O0CV)

class1f}§1€1§1% 8% BY Ld@CV6 the7f1rst]1¥18taﬂ&, ot ¥ie 8Bti{suds ﬁ%lerﬁlﬁéa as B test
25 31} 18 (%2 6, 15, 23, 25, 311 18
instant8 ]méB@l@e rema{nmgé ILB),s@mg:@a;r@t[;atq (tsgtxalgmg ‘dota. {Repqatuggg!:hls@gocedure

from %\e gSS(t &3 Qh?%»i égh% g%r’f’cgg% ttéipésf%%leo ?z%:t %&%&%@a&?g&gx} by the

, SG2002/ 00
i

{14 32, 34} O 22 (55 0% {14,28,34} 0 21 (52.5% { 18,
[0187] "In tﬁls example ’ale two’sub-data sets respectively consisted of the normal training
tissues and the cancerous training tissues. The validation correctly predicts 57 of the 62 tissues.
Only three normal tissues (N1, N2, and N39) were wrongly classified as cancerous tissues, and
two cancerous tissues (T28 and T33) were wrongly classified as normal tissues. This result can
be compared with a result in the literature. Furey ez al. (see, Furey, T.S., Cristianini, N., Duffy,
N., Bednarski, D.W., Schummer, M., and Haussler, D., “Support vector machine classification
and validation of cancer tissue samples using microarray expression data,” Bioinformatics,
16:906-914, (2000)) mis-classified six tissues (T30, T33, T36, N8, N34, and N36), using 1,000
genes and a SVM approach. Interestingly all of the examples mis-classified by the method
presented herein differ from those mis-classified by the SVM method, except for one (T33 was
mis-classified by both). Thus the performance of the classification method presented herein is

better than the SVM method.

[0188] Itis to be stressed that the colon tumor data set is very compléx. Normally and
ideally, a test normal (or cancerous) tissue should contain a large number of EP’s from the
normal (or cancerous) training tissues, and a small number of EP’s from the other type of
tissues. However, based on the methods presénted 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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[0193] Unlike the ALL/ AML data, discussed in Exanple 3
herei nbel ow, in the colon tunor data set there are no
waemghe2genes that act as arbitrators to cl earPgr/$G2002/000190
separate norrmal and cancer cells. Instead, gene
r : 885 arbBdect]
(018991 Ogﬁﬁ%{h%‘{ﬁﬁi H{Hg eﬁ&%ﬁteﬁﬁ%f\%ﬁa’&of@h gg?ﬁ&ﬁ%ﬁ? 180 y
prediceslp Foufhdiynal beses trél/mh@ N2y armcloN3d)tweare :wrongle c Sﬁtlfled as cancerous
obvi ous to _ biol ogists and nedical dochﬁ; t hey
USﬂwméymﬁéh%ﬁﬁﬂ%PfQaWQW@QPnH@WPB?BW g Leome n%?@&ﬁ% ‘and
may have potential for finding new pat hways. P-spaces
10 [0194] It can be seen.that there are a total of ten
[0190}3 OUREREHnER thelttushifigatidhareqAr®nhhgiemst datosetjouremgodperforms
in the class of normal cells. Based on these
much qumdlaawa $PMmethoppgd & sHisteriag meseed-f ound i n whi ch t he
only nost specific elenment is Z =
12,6,7,9,11,15,21,23,25,31 1. By convexity, any
Boun®#pg@ts of Z that is also a superset of any one of the
ten boundary EP's has an occurrence of 18 in the

[019Thor Aﬁbmatiwdg tha GBS encihad selpsrasharfaatarey fepme thedi0erigipel genes as
t P tivel '
eine e S BEf SRR eSS by,

as shown in Table H Table H A P18-space in the

normal class of the colon data. Myst Ceneral and Most
[0192§Sp eAi tf)t'al: o IsbadndanyEiis was discovsradkin the eless ofmprigalzeelly, and 131

bound;lry @P’ng thezc}ian%?frfﬁsz (‘1%1% c?%& ué%lg-;lge%s 2% %%at&r}z% "}gel‘?{ﬁ é)f 802 patterns are
rankefl %c&rgm t@ﬁw%ﬁetﬁé& déBribetheréinatdve 2 $omé Iop AbkedBBduntidry EP’s are
1, 15,31} 18 ({2,6, 11, 15, 25, 31} 18 54 WO
prese804d VA9 64 PCT/SG2002/000190 {2, 6, 15, 23, 25, 311
18 {2,6, 15, 21, 25, 31} 18 {2, 6, 7, 9, 11, 15, 21,
23, 25, 31} 18 [0195] In Table H, the first 10 EP's
are the nost general el emepiyiegand the [ast one is the
nost specific element in the space. Al of the EP' s
Theaye10 femked heurmleruEP e iic theinoribalt diass @ndrig the cancerous class are listed.

Boundary EP’s Occurrence Occurrence
Normal (%) Cancer (%)
{2,6,7,11,21,23,31} 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%) 0
{2,6,7,9, 15,23, 31} 18 (81.8%) 0
{2,6,7,9,21, 23,31} 18 (81.8%) 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 (81.8%) 0
{14, 34,38} 0 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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and cancerous classes with frequencies 18 and 0O
respectively. 5 [0196] Fromthis P-space, it can be
waee@a/oized signi fi cant gene groups (boundary BRCERGT@AR000190
- be expanded by addi ng sone ot her genes w thout | oss

o (Bl wwgg kgance, namely st keeping |gﬂ Y A

1 one class but absehce in the other his may

be{]dgs%?’é?} inidentifying a méximml engt h 8? (54-5%)
bi @14@@3 gqu pathway. 10 [0I97] oSimTarl y, aﬂj‘g@g@p@ce

h& anund 1 n fhc\ cahcerous cl ass. he. st
CUATTOU UT UOY oT O~

ge E]ef%q 3‘EP in this space is Onl y { 14, 34, 2581°%hd

t helgessa}specific EP |s only § 14, 30, 34, 36(508&%) 40,

4 A4 —AS5—So—abotndaryEPecan—add-stx—nore—genes
wi t hout changing its occurrence. 15 Shadow Patterns
01

L) TRk the AP 1 SIS ML Qi UBRIERRIEM e celon tumor

data sei thete arewnp saugik genss tlatghous phittapom o clem&paﬂﬁajmal and cancer

Cells'Satterns can also be used to illustrate the poin

adp%p&mweg ceptragts betviga e o lasses. b rthqt,rﬁswel as being

C

novel URB SRy 19 ASp Rl FAUIGH iy TR RoL, o RRUBIRNN o

biologists rmd n(édmabdodtdrﬁ Thuﬁﬂlhy a3 QotchiidllpBedl nd® bidlbgicalBindtions and
38 134,381 &1} 55 WD 2004/ 019264 PCT/ SG2002/ 000190

may haye petenfglios HadipgpgW mF@yset , using the PCL nethod, a
better LOOCV error rate can be obtained than other
cl assification nmethods such as C4.5, Naive Bayes,

P-spd¢cedNN, and support vector machines. The result is
summari zed in Table K, in which the error rate is

101944,  ftcam by seap tbhfether&@w el of tppphaundqry Y saving the same highest

eI 14 D BTl PR e gt 35 o can o

foundsi@itwhich the only most specific element is 2=1{2,6,7,9,11,15,21,23,25,31}. 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
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Method Error Rate C4.5 20 NB 13 k-NN 28 SVM 24
PCL: k=5 13 k=6 12 k=7 10 k=8 10 k=9 10 k= 10 10
wWAaQop0M6e4 | n addition, P-spaces can be used fRPE€T/SG2002/000190
classification. For exanple, for the colon data set,
the rankgd boundary, 1lgP2§ ameser replaced by ke nost
specific lelenents’ of all P-spaces. 1h other words,
i nstead af extr et 6k, Bb,ulﬁdéﬂ}/ EP' s, |the mb8t speg¢ific
pl at eau BP-s_are—extract prAg—steps—of
appl yi ng |t hd2r&17: fethdas %I]r@%%i kgéiham ed. B§§
error rateof—onty six misciassifications 1S
obtai ned. This reduction is significant in conparison
[019515? Ih"ese |f the Host TAWIES Ko thxaiwel gndial Alefrienst arféethe last one is the
pression Data Set (for |eukema patients) [0201] A
most $pecikie wleanaid itaths space G\ LS, tha EPR havethhsame qscupence 1n both normal

and capEeTolgplpsset wilh riattidy LG RAERRRR Ry 3 15V W
A., 20 Bloonfield, C D., & Lander E. S., "Ml ecul ar
classification of cancer Cl ass discovery and clas

[0196]) r eBtfont tmm%pacgem ealehqatveee dliat ﬁlgmfmanbgqnﬁ@mups&b@w@l@ry EP’s) can be

+ 531-537, 9
cxpande by BIRS SUatPEe %%Pﬁﬁ PRBIPS Rt ﬁ%aé":? AeRFY, 3 eboine bigh
occurrocs‘?if:"%J é}be(ﬁxe%ﬁa@‘ﬁﬂﬁ SrsemB 15{\@«32(99&/0%159 2% %isRhay REREARHDRBAGing a

stic leukemia (AML), as shown in Table C,
maxnhmnderrgﬂlboﬁebm@dgld;al@nthwm are two nmain subtypes of
the | eukem a di sease.) This exanple utilized a blind
testing set of 20 ALL and 14 AM. sanples. The
[0197EI gguﬁ?eﬁ“?‘ EX’éOQ%dagﬂﬁé@e@Q%ﬁ% e QALY ClHSEE XThé ndod? general EP in
uman genes. This data is publicl
this spacaud aily ¢ 14t340 B8 pard ﬂmmcgeWnﬂlchP isianle {4, §PF34, 86, 38, 40, 41,44,
le 3.1. Patterns Derlvedf he kem a Data
45). Boobqunding e A OROR BHES "HPY. YRGEITENS LR
fromthe total of 7,129 features. The d| scretization
nmet hod partitions this feature into two intervals
Shadss Pagermscut point at 994. Then,

an

[0198] It is also straightforward to find shadow patterns. Table J reports a boundary EP,
shown as the first row, and its shadow patterns. These shadow patterns 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 EP 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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two boundary EP's, gene_zyxi n@-o00, 994) and
gene_zyxin @[994, +o0), having a 100% 10 occurrence
w0 poottlei2e4 hone cl ass, were discovered. [0203] PCT/SG2002/000190
Biologically, these two EP's indicate that, if the
X ' | i ' etrBPfate can be
10199 S FoF B Aol Xy it FEITREROIS bt BOGTDE chen
obtaintdian ©eldr classificationendivbdsciuals 8s C4PhNeive (Bayes, &N aansissupport vector

all 38 training sanples w thout a exceptions. |f
machiges SeaPR S SHPEEH gl VAR 18 WK FIrr o SEE Fyggpressed as the

absol Mﬁ&'“?@@'@*@%ﬁ?ﬂ@ scl assificati ons were obtai ned.

I's resu er than the accuracy of the system
reported in Golub et al., Science, 286:531-537,
(1999). [0204] Biological and technical noise
soneti nmes happen i n many sk in the experinental
rotocal.s that _pr t R fr, ach '
Confie S et hE B R dult G ElyRinoftf in [LOCTH BE cBOf data s
DNA arrays, the preparation of sanples, the extraction
of expression levels, and also fromthe inpurity or
mi scl assificati dethad ti ssues. To |SHEX RS t hese
possi bl e errors g cven where 1T — Tt TS5 suggest ed
to use more thafr éﬁe gene to strengthen the
classification pggihod,  as discugged hereinbel ow. 25
[ 0205] Four genes were found whoge entropy val ues are
significantly | &NNt han those of |&8 the other 7,127
features when p i.tioned by the %ﬂtropy-based
di screti zation od. These foUr genes, whose nane,
cut points, andpcgemingdexes are |lyi3sted in Table L
were selected for pattern discovery. Each feature in
Table L, is partitionedk#@to two |i¥ ervals using the
cut points in colum 2k— e itenw# dex indicates the
EP. 30 Table L The four®mdst disqgrim natory genes from
the 7,129 features. 57pWQ 2004/ Q1RR64
PCT/ SG2002/ 000190 Feature Cut Pagint Item Index Zyxin
994 1,2 Fah 1346 3,4 Fkst93 1419.5106, 6 Troponyosin
83.5 7, 8 [0206] A total of 6 bou ry EP's were
di scovered, 3 each int g R L and cl asses. Table
M presents the boundary EP S together wth their
occurrence and the percentage of the occurrence in
[0200] he nhdiligors; [PasacesTdae beefat fon chssifichiens Fooexampledor fhe colon data

the patterns refers to the 5 interval index in Tahle
set, the, rarﬂ%@h hougglary EP’s were replaced by the most specrffc e?ements of a?lbl:l’-spaces. In

other words, instead of extracting boundary EP’s, the most specific plateau EP’s are extracted.
The remaining steps of applying the PCL method are not changed. By LOOCYV, 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.,
Gaasenbeek, M., Mesirov, J. P., Coller, H., Loh, M. L., Downing, J., Caligiuri, M. A.,
Bloomfield, C. D., & Lander, E. S., “Molecular classifiéation 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 Ilymphoblastic leukemia (ALL) and 11 samples of acute

56



10

15

20

25

30

Three boundary EP's in the ALL class and three
boundary EP's in the AM. class. Boundary EP's
w@eoworesce in ALL (% OGCccurrence in AML (% BEI1/5G2002/000190
27(100% O {1} 27 (100% O 131 26 (96.3% O {2} 0 11
I idifth AVHD, 1k6le @ RiAMORALLnd BB hre
myeoé ﬁQo I'ca )5 Qﬁ% %é)m gs an elxarrg /Qsaysnt hat if > o
main idb@pexpﬁ’ ths $dubimid diEEER) iThid mmpldz hialived4lding t@nnigish‘re)f 20 ALL and
expression of Troponysin is |l ess than 83.5
14 AN Bt ST BiEhe L KB 3T S TS o8 6517

humax# Hé/n%ls V%gls'cﬂ 48 ﬁu@ SOk MbIERt RblFhe % dﬂﬁﬁ]é BEnfEidAdPR
sen ven on are very good~di agnosti c
i ndi cators for classifying ALL and AML. 15 [0208] A
P-space was al so di scovered based on the two boundary
Exampier 331 Puternys Ravéved from thiilgukapge D ce consists of five

0202 SRS TR odlsggegglqn 1y r%fl gehd 7o, tfoan it% thgaal 80139 featlires. The

dlscrebﬁ‘ﬁfontrﬁétﬁo@ﬁarﬁhbﬁ thiyataref kol tv@ciﬁﬂéwm@i c@ boirit at 4. Then,
class. 20 [0209] The accuracy of the PCL nethod

two bomdtaasElé’e, gepe i (v, 994) tand ghiee_anin@IY, tredthanipe 2 100%

| euk dat t (Glub et al., 1999
Occunﬁﬁfgg)’é‘)}h‘élfaﬁm}ﬁt% aﬁsg%f%{]@g?%’% e?(ellt (cr ogs- evalai dati on )

(LOOCV) on the colon data set. \Wen applied to the
| eukem a training data, the 58 WD 2004/ 019264
[0203PCTBRGRIGAYODe 00 'S mtb@&ﬁ@ﬂlas of theeapressiecel @yv@ml a sample cell

o lesig ) PRl Smdie AT i e OB Qi 01 e ctass
This ﬁlfé%ﬂ%nﬁ&t%& alP B8 Gl éaﬁqﬁes&@i@ﬁﬂt@ ahﬁeyt&bﬁt%sg fkhid ﬂlﬁhstabﬁhed to the

e Is ALL; otherwise, the sanpleis
34 bliad msnnlg seghples, amlytthmeemscslassxfio;ttlolnsewmgIOétmmde (This rsulpis better than

e RGBT L s BRSASS 4L,

of blind testing data, it resulted in sone
classification errors. To increase accuracy, it is
[0204] e aBinladita ahd tachricalomiseaddictines hhpmparie manReagey inttheiexperimental
at a al so

T AT R T e M
produgﬁ&( QPMIQI?%%?% shs f Eulaﬁéﬁ bPEampIBS, ARk xtideti dfofRRprBioh |I69vels and

oundar der d Tromthese four genes, atesting
also feont dfe inmphigityodr nﬂsvhss:ﬂuzaubmsﬁtlﬁsuesatT@ nsemme th@seapcvsedﬂe errors — even
This result is gne error |ess than the r 1%01 ai; (ta
wherebgnnor—lt is suggested to use more than one gene to streng en the classificafion method,

as discussed hereinbelow.

[0205] Four genes were found whose entropy values 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 are 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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10 using the Zyxin gene al one. Exanple 4: A second
CGene Expression Data Set (for subtypes of acute
wo geephobbastic | eukemia). [0210] This exanpl eP€E862082/000190
| arge coll ection of gene expression profiles obtained
fron1StFé§mgude Chi | dreefi'midresear ch hﬁﬁ@hﬁ@k (Yeoh A
“Expr eSulﬁﬂ profiTing gdrarric acute
I yrrphobizg%a c | eukemja " (ALL) bl asts a]t’ di agnosi s
accur at ghyy predi cts hashet he ri sk of| ¥ dl apse and of
developln% t herapy-irduced acute nyeI0|d | eukem a
(AML), "CBBenary tal k |at4198e Aneri car>Soci ety of
Hermat ol 2‘?3/ 43rd Annual83 eting, Ol a % Fl ori da,
(Decenb The~"data conpri ses’327 gene
expression proflles of acute |ynphoblastic | eukem a
ALL);
0200 e R A I S LSBT B BT arDAML classes.
Tableddpiresenis nige wuakdery ERSs tok2thieB withniesir oc'EhHexquemnddhapﬁrcem::lge of the
data were cleaned up so that (a) all with | ess
occurgghirgthe prhojeslpss. e et F@BF%\’&‘@H‘)W antalg?f? inthe Pﬁtfﬁ%??% to the
calls were replaced by 1; (c) all

1nterVYi IlHS)? 11}0£ "

ensi alues | ess than 100 were replaced by 1; (d)
aII intensity values nore than '45,000 were replaced
by 45,000; and (e) all genes_whose maxi nrum and m ni nrum
intensity 25 val ues di fferl ss than 100 were

r dprezdwundary EP’ sTingbe AR wless sad éhipe baysidary B o i1 the AML class.

contain all the known acute |ynphoblastic | eukem a

subtype amnﬁf_um a% }@fr?éngﬁ &Tﬁﬁtg%ai E%gcg%%ce in AML (%)
(prera|g?qg [0 llj‘qurqu%}ructu ed deci sigon
system has been used to classify these sanples, as

shown in {30 FIG 6. For79190%gn sanple, ruled are
applied firstly for classi whether it is a T-ALL
or a sa e of otjher s 9&9%%%’ it is cIasQ’fled as
T-ALL, then the prjocess |s(jern1nate . O hernyd t he
process i S ’noved tjo level 2 in the tyee to see whet her
the sanpl 8)can be | cl assifited as E2A; PBX1 0 (¥%%pf
the renmaining ot her subtypes. Wth sjmlar soni ng,
a 59 WO 204/ 0192644 PCT/ SGXD02/ 00019 decilé?%%5
process based on this tree can be term nated at | evel
6 where the sanple is determined to be either of

[OZO’HU bBjGlegidyide it BP 35, T as a3 expinple'saj IRST the é&@iﬂ%};loﬁ lof CST3 is less

npl es are divided into a "training set" of

215
than %Aalr?pi el the @xpressionof Troperyyig issless: thas3§ thepghig éﬁlﬁp@sls ALL with
100% qugxca%? d§8 N§ }%et ‘&PEA ﬁ‘[voﬁfed i Hgﬁoﬁ{?&a‘f@ﬁ?rsy dekiQed H#/ tHi&hethod of the

e ea alrs

presefitiséitfon H8 eerfytgbo@ d&@nbﬁi‘t&hdl@itotsl‘fer &1&@&3/111@28115 amthADE..
and ingredients are given in Table N. Table N 10 Six

pairs of training data sets and blind testing sets.
(020872 8- I3 A RE0$ diBYELheAS I @b BhE JosiitheyBFSI (8975 8d (1}, This
Py;-space consists of five plateau EP’s: {1}, {1, 7}, {1, 5}, {5, 7}, and {1, 5, 7}. .The most
specific plateau 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 LOOCV) on the colon data set. When applied to the leukemia training data, the
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size size T-ALL vs. OTHERS1 ={E2A-PBXl, TEL-AMI,
BCR- 28 vs 187 15 vs 97 OTHERS1 ABL, Hyperdi p>50,
WORWH/0OPHERS} E2A- PBXS vs. OTHERS2 = { TEL- AML1PCT/SG2002/000190
BCR ABL, 18 vs 169 9 vs 88 OIHERS2 Hyperdi p>50, ML,
CFS rhtEERR 18 ctdd <oty dndv Sene E‘gﬁﬁ&%hifh W B LRkized MRS Brals, thereby
52 vs 117 27 vs 61 “OTHERS3 M.L, OTHERS } BCR- ABL vs.
formifly kERGe mulé, Hxparsshbieds0 (‘if el leveDDRZREN 18 awsmpleds belpw 393, then the

HE = [
samp]gl'-s e o&;ﬂgr%iéﬁl;ﬁﬁg; Rgéw%?&%é%ﬁ&%%%gﬂgg;g%%y die rle, there is

r-di - 1 i .
I
appliddT6 HERSBbf bliCTBERGMata, HIEHERBSH samelclalsTTt4ERE brrotsa eiscrease

in Table N consist of npre than ong s es of ALL )
accuragypriieEpaseabletie e same adstifens! Seeonbecll ik fops Sqnge m the leukemia

data htgg%) lfll‘go bgé%aéﬂé?éc?edd'aé bein F@P% ﬁ'{&g\% loPAndi02hé 13%%_ -5HIEd Qi!s@%tization

erns are produce teps. ‘Int I rst step,

meth@l. SUBhE PCUahe BbundaheEPB Sleri thdsftomnhasa fourygeges) asesting error rate of
sel ected from anong the 12,558 genes in the trainin

two misqlassifi¢ations Wiseobjeinesh dllis egsult ey lgsa thas the resal BBtained by

. on the |l e d genes are produced. [0215] The
usmgg}r\??%xﬁ??gg%eségég%ene sel ection nethod was applied to the

gene expression profiles. It proved to be very

effective because nost of the 12,558 genes were ,
Examipifris secoas Geng Fapression Data 35 (ot syiiyres o6 Aty barhoplpstie
leukebs ful in the classification. The 10% selection rate

B? vides a 25 nmuch easier platformto derive inportant

[02107Ul &his XaMBId irel &ge ElicOBOIAL dene @Xpibsien profi obtaiseal from St
enes is s i1l tedious. Accordingly, the Chi-Squared =
Jude %mglremtﬂas@arew@smtasé‘;’min& Exloi ok, Eapipesionpenfding »f pediatric acute

PCT/ 002/ 00 Feat.ure sel ect j . .
tymps T S o) PR gy ey R By bath thg s pf rlapse
and of B&velldgi ﬁfeﬂaptyliﬁ&_ﬁ%ﬂ abite ARkl P HukEBAAAMD), TRPRh&rywhlkiat The

Artificial Intelligence, 338-391, (1995); Wtten,

H. ,
AmergantSpaiaky, of Elemavalogy #¥nd ArgruabMaeting SrlapgeHileréda, fReqenhgr 2001)).

The dafomnifiTees S27 SRl SRt g@%%f)aic% PRt R AR 1)

sampfe’! "[ﬁé@tgg@ﬁreg’ a&eslothaihi6 @by hebrRRAiohionAhd SFSnett DOSA GeneChip
(Hal I, rrel ati on-based feature sel ecti on machi ne

contairéng piobgs for PB5TS eofleesThe hyhsjstiration datagreroslepuadep so that (a) all genes

with Pegé t%gr? "‘Purc]:.al\fse\gvgrietrgplggedvt\)ayi lk;%)odll 1'?1%%1'& Qzﬁhes'\cl)efWA” calls were replaced
by 1; (c) all intensity values less than 100 were replaced by 1; (d) all intensity values more than
45,000 were replaced by 45,000; and (e) all genes whose maximum and minimum intensity
values differ by less than 100 were replaced by 1. These 327 gene expression profiles contain
all the known acute lymphoblastic leukemia subtypes, including T-cell (T-ALL), E2A-PBX1,
TEL-AML1, MLL, BCR-ABL, and hyperdiploid (Hyperdip>50).

[0211] A tree-structured decision system has been used to classify these samples, as shown in
FIG. 6. For a given sample, rules are applied firstly for classifying whether it is a T-ALL or a
sample of other 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 see whether the sample can be

classified as E2A-PBX1 or one of the remaining other subtypes. With similar reasoning, a
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Zeal and, (1998); Wtten & Frank, 2000) are used to
further narrow the search for the inportant genes. In
wao koog/os2edy, if the CFS nmethod returns a nunmbePCD$G2002/000190
genes not |larger than 20, then the CFS-selected genes
decisidl{ hﬁroéé%@ @ageﬁronGiﬁi% Itdeb BEn Beer@iRtd 40 G:vBP6 WhERSthe Cliligle M &dtermined
20 ranked 10 genes by the , nethod are used.
to be eﬁtﬁé?l:'kﬂ]subuypt Hiyperdigeiploe, simplyp€EVHERSype of EP's, called
junping "left-boundary" EP's, is discovered. G ven
two data sets D and D2, these EP's are required to
atppaf G Sof £115)safdpBdsrantifa@flind Fekting set”
[021213 %%%m&;fé%ﬁé@gﬂggﬂﬁg gr %ﬁgﬁﬁg%ﬂ %fnggtshser datzfl1 set is s
of 112aamples( il )lcoﬂﬁi'aﬁcé.ﬁ’lthﬂ:_"l@h@llt‘ ismecperry sufisthes sutglivde erh of the two

It is to be noted that | eft-houndary EP'.s are
sets infchgx pirs;of SEbEHS.oRe ‘Pra‘iaﬁﬂé ‘Pfga‘ilgﬁeci ﬁ%el %gaé’ldlm nts are
nost of the supersets of the junping
gwen{:uﬁbm%oundary EP's are EP' s unless they have zero
frequency in both D and D2. [0217] After selecting
and discretizing the nost discrimnatory genes, the
BORDER-DI FF 20 and the JE@PERRDUCER al gorit hms ( Doug

& Li, ACM SBa«pbDsofitraining dasmsgts @shplsiddasimessts.

Know edge Di scovery and Data M ning, San D| €90, 43-52
(1990) - |i M-ninpa—E

Nnor-olno DAt no o
T e grTTyg T utLUI TS L DLI u
R dafagets, g Terpdichys ent d assifi ers, ra"i"ﬁ & bt g set

1
||r\| vvoral s ~Ff Nl L\ SlZ

, iAcPrffL%@kﬁg (E’%tter hed a:ndbfl5 3
'" [gé ‘%

T AVEYTBCR B, T OPFRYE31TS Vs 88
£l @RERsPN 25 Machi ne Lear ni ng,

P RN 1 (2 000D THIERE (BeRABI OHMeRIpOYET EF5SvsHIDPM (118 61
PHPGERESEC datmﬁ,ejﬁIERSﬁs nost of the manipulation is
OB CORBHSE S, fmﬁlﬂwﬁ?ﬁom UEHNRAT 9 LClogNt . 6vs 55
Exanidse 4.2: Rules derived fromEP s [0218] This
SRELVHN 1 epor HeHRRMS -dHssues6OTEERS) f r om4 ko4t r ai fivsiEg
detmersbhe patterns can be 30 expanded to formrules
f BYpefipSH0 BOUI STHERS < {I®paaipd-®OxXpeesdp,on péofsiskes 032 vs 27
VATrHERES subt ypaedipfNomAdll . Rules for T-ALL vs., OTHERS

1: 61 WD 2004/019264 PCT/ SG2002/ 000190 [0219] For the
first palr of data sets

3 OTHERS ,
(02134t Foel GEFERSS SATERSRs ‘GARIRSHs T@@Rlﬁé” AEEss” anc
“OT JLs 1n-ﬁk5%le%%?ﬁ§%t'o% Hdr® hallBhb egh s tATN Féi’nﬁl@se as shown in

ression range o gene 1 nto t "Nt erva
theseép@col&ﬁﬁ%fﬁietaﬂé [ 15975. 6 +00). Using the EP
di scovery algorithnms, two EP's were derived: {
gene_38319 at@(-o00, 15975.6)1 and 5

e 319 a 15975.6, +00)}. The fornmer has a 100%
Em"i)?eéggh‘ﬁ‘gﬁeneﬁa e T-ALL class but a zero frequency in

[0214? h eTﬁEEﬁQ@lﬂg pliReR aré podueddianwbarpa Iethe fifstatgpenayall number of
T-ALL class, but a 100%frequenc§ in the OTHERS 1

the moi;tabs;mmn@tp@f genes argseleetod forpameny hail RSP geres 1P(§lgazt®e]mlng set. In
the Sef:ﬂ%(%step, errg81%§ pgtrgergg bg’s%g :(L)rgl -t-ﬁle seie%tedeg%ﬁest t!}@ Brc;d%%z(? 6

[0215] The entropy-based gene selection method was applied to the gene expression profiles.
It 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 (%%) method (Liu & Setiono, “Chi2:

60



10

15

20

25

30

10 this ALL sanple nust be a T-ALL; O herwise it nust
be a subtype in OTHERS 1. [0221] This sinple rule

wo egulos2es the 215 ALL sanples (28 T-ALL pl us BGTSG2002/000190

OTHERS 1) 15 without any exception. Rules for

Featulg%ﬁle E?ﬁ]'an\ﬂsdlgéi@% of B&Rlc émﬁfuﬁés"’SPr%k@&lz { SF e EEE 7™
or E2A-PBX1 vs. OTHERS2. The net hod ed one
Intemgﬁme:,l Coaps&ncaton Taals wkﬂsértg‘ialczlddl‘eﬂtgeﬂm,(33811\7639|1n&1Q9§h|V§1{t3n H, &
00, 10966) and [ 10966,

FranlcFo Bl ek Pracsob A pine aaoey! G e tegn i)
zmple%@%ﬁt&zﬁé@%g&?@&fn@ nnSS Mﬂte%oé%’ ti(ﬁ)@%%ﬁ%hé BoFelnioRbhsed

an respective arulefor these 187 ALL
FeatufoSabd@idn ((GlBSEﬁhéehBE)(G[alhl mrdﬁwiwwﬂﬁé@mmlednmmachme learning,

R e
Zealarﬁ,] 1t't tn] &ﬁ%ﬂl@% gsak@ﬁs)égg Lg’g‘lgir o tl%ehéegﬂ%cﬁsfor the important

genes! ﬁm&ﬂtﬁ@ iﬂlﬂé apsim&hed reflahaa aembe,r (bmnéﬁ:ﬁ)trmghnﬁian 20, then the

returned nore than 20 genes. So, the ,2 method wa
CFS-sglestedigeneseire 8sedior derping ARy eing Patieims e QUieryise lhfeiop 20 ranked

data sets. Table 0, Table P, Table

genes%ﬁgﬁgr?b@g&ﬁglwf t*°fhe nanes of the selected genes, °

their partitions, and an index to the intervals for

the four pairs of data sets respectively. As the index
[0216!52 mmwmmzemmvmmas (2] mpigg drédogndpy’ oER'S. is

dlSCOY%?'R/ gﬁ&gﬁ fwe ag'i%ég% dr?&s\gzi’ | ’%lga?%rsehﬁléecf }?n%{lﬁe{ the following

oo 85 eﬁ@“ﬂ*ﬂéﬁé’%ﬁ%ﬁgﬁ?ﬁﬁﬁ‘é2?2“‘*“??%52%5‘”’“ @ on

of theliﬂ';&olmgtsubqngs it KBd Ttin do bheotied et juroping defi-houndari BP 'srage the EP’s
|
with b e b et aese 1%, FRanR T of YRSl jumping

1eft-bfﬂir§i§§gl?13’% -a?%_%fé"s %162§f%1@§ ?f%ﬁ zzér% tﬁ@?&g%y il B3R 52N, D,.

114 1), [ 15114. 1 26083. 95), [26083. 95, +oo) 6,7,8

e MO T I T T

and H2RPPRODUGER. albrifidnslbong & Li, ACM SIGKDD International Conference on
Knowledge Discovery and Data Mining, San Diego, 43-52 (1999); Li, Mining Emerging

Patterns to Construct Accurate and Efficient Classifiers, Ph.D. Thesis, The University of
Melbourne, Australia, (2001); Li et al., “The Space of Jumping Emerging Patterns and Its
Incremental Maintenance Algorithms,” Proceedings of 1 7" International Conference on
Machine Learning, 552-558 (2000)) were used to discover EP’s from the processed data sets.

As most of the manipulation is of borders, these algorithms are very efficient.

Example 4.2: Rules derived from EP’s
[0218] This section reports the discovered EP’s from the training data. The patterns can be

expanded to form rules for distinguishing the gene expression profiles of various subtypes of
AlL.

Rules for T-ALL vs. OTHERS1:
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38578_at (-o0o0, 7788.95),[7788.95, +o00) 15,16 38203_at
(-00, 3721.3),[3721.3, +00) 17,18 35614 _at (-o00,
wO2BA/01BH4 [ 9930. 15, +00) 19,20 32224 _at (- 00, PCT/SG2002/000190
5740. 45), [ 5740. 45, +o00) 21,22 32730 _at (-oo0,
[0219286@)18@: f{;égﬁﬂ o@%ata%@@g T %&L%‘s 03 B6E& 12the(CIPPmethod selected only
35) 99.35, +00) 25,26 1077 _at (-oo0,
one g&i) 283 Bh pt, [aR AAVI0E Dnp o). Tﬁe dBcre8sBA md:th()d patitioned the
1070. 65 070. 65, +00) 29,30 3 t
expregq;qlsraglg) o% gE0g 5nto;ygg)ntgrya}§2(—o%é$§}5 & %p(d [38%’65 6, +0). Using the

38 B A ISRt 397501

{gene364:6../® (1[5965% -VOD) 19 113fe. 3er Ha® 2 360%FreqtOf)y i Th3B; MQL class but a
41814 at 6873. 85), [ 6873. 85, +c) 40, 41 4120
zero frequgncy g o RiSiosdassthe daster has gzero é@zg@catm t ec%ALL class, but a

o059 g s IR0, Bl LR e LR

fromthe data pair BCR ABL vs CWHERS4 GEne Nanmes
Intervals Index to Intervals 1637 atbé 5242.15),
[022015242. 116 the-egpyession oB3RHE_artis lesp 1an 139926, then 3402,

R T

20047 018B64viRCT/ SG2002/ 000190 33775 _s_at (-
1130.75), [1130.75, +00) 9,10 1636g_at (-o00, 11112.9),
[11112. 9, -+dopustberpsubsypsasOJEFRSG, 33488. 7),
[33488.7, +) 13,14 37600 at (-o00, 24168.95),
[ 24168. 95, +00) 15,16 37012 at (-co, 18127.7),
[022][8 183r%7s stmple rﬁlb)re%ﬂaté&he@ﬁg 29 Jakarkplen28 KA1, ;ABY 187 OTHERSI)
14137. 25 +00) 19,20 1326_at (-oo 3273.5
Wﬂm¥@zmﬁﬂﬁﬁpﬁmbo) 21,22 34362-at (-, 13254.9), [13254.9,
+00) 23,24 33150 at (-o00, +00) 25

Rules for E2A-PBX1 vs OTHERS2.

[0222] There is also a simple rule for E2A-PBX1 vs. OTHERS2. The method picked one
gene, 33355_at, and discretized it into two intervals: (—co, 10966) and [10966, +). Then
{gene_s3355_ @ (—0, 10966)} and {gene_33ss5_@[10966, +0)} were found to be EP’s with
100% frequency in E2A-PBX1 and OTHERS2 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 OTHERS?2.

Rules through Level 3 to Level 6.

[0224] For the remaining four pairs of data sets, the CFS method returned more than 20
genes. So, the x* 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 data sets respectively. As the index
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40051 _at (-o00, +00) 26 39061 at (-co,
33172 _at (-~, +o00) 28 37399 at (-o0,
w@ 200400094 30 40953 at (-o00, 2569.55), [2569. 5BCT/SGW)2/000190
31,32 330_s_at (-~, 6237.5), [6237.5, +co) 33,34
matCh-ﬁri%l@OQ&%@%p r%%le i ﬁger%g ?t@ﬁﬁl@ d¢ %6113 %oﬁvéﬁ?énlﬂ Rrehifl QA write

I nterval's | ndex

+00) 27
+00) 29 317-at

EP’s usifethw tldex. 34306_at 12080.7), [12080. 7, +oo) 1,2
40797_at 5331.15), [5331.15, +00) 3,4 33412 _at
(-,29321.15), [29321.15, +00) 5,6 39338 at (-oc,
5813.1), [5813.1, +0) 7,8 “at (-00, 10476.05),
[10476. 05, +00) 9,10 3219 (-,2605.6), [2605.86,

5  The©p)R0kbndsel AL thé x{msth%azl?osn TE1 -ARBA28. GQTHERS}. The intervals
13,14 " 36777_at (-co, 5873.9), +00) 15,16

5873. 9,
pro@m@ Py die qntropy 2BEH®@) qnd[th@g@eg to t!hg@t)temlsme 11gg<gglg:oéumns 2 and 3.

(-00, 23053.2), [23053.2, 24674.9), [24674.9, +00)
19,20, 21 38391 at (-00, 16251.65). [16251.65, +00)
&&mgﬁmmﬁ0763m&RM£ 3301. 5), [3301 3, +00) 24ydébio Intervals
1126 < af 00— RRR7 a)\ r ARG . J.{'\(\} 26 2" 34;21 &t
38g-a a3 57 397 /g hETG S +°"§o) 28,29 37809 |3 (- 00
D%0% 75), [[A703405,5) (6} S0, 855), 4BBT5ak) (- 40,454780)
A70N |l o Yov A
SO o o\o) )i T s—at
AT b g b ﬁ lgggigﬁigggdmg$ﬁ$%3§@§©8*‘100)%§§F36 37
sssvsmt (- 00|, (-832%.8)2394 BSPO.58 [5140D)-~B8. 39 64 MOIL
9264~ PCTt E@% """""""""" 0 B85 -C012.13.14
W ’i”é\ (G P OrITEs e e i e P 3
[ ﬁ@lﬂﬂ +00 (—‘21:277%395) 285198 =) 15,16
38203_at (=, 3721.3),[3721.3, +) 17,18
35614_at (=, 9930.15),[9930.15, +=) 19,20
32224 at (=, 5740.45),[5740.45, +) 21,22
32730 _at (o0, 2864.85),[2864.85, +) 23,24
35665_at (—0, 5699.35),[5699.35, +) 25,26
1077 _at (~o0, 22027.55),[22027.55, +=) 27,28
36524 _at (==, 1070.65),[1070.63, +) 29,30
34194 _ar (—=, 1375.85),[1375.85, +) 31,32
36937_a_at (~=, 13617.05),[13617.05, +) 33,34
36008_at (==, 11675.35),[11675.35, +=) 35,36
1299 at (—, 3647.7),[3647.7, 9136.35), [9136.35, +x) 37,38,39
41814 ar (—0, 6873.85),[6873.85, +=) 40,41
41200_at (=0, 11030.5),[11030.5, +=) 42.43
35238 at (—, 4774.85),[4774.85, 7720.4), [7720.4, +) 44.45.46

Table P

10 The top 20 genes selected by the #* method from the data pair BCR-ABL vs OTHERS4.

Gene Names Intervals Index to Intervals
1637_at (o0, 5242.15), [5242.15, +) 1,2
36650_at (~c0, 13402), [13402, -+-o0) 34
40196_at (-0, 2424.4), [2424.4, +) 5,6
1635_at (-0, 5279.3), [5279.3, +=) 7.8
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The top 20 genes selected by the .'f nmethod fromthe
data pair H erdi >50 vs OTHERS. Gene Nanes Intervals

wo pabe1ve4 | nterval s 36620_at 16113.1), (16113pdT/S62602/000190
1.2 37350_at 10351. 95), [10351.95, +) 3,4 171-at

B2 ltzﬁw?mé%) ['1@&975%!? 37677 at (-0, [41826.9),

[41Q7R a__ 4o at (-00 2068545

=T OO0 T O

[18%685. 45, -ﬁtfb)“]éz%[”é@?@?")at (-00, 15242, §)}L12
[dE42. 9, +QD>) 334381)2[33%7738_ﬁt 15517 2) [1=551742 +oo)

13.-14 4048 Fa¥o 45901 0!:\ ALQ a4

Bt (- 6‘”?@@85) PR 5% 1 00) hlh7N§8“’4] By
o0 10490, ©B)51} 10802795;--r00) 10,20 31492148 (oo,

1 7RR7 faY =AY

651+ 22—383t7—at
§8545) | 29%32‘)’8%55%133‘73%6* 3% _40998_at 11c3§’2%)
(51962 6, 4ue), 32B,526(3285688g_at (- co, 3340|352

F3340.55: T2 a8 TS0 At (=00, 3660-4) 5358660 4,
Y %9, 30 3641%&19 USRIT 88) [ 6mal s +cd)l a1 32
152@_@ at (|-(e0;+~10334. 05), [10334. 05, +00) 43534

SRR e _at *t“é#w 5y, (9821795, F00) 31,36 ¢&604_at
-co__ 1356 13569, 7, +nn\ 37,38 31863 (-0

vvvvv \ A=A

51989 a) | [ads‘?’%*r? +co) 39,40 5 [02251 After %
(H38RT /11 ZI Ng_Lhe) sel ected genes, Two groups czfs EP s

Ao
rere_di-scoviered -for each—of t+he—four pai+-S k?‘ dat-a

5%713%9 “’Tabl e (S°°§ﬁ6m5 t he nunmbers of the di scdvéred

PTergl Ng pg‘:(t_e,rma; The fourth coI um of Tahl3®@ S shows
vered—EP s TS Tgiat V(:‘Iy
e we u(; 23§o%shg%6$‘%%ﬁ%t ables in Tahle ﬁ3%’ bl e

B330Takl e V, | @nd2376DI[6230Wte) | i st the top 10 HP384

accordinmg—totherT—frequency. The frequency of (hese
top-10 EP's can reach 98.94% and nost of 10 them are
around 80% Even though a Tafle Ganked EP may not cover

—

an entire class of sanples, it dom nates the whol e
cl ass Thyhei 20 sisesdectedby th@ aémﬂmfganﬂ%wg §UJIERSS.
S5 AT U AN SN PR i e
h343b& it - bouh@aro®) 41208&Lover ed from the fouk2 pairs
Pho78RtLE STt 851.15), [5331.15, +) 34
33412_at (~,29321.15), [29321.15, +) 5,6
39338_at (—o, 5813.1), [5813.1, +) 7.8
2062_at (—, 10476.05), [10476.05, +) 9,10
32193_at (—,2605.6), [2605.6, +) 11,12
40518_at (—=0, 23228.2), [23228.2, +=) 13,14
36777_at (~=, 5873.9), [5873.9, +) 15,16
32207_at (=, 7238.8), [7238.8, +) 17,18
33859_at (=, 23053.2), [23053.2, 24674.9), [24674.9, +) 19,20,21
38391 _at (=, 16251.65), [16251.65, +) 22,23
40763_at (=, 3301.3), [3301.3, +) 24,25
1126_s_at (=, 6667.6), [6667.6, +) 26,27
34721_at (o, 8743.05), [8743.05, +) 28,29
37809_at (—e0, 2705.75), [2705.75, +) 30,31
34861_at (—, 4780), [4780, 5075.05), [5075.05, +) 32,33,34
38194_s_at (~=, 859.2), [859.2, 6860.6), [6860.6, +) 35,36,37
657_at (~=, 8829.8), [8829.8, +) 38,39
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the four pairs of data sets. Table S shows the numbers of the discovered emerging patterns.

WD 2004/ 019264 PCT/ SG2002/ 000190 Data set pair

D2) Nunber

of EP's in D Nunber

(D vs

of EP's in D2 Tot al
WA BEo4/0M284 vs OTHERS3 2178 943 3121 BCR- ABL vsPCIIBERS2000190
101 230 313 ML vs OTHERSS5 155 597 752 H erdi

>50 vs

QbbisRe 2213

(2%5821413715321T®£@ T Ten nost fred

and OTHERS?2 ~|l ncapna ED‘ S 0/ £

EP' s

ra-rHiaonen s

D

-A—t-he TEL

1O, T AoO9CJ.

f 18 {fu’eﬁ’c

Fg"°° zf}ﬁzlflr)gaﬁgﬁﬁy) % frequency in T

éE\A TGy /U

M1 in

OTHERS3 i n

TEL- AML1 I n OTBERS3

(2,331 92.31 0.00

{1,23,40} 0.00 88.89 {16,22,33) 90.38 0.00 117, 29)
0.00 88.89 {20,22,33} 88 T®IOR00 {1, 17, 40} 0.00

The80930 fénes 38lkct8H b ﬂld)xzﬁﬁet{xdd BodChe 218028 I @BrdifZD, vsABTHERS.

ranked emerging patterns can capture the nature of a class.

Table S

e Rdm&2 O} lQl@rvﬂlQB 17} .00 88 03 { 16 33, 43}Inc&2toﬁﬂervals
on 1. .22 (o) [oXo AT e faYa
1520, 1_ u LL \JU \J\JJ’ OZ.7UJ . \Y)
(35708 40 ﬁdg§§ji§W1FE-§@1 82.69 0.00 {7. 35#40}
0370_&87. 18 (1209353)95)8210@9 99.40D {9, 17, 40} .00 87.18
22 —36)—82; 90008718 S fabteU
en-frost fr eg 6&{99%?3{@499 75 e BCR- ABL _and QI HE%SA
c37a%ses. EP @”%?%@Qlﬁ@ﬁw %’)f requency EP's %%& equency
YaiAEGETCyY| 2068% 4 @Bl 3y OTHERSA TN BUH-AY3C
OIHFRS4 {2 7778 0.00 13 5_ 9} 00 95.37
(2098 77, 7@&@5@@ 913152@ 919} 0.00 95.37 14,11d2 34
%7820 00 [ @ i5317)905955,3% 14, 8, 22} 66.68,10. 00
[ 3 121 0.0 9537 16 341 66- 67000 Iu, 5 231 0 00
pW48055"an g Sl =8¢ BDL 11 17, 19} 0. 00 93,531
124183471 66. 6(2:»(13%) {[3840].900) 23 } O. OO 93.52 H{w28121
a6 670 n 1.0 2\ FaXal ﬁﬂ oW aVal
; Z 183 Z ] 0007 Uy
131’1]}3'% _ft O( @,Slb@ 9‘5) t‘1‘6490‘95 0% ) 19,20
31492_at (—=, 17667.05), [17667.05, +x) 21,22
38317 _at (-0, 4982.05), [4982.05, +=) 23,24
| 40998_at (o0, 11962.6), [11962.6, +=) 28,26
35688_g_at (~o0, 3340.55), [3340.55, +) 27,28
40903_at (=, 3660.4), [3660.4, +) 29,30
36489_at (—o0, 6841.95), [6841.95, +o0) 31,32
1520 _s_at (—e0, 10334.05), [10334.05, -+) 23,34
35939_s_at (—0, 9821.95), [9821.95, +) 31,36
38604_at (~o0, 13569.7), [13569.7, +0) 37,38
31863_at (—, 8057.7), [8057.7, +e<;) 39,40
After discretizing the selected genes, two groups of EP’s were discovered for each of

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-

Total number of left-boundary EP’s discovered from the four pairs of data sets.
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[12,341 66.67 0.00 {5, 111 0.00 93.52 Table V Ten

nost frequent EP's in the ML and OTBERSS cl asses.
WER0g/084264 equency in % frequency in EP' s % fr eRpCEHG3002/000190

% frequency in ML OTHERSS MLL OTHERSS {2, 14} 85.71
DpiBsel sair (B4% DB O] NiBabedof EBE inlBl L [ Nunder PEPPi{D, 4200taB81
DTEOAR® 1 SloTRsYO #0947 019264 PGRASG2002/ 000190 | 12,
Q@RMngoﬁnﬁiM{ 2W10128, 42} 0.00 86.81 { 14, 161 x4%. 29

301 (16, 171 64296665
1 361 64.29 %’ 00
{ 143361

00
71\%5?’5}@%‘%6 81 0%0 {24. 26, 42
D Bym3iHip>10dys @THERS 2922@3 00 (7,15, 2412168 00 96. 81
64.29 0.00 115, 24, 26} 0.00 96.81 {8, 361 57.14 0.00
{15, 24,28} 0.00 96.81 {2,31} 57.14 0.00 {7, 24, 42}
0.00 96.81 Table WTen ro&elefequent EP's in the H
er di >SDenanost (EHERS BN sigstbs TEEPAMI 0o @EHERSS dlasses
EPequency%ifieqieiRys Yoffe@eguencyER’N % f r éfdrequency H % frekjuency
>50 OTHERBTHLgWMHil >BQTHERSGTHERS { 14, in ZHH-ARE.157in QTHBRS3
{238, 17,9281 0.00 7% 85 {2,| 023,441 7043 0.00 F#)
TR0 I8 (12 S8 AT O OGS, 15T g

14} 71 43 0.00 {1 00 76,92 { 12 14
P122%63B1058%#600 [ 15, 8L 0. 00 [76: G290l 1500 14 161868, 05
T5,9%, [ 3, Lhels40. OO 760&)2 {2, B, 949 69 @(‘;’0 0. OO {1@0317

311 0. 00 75 00 221 g0l Q5

o] O J

J.l,

78 5o 1431 24} 5% b, 00

?i’slgi 7‘?107(’0 00 75. ’f?d’n >

(233,20, AP 66. 67 QMO {15,

9P, B}00 ¥& 00 5 [ 02/28]

gd 33 H 52)69' ati+on b) —frow-to Lgl et dll:‘ EP-s $7I11I8U
,-%21 es, } onsider the Tirst EP ? % AM 1 _cl ass
i{2,86), {2 83® }. Accoflling to t7h’é3 i4fﬁdex0 h Tabl e 18t he
134, 'Eﬁ 2RIkt 1TSS EPg a0 {9,17,40}  0.00 87.18
(22, 36) 82.69 0.00 {1,9,29} 0.00 87.18
Table U
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 {3,5,9} 0.00 95.37
{8, 12} 77.78 0.00 {3,9,19} 0.00 95.37
{4, 8,34} 66.67 0.00 {3, 15} 0.00 9537
{4,8,22} 66.67 0.00 {3,13} 0.00 95.37
{6, 34} 66.67 0.00 {3, 5,23} 0.00 93.52
{8,24} 66.67 0.00 {11,17,19} 0.00 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 93.52
{12, 34} 66.67 0.00 {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 MILL OTHERSS
{2,14} 85.71 0.00 {5,24} 0.00 98.94
{12, 14} 71.43 0.00 {5, 22,38} 0.00 96.81
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15

mat ches the right interval of the gene 38652 at, and

stands for the condition that: the expression of
wQ@®3A1|s4 i s | arger than or equal to 8,997. 35. PCT/SG2002/000190

Simlarly, the nunber 33 matches the left interval of

"‘;j‘@@} gene gpE37_s_at poand st arpqm ﬁs;mz}t he omondl ti onothat

he QVI’\FQQQI on of 26027 S—adt

{1f316é17 0564%ereforgo9he pattgf‘}l%g‘lﬁﬁI 331)0 uIa{ns tha 81
{82113 1% obs.bdhe TEL- ARl cl ag$5,(48} out ofoot he 52 96.81

WWFW p—econd abo btt—"o
{ ingl e sanpie from HERS3 <a@4g Pze}s bgg)ﬁ of thesgg81

~}

M:@hdi ti on$42%ccor di @@Dy, in fH{7.9534ke, &O@hol e cl X681

C be—f cover Uy d ST er the to
POl Thelh Lp < ar & Pne rul g8 YRS hre osired 15

——

{}.0927] An57-#por t ant %98t hodol 9d¥5- 26 2Ekst H%e 96.81
{f @” abi [T5¥14)T the RS T.Q7 Q@pﬂzy T hemot O 96.81
previ ously unseen sanples (i —blind testing

sanples) In this exanple 112 blind testing sanples
were previously reserved. ry of the testing
LD

resultzls asfollo& 67 /992 s
' I I v'fr'e:r?ff ne ‘7 frgquenc; equency |
Eaml es ar% E‘g‘?‘g%g‘t l,g ; &S,\z?.te%) Bs T ALIJ; ar {SH’e %"‘%THERS
{ [ 29] Atl evel ;O‘Oé(]l t he 9{1E£ZLEF%X1 sanpl es are 85

conr gty predi ct ed @8 E2A- PEXT; 13 | t he)0088 OTHER3E92

at orT t:L,LI redictE OTHE i UAdUJ
{l evel35?3 t’}g g %67) sanpl {’5 ES?P n Q:??;éqm fied 6%

{deéndi ng Br3t he nun‘b@r of EPf1515hsed. Busing a 7692
Faaas nudm)gr EP"S 0 §d1€ erTof (5B decrgmsed. 10 7692

0231] e_LuJ_e_mas_dJ% at—each—of levels and

2. 145 her@%as no aMl guity § b 1di ng t4%e two 7R
{lzysj @45} I—b\r@\osr a IamgB nunber{16f17E3?1'}s WE00e found_ as.o0o0

{34\3%}5,“ ng és?é)ﬁpl e my gont ain ng?’clgh{ y EP'S fromits 0

gonicdpss, 6axat al so 0.€P' s fromistd, Wount@¥Ppart cl ass.00

Wl e pregygtions, {1i5, Jo5 T EaS@EAbI & 0 Uggp
1tipfe 15 highly frequent FP's’af the "home" class

to avoi d t he conf usi ng signals from counter part EP' s.
net hod

.0,
[022%2352»] ah TSR oA GoU S BHHESP IO § 1P TS e BEABLED of the
TEI_,-%MLFJ LBss, 59,08, 188ed) cchadifd @R index TMPhSle B, thd IBAR in this EP

resu i't’can be seen that nultiple highly frequent
matcheR the ﬁght imeltal pf thesgene A3652207, aud staidsdan tlprcoudlden ghat: the expression

O I N A T T G N

. [P
1nter\5%gggp§9é_égggg9§7 S at ﬁlllezsfté?ruféﬂ% I&éﬁgﬁ b%}ghmhﬁt’ﬁe %fq?ressmn of 36937_s_at

is les® %aﬁ&B%lUQEA Thesifog thépattend 42,1381 nodanyéwh 928 1%I of theTREL-AML1

i can Soci et f Hematol o nual Meeti
class 500t G gher 36 FEBe RS s OonEbogs HSBH. 1 oS spple from
OTH?(%?&?S%@%/@ b ofthéohYitiBhd. e&Lcrlifigh! BAhS &) 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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Error rate, x : y, means that x nunber of sanples in
the right-side class are msclassified, and y nunber
we@boogambes in the |left-side class m sclassifiBC/SG2002/000190
Testing Data Error rate when varing k 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 3:0 2:0 2:0 2:0 2:0 2:0 ML vs OTHERSS 1:0
[0228D: OAOLe@ellL, @ll Ghd1 DTALHypeplds pe50rmvcly@iklERSdes T-ALN; 4l the 97
:1 0:1.0: 68 WO 2004/ 9 / SG2002/ 000190
OTH%%WH %P@ﬁﬁ%%lymyw?te %ég iction [0233] A
BCR- ABL test sanple contained alnost all of the top 20
BCR- ABL di scrimnators. So, a score of 19.6 was
[0229?8 sAgked 2,allithe 9 Ee)AelP]aXl sppl2O are@OHERS) predicted as E2A-PBX1; all the
di scrimnators, together with sone beyond the top-20
88 OTHERS2veamepley s cenpetlyi medicted 28 TEERSE. sanple. So,
anot her score of 6.97 5 was assigned. This test sanple
did not contain any discrimnators of E2A- PBX1,
[02301Y PESAER199 to 6 08nly 4 AL sampRes 4r8 énistsERdadEeasing oh lewsumber of
In Table Y. Table Y Subt BCR- E2A- Hyperdip T-ALL
EP’s ygell. BEUSINgPHERSer mmbepﬁk_yt seErmyrate degreasedg. 63 0. 00
0.00 0.00 0.71 2.96 6.97 10 [0234] Therefore, this
BCR- ABL sanple was correctly predicted as BCR-ABL with

[0231Y€er Mne Rligvas antbASEE R caly of IBIls TRhAQdso BBleyw4s dotanSbiguity in using
m scl assifications were nade for the total 112

these twes tilesg Hewmpleas latg@mumey@ﬁq@P & Werefaung at thegsmaipigdoegls of the

tree. %Cgfddﬂé§ '\éni\c‘ézsdptggqr}gvs Nll\é Ay F(}Pﬁ?lg\}lgﬁg%yﬁ g Prgm 1g‘s own class, but also

EP’s frbRSA cﬁ)hﬁt@ﬁiaﬁrb"lask Q%iﬁzlke%ha{b%/]ﬁje&lcﬂmﬁd‘ 6 i€ reaBbHaPleaBRise multiple
gene was used for the classification and prediction.

highlyTiiequentER oroé theo' §wints” elass torvwidieisonBisingrrignalsfran soyerpart EP’s.

Thus, (i BefhoA B e ngliES WHEGHS RS Obe pr esent , mor e ¢ han

one gene may be used to strengt hen the system 20
[ 0236] The previously selected one gene 38319 at at '
[0232] ev&he festings acuraeytwhep wagingdk, wieemnrhberiof rulpatot hetusohdslshoyvn in

e B B 2P i S S g bt ATl s

rules)@n gglg% -ctﬁ 8 g&t bB¥d ph\GerfilBihRdiofaIIR1BEECIVRM K& 20,25, and 30, a

total of 4 misclassifications was made. The id’s of the four testing samples are: 94-0359-U95A,
89-0142-U95A, 91-0697-U95A, and 96-0379-U95A, using the notation of Yeoh et al., 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 number of samples in the right-side class are misclassified, and y
number of samples 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 3:0 2:0 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 0:1 0:1 0:1 0:1 0:1 0:1
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ALL and OTHERS 1 testing sanples. Fromthis, 96 EP s
and 146 EP's were discovered in the 25 T-ALL cl ass,
wa@anw4om2ehe OTHERS 1 cl ass, respectively. Usi neCT/6€2002/000190
predi ction nethod, the sanme perfect accuracy 100% on
Geneﬁzb?atkyn'tﬂ%ﬁlﬁsttl&ﬁ%réﬁ%nes was achi eved as when the
single gene was “used. [0237] At level 2 there are a
[0233] ot AIB@R-ABN eesyemesle vdritained almost@hl of @nttmp)@(y B@ReABL discriminators.

partitjoned b 3Q the di scretl The
S0, a eafal 166 Wﬁ%a%iapég HesSeugta- on ﬁﬂ?{ dla‘fﬂmél@%%%é?gethef with
/ 6 qat

some g%rgggtg@&fi'@]igs%t@vﬁ:g ] %‘4 %89@& 1?12[9%53?812 Sétéélréoasg ﬁn(ﬁﬁ@ score of 6.97

was astired! @tisne sgepk. didnbt ahtdinany dissimipetves oBE2A-PBX 1, Hyperdip>50,
Joartltloned into two intervals with the foll ow ng cut

or T-Aleh-nPQ theescpess graas fpllowsan Tablegs, 34, 313. 9, 10, 966,

25,842. 15, and 4,068.7. As the entropy is zero, there

are five EP's in the E2A-PBX1 class and in the

OTHERS2 cl ass W|th 100%fr@gtﬂgq;cy USI ng the PCL 5

SubtyEI cué??rgkzlc;r:rlwﬁﬁy cl 1@1’%&1& \7\?1‘6‘ ut a‘ mkgtarj%gls,,el OTHERS

oncq ggpi n abppRyi ng |pgpf ect |100% accbracy. Conperjison

with Gher Methods: [10238] 1n Tahle Zlthe predictiaon
ScoreaccyrioB i s cOMPar ed |RiGth t hel @B ur acy0dadhi eved?Qﬁ/ 6.97
J—Ni | 104 5—NB——= Ae—SviVdis G t+hesafre—setleeted

genes and the sane training and testing sanples. The

[0234@40'-?1&%};&)29 qg@ ‘ﬁ%{&‘}&?ﬁr 0, é%@%&&éd &%&f%d By BCR- %BfU@l'ﬂE very

fromk-NN s 7,
high conéidénce3 (B’/ﬁ)thrsomtﬁt‘sd/lcmlﬁ fo 8 ﬂmﬂassﬂﬁea‘t{mﬂ iveeé ntade fdrrtbaitotal 112

point. of view, this error uctio benef i
testmga%melﬁf when gaying k remzgp &5 Z e, @ﬁ?@%&ﬁﬁrﬁ B} made 27,

J,\g}li, 4.5, NB, and SVMon the testing
262%%{%&%%@%%&&{& rror rate of different nodels

k-NN C4.5 SYM NB Qurs (k = 20,25,30) T-ALL vs OTHERS
10:00:120:00:00:0 E2A-PBXI vs OTHERS2 0:0 0:0 0:0
Imprqyemeptsdo Classifigfion:yvs OTHERS3 0:2 1:1 0:1 0:1 1: 0

[OZZS%TCR '%‘Eekggsslog@’_%%iﬁb% ?18961;’ BQed}l%)gtéhr% (fl as %Etlc\(r?@ﬂ_}igﬁgction. To

overcBing pds€ible eZrofk such ad hurhod drorElif ﬁHcSrdanld?atﬁ, d rdachi2 28dorsAsy the
di scussed earlier, an obvious advantage of the PCL
DNAmhinsdhatgosty @ons bugvhighmay be Regspat, mos thas 9a¢ Sefeunasbriused to

stren%ﬁént%gl gst%gﬂgmz and rul es can be derived. Those

[0236] The previously selected one gene 38319_ar 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 +* 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 OTHERS1 class, respectively. Using the prediction method, the same
perfect accuracy 100% on the blind testing samples was achieved as when the single gene was

used.

[0237] Atlevel 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_at, 1287 _at, 33355_at,
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20 can provide novel insight into the correlation and
interaction of the genes and can hel p understand the
wae200ploered n greater detail than can a nere PCT/SG2002/000190
classification. Although C4.5 can generate simlar
411464, Giid 39663 oz SQBRhABS3 58 1 & i p?é\dblysl;( S1&bted GHe de¥. eAu of the
6), Its rul/es ‘are not very reliable. 25 Assessing the
five gtlss ané pdrtidonbdin@awadniesvalsAitNheX0 T w6 points reSpectlvely

30,245 051 Hostt T 0N, S58ES LR cAle Benb e BEoBE B el e e five EP's
in theﬁk?\ ?Emf&&? Elﬁ@ t@g%ﬁ*ﬁRﬁ‘%ﬁsé\k}ﬁmOE)%ﬁ qugl?cys Q'Js%?g &€ PCL

gene, genes, are very use I'n the PCL
pred1¢1foﬁdndthd>d} Iallrtm ﬂ&@tﬁhg sampddst (ar leatli2) avesayortatly etigsifiedhwithout any
quality of the selected genes is possible, however.
mlStakaﬁ pnfieqgaimsishicyng peefect 190V #cPfas¥ence i f 20 genes or 1
gene is randomy 5 picked fromthe training data, is
i nvestigated. [0241] The procedure is: (a) randomy
Compek&rvith ehgaeviethads:| evel 1 and | evel 2, and randon1y
sel ect 20 genes at each of the four renmining | eve
[0238] ) ME@IMM!WdI@HM\laCC@m%Iﬁ CQIHBZFTPd witbdhe acoprasy atﬂﬁéved by &-NN,

C4.5 (Xﬁl? agﬁ%\ﬁ\grﬁg At setfe&k nes @Hjﬁhggémé trin ﬂ{ggénﬁ)tesgﬂg samples.

The FEIN@EhSH aédm‘z&d ﬁh% ml[sélaékﬁicaﬂiabd lsy PATSHoMSC4.58 141 by Hadfrom NB’s 8,
maxi nrum and avera e accuracy over the 100

by 438x fyemi kI %7 de gﬂﬁ‘om- ¥o.l. dppdhe medical tiratment point of
view AR RGRL T Bl BRg byl s 2l so L1 sted. By

trivially predicted as the bi gger class if 15 two
unbal anced cl asses of data are given. The foll ow ng
two inportant facts beconeTaplp&ent. First, all of
Etrdreatay esrapaisan of pacimethod mathieNOWwCdr 5,0 ,\and S\G¥itonythe testing data.

BRANEDLfAei r dummy accur aci es. ErrSeranok diffetendinotidle
average accur aci es are_si ﬂnl fic st 90

antly (at least
bel ow the accuraci es ﬁﬁ%ed(yb% t RYMel edfbd doweék =PAES5.30)

1 I~ 1T TTAUTI I CI U LTl elie
’Jg'éllgrt %‘Fﬁi‘?@?iﬁw vvor(zgd ef ctlv F{/ vvlt%hddt he 0:0
B APRsIOTRERSYS. F@at ur eppel ecpien meihods are 0:0
i mportant 20 prelimnary steps before reliable and

BRlcAMLE vpPIHERSDN nddel s &de esPabl i sifeld.  Tabl elfA

BEb AL LTSS ool 48" ovef ™ LT s vl 6 | Dy
e, B PaBRs? 69.3 9098 89.8:155. 1p:0rest igng Accur acg{o”)

by SYMmn 82.1 90.7 40.9 72.6 76.4 49.0 max 90.2
BppegdipS5@vOOTHERB. 2 @3. 9 2Wer ag8:36. 6 0. 8 73. 350:1

Q/I’)')anc_lo

Total Brrors T 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 into 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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Testing Accuracy(% by k-NN mn 74.1 78.4 46.6 88.7
69.1 38.8 nmax 93.8 92.8 89.8 90.3 96.36 81.6 average
W®@2007/08264 66.5 90.3 84.2 60.2 71 WO 2004/ 019P6GHSG2002/000190
PCT/ S&G2002/ 000190 [0243] It is also possible to
[0240F OMIER cHrh? 2AG SMhAGMtibH toliBEntEY ki mddt iﬁ?b@aﬂengtaﬁt:slﬁs 55h made.
genes Is applied to the prediction nethods.
The efpepiandnted n¢salts haswhbwnshahe sedctadiep gemre ot Wipakt gepes, are very useful

i tne A g SR A S NG bRt S0 senes i
possilﬁg’,’ho%ve@?,ﬁ 1166 c4Be SBE 88& i dy<RrtRA% iPP0BResRIri1Nné BShhdEnly
sanpl es. ese results ar 5 much worse than the
picke@fronrthe abiddngdats is ihvedigasdd 13 if the reduced data are
applied respectively to SVM k-NN, NB, and C4.5.
Accordi ngly, gene selection nethods are inportant for
SUARL bRBLAG. iol B Gt @ 2, and randoml
024155 TR0 SR BID S L O RIBL S ahRAAL 3 o oty
select@BvAésag @ac ofthi Fourirghainib@ levstyy (lb)ayin &M ead %-NN, obtain their

interpretation, especially when appliedt | assifyin
accurgpy e tgms@@gsmpleqo@fcﬁaplp teyel; ppe ) reseb@) 6‘1‘1[? %PS |a31“aéfe% timtes, and
col | ection. of | es, the nethod accurately
calcul@%aasv 1iﬂaig|eSe"(‘t‘f“ia(@)ﬁ’tpéléil-s%ast,i%‘squ'-types and achi eved error rates
considerably less than the C4.5,' NB, SVM and k- NN

met hods. The test was perforned by reserving roughly
[02423/ 3Talle e shiysethe srnimpwER.MBYOEAY 2R aVerpgeagrwanyover fie 100

for .bli est | n fact.. il ' Q f ol e
cxpeBig SR LAY 0BG iz (Y QYR e o
listedY Byl tHaQiAmylcpskifien allfestingahmbleg atbakitiallgpreticredad the bigger class if

Table BB. Table BB 10-fold cross validation results
two uphaletped classesiof datgare giverp 1 Eherollowingiveosimportang fapts §egompeyapparent.

First, %gro%ﬁ}e;a%%{%sgg% %%éés%? b&%:\?vfﬂ% Lo%@,sél%ﬁﬁ'{é%go\%tﬁuﬁ E@@%yg?é%ﬁracies.

Secorfdt, 911 OF fhe Mefdee AradictArdBghifiéentDT(aEREs 906)belovl tHe: ddcitadles based
0:0, 0:0, O:g TEL-AM.1 vs OTHERS3 1:4 3:5 0:4 0: 7.

on thd secledigedes TBORETARNCY sangErERSNb 6 Thersiore, thq genepelection method
1:0,.1:.0,.1:Q L vs OTHERSS, 2::0 3:10.0.. : .

workefl 1eslely th i ipba haos S I Rigthods age important

prelirﬁ%lz Sjtél)s bifdte rel@bR! anBlabQirste Dredictioch mddelsldre edidblishdd.20

It will be readily apparent to one skilled in
the art that varying substitutions and
Table AA
Performance based on random gene selection.
Statistics Level 1 Ievel2 Level3 Level4 level5 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 49.0
max 90.2 92.8 93.2 91.94 98.2 93.9
average 86.6 90.8 . 73.35 84.32 89.0 67.8
Testing Accuracy(%) by k-NN
min 74.1 78.4 46.6 88.7 69.1 38.8
max 93.8 92.8 89.8 90.3 96.36 81.6
average 84.7 89.4 66.5 90.3 84.2 60.2
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nodi fications may be made to the invention disclosed
herein wi thout departing fromthe scope and spirit of
wo b@4fomeent i on. For exanpl e, use of various parPEEGENS()00190
data sets, conputer readable nedia, and conputing
[0243P PREPAISSp etk Bltol compuld the ab@ir&/APthe@riginde dith @88NI2,558 genes is
I nvention. 25 Thus, such additional enbodi ments are
appliegite Hierpredietiecmpthods. Efperimpanta sesuith sleaw theh therggne pracction method

aso mers g tieret s Ry St s VBF TR N AP S R

respe@ive§S13, 88183, Gnd DEWiStlaski@RhticiRIcA tHe bIifd tef@iLAAIPIZE AHeke results are
one of "a nunber n of classes wherein n is 2 or nore, _
much camger than thg:er®r eates ofct, iTn8, anddBuf dieireduced dewarganpgied respectively to

SVM&&W%@% é‘{;\a gﬁ] 0’;‘? éé%’}ﬁé}hglg’sg‘?%t&asﬁ egﬁgcgggltg %g§ g‘r%z]glﬁg)rta!m% g5t establishing

reliabfe"o(ﬁé’dﬂ:ﬁ@nﬁo?é@ts' wherein: an ith list of said n lists
contalns a frequency of occurrence, f (m, of each

energing pattern EP;(m fromsaid plurality of
emer gi ng gatterns that has a non-ze urrenc

o .10 ,oc .
02447, Eppally e mgdiod pesertonemere g ageims aythE arpaage,of bgfh high
A LI e A e e e
profilgd. Wigdni tegtedbdn e impgtoiteciat bEADE, samplesytha tmetitpdrcseratedsslassified all
) wherein; an ith score of sai scores i eriv fro
s sulyfypes PRBUBIRFE Sro MkaBrgrAElY 195 it e s NP S5 fade
: 0 al . . _ )

methqsEhd B3 RABERSby Ie e oh ey R She A8 1EORARBdnd the
remai@aigdgdforbidditestinpy Iisface atsimidartinprovieinghesitenok rafed wasalso observed
) scores. 2. The nmethod of claim 1, addit] % I
in a 19dpidrarassyglidatipn; testiopdhe trpiginggiata, pf "ﬂhléloﬂﬁ Bui t h

t he hi ghest score, deducing which of said n cl asses

of data the test data is categorized in by selecting

the | argest of the cl assesIable BBt a having the highest

scor e10-fold EhRs FRIdAEEn Bsults 8h Mekrling setMT SIALL SBe d

K ToRES a0 patterns of [ Ne Brobrales 6y 10(f0@troRGalldktidnN sai d
test data have th j '

insaidith list ambRgst a4 th emeri ng PAF (fer 30
ofr-s@i & oTHRRE1 st thab occon in o4 d text dat ap:0f®@e, 0:0

alg) A lppxts TREREEL N0 QT any one gy the gy ecedi g o.0 .0
clars; - Wheref n: 30 emergi Nng patterns in the ith’q I'st
arZLadre @THERSescehdi ng 8Pder 8f sai &7 r equeddyPHP:3

BCR-ABL vs OTHERS4 6:0 5:4 2:1 0:4 1.0, 1:0, 1:0
MLL vs OTHERSS 2:0 3:10 0:0 0:3 4:0, 2:0, 2:0
Hyperdip>50 vs OTHERS 7:5 13:8 6:4 6:7 3:4, 3:4, 3:4
Total Errors 25 53 17 27 16,13, 13

[0245] It will be readily apparent to one skilled in the art that varying substitutions and
modifications may be made to the invention disclosed herein without departing from the scope
and spirit of the invention. For example, use of various parameters, data sets, 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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occurrence in said ith class of data, for all i. 73 WO
2004/ 019264 PCT/ SG2002/ 000190 5. The met hod of any
wop®40i926hhe precedi ng cl ai ns, wherein the ith PCHESGHAZ000190

alength I;, and k is a fixed percentage of the

WHAT §$6€LIAMSEED IS: 6. The net hod of any one of clains 1 to
4, wherein the ith list has a length I;, and k is a 5
fixed percentage of Ii 7. The nmethod of any one of

1. cl ai Eﬁr&e‘cﬁ& 46 dRRFGhE whihet & Best éa%iphi&l@ﬁvi%g |t§§i‘ @I_tl_tﬁ (;[l, is

and is a fixed percentage of any I|; h
categmideddn ofic affamonberaf ofallasesewviiereio #s 2voherose, cogwigng| xed
percentage i.s from about = 1%.t o about 5% an [
PhaRtiRge Pty ehemeeneRatger fpg g angne aesegéf‘i%ﬁhaﬁfat least
: geding Giai 8, wherein n = 2. 15
One?%¥m$ﬂ§f9ﬂ%¥ltﬁg%lg?%any Sone (?f clains 1 to 8 wherein n
cre@in@n higg, evhetdin: A nmet hod of determ ning whether a

test sanple, having test data T, is gategorized i\n

firstanithlst ofsald nlistperntaings g?q‘éeélﬁiﬁf’ %Cﬁg?n‘?x tfg(gt}t Pﬁﬁa‘:h

a plurality of _enecging patterns froma traini at a

o e RIS EREPAER B () 981 s OBugHY pheperEle e@Sﬂ%Fg?S & non-zero

cl a3suPdncdat & ANdlad of @St one instance of a second

class of data; creating 'a first list and a second

hdisg a ilked sumbershiof efiergihg patstns oviereimk issubstaufirdiydgssdhan a total

occurrence, fi (m, of each energi.ng attern EP1 )
nuntheped GReTEINg|NIftens ftyﬂﬁfphgﬁléwﬁﬁaleg@é% wfens ﬁ%lfulﬁab%( 'ggme&
Wheg@ -zero occurrence in said first class of data; and

said second |ist contains a frequency of
occur ek ecoré 3f §4id ,sca@ts Bakhivehfoni the freqanties of EBXErging

fromsaid plurality of energjng, patterns that has a
nomaﬂéméln%?é‘éﬂhﬂléh%‘étﬁlwg% ms“@lf’gtﬁ%t %84 of dat a;

HEL By MR ol SURALA A L7 St
higleResfyalion pkdserns in the plurality of emerging

patterns, calculating: 30 a first score derived from

the frequencies of k enmerging patterns in said first

2 SRl b i, BB BoR T E cond score derived

frihere ih@ofe thapiencilas with thedighesti segrepd¢dueingsvhich sbdaid » classes

second |ist that al so qccuy i.n said tes% dat a; artl?l .
of datadhe tashdatm istqatagorped indyiselggting 51& largest ghthe slagses ot g having

thefjjgilgtsg&rg_ss of data or in the second

3. 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 occurrence in said ith list amongst all those emerging patterns of said ith list

that occur in said test data, for all i.

4. 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

occurrence in said ith class of data, for all 7.
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10.

11.

cl ass of data by selecting the higher of said first

score and said second score. 5 12. The nethod of claim
wdago4adds4 i onal |y conprising: if said first scPeES@MNE2/000190

sai d second score are equal, deducing whether the test

Benpeibod of agpenegdthepdciding Haints, wheregn thegthdist bag alepgth 4, and &

con cla of, data by selecting the | arger of
lsa}i'ﬁeéitl?qr? {dr?e“%ﬂi’& 8fd class of data. 10 13. The
met hod of cI aim 11l or 12, wherein: said k energing
patterns of said first list that occur in said test
Hat methad ef tiyeorts afteésitns 1fto dowhereinatbe dh listlasrarlength li and kis a
said first Iist anongst all those emerging patterns of
thisSEF Y st that occur in said test data; and 15
fﬁﬁgg?%mi&%ﬁ% éﬁﬁg patterns of said second |ist that
occur in said test data have the highest frequencies
of occurrence in sai d second |ist amongst all those
ner I N atterns [ cond. | i i n
Eh el P S SteTeimid e RBGSH i sk B AR Py o
ﬁxe??er@mta & Riy':. 20 enmerging patterns in said first
st are ordered i n descendi ng order of said frequency
occurrence in said first class of data, and

it of 6 Gt St 3407, BHGBI S xR fiPatras pf about
1% ﬁ)aéb% f?‘%%q 1k fded tAphAres RitdeRr vEllae net hod of any

one of clains 11 to 14, additionally conprising:
creating a third list and a fourth list, wherein: said

ird |ist contai a frequency of occurrence, f (i ),
TE@@&@& diaf pay orq gfdhe grecediag gla S’é"gt‘?ﬁe“er?ergi ng pattern
imfromsaid plurality of energing patterns that has a
non-zero occurrence in said first class of data and
The oiettaldsd aog ook of dlainsdi d 8 edieredOn aad e, mewed sai d
fourth list contains a frequency of occurrence, f2
(j,,, ), in said second class of data of each

' j
ARG B R L DO SRl Bt PRLETRs B e

firsteclayo or 28e@ndcbass, compeising: sai d second cl ass of data and
EHEIFPAA PTG 10k e FELBAPH e T oy P i BV ey G P o least
one glgsﬁ%ﬁg I%!rfg?ﬁr%rcgagé o%?at% gﬁcgat l&a{s@ BHERSMNE oOLLERENES dfata;
creating a first list and a second list Wherem
said first list contains a frequency of occurrence, f (m), of each emerging
pattern EP(m) 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 occurrence, f, (m) , of each emerging
pattern EP,(m) 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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12.

13.

14.

15.

5 energing patterns in said fourth list are ordered in

descendi ng order of said frequency of occurrence in
w@ailod/oseepnd cl ass of data. 16. The net hod of E¢”HSGIO])5’000190

wherein: said first score is given by: | f~f~" (I"")

; ancdh seednd scor&ERi{vied i dfe fmu&@@aﬁd@mgmg phigergs inesgid

ml f2 rr P2 ET 17. The net hod
of Swdé’ﬁba’é?a%‘?%ﬁcﬁrsmﬁ“ tfg sthdrein said first Iist
{égﬁcﬁﬁw ptﬁle]tfst% is Sabshreeg ﬁ{‘ﬂﬁelﬂrﬁtcle{@%f dath 8P the second

I xed percéntage of whichever of 11 and

classl@f daga by sedddti@p thellhighd. of Shid firsttshod anfl saidyseamd sodrec| ai s

11 to 16, wherein said first list has a length 11, and
said second |ist has a length 12, and k is a fixed

ﬁ?erﬁgt@foa cﬁfm%l%ﬂ%ﬁnaﬁ%g@tﬁ% . 19. The nethod of

one o |n said first |ist

ﬁT @ﬁd Firkte0eteind ka1d&6¢bnd&601$:amlec§ml; dadiudnhgwhéthsr the teshginiple is
12, and k is a fixed percentage of an

categglzegon theHirshelassod daf Oaﬁlg:ﬂ@ﬁécqgﬂ clasgo atg %Ytsﬁle‘itglg tile larger of
the fgr%gcaﬁt g&sc%lng Lasﬁ(gfjdﬁgr centage is fromabout 1%to

I S rounded to a nearest integer val ue.
25 21. The method of any one of the preceding cl ai s,
wherein k is fromabout 5 to about 50. 22. The nethod
Bhe wetiothof tlaimtd rasild, Wh¢r§mabout 20. 23. The nmethod of

an g&%rg?ég f)%%ng %f At ﬁgt ?ﬁa%mw Eat% %s?@zﬁg hSEhO hidest

a conj unc

fre ﬁ&[&‘i’éstdf%ﬁéurr&ﬁe Vi@sa&@ﬁﬂdt ﬁé&&ﬁﬂlgﬁ@ﬂ {BER0AR4OG alern? 4f said first
he nmet hod of any one of the preceding clains, wherein
hsttluat gecluefn saisbigalodatys 2a8der gi ng  patterns are used. 5 25.

nmet hod of . a c
(i{c SHISTEINS, P%fc ﬁ]ésy %fo des%ﬁ%nfial‘;ﬂé Wt %cé&ﬁ‘ %gald %F&zﬁb ﬂ%@}\méf Plghest
freq%@dléﬂ ADcHReERE fn S Yedohe lisstorppedi those ghap@@patterns of said
energing patterns are used. 10 27. The net hod of any
secapddisothat hecupieeidifaspdait-ai ns, wherein each of said
emerging patterns has a growh rate larger than a
threshold, 0. 28. The nethod of claim 27 wherein said

trhe aR)dbiiany bhe BT ek 1121018, dhetein: 10.

emerging patterns in said first list are ordered in descending order of said frequency of
occurrence in said first class of data, and
emerging patterns in said second list are ordered in descending order of said frequency

of occurrence in said second class of data.

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; (z'm ), in said first class of
data of each emerging pattern i,, from said plurality of emerging patterns 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, ( jm), in said second class

of data of each emerging pattern j,, from said plurality of emerging patterns that has
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16.

17.

18.

19.

20.

21.

22.

23.

15 29. The nethod of any one of the preceding clains,
wherein each of said energing patterns has a growh

wo aiog/0oR2600. 30. The nethod of any one of the PCES@UIOR(00190
clainms, additionally conprising discretizing 20 said
datanagetero bestipeacesiaisaidereandclasa gf data and mdioherlsooeecns in said test

cla(i‘a erein said discretizing utilizes an
ent E?pf}n%ﬁ’ g8§"het hod. 32. The nethod of claim 30 or

31, agdgidoiRledhsGRBRA kSEd Bkt ARAIMERE iR d8REAREL Older of said
correlatlon 25 based feature selection to said data
setfrequéngrofoacutratcs oy w@id fiishglassad.da®hendret hod of claim

2% gélg}g{géézpqﬁégq%gﬁ Iséig ?(lg.lgﬁi}jlcsg e, ora ng ngﬁ%)slg%@gg «grder of said
di SI?J &ér' (ﬁg)cc%n%@m shitesetBhdadsalf (ﬁﬂay one of the

prece clairns, wherein said data set conprises gene
expr eSSI on data. 77 WD 2004/019264 PCT/ SG2002/ 000190

The net | aj m 34, wherein said gene
giﬁﬂ@@§1 g@@é% m@%bn acquired froma mcro-array

apparatus. 36. The pe of any one of the preceding
Ghid ¥t scMB &Y Eiven g;&é?t one glaags of data 5
corresponds to dat P(lﬁﬁt type of cell and at
| east another class of data corresponds to data for a
second type of cell. B7f( nmet hod of cl aim 36,
Miérss:iond$a¢rdi§$iwgtb3t:y =tell i-s a normal cell and
said second type of =N ”?) r,8,eancerous cell. 10 38.
The nethod of any one of the preceding clains, wherein
at |l east one class of data corresponds to data for a
t
A enBRPYE oty oBE eI BN 5, Ffehelt sl PR 1AL HRtngth 1, and
said§Ruh@Elist®Rs 8lengthh emti%.is 4 $ix8@ pertagtageshokichdvenoll; and/, is
of clains 1 to 33, wherein said data set conprises
smaleri ent  nedi cal records. 40. The nethod of any one of
claims 1 to 33, wherein said data set conprises
financial transactions. 20 41. The nmethod of any one
The GhedlhdtBoflanty @nd 3f clahey Hi 10 1Saitiertat @id tst tistips ada@gth /;, and
census _data. 42. The nmethod of any one of clains 1 to
saigseconghistdian a dength Meand idag f@éﬁﬁ?ﬁ%@%ﬁ’ ey 9%43 8 f2c s
of an item selected fromthe group consisting of. a
foodstuff; an article of

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 k is a fixed percentage of any one of /; or .

The method of any one of claims 17 to 19, wherein said fixed percentage is from about

1% to about 5% and k is rounded to a nearest integer value.
The method of any one of the preceding claims, wherein & is from about 5 to about 50.
The method of claim 21, wherein k is about 20.

The method of any one of the preceding claims, wherein each emerging pattern is

expressed as a conjunction of conditions.
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25 manufacture; and a raw material. 43. The nmethod of

any one of clains 1 to 33, wherein said data set
weewpnires environmental data. 30 44. The netPOUS61002/000190

any one of clainms 1 to 33, wherein said data set

conprises neteorological data. 45. The nmethod of any

s R L T S
pattéts areRRBA! ation of organi sms. 46. The nethod of any

one of clainms 1 to 33, wherein said data set conprises
marketing data. 5 47. A conputer program product for

t er i ni whet her, .a test,.sanple, for ich there
25 46 Selol iR ot Klaths 1 o3y MRt p0fd Pl el Byprergs are
usedecond class, wherein the conputer program product is
for use in conjunction with a conputer system the

comput er program product conprising: 10 a conputer

adaﬁ{ tora di.um qﬂ a conput.er . program.
2. FBE Ao SR8 It ere R G He TONCTREE AT U agpatters arc
usedi®Chani sm conprising: at |east one statistical
anal ysis tool; at l|least one sorting tool; and
control instructions for: 15 accessing a data set that
east onejhﬁstanc of a first .class of. data

has at | )
27, $hamsthorkeddpy gico] e pieUna Flating atiFHRn et Sl Gisgine patterns
hasggrg‘%trg@qugem&; akirtypoff remerging patterns from said
c

a set; eating a first list and a second |i st
wherein, for each of said plurality of energing

tterns: 20 sajd first |ist contains frequency, of
2. Gk merond iy heriachd Gt inpaEbRH © BPE%al d
plurality of energing patterns that has a non-zero
occurrence in said first class of data, and said
29.  Haearthdd cftang ond af ths prectdieg ey, vdierain eantr efisaid, enfergidy patterns
, of each enmerging pattern i fromsaid plurality of
has grggoibiigiePdrt-erns that has a 25 non-zero occurrence
in said second class of data; using a fixed nunber, Kk,
of enmerging patterns, wherein k is substantially
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 to 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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| ess than a total nunber of energing patterns in the
plurality of emerging patterns, calculating: a first
wG@ewnmeides i ved fromthe frequenci es of k ener gb@rySG2002/000190
patterns 30 in said first list that also occur in
35.  $hé thethedtofahim,34antieminsaibgrhesspressioedite bas becompquited from a
. frequencies of k enmerging patterns in said second
micrQ-aFaR PRAraiSso occur in said test data; and 79 WO
2004/ 019264 PCT/ S&2002/ 000190 deduci ng whet her the
test sanple is categorized in the first class of data
36.  @he hrethodefaay oneoftha peceding atatmyp ywisedie at leay onbelasd gffata

of the first score and the .second score. 5 48 The
corr@amémda&@g v Bvkaeliond of lphanstberglasdt datgcpyesponds to
LS| ' ctions for: if said first score and
datagfgp‘gsééglgg%ﬂeg@%%g' are equal, deduci ng whether the test
sanple is categorized in the first class of data or
in the second class of data by selecting the | arger of
37 {Thenidiioskol Seim A6, SBEGHSA 5% VEF ol golais dtyratl o said second
c t. roduct of claimd47 or 48, wherein:
typesal gﬂﬁéﬁ%ﬁ%ﬁ}%%@tter ns of said first list that occur
in said test data have the highest frequencies of

occurrence in said first |ist _ anongst, all those
38.  dhemyiheg of sy epe el e peesedingiclaims, whegein ghleastug glass of data

sai S ta; % ' f j
conf i b P ST LIN AALLERITAT 85
corfdkHIEs to dakb fdrTaRb@nCpalabion of subjégnce in said second

list anongst all those energing patterns of said

second list that occur in said test data. 50. The

ut.er ram c f ' .
0. UM B SOEIELPLRANPH COF ARl 8 ol e
meditsleedongs. energi ng patterns in said first list in
descendi ng order of said frequency of occurrence in
said first class of data, and ordering emnerging
tterns, i [ i [ ' .
an. - SRR PERIRG) 5L SBTESATORaDg: e

trardadtidns25 51. The conput er program product of any one
of clainms 47 to 50, additionally conprising
instructions for: creating a third list and a fourth

i st, wherein: ' ' ' '
1. SR 4 S ] AR
each enmerging pattern i" fromsaid plurality of
energi ng patterns that has a L. , )
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

environmental data.

44.  The method of any one of claims 1 to 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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30 non-zero occurrence in said first class of data and
whi ch al so occurs in said test data; and said fourth
wo ea@/ocon ai ns a frequency of occurrence, fa (PCT/FG2002/000190
sai d second class 80 WD 2004/019264 PCT/ S&002/ 000190
charadtemisitca 068 pepdatienefrggangsmpat ternj” | fromsaid
plurality of enmerging patterns that has a non-zero
occurrence in said second class of data and which al so
46.  PEREMEROH Bf 88 Shd Faimd21t833 aRHerdiehRI dht£ 5 COMPBAses marketing
patterns in'sard third |ist are ordered in deScendi ng
dataorder of 5 said frequency of occurrence in said first
cl ass of data, and energing patterns in said fourth
list are ordered in descending order of said
r LSl I ;
A b Bt R or MHidh there
existsaeqdatal BEaiegstizaddniadirst dlos or 4 Gecal] cldsatwhegein sl @dbmputer
first score according to the fornmula: f |

! ( ;. and nrl
program grodapf 1iTor YT SRMENORGHKh § EBVEE B b FRRYIG program
proc{ug{%lgrisirgé'z' ~" I~ mel /[ 2 \m) EPz(jmeT 53. The

conputer pr

ogram product of any one of clains 47 to

Hompdter @hduble $t6rage atedivhbambs cémputeoprapent méchants enibedded
conmput er program product of any .one of clains 47 to
therejg, thagamppisr Bragjam srechanisn cI@PlsiB%er gi ng patterns are

used. at219as§§9e %%?%%&%@Efs.t@&ogr am product of any one

of clai'ns ei n each of said energing

pat t esirlsashase eorgh@wdol andt e of oo. 56. The conputer
program product of any one of clains 47 to 55, wherein

sai d ertee] insEpclisdpises data sel ected from the group

consi sting,of. ngge? Iﬁatg )§@c.rtfa:f%t%'[a9 Ot 1824 Bne BREMED LS gﬁrs& glta%s of data

medi cal records, nanci Fansacti ons, census

char act emtist least @ik imstanee bf 6 kecoall clasaofdagt ur e,
characteristics of a foodstuff, characteristics of a
raw mat er | 8¥traciag e plupldyiod smerging pattesis frots said flaty set;

dat a, d g i St i . .
or gani ans. gt Bk R e RARE LSO dabrach of seid phyality of

sanpl e, dndrginBipatierhlter e exi sts test data, 30 is
categorized in a first class or a second cl ass,

th
system conpri si sgd i 1MCciidids § 8 EehcPCT b GSGARHEY, Q@Sﬁl@ﬂeach

emerging pattern i 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 occurrence, fi(z) , of each

emerging pattern i 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 £ 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
a second 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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at | east one nenory, at |east one processor and at
| east one user interface, all of which are connected

W eoosoe2ehot her by at | east one bus; wherei n BEi/8GZ02/000190
| east one processor is configured to: access a data
set that hdsduaing \elmhermhxeteismn@tmis ca:tfegaiieidris thedirstsdassfof data
data and at | east ce of . a C cI ass of
dat a; eﬂrﬁ%@’te sgepdias 51 g Qata v ?@t&t&eb@@ € fipshore and the
sai d datg scofer €ate a first list and a second |ist
wher ei n, ?or each of said plurality of emerging
patterns sai d first list contains a frequency of
occurrence, j1), of each energ pattern i from

48. },‘ht @%P‘Ufﬂaﬂ’rpgl&?nb?mé‘t‘ﬁé gy A4t ft‘légt#@latlﬁ 4PMRHSNg Instructions for:
I I t
DS ISE SR8 LT el agg Shud 0o
cate@@ized iffthefishclagrofidgiang ipéid eeohd clissofdataibg splectiri the Yarger of
of emerging patterns that has a non- zero occurrence
the ﬁ?ﬁt ghihg secomdietpse phdada.of data; 15 use a fixed number,

k, of energing patterns, wherein k is substantially
| ess than a total nunber of enmerging patterns in the

49.  Whelt@hpityr SbgRALHYUING ofalaiAdTor 480whéaineul at e: a first
score derived fromthe frequencies of k energ

pad (cenwggmapm offspidsfirst isf that egur an sad tﬁé»‘tdﬁta haavesth@ bighest

ﬁequl‘gcé?} X ."%%f? e irp aﬁ%ﬁbs% glgtdaﬁﬁc%r{%ét?anlgt%]géev & derg ggﬁtgﬁ% of said first

list thabbcdub i sadd &6t @ELWRd i N sai d test data; and deduce
whet her the test sarrple is categorized in the first

@ﬂldté@rr@rglnlap%ttems ofrsardraeconsblish Hnt ebeus én grid bt datplave the highest

sel ect i t he he r st r nd the
froqi e o Waleahod 4 BRd 5ol Gy enil AEGOK, Fi i Folig e O sia
seccﬁfd%?s@ﬂﬁt@bcduﬁnﬁ@iﬂ{ebm.' y configured to: if said first
score and said second score are equal, deduce whet her

the test sanple is categorized in the first class of

n the sec ass_of .d
5. 18} BubupobREnt FEQR oF' RrEot SRl L 1SR, Pifel Sorhfifsing
conﬁamg'thg;t@y@f@m of claim 57 or 58, wherein: said k
energing patterns of said first Iist that occur in

geleting ewergieg Battmmen s#id thtdise i despendingeordereey said frequency of

oce occur renc ) f 4a'tr5t list anongst all those
%‘Fr%’r‘&i‘?@algg‘ﬁ SRRSO & AP i st 82 WO 2004/ 019264
Rﬁc:ij_érﬁ@?éﬁ%éﬁg Pa&ins 1ol $ild §dashd BRGH HedcBndidk Brdefst sattBfréjuency of
an

occurrence in said second class of data.

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
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, fz( - ), in said second class
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said k energing patterns of said second |list that
occur in said test data have the highest frequencies
w@Rooeocss ence in said second |ist anongst al | P€TIS6EE02/000190
energing patterns of said second list that occur in
saiaf datastf edelt emerBing@attding,, Spst sid plradityphemarginggagerns that has
59 wherein said processor i,t,ion onf i ured
@ ero oA R B a0 S8 it AR el Y g i i test
de ndihddnQisler of said frequency of occurrence in
sa?%%Flrst class of data, and 10 order energing
patterns i arnengtmg satensdn kaid thirdlist emm'ddnedgl desgending order of
said frequency o occurrence | salfel1 nd c ass of

dat a. 618a1d1ﬁﬁ%1‘J§9‘§'t%frﬂ°6‘Fff%W9 inpsaid Grste 60,
wher ei n saigd &Fm
15 create a t{%ﬁ&gﬁﬁéﬁ{m a&ag oul?gt%%'lré ?&gtﬂ%@v\%g%gl&ﬁd;né Sider of
sai d t hisaill fréiengosftaactiserre in sxidissvoyd ofasoefadata.ence,
f1(im, in said first class of data of each energing
pattern imfromsaid plurality of energing patterns
- r‘ n .
2. IR orRlpoah e TSNS I b ind hndioRS oy
calotfhtinat d fourth list contains a frequency of
occurrence, f2 (j11), in sald second class of data of
ea emer attern fro j'd,plurall of
éﬁé&ﬁﬂﬁ&”g %E §“?H§ n§faﬂ gzero oCturrence in
sai'd second cl ass of data ant” @0 occurs in
said test data; and wherein erer( patterns in said
f% gcdnd%ot? gcdi‘&ﬂgrt@ﬁle'fﬁm‘ijlﬁéc order, of 25 said
requency of occurrence in saiftffi QI@;S of dat a,
and enmerging patterns in said fourth 1%t are ordered
in descending order of said frequency of occurrence
in said second class of data. 62. The systemof claim
53. 61 whidespmpyter trograse pesloet dfsmzgae of Jaiany 47 teows W@Eﬁeéuk is from
b g qgf?l ulate: said first score according to the
abouifp o, . and meLl f1 (m) EPL(lar)eT 83 WO
2004/019264 PCT/ SG2002/ 000190 said second score

according to the formula: 41 f2 ji
54. The computer program product of any one of claims 47 to 53, wherein only left

boundary emerging patterns are used.

55. The computer program product of any one of claims 47 to 54, wherein each of

said emerging patterns has a growth rate of o.

56. The computer program product of any one of claims 47 to 55, wherein said data
set comprises data selected from the group consisting of: gene expression data, patient
medical records, financial transactions, census data, characteristics of an article of
manufacture, characteristics of a foodstuff, characteristics of a raw material, meteorological

data, environmental data, and characteristics of a population of organisms.

57. A system for determining whether a test sample, for which there exists test data,

is categorized in a first class or a second class, the system comprising:
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mei f2 (m EPq (Jni )eT 63. The system of any one of

clains 57 to 62, wherein k is fromabout 5 to about
wG04/09264. The system of any one of cl ai ms 57P€DS6€802/000190

wherein only |l eft boundary energing patterns are

used. atlbast Phensypsirg it l:uaastamy pmc@sagt aied afilpast 87e ussr guerface, all of

\éﬁerel n eac of Salfglé g patter ns has a
whi 6’(&‘%‘?“11% {gronggno e@ggq Sof any one of clains
o7 tovﬁlgre &eneas% BhdpRtaosilconeREd RES data
sel ected fromthe roup consi sting of: gene expression
dat a, apmss @dita ﬂﬁdhaiaias etdeast d8¢ insfaneraeicd faist class of data and at least

transacti ons,. cens datg characteristics of an
5 art‘?nc?llés%‘?cer?éﬁﬁf‘ (fass o datinar acteristics of a

f oods t |

ror ot atpeag R thebiGeptiont B 8L

char acteatd sfitstEstahd a spaypndllat wherenf farregenoSymsd plélityof emerging
met hod of determ ning whether a sanple cell is

car®@i€B¥s, conprising: extracting a plurali ty of

energing patterns. from.a data set hat conpr jge epe .
20 expr essi#f f{iatt ligt P‘E)‘Falﬁs iﬁ%ﬁﬂ‘éﬁrﬁcﬁ’? B‘Fcugﬁﬂg Jt)(gs %% Rgmergmg

and a gene ex essr a f.or luralit of nor mal
10 cel I s; ﬁ’gg'mﬁ Sf”i s(tf e&ﬁa@g tg %1?‘5 hgs a non-zero

wher ei n: c%@h?mfe'1ﬁ§£1d|ﬂr§ttclé%96f‘§étﬁsanﬁ frequency of

occurrence each energing pattern i from

said plur alsbf‘dlée&fndq{@ E&titigs B&el@m$ of baurease, & | of each
non-zero occurrence in said 25 cancerous ceIIs and

sai d sec@figrghdgStatteMNt fadi Said pitfr@l@ty%ﬂi GMetgﬁngJﬁeﬁwh{s&H@thas f non-
(2) , of each energing pattern fromsaid plurality

of energZﬂigOp@meeﬁmgl&ahb‘tecmcassnﬁﬂat@ero occurrence in

I T o T

t hag t@altﬁhﬁer Bﬂé’lﬁ&’gu@fpaﬁéﬁlﬁ gl 118 phatliofsmefpif@patterns, to
plurality of energing patterns, calculating: 84 WO

200%10d@e64 PCT/ SG2002/ 000190 a first score derived

fromthe fre nci e [
first |ist atftcﬂfgtescgfe czerrgg% Errp H}nﬁl gr aela‘%ﬁt%est ?5 %fh etéln%ﬁéttjems in said
second s @siBAt ARCodeluOim shideedtidemyenti es of k
energing patterns in said second list that also occur
20 in said testsedendscogndprived from the frequencies of k emerging patterns in
said second list that also occur in said 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.

25 58.  The system 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 k 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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5 deduci ng whet her the sanple cell is cancerous if

said first score is higher than said second score.
w®@004M192e¢ hod of determ ni ng whether a test saP@l/eG2002/000190
~ having test data T, is categorized in one of a nunber
list tiat e¢cais tewid eeilstaaand al | y as herei nbefore descri bed

wi.th reference to and as Q.1 Lustr d,i :

R B pErSreR Grichge S iy i B FAg) v the ighes
freqRERILIE REurdibe AN GiPeceh@iifantohgbal BoscitdaikPatterns of said

according to the nethod of any one of clains 1 to 46,

sec@id lishthab8ccut & sdd tegt datarput er pr ogr am product operabl e
according to the nmethod of any one of clains 1 to 46,
67 and 68. 71. A computer program product for

60.  deter Fokne.NRLERRS 57 I885t59S ABlct sal @protkseiis bAgikiBnally
exists test data, Is categorized in one of a nunber of

confipasdés, constructed and arranged to 20 operate

supstanti ally as .her.einbefore, de ib ith f
BHloE Fraoeiok 1 tsatn Su v Lo eSO ae g ST e o

occzencth se?laﬁrrﬁr&l]a% o%bﬁa,%ﬂ@ of claims 57 to 66, operable

according to the nmethod of any one of clains 1 to 46,
ordeaanbefdBng RteTi.in Aaid petomrhlisom dbetendivignirder ofisaitl Hemquency of

test sample, fqQr_ whi there exists test data, is
000%?@669?%‘@63909188}?@5%‘fcgaéa'nunber of classes, constructed

and arranged to operate substantially as hereinbefore
described wth reference to and as illustrated in the
61. acconfThogistgn ofl napbnregsf. clths 32 to A0 sylxireimsajvenradeissor is additionally
according to the nethod of any one of clains 1 to 46,
confgugddois8. 75. The system of any one of clains 57 to

. the conmputer program
gfeé‘ ucthyrégﬁg%@ds%%ofé}ﬁ%flﬂgﬁgl:%rf&s&47 to 56 and 69 to 71. 85

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
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, ( Jn ), in said second class

of data of each emerging pattern j,, from said plurality of emerging patterns that has
a non-zero occurrence in said second class of data and which also occurs in said test
data; and wherein
emerging patterns in said third list are ordered in descending order of
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

calculate:

A

k
said first score according to the formula: Z~— ; and
m=1 l(m) EP, (i, )eT
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63.

64.

65.

66.

67.

WO 2004/019264 PCT/SG2002/000190

£ £,(7,)

said second score according to the formula: Z .
=R D)

The system of any one of claims 57 to 62, wherein  is from about 5 to about 50.

The system of any one of claims 57 to 63, wherein only left boundary emerging

patterns are used.

The system of any one of claims 57 to 64, wherein each of said emerging

patterns has a growth rate of co.

The system of any one of claims 57 to 65, wherein said data set comprises data
selected from the group consisting of: gene expression data, patient medical records,
financial transactions, census data, characteristics of an article of manufacture,
characteristics of a foodstuff, characteristics of a raw material, meteorological data,

environmental data, and characteristics of a population of organisms.

A method of determining whether a sample cell is cancerous, comprising:
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 first list and a second list wherein:
said first list contains a frequency of occurrence, fi(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, ﬂ(z) , of each emerging

pattern i from said plurality of emerging patterns that has a non-zero occurrence in
said normal cells;
using a fixed number, &, of emerging patterns, wherein £ is substantially less
than a total number of emerging patterns in the plurality of emerging patterns,
calculating:
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a first score derived from the frequencies of £ emerging patterns in said
first list that also occur in said test data, and
a second score derived from the frequencies of k emerging patterns in
said second list that also occur in said test data; and
deducing whether the sample cell is cancerous if said first score is higher than

said second score.

68. A method of determining whether a test sample, having test data T, is categorized in
one of a number of classes, substantially as hereinbefore described with reference to and as

illustrated in the accompanying drawings.

69.  The computer program product of any one of claims 47 to 56, operable according to the

method of any one of claims 1 to 46, 67 and 68.

70. A computer program product operable according to the method of any one of claims 1
to 46, 67 and 68.

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 classes, 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.
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