WO 02/ 06829 PCT/ US01/ 22447 A Process for Discrimnating between Biol ogical
St ates based on Hidden Patterns fromBiological Data 5 This application

cl ai mrs bamebr/oesander 35 U. S. C. sec. 119(e) (1) of the pripeTAUg0IC2447
applications Serial No. 60/232,909, filed Septenber 12, 2000, Serial No.
60/ 278, 550, filed i Discrigyinating be jojogiofStates| ed July 18,
2000, and U.S. Provisiona nl.i.cati on tle Met hod Al gorithm
Reveal s Di sease with 1(#@?—%%% dden Datterns from BiolagicalData st at e cancer in
Serum " (Serial. No. to be assigned), filed May 8, 2001 which is hereby
incorporated by reference in its entirety. 1. Field of the Invention The
field o the invention concerns a process for determning a biological

di Sorimnat ory. E?of'ioSﬁﬁiﬁpﬁgﬁ%pﬁ?@s?ﬁ%é‘?ﬁt%ﬁg%*ﬁf-’%‘?-285?9@;??@(’12%ﬁﬁ*bee1? om
health d . clinical d s f ' ' o
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aspirants, synovial fluids, cerebrospinal fluids, sweat, urine; fecal
matter, ted0&78p8nkled Mareh 37001 s5as18bNagel/2 HuQa, diledshly 58112880, andnen;
‘-vaginal fluids, pre-ejaculate, etc.), etc. which is analyzed to 20

det er m ne tUhE. Priowistmab Applétative titled t A ®atioMethod Pdgorithal RejicaBlDisdast evithan be a
pat hol ogi ¢ diagnosis, toxicity state, efficacy of a drug, prognosis of a
di seasd) etReotefpRighdliof @vhylan iiteProsrd@Tn0et i6 SRARK, NSRS it6 8k ad@ideayls t hat
a) discover hidden discrimnatory biological data patterns (e.g., patterns

of protein MPIRGS, 2001 Whidh iSRGEHY BedBbRddR refebdRe id ¥s Efifedy! ©! 0gi cal state
of an organ) that are subsets of 'the 25 larger data stream “said

di scrim natji on ipmhyoifqg imnamll ity to distinguish between two or nore
bi ol ogi cal 'states in a learning set of data and b) the application of the

WD 02/06829 PCT/ USOL/ 2e flefd of the invention concerns a process for determining a

biological state through the discovery and analysis of hidden or non-obvious,

15  discriminatory biological data patterns. The biological data can be from health data,
clinical data, or from a biological sample, (e.g., a biological sample from a human,
e.g., serum, blood, saliva, plasma, nipple aspirants, synovial fluids, cerebrospinal
fluids, sweat, urine, fecal matter, tearé, bronchial lavage, swabbings, needle
aspirantas, senié‘r:i‘z;'-.'\'rl;ginal fluids, pre-ejaculate, etc.), efc. which is analyzed to

20  determine the biological state of the donor. The biological state can be a pathologic
diagnosis, toxicity state, Aefﬁcacy of a drug, prognosis of a disease, efc.

Specifically, the invention concerns analytical methods that a) discover

hidden discriminatory biological data patterns (e.g., patterns of protein expression in a
serum sample that classify the biological state of an organ) that are subsets of the

25  larger data stream, said discrimination implying the ability to distinguish between two

or more biological states in a learning set of data and b) the application of the



af orenenti oned patterns to classify unknown or test sanples. Mire
specifically, the invention concerns a nethod for analysis of a data
stream whdo0r04829 derived froma physical or chem cal anaP@BUsoif24470] ecul es
(e.g., proteins, peptides, DNA, RNA etc.) in the biological sanple (e.g.,
a mass spectforemenienedpatiens ta ¢lassifyimpkaywn &r Eitssmpleat tNMomrespenificallyf theed as
"hi dden" because they are often buried wthin a larger highly conplex data
set and ar énvaitionbunc@ns methpd Ssremhlytio of hdatayaean, whithes degived 60 a
classification systens. The pattern itself can be defined as the

combi nat i 0ph9bicdlVr @ReBical®HafyskaifHesledtitse. b hotting JRAGAdsI BRAORNA& v gCt Or S
in an n- dinensional space i's discrimnatory between biological states even

when i ndi vi; : Y. i W] i scrimnatory
patterns oflgtﬂﬂelem%%gié%it%égﬁ)lgfeég"né;%l\a}%l%pg%@%g%m e@ft}c{%ﬁ‘%@egefi ned w t hout
any know edge of, the jdentity or .relatiqpship,,between the jndividual data
poi nt's '\lgdn t he bi ol ogi%ﬁe B%Ft%nscﬁre g?@‘e%@ﬁoaﬂ%aﬁ‘gebe(g?us?ﬁéeyiaﬁ%ﬂh‘?ﬁf’“&?ﬁ

rel ati onshi p _hetween the nol ecules in the biological sanples. 15 One

anal yt i cal "WEHRadareer higlly somplexdatp st #1dae aal obyius ©F aprawentite s eyp er
application of two related heuristic algorithns, a | earning algorithmand a
di agnost i c otldr gurrentivigssifination systens. Jhe pattdre itseléant bealefinedaothei ¢ al gorit hm
are set by the application of the learning algorithmto a |earning set of

data such tchaibiriaton of thiey er mokro\Akgsaath tabthe positivn bethdiveétbRdnaghed. Such
bi ol ogi cal states nmay be the presence or 20 absence of a di sease, efficacy

or non- ef f i faeNsictal pddk idisdr@inGloty béveQPioloRidalithis Nen%he@ri#&vidgﬁp' .
I or diagnosi s

Al t hough the invention is generic, specific inplenentations

O e

| ynphormas, sarco S, ”l eukem as, omnas,
and cancers_ of. organ | i ke the ovary, prostate, a breast), presence of a
pat hogen, é’r?&elt]??fgtsﬁ'?@ﬁyaﬁa@%? d&ﬁﬁf‘z an%f‘?vdgéa"f‘%ghﬁ}fiemt or

relationship between the individual data points in the biological data or any

knowledge of the identity or relationship between the molecules in the biological
samples.

15 One analytical method to discoverv such biological states comprises the
application of two related heuristic algorithms, a learning algorithm and a diagnostic
algorithm, whetein tile parameters of the diagnostic algorithm are set by the
application of the learning algorithm to a learning set of data such that two or more
biological states may be distinguished. Such biological states may be the presence or

20  absence of a disease, efficacy or non-efficacy of a drug, toxicity or non-toxicity of a
drug, efc. Although the invention is generic, specific implen‘lentations for diagnosis
of various cancers (including, but not limited to carcinomas, melanomas, lymphomas,
sarcomas, blastomas, leukemias, myelomas, neural tumors, etc., and cancers of organs

like the ovary, prostate, and breast.), presence of a pathogen, and toxicity are
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di scl osed. The preferred enbodi nent of the invention is the discovery and
use of nolecular patterns that reflect the current or future biological
state of va@opeggan or tissue. Another enbodi ment of the | POBUSIIA2447S t he
conbi nati on of data describing the nolecular patterns of a biological
state wit h Bidesedndhe bieférensi enatodiment|of Hiedaventian és the discovery psdeseiaft ri ¢
questioning) to yield a classification describing the health of a patient.
H. Backgr oundeaflat pattetms tattré fimet Heeuttetar thitare bloghtangss of An bigahegi cal
states, particularly the early detection of diseases has been a central

focus of t hizswe dAither @SRAIRENt 3R theGhvdhtieR ks thd Gom PRI b¥datal ﬁ‘?lh roart
i ncl udes exanples of efforts to extract diagnostic information m t he

data streanfe fIdtRMr Xtté?ﬁ@’éf Flo%{cgfgﬁg\ﬁgla?tﬁé}%o}ﬂsdl&o&%ﬁlﬁdrscf’i’ﬁféal Sqpl es.

These techni ques are generica a-mnin 1T eans

nRNA | oxpr 8 %”w@%éswsé@fggfw #fe ﬁkﬁ\ﬁg#%"&ﬂ?é?'ﬂ’d‘?g e Baling o -

m croarrays' %ﬁand 15 analysis of the levels of proteins present in a cell
or in a se¥ I%tarrpl e, wherein the proteins are characterized either by

nol ecul ar wei ght using mass spectroscopy or by a conbination of nolecul ar
wei ght and I&har déacligrenpdeof2zhplyedntioachni que. Raj esh Parekh and col | eagues
have descri bed protein based data- m ning diagnosis of hepatocellul ar

cancer using serum orThel desaetions afifiaggesiMBiol8lcAl YAckbaatticuligasleafaincer usi ng
ti ssue sanples (WO 00/55628) and rheumatoid arthritis using ser um or plasnma
sanpl es (WQeRRfidd 828} east ha@debn Pbdltial RichOBE the nieieal fysé‘@&? anal ysi s

is performed. The analysis consists of measuring the leve 1} I ndl vi dual
proteing a those proteins that
are el evat zgﬂg{rﬂﬁ%tglpr egéﬁé I'n tcﬁ%dgﬁg(ﬁg%@n&égg?@g%%%%gd ag&gsﬁg nor mal

tissue. 3 VQ’O%QQO%S om tETdalgg (s)t:rLe/a%nzsélngmed by physical or chemical analysis of tissue

samples. These techniques are generically termed “data-mining.” The data streams
that have been mined are typically of two forms: analysis of the levels of mRNA
expression by hybridization to DNA oligonucleotide arrays (“DNA microarrays™) and
15 analysis of the levels of proteins present in a cell or in a serum sample, wherein the
proteins are characterized either by molecular weight using mass spectroscopy or by a
combination of fﬁblécular weight and charge using a 2-D gel technique.
Rajesh Parekh and colleagues have described protein based data-
mining diagnosis of hepatocellular cancer using serum or plasma samples (WO
20 99/41612) , breast cancer using tissue samples (WO 00/55628) and rheumatoid
arthritis using serum or plasma samples (WO 99/47925). In‘each publication, a two
dimensional gel analysis is performed. The analysis consists of measuring the levels
of individual proteins as determined by the 2-D gels and identifying those proteins

that are elevated or depressed in the malignant as compared to the normal tissue.
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Liotta and Petricoin (W 00/49410) provide additional exanples of protein
based di agnostic net hods using both 2-D gels and nass spectroscopy.
However, whezedsad ysis of Liotta and Petricoin is simlar POT/B&seRM7 n t hat
it consists of a search for specific tunor markers. Efforts to identify
tunor markers have allsiotthemhPetficpe(TMO A8/d94H]) pgoviidtadditiorahexamytes dfogi ng,
WT., 2000, CGenone Res. 10, 1393-02, describes efforts to identify tunor
mar kers by ihdinrbaseddiagossic imetiglds abing YothD gald dridf sdiRpedi@sepf al k, 1., et
al ., 2001, New England J. Med. 344, 539, report efforts to identify tunor
mar kers t hafowkvet, itheaasysid SELibRA BH PAFivoih N §Filef o PP in GRR Hi&onsik® 3¢l ting

from BRCA1 and BRCA2 nutations from each other and fromcomon 1

i di opathic > - . e rr.ay gdata | on et
o " Togo. LIS HROTE o AhAet MaRGLRs R ERR R, B8 Ass 8Bt ques
to identify clusters o enes that have c di | evel s of Xpressi on
in corrpgri égffgn%?f%%?% ' %%W@é%é@ga%fméﬁﬁf&%wﬂsﬁ% %q’ééiﬁ. 2, These
studies did, ipn fagt, identify genes that were relatively over or under
expr essed f@scirﬁ’eﬁ oty fegflent i pupeomarkers by FaN Apnissasaray Hovgipblastoniee
clustering al gorithmwas not designed to be able to identify diagnostic
patterns ofmyafemex fleddenialk lotehalk, 208 hNew England J.ived &441 5352 rqpatitefonts
Data-m ning efforts directed towards indicators other than tunor markers
have been us édenfify tudion grelsdrs thal tiegagad e heretidaty ifevedsyofen@lstyanBat t ern 20
recognition nethods to identify individual diagnostic markers or classify

rel ati onshirgmltifpeh¥BBROAL and BREATRGUSRs RbmRALH 6hBr LHRICREA cbddyMet hods to
classify genes into <categories based on correlated expression under a

i et f gk LI . [ Fi , M, et al., 1998,
Pns 020”1 bl ast OBk PARa g Bt PAEE FAHORNRIAE™ ) L %hnd At or
0., et al., 2000, PN'ilﬁo%Et aliqﬁg&;fq\?AS |98, é’?eélg?goz?hésc%igg a'l% u%e X\PD %4{ 06829

PCT/ USO1/ 22447

microarray techniques to identify clusters of genes that have coordinated levels of
expression in comparisons of colonic tumor samples and normal colonic tissue.
These studies did, in fact, identify genes that were relatively over or under expressed
15 in the tumor compared to normal tissue. However, the clustering algorithm was not
designed to be able to identify diagndstic patterns of gene expression other than a
tumor marker tyﬁe' IS‘attern.
Data-mining efforts directed towards indicators other than tumor
markers have been used for diagnosis. These efforts routinely employ pattern
20 recognition methods to identify individual diagnostic markers or classify relationships
between data sets. The use of pattern recognition methods to classify genes into
categories based on correlated expression under a variety of different conditions was
pioneered by Eisen, M., et al., 1998, PNAS 95, 14863-68; Brown, MPS, et al., 2000,

PNAS 97, 262-67 and Alter, O., et al., 2000, PNAS 97, 10101-06. In general, these
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techni ques use a vector space in which each vector corresponds to a gene or
| ocation on the DNA mcro array. Each vector is conposed of scalars that

i ndi vi duavoy2/ee9 espond to the relative | evel s of expressPOnUSI/L2Y gene
under a variety of different conditions. Thus, for exanple, Brown et al.
anal yzes vdeesudues ysea yecten speersingrhil sachrvectr eqrzaspondsde @ geaeor larationsi on
corresponds to a tine point in a stage of the yeast |ife cycle and each of
2,467 vect omsthe DY A sgorecartay. Badheveetor Thepnuaisedolscalacsahyat individualdy gori t hns ar e
used to identify clusters of genes whose expression is correlated with

each ot her .coBespungiao therepitivetevelsadrReprcssiorboft the gerindbd vafetpbf dicletent
expression, the netric that is enployed in the pattern recognition

al gori t hms ohdfdoRE "TRls, Adrex@Rfiel Brdvil &Ef?.%%%&svécﬁ)rﬁinpaeﬁ &i%n%g]ﬁfvgét& ent or
i nner product type netric, not a Euclidean I stance metric. ce
clusterizng J LI shed. 1.h Lani ficance of .each cluster is term ned
by noti r?g agﬁ’éceggfﬁ’%gﬁ% %:%ngﬁgpﬂé%% Stgfﬁﬁeepod%tﬁgsa Sg%ge tf?fe&'se?gru “The
inference is de that her et of ore upcharacteri zed genes found in the
sane cl ust eprycgar?&é e%ﬂqh?feigﬁ%v‘?ﬂmrﬁﬁ?%esﬁf’n‘?w&%enéo(rﬁ?ﬁ RAMHTB pRoeniEen 15 The
pattern recognition techniques of Eisen et al. were applied by Alizadeh
and St audt algrrithas greaipad e slentifytofystsss of gangs Whaserespresgipn reehateladertiwih audt
began by constructing vectors, each corresponding to a gene, having scal ars
that cor r espionthet. cBtdaase the primaey tencein isthescoprelasion ofi gefe dxipeesgongheinder sone
differentiation condition, e.g., resting peripheral blood | ynphocyte or

m togen st imetiatied islerifloléd indBe phteer AdchSiflon SIgOHMnts TEi#hGQhI ki t hen

clusters the genes according to the correlation of their expression and
define r ; | QBeAfk I S} j Lation
Stat e, o PR R B bt SR S BRae o FEbfleh

anal yzed by..hybridization of nmRNA.tQ nm crqgarr,ays as. used to
det erm ne tcht%][ & ﬁ%etgf:'u?tng? gl.usﬁ_l%%is W&’Eﬁ}%ﬁtﬁe S]t%glﬁ"r%’i}‘? tea?léélg?teli%

di fferent gdene 5 \Q% 02/ 06829 PCT/ USQ1/ 22447
etermined by noting any common, known properties of the genes of a cluster. The

inference is made that the heretofore uncharacterized genes found in the same cluster
may share one or more of these common properties.

15 The pattern recognition techniques of Eisen et al. were applied by
Alizadeh and Staudt to the diagnosis of types of malignancy. Alizadeh and Staudt
began by consti'l‘ictii;.g vectors, each corresponding to a gene, having scalars that
coﬁespond to 1;he relative level of expression of the gene under some differentiation
condition, e.g., resting péripheral blood lymphocyte or mitogen stimulated T cells.

20  The pattern recognition algorithm then clusters the genes according to the correlation
of their expression and defines a pattern of expression characteristic of each
differentiation state. Samples of diffuse large B-cell 1ymph<;mas (DLBCL) were then
analyzed by hybridization of mRNA to the same DNA microarrays as used to

determine the gene clusters. DLBCL were found to have at least two different gene

3



expression patterns, each characteristic of a normal differentiation state.
The prognosis of the DLBCL was found to correlate with the characteristic
di f f erentW@bn2/@i829 st at e. Thus, the di agnostic question poskdrasd/amewer ed in
Al'i zadeh and Staudt was not benign or malignant but rather of determ ning

the type orexprassipppaitérnsrehciyctmracyeristibyf a demial Hiffengntiation btiee Tk
differentiated cell having a pattern of gene expression nost simlar to

that of therogidsirEikyDLBIOIZ@eEduLd tdorsel 2OV Rh tRIHAFR14R8e dFRAithtion Si M | ar

t echni ques have been used to distinguish between acute nyeloid | eukem a and

acut e | ymphegyt Thud ﬁiékcﬁi%]ﬁsti@@ﬁééﬁon %osgd an®hnsered iﬁ%&adé?%ﬁg%%%g‘ga’gd on the

531-537. Accordingly, can be seen that data-mning ne

10 physi cal ; ] . S {ng | ar unbers, i.e reater than
1. 000, of it Berigs B iRl BT i aRe Hdshni e el pige B8 mellefiery

i ndi vi dyal ,mar.kers. sych as S .0r proteins having expression |evels that
are i ncPreasd¥ddgh 1@%#%@@88%&?%"?@9&5&“\9% p 8ot of aerte s¥PEEssipp@asbnpar ed
to normal cell; and data-m ning wherein a pattern of known gene expression
char act er i $tpiargp that of thegmaligopiest: e Alizadeb ¢t 2lo|2000,Nriuiext03s8e8-51d. 15 cl assify
a known malignant cell according to the normal cell type it nost closely
resenbl es. Similss tetheqeesitmvabemaded tr distirtgnisiibetveeh acats niieldd Mdukembi @ldogi cal
states wusing biological data other than single nmarkers (such as tunor

mar kers), @bu@emﬁhwymmﬁm cGolabET.R., ebailalby, SdidiRe nOb S3 Ay singl e
mar kers play in the pathology of a 20 di sease nust be known and

establ i shed, quite offgn.8h 1&;{@%&&&&%&&_&&%@@ enlbfé%ds ~8k a

bi ol ogi cal sanple. Addition y, these markers ar ocal1zed in

intern hOan r nd, conpl ex, invasive, locali bi i es mnust
be per]ﬁ(k))r ng)élggg)aoolgpéal#%g{)%%lb%%&%’ﬂn ﬁﬁ?l%‘gﬁj Bint 4i %eﬁtﬁr%ﬁmr%%%z@ G ven
the conplexity of i ol ogi cal cftat es such as a disease there is an

.b S. @ .
except i onalPOHESEPTSHY I"?Wéo BPY i 43ja-renipe (aodepily abividpet magkers speluasenes

or proteins having expression levels that are increased or suppressed in malignant
cells of a defined type compared to normal cell; and data-mining wherein a pattern of
known gene expression characteristic of a normal differentiated cell type is used to

15 claséify a known malignant cell according to the normal cell type it most closely
resembles.

Thus, there is a need for methods that can determine biological states
using biologicél data other than single markers (such as tumor markers), or gene
expression clusters. Usually, the role that single markers play in the pathology of a

20  disease must be known and established, quite often at great cost, prior to the analysis
of a biological sample. Additionally, these markers are often localized in internal
organs or tumors, and complex, invasive, localized biopsies must be performed to
obtain biological samples containing such markers. Given the complexity of

biological states such as a disease there is an exceptional need for the ability to



di agnose bi ol ogi cal states using conplex data inherent to such bi ol ogi cal
states wthout prior extensive know edge of the relationship of nol ecul es
present iwOs8uads29 sanpl es to each other. Additionally, genpCEXRIERS$470N
cluster analysis is limted in scope 5 because such anal ysis incorporates
an anal ysi sdiggnoge piodogicad states ugimg esmplexalepcobérens tokuchbielohizal stites expr essi on
of such genes is causative or nerely influenced by the causative action of
t hose geneswithatt prveexthmsivcitrovilatgeof dfe rehtomhiy rh6REulss freSent Fhdich
clustering anal ysis does not incorporate solely those genes that are

char act er i sdah@pldsfio edMeothé0l 0gi cal state of interest, but uses the entire
range of data emanating fromthe 10 assay, thus nmaking it conplex and
cunber sone. Furt her nog gq:4: exnr [ kS.ust .j nvol ve nucl eic
acid extraction net ho%gc;htlgrlgﬁﬁlh Séf%t&g%lrsr%?%%@&g}n Saltbfsﬁel-s %%%gdﬂf??a? Pattern
recogni ti on_al gari t,hns.when appljed are als endered difficult, because
the cor ﬁsel g%elc ¢ Spehaply s%?c@g&a%ﬁayﬁgﬁy 571%0%?’@%566(?%“&3 sgspedivepéar son
coefficient or inner product type netric, and not a sinple Euclidean

di st ance netihsther thesenpsessioniof su¢h gegey scapsetive ormerely induensed dytthd nvent i on

di scovers optimal hidden nol ecul ar patterns as subsets within a |arger
conpl ex datcausatize dstionhefithose gehes thataare elranadtersstic fof ite biclogical statealbhe y bet ween
bi ol ogi cal states. Thus, the current invention avoids all the

af or enent i athesteringebhBeis dessastiiadogsbritetsbletyBog wnys thafire FRAMGESst stcl osed in
the prior art, and has the ability to discover heretofore unknown 20

di agnosti ¢ th@biofdoial stateCdT ik =T . in data
streans derived %%m heaf?“ﬁ%g?g@%f?ﬁfgg{%%ﬁ‘?ﬂ%?{n o'%glgggg gt a.

Bi ol ogiypal ‘ der i ' e hiplogical fluids,. such as
serum lgl ooag,?éyggﬁ?ég@&ﬁ lgggrrﬂﬁi,ﬁ%g ?Iﬁ% e ééa{g%l‘er' a%@e%gglrﬁb%?nglexﬂeﬁl%,
cerebrospinal, fluid er, tears, ronchi al | avage,

sweat, . urine, fegal t
swabbi ngs, HANES émgg B]vpﬁ\%tnélgl,elcsaéﬁg%tra\%g} msihods, paaking %P‘émﬂféécémdé%@‘?' 7 WO
02/ 06829 PCT/ USQ1/ 22447 . .
consuming. Pattern recognition algorithms when applied are also rendered difficult

because the correlation of gene expression that is employed is a complex Pearson
coefficient or inner product type metric, and not a simple Euclidean distance metric.

15 In contrast to the prior art, the current invention discovers optimal
hidden molecular patterns as subsets within a larger complex data field, whereby the
pattern itself is 'dfé‘cﬁminatory between biological states. Thus, the current invention
avoids all the aforementioned problems associated with the analytical methods
disclosed in the prior art, and has the ability to discover heretofore unknown

20  diagnostic patterns. Such hidden molecular patterns are present in data streams
derived from health data, clinical data, or biological data. Bi,ological data may be
derived from simple biological fluids, such as serum, blood, saliva, plasma, nipple
aspirants, synovial fluids, cerebrospinal fluids, sweat, urine, fecal matter, tears,

bronchial lavage, swabbings, needle aspirantas, semen, vaginal fluids, pre-ejaculate,
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etc., making routine sanpling easy, although the expression of such

nol ecul ar patterns are characteristic of disease states of renote organs.
No prior woomdaege of specific tunor markers or the rel apCOOSHYR44f

mol ecul es present in the biological sanple to each other is required or
even desi r efc.» akingupviine sampliag easynalg thesxxptassion 6f shimelscuddr dat a
generation and anal ysis. Such nethods of data anal ysis incorporate

opti ni zat i cpetteingerd Clemectéristintol disedshstataslof eethate opgink eNOpridk €nsweleagnezed, and
subjected to a fitness test in which the fitness pattern that best

di scri m natspscifietwaenmbiketsagithadelatiohetis 61 ndlee RS Brest:Rhn H&idpgySi s of the
bi ol ogi cal sanples. I1l. Summary of the Invention 10 The invention

conpri ses tAfple® dabh Bk A1BqiA%P XoEY ddREROFR. Aitbn HAREIS NP GodSt eCt

subtle, if not totally hidden, patterns In the expression of cer

nmol ecul &s i | ' ] hat .ar ot ent i al di agnostic in nature,
or pr edi%ct ir\f/legﬂb@% @%?%?ngga%@g?ﬁ% %%a?ésilgl iucﬁr%e%g ooﬁdﬁ@rﬁ“ggﬁlsﬂwl?%@t@ ntion
such patterns. af nol ecular .expression are patterns of protein expression,
particul ar |%P%$&F%t@%?ig%f‘ﬁ%w B db mplegulagpaticrs 456 Froagmiged, pnd subjectesk t han
20,000 Da). Such hidden patterns of protein expression may be obtained
from only do&fBoessteshin whishths finessartientthaydbeststisovindoaes bettvhen bialogomal t hm
several subsets, or may be obtained froman analysis of the total data
stream Thestgied is ehosendor the anafsinefithabidogied samples. t hree or nore val ues such
that the position of the vectors in an n-dinensional space is

di scri m natiar.y t&im@ﬁmyb'fﬂimvgﬂlim{zo states even when individual val ues may
not be discrimnatory. The nol ecul es of interest may be any rel evant

bi ol ogijgal mater. al %@élt%%%ﬂfg?%%kﬁhé@ﬁ@ﬁ%?@ﬁgc_?ﬁéery AhddsAnkY

expressed), peptides, phospholi pi I'Scrimnatory

patterns t i | gl.nat e i.ol.qgi cal state are often snall
subsets of m%%rgpﬂﬁg %gﬁgﬁﬁﬁ?%éﬁﬁ'@? Soet@yglyﬁgens PR I(Tetﬁ? 9@3@%8}%%55%1;10 al 8
WO 02/ 06829 PCT/ US01/.22447 . . ..

molecules 1n biological samples that are potentially diagnostic in nature, or predictive

of a biological state. In one embodiment of the invention such patterns of molecular
expression are patterns of protein expression, particularly patterns of low molecular
15 weight proteins (i.e. less than 20,000 Da). Such hidden patterns of protein expression
may be obtained from only a sub-set of the total data-stream provided to the
algorithm, severa} ‘si\ibsets, or may be obtained from an analysis of the total data
stream. The paftem can be defined as a vector of three or more values such that the
position of the vectors in an n-dimensional space is discriminatory between biological
20  states even when individual values may not be discriminatory. The molecules of
interest may be any relevant biological material such as proteins (full, cleaved, or
partially expressed), peptides, phospholipids, DNA, RNA, ez:c.
The discriminatory patterns that discriminate between biological states

are often small subsets of data hidden in the larger data stream derived from physical

\



or chem cal analysis of the biological sanple. Thus, in order to find such
discrimnatory patterns that distinguish between biol ogical states, a neans
for findiwgozeds20pti mal set of features that make up the HCE/U]ESi)lvrjz?mzt gry
attern is required. The jnvention incorporates the process for finding

Ito his opti mefT ml??fa\“@&fﬂ%?@?? biglegiea sampleo Thag dn ardsr tefirbsuchn et hods f or
discrimnatory patterns may be used to practice the invention with varying
degrees of dbairinpiorppattemssthatodisinguishdseveen bialojgical lstatesas ment for fihdinged t o,
statistical nethods, stepw se regression nethods, |inear optimzation

met hods,  etan optionu? eey of fedtarel Gat ake B IHREEHRINA0S PRt Fhrddik@neni n t hat
they are often linear, at least in their sinple, well-known forns such as

[ tivari at; i j [ FSL t end
ot 10 e aportdfidhiec fork e b ORS for PRI maP bt Rehiel) ARGbE:

e nu

i ndependent .abl es..a stati.stical .model cap succesgsf ul enplay is
genelroal ﬁy toéﬁf@%p%lsgge&m 0 Stqrga&cpwa?waa%?qngglapfﬁﬁutseci)% W?&ge € six. The
preferred enbodj ment. uses a met hod that couples the genetic algorithm an
evol ut i onarVEEip IR YBRngEeases olflassidicpijon Bicaessadhpseiinadugm buiaranot
recognition 15 algorithmto efficiently find the optinmal feature set. See
U. S. Pat entlimised focstetisical methpéds stepiiseiregressidubnetbodsp lin€r aptiiiatiat i on,
(filing date: June 19, 2001, claimng priority of application Serial No.
60/ 212, 404, méthbés] efbuHiovider, 206i8ical Methode hivackodiedh@ares BYthihihgy hravent i on
consists of two related heuristic algorithns, a diagnostic algorithmand a
| ear ni ng al genilidess, aflleast G B@AGEHHIE, wakAbWR kM ibSa9anehatiad iyt he
application of the learning algorithmto a |earning (or tlral ni ng da]'Ea set.
The | egpni . I : . ol.oqi sanpl es or
ahi ch e Bogr e s gt S E e olqtelTiehd ST BL RO G SRR for d
di scover operat.i o For.instance,, the Jearning data set may conpri se data
t aken frgmlfrﬁgr (zaé?'a?h% by P%B?%de Y*ﬁlagﬁs astatsiqal modelsiag susresitalbnosi s,
e.g., a benign tumor and a 9 WO 02/06829 PCT/ US01/ 22447 )

employ 1s generally ten or less, with a practical preferred limit of five or six. The

preferred embodiment uses a method that couples the genetic algorithm, an
evolutionary computation method, directly to an adaptive pattern recognition
15 algorithm to efficiently find the optimal feature set. See U.S. Patent Application
titled “Heuristic Method of Classification,” (filing date: June 19, 2001, claiming
priority of appl'ié%ﬁgn Serial No. 60/212,404, filed June 19, 2000).
bne method disclosed by this invention consists of two related
heuristic algorithms, a diagnostic algorithm and a learning algorithm. The diagnostic
20  algorithm is generated by the application of the learning algorithm to a learning (or
training) data set. The learning data set is a data set formed from biological samples
for which the biological state of interest is provided for the pattern discovery
operation. For instance, the learning data set may comprise data taken from the sera

of individuals with an established biopsy diagnosis, e.g., a benign tumor and a
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mal i gnant tunor. This would enable the learning algorithmto find a
signature pattern of proteins that could discrimnate normal from

cancer ouwa@eressganpl es. I n one enbodi nent, the nmethod accpPeTiUR@/X2¢47t he
invention begins by subjecting a biological sanple to a high throughput
physi cal ormghgnentaimandhissieuld enable thoteirming alpatithns to fmda siSnattredattarnst r eans
include, but are not limted to, nmass spectral data of proteins found in

t he sanpl e affproteinstthat cotldelisiiininaé nofiied foybeanderdas s@dsdnipladd array of
different test polynucleotides. Generally, the data streamis characterized

by a l'arge nunber (1f (QQQnﬂfodﬁHétﬁ_th@fneﬁﬂH%@%eringg% ﬂ‘féiiﬁ%nﬁgﬁ pesAsH@ted in a

way that allow for the correspondi ng individua tumin data streans of

met hod 15 CRURSTaG  Siaoed] R p ik ol R buigh SRt S AR
b 2 d 20100 ' |y b d ..208 h [
char act o | S ittt Sl Ra lredoe PR g pfor BATER 1. RESaBesak oam

into a vec':fi)r |8 ternmed "abstraction.” In the present enbodi nents,

abst r act i orf3t&ofipyolsnsiiy the sarpnle et indhe bitensity eRMRN hipetidiggtiongeent i ¢
intensities fromthe data stream The second step of the diagnostic nethod
is to deteraayeofidiffentmtabst pofynuelegtidedatGenetallyt the dofaestresn incharedrized Bat a
clusters are mat hematical constructs that are the multidi mensional

equi val ent sa lafgenmumtey €10,6000rmgorepitiateasitiedivhich sRdocnbmbedi i atviy th¥eEloN
space. Such data clusters are known as hyperspheres. The | ocation and 20
associ at ed fat 8@QfeSpRAbin@ardiviiRhBlfli ¢ &ta bﬁeaﬁﬁtﬁdﬁ?fé}@l?s feQ%0 Fga.r ni ng
algorithmfrom the training data set. If the vector of t 8 i ol ogi cal
sanmpl e 1y esaifgugn @ known cluster, the sanple is given the diagnosis
associated wth that cluster. If the sanple vector rests outside of any

known cl uster a diagnqsi n b de that the sanple does not neet that
classification cri tepﬁée %Fgé%%?FqlgalagnwlcﬁF%é‘gg?l?‘@@e&t"fﬁpé,’-eis.aé. , an 10
WO 02/ 06829 PCT/ US01/ 22447

ordered set of a small number (between 2 and 20100, more typically between 5 and

o

208) that is characteristic of the data stream. The transformation of the data steam
into a vector is termed “abstraction.” In the present embodiments, abstraction is

15 performed by selection of a small number of specific intensities from the data stream.

The second step of the ‘diagnostic method is to determine in which, if

any, data clustér ;the‘ivector rests. Data clusters are mathematical constructs that are
the multidimeﬁsional equivalents of non-overlapping “spheres” of fixed size in the
vector space. Such data clusters are known as hyperspheres. The location and

20  associated diagnosis of each data cluster is determined by the learning algorithm from
the training data set. If the vector of the biological sample lies within a known
cluster, the sample is given the diagnosis associated with that cluster. If the sample

vector rests outside of any known cluster a diagnosis can be made that the sample

does not meet that classification criteria or that it is of an unspecified atypia, i.e., an

A

10



"atypical sanple, NOS." For exanple, if a biological sanple taken froma
patient does not neet the classification of a malignant state for a

speci fi eavaanaese it will be classified as non-mali gnant poDuseiemal or of
an unspecified atypia, "atypical sanple, NOS." 5 The |earning algorithm
utilizes a ‘ttyri¢ahsample, WOSKnGonexaatphe ifd biokigicat smmipie gikes franda patiznpr e- set
paraneters. The user pre-sets the nunber of dinensions of the vector space

and the si zdvbeshot Meetdind elagifitation 6f a Tialipaadl kidte foh2 sHREAcafBRGE WIS b
normal i zed vector space such that the variation of intensities in each

di mensi on i gassFRASS ABA-maligHint oS08 #r O ah ﬁﬁﬁp@hffﬁﬁ%{yggfnfagﬁi&i(&’ ged as a
S g Int

m ni mum percent 10 simlarity anong the vecto resti w t he cl uster.
I n one enbag; t, the learning algorithmcontains of two generic parts,
whi ch have ‘been devel oped by others and are well known in the field - - a
genetic tion in Natural and Artificial

algorithm (J.H Hollan apt
Systens’ MT Press 1992530Hi# g%ﬁ‘i“%ﬁiﬁﬁ?ﬁ mynafipnAtikpewp apathsmatical
recognition system (T. Kohonen, 15 Self Organizing and Associ ative Menory,
8 Series i ricsimigiesard bro mersehpaametsyy | Thyawer prersets ghe mogher oRkdimeamsions T,
Sel f-organi zi ng Maps, Springer Verlag, Heidel berg 1997 ). Genetic
al gori t hns drthavécke sanct anddhy siee obihp date cligteas. SEypically, the vebteyspaee & a
i nformation conprised of individual elenments that can be mani pul at ed

t hrough a menplitervedtor ¥pate Radhihal ths @hefion@T intBisdERSH eachUilendibieispr esent
invention, the search for hidden or subtle patterns of nolecul ar

expressi on doaghnt@rhus,) te 826 oPfhelcNRMR BhY B8 ex Bt RENRSS Mnfnimufh n]gél'géfn'tt atively

different fromthose generated by prior art inplenmentatio | ear ni ng

i fierent from those ge y prior art i npl ementations of |e:
data i 4 ng nael Rty EASCRA PR BT | Toatcts that are

indicative of a classification, e .. proteins.or 11 02/ 06829,
PCT/ USO1/ 22447 n one emboglmen’c,g[he legrncl)ng algori conta\llr\g of two generic

parts, which have been developed by others and are well known in the field - - a
genetic algorithm (J.H. Holland, Adaptation in Natural and Artificial Systems, MIT
Press 1992) and a self-organizing adaptive pattern recognition system (T. Kohonen,

15 Self Organizing and Associative Memory, 8 Series in Information Sciences, Springer
Verlag, 1984; Kohdnen, T, Self-organizing Maps, Springer Verlag, Heidelberg 1997
). Genetic algdrlifthﬁ;s organize and analyze complex data sets as if they were
information coﬁprised of individual elements that can be manipulated through a
computer driven natural selection process.

20 In the present invention, the search for hidden or subtle patterns of
molecular expression that are, in and of themselves “diagnogtic” is qualitatively
different from those generated by prior art implementations of learning algorithms or
data-mining techniques. Previous implementations of data-mining have identified

specific molecular products that are indicative of a classification, e.g., proteins or

11



transcripts that are el evated or depressed in pathol ogical conditions.
Thus, the level of the identified nolecular products is terned per se

di agnost iv0 obesause the | evel of the product is di agnostPCTASeMT any
further consideration of the |evel of any other nolecular products in the
sanpl e, ot HERSEHRts that ereglevated-esrdenressedrin pn@n@ewa@orpnMGthﬁs, thedevils used
to normalize the | evel of the nolecular products. One exanple of such per
se di agnost¢ﬁihﬁtdeabﬁb<amoiﬁcohtupt®uaus®s teumet perge KimprostiBybavauderthsievel of t he
data cluster analysis according to the invention, the diagnostic

si gni fi cancthe fodubeisldiapmbstf withyut Bay Firthet @dnsi&fdﬁ%ﬁ,of theJevel f REPS@EN OF
transcript is a function of the |evels of the other elenents tthat are used

to cal cul atﬁofe@@laﬂ&oﬁﬁé@k ¥S&hple; s ot Mar%@rﬁéﬁétasnoﬁnﬁlé&ng%w?cgﬁa% ﬁ'cgﬁf fer as

cont extual di agnosti ucts I'n prlor

data-m i n 8 n i cal | e of
inter es'[SI agtgatt gng‘%dgtgﬁﬁpﬁélh%atk’% fSRSR‘B% Leg Iaf“ﬁt g%"i‘l?l?lga% Bupi ngs of
t he bi ol ogi cal Ie conpared to the specifi d dlagnostlc nmol ecul ar
product s. ?/a?‘ Wctr?l‘gg YRFHOGYSTES are HENOIgB#KeTg al gori t hm di scovers 15
whol 'y new cl assification patterns w thout know ng any prior information
about the identity oPByeenteastdndieidsts desterrraalyais aceading tortheiinveationmhe hout
prior input that a specified diagnostic nolecular product is indicative of
a parti cul atiagioais siphifebnerof tHhieverof aan paritiovlaninarker, iess. | ¢bin o1 part, on

t he unexpect edness or non- obvious discovery of finding hidden contextual

di agnost i ¢ tpaistestis a fitnctioR bl 18RISHBRS bﬂlbﬁéltexh%s it fres us&évﬁo HRIROHS Of
mal i gnancy I n cancers such as carci nomas, nel anonas, | homas, sarcomas,

bl ast ongs, gaﬁ#}f@‘% 106829
PCT/ US01/ 2244 I &?&Dgg‘gﬁkﬂﬁﬁmscr [ pq%&%flaft#gg ?\1’\1}8&@?1\@%%3@ nvention
conpri ses aﬁroguc%sa t’f hL% n Igjnaotr?mf)fer ARHORS O c?a%gﬁllmr}gg Itecﬁmques the likeness

between the biological sample of interest and the learning data set was based on the

specified groupings of the biological sample compared to the specified diagnostic
molecular products. However, in the invention, the learning algorithm discovers

15 wholly new classification patterns without knowing any prior information about the
identity or relationships of the data pattern, i.e., without prior input that a specified
diagnostic molééﬁlé;‘ product is indicative of a particular classification.

‘The present invention is based, in part, on the unexpectedness or non-

obvious discovery of finding hidden contextual diagnostic patterns to yield a

20  classification, e.g., the diagnosis of malignancy in cancers such as carcinomas,
melanomas, lymphomas, sarcomas, blastomas, leukemias, myelomas, and neural

2
7

tumors.
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bi ol ogi cal data (or conbi nations of data streans representing the

bi ol ogical data with <clinical, health, or non-biological data) and

abst ract ivodopbesthat data into characteristic 5 vectors; bpCTHSIdi2840very of
hi dden di agnostic patterns of nol ecul ar expression (i.e. pattern

di scovery) ;T\and Dytailed Descriptiop ofthenbémsiongi cal state of interest such a
pattern of nolecul ar expression represents. The nol ecul es of interest may

conprise, but are noThd inveitish dotnprizeod)eiretting Reatal st@8m rEesenBftheet C. The
bi ol ogi cal sanples conprise, but are not Iimted to serum blood, saliva,

pl asma, ni ppbRgaHPHdta rooniREoh@bf ddtalittims HobrERLARE AR ABkic '(ﬁéitad\%ith sweat ,
urine, fecal matter, tears, bronchial |avage, swabbf ngs, eedle
DL Lant as: oIRAUE heall A UrdSh HiAIHENR, aaft) S LATLR ot il o 11 RRLRRLEE)

states of interest nay be a pa c dragnosis, om% sta ,Icefficacy

of a drug, proanqgsi f a disea t age. of _a di sease, . biol ogical, state of
an or ga'r.#,g p‘rpeecgog?’f%z ﬂief &llgcoa/g{yhg‘égic?epéﬁabg'ngstgz RﬁﬁFU@)o,%mco Seular e3PISESighE or  nor e
drugs, etc. 15 The invention may be used for the diagnosis of any disease
in which chRAGESISPVERR: agse) dstermming whish brological statecefintgrest sushaqattem | i ke
proteins allowit to be distinguished froma non-diseased state. Thus, any
di sease t ha?f helscuangxpeassion senrpssntsn Thie mokénudds of itteregfemast ¢ommbegbutatd ty i s
expressed, one in which the expression of drug toxicity is observed, or
one in whi ciottinetdderoghrotenfs, peptides) RA6A | DNAhetch Gty bivlspied] kaaprs comprie 20
studied by the current invention. Such diseases include, but are not
limted to,bh@aReRstSimilddad GbmtBiod BIieA YR, h%ﬁﬁ%ﬁ@aﬁlﬁ, Q?ﬁ&iél%% n's and
non- Hodgki n's type), sarcomas, blastomas, |eukem as, myel omas, and neur al
t unor s, jpsuc, oL W t o LIEen i rfhritis,

ol oner o orpery B PR, S wlbtokal il S o G35 PR

PCT/ USOl/2244(71 Ex.a%RI es of car.ci ngs incliﬂ?&%, but are not limted to,
car ci nomas SFAIEHSPIEARS sspEen, VR@B?@{I $ Prepaciic|éfg; gastroi nt esti nal

carci nomas. The present invention is particularly valuable for the

di agnosi s of The biological states of interest may be a pathologic diagnosis, toxicity

state, efficacy of a drug, prognosis of a disease, stage of a disease, biological state of
an organ, presence of a pathogen (e.g., a virus), toxicity of one or more drugs, etc.

15 The invention may be used for the diagnosis of any disease in which changes in the
patterns of expression of certain molecules like proteins allow it to be distinguished
from a non-diséé{ééci state. Thus, any disease that has a genetic component in which
the genetic abﬁonnality is expressed, one in which the expression of drug toxicity is
observed, or one in WhiC;h the levels of molecules in the body are affected may be

20  studied by the current invention. Such diseases include, but are not limited to, cancers
(carcinomas, melanomas, lymphomas (both Hodgkin’s and gon-Hodgkin’s type),

sarcomas, blastomas, leukemias, myelomas, and neural tumors, such as glioblastoma,

etc.), Alzheimer’s disease, arthritis, glomeruulonephritis, auto-immune diseases, etc.
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specific diseases for which early diagnosis is inportant, but is _
technically difficult 5 because of the absence of synptoms, and for which
the di seaseoness2be expected to produce differences that aperTaistiextsbl e in
the serum because of the metabolic activity of the pathol ogical tissue.
Thus, the eB¥amples elipserinemas inpliile, dharginetlimited to, parcimamys of the penarkas he use
of the invention. The particul ar conponents of the invention are descri bed
bel ow. 10 lidney; Huer amd lofhig; tghstrddaestingt casinombe data stream can be any
reproduci bl e physical or chem cal analysis of the biological sanple that

results in a high thrughestnt daeaid & pamiculdig VaRablk Yor thh @iaghbgdloft hr oughput
data streamis characterized by 1,000 or nore neasurenents that can be

quanti fied dyacifik diRARE fdr WHitH eﬂ%di%%%%éﬁ?ﬁg?%&rt%ﬁ %u’?fsqgﬂhiﬂc%ﬂ? ﬁg{ik@ﬁr es) and

nore 15 preferably one part In exI’st nunerous s for the

ratizon Sk el n_one e di t, of. the invention when the
ol ccul o afrF of Bl fRTRS sy PaBRS. SIBEH RS tisteshmeg berpEi o mass
spectra of proteins may be used to_genefate a data stream Nore
s Beci fical |18?89F§t£’§?€e’é‘ze§ it%‘%%’fé‘c”? G&e&éﬁb?@é'sté? g becasise ohibe sreteholis agtivityt | i ght
(MALDI - TOF) and surface, enhanced |aser desorption ionization time of
flight 20 (Stherathradpgicaliissue. oEmspihe vayy ieguesischfihalignahseswt e primsy of
interest are proteins or peptides. See generally WO 00/49410. In one
enbodi ment ,foSE ditha @k ofdlye inwentimed t o generate data streans for biol ogical
states representing toxicity, and detection of pathogens. In yet another

enbodi ment, data str epEpaIIoLIRCORPORERS SLthy fiveiG ik akbiibalBibl ed gene
expression (SAGE) for gene expresSion classification. In 14 W 02/ 06829

CCTL LSO 22447 RO CHpiaenin dotdst o> T be gener s d using 2.0
For clinical pathol %% (iart]a? S era%f c?a%%%n? ?épirg(ﬂ}cib?g &%lls?caI grr ch%pn?clz ?uilaﬁyéiss
of the biological sample that results in a high throughput data stream. Preferably, the
high throughput data stream is characterized by 1,000 or more measurements that can
be quantified to at least 1 part per thousand (three significant figures) and more
15 preferably one part in 10,000. There exist numerous methods for the generation of
data streams. In one embodiment of the invention when the molecules of interest are
proteins or pepﬁélésj “time of flight” mass spectra of proteins may be used to generate
a data stream. More specifically, matrix assisted laser desorption ionization time of
flight (MALDI-TOF) ana surface enhanced laser desorption ionization time of flight
20  (SELDI-TOF) spectroscopy may be used when the molecules of interest are proteins
or peptides. See generally WO 00/49410. In one embodimfznt, SELDI-TOF may be
used to generate data streams for biological states representing toxicity, and detection

of pathogens. In yet another embodiment, data streams may be generated using

serially amplified gene expression (SAGE) for gene expression classification. In

\
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serum However, biopsy specinens that are relatively honogenous nmay al so be
used. 5 For certain disease states, other fluids can be used, e.g.,

synovi al wouozebsemy be used in the differential diagnosispof/usetrdzmdznti s or
urine in the differential diagnosis of glonerulonephritis. The particular
prot ei ns t kame aireurnstahaes,athtd siregins ey BEeDiratedmsng@-DNIOsuch@s téeral ysi s
depend upon the surface or matrix that is enployed. 10 Lipophylic surfaces

such as C E@neiskcabpsiyadraaaidagd cRarbplouisas (2D-PABENI ent  conpared to
anionic or cationic surfaces. However, those skilled in the art wll

appreci ate that nulti %ﬁﬁi@@l%ﬂﬁlé‘g@{‘tl@%r&’@ﬁ@dgét@ﬁt §nepne Fans@se isanpl e

using different surfaces. These spectra can be concatenated to yield

"super spectra® Vﬂ&&&ercﬁg%%@@ﬁ-{%%gﬁt a6 9&5@&3}?{«9}%@%@% B4§ b usld kew se,

data from tWo Or nore hi put assa s can” al so be | oi ned
whi ch can bhe anal.yzed by the invention. Furthernore, . hi.alogi.cal data as
doscr i beq AT EATLY ArceRerie. eUfF 0% BRhes s chpRr Ll e yeed

non- bi ol ogi cal data. \Watever surface, matrix %rérconb nation_of surfaces

and mat ri xdéke diffsrentigl Gagnpsispl aghets orgine inthe diferegtig dagwsisvd ensure t hat

the surfaces are uniformfrom 20 one biological sanple to the next. The
dat a st r eaglamerulinsphritisc] ude neasurenents that are not inherently

organi zed by a single ordered paraneter such as nol ecul ar wei ght, but have
an arbitrary order. THysutidiNs proteineatak a ifcltded inaithed SRLDBNOBUAY measur es
the expression levels of 2,000 or nore genes can be used as a data stream

when the tiﬁﬁ%@l@%&?ﬁ%&%ﬁdBﬁ?ﬁ{ﬂ%@%&{f&%ﬂclﬂhatﬁ@m@sé;ﬁplayéai.opsy speci nen,

recogni zi ng that e order of the individual genes in the data streamis

arbitrapy. iHORGHRKih&d shéh 48 18%halth blrrRBPLR phAlcfIak R Abnt i P! N Wi th
compared to anionic or cationic surfaces. However, those skilled in the art will
appreciate that multiple spectra can be generated from the same sample using
different surfaces. These spectra can be concatenated to yield “superspectra” which
can be analyzed according to the invention. Likewise, data from two or more high
15 throughput assay methods can aiso be joined which can be analyzed by the invention.
Furthermore, biological data as described in this invention can be joined with clinical,
health, or non-bibld’éical data.
Whatever surface, matrix or combination of surfaces and matrixes are
to be used, great care mﬁst be exercised to ensure that the surfaces are uniform from
20  one biological sample to the next.
The data stream can also include measurements that are not inherently
organized by a single ordered parameter such as molecular weight, but have an
arbitrary order. Thus, DNA microarray data that simultaneously measures the

expression levels of 2,000 or more genes can be used as a data stream when the tissue

15



avai | abl e commerci al enbodi nents of the instrunents, the description of the
5 invention considers the generation of the data stream from a bi ol ogi cal

sanpl e amdovhess2abstracti on of the data stream based on ther/@wpti/ared7 | ogi cal
chronmosone to be two separate processes. However, it is apparent that only
routine desigpledhabipsy wdtiten, addoguizingrthathie orasef the thdividual genestin kltesel f t o
performthe abstracting function. This in no way changes the contri bution
of the inventPRahqs sibard di agnostic method and the 10 clains are to be

construed as allow ng the abstraction and vector analysis portions of the

cl ai red di agnosti ¢ maod iRl (e ViR eaflicid: 54 RALIGOFRNTHeNO devi ces.

It should be noted t a single data streamfroma patient sanple can be
anal yzed for .multiple diagngos usi t. of, e.in ion. The
addi ti onal av%tg%{le ‘béfm@ﬁ’tcf??gﬁﬂ%f’%sfﬂe@%aoﬁg]ilvgggﬁ%@ggh%%es%gr}?t\lfénaﬁx/fetgec ause the

steps specific to each 15 diagngsis,.are conmputationagl only. B.. Th

Abst racg i ofovepfign gQusiders thefgepgrptioy ‘éfﬁﬁ? Ea@ﬁggﬁ’i‘ g’@ﬁb% ’lol’,"gb‘i%éaé%@e ‘?’E}We
invention is the transformation or abstraction of the data streaminto a
char act er i sbiteactien o6the dpteestrgamebaserbgn the optimaklegisat ¢hyomesames fohsdweri or to
abstraction by assigning the overall peak an 20 arbitrary value of 1.0 and,
thus, all cetheatepodotbsesi Hostevanilis apparsas thaFonly esatinel desigh khoitéseventdodi ment
in which the data streamis generated by TOF Mass spectra, the nost sinple

abstract i oniefy e BESuSRE Rt EQREI §S fer@irmi the a5@taeEhd fcidn. aTigsH |
nunber of data points. Those skilled in the art will recognize that nore

er of da ose ski |l ed _
averages odnrnafbe TUEHLRAR LT (B gEr BB e R T8

suns or, differences ,bet ween .dat oints that.are at predeter j stance
from a0sel% ad?’é&repﬁocheoﬁoﬁﬁ%uegaﬁsgﬁﬁ&%%e QARG S, @r 8’? aﬁY%Sepn‘]i’rﬁg lgsnogt: ty

val ues of the data streamcould al so be used ,?fnd are expected to function
equi val ent Ithe elgimeskdiagnastie method to be performed on different computing devices.

It should be noted that a single data stream from a patient sample can be
analyzed for multiple diagnoses using the method of the invention. The additional
cost of such multiple analysis would be trivial because the steps specific to each

15  diagnosis are computational only.
B. The Abstraction Process
“The ‘\:‘fhirst step in the diagnostic process of the invention is the
transformatioﬂ or abstraction of the data stream into a characteristic vector. The data
may be conveniently normalized prior to abstraction by assigning the overall peak an
20  arbitrary value of 1.0 and, thus, all other points fractional values. For example, in
the embodiment in which the data stream is generated by TQF Mass spectra, the most
simple abstraction of TOF mass spectrum consists of the selection of a small number
of data points. Those skilled in the art will recognize that more complex functions of

multiple points could be constructed, such as averages over intervals or more complex
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abstract illustrated in the working exanples. 5 Those skilled in the art
w Il also appreciate that routine experinentation can determ ne whet her
abst ract ivom obyeseaki ng t he instantaneous slope at arbitrargr/psewsscoul d
also function in the present invention. Accordingly, such routlnely
avai | abl e wamp gt fisfesenses batwesn daiaspointsdbpt e mﬁ%jieg@@m slistance B A n” t he
scope of the invention. 10 C Pattern Di scovery Pattern discovery is
achi eved byelected poistype tifte geinasSublhsongbad of thetitensiSumims pf theslata.  However
in a preferred enbodi nent, the pattern discovery conprises a diagnostic
al gori t hm apeam ch@drion? WBetdaid drbBxpctiudo firttion dquivalentpr @ahé simpld hi s
enbodi ment of the invention the routine practitioner nust develop a

di agnosti Caﬂ%ﬁ{ﬂ%&&@@‘iﬁemﬁ YeRem@ed. earning al gorithm To enploy the

| earning algorithm the routine practitioner-uses a training data set and
must selLect two para i the data cluster
size. See U. S Pat en%%@?g%({]ﬁ%gmlggg ﬂér%&?%ﬁﬁ%%w@{?%od of
Classification,” (filing date; ne 19, 2001, cl .priorit f

appi i cat | oIPEEITERE CcleETRor I Fb S AL U BRIEIB S P pe

enbodi nent, the |earning algorithmcan be inplenented by conmbi ning two

di fferent taypeitrasy ppintd aaild/alse inction the pesser itvsntionr accoingly, siehe  been
devel oped by others and are well known in the field - a genetic algorithm
(J. H  Hol lramghely’aniiubleivariationsé theriflhsteatd Workirfg examipleSyst within thd ope ess
1992) that 17 WO 02/ 06829 PCT/ US01/ 22447 processes a set of | ogical

chr onosoneg)r hdinkagdnl fy an optimal |ogical chronosone that controls the
abstraction of the data steam and a adaptive self-organi zing pattern
recognllbl on system ( :Stern Di n, Self Organizing and Associ ative
Menory, Series in n*orma on SCI ences, Springer Verlag, 1984; Kohonen,

T. Self- or gani zi ng Pattern discovery is achieved by numerous methods as discussed in the

Summary above. However, in a preferred embodiment, the pattern discovery
comprises a diagnostic algorithm and a learning algorithm. Thus, in order to practice
this embodiment of the invention the routine practitioner must develop a diagnostic

15  algorithm by employing a learning algorithm. To employ the learning algorithm, the
routine practitioner-uses a training data set and must select two parameters, the
number of diméﬁg'ic'i}rls and the data cluster size. See U.S. Patent Application titled
“Heuristic Method of Classification,” (filing date: June 19, 2001, claiming priority of
application Serial No. 60/212,404, filed June 19, 2000).

20 In one embodiment, the learning algorithm can be implemented by
combining two different types of publicly available generic §oftware, which have
been developed by others and are well known in the field — a genetic algorithm (J.H.

Holland, Adaptation in Natural and Artificial Systems, MIT Press 1992) that

17



5 Maps, Springer Verlag, Heidelberg 1997 ), available from G oup One
Software, G eenbelt, MD, which identifies a set of data clusters based on
any set ofovpadsey s generated by a | ogical chronosone. SpeciAseizd2kar, t he
adaptive pattern recognition software maxi m zes the nunber of vectors that
rest in hormg&s@samﬂﬁlagméltmrcnm@,omes te identify arsomimsaltlbgitalcbromaisnmeect or s of
the I earning set having only one classification type. 10 The genetic

al gori t hm eBaeBhirdk ke dbBtadtioh o thd daer deing afdi Blaptivk bl hofatizings pattdre
cal cul ate the characteristic vector. However, in keeping with the

nomenc at Ugedihitlol Gy @b (sde 9. kbfibned! Séw@rg%mz%gf&ﬁammaﬁvetﬂe;hsr}ssl ected is

ter med a | Ogl cal ronosone. he Ogl cal  chronosone contains as many

‘genes” as d, ? ug@maf%og%@éhc%&];%ﬁfngagte {ggﬁé%i ?{d hif V8% Jﬁ(frrgaégz% set of

the appropriate [ o I’cal oS ofte

provi ded o t hat no ne .of, chr. i s dupli.cat ed. The

or der g R@Z@eg%n%ﬁﬁﬁgﬁﬂﬂab?régﬁgzgwag ggf’??ﬁ‘ﬁf‘?@r’i‘ @@gﬁv

al gorit hms can be used when two conditions are parti cul ar sol ution
to a probl &epabslt, MD,apieh idgntifiesagst abdasaiclysters b§§ftd Qi‘rané’tsﬁi ¥fgrestorDo fi xed
size of discrete elenents, which elenents can be nunbers or characters, and
the 1 The geaemtekickqia:lagicalmimmm. i Spasitfemdllyrthe adaptive pattermirechguigingt i ¢

| earning al gorithns because the | ogical operations of the algorithmare
anal ogous tgeftwafhaguiidsahe manbda @f vedtors e aesD inledrhepgenena dati cdiistes, i efher e

is, of course, no biological enbodinent of a |ogical chronosone in DNA or

ot her wi se. Fingeg8Rekdfaink/eabR d}%@ieg;%ﬂgto PBavihg 419 oh& VR i@MHoRFHeDUr el Y
conput ati onal devices, and shoul d not e confused wth schemes for

st i nasEan be T ccombl Rt JEBHaFT e R Bt R e o1 o

to calculate a n rical value f the | ati ve rit of, each sol ution,
namely its ysed gaic ate the characterlst?c vector owever, in keeping with tGhe

nomenclature of the art, the list of the specific points to be selected is termed a logical
chromosome. The logical chromosome contains as many “genes” as there are
dimensions of the characteristic vector. Any set of the appropriate number of data

15  points can be a logical chromosome, provided only that no gene of a logical
chromosome is duplicated. The order of the genes has no significance to the
invention.

Genetic algorithms can be used when two conditions are met. A

particular solution to a problem must be able to be expressed by a set or string of

20 fixed size of discrete elements, which elements can be numbers or characters, and the

! The term logical chromosome is used in connectiorf with genetic learning
algorithms because the logical operations of the algorithm are analogous to
reproduction, selection, recombination and mutation. There is, of course, no
biological embodiment of a logical chromosome in DNA or otherwise. The genetic
learning algorithms of the invention are purely computational devices, and should not
be confused with schemes for biologically-based information processing.
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Under these circunstances, the details of the genetic algorithmare

unrel ated to the problemwhose solution is sought. Accordingly, for the
present iw@enodsen any generic 5 genetic al gorithm softwareCvagoiR4enpl oyed.
The al gorithnms PGAPack |ibraries, available from Argonne Nati onal

Labor at or y sirings gan bésteeombhoed ¢@yield frthersobftionheOne tmustalso bf akdeilo parti cul ar

| ogi cal chronbsone is discussed below. In the illustrative exanples, a
traini ng datlkeuktta fimehalvaldoof hamlhtve dattofehcletimion satislgdts femsh. sanpl e
data stream contai ni ng about 15,000 data points. 10 The genetic al gorithns

were initialjgemhedd difualeibest 1RAR B HHHY enbOSBHYithRLE BhrefdDEREOTES. AS

the al gorithm progressed, thé nore fit |ogical chronosones are duplicated
and the le ' inated., T i ' ' cal
e omosome e oS pAb RSBt ARk Gelsin, FEARE A RvchEb G el 12
element _ of a |ogic chronosone. It js not, an essent] f ure of the

i nventi én tgﬁ%?mt'fﬁ@r%mi Sﬁ%tf”la%ﬂ gy E%F’@Eitogﬁacbilq ?35?‘?1 S?@‘%%ﬂ&?i@rfar@m onpbsone
be random Certain prescreening of the total set_of data streans to
identify tlasailabiafrempiviganee NationahLebmsatarygis suitable, aFhegslqulatipnpd ghesfatngsses ul |
al t hough such techni ques may al so i ntroduce an unwanted initialization
bi as. The héahy partiteldr logidabelrombsdmeisrdiscusssd bhiosv. pr ocess is used to

di scrim nate between bi ol ogi cal states and determ ne the desired

classification. 20 DinfkeiidatdReRxng @graitkdiﬁaF BataGesst adbek Fotsampie Scor e
Generation The fitness score of each of the logical chronosones that are

generated bty AR 8806k LSedlk prg;axr?gge I GREH R iflng FhS01G3I000!d3 Rl he

fitness score " requires an o set at a sters be gen ted for

the given | qgical,., chronosone..Data ¢l usters si mpl he |. in the
vect gr \igpa %i NGl aﬁﬁ“ﬂ“@ﬁ“ﬁ@/@%‘é%ﬁ%%@ a%@’]’t/ ﬁé@lﬁ‘?ﬁ%’ cthg?leé‘\rﬁg%’#% ;Sslti c
vectors of the training data set rest. The net h?d of ﬂenerati ng the
optimal setchgImespmesc Asdheplgonithm progressed, glﬁfmocr% i }ogiGah GERAROSMES AC wi | | be

consi dered . _ o _
duplicated and the less fit are terminated. There is recombination between logical

chromosomes and mutation, which occurs by the random replacement of an element
of a logical chromosome. It is not an essential feature of the invention that the

15 initially selected collection of logical chromosome be random. Certain prescreening
of the total set of data streams to identify those data points having the highest
variability may be &seful, although such techniques may also introduce an unwanted
initialization bias. The best ﬁtted pattern that survives this process is used to
discriminate between biological states and determine the desired classification.

20 D. The Pattern Recognition Process and Fitness Score Generation

The fitness score of each of the logical chron?osomes that are

generated by the genetic algorithm is calculated. The calculation of the fitness score
requires an optimal set of data clusters be generated for the given logical

chromosome. Data clusters are simply the volumes in the vector space in which the
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bel ow. However, whatever nethod is used to generate the data cluster nmap,
the map 1is constrained by the following rules: (i) each data cluster

shoul d bavbovedsedd at the 5 centroid of the data points thecTAUS@®/221447hi N t he
data cluster; (ii) no two data clusters may overlap; and (iii) the

di mensi on ohareatetistiel westoes of the trhiminpodatamdet raxtl Viechethod pAgencraingithed prior to
the generation of the map. As stated above, to enploy the | earning

al gorithm ophifal RUbf 8fa cCRERES ik hbOsRIcaNdShe MSentivonl DAMAIING coAdiders@t and
sel ect two paraneters, the nunber of 10 dinensions and the data cluster

si ze. Bot hb%%ﬁéﬁé&r,%t r SRkhdisk H&d{t?%&ﬁé?ﬁe BPERA Hﬁ&%ﬁhh%’,?h% Alphough

there is no absolute or 1 nherent upper t on the nunber i nensi ons
in the vector, the ar,ni algorithmitself | r i m e nunber
of i mensi Sr@pi B A AP ImEieabiebnd H:Ahs RS SRR bl b, 0T00
|l ow or the size of the cluster_.is.too. |large, the. learni algorithmfails
to gene? at €eniFppd pgﬁae@ara posnts H%%Hs%ﬁiwhpﬁa‘i% clusieredip pg tep gg@i“i‘gteé’f ma¥anpl es
into honmogeneous clusters, and conversely if the mnber of dinensions can
be too | ar geerldpnded (ilihthe dimersionsofaack clustehin the apmmialigedhvestor sphen igéixed at es
many | ogi cal chronosones that have the maxi num possible fitness early in
t he | ear ni pgioptodtiegenertibn gftbomdpngl y, there is only abortive selection.
Simlarly, when the size of the data clusters is too small, the nunber of

20 clusters will be fw&le&go@epﬁo%cﬂrom@_léwﬂhgm%@ﬁtmrméﬁﬁlﬁh@ the training
data set and, again, the routine practitioner will find that a | arge

nunber  of lp?%itiﬁghe{rqgﬁsg @é? %ﬁ\i&l%%t& sé@iaﬁél gel&g %wggéxlamé@ré, b DfiRber HROSE

skilled in e ar nders a training a set ‘can nearly al ways
be assigned.into ho eneous, data clysters. Thus, the value aof the

di agno§8 i 0%1@6“%3@%8[6"8%8&‘ %ﬁ?’iﬂ@t/%ﬁ@? Iordn i ETRe ﬁquﬁ ®by a

| earning al gorithmnust be tested by its ability to sort a set of data

ot her t han eKp@imeniatian, A leaugh dhare ispabseluiecs ipfichent #pp@ dinifh gh fiewimhess a

of dimensions in the vector, the learning algorithm itself inherently limits the number
of dimensions in each implementation. If the number of dimensions is too low or the
size of the cluster is too large, the learning algorithm fails to generate any logical
15  chromosomes that correctly classify all samples into homogeneous clusters, and
conversely if the number of dimensions can be too large. Under this circumstance,
the learning algorlthm generates many logical chromosomes that have the maximum
possible fitness early in the learning process and, accordingly, there is only abortive
selection. Similarly, when the size of the data clusters is too small, the number of
20 clusters will be found to approach the number of samples in the training data set and,
again, the routine practitioner will find that a large number ol’f logical chromosomes
will yield the maximum fitness.
Those skilled in the art understand that a training data set can nearly

always be assigned into homogeneous data clusters. Thus, the value of the diagnostic
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di agnostic al gorithmthat successfully assigns the training data set but
only poorly assigns the test data set, the training data is said to be
overfitteadobyodske | earning 5 algorithm Overfitting resul pPeTWR@ER2847e nunber
of dinensions is too |large and/or the size of the data clusters is too
smal | . Thealgetithedgeeeted by dédarming blgerithinrmustfbettbmtediay #is ailityttesoita set part of
the invention. The cluster size is defined by the maxi num of the

equi val ent of §ia ofief iHaf S tralthBb@aGeet r'Wabn & Watidhg hlBeriten/dREdesiet ween any
two nenbers of the data 10 cluster. A data cluster size that corresponds to

ot S0 T R RSy Sl g BB MRl GRopon e
bt veen angids BOSERE 76 Yl QEfgRYod RGO g, e

bet ween an{*t g T ess Xi num

di stance between two points in noymal i zed vector space. For thi

cal cul a?i oﬁl,go’élﬁ\li“-lg"?%é‘ﬂ‘lﬁre§‘H§c@‘q“§L%B‘f‘Hé?ri°félHn%mcnﬁé?ctof’ fees aner each
scalar of the vectors within the training data set is between 0.0 and 1.0.
Thus nor nakize efithetdata clastensad topessllbl e - di st ance betweeri:any two vectors in
the vector space is then root N, where Nis the nunber of dinensions. The
Eucl i dean di anet er ofTheasdthal wssd ér défmetthesizOofltha datactus{eljs a Fdreofstheci fi ¢
normal i zati on of the vector space is not a critical feature of 20 the

met hod. Then/e@ti&® OTROCITRENGQEL WaSHER] BCthe thakBhurfa$ the@iquBaleatdhat i on.
Alternative nornmalization can be acconplished by scaling each di nension

00 o2t "SRl i SEBR BTy Al G eriange 21 10
g s A TR O 5 bl AR b b
2 ﬁ; ga nl)ls 2; ngis%%ag)ileb ’}”J(;[r (’EI(lje' in\%]rﬁﬁ)ntvclsen% é idarl]t? lstre?a?r& isogfengr%%eg b(;flSLlJEitDeIr-fO ?nrasgi | ogi cal
spectroscopy data. Mathematically, 90% similarity is defined by requiring that the
distance between any two members of a cluster is less than 0.1 of the maximum
distance between two points in a normalized vector space. For this calculation, the
15  vector space is normalized so that the range of each scalar of the vectors within the
training data set is between 0.0 and 1.0. Thus normalized, the maximal possible
distance betweér:lzj.éﬁ?y two vectors in the vector space is then root N, where N is the
number of dim;:nsions. The Euclidean diameter of each cluster is then 0.1 x root (N).
The specific normalization of the vector space is not a critical feature of
20  the method. The foregoing method was selected for ease of calculation. Alternative

normalization can be accomplished by scaling each dimension not to the range but so

that each dimension has an equal variance.
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5 been generated, the fitness score for that chronpbsonme can be cal cul at ed.
For the present invention, the fitness score of the chronosone roughly
correspomd@ or/assehe nunber of vectors of the training dat BCE®So2ad7 rest in
clusters that are honbgeneous, i.e., clusters that contain the

characteristic vect or'fél0$6r3¥mﬂ°§aﬁf1§hl%§t Wil fungerrespgyrathaidha galgsiream mwe
precisely, the fitness score is cal cul ated by assigning to each cluster 10
a honogenebet yorsepeé intatdgzhithmaicifesy ifftioy distimporecf Yaloenviiilon therdateostregeneous
clusters to 0.5 for clusters that contain equal nunmbers of malignant and

beni gn sanp 18gWefhalrand not A& nfally desshaedr e of the chronmosone is the average
fitness score of the data clusters. Thus, a fitness score of 0.0 is the

most fit. There is a SHRE | Y56 @lustE R TVSABR ShEadsofRN@E at e nore
data clusters, in thadtili g}%i}éetn t\/\oéi?%é)?gaﬁ lil:uﬁr on%sorre% 15h1t; hatsohave equal

nurber s, 3295%54,&%{4&%3@#@“45“% 65 AR Ao A oE A TRIME et ggner at es ¢ he

erage onngenel y score and thus a
better fitness score. referredt ue for ratln f.or generating
data cl ust@F@elﬂ@nV%lPHsgth ﬁ@%ﬁqor%?fgtgﬁ&?gﬁw%%@\gg FGOTIGRRORGS (P8l oped by
Kohonen. (Kohonen, T, 20 Self-organizing maps, Springer Verlag, Heidelberg
1997). Thi aumivpleofotectoemﬁﬂlquelmrg a $eb thalt yest réqumﬂeratham@dmmqg@nmus;vap"

("LCM') or an "Adaptive Feature Map" can be inplenented by generic

sof t war e t haf, ciustepithbi @nyaigtiei dhafateristiuveactd fomendpies hang apimpdeict s i ncl ude
Model 1 from G oup One Software (G eenbelt, MD) and Adaptive Fuzzy Feature

Map (Ameri g ?%?Bﬁb”hﬁré feclse Pihk ﬁﬂé&?sde@/lsmuﬁ&&lm}f ds6iaRingdq MR (Qudt&16829
PCT/ US01/ 224 advantages in that it is a) non- lgl near nodel i ng

met hod; 5 b) @&ogg,ﬁagfsc% whRER! ﬁ@g%z(;j&; cif @@0&?\? bsforvﬁdflﬁk%hél_%v:éﬁls'téﬂ ted; and

c) corrpare non-I'1 near t’ec ques as the
sdvantage of e 08, SOaLYS L AT JRLSELCTRNEL, BRHGISL I g 2
The fitness score of the chromosome is the average fitness score of the data clusters.
Thus, a fitness score of 0.0 is the most fit. There is a bias towards logical
chromosomes that generate more data clusters, in that when two logical chromosomes

15  that have equal numbers of errors in assigning the data, the chromosome that
generates the more clusters will have a lower average homogeneity score and thus a
better fitness sc'c;;'-e.“{

A preferred technique for generating for generating data clusters is
using the self-organiziné map algorithm as developed by Kohonen. (Kohonen, T,

20  Self-organizing maps, Springer Verlag, Heidelberg 1997). This type of technique is
variously termed a “Lead Cluster Map” (“LCM”) or an “Adgptive Feature Map” can
be implemented by generic software that is publicly available. Suitable vendors and
products include Model 1 from Group One Software (Greenbelt, MD) and Adaptive

Fuzzy Feature Map (American Heuristics Corp.). The LCM has significant
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5 in classification of biological states, viz, nutations to viruses. E
Description and Verification of Specific Enbodi nents 1. Devel opnent of a

Di agnost ive0 hDo6sE¥ ost ati ¢ Cancer Using the above-descri bedr¢rasel/x2gs7
algorithm the current invention was enployed to devel op a diagnostic for
prostati c edvantages i thgt B B) it TGFnembisear m@dsﬁmﬁém(im)thwm@herpﬁti ent serum
sanpl es, 30 havi ng bi opsy di agnosed prostatic cancer and prostatic serum
antigen (PSfepbmisnt sariibbatievirtunbyudliBitedy/and cpeuingied toasthalinontimgang PSA

| evel s below 1 ng/m . The M5 data was abstracted by selection of 7

mol ecul ar Weidfihg Yeahhiged, ARIZEMARS the ROBRaSOBRindRBrivO4B9uddsledt8, 220 Da).
The specific nolecular weights are not a critical paraneter of the

i nvention . Vi i Yo VA=Y | uster
map.that  a00y Srreyeits i BeXape R ERSR DR bt AR RPl AN B Bonh L
data cl yster was .ne:??%eo%gzge | ust er B tcont ained 34 clusters, 17

beni gn and 1 $aRufiFa5ion At brojegic isﬁi‘%o‘é’f’irﬁugﬁl P VHHRas tested using 231
sanpl es that were excluded fromthe training data set. Six sets of sanples
from patients wlh vdPesetiptiongnd Yexification 9§ Spesifi Egthodimentsagnoses were
used. The clinical and pathol ogi cal description and the algorithmresults
were as follows: 1) 24 patDericpméntf PPhaguostindénPrafatidCaopsy proven
cancer, 22 map to diseased data clusters, 2 map to no cluster; 2) 6
normal , all map to haadiadhecbued-6ssiiba) leAiny dlForkiami ¢ coyperihveapby  ( BPH)
or prostatitis and PSA < 4 ng/m, 7 map to diseased data clusters, none to

23 WD 02/0 . . dat a
2 s 2! GTRB R R0 { ichRaldot fiSkacL St BRTOR dipedtta

ol ust on? o PRGN Gsg pefs ST FRE 2 B AR b RepdRd el "7 7 2

diseased Aot g oLt bel o SEE BN B, B2l ulR AhnTteher - A Sixth

normals having PSA levels below 1 ng/ml. The MS data was abstracted by selection

of 7 molecular weight values (2092, 2367, 2582, 3080, 4819, 5439 and 18,220 Da).
The specific molecular weights are not a critical parameter of the invention and may
15  varying depending on the absorptive surface. A cluster map that assigned each vector
in the training data‘set to a homogenéous data cluster was generated. The cluster map
contained 34 chi;ste‘r"'s, 17 benign and 17 malignant.
The diagnostic algorithm was tested using 231 samples that were
excluded from the training data set. Six sets of samples from patients with various
20  clinical and pathological diagnoses were used. The clinical and pathological
description and the algorithm results were as follows: 1) 24 Patients with PSA >4
ng/ml and biopsy proven cancer, 22 map to diseased data clusters, 2 map to no
cluster; 2) 6 normal, all map to healthy clusters; 3) 39 with benign hypertrophy

(BPH) or prostatitis and PSA <4 ng/ml, 7 map to diseased data clusters, none to
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5 was devel oped by taking pre- and post-prostatectony sanples from patients
havi ng bi opsy proven carci noma and PSA > 10 ng/m . As expected, each of
the 7 pravosuoggecal sanpl es was assigned to a di seased darar/gsti/22However,
none of the sanple taken 6 weeks post surgery, at a tine when the PSA

| evel s had heatystata custetsand 82 tmge dita cluster, Abil3AsdthBRibbeptostatiiyantht a set .
These results are sunmarized in Table 1. 10 Wien evaluating the results of
t he foregoiPsa t4ahd <i0 nghOUND ntap t6 dizadseé datatchaterd, Rao hailthyafatzodastbrs
carcinoma in patients having PSA of 4-10 ng/m and benign biopsy diagnosis
i s about 3Qya ofhdide ahBRifstdrdisNaotiiat BPRIMBRILBYAADHSA 2% ®hg/kdl® mRRL i ent s

with el evated PSA, but no tissue diagnosis of cancer, is consistent with a

hi ghly accyy &%@as@(? 8% cm?e&% ﬁ@@&gﬁ%&@g@ﬁqw S0 UhG SRISERENE Six st 8 gddaoma. 15

OF greater present r1nteres that the diagnostic algorithmis
able to_classify .a sjgnificant fraction of the sanples in 3 4). and 5) to
a non- éané’@scﬁlﬁée,loﬂ%in- n Ipr?fé"flg%?tiprﬂ%%tﬁ?tf’@ytsﬁ%lﬂ%é?‘ioq Razi‘[ekl@&@%ﬁm@at egory
was not presented during training. Indeed, the fact that any sanples from
thi's group biensy @roveaeassiomaand kA ud8 ng/mly At espertad ssgapbthevinter, occul t
carcinoma carriers argues that BPH or 20 prostatitis sanples should not be
i ncl uded i sutgdieal samaplas wgs akaigned 6t a dis@sedixtd 2¢t0 GRRGEVRCTONSOAhe 2amfle Tabl e 1
PREDI CTED PHENOTYPE STUDY SET N CANCER(% NORMAL(W OTHER(% Q sv proven
cancer 24 2zen%2eld (% suddedifat Atinerigian the S Ldextel Ohad\eterbiode@H) 1 6( 100-/ . )
0(0% tPSA-c ingfm} Biopsy provenBPHrProstatitis 39 7(16%9 0 (0:% 32(82%
WBA- ~ 4ngf id/m1, were not assignable to any data set. These results are summarized in Table 1.

10 ‘ When evaluating the results of the foregoing test, it should be recalled
that the rate of occult carcinoma in patients having PSA of 4-10 ng/mi and benign
biopsy diagnosis is about 30%. Thus, the finding that between 18% and 47% of the
patients with elevated PSA, but no tissue diagnosis of cancer, is consistent with a
highly accurate assay that correctly predicts the presence of carcinoma.

15 Of greater present interest ié the fact that the diagnostic algorithm is
able to classify a significant fraction of the samples in 3), 4) and 5) to a non-
cancerous, non;ﬁdri;lal category despite the fact that such category was not presented
during training. Indeed, the fact that any samples from this group would necessarily
include a substantial number with. occult carcinoma carriers argues that BPH or

20  prostatitis samples should not be included in the training data set.
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Bi opsy provenBPH~Prostatltisb 139 42(30% 2(1% 950% (PSA4 -14 nglml)

Bi opsy provenBPH, Prostatitls 19 9(47910) 0 (0% 10(62% (PSA ~ 10 ngfm)
BPop pr oweo nzedse®er PRE- SURGERY C 7 7(10096) 0(0-/.) 0(0% pCcBBsay/xt48Bi opsy
proven cancer POST-SURGERY 7 0(0-/.) 0 (0 % 7(100-/.) tPSA { 1 ngAnD
atvl al e subjects entered In screenindablé bl ; entrance criteria: : 50 years
old, asynptomatic. Biopsy conducted If PSA 4 ngr'm or apcSitlve di ital
rectal exam Includes 6 patients wth PSA>10 ngim and 18 patients with
PSA 4-10 ngim . b30-35% occult cancer expected C Patient-matched d Serum

taken at six:-week post-surgery fol I’evrup—z.——Be«fel—%&ﬁem—ef——a—Bragnosti C
for Ovarian Cancer The above described netRFEHCTRERHENRIYBSed to |generate a
diagnostic 5 algorithmfor ovarian |carcinoma agarn Using SELDI-TOF M5
anal ysi s of pati %&i——%ém rum_A traitni ngtNeERCG N LS?'%mpJ—Q&R@é@—used_ to
construct a%sﬁlrﬁéﬁ%%cg et map. Thﬁh I\/ﬁ data wa$ abstragted by selection of 5

nol ecul ar|c 1, 681, 903, 21108%4f8” ps63Ge). A &lfter| nmap

consi st nmuTsease crustens and 1T hea *n% CIusters _was cnstruct ed.
O the 50 @Eeddahgsni n the training dal a- $€¥) HavPAG*Hr gven 8¥& i an| 10 cancer,
40 were aé%ycd to—diseased dat tosters ' O—fatse _negati ve; of

the 50 2R RIERBEHAEESE  US01/ 239417 TSR bs PBh for maP&44 fner e

assi gned fto—heatthy datagtoustens—tepvimg 6 fatse—positTVves:

Blopsy provenBPHProstatitis 3 309%) 2 (10t 5 (6895}

(P25 110 ngymD) 139 | 42(30%) (1%) (68%)

Biopsy provenBPHProstatitis 19 (470 0 (0% 10 (529%)

(PSA> 10 ng/mb (47%) (0%) (52%)
¢

Biopsy proven cancer PRE-SURGERY 7 7 {100% 0 (0 % 0 (0%)

(PEAS 10ng/mb (100%) (0 %) (0%)

c,d
Biopsy proven cancer POST-SURGERY Qo ) o
® A-‘p' hg/mi) 7 0{09%) 0(0%%) 7 {100%)

Aale subjects entered in screening irial; entrance criteria; == 50 years old, asymptomatic.
Biopsy conducted if PSa>4 ngiml Or apositive dlglta! rectal exam. Includes & patients
with PSa:10 ng/m! and 18 patients with PSA 4-10 ngiml.

k30-359 oceult cancer expected
¢ patient-matched

d garum taken at six-week post-surgery follow-up

2. Development of a Diagnostic for Ovarian Cancer
The above described methods were employed to generate a diagnostic
5  algorithm for ovarian carcinoma again using SELDI-TOF MS analysis of patient
serum. A training set of 100 samples was used to construct a cluster set map. The
MS data was abstracted by selecﬁon of 5 molecular weights (531, 681, 903, 1108 and
2863 m/e). A cluster map consisting of 15 disease clusters and 11 healthy clusters
was constructed. Of the 50 samples in the training data set Having proven ovarian

10 cancer, 40 were assigned to diseased data clusters, leaving 10 false negative; of the 50
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It was observed that for each of the selected nol ecul ar weights, the range
of values of the healthy and di seased data clusters overl apped. |ndeed, for
4 of 5 tweoboased ecul ar wei ghts, the range for the di seasedresc@mpeassed t he
range for the healthy data clusters. Additionally, the diagnostic patterns
bei ng det estmplesviom mutalscddisert dsyighetorheatiinkdats clusiats leatingé fdse cont ext ual
di agnostic products. The diagnostic algorithmwas tested using a further
100 sanpl eg,ositi%g,ch were divided into three clinical, pathol ogical groups.
The groups and the 10 algorithmresults were as follows: 1) 50 sanples

frompatients with ng \g%zsg@rﬁéﬁledﬁzatﬁrﬁcmggﬁgcté@ﬂa%hhpWeféﬁ%@t&| usters

and 3 to disease data clusters patients wth ovarian carci noma
Stages I, 111 of. .. Whi t

clusters; 5%63? V%esp%ﬁ:hs HF%ﬂ‘xXﬂflﬁ ra%)s://\g{elgél%t% c ér&gﬁ%ﬁ%{la@bgfaﬁﬁ% ?(ﬁ. £ whi ch
mapped _to di seased data clusters. se results ar mari zed |n Tabl e 2.
15 Tabl & 2theohmolecnjar prepghts { aF&Ge@F SeAéf‘é‘Lﬁn&%WPaS@%fi rangsdat thée No

Evi dence of 50 3 47 94% D sease Biopsy Proven 32 32 0 100% Ovarian Cancer
Stage |1, healthyldtBilogters. Prdditemally thadibgnatiopairnas being deteced weteamwpe | 3.
Sensitivity for Early Stage Di sease A set of randomy chosen sera (50 from
the cont r olcagseh Ok tuBsembikefsgbak rafeoby tditextid dag@osizoodyctsyi thin the ovarian

cancer study set of 200 speci mens was
The diagnostic algorithm was tested using a further 100 samples,
which were divided into three clinical, pathological groups. The groups and the
10  algorithm results were as follows: 1) 50 samples from patients with no disease, 47
were assigned to healthy data clusters and 3 to disease data clusters; 2) 32 patients
with ovarian carcinoma Stages II, IIT or IV, all of which were assigned to diseased

data clusters; and 3) 18 patients with ovarian carcinoma stage I, all of which mapped

to diseased data clusters. These results are summarized in Table 2.

15 Table 2

Cohort * N Predicted Predicted Accuracy
L Cancer Negative

No Evidence of | 50 3 47 94%
Disease
Biopsy Proven 32 32 0 100%
Ovarian Cancer
Stage IL, 111, IV :
Biopsy Proven 18 18 0 100%
Ovarian Cancer
Stage 1

3. Sensitivity for Early Stage Disease
A set of randomly chosen sera (50 from the control cohort and 50 sera

from the disease cohort) within the ovarian cancer study set of 200 specimens was
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26 WO 02/ 06829 PCT/ US01/ 22447 selected for SELDI - TOF mass spectronetry
anal ysi s and subsequent training of the bioinformatics nethod. A pattern
of nmass iwoeneadstd es at 5 i ndependent nol ecul ar wei ght repCDUSO124834, 989,
2111, 2251, and 2465 Da di scovered froma starting set of 15,0005 pattern
per nmut at i oselectod far GBLDISEQF waass epPcoBYS(ry Shapis and subsequoni training efithsr 5

sanpl es and 94% of the controls (47/50) in the training set. The optinal
prot eom ¢ bpdhfoanaticsahiethdd& ndadtteintdf nlR0 infirsles TFirdiapendsirmalesulfr om

di agnosi s-bl i nded cases was able to accurately predict the presence of

ovarian Caa@% tlrégsaihé of2R34Cog 01 11,906 L) AMEA65 DAlddcOste ORI sthitigg EBbunknown
test sanpl es 0, 95% confi dence interval 93%to 100% . Thi s i ncl uded

the correcl saoge %%%%q% bl @nskBrrddl rfgeg&gaéed bRoE@OFR) S tre EALREenCe

i nterval mai nt al ecific ty or the Dblinded

- t 3849%.t 990 |
ESPESrbérﬁﬁﬁa@E dahhlacie conmal 7 shREE chBBoFe, T SRR et h et 1 o
nol ecul ar wei ght proteonic patterns in sera refl|ect, changes t he
pat hol ogy ®pttemsehadengadiigh b&p LRIt Oft daga sfregms frona ﬂ%ﬂo%b]@%d?gﬂasﬁuch

patterns may be sensitive indi cat ors of early 15 pathol ogi cal changes,
si nce t hey vesmabkadb lagcurbtalyspredietitha pres@i®esd ozarfanciaesrganl 66 ehnosed st age |
ovari an cancer specinmens. Specificity, Prediction and Di scrimnation of the

Presence Qpediinesd eintaik@Rhinahél 1 GRMMIG0OwRItes kahSles 030, DORYonBQedcri ti al |y,
the current invention was challenged to find a pattern of proteins that

coul d di scri@lARbR.4H R AThis HRIARR e E&r&t@lﬁﬁﬁ&ﬁ@x‘(%l@ﬂ@%@é? cancer

fromsera éerlved from asynptonati ¢ aged- nat ched mal es. The training set

o i T
\é\ﬁet gepg %L@%ngfgpagiggégg$ga%ﬁlgst &7?5%%? Yo cg)nis (’f\enéé lnr’ggrvg 8495100 99‘9 over { ). The
1079 by chi-squared test). These results support the hypothesis that low molecular
weight proteomic patterns in sera reflect changes in the pathology of tissue within an
organ at a distant site. Moreover, such patterns may be sensitive indicators of early
15  pathological changes, since they correctly classified all 18 sera from organ-confined
stage I ovarian cancer specimens.

g Specificity, Prediction and Discrimination of the Presence
of Prostate Cancer and Benign Prostate Hypertrophy

20 Initially, the current invention was challenged to find a pattern of
proteins that could discriminate tﬁe sera from men with biopsy-proven prostate cancer
frorﬂ sera derived from asymptomatic aged-matched males. The training set was
comprised of 56 sera, 31 from asymptomatic men with biopsy-proven prostate cancer
(PSA >4 ng/ml, avg. 14.5 ng/ml), and 25 age-matched men with no evidence of

25  prostate cancer (PSA <1 ng/ml, avg. 0.3 ng/ml). The 56 sera were analyzed by
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27 WO 02/ 06829 PCT/ USO1/ 22447 SELDI -TOF. The pattern di scovery anal ysis
found a signature pattern of the conbined nornmalized intensities of 7
prot ei n peakzoqseout of 15, 0007 possible pernutations) at parRUS@exiu47

nol ecul ar wei ghts of 2092, 2367, 2582, 3080, 4819, 5439, and 18220 Da that
coul d di st BEEINIIORI ThSpatangisenennaialysisdound a siengweatea oddhes 5 trai ni ng
set. After training, the optinmal.proteomc pattern was tested with 227

bl i nded secemBimedhesnalibhé ihbnsitits df J tpuatyingetksiont e 15eD0ApoRiblser a from
asynptomati ¢ nen who had subsequent bi opsy-proven cancer, and whose PSA

val ues wer geRRINRAR) atdhd ShedfidtholdbulhReibhtdef 2692 0B 6 £ OERDBO8Y)4819Nt rol sera
from 6 age-matched males (PSA 10 <1 ng/m ) and c) 197 sera fromnmen with

bi opsy-pro i i : bt es
ranged 1 o402 pRTELLGY AKARRHUPRT N6 ahnlBl A5hREN W SR BE
the data-mning tool was able to accurately predict the presence of
prostat® c ﬁE‘é‘%sfe the blinded test set (92% 22/24, p<0.000001 conpar ed
to patients with BPH), including 17/18 contai ning PSA val ues 15 of 4-10
ng/ m . Inportantly 7@9%straigee, B rimal profepms oatermvas testesheih ¢ bven BPH
were classified as belonging to a uni que (non-normal, non-cancer)

phenot ype. blinded sefiganiplesh Thediinflebsmdihset BRkriped ax I4ssraipmrasympnsdicegor i zed
as a normal phenotype. Wen sera from6 healthy controls were conpared to
those of thenAdhdiadd stibb&ushttblopshippesn qaneyrcandostivse PSAG/fudi ewdrd batwepat | ent s
were classified correctly, conpared to 20 22/ 24 patients with prostate

cancer (p<Q. 1)t the RnRAf chil@onab)otrbBet£Rbth)s a%éirﬁﬁbﬁéd%ﬂés tr0d

energed in the Telationship between increasing PSA1levels (nornal, BPH

1 6T L1 AR BRI S e
ot ehed. sePhproshihs YK 48 rah 28 1000 M REARd sORgAG yPe 1 0 a blinded set of

Using the prostate signature pattern, the data-mining tool was able to

accurately predict the presence of prostate cancer in the blinded test set (92%, 22/24,
p<0.000001 compared to patients with BPH), including 17/18 containing PSA values

15 of 4-10 ng/ml. Importantly 70% of the patients (137/197) with biopsy proven BPH
were classified as belonging to auniqﬁe (non-normal, non-cancer) phenotype. Only
1% of the sera ‘fr‘:()jrri"the BPH-positive cohort was categorized as a normal phenotype.
When sera frofn 6 healthy controls were compared to those of the 24 patients with
biopsy proven cancer, 6/6 healthy. patients were classified correctly, comparéd to

20  22/24 patients with prostate cancer (p<0.000001). In addition, a statistically
significant trend emerged in the relationship between increa§ing PSA levels (normal,
BPH with increasing PSA) and increasing classification of severity of diselase (p=1.4
X 10). The optimized prostate signatures reverted from a cancerous to a non-

cancerous (but not normal) phenotype in a blinded set of matched sera from patients
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28 WO 02/ 06829 PCT/ USO01/ 22447 who underwent curative prostate resection in
7 of 7 subjects (p=0.016; 95% confidence interval 59%to 100% . 5. Sanple
Sour ce Pveparedseon and Anal ysis a. Ovarian Cancer 5 The paDUgow2ed ovari an
screening serum study set was obtained from the Early Detection Research
Net wor k (" xBBNhjlerNaht anativerasthtanesSativoein 7rei7 yubjelat(ped.0 by Bfogr am accor di ng
to full Institutional Review Board ("IRB") oversight. This set contained

sera from ZOFRAYORQRLT, WOIDBY,), 100 Wi th ovarian cancer at the tinme of
sanpl e collection and 100 control” wonen at risk for ovarian cancer as 10

defined by famly higtor ' I [ Table 3).
Thi s groug of u%affgbt eé%ﬁ%gﬁgﬁggggéﬁ?ghgg\ggﬁgl "533203: :egsg-f(raee)for

at least five years. Al sera re tained prior to diagnosis and

i ntervention. The di sease®tohotM "R UEE" hi stol ogy confirmed papillary
serous, _endonetrioid, clear cel|, nucinous, adenocarcinong, ,a%f m xed
ovari an’ cancers of afI}hegp%@@%x_ze YaI%ﬁgﬁer}lﬁlg‘qun&P@gégfqug&?&%}ﬁ frofnder went
extensive surgical exploration and formal FIGO staging. Table 3 PANEL SET
Total Tr ai HierfgarlynRetostronResemcsNetwek (i THARN B ptiaal QuanargeanceyBatlan Cancer
100 50 50 No -Evidence of disease: 5 year folio Screening Cinic u 100 50
50 Pat h DxDefd¢don 8rogranaecordidg s fidl Bstatioresl R3tieRBaard¢ TRB Yeverdghti di sease:

PSA<1.0 Screening Cinic ng/nm. 55 31 24 Path Dx: Prostate Cancer: PSA>4.0
This set contained sera from 200 asymptomatic women, 100 with ovarian cancer at
the time of sample collection and 100 control women at risk for ovarian cancer as
10  defined by family history or previous breast cancer diagnosis (Table 3). This group of
unaffected women had been followed and was disease-free for at least five years. All
sera were obtained prior to diagnosis and intervention. The disease cohort included
histology confirmed papillary serous, endom‘Letrioid, clear cell, mucinous,

adenocarcinoma, and mixed ovarian cancers of all stages. All women in the disease

15  cohort underwent extensive surgical exploration and formal FIGO staging.

Table 3
PANEL SET * /| Total | Training | Unknown DIAGNOSIS
' Patients | Subset Test Set

Ovarian Cancer | 100 50 50 No Evidence of disease: 5 year follo
Screening Clinic up.

100 50 50 Path Dx: Ovarian Cancer
Prostate Cancer | 31 25 6 No evidence of disease: PSA<1.0
Screening Clinic ng/mL

55 31 24 Path Dx: Prostate Cancer: PSA>4.0

ng/mL

197 0 197 Path Diagnosis: BPH / Prostatitis

7 0 7 Biopsy proven cancer PRE-SURGEF

7 0 7 Biopsy proven cancer Post-SURGER

b. Prostatic Cancer
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n/nmL 197 0 197 Path Diagnosis: BPH/ Prostatitis 7 O 7 Biopsy proven
cancer PRE-SIJRCGEF 7 0 7 Biopsy proven cancer Post-SURGEF b. Prostatic
Cancer 2WoWR/GR296829 PCT/ US01/ 22447 The anonym zed prospa@r/@seicnesni ng
serum study set was obtained from a prostate cancer-screening clinic where
sanpl es wer e obt ai nedheralenyraizpd prostite sefeeningdecomstedy s¢t 2773 oblamedd)m ( Tabl e
3). An additional 20 anonym zed specinens were collected at the National

Cancer | nstyigredigte UaIRE-st BB AP Bl @thete samiples dvez@ obtaltied under Hpprold | ean tri al
was initiated in 1996 and |asted for 5 years. The subject eligibility

criteriar ‘?%hﬁ@cf’ccﬁx%ﬂ??ﬂ%ﬁ%eél)‘%%lﬂH?l ARBIEEEnA 70200y rhiBed§heBingdHs OUS

hi story of prostate cancer. nmen provided a serum sanpl e ‘and t hen

recei ved a ical . e | iRk

Subsequent I%Eg(%@%cﬁdt%ﬁ%@%?%% g@%e?@g{.lgﬁén@dﬁf ﬁg%r% %rﬁgpl Cl %{Ijﬂse 83 Iorésle gil
rectal examinations re suhjected to g.si e.core needl e..bi qpsy for
pat hol ogi c %NS%‘? E‘ﬁ?ﬁé“ﬁ]‘%@&&’t g99§&é‘ﬁ$%%%§é°ﬁéﬁfﬁ%f&r i.g? é@%ﬁ?&hgllbaﬁ}fe of a
full spectrumof grades (I-111) and G eason scores (4-9). The 20 sera
acqui red atcritdria rRGHregeasEmptomaticmenavey the agg of 40 withaomradows historgelosi s and
six weeks after prostatectom es for biopsy-proven organ confined prostate

cancer and poystdie camerraAllmeal proyidedih servml samipéears], th@iSakceivedangdichl Al | sera
were obtained prior to 15 nedical exam nation, diagnosis, and treatnent.

Al sera Wwesluafdd &t £digitelrdftalidminatiah] SuRt@entindnat withd sefiml PAI d
nitrogen until use. Received sera were thawed once, separated into

R P T R LR

10  needle biopsy for pathologic diagnosis. The prostate adenocarcinomas represented
were of a full spectrum of grades (I-IIT) and Gleason scores (4-9) . The 20 sera
acquired at the NCI were taken from a) 7 men at the time of diagnosis and six weeks
after prostatectomies for biopsy-proven organ confined prostate cancer and b) 6
normal healthy male volunteers, PSA< 1.0 ng/ml. All sera were obtained prior to

15 medical examination, diagnosis, and treatment. All sera were collected, spun down,
aliquoted and stored in liquid nitrogeﬁ until use. Received sera were thawed once,
separated into 16"1?1&01‘0&[61‘ aliquots, and then refrozen in liquid nitrogen until
SELDI-TOF analysis was performed.

5. Proteomic.analysis

20 Sera were thawed and used once to generate protein mass signatures on
the Protein Biology System 1 SELDI-TOF mass spectrometer (Ciphergen Biosystems,
Freemont, CA). External mass calibration was accomplished using angiotensin I

(amino acid sequence 1-10) and bovine cytochrome ¢ (Ciphergen Biosystems,

Freemont, CA) with respective masses of 1296.5Da and 12230.9Da. Protein profiles
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20 Sera were thawed and used once to generate protein mass signatures on
the Protein Biology System 1 SELDI - TOF mass spectroneter (C phergen

Bi osyst evgQ 02/6aseenont, CA). External nass cal i brati on waspar/wsend2i4hed
using angiotensin I (am no acid sequence 1-10) and bovi ne cytochrone c
(G pher genoPhlopiséigithat cdnedmrthe CTA ewstdephasspriophobidiaesesionbwTR6. 5Da
and 12230.9Da. Protein profiles 30 WO 02/ 06829 PCT/ US01/ 22447 of all

proteins tRamhiran 1l@b0-@o%d®otﬂaem€6§ss%geav&5 $EndPRBS CTHY SeaRl abidGndtAk er act i on

surface wthin the 1000-20,000 Da mass range were generated. The organic

acid matrix_.surface was Aa;cyano-4- rox [ 1, C id. Thi s
matrix is F'ér&%ﬁerv%% %'9’36183431@5%%}5[”1“? %%vﬁ%f%(ﬁ(gﬂgr@o Se‘%%&%é%—{ g@é t(g)r&f' ul I
protein ionization off of the selected bait. 5 Sanpl e preparation:. One

mi crol i t er coyptallizerwith theipreteapixige Krdpil prpteipdonizagion q%_%%ﬁ{t ¢ sqlgsfedRAdt- added t o
the sanple spots of the 8-feature C 18 hydrophobic interaction protein

chi p (Chphergen Bi osyempispreparation: FPrsamisneliteg)acetphitgled figmanpldrichbi nd
protei ns through hydrophobic interactions that are dependent upon the
intrinsic Qo,iStELYLig MO was bdiedeq tHenamplesypets dfithe 8-fatee €11 hydwmipholic The
acetonitrile application 10 was followed by the addition of 1 gl of serum

The sanpl e jWasc@dd HOREn ERpAITipkbiYerBiosysiins; M. FrédtBotNCAY. Tk Shipi vidlr ous| y
washed by vortexing in delonized water for 4 mnutes and allowed to air

dry. Lastl %ng?qrg{ei&fth%ﬁgﬁ‘hg@oﬁgéﬂ@in‘f@ﬁc’cﬁﬂg tgx?fc%egéncfeﬂﬁupdmflf imGiR@d ution

dried, an a Ional trix was appli each 'sanpl e and all owed

to air dry. .The C 18 chip was chos ecause it. ound, 0 _consistently
and 15 replpgm Woparcbch%gge’i‘cﬁ% s%etcggﬁtgg?vemwé?m%\?‘ﬁ%:;cfe#%r}lg}l]% apr? re té?nn and

pepti de signatures (data not shown). SELDI-TOF, |ike other time-of-flight
spect r dffet Mas folleswed puths adgisien of { l ¢fseruny dhsisemplerwasallopied 1o ghdicdecul ar

wei ght range (< 20,000 Da). Data were recorded and optim zed for analysis
wi th t he SEh&thipr ThethipBivetcogyorbydy enmshedrtsi vantexihgln deibhizad evateCiqifer gen
Bi osystes, Inc., Palo Alto, CA). Raw SELD data, not

minutes and allowed to air dry. Lastly, 0.5u1 of CHCA solution was added. After the
matrix solution dried, an additional 0.5l of matrix was applied to each sample and
allowed to air dry. The C18 chip was chosen because it was found to consistently and
15  reproducibly produce the greatest number of different protein and peptide signatures
(data not shown).{ éELDI-TOF, like other time-of-flight spectrometric techniques, has
its best sensiti\;i‘;)";la‘t; the low molecular weight range (< 20,000 Da). Data were
recorded and optimized for analysis with the SELDI Protein Biology System version
2.0 software (Ciphergen Biosystems, Inc., Palo Alto, CA). Raw SELDI data, not
20 filtered or scaled in any way, were converted to ASCII data files for analysis by the
data~-mining tool.
6. Detection of Drug Toxicity
The method of the invention was tested on data streams obtained from

biological samples from rats treated with doxorubicin that developed proven
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20 filtered or scaled in any way, were converted to ASCI|I data files for
analysis by the data-mning tool. 6. Detection of Drug Toxicity The nethod
of the i wentoasm was tested on data streans obtai ned fronPChiusbiexuaral
sanples fromrats treated with doxorubicin that devel oped proven 31 WO

02/ 06829 Pcadidtoritidy 4@ dntralawdieataarddowitly saliftonThe bivloweat sdmplas @ntained h sal i ne.
The bi ol ogi cal sanples obtained fromrats show ng cardiotoxicity were

classified e fa@&gﬂomﬁlg &Ai'dﬂaﬂﬁ%/@l@alzﬁs Clavdifiod edtebetly 9RA0 19BMSsddetivity agdnd no
fal se positives. See 4. Table 4. Count - Actual Actual Score 0 1

Total Resulp fafse pbSit Ig%gql ble3P 7 37 Sensitivity 100.00%
Sel ectivi t; 8&%&1&%@%@{&3%% 12% Drug aTreeat ment Rats were treated with
doxorubi cin and a cardi oprotectant. ?hr?é sonme animals had toxicity while
others did not. Table 8 shows that u E‘f’he nmethod of the invention all

but one of the treated—aninels—cou | e only
m scl assi fying 2 cont fol Camtrsiciualcee TA®MAll5 10 Table 5 Count | Actual
Actual Score 0 1 Totall Result Score|0 1 Total Result
0 ' 29 29
1 1 7 8
Total Result 30 7 37
Sensitivity 100.00%
Selectivity 0.00%
5 7. Detection of Drug Treatment

Rats were treated with doxorubicin and a cardioprotectant. Thus,
some animals had toxicity while others did not. Table 8 shows that using the method
of the invention all but one of the treated animals could be correctly identified, while

only misclassifying 2 control animals. See Table 5.

10 Table 5.
Count - Actual Actual
Score {0 1 Total Result
0, A ' 15 15
0.1 10 1 11
-10.56 2 4 6
1 13 13
Total Result 27 18 45
@ Score =0.56| Sensitivity 94.44%
Selectivity 10.53%

8. Detection of Virus
Simian Foamy Virus was detected in cell lysates. Lysates from
infected cells were correctly classified 80% of the time (8/10) with no false positives.

15  See Table 6.
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0, 15 15
0. 56 Sensi

Foany Vi me omem29let ected in cell

correctly
See Tabl e
Score 0 1
22 Score
Techni que
sinple tri

0.110111 0.56246 113 13 Total Result 27 18 45 Score
tivity 94.44% Sel ective 10.53% 8. Detection of Virus Sim an
| ysates. Lysates from ip€rus@d2es | s were

classified 80%of the tinme (8/10) with no false positives. 15
6. 32 WD 02/ 06829 PCT/USO1Mabkax Table 6. Count - Actual Actua
Total Result 0 99 0.53 25 0.866 122 Total Result 12 10
=0. 8 Sensi [CMmidt Y ABRa0l0% Sed@adli vity 0.00Q0% 9. Use of aj W ndowi ng
for Ovariafi Cancegcordfpr T1al refuction tdTetaAHEsER Was| based on a
al and err el rTon of groups of 100 contiguoug| features in
the proteom c data s Jeam—An 3 5 5
0.8 6 6
1 2 2
Total Result 12 10 22
@ Score =0.8| Sensitivity 80.00%
| Selectivity 0.00%

10

9. Use of a Windowing Technique for Ovarian Cancer

Initial reduction to practice was based on a simple trial and error
selection of groups of 100 contiguous features in the proteomic data stream. An
adaptive pattern recognition algorithm, the Lead Cluster Map, (LCM) was employed.
Sampling of the data stream started at a different point in the data stream for each run.
A run consisted of collection of 14-15 collections of 100 features. After a series of 25
runs, the best models accurately predicted the correct biological state 80% with a false
positive rate of approximately 30 %. These results demonstrate the effectiveness of
using proteomic patterns in the classification of biological states. Indeed, models with

this level of accuracy would be well suited for batch screening of potentially

therapeutic compounds. See Table 7.
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adaptive pattern recognition algorithm the Lead C uster
enpl oyed. Sanpling of the data streamstarted at a different point
A run consisted of collection BET/U80113447
After a series of 25

dat a str esoni/ais2each run.
col l ections of 100 features.
accurately predicted the correct biolEdiledl
positive rate of approximately 30 %

run

Map,

S,

(LCM was

in the

t he best nodel s
state 80% with a false 10
These results denonstrate the

effectiveness of udinGuoheam|C patterngctyhl|t he classification of
bi ol ogi cal states. Imdeed, m@gells Wth thisggvel Of BERRfR&oul d be
wel | suited for bat screem ng pf potentialfgy  therapgutic ¢ ounds. See
Table 7. 33 WD 02/ 04 PEH-USOH22447 Tabﬁ% 7—CotuntT+—Act Udil ctual Score
0 1 Total Result O 321—0-25-10—31-3+1+—06-A95—6311H—0-33-5573 10 0.5 6
6 12 0.67 2 11 13 (828 18 22 Total Result 50 50 100°%! sensititdlty 0.33 80%
Specificity 0.33 29.0838% 10. Detlection of Breast _Cancer Ni pplpm spirants
t aken from breast cgfder patientls were anal yAed using®| 5 the ptacess of the
i nvention. The nipplj6.6dspirants were subjectéd to a ihss spectiHl
1 ‘ 4 18 22
Total Result 50 50 100
Sensitivity @ 0.33 80%
Specificity @ 0.33 29.82%
10.  Detection of Breast Cancer
Nipple aspirants taken from breast cancer patients were analyzed using
5  the process of the invention. The nipple aspirants were subjected to a mass spectral

analysis and subjected to a pattern finding method. A sensitivity of nearly 92% was

observed. See Table 8.

Selectivity @ 0.67
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Table 8.
Count - Actual] . Actual|

Score - 10 1 Total Result
JO 7 2 9
0.5 3 3
- 10.67 5 5
1 6 6
Total Result 10 13 23

- Sensitivity @ 0.67 91.67%

0.00%



anal ysis and subjected to a pattern finding nmethod. A sensitivity of nearly
92% was observed. See Table 8. Table 8.  Count - Actual Actual Score 0 1
Total Reswbiv20d32/ 2 9 '0.53 3 0.6755 16 6 Total ReeDUSIIN44L3 23
Sensitivity @0.67 91.67% Selectivity @0.67 0.00% 34 WO 02/ 06829

PCT/ USO1/ 234 4Hle Cldimshe Clains 1 A nethod of classifying a biological state
from biol ogical data by the detection of discrimnatory patterns where the

di scrim natory paikaion oeﬁ%fa@ﬁ'fﬁ@%sabiot@i&n ahRatdabioks@és datd byAhsret hod of
classifying a biological state Trombiological data by the steps of: a.

t
G251 19, SO AT R By s o

data in a data Sstréam sal nati on ccess In a

| earning set of, data;.b plying said discrimnatory pattern to classify
known or test d&t% 10@&}?6}%@?- and c. using said discrimnatory pattern to

cl assi fy unknown data sanples, wherein_the disc¢crimnato tt '
i ndi cat iyvezof t %mﬁﬂ)@ﬁ@é iggﬁ$'f§g'1@g1§ hiological state from glrollogicari1 datraybyp the s&:&pg o!fzs

a. detecting a discriminatory -pattern that is a subset of a larger set of data
in a data stream, said discrimination defined by success in a learning
set of data;

b. applying said discriminatory pattern to classify known or test data
samples; and

c. using said discriminatory pattern to classify unknown data samples,
wherein the discriminatory pattern is indicative of the biological state
and is discriminatory even when individual data points are not.

3. A method of classifying a biological state in biological data by the detection of
discriminatory patterns using a vector space having multiple predetermined
diagnostic clusters defining a known biological state comprising the steps of :
a. formmg a normalized data stream that describes the biological data;

b. abstracting the data stream to calculate a sample vector that
characterizes the data stream;

c. identifying the diagnostic cluster, if any, within which the sample
vector rests;

d. assigning to the biological data the diagnosis of the identified
diagnostic cluster or, if no cluster is identified, assigning to the

biological data the diagnosis of atypical sample, NOS; and
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and is discrimnatory even when individual data points are not. 3. A nethod
of classifying a biological state in biological data by the detection of

di scri m vador/gsspatt erns using a vector space having nul ti pCRUROIextet7er m ned
di agnostic clusters defining a known biol ogical state conprising the steps
of : a. form ng. a nosiAplshideikctativately paaemtid alassiBsakhbes dufagadblekogi cal
data; b. abstracting the data streamto cal cul ate a sanple vector that

characterizes the datghesdii BRMiscimihA6R gattinsdritRs deagmegichCsiabusd & i f
any, within which the sanple vector rests; d. assigning to the biol ogical

data the di agnosis ohisngéljbaq(w;&&t?ﬂfnthgﬁaﬁggéttgp&ﬁ%s%ghogr, if no cluster

is identified, assigning ol ogl I aghosi s of atypi cal

sanpl e, ; and, 35 0 682 CILUSD1/ 22447. €. .usin i d

i obr i nadtor y JHE BT CHRBSL) Pt dnRAGR a fisodainsfial s SoPLPY ¢ ne
discrimnatory pattern descri bes the biological state and is

di scriminatory é\%@ﬁSW@ﬂeW@F@fﬂatad%@leﬁW% %etﬁééatﬁg‘?rme@.ﬁo}‘he nmet hod of
claims 1, 2, or 3, wherein the discrimnation is defined by success in a
| ear ni ng set of bitdegical datadfor whichithrpbiglogicel stefaiskifosrmed from bi ol ogi cal
data for which the biological state is knowmn. 5. The nmethod of clains 1, 2,
or 3, wher éin t The hiethmippfaddimdds 2, ar$, dhtminths bioldmice) datatiedax desesibingn of

nol ecul es in a biological sanple. 6. The nmethod of clains 1, 2, or 3,

wherein the bi Oltm);??éssi@ﬁb@_rﬂo?ecdﬁﬁ iy £BiofdoR® saphplBi cal data. 7. The nethod
of claims 1, 2, or 3, wherein the biological data is any conbination of

clinical dgta afgledakidastibliNg d:RewhsRIERS bRlodilal MREGSHLERA from

clinical data.

7. The method of claims 1, 2, or 3, wherein the biological data is any
combination of clinical data and data describing the expression of molecules
in a biological sample.

8. The method of claims 1, 2, or 3, wherein the biological data is any
combination of non-biological data and data describing the expression of
molecules in a biological sample.

9. The me"tﬁod“'of claim 5 wherein the molecules are selected from the group
consisﬁng of proteins, peptides, phospholipids, DNA, and RNA.

10.  The method of claim 7 wherein the molecules are selected from the group
consisting of proteins, peptides, phospholipids, DNA, and RNA.

11.  The method of claim 8 wherein the molecules are sellected from the group
consisting of proteins, peptides, phospholipids, DNA, and RNA.

12.  The method of claim 5, wherein the biological sample is selected from the

group consisting of serum, blood, saliva, plasma, nipple aspirants, synovial
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in a biological sanple. 8. The nethod of clains 1, 2, or 3, wherein the
bi ol ogi cal data is any conbination of non-biol ogical data and data
descri bi mgovhessexpr essi on of nolecules in a biological spaplUsol/2447The
met hod of claim5 wherein the nolecules are selected fromthe group
consi sting of pfloidejaessbrospiral deils, gwest phot.ifpcal syattBhiigars horRhjal lavage, The
nmet hod of claim 7 wherein the nol ecules are selected fromthe group

consi sting of pewiking, neRAN AspRantay) basat) ohgipaldiuidOMAI prngladiide. 11. The
met hod of claim8 wherein the nolecules are selected fromthe group

consi sting;of pTRL fleftod &%Pﬁh@e%heﬂmemfﬂlb@bﬁ%am% s@bde ¥ the. The

nmet hod of c aimb5, wherein the biological sanple is selected fromthe
Synovi al 36 wobtsPoEEsY et ABRns B0 Y dupP b AL REAT U 4o

sweat, urine, fecal matter, tear e wabb need! e
aspi rant as, senewplﬂﬁéa}fﬁ%’f& sypQvY u1§snaer8€rgs%1 %}%&’ Ewealst?,urmﬁhge%ﬁ]et hod of
claim7, wherein the bi ol ogi cal sanple is sel ecied fromthe group

consi sting of afptBbdas branghial lavege, awakhingsnpeadiersgirantay, serHen, ﬁ?&%lﬁla

ni ppl e aspirants, synovial fluids, cerebrospinal fluids, sweat, urine,

fecal matter, ﬁaiﬂssandmr@mathate.l avage, swabbi ngs, needl e aspi r ant as,

senen, vaginal fluids, and pre-ejaculate. 14. The method of claimS8,

wher ei n t he4bi olThgintaghodsefaMia 3, vhesdiethHediolbgioahsatmple igseeged fomithe i ng of any
bodily fluid such as serum blood, saliva, plasma, nipple aspirants,

synovi al fluids &@r&,ﬁg@@@ myfbbamdﬁmdssw@as sedithlood, @6K¥a, pRBRbEr . tears,
br onchi al Iavage swabbi ngs, néedl e aspirantas, senen, vaglnal f1uids, and
pre-ejacul ate.

nipple aspirants, synovial fluids, cerebrospinal fluids, sweat, urine, fecal

matter, tears, bronchial lavage, swabbings, needle aspirantas, semen, vaginal

fluids, and pre-ejaculate.

15.  The method of claim 5, wherein the biological sample is selected from the
group consisting of tissue culture supernatants, lyophilized tissue cultures, and
viral cultures.

16.  The method of claim 7, wherein the biological sample is selected from the
group c’dﬁsi;ting of tissue culture supernatants, lyophilized tissue cultures, and
viral cultures.

17.  The method of claim 8, wherein the biological sample is selected from the
group consisting of tissue culture supernatants, lyophilized tissue cultures, and
viral cultures.

18. The method of claims 1, 2, or 3, wherein the biological state is a disease.

19. The method of claims 1, 2, or 3, wherein the biological state is a stage of a

disease.
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15. The method of claim5, wherein the biological sanple is selected from
the group consisting of tissue culture supernatants, |yophilized tissue
cul tures,wanzioés2d ral cultures. 16. The nethod of clai m 7, peh@saindihe

bi ol ogi cal sanmple is selected fromthe group consisting of tissue culture
super nat ane@, | Thohettiodeod ctaims 12, onBs whersin thetiologicad stateuk therpeegnosis.  The
nmet hod of claim8, wherein the biological sanple is selected fromthe
group consi sti ngr®fistdsssue cul ture supernatants, |yophilized tissue
cultures, and viral cultures. 18. The nethod of clains 1, 2, or 3, wherein
t he bi ol ogh¢al i I . %?h}%q -l : or 3,
wher ei n th%ﬁbi o?légl}n?a O%SO?ac%ﬁ?g’s‘% oét?’ %‘326%?16‘3% i se%agét.afé?}gltﬁv?\bdl%eff %%f829

PCT/ US01/ 22447 20. Thleb thod of clains 1, 2, or 3, wherein the biol ogical
state is the prBYHEEPR Py %% sease. 21. The nethod of clains 1, 2, or 3,
wherein the biological state i he di sease. of. .an internal body .organ. 22.
The net hod2df ciThf msthed Oi,ci%ms ?‘lﬂ, i\lﬂliér}? ?Fe%%eg}oé?%@lé?felé glésgflahg st age
of a disease of an internal body organ. 23. The nethod of clains 1, 2, or
3, wherein the Bisoase@ifenintemaklodyorgave health of an internal body organ.
24. The nmethod of clainms 1, 2, or 3, wherein the biological state is the
toxicity of3. on&hemetdwdeofchdns ¢ a2, 32@herEhethabidiogicad ftatd iaitheshed]th 2f amr 3,
wherein the biological state is the relative toxicity of one or nore

cheni cal s. internal body organ.

24, The method of claims 1, 2, or 3, wherein the biological state is the toxicity of
one or more chemicals.

25.  The method of claims 1, 2, or 3, wherein the biological state is the relative
toxicity of one or more chemicals.

26.  The method of claims 1, 2, or 3, wherein the biological state is the efficacy of
a drug.

27.  The method of claims 1, 2, or 3, wherein the biological state is the efficacy of
one or more drugs.

28. The mé‘iﬁod“.of claims 1, 2, or 3, wherein the biological state is the
responsiveness to a regimen of therapy.

29. The method of claims 1, 2, or 3, wherein the biological state is the state of
perturbation of a body organ.

30.  The method of claim 1, 2, or 3, wherein the biologicgll state is the presence of

one or more pathogens.
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26. The nethod of clains 1, 2, or 3, wherein the biological state is the
efficacy of a drug. 27. The nethod of clains 1, 2, or 3, wherein the

bi ol ogi caVostedse i s the efficacy of one or nore drugs. 2BCT/TR@/amet7hod of
claims 1, 2, or 3, wherein the biological state is the responsiveness to a
regi men of31t herHmymetRod of tleinm8 heltbreih thd disemse {5,002 in which, cheiges i thet he

bi ol ogical state is the state of perturbation of a body organ. 30. The

met hod of cl ai npatternd,of @kprdssioieff iGhdteiitigolbiuddsdgitieadisaibet fate arcdt diffeppnesence of
one or nore pathogens. 38 WO 02/06829 PCT/ US01/ 22447 31. The met hod of

clai m 18, wher efphintthenst-g8az6d ktateONe i N whi ch changes in the patterns of
expression of inherent nolecules in the diseased state are different from

t he non- di as%eslgqg@] %8§§1an£?§,W%%ﬁ%vﬁg&isﬁs@isﬁ]%ﬁaﬂymerei n the disease is

a cancer. ) e aim erern I sease is selected from

the group ,consistin f .aut 0-| ne di seases zhei.ner..s di sease and
arthri tis. 3334, TRefaool RERARR 18y uhstrindoe GiRre s relehed o e £ow

gl omerul onephritis. 35. The nethod, of claim 18, wherein the disease is any
i nfectious di sesaistingef autprimmune digeases. Alzhsingss dispase andagtifiiscancer is
selected fromthe group consisting of carcinomas, nelanomas, |ynphomas,

sar conas, M.ast Dmmethotl efiklein 48, whereindhadiseasn is glememiloneplriitss. 37. The

nmet hod of claim 37, wherein the carcinoma is a prostatic carcinoma. 38.
The nmet hod3snf cTkd fe®6d ofbkieil 8, Wheecipahedisera is myainfectian diseasz noma. 39. The

met hod of clains 2 or 3, wherein the data streamis formed by any high

36.  The method of claim 32, wherein the cancer is selected from the group
consisting of carcinomas, melanomas, lymphomas, sarcomas, blastomas,
leukemias, myelomas, and neural tumors.

37.  The method of claim 37, wherein the carcinoma is a prostatic carcinoma.

38. The method of claim 36, wherein the carcinoma is ovarian carcinoma.

39.  The method of claims 2 or 3, wherein the data stream is formed by any high
throughput data generation method.

40. The method’ of claims 2 or 3, wherein the data stream is a time of flight mass
spectrufrif;" v

41.  The method of claim 40, wherein the time of flight mass spectrum is generated
by surface-enhanced laser desorption time-of-flight mass spectroscopy.

42.  The method of claim 40, wherein the time of flight mass spectrum is generated
by matrix assisted laser desorption jonization time of flight.

43.  The method of claims 1, 2, or 3, further comprising using any pattern

recognition method.
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t hroughput data generati on nethod. 40. The nethod' of clainms 2 or 3,
wherein the data streamis a tinme of flight mass spectrum 41l. The net hod
of clai mwop2/odseyein the tine of flight nmass spectrumis penesarres’ by
surface-enhanced | aser desorption tinme-of-flight nass spectroscopy. 42. The
met hod of 44.ai riTkOmethhé pEclain A3 Whmn&eﬁﬂﬁewcm@m@fglpd@mfi% gener at ed
by matrix assisted | aser desorption ionization tine of flight. 43. The

met hod of cl ai n@ndprisés a Warmdng dlgotither arclondiagvistigalgetithgn. any pattern

recogni tion nmethod. 39 WD 02/06829 PCT/ US01/ 22447 44. The method of claim
43, wher eifx.t heTRALEGHA of S8R, 1], 613, FRiRGEohipiibig using ARei SfiSaraingekni Ng

al gorithmand a diagnostic algorithm 45. The nmethod of clainms 1, 2, or 3,

further conpri Sg&é?w?n%‘% Q&qsﬁuﬁtiea{)cfigé&-.okﬁ[aﬁgbﬂ@n%i'Q_bicﬁ&éié‘eﬁ%té OF IRRASET uct a

di agnostic al gori or-a Ical State of interest, wherein the

di agnostic al gorjthmjs.characteri.zed.by hayi. I: jagnostic
clusters of pref ?rgmﬁg]&g%%fﬁﬁlaﬁgé)f@,gnilsnéhgra\%eg?gdr B%iﬁé}élgé g’fﬂtgh?i xed nunber

of di nmensions, conpri,sing the steps of: a. providing a set pof .l earning data
streams, each ddignostic elrtereloredsiesgngd eﬂpﬂlsgﬁil’&élve‘gﬁﬁﬂageﬁ\f = daknov.vn

bi ol ogi cal state; b. selecting an initial set of random | ogical chronosones
that specify theumbeyofdimensishscopmsigedhestars dfunber of points of the data
stream c. calculating a vector for each chronpbsone and for each data
stream by abstgact i p@vidies alsdtaf karrdagrlas strensst eavhslappstreni dedertyng e
chronosone; d. determining a fitness of each chronosone by finding the

locations in the vechRlogidsanslé wathmllrdowal Bisloialdtateron- over | appi ng dat a
clusters of

b. selecting an initial set of random logical chromosomes that specify the
location of a predetermine number of points of the data stream;

c. calculating a vector for each chromosome and for each data stream by
abstracting the data stream at locations specified by the chromosome;

d. determining a fitness of each chromosome by finding the locations in
the vector space of a multiplicity of non-overlapping data clusters of
the predetermined, eqﬁal size that maximize the number of vectors that
fest 1n a cluster having a uniform status, wherein the larger the number
of such vectors the larger the fitness;

e. optimizing the set of logical chromosomes by an iterative process
comprising reiteration of steps (c) and (d), terminating logical
chromosomes with low fitness, replicating logical chromosomes of
high fitness, recombination and random modification of the

chromosomes;
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t he predeterm ned, equal size that nmaxim ze the nunber of vectors that

rest in a cluster having a uniformstatus, wherein the |arger the nunber

of such weabpea24 he | arger the fitness; e. optim zing thepesrUS@i2247gi cal
chronosones by an iterative process conprising reiteration of steps (c)
and (d), term nftingtdr@@tiacial thedterativepoooess aidtdelecting & idgied shromepdmeat i ng

| ogi cal chronpbsonmes of high fitness, reconbination and random nodi fication

of the chronpsones; 4P lY¥} Rk Q983G rEAEht bEbk- avedthfpink dafa@liBted@itandy t he

iterative process and selecting a |ogical chronosone that allows for a

preferred set oé noné%ﬁ#@%ﬁ%@@%@? angH ﬁﬁie@%i@s*@@él@&éd’ i3 a

di agnostic al gofithm e “selected | oglca chronosone and

honbgeneous non-over | ing data, clusters. 46. The.nethod, of claim 45,
further conprising tﬁ@%&c’é 8?11‘?]%%1{1?%6&6%“&}0&@%’8&@6@g‘%gSIrWS{eﬁSm embodyi ng an
optim zed chronpsonme and a_fitness-maxi m zi ng, set gf data clusters to

det er mi ne fi®w adbemsthodyplfckm S Grthet sempmsing the giep offesineadverotticst set of
data streans each having a known diagnosis that is independent of the

i nstructional dalgarithm emhedyidgan gptimized plodmesons¢ aidw Aephmesintzingecty ect or
space contains between 5 and 10 dinensions. 48. A nethod of diagnosing the
di sease of an obfédia ofuskets toridteymiticdlowdticatatel ¥ theplidghestic agoréthml yzi ng a

bi ol ogi cal sanple fromthe subject and calculating from the analysis a

o)L, Y= B o s i b iz Scal s
independent of the instructional data streams.
47.  The method of claim 45 wherein the vector space contains between 5 and 10
dimensions.
48. A method of diagnosing the disease of an organ of an individual which

comprises:

a. analyzing a biological sample from the subject and calculating from
the analysis a normalized vector, having at least 4 scalars and not more
than’ 20 scalars, that is characteristic of the sample;

b. 'bfoxfiding a vector space of between 4 and 20 dimensions occupied by
Aa data cluster map comprising at least 6 equal-sized, non-overlapping
data clusiers, a multiplicity of which data clusters are associated with a
disease diagnosis and a multiplicity of which data clusters are
associated with a normal samples and no date} cluster of said map is
associated with more than one diagnosis;

c. calculating in which, if any, of the data clusters of the data cluster map

the characteristic vector rests; and
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b. providing a vector space of between 4 and 20 di nensions occupied by a
data cluster map conprising at | east 6 equal -sized, non-overlapping data
clusterswaomdsed plicity of which data clusters are assocpar/edomizudr a

di sease diagnosis and a multiplicity of which data clusters are associ ated
with a normal sénpl eassignihgto tgmamm thetdiseassf disgnodis pegpciated widlstheidataed wi t h
nore than one diagnosis; c. calculating in which, if any, of the data
clusters of the datacluktesinewhichhe chhmcelistievdcariredts or, ifeh¢ vsctorasstsin and 41
WO 02/ 06829 PCT/ US01/ 22447 d. assigning to the sanple the disease

di agnosi s associ at edp¥ichiliet RRighicon Abdsiic@tion Bf ¥dH-kdiniahe characteristic
vector rests or, if the vector rests in no cluster assigning a

cl assificajphon qf NPk: . i ' : e of a
di sease of I‘%n og‘gnéﬁﬁ{;)? ogélﬂnghocﬂn%g%%gtﬁg? W@ﬁ&g%gr{ﬁ?é%gﬁ 8%?& %ﬁﬁ%@?ng a

bi ol ogi cal sanple.fromthe subject and calculating from the analysis a
normal i zed vect FPICHEQUIPNG®Ht | east 4 scalars and not nmore than 20 scal ars,
that is characteristic of the sanple; b. providing a vector space of

bet ween 4 and 28 di neralyzing aduelagicalample forg dhesubjagsend cal@patvg it si ng at

| east 6 equal-sized, non-overlapping data clusters, a nultiplicity of

whi ch data cl usters #resnalyssaimtmalizeidtviectar, hdivipg asleastidagaless and avotimare
multiplicity of which data clusters are associated with a normal sanpl es

and no data cluster gfanonidalaRPthasis chgsastidicad thd dampi®re t han one
di agnosis; c. calculating in which, if any, of the data clusters of the

data cluster mag t hﬁr&%ﬁé’ﬁ%@&&%ﬂa& Ye&hREer’ £3E10 @R nsions occupied by

a data cluster map comprising at least 6 equal-sized, non-overlapping
data clusters, a multiplicity of which data clusters are associated with a
disease diagnosis and a multiplicity of which data clusters are
ass&l)ciated with a normal samples and no data cluster of said map is
associated with more than one diagnosis;
c. calculating in which, if any, of the data clusters of the data cluster map
the characteristic vector rests; and
d. ‘a‘ésig‘:ning to the sample the disease diagnosis associated with the data
‘cluster in which the characteristic vector rests or, if the vector rests in
no cluster assigning a classification of non-normal.
50.  The method of claim 48, wherein the disease is a cancer.
51.  The method of claim 49, wherein the disease is a cancer.
52. The method of claim 49, wherein the stage of the disease is a primary

malignancy.
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d. assigning to the sanple the disease diagnosis associated with the data
cluster in which the characteristic vector rests or, if the vector rests in
no cl ust avoazedsgni ng a cl assification of non-normal. 50. ForRUseEtrred of
claim48, wherein the disease is a cancer. 51. The nethod of claim 49,
wher ei n t h3.di sEasmeilwdaf chimet’ o), wheeiméibidogitalchmipln id 9¢lestbdfremn t he
stage of the disease is a primary malignancy. 42 WO 02/ 06829

PCT/ US01/ 22447 1B 3roupdonsREMosk By volidy faidkck hs ¢um)ble6@isalitd) @lasing) ogi cal
sanple is selected fromthe group consisting of any bodily fluid such as

serum bl ood, ?ﬁih%)%?spﬂ%ﬁs? @ﬁovianiﬂ%msfecé@&bwm Shuidsy S04k Alrirk] fob4lS

cer ebr ospi nal sweat, urine, fecal "matter, tears, bronchial |avage,

swabbi ngs, need spira . , i.hal i n esel.agul at e.

34 The met hod B8 Aris cghiafERR, s MU, nochlchitfen il ool v BHARLT U2
pattern, wherejn at |east, one scalar of the vector is a contextual

di agnosti ¢ proditids: 356 PIeRECHAEhGd of clains 48 or 49, wherein the size of
the data cluster is defined by a Euclidean nmetric. 56. A _nethod of

di agnosi ng54 pr Thamgthed|af gleime§8 or 4Awhereindhe dataglusipp meprdefipeschratiedipr i ses:
a. analyzing a biological sanple fromthe subject and cal culating from the
anal ysi s a nor naheadatdesst ong schlav ofife atctbeia stcodtestial dingnostibatodust.
characteristic of the sanple; b. providing a vector space of occupied by a

data cl ustgs. MaFheBBHIAIRBImALS beas twiftrafl tal sif ofeke d19blusteeisldefipedg dat a
clusters, a nultiplicity of which data clusters are associated with a

mel i gnant di agngsl, §@fdkaR metric.

56. A method of diagnosing a primary malignancy of an organ of a subject which
comprises:

a. analyzing a biological sample from the subject and calculating from
the analysis a normalized vector, having at least 4 scalars, that is
characteristic of the sample;

b. providing a vector space of occupied by a data cluster map comprising
at least 6 equal-sized, non-overlapping data clusters, a multiplicity of
Wthh data clusters are associated with a malignant diagnosis and a
multiplicity of which data clusters are associated with a benign
diagnosis and no data cluster of said map is associated with more than
one diagnosis, wherein at least one scalar measures a product that is a
contextual diagnostic product and wherein thf: size of the data cluster is
defined by a Euclidean metric;

C. calculating in which, if any, of the data clusters of the data cluster map

the characteristic vector rests; and

43



multiplicity of which data clusters are associated with a benign diagnosis
and no data cluster of said map is associated with nore than one

di agnosi syowhaised n at | east one scal ar nmeasures a product PChaso/ 447
contextual diagnostic product and wherein the size of the data cluster is

defined by a Eugli deaRidmid toGhe Sampletteiainbsig associahbidalith tht damyclusedr ibhe data
clusters of the data cluster map the characteristic vector rests; and 43
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associated with the data cluster In the characteristic vector rests

or if the vector rest,in no.data e¢luster cassianing [ is of

non- nor mal , non-nali8%§ﬁi¢B§$y@fH§a%%?ﬁégn§§ﬂ§&g$h¥§%gwﬁg%§%in t he

bi ol ogi cal sanple is selected fromthe rou onsi sting of an odily
fluid suchS&s s@gameﬂ}ﬂd&f&ial@éﬁi yherep the g&’?"g@?ﬁ? 5%?@eé%iﬁq?°é?ﬁ§9’¥§€$ovi al
fluids, cerebrospinal fluids, sweat, urine, fecal matter, tears, bronchial
| avage, swabbi ngeupresdstingnfpny snditisfluidsneines seagndpod, splifagplasma,
pre-ejacul ate. 58. The nethod of claimb56, wherein the a multiplicity of
scal ar s neasur e nippiecabpirhigts,tsyadvialrfinidy n¢rebiospihaldivadm swtatcunmeptiget s. 59. A
conput er software product that specifies conputer executable code to
execute a progr a{Bies M, BrdtdhiaDRva®, kR¥BYiEss h&ddts aspirantas) Yerhéd)Faginaor nal i zed
data streamthat describes a biological sanple wth a sanple identifier;
b. inputting a of ..ci tic clusters, each cluster associated with a
di agnosi s of a ?ﬁ%&h‘ﬁ3@3%8@2a| state; c. abstracting the data streamto

calcul ate 3g52 gni/e%(i:cici) Sf ciarir%tSG, wherein the a multiplicity of scalars measure

products that are contextual diagnostic products.
59. A computer software product that specifies computer executable code to

execute a program comprising the following steps:

a. inputting a normalized data stream that describes a biological sample
with a sample identifier;

b. inputting a set of diagnostic clusters, each cluster associated with a
diaghnosis of a known biological state;

c. 'é‘i)éti‘écting the data stream to calculate a sample vector that
characterizes the data stream;

d. identifying the diagnostic cluster, if any, within which the sample
vector falls;

e. assigning to the sample the diagnosis of the igentiﬁed diagnostic
cluster or, if no cluster is identified assigning to the sample the
diagnosis of non-normal, non-malignant; and

f. outputting the assigned diagnosis and the sample identifier.
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characterizes the data stream d. identifying the diagnostic cluster, if
any, within which the sanple vector falls; e. assigning to the sanple the
di agnosi wwob2/0dse9 i denti fied diagnostic cluster or, if noPCT/UStieN447s
identified assigning to the sanple the diagnosis of non-nornal,

non- mal i gnéght ; Amgdndral MWtdﬂglgchEu@%@f@iw&ﬁ PIGATSE & xgeMte S sanpl e
identifier. 44 WD 02/06829 PCT/ US01/ 22447 60. A general purpose digital
conput er conpr i &icograblepodgofelribnS®xecut e t he execut abl e code of clai m59.
61. A conputer software product that specifies conputer executable code to
execute a @f.ogr AoRRHIRE sftware hRiucothboecifies t@pputetexetutpblt todegtoa set  of
instructional data Sstreans, each data stream describing a biological

sanple with a k i i I},Jil_lﬁg,l j1g an operator specified
nunber of poi nt%&gﬁg&ﬁb%g@f@{rmﬁ&ﬁfgﬁ}&ﬁ?ed c%tiésst er size; c. selecting an
initial set of random/l ogical .chro 0 eci ocation of the
pre-speci fi ed n'i‘mberm&'ﬂ‘l1ng Si ?hfeéog 1S <E::t1021§fc(1iatt£§{{r‘e®aﬁ% ga&L)é(%{gF?S?lgti ng a vector
for each chronpsone and .for each data sir‘ﬁ%g]%é ags racti ng the data
stream at | ocations 4¢seEPEEPIYOLIC CoTHbS B KRBOWI Q10 S i ng a fitness
of each chronosone by finding the |ocations in the vector space of a

nul tiplicity ofbnon- twettingmpiopgrattatspeaifiedsmunker of pointicandag oppatarf i ed si ze
that maxi m ze the nunber of vectors that rest in clusters having a uniform

status, wherein the kgiifid dldseernimsper of such vectors the higher the
fitness;

c. selecting an initial set of random logical chromosomes that specify the
location of the pre-specified number of points of the data stream;

d. calculating a vector for each chromosome and for each data stream by
abstracting the data stream at locations specified by the chromosome;

e. determining a fitness of each chromosome by finding the locations in
the vector space of a multiplicity of non-overlapping data clusters of
the pre-specified size that maximize the number of vectors that rest in
clusters having a uniform status, wherein the larger the number of such
Vécté;rs the higher the fitness;

f. Voptimizing the set of logical chromosomes by an iterative process
comprising reiteration of steps (d) and (e), terminating logical
chromosomes with low fitness, replicating logical chromosomes of
high fitness, recombination and random modi’ﬂcation of the
chromosomes;

g. terminating the iterative process; and
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f. optimzing the set of |ogical chronpsones by an iterative process
conprising reiteration of steps (d) and (e), term nating | ogical

chr onosomea ombdsko | ow fitness, replicating |ogical chronosparssai22447 gh
fitness, reconbination and random nodification of the chronosones; g.
termnating thé.it eroatjutingamomemsizedlodicalidur b D) 68 the RSB0 tR2447  h.
outputting an optim zed |ogical chronosone, and the | ocations of the data

clusters that maxi Mdag difigers itHad efsifize tHeditagk ofitlzeptiatizdedsanssomeso that a
di agnostic al gorithmthat enbodies the outputted |ogical chronbsonme and

data clusters can b%oitﬁa%'aedifg%aﬁcalg&ithﬁta@t%{b%hieewﬁeg&%@l@dqbgi@a conput er

conprising a programto execute th execut abl e cod claim6l. 63. A

di agnostic nodel to 0%155%%&2&3? dg{aoéh%g%%g%a@eltig‘g)@%gﬁté&t erest, wherein the

di agnostic algorithmis'C errze I pl e diagnostic

clusters of predeterm ned equal size in a vector space of i xed nunber
of di mensi®ns. %ggnefﬂé)umqgaﬁ&é@i%o %qcogfprlé}n&iarﬁr%ggn\,\t)ﬂgpgq e{hﬁe di agnosti c

clusters are produced by the follow ng steps: a. providing a set of

| ear ni ng data sXeeHpe c ogimeblst r eam describing a biol ogical sanple

wi th a known: bi ol ogical state; b. selecting an initial set of random

| ogi cal chisonpshdisgnddiimtmededtd deferhtine a bivbegi¢abstawfofantprestdwhereim the nunber of
poi-nts of the data stream c¢. calculating a vector for each chronobsonme and
for each data sfifBRBldMgoritkBsisicsattefzddts et miltipRMiginobticatitonf

specified by the chronosone; d. determning a fitness of each chronosone
by finding the ﬂr@&éﬁi‘ér}xﬁﬂ& écfi'xal size in a vector space of a fixed number of dimensions.
64.  The diagnostic model of claim 63, wherein the diagnostic clusters are
produced by the following steps:
a. providing a set of learning data streams, each data stream describing a
biological sample with a known biological state;
b. selecting an initial set of random logical chromosomes that specify the
location of a predetermine number of points of the data stream;
c. calculating a vector for each chromosome aﬁd for each data stream by
‘a“l:).stf;cting the data stream at locations specified by the chromosome;
d. determining a fitness of each chromosome by finding the locations in
the vector space of a multiplicity of non-overlapping data clusters of
the predetermined, equal size that maximize the number of vectors that
rest in a cluster having a uniform status, whelgein the larger the number
of such vectors the larger the fitness;
e. optimizing the set of logical chromosomes by an iterative process

comprising reiteration of steps (c) and (d), terminating logical
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the vector space of, a multiplicity of non-overl apping data clusters of

the predeterm ned, equal size that naxi m ze the nunber of vectors that

rest in avebuedsey having a uni form status, wherein the | apgeustih44tunber

of such vectors the larger the fitness; e. optimzing the set of |ogical
chronosones by an it ¢iraimbssmgyrwideksy fihesspraplicatingriegitarchtonastontes 8f eps (C)
and (d), termnating |logical 46 WO 02/ 06829 PCT/ US01/ 22447 chronbsones
with low fitness, repbh&mdsGedRbifalonGhl PRISAMSdiBkatidl ¢fthd | t ness,
reconbi nati on and random nodification of the chronpsones; f. termnating
the iterative procesg, ghdssgdecting a logical chronosome that allows for a
preferred set of non-overfappf ng data clusters. 65. The diagnostic clusters

produced by t hef. mde{enﬁfnaﬁhg {hré]it%?aitive%Zocess and selecting a logical chromosome

that allows for a preferred set of non-overlapping data clusters.

65.  The diagnostic clusters produced by the model of claim 64.

47



