Heuristic Method of Classification This application clainms benefit under 35
US C sec. 119(e)(1) of the priority of application Serial No. 601212, 404,
filed June 19, 2000, which is hereby incorporated by reference inits
entirety. 51. Field of the Invention The field of the invention concerns a
met hod of anal yzing and classifying objects which can be represented as
character strings, such as docunents, or strings or tables of nunerical
data, such as changes in stodlkeuriatikdethod eddSlassifimtionvel s of expression of
different genes in cells of a tissue detected by hybridization of nRNA 10 to
a gene chi p, This applécation tiainss ehe i drder BY.Spt. eéeil d&(c)}(h) of thappdtty d€t ect ed by
mass spectroscopy. More specifically, the invention concerns a general

met hod wher eyplaticd SRl NoCal/2omal gred Titenol S0@enalcateheraidind@bblategd from a
| earni ng data set consisting of pre-classified exanples of the class of

obj ects that,arge kg iskAGelfi €d. The pre classified exanples having been
classified by reading in the“case of docunents, 15 historical experience in

t he case pf rke a,_ or pathol ogi cal exam nation in the case of
bi ol ogi ca dg?aﬁn%%gﬁ%? E§?¥@§ation al gorithm can then be used to classify

previ ously uncl assj f] anpl es. Such al gor,i t.h re generically terned
data m ni ng techn?h%ﬁgg°$ﬁ§qﬁﬁWHm%8ﬁﬁﬁﬁF?gﬁﬁﬁﬁfggnﬁﬁ?%gﬁﬁ @ﬁﬁﬂﬁﬁ hni ques,
such as nultivariate_ |linear regression and non |inear feed-forward neural
net wor ks hav@bigss WhEEhi car be HeresCRipd it eicisysiings, sichias dasiseerie PESHPRSPT t hey
are static and cannot recognize novel events in a data stream The end
result is thteblegedsimencehdsa chclers dengerindodasirketadicestitee levaleoft i on concerns
a solution to this shortcom ng through an adaptive nmechanismthat can
recogni ze nowdglremioantf diffanera gekatsan s¢llsediatisste eteBad kg hperindizasion bhmRNWwent | on
10 to a gene chip, or the amounts of different proteins in a sample detected by mass
spectroscopy. More specifically, the invention concerns a general method whereby a
classification algorithm is generated and verified from a learning data set consisting of
pre-classified examples of the class of objects that are to be classified. The pre-
classified examples having been classified by reading in the case of documents,
15  historical experience in the case of market data, or pathological examination in the
case of biological data. The classification algorithm can then be used to classify
previously unclassified examples. Such algorithms are generically termed data
mining techniques. The more commonly applied data mining techniques, such as
multivariate linear regression and non linear feed-forward neural networks have an
20  intrinsic shortcoming, m that, once developed, they are static and cannot recognize
novel everts in a data stream. The end result is that nove] events often get

misclassified. The invention concerns a soluticn to this shortcoming through an

adaptive mechanism that can recognize novel events in a data stream.



The invention uses genetic algorithnms and self organi zing adaptive pattern
recognition algorithnms. Genetic algorithnms were described initially by

Prof essor John H. Holland. (J.H Holland, Adaptation in Natural and
Artificial Systems, MT Press 5 1992, see also U S. patent No. 4,697,242 and
No. 4,881,178). A use of a genetic algorithmfor pattern recognition is
described in U S. patent No. 5,136,686 to Koza, see colum 87. Self

organi zi ng patt eRatkeesn@ifithOmvidasobeen descri bed by Kohonen. (T. Kohonen,
Sel f Organi zing and Associ ative Menory, 8 Series in Information Sciences,

10 Springer Verl aghe &98ftionK@E0RARIC algorBehd and s8R0 gahRheMARSve DRREATEr Ver | ag,
Hei del berg 1997 ). The use of self organizing maps in adaptive pattern

recogni tion 48snifl6s m@bmglls.lb}l@eﬁxﬂc afosiAydrd @&Gﬁ&d%ti%ﬁ?%ﬁﬁ@s%%ﬁ ts

Institute of Technol ogy. . Sunmary of the Invention I nvention
consi sts of wag t I St . i : ; i &yl orithm and
a learning a gorolht %G?}]?%H%éﬁgd@g}gg’?%&anp lear?gr‘f'?}ljzﬁ%%ﬂség%&gn%ﬁn%e ods and

| ear ni ng th . The raneters {ze I si%i | gorit hm are determ ned
by the aggl ilg ’ is%enﬁ%%ﬂﬁhgﬁg%z\loﬁﬁﬁgﬂg g%lﬁil\?cf‘l?ﬁg 3;12& %g’?’ﬁ Or{(j1 gg?‘%lcear ni ng data
set. The trajni, gata set is.a data set . %,hich ag' has al ready
boen cl assi 1 ASHHR {PGRERD AR F ORioREHBLHOPeE NostHEE AkoRout
reference to digital conputers, it will be 20 understood by those skilled in
the art that S¥HfOYRY8htion is intended for inplenentation as conputer
sof tware. Any general purpose conputer can be used; the cal cul ations
according to the FelfRdnigng padn grraeiforebes e describpidiby Kabenput dr s havi ng
parallel processing facility could be used for the invention, such
processi ng c&phbidn, 5266 ganEingrom Apcigisaigmbior 8 Seréesgn debimeaion Ssienas, t he
| earning algorithmof the invention- The 25 classifying algorithmrequires
only a mifi m8priage Vetlagfl S84 iakibadn, @n SelZorganizing Maps, Springer Verlag,

Heidelberg 1997 ). The use of self organizing maps in adaptive pattern recognition

was described by Dr. Richard Lippman of the Massachusetts Institute of Technology.

OI.  Summary of the Invention

The invention consists of two related heuristic algorithms, a classifying
15  algorithm and a learning algorithm, which are used to implement classifying methods

and learning methods. The parameters of the classifying algorithm are determined by

the application of the learning algorithm to a training or learning data set. The

training data set is a data set in which each item has already been classified. Although

the following method is described without reference to digital computers, it will be

20 understood by those skilled in the art that the invention is intended for implementation

as computer software. Any general purpose computer can be used; the calculations

according to the method are not unduly exiensive. While computers having parallel

processing facility could be used for the invention, such processing capabilities are

not necessary for the practical use of the learning algorithm of the invention. The

25  classifying algorithm requires only a minimal amount of computation.

(3]



The cl assifying nmethod of the invention classifies Objects according to a
data streamthat is associated with the Object. Each Qbject in the
invention is characterized by a data stream which is a | arge nunber, at

| east about 100 data points, and can be 10,000 or nore data points. A data
streamis generated in away that 5 allows for the individual datumin data
streans of different sanples of the sane type of Object to be correl ated
one with the othefhe cBsaififihe methiod Gbjhe v@nticnodlasei€ict OXjests apairdibgtd Hddtd ne in the
context of predicting the direction of financial markets or the behavior of
a conpl ex preeesIhAd 4s86didted With 81Rd)bjédt.OEQYIGlidct SAMP LiRSnt & is medi cal

di agnosis. The associ ated data streans of these 10 Objects are the

di stributi oncrafactefib Q1 B ddd stkdddn, WXthis § REsedRhibYr, 6hRAY 8out N0PALLE Boigls,
publicly traded stocks or commpdities, the instantaneous readings of a

nunber of  pLASSHEE io,b(lé’(ﬁf&%féfeléfa@a jﬁﬂgshgk%ars%@&h ‘i@g%niex‘%teh'?&ia REQBEES! Ng

facility such as an ol refiner a mass spectrumol |l sone subset of

the proteins i.0- . i i Eﬁm [di.zation to an
array of E\Sldi fgflfeorg\}eézgnbgsu{dgg%%;nuc e%tafrrc 3%%%&%?,&& erl cfg]?(%){/ah}%ﬁ i nvention
can be used never éto iéag&asier‘ggltég %raSSi fy Objects into one of several

cat egori es, ¥ g.J, vﬁhl?c%r{yﬁl cal )/ PWE or three cat egories, and the

bj ects are associated w @We tensive amounts of data, e.q.,. typically
Chousands. of - dat apBTRERS! THERL GRS (B oures 1) §ne GEE Gpiatal Metgiee ¢ o
indicate that (Objects has,fil speci al . neani.ng herein in that it_refers
col | ecti vel yihe girectiegiob figansiz! grkets ‘EGhee}?eg?“{méﬁééiOF’iplﬁxéjé‘i’FﬁF% fagikty: 294 angi bl e
objects, e.g., witings or texts, and totally abstract objects, e.g., the
nonent in tipislogicalovamples Aoy merienhdiognasise Abe pssociated App sivcampirddleessi ng facility
or the novenment in the price of a foreign currency. The first step of the
cl assi f ylthg Qbjettodreitbe distridatioudfatiorams ilObg &at, theedtilycharigesin prigmof or dered s et
of a small nunber of data points or scalers (between 4 and 10 0, nore 25
typi cal |y betwhdely thdedistoGks@y cohminditiss, derinsatafeoomesdiegsddtrausiberedm associ at ed
with the

pressure, temperature and flow readings in the processing facility such as an oil

refinery, and a mass spectrum of some subset of the proteins found in the sample, or

the intensity mRNA hybridization to an array of different test polynucleotides.

15 Thus, generically the invention can be used whenever it is desired to classify

Objects into one of several categories, e. g, which typically is two or three cdtegories,

and the Objects are associated with extensive amounts of data, e. g., typically

thousands of data points. The term “Objects” is capitalized herein to indicate that

Objects has a special meaning herein in that it refers collectively to tangible objects,

20  e.g, specific samples, and intangible objects, e.g., writings or texts, and totally
abstract objects, e.g., the moment in time prior to an untoward event in a complex
processing facility or the movement in the price of a foreign currency.
The first step of the classifying method is to calculate an Object vector, i.e., an

ordered set of a small number of data points or scalers (between 4 and 100, more

25  typically between 5 and 30) that is derived from the data stream associated with the



3 bject to be classified. The transformation of the data steaminto an

hj ect vector is ternmed "abstraction." The nost sinple abstraction process
is to select a nunber of points of the data stream However, in principle

t he abstraction process can be perfornmed on any function of the data stream
In the enbodi nents presented below 5 abstraction is perforned by selection
of a small nunber of specific intensities from the data stream In one

enbodi ment,  Utgecs o assified. Ohe trli8foehasohidf Yiengtadiahoitd & Ogedlek@biisne in
whi ch data cluster, if any, the vector rests. Data clusters are mathenati cal

constructs t hame@rfstBiofH Thelih BRSO MstrRdieh YRlc8RLS toelbP Mm@t bappi ng 10
"hyperspheres" of fixed size in the vector space. The |location and

associ ated  ghassirhioahd ORAL HALUR ki RAGLABLAIR HSLEL cdhgedet er mi ned by

t he | earning gorithmiromthe traini'ng a set, extent or size of

each data ol Yshinand LOSuINIPEr o 0hus SLIRNSH ARAALAHG VEELOCABBRGE TS o€t

as a matter Fouti ne experr nen operator ‘prior to the
operation_of the learni al,gorithm Lf t vector. |ies wthin 15 known
Goth ol ustor e EE et skt e R RESoF s T Bleh B 1 s ha
cluster. lnﬂ%e?d%t npst si npl e enbodi nents the nunber of dinensions of the

vector space ae‘ﬁ‘i?&‘into t he nunber of data points that is selected in the

abstraction process. Alternatively, however, each scal er of the Object
vector can be cal Bupnfsepodineiy thegseendstey of Sesrlassifving mgthod petodgtermiger eam | f
the Object vector Tests outside of any 20 known cluster, a classification

can be nade & whichgpig clusterdt i Blvedanygsts . Data cluptersl arematiemetécabrbodi ment, t he
definition of each data cluster as a hypersphere is discarded and the
second step icsngpectt tratrer thymokidownaichd gqtindemtat Chon-parlapetgr p = 2 (min
(reity, |WIL) /2 (|W]), where Ii are the scalers of the Object vector and
W are t he s Chyrersphoks’'t dfdixed nize oi ttle ofctdrhpacpr Eholoneibncdnd ssiotigiedg vect or. The
Teten classification or “status” of each data cluster is determined by the learning algorithm
from the training data set. The extent or size of each data cluster and the number of
dimensions of the vector space is set as a matter of routine experimentation by the
operator prior to the operation of the learning algorithm. If the vector lies within a
15  known data cluster, the Object is given the classification associated with that cluster.
In the most simple embodiments the humber of dimensions of the vector space is
equal to the number of data points that is selected in the abstraction process.
Alternatively, however, each scaler of the Object vector can be calculated using
multiple data points of the data stream. If the OEj ect vector rests outside of any
20  known cluster, a classification can be made of atypia, or atypical sample.
In an alternative embodiment, the deﬁnition of each data cluster as a
hypersphere is discarded and the second step is performed by calculating the match
parameter p = % (min (L;!, [Wi]) /2 ({W;]), where ; are the scalers of the Object vector

and W, are the scalers of the centroid of the preformed classifying vector. The match

25  parameter p is also termed a normalized “fuzzy” AND. The Object is then classified



25 paraneter p is also termed a normalized "fuzzy" AND. The Object is then
classified 4 according to the classification of the preforned vector to
which it is nost simlar by this nmetric. The match paranmeter is 1 when the
bj ect vector and the preformed vector are identical and less than | in all
ot her cases. The learning algorithmdeterm nes both the details of
abstraction process and 5 the identity of the data clusters by utilizing a
conbi nati on efcokdingvd thathesifdaicabf tht pelfvringd esct@rnd whidh ipisengetinflarigmet ers. A
user pre-sets the nunber of dinmensions of the vector space and the size of

the data cl ustierenRl ,ThalnbRENRkdNSENs 1 then e DHRLVedG RN talrefohgael of the
"fuzzy AND' match paraneter p. As used herein the term "data cluster”

refers to botbetg HYRRLBENGAEIEUSHAT] & dughdrdern netric and preforned 10
classified vectors using a "fuzzy AND' netric. Typically the vector space in

which the data cl YL Ghiidd Sabdin@ RREIRE RRELGREAS of ARARGIOR Brdcb@an e
variation of intensities Tn-eac Imension is constant. So expressed
size of the t. [ }l i ressed as
i i mm  per Saperding B} B o3 o SR AR ey GABRR IRLEREAC, U, o 15
I n one enbodinent the .| earning algorithmcan be i.nplenent by . combi ni ng

Ej e f“ ffgregf&(‘gﬁlﬁggsW?ﬂ@f?’%@g?ﬁ%ﬁﬁeﬁsag‘éseb%rﬁ"(??ﬁ:éh@plsrgﬁr%b?%?%lﬁ? ave been
ol gor £ bim (2 11 VeRE Pt end A A6 A PSP KR e eHRE S T PRy St ems, M T
Press 1992) that processes a set of |ogical chronpsones) to identify an
opti mal | ogi é%ﬂepaag}edwéaﬁﬁwt“ﬁmﬂy ADRY meateh pREnSE RbAt PEDEGH BE Re dat a
steam and (2) an adaptive self-organizing pattern recognition system (see,
T. Kohonen, Seéats cloptgiiretersig batice Inpsisphcat nsrs ABwabidpan getge gpéprefonmed The term
| ogi cal chronosone is used in connection with genetic |learning algorithns
because tlfie kbhgiital veopes atinpnifuofy ANB” alegrox i t hm are anal ogous to

t he

Typically the vector space in which the data clusters lie is a normalized vector
space so that the variation of intensities in each dimension is constant. So expressed
the size of the data cluster using a Euclidean metric can be expressed as minimum
percent similarity among the vectors resting within the cluster.

15 In one embodiment the learning algorithm can be implemented by combining
two different types of publicly available generic software, which have been developed
by others and are well known in the field: (1) a genetic algorithm (J.H. Holland,
Adapration in Natural and Artificial Systems, MIT Press 1992) that processes a set of
logical chromosomes’ to identify an optimal logical chromosome that controls the

20  abstraction of the data steam and (2) an adaptive self-organizing pattern recognition

system (sce, T. Kohonen, Self Organizing and Associative Memory, 8 Series in

! The term logical chromosome is used in connection 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.



reproduction, selection, reconbination and nutation. There is, of course, no
bi ol ogi cal enbodi nent of a | ogical chronosone in DNA or otherw se. The
genetic learning algorithms of the invention are purely conputational

devi ces, and should not be confused with schenmes for biol ogically-based
information processing. 5 Information Sciences, Springer Verlag, 1984;
Kohonen, T, Self-organizing Maps, Springer Verlag, Heidel berg 1997),

avai | abl e fr &tfw@asiop SOraceSoSringerY er@gei$hel ohoned, Sefftarbonidentips, es a set of
data clusters based on any set of vectors generated by a | ogical
chronosone. Spexge Vedhs, Hdidwdbeagl &7 )yavapdii¢ Bom GregpGne Sofbwars 0Ftewadrel, 5
maxi m zes the nunber of vectors that rest in honbgeneous data clusters,
i.e., clustehMD, wiish identifigianeveCharcsets Habal dreaynbing veabrsipavdritgd Bnky one
classification type. To use a genetic algorithm each |ogical chronobsone nust
be assigned &gical thrB@SSome. TREeclfidane s a@dptivapiitdnPBedliti G oBaROMe i S

determ ned by the nunber of vectors in the training data set that rest in

horogeneoys gllighieEsth@huhb PREH S haflt iR horhQodRbid dataltlstirs i b OFudBat
chronmosone. Thus, the learning algorithmof the invention conbines a

genetic ol Qoo itk 50 80Pl ol )l oclimmmsARR, and an adapt ve
o2 e 11 e el bl R0 e U OLFATRL G o Tl 1O
o LR IVl on SOt ol ol e CRIBLIRLL O LB AED G plagy T @
reasur €5 he \BOmRIEheLLy, o L ul pu o Ll Rett e acognlilonsal oo (hm
Lt e urtel Rl daac NeLers L Spumch greater Lisn dhe.munber of

Obj ects into two categories, e.g., docunments jnto those of
combines a genetic algorithm to identify an optimal logical chromosome and an

adaptive pattern recognition algorithm to generate an optimal set of data clusters and a
the fitness calculation based on the number of sample vectors resting in homogeneous
clusters. In its broadest embodiment, the learning algorithm of the invention consists
15 of the combination of a genetic algorithin, a pattern recognition algorithm and the use
of a fitness function that measures the homogeneity of the output of the pattern
recognition algorithm to control the genetic algorithm.
To avoid confusion, it should be noted that the number of data clusters is
much greater than the number of categories. The classifying algorithms of the
20  examples below sorted Objects into two categories, e.g., documents into those of
interest and those not of interest, or the clinical samples into benign or malignant.
These classifying algorithms, however, utilize multiple data clusters to perform the
classification. When the Object is a point in time, the classifying algorithm may
utilize mare than two categories. For example, when the invention is used as a

25  predictor of foreign exchange rates, a tripartite scheme corresponding to rising, falling



interest and those not of interest, or the clinical sanples into benign or
mal i gnant. These classifying algorithnms, however, utilize multiple data
clusters to performthe classification. Wen the Cbject is a point in tineg,
the classifying algorithmmy wutilize nore than two categories. For

exanpl e, when the invention is used as a 25 predictor of foreign exchange
rates, a tripartite schene corresponding to rising, falling 6 and m xed

out | ooks woukbskl inéxedppiiogisivaing] bAgpidpriael @lgaia, fuch papartite ckaBsief yi ng

al gorithm woul d be expected to have many nore than three data clusters. W
Det ai | ed DeselbpthnpWo@t be I@?dc&ﬂ&@hﬁ@ﬂndn@ el @fn E@eddALElugerst he i nvention the
routine practitioner nust develop a 5 classifying algorithm by enploying the

| earning al goyi t lBaiftd IVsbHp @8l of ¥ Thwhtign Method, some routine
experinmentation is required. To enploy the learning algorithm the routine

practitioner “Sestf%rgéﬁg;ﬂidgﬂcgﬂe ﬂw%&&onacggro%ﬁé rﬁ&‘t%ﬁ%ﬁﬁﬂ&%&e&fa"“ mze two

paraneters, the n I mensions and the data cluster size. Although

there is po apseklute.or.dnherent u limt,on.the er. of 10 di mensions
e e vens o b SRt R A ERBIoHBARE b el Rl AL IRy Bl ' To00L OO
di nensions in nsi.on too | ow or

ach inplepentation. Lf .the nu r_of dj IS

the size of MECCTURT BRI PBETPUPIR S B b RIS § CPPE R EST L 1 o
generate any Iogical chr onosones .t hat corre&tlg classiféraIL sanples with
an accept abl &91BYHIE BICUIGREJEFA Fafingdele 67 Saf (Pusteppemal W@ s¥Rsi ons can
be too large. Under this 15 circunstance, the |earning al gorithm generates
many | ogi cal PRRPSI#ES Sivesmbene! dagesionsgad thedrimshisisosigs-bl e fitness early in
the | earning process and, accordingly, there is only abortive selection.
Simlarly, when tAdhepgheher igieabgelpie o inhsteat wppeslimgendhemymber oo  nunber of
clusters will be found to approach the nunmber of sanples in the training
dat a set 18nd diragmsions irt the veaser; ihadeapring tlgeritbmdiselfidherenily Hmith #te namibar gfe nunber
of | ogi cal

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 logicat

chromosomes that correctly classify all samples with an acceptable level of

homogeneity. Conversely, the munber of dimensions can be too large. Under this

15  circumstance, the learning algorithm 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 clusters will be found to approach the number of samples in the training

data set and, again, the routine practitioner will find that a Jarge number of logical

20  chromosomes will yield a set of completely homogeneous data clusters.
Although the foregoing provide general gvidance for the selection of the
number of dimensions and the data cluster size for a classifying algorithm, it should
be understood that the true test of the value of a classifying algorithm is its ability to

correctly classify data streams that are independent of the data stream in the training

25  dataset. Therefore, the routine practitioner will understand that a portion of the



20 chronosones will yield a set of conpletely honogeneous data clusters.

Al t hough the foregoing provide general guidance for the selection of the
nunber of dinmensions and the data cluster size for a classifying algorithm
it should be understood that the true test of the value of a classifying
algorithmis its ability to correctly classify data streans that are

i ndependent of the data streamin the training 25 data set. Therefore, the
routi ne pr acisatrigneata st Mustidescstednd vérifathad thealassificatoh atdoeithn 1sear ni ng dat a
set nust be reserved to verify that the classification algorithmis

functi oni ng Wrkchoidne @ith an efrat Rte, thask at@pabledptthdineentied pirpesel Mhended pur pose.
The particular conponents of the invention are described in greater detail

bel ow. A ThatibahkecoRtoaas antle TivRfonQle ddateetisn predRedahinbgd ki cati on of
bj ects and the generation of the associated data stream depend upon the

nature of the problephharhenaddressedopihg general principles are

illustrated by the TolTow ng exanpl es. Docunents: |In one enbodi nent the

i nventi ong provide . I Iif i cuments.
For -oxanp! o, one. ag - omiaflol & onibd mfAPLSHER L A A80LLA B BBl T
data base consistin f nu r.of. docunent s | arge. to. reyjiew

i ndi vi dual | y.Gg 8?1 P e%g 8 recélﬁ%f rﬁ@ggﬁoﬁ %ﬁlrﬁs@ée&r?]ﬁ hSnge%?%l gglglg’yeg%e
conputerized.al gorithmto. identify a subset of the database nost likely to
contain the ﬂﬁlﬂgﬁtﬁ%h@eg&l?‘ﬂ%% PleSach document is an Object, the data
stream for each ocunent consi%s .0f the hist o%ra. representing the
frequency of eachDgguments: \inopg embodimgrf the ingertion DraVviqes 2uiRd St Bns
(trigrans) found in the docunment after renoval of spaces and punctuati on.
Al t er nat i vel yomputiizedlogpssification dnsumonty. Foricypmplg, e mayokas ftecidin be
prepared after the further renoval of vowels fromthe document. The

t rai ni nglBat doewentsor diterest frfm a dafa bpiecontistingof apprbpraf doeurerptsine KESE t hat
have been

to review individually, For these circumstances, the invention provides a
computerized algorithm to identify a subset of the database most likely to contain the
documents of interest. Each document is an Object, the data stream for each
document consists of the histogram representing the frequency of each of the 17576
15  (26%) three letter combinations (trigrams) found in the document after removal of
spaces and punctuation. Alternatively, a histogram of the 9261 trigrams of
consonants can be prepared after the further removal of vowels from the document.
The training data set consists of a sample of the appropriate documents that have been

classified as “of interest” or “not of interest,” according to the needs of the user.

20 Financial Markets: It is self-evident that financial markets respond to
external events and are interrelated to each other in a consistent fashion; for example,
foreign exchange rates are influenced by the atiractiveness of investment
opportunities. However, the direction and extent of the response to an individual
event can be difficult to predict. In one embodiment, the invention provides an

25  algorithm computerized prediction of prices in one market based on the movement in



classified as "of interest” or "not of interest," according to the needs of
the user. 20 Financial Markets: It is self-evident that financial markets
respond to external events and are interrelated to each other in a

consi stent fashion; for exanple, foreign exchange rates are influenced by
the attractiveness of investnent opportunities. However, the direction and
extent of the response to an individual event can be difficult to predict.
I n one enbodpnenty addileer] Bedntdiniin prevs aheSbian, Bbexaingde hduninintervlst #2ei zed

predi ction of prices in one market based on the novenent in 8 prices in
anot her. Eachatpetrétim fof hbintensists antheRjsegtam 6fhe ehanpPineprive v byblichiteddedl s, the
data stream for hour consists of the histogramof the change in price of

publicly tragedritisas e hijessthdk rhilRett B 106 reldvaticolBkike S, Ithe NBE Yogk sigant
countries, e.g., the New York and London stock exchanges where the exchange

rate of the pohneh BRe delahals iefe A exthafleGhRBE the Hofind & (A0 2 Set

consists of the historical "record such price changes that has been

classi 11 o8 amuAERCatl lnfhyld: 88 Olonkiak b P il AL SRR [ithGes BiOCCS g

Facilities: I'n a conplex processing ftacl y, such as a I nery, oOi
field or pet hem cal - pl ant he pressure. .t er e. flow and status of
multiple - va %/)Sgbsee%ﬁgg%i?%ears péeocﬁéngfigS? %Iotlfé'ﬁéﬂc Fgfé a)f'pt%i'i‘g({raget' atus values") are
constantly nonitogred 10.and.recorded., There is a.need (o det.ect. i npendi ng
it oward svents. berssstedBES I8 AGSapish P EetRa B ok & PR | L e
The present ipvention provides a conputerized algQrithmto c|assify each
point in tin€l é&ldeqrtpﬁa&hammagwa% % PP (RO PRESIAYS P#ltﬂu&lﬁ dat a
stream consists of the status values for each point in time. The training
data set congr¥essangrothengomijolt Gpilesarely &sop@upralupe) areapuganiiymitorrassi f i ed
as 15 either preceding an untoward event or as precedi ng nornmal operation.
Medi cal P agaebicsordath elhens/ismtricehtocdgtechienpgadiae trowhe cyprth Yefpreted a tissue
sanpl e for nedical diagnhosis, e.g.,, for analysis of serumor plasma. The
dat a str eam untoward event becomes a catastrophic failure. The present invention provides a

computerized algorithm to classify each point in time as either a high-risk or normal-

risk time point. The data stream consists of the status values for each point in time.

The training data set consists of the historical record of the status values classified as
15  either preceding an untoward event or as preceding normal operation.

Medical Diagnosis: The invention can be used in the analysis of a tissue

sample for medical diagnosis, e.g.,, for analysis of serum or plasma. The data stream
can be any reproducible physical analysis of the tissue sample that results in 2,600 or
more measurements that can be quantified to at least 1 part per thousand (three

20  significant figures). Time of flight mass spectra of proteins are particularly suitable
for the practice of the iﬁvention. More specifically, matrix assisted laser desorption
ionization time of flight (MALDI-TOF) and surface enhanced laser desorption
ionization time of flight (SELDI-TOF) spectroscopy. See generally WO 00/49410.

The data stream can also include measurements that are not inherently

25  organized by a single ordered parameter such as molecutar weight, but have an



can be any reproduci bl e physical analysis of the tissue sanple that results
in 2,000 or nore neasurenents that can be quantified to at least | part per
t housand (three 20 significant figures). Tine of flight nass spectra of
proteins are particularly suitable for the practice of the invention. Mre
specifically, matrix assisted | aser desorption ionization tinme of flight
(MALDI - TOF) and surface enhanced | aser desorption ionization tine of flight
(SELDI - TOF) sfrétedry osleapYhusSBi Agaivesaadal datd\(Ba08m4B4ie0uslyl headddsahest r eam can

al so include neasurenents that are not inherently 25 organized by a single
ordered par agrjredsimueVElOS AWI0aE MorE garRé ghiithe used ashialae: stidar) vaiehitHertakye or der .
Thus, DNA microarray data that simultaneously measures the expression

level s of 2, Q40h10%s IMbEsyIRREHek 3EcRBizihg Vht B ol dF Mo SAdiHaMI AR idde tissue
sanple is a biopsy specinen, recognizing that the order of the individual
genes is thegdal&sldLRllyS arbitrary. 5 Specific diseases where the
present invention is particularly val uable occur when early diagnosis is

i mportant 5 but te roF=V VAR o [ 18 i U o3 Y 1Y &N o T - Qof: 1ﬂ9%ﬂ&ﬁ%b ynpt ons and
t he di sease may bgggigeé%éﬁgig&%rohkﬁe_ggﬁﬁgygﬁ%%s % at are_8%¥€§iable in
the serum because. of bhe. 19! Sholls AG%tNCher0F LRALIOKORI figlabibpsue. The
early diagnosis off mafi ghancires afre a prinary Tocugor the 188%™ t he
invention. The 10 worki.ng.exanple illustrates th iagnasis of prostatic
carci noma, sSHIPEQFSAP gTeghq‘eB?e%We © %P%{%ﬁlc}g ip§°sd8'?e %gg’iﬁf“g‘:ﬁ%éaéﬁ{?éirc?eﬁgl\?e been
performed. It should be not t ha single_data streamfroma patient

sanpl e can bé? %aﬁ%fr%@amfss of |Heqt%10§c Eﬁt%fg}aagglg PEBriRgcaliissiret M6 445 t he
invention. The additional cost of such multiple analysis would be trivial
because t he $iagpesisefanslignancies ashe Arimany fogus ghts use ehithe BympionatliP®nal only. B.

The Abstraction Process and Logi cal Chronosone o
working example illustrates the diagnosts of prostatic carcinoma, similar trials for the

diagnosis of ovarian cancers have been performed.

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 additionat
cost of such mutltiple analysis would be trivial because the steps specific to each

15  diagnosis are computational only.

B. The Abstraction Process and Logical Chromosome

The first step in the classifying process of the invention is the transformation
or abstraction of the data stream into a characteristic vector. The data may be
conveniently normalized prior to abstraction by assigning the overall peak a arbitrary

20 value of 1.0 and all other points given fractional values. The most simple abstraction
of a data stream consists of the selection of a small number of data points. Those
skilled in the will recognize that more complex functions of multiple points could be
constructed such as averages over intervals or more complex sums or differences
between data points that are at predetermined distance from a selected prototype data

25  point. Such functions of the intensity values of the data stream could also be used and

10



The first step in the classifying process of the invention is the
transformation or abstraction of the data streaminto a characteristic
vector. The data nay be conveniently normalized prior to abstraction by
assigning the overall peak a arbitrary 20 value of 1.0 and all other points
gi ven fractional values. The nost sinple abstraction of a data stream
consists of the selection of a small nunber of data points. Those skilled
in the will pecogmtaactrationeqevaotiyltestheSimde atenactafusratet iipthe waekings coul d
be constructed such as averages over intervals or nore conplex suns or

di fferences chefpeen data points that are at predeterm ned distance froma
sel ected prototype data 25 point. Such functions of the intensity val ues of

the data stream cow ﬂdl@éd&ﬁill@solb@pﬂciaﬁdhal%tﬁihee?éﬁﬁféhﬁdoﬁ Barf dbRefnir@n
equivalently to the sinple abstract illustrated in the working exanples.

The skilled Whlaﬂhpﬁdb%@a@l@ﬁ'b?@él@i%h& Btant bl NEpLAREHAR phakd QRicCAR det erm ne
whet her abstraction by taking the instantaneous slope at arbitrary points

could al'sg 54{HAGE iiGfe ?ﬁs%@ﬁw_@ tﬁ)%?')&c&rﬁ%@ﬂ}t, L&HTQI%Q@?SF%@]&'V&&HE& drouti nel'y

avai l abl e variations of the illustrated working ex are wthin the

scope of they qﬂgﬂa&gqﬂorﬁ_@g%&pﬁ H’E@ﬁﬁl&\éﬁﬁgéﬂﬂeiﬁﬁf&{b@ use of a genetic

algorithmto determne the I ch” are use “calculate the
characteristic vegtor,. |n.keepin ifh th nomengl at ur the art, the
et o “the spect fiigus SRR Hebdlb 3fe sOUE Aol B oicobit® &
chronmosone. The | ogi cal, chronpso contain as nmany, "genes’. as. re are

di mensi ons pﬁ'ﬂgﬁgm ‘g@ﬁ}b?gﬁlisgqpﬁoégg@aeg#‘? C%ﬂ?ﬁtegg{c V&?‘{tof'h]gﬂ%?ﬁ?)‘%mﬁi‘ggee nunber
Ohrommeont eesee B S SRR So B ol brbfE oL v
invention, Those skilled in the art appreciate that a genetic algorithmcan

be used wWAenchrpmopsiae. chifdPEicararogpasomet oM MmNy | eenes eI e to a probl em

must be able to be o
dimensions of the characteristic vector. Any set of the appropriate number of data

points can be a logical chromosome, provided only that no gene of a chromosome is
duplicated. The order of the genes has no significance to the invention.
Those skilled in the art appreciate that a genetic algorithm can be used when
15 two conditions are met. A particular solution to a problem must be able to be
expressed by a set or string of fixed size of discrete elements, which elements can be
numbers or characters, and the strings can be recombined to yield further solutions.
One must also be able to calculate a numerical value of the relative merit of each
solution, its fitness. Under these circumstances the details of the genetic algorithm
20  are unrelated to the problem whose solution is sought. Accordingly, for the present
invention, generic genetic algorithm software may be employed. The algorithms in
PGAPack libraries, available from Argonne National Laboratory is suitable. The
calculation of the fitness of any particular logical chromosome 1s discussed below.
The first 1llustrative example concerns a corpus of 100 documents, which were

25  randomly divided into a training set of 46 documents and a testing set of 54
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expressed by a set or string of fixed size of discrete elenents, which

el ements can be nunbers or characters, and the strings can be reconbined to
yield further solutions. One nust also be able to calculate a nunerical
value of the relative nerit of each solution, its fitness. Under these
circunstances the details of the genetic algorithm20 are unrelated to the
probl em whose solutiaon is sought. Accordingly, for the present invention,
generic genetlPeumagngofherioraneninganaisisd pf blatedphedyrion addiesses. grledtionniomn
PGAPack |ibraries, available from Argonne National Laboratory is suitable.
The cal cul athedwolstle Het 4fiWarend aﬁfclea%rymvé@ FinengidTimeyi B dighibwimesdne i s

di scussed below. The first illustrative exanple concerns a corpus of 100
docunent s, wiighmeEreaclPdocnaqaiomsyaigiateded veptoosmact pE2ndingngens apfl 246
docunents and a testing set of 54 ii docunents. The docunents consisted of

St at e of t hedunicbnteadide asseb dinsamkien bf 0.85 tifneotie rddge obvdkesTh ehafdimeatiokdr and
articles fromthe Financial Tinmes. The distribution of trigrans for each
docunent fias weakeudted. €The dnuicdlgorithpaeere ghitized withnidoarigsngnddmlgdat a cl ust er
size in each dinmension of 0.35 tinmes the range of values in that dinension 5

was sel ect edchdfRf |G themdb@adsi WRABe MedrBhrh PhdgratbézBE mbkrd fit lafeait 1, 500
randomy chosen | ogical chronosones. As the al gorithm progressed the nore

fit logical GREQABREIRS RsIRaAHRKA 4R1AQH HPRE idffhatddS Thblelis AlcSmbRbfdNat ed.
There is reconbinati on between chronosones and nutation, which occurs by

t he randomr t r (! .
PRLACE %:ﬁ%m&rhnd%ﬁ%ﬂ witkh ﬁcec%& H}.”Eﬂéﬁlﬁgﬁnfl réplaclém@ﬂttocf%glol L ection

essential feature o e 1nvention that t 1071 ni y ‘selecte

o 091 C2l RO O AT OB 4 R OBALE PGy Rlipd B gt o] et of

data streans to Identi ose poi nts havi ng variability

may be usgf Uyl Rouan el | ENalaHES IR kS0, lntr 0duss a0 Lauagt ed

initialization bi-as. ose SKi e art apprecria e Fnitial
set Of  ohr OTPAQTE oo BPadBH LALLM fidh B ST AR SgiRd ¢ ons For the
variability may be useful, although such techniques may also introduce an unwanted
initialization bias. Those skilled in the art appreciate that the initial set of
chromosomes, the mutation rate and other boundary conditions for the genetic

15  algorithm are not critical to its function.

C. The Pattern Recognition Process and Fitness Score Generation

The fitness score of each of the logical chromosomes 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 each logical chromosome that is tested.

20 Data clusters are simply the volumes in the vector space in which the Object vectors
of the training data set rest. The method of generating the optimal set of data clusters
is not critical to the invention and will be considered below. However, whatever
method is used to generate the data cluster map, the map is constrained by the

following rules: each data cluster should be located at the centroid of the data points

12



15 algorithmare not critical to its function. C. The Pattern Recognition
Process and Fitness Score Generation The fitness score of each of the

| ogi cal chronpsones that are generated by the genetic algorithmis

cal cul ated. The calculation of the fitness score requires an optinmal set of
data clusters be generated for each |ogical chronosone that is tested. 20
Data clusters are sinply the volunes in the vector space in which the bject
vectors of tiweliemathit thg daathisiee ho Hes tata Thetenwidyadedip gEnks dhicAgos b8 opt i nal
set of data clusters is not critical to the invention and will be

consi dered beh®iludtave tRmoriilake vestor spRiehoOfixddSpries eckht gergenh af thetdtp. dat a
cluster map, the map is constrained by the followng rules: each data

cluster shoul d beThesiat 6fthatath BRseLRGEMyEhOlset B abStrBRinBlpsocdsk. that lie
within the data cluster, no two data clusters nmay overlap and the di nension

of each cl Ukl G000 PLIBLLASH Y 8OLRfiRRAS Ehlotobdni&@dnRTchr to the

generation of the map. The size of the data Cluster 1s set by the user

during the tralnj HalcH i LOLE. in:.a failure
find, anygchrsgéncgés@%leyg&%gfﬁigéeﬁﬁ%t&succgte%gfc §+\fe3?f e%’losgtsdsngft%est‘%egggér}%?ers {él%tlrﬁai ni ng
set, conversel tf.1n h ize w.resul ts,i a set. of, opti.mal data
clusters in \ﬁ?f#%cfif%? aﬁ%%tw%glPagf mc*’%g% g}eél u?%fﬁ%%&ﬁ% § %H%oaﬁ]ﬁer‘?ﬁléergmbl?erdat a
points in the_.trainin et. .Nbre inportant]| a too |l settin f the
o776 of 't he CHHTAPCIHORAR FHUREIY PR GURIFLHGS TmRhiecre & A S s ed
bel ow. The nmet hod used to define the size of the data cluster is a part of
the inventi ofi® ‘?aﬁéi?ﬂ%‘ r&'?‘ill%t“érovﬁlfﬁfté“geaﬁﬁlﬁ]élscﬁéﬁxpﬁé‘ggﬂ9wt he maxi mum of the
equi val ent of the Euclidean _distance (root sum of the squares) between any
two menbers of thdhgaiethodiuged tedefing thy sige olctie deta Flusteris appgof Bsikediohds to a
requi rement of 90% simlari td{;- is suitable for the _invention when the data
st ream i $0gerdegtvsr bige @ o defiog hyde mepianm; ofltbopypividemd of theSnelidear | ar ge
data clusters have been found useful for the classification of texts.

distance (root sum of the sguares) between any two members of the data cluster. A

-

data cluster size that corresponds to a requirement of 90% similarity is surtable for the
invention when the data stream is generated by SELDI-TOF mass spectroscopy data.
Somewhat large data clusters have been found useful for the classification of texts.

15 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 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 between any

20 two vectors in the vector space is then root N, where N is the number of dimensions.
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 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

13



15 Mathematically, 90%simlarity is defined by requiring that the distance
between any two nenbers of a cluster is less than 0. 1 of the maxi mam

di stance between two points in a normalized vector space. For this

cal cul ation, the vector space is normalized so that the range of each
scal ar of the vectors within the training data set is between 0.0 and 1.0.
Thus nornmalized, the maxi mal possible distance between any 20 two vectors in

the vector spageachSlihbeibn08tn Muat Wikhe:. WdrSEldicemuabats, @hchdisveas ons.  The
Eucl i dean di aneter of each cluster is then 0. 1 x root(N). The specific

nor mal i zat i oRydHhuct AG¥EG Y vSRRCEe is not a critical feature of the nethod.
The foregoing nethod was sel ected for ease of calculation. Alternative

normal i zation CanTB@se_%ﬁﬁEH]ﬂlih%'ﬁﬁ%@huﬁﬁ@iehé’@ﬁﬁﬁﬁﬂt@ Mﬂe%ﬁ&}tbeto the range
but so 13 that each di nension has an equal Vvariance. Non-Eucli"dean netrics,

such as vect J: : il i art will
f ﬂrt her \r/ecogﬁlllgegt&?ﬂg@otg e a‘fcgmg'?ﬁlalgﬁ%s{r@gg%ne H@gﬁ\slg;rﬁ%d&lﬁ ?%%tgs#%glérgi t hvn\fi C

formif tge (il+3t rﬂia‘,gf;%nird?‘%’t()f Vﬁ| Yesin 'etdhi n the data streamis 5 |og nornal

and not normaqrf/o Ut once T he optimal set of data clusters for a

| ogi cal chronoso hag been ner at ed t]g)e ﬁitn S score for that
chronosone can bg%éléi? @\‘jloﬁﬁlélal. &E%fre‘{a%cgu%?r% &l Ogl?aﬁ%ﬂﬂoﬁ)‘w}e ]faﬁ(r?eefq t ness score
of the chronmosone roughly corresponds to the nynber of ectors of the
training dat 53%%?&‘5%]&? E‘F‘é@tsc?rﬁ ?‘?ﬂ FE‘?"?"?‘H’&? caélrlté cﬁlzﬁﬁlﬁﬁéné% SPfesE@t  clusters
10 that contain the characteristic vectors from sanples having a single
cl assi fi cati drventig the fipesspear of the garoppsgissioughdy errgsaonds e the apwiensf
assigning to each cluster a honogeneity score, which varies fromO0.0 for
honmbgeneous detiersed shertrpigngdgtp et that (rst iackisterdthat @eniEnIEepRpis) L en g ErSs of
mal i gnant and beni gn sanple vectors. The fitness score of the chronosone is
t he aver dfe fthat sewsinghesharagferistievegtorsirorh sanpleshaving a single classification.

More precisely, the fitness score is calculated by assigning to each cluster a

homogeneity score, which varies from 0.0 for homogeneous clusters to 0.5 for

clusters that contain equal numbers of malignant and benign sample vectors. The

fitness score of the chromosome is the average fitness score of the data clusters.

15 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

that have equal numbers of errors in assigning the data, the chromosome that

generates the greater number of clusters will have a lower z;werage homogeneity score

and thus a better fitness score.

20 Publicly available software for generating using the self-organizing map is has
been given several names, one is a “Lead Cluster Meap” and can be implemented by
generic software that is available as Model 1 from Group One Software (Greenbelt,
. MD).

An alternative embodiment of the invention utilizes a non-Euclidean metric to

25  establish the boundaries of the data clusters. A metric refers to a method of
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15 Thus, a fitness score of 0.0 is the nost fit. There is a bias towards

| ogi cal chronpsones that generate nore data clusters, in that when two

| ogi cal chronosonmes that have equal nunbers of errors in assigning the
data, the chronosone that generates the greater nunber of clusters wll
have a | ower average honogeneity score and thus a better fitness score. 20
Publicly avail able software for generating using the self-organizing nmap is
has been gi venswwgdistanceamevectanpaces The dliegmtivOngicdpr thiapivestmh wabe be

i npl emented by generic software that is available as Model | from G oup One
Sof t war e ( G éewwlehta novi)lizedfifuaky AN as defiredbbalienSoft vaire thiakimphangamts aon
utilizes a non-Euclidean netric to 25 establish the boundaries of the data
clusters. A médptive pateteresofidtien atgdrithe baded ba theefdsanyi AND e trRrig svailabla vect or
space. The alternative netric for the invention can be based on a

normal i zed " fieazBoAN Y Ini@srsitetdee thealow Fuz 504 RTMAPEe t hat i npl ements an
adaptive pattern recognition algorithmbased on the "fuzzy AND' netric is

avai |l abl es f mom Bogsi@mtibi bEY SdifidatibM 8BS petifie FRAIBInEAEZY ARTMAP. 5 D.
Description and Verification of Specific Enbodi nents Those skilled in the

art _under stand t Nahodligi1Re ] BRIRMRald Ryl Isti8nbbAIo HenfBAnagl | NtO

honbgeneous data clusters is not in itse evidence that the classifying

The val ue  of ipre et DR O e bRl e B 2
raining dat desnpm GREsER iekatabt ool e BB, PR, haRiuh 0

asei gns the PLUE GRTR s R e Ag- arat AouR itk Bt Y o6 by

28 0110 181 0904 SEl e el 5 1S ke WARE 86l HEORRGNS T oo

generates a classifying algorithm that successfully assigns the training data set but
only poorly assigns the test data set, the training data is said to be overfitted by
learning algorithm. Overfitting results when the number of dimensions is too large

and/or the size of the data clusters is too small.

15 Document Clustering: Document (text) clustering is of interest to a wide range
of professions. These include the legal, medical and intelligence communities.
Boolean based search and retrieval methods have proven inadequate when faced with
the rigors of the current production volume of textual material. Furthermore, Boolean
searches do not capture conceptual information.

20 : A suggested approach to the problem has been to somehow extract conceptual
information in a manner that is amenable to numeric analysis. One such method is
the coding of a document as a collection of trigrams and their frequency of occurrence
recorded. A trigram is a collection cf any three characters, such as AFV, KLF, OID,
ete. There are therefore 26° trigrams. White space and punctuation are not inchuded.

25 A document can then be represented as segmented into a specific set of trigrams
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and/ or the size of the data clusters is too snmall. 15 Docunment C ustering:
Docunment (text) clustering is of interest to a wide range of professions.
These include the legal, nmedical and intelligence communities. Bool ean
based search and retrieval nethods have proven inadequate when faced with
the rigors of th&current production volunme of textual material.

Furt hernore, Boolean searches do not capture conceptual information. 20 A
suggest ed appevaeHhroppthehegipnisisioé thetiers styonng o1 dhas Hownssxt.r Blest regditege pt ual
information in a manner that is amenable to nuneric anal ysis. One such

met hod is tbet of bifirmgs bbmahdcivomeet andbtheir frefdencics am chdradterisficals and t heir
frequency of occurrence recorded. Atrigramis a collection of any three
characters, somimeas iAk\et HalvE sin@labyrigrat eets Ahicteguancéest iherldiebribatabd t ri gr ans.
White space and punctuation are not included. 25 A docunent can then be
represent ed asncesghesdredtopit! OThis iS patitdiity $6d if oflytspécifiodibsct of tri}fdns gt art i ng
fromthe beginning of the text stream ng fromthat docunment. The resulting

set of tr§grax@nihéDmMd dbahtedOTHERRMsHAN, WHiEh Set bf SHRNCIE€8esafiftiveltdbagt eri sti c.

If docunents in a set have simlar trigramsets and frequencies, it is

likely that theyn GORGS:Rp AIDSHEBARERE o thMnvksidAdah hfiha by ghdshigy | T only
specific subset of trigranms are 5 exam ned and counted. The question is,

whi ch set of 11 OhATR AR 186 LR G A aoBMen CROGERI Findhd £ T gna! gor i thm

. n
according to the 1’ nvention can ans hat question. A corpus 0

Eng! i sh | angigoeGRCHSAL Soil A I91Ee oA SLAL ofthTBion HiGiesdi bia! Vir and the

col l ection of presidentra NI on ‘addresses was conpil ed. The

corpus was random egnented into .traini .and testi orpi..A 10
et o wer SRRl TRESTERS S bl SRty 1P el Ao G0k Reyrt AL
undesiraghe gnd 1 indicated desjrahle. The, |l earnjn .algorithn%seagfhed
t hr ough e ?(Flﬁ[i&% WP awedav ue of either 0 or 1, where 0 indicated undesirable an

indicated desirable. The learning algorithm searched through the frigram set and
identified a set of trigrams that separated the two classes of documents. The resultant
model was in 25 dimensions with the decision boundary set at 0.35 the maximal
distance allowed in the space. The classifying algorithm utilizes only 25 of the

15  possible 17,576 trigrams. On testing the results in the table obtained.

Actual Classification 0 1 Totals
Assigned Classification 0 P2 2 24
1 6 24 30
Totals 28 26 54

Table: A Confusion Matrix, Actual values are read vertically and the results of an
algorithm according to the invention are read horizontally.
The results show that algorithm correctly identified 24 of the 26 documents
20  that were of interest and correctly screened out or rejected 22 of the 26 documents

that were not of interest.
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identified a set of trigrans that separated the two classes of docunents.
The resultant nodel was in 25 dinensions with the decision boundary set at
0.35 the maxi mal distance allowed in the space. The classifying algorithm
utilizes only 25 of the 15 possible 17,576 trigrans. On testing the results
in the table obtained. Actual C assification OlTotals Assi gned

Classification 022224 24r .Tot.al s8264 _Tab] e: sl Qn x. Act ual
val ues are read véﬁé@%@%ﬁﬁ%&%é%@"@ﬁm aﬁgem'? Sng to the

invention are read_horizontally. The results show that or.i t hm correctly
i dentified Z&mB{FOYF‘iIITé’ %elﬁﬂéﬂ?éﬁﬁ%am’?éortpﬁ%ﬂat‘\ﬁé?é?eb?mﬁ%[ra%g? OFmfstorrect |y
screened out or ected 22 of the 26 docunents that were not of interest.
16 Eval uati oﬁP‘?ffra ) BPTeationt sy sampies, Hbvineddansy idisgrosee arasiatg al gori t hm
was enployed to develop a classification for prostatic cancer using

SELDI - TOF nas$ancengulgresatioBiung intgen FRA) develsemeatntipanis) egml 8301 Havi ng bi opsy
di agnosed prostatic cancer and prostatic serum antigen (PSA) |evels greater
t han 4.0 g/ mbrozedsthadsngs PAAriene sbelraw | ng/nibSAhd MBga bet awtrdctedpyniclectibe MS dat a
was abstracted by selection of 7 nolecular weight values. A cluster map

t hat assi gnedf asfieculre @ight maltdse trai ning data set to a honbgeneous data
cluster was generated. The cluster map contained 34 clusters, 17 benign and

17 malignant. Tablecldstahiessthitesibeaabitorcof inghe faiahgdataaetcbust er of the 10
map and the nunber of sanples of the training set assigned to each cluster.
The cl assi f yihdghogd@end dAdRINAS VRTERGatEE| TR chdkler SRPRLAEINEN 3L cNBER, EXC| uded
benign and 17 malignant. Table 1 shows the location of each of data cluster of the
10 map and the number of samples of the training set assigned to each cluster.
The classifying algorithm was tested using 231 samples that were excluded
from the training data set. Six sets of samples from patients with various 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
15 proven cancer, 22 map to diseased data clusters, 2 map to no cluster; 2) 6 normal, all
map to healthy clusters; 3) 39 with beriign prostatic hypertrophy (BPH) or prostatitis
and PSA <4 ng/ml, 7 map to diseased data clusters, none to healthy data clusters and
32 to no data cluster; 4) 139 with BPH or prostatitis and PSA >4 and <10 ng/ml, 42
map to diseased data clusters, 2 to healthy data clusters and 95 to no data cluster; 3)
20 19 with BPH or prostatitis and PSA > 10 ng/ml, 9 map to diseased data clusters none
to healthy and 10 to no data cluster. A sixth set of data was developed by taking pre-
and post-prostatectomy samples from patients having biopsy proven carcinoma and
PSA > 10 ng/ml. As expected each of the 7 pre-surgical samples was assigned to a

diseased data set. However, none of the sample taken 6 weeks post surgery, at a time

25  when the PSA levels had fallen to below 1 ng/ml were not assignable to any data set.
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fromthe training data set. Six sets of sanples frompatients wth various
clinical and pathol ogi cal diagnoses were used. The clinical and

pat hol ogi cal description and the algorithmresults were as follows: 1) 24
patients with PSA >4 ng/mml and biopsy 15 proven cancer, 22 map to di seased
data clusters, 2 map to no cluster; 2) 6 normal, all nmap to healthy
clusters; 3) 39 with benign prostatic hyperproPhy_(BPH) or prostatitis and
PSA < 4 ng/nl, 7 Napteyalgatinedbenswies thelforseeps st i shoule baegrliadthy dhe
clusters and 32 to no data cluster; 4) 139 with BPH or prostatitis and PSA
>4 and <10 n#tePf owplt caraipome inipajisals davidal aA of frdf @pqnl andbgnige biophly dat a
clusters and 95 to no data cluster; 5) 20 19 with BPH or prostatitis and PSA
> 10 ng/ n, Giagagsitis abiow 88%e dhugttze Giding hatdetvner 18Yeandddba ¢fithepadientd t o no
data cluster. A sixth set of data was devel oped by taking pre- and

post - pr ost at edthadevatd BSlAe butfroaissypatiagantis ohavecangs borGpsant pithvien comeotlynoma and
PSA > 10 ng/m . As expected each of the 7 pre-surgical sanples was assigned
to a di seasefkditad the priencEloemeinommone of the sanple taken 6 weeks post
surgery, at a tinme 25 when the PSA levels had fallen to below |l ng/m were
not assignable to any data set. 17 Wen 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/m and benign biopsy diagnosis is about 30%
Thus, the finding that between 18% and 47% of the patients wth elevated P
SA, but no tissue diagnosis of cancer, is consistent with that correctly 5
predicts the presence of carcinoma. 18 Clains A nethod for creating a nodel
for classifying a biological sanple as being of a first state or a second
state different Than the first state, conprising: determ ning the |ocation
of a -first set of vectors and a second set of vectors in a
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vector space, each vector of the first set of vectors being obtained froma
data streamderived froma biological sanple known to be of the first

state, the, second set of vectors including a plurality of vectors, each of
the plurality of vectors of the second set of vectors being associated wth
a data streamderived froma biological sanple known to be of the second
state; and identifying a cluster disposed within the vector space, the
cluster containing at |east one of th@uwactors of the first set of vectors,
the cluster being associated with the first state for purposes of
classifying a blologlcal sanple. 2. The met hod of claim1l, the cluster

bei ng firs rther nt S

di sposgld W t tﬁ%f‘i:%\;ecgta%nga &??;i? 5§1 0%3% tergmg %}%n%nalaﬁrgfbtggt
one of cIrhi%eM@rSHQét% d@ﬁfereﬂﬂhﬁﬁ@mSﬁﬁmeqfom@ﬁtr@rs that is associated with a
data streamderived froma biol ogical sanmple known to be of the second

state. 3. The net ésemmhingthe ltiomhbs Eishsetied vestemstang 2 pesamd-sepgidvecioreingecond
cl ust ervec Oérsl, %ce()% rhl\%g or\lé:”f}ljisy Q‘?a?’(@{ctto% bglpxg%& nAEfd fTJlS i E} ae.rgfdeﬁbgd m 2,

wherein t Pits clus vectors the "'Secon

vect or Sfrash rmanswgmdsz@ﬂﬂskﬁmhso deydihd {0t swes tior scodd tdief fidtet isbidiod a
vectors, 5. The nethod of claim1l, wherein the data streamderived fromthe
bi ol ogi Balalisapbyesiorrrigan of tegduighin tfeeiprsaf the srcand set@d i oo being asIeiage

L OUSN, o ARSAYILREDLAEic) B T8 - IRUAMOF LE LA deqIBRE Lt he

cluster 1 nclu a centroi er- ad I'us € net hod

of claim1, furth@leng@bims b sivagr dabsicﬂa@@tﬁmﬂgletxhetoda;bza:e,sthe eametledrityigihefat om t he
bi ol ogi cal sanpl e known to he of the first state to obtain a vector that is
associ arey O%PPE therecipat of we dusliet o vealope thioduy grbekieass Aejed weth s Erst #als by

whi ch bipLaglcal o SARIFeH - G0 REick @cﬁﬁﬂé' ed into

2. The method of claim 1, the cluster being a first cluster, further comprising:
identifying a second cluster disposed within the vector space, the second cluster
containing at least one of the vectors of the second sct of vectors that is agsociated with a data

strearmn derived from a biological sample known to be of the second state.

3. The method of claim 2, wherein the first cluster and the second cluster do not overlap

within the vector space.

4, The method of claim 2, wherein the first cluster is devoid of vectors of the second set of

vectors, the second cluster is devoid of vectors of the first set of vectors.

5. The method of claim 1, wherein the data stream derived from the biological sample

known to be of the first state is derived via 2 high throughput bio-assay technique.

6. The method of claim 1, wherein the cluster includes a centroid and a decision hyper-

rachus.
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one of a first state and a second state, conprising: processing a plurality
of data strings against a predefined set of variables, thereby creating one
or nore processed strings, each data string being derived from a bi ol ogi cal
sanple known to be of the first state or the second state; creating a best
| ead cluster map for the processed strings, wherein the best |ead cluster

map i NGl udesTRAG B odET Lai6l uﬁﬁﬁ}la;codqﬁemgi_ ning a cluster honogeneity for the
best | ead cluster map; determ ning whether the honobgeneity of the best |ead

cluster map is wathitactarg thadeeptrabndetisekiamdbe b4l spmplekngamndp b gédet hat

the ho enei f.the best l.ead cluster p.ls.within the acceptable
tolera gt,St?)tFE)%;P P gaw%gorbté%ttm Iaﬁsgalagﬁdu\g ﬂég’%rgﬁ%.ﬂ@@%he net hod of claim 8,
the predefined set of variables being a first set of variables, further
conprising: if it is determned that the honogeneity of the best |ead
cl uster8.-map smadicdit diksting heuslecepr abMaitiohielograbsargets pany dassdednnioset
of vari abl SS fdi ff{%rené t han dtsh chi rstn.,]snet of wvariables. 10. The net hod of
cl ai m § %t HEYSIEBABY PSP E) oceEE gt he plurality of data strings
agai nst the seconghoseir@fa Mardidpbesita s gs ﬁ@&%@hﬁﬂﬁeﬁhed §dt @b hidbles, thereby
determning a cluster, deternining whether the honpgeneity, and providing.
11. Therrbigeadesr mdraPRGssoftsarisneachdasaiordb et dotveddramplbedoned sample
determned usin epetjc. ithm . 20 12. The method of claim$S. wherein
t he acé‘élﬁtvﬁlburféj Ct% ofi’ﬁéergﬁg%ta%esorﬁir’f%g{coﬁgStgtEUser, 13. The method of claimS8,
wher ei n the predetichgts $Btst fadIN0HBSH R tarfradsesl Afiged, Apetcibie best lead
_ cluster map includes one or more clusters; '
determining a cluster homogeneity for the best lead cluster map;
determining whether the homogeneity of the best lead cluster map is within an
acceptabie tolerance; and
if it iz determined that the homogenetty of the best lead cluster map is within the

accepiable tolerance, providing the best 1zad cluster map.

9. The method of claim &, the predefined set of variables being a first set of variables,
further comprising:

if it is determined that the homogeneity of the best lead cluster map is not within
the acceptable tolerance, defining a second set of variables different than the first set of

variables.

10. The method of claim 9, further comprising:
processing the plurality of data strings against the second set of variabies; and
Tepeating the creating, determining a cluster, determining whether the

homogeneity, and providing.

11, The method of claim 9, wherein the second set of variables are determined using a

genetic algonthm.
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a uses. 14. The nmethod of claim8, wherein the data strings are derived from
a biological sanple via a high throughput bio-assay technique. 15. The

met hod of claim8, wherein each of the clusters includes a centroid and a
deci sion hyper-radius. 16. A nethod of constructing a nodel configured to
classify biological samples as being of one of at least a first state and a
second Bt-at e Therfesheho! ¢ipian Bt Weertinrtbe aepenteble telsrmmet & Rput raowsedi ng a
plurality of data streans, each data stream being derived froma biologica
sanpl e known to be of the first state or the second state; selecting a

| 'ogi cal j£hr ormeeBLbNBE c18RE ST h&BINIAE plc@EREIAONRt Bf cHHEHBsdrile ®AGR1QM:rd Bt by
plurality of data streans; calculating a biological sanple vector for each

menber ofisstrhe set of data steanms using the |ogical chronosone; finding the
| ocations in a vector space of at |east two non-overl apping data clusters
that best fit the sanple vectors; determ ning a cluster honpogeneity for at

| east one of thenahod 888kt WOWRGBM 1RY 8hth 3RRIgH drdBlve€ ldst £vB10Slel efipieivig
whet her the honmpgeneity of the at |east one of the at |east two non-

over | apphizl tHanughpitdse-esssyitechniguhi n an acceptabl e tol erance; and if it is
determ ned that the honogeneity of at |east one of the at |east two non-
overl apping data clusters is within the acceptable tol erance, providing the

| ocations i n Ten¥B6s of claBRBCRhOELIntdAeh 8f He@ARtert WR1ITCN 2 OB @RI RPedlaba
clusters. 21 17. The nmethod of claim 16, the |ogical chronpsone being a

first |ogiceardishr onosore, further conprising:

16. A method of constructing a model configured to classify biological samples as being of
one of at least a first state and a second state different than ihe first state, compnsing:

providing a plurality of data streams, each data stream being derived from a
biological sample known to be of the first state or the second state;

sclecting a logical chromosome that specifies the location of data in each of the
plurality of data streams;

calculating a biological samnple vector for each member of the set of data steams
using the logical chromosome;

finding the locations in a vector space of at least two non-overlapping data
clusters that best fit the sample vectors; '

determining a cluster homogeneity for at least onc of the at least two non-
overlapping data clusters;

determining whether the homogeneity of the at least one of the at least two non-
overlapping data clusters is within an acceptable tolerance; and

1f 3t is determined that the homogeneity of at least one of the at least two non-
overlapping data clusters is within the acceptable tolerance, providing the locations in the vector

space of the at least two non-overlapping data clusters.
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if it is determned that the honbogeneity of the at | east two non-overl appi ng
data clusters is not wwthin the acceptable tol erance; defining a second

| ogi cal chronosone different than the first |ogical chronosone. 18. The
met'’hod of claim 17, wherein the second 1ogical chronosone is defined by
using a genetic algorithm 19. The nethod of claim 17, further conpri sing:
cal cul atji ng anhbiRkOgl SadiiAIR e MefdDEL bRl s&RE BeiRBARRRE 108icLiNgr&8bs R, dat a
steams using the second | ogical chronosone; and repeating the finding step.
20. Theurtetrtvodnmofsing:ai m 16, wherein the nunber of preclassified biol ogical
sanples is greater, than 20, .21. The nethod of.clajm 16, wherei.n the nunber
of preclassified fUFg@ﬁEﬁF”QiWﬁﬂ%%hwgo@%%Fﬁﬁéﬁmfghﬁﬁﬁwﬁdﬁpiﬁﬁﬂaﬁﬂﬁgﬁ@?hod
of cl aimd&s ;arehin e Keshok (SIRAGE: MR I8 nd BRI BRI OBT crcdd. The
met hod of claim 16; wherein the vector space has between 5 and 25

di mensitbarsthe {34 lofivel ¢ie¢thosboé. cl ai m 16, wherein the | ogical chronobsone is
randomy sel ected. 25. The nethod of claim 16, wherein the | ocation of each
data cluster is the centroid of the sanpled vectors that rest in the data

clusteryg 22 Thenethod of claim 17, wherein the second logical chromosome is defined by using a

genetic algorithim.

19. The method of claim 17, further comprising:
calculating a biological sample vector for each member of the set of data steams
using the secona logical chromosome; and

repeating the finding step.

20. The method of claim 16, wherein the number of preciassified biological samples is
greater than 20,
21. The methed of claim 16, wherein the number of preclassified biological samples 1s

between 20 and 200.

22 The method of claim 16, wherein the vector space has greater than 3 dimensions.

23. The method of claim 16, wherein the vector space has between 5 and 25 dimensions.
24, The method of claim 16, wherein the logical chromosome is Tandomly selected.

25. The method of claim 16, wherein the location of each data cluster is the cenﬁoid ofthe

sampled veciors that rest in the data cluster.
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