1 7 DEC 2004 Heuristic Method of Classification This application clains
benefit under 35 U S. G sec. 119(e)(1) of the priority of application
Serial No. 60/212,404, filed June 19, 2000, which is hereby incorpgrgietli by
reference in its entirety. 1. Field of the Invention The field of the

i nvention concerns a nethod of analyzing and classifying objects which can
be represented as character strings, such as docunents, or strings or

tabl es of nunerical data, sudeusisticMethpdofiGlassifinakiomar ket prices, the levels
of expression of different genes in cells of a tissue detected by

hybri di zat i ofhiebpplivEii clhimseegetiteinddriys,U.B1C. sdve 1 o ht o thd prderith ef ent pr ot ei ns
in a sanple detected by mass spectroscopy. Mire specifically, the invention

concerns a gapaitatonhaso VIerieby4 afile€ narsibf 2008t which  19etstiRtarhsagener at ed
and verified froma | earning data set consisting of pre-classified exanples

of the cl assypoferQbiRGh fis bhifgbtyare to be classified. The pre- classified
exanpl es havi'ng been classified by reading in the case of docunents,

hi storical exp %ﬁp&ﬁhL@E&Q%_ﬁase of market data, or pathol ogica
exam nation in e case o Blological data. The classification algorithm

can ien be used 16, SLASFCh RESLOSLY, IR BST LGt X LeR g seh
non | near T BHEY BRGACH HEUPEPOTHE HOPRECFERRr S ich AF RPSTE S AUEBB ng, |-
t hat, once devel oped, they are static and cannot recognize novel events in
a data str ealgpleypbnenericabdai. sughsastchangeh svatckanaketorises. e lgeals ofni scl assi fi ed.
The invention concerns a solution to this shortcom ng through an adaptive
mechani sm t hexpresaion of diffpning geneo iretelle vEatissue Aetactethbphgiridézetion of mRNA

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,

historical experience in the case of market data, or pathological examination in the

case of biological data. The classification algorithm can then be used ;co 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

infrinsic shortcoming, in that, once developed, they are static and cannot recognize

novel events in a data stream. The end result is that novel events often get

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

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



17 DEC 2004 11. Background of the Invention The invention uses genetic

al gorithns and self organizing adaptive pattern recognition algori }-E?@
Genetic algorithns -were described initially by Professor John H DOkl é\nd.
(J.H Holland, Adaptation in Natural and Artificial Systens, MT Press
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 t oll. Kizakgroned of thdimvesion Sel f organi zi ng pattern recognition has
been descri bed by Kohonen. (T. Kohonen, Self Organizing and Associ ative
Menory, 8 Series The ié@iontkdsQRnsRiBid€ietns anSpell OgekiziMe aiadive pdif4, Kohonen
T, Sel florganizing Maps, Springer Verlag, Heidelberg 1997 ). The use of
sel f or gani zidd@gdBdSalbRitBRARPEENRc RBLEBRR WeBS QAR el 0MtiaMASy PR&eEdrech by Dr.

Richard Li ppman of the Massachusetts Institute of Technology. [IIl. Summary
of ‘the | nvents pgudhe (.o ERHARNABRIN S NBkyrdr¥a Lk REA & HEHE NI G I gori thrs,
a classifving algorithmand a lI'earning al gorithm mec are used to

i mpl t cl i fyi t ' oAl f th
cl Bssi Tying o orih URLPEER NoER Ao FRIRUTG, PRCPAS. AR PRSI ILS N ng
I ithmt traini | ear.ni dat .« Ih i ni toi

oL 90T LU Lo aph LA R ok SBMAUadRt AT s Mt b0 2RO R Bt L

following nethod. is scribed without reference to digital conputers, it

will be und&$P those skilled in the art that the invention is

i ntended for inplenentation as conputer software., Any_general purpose
conmput er can be uSEHOTERHENE BRI ePBHEON has besmdicsgibed bY Kehewsnndd: are not
unduly extensive. Wiile conputers having parallel -processing facility could
be -used f or KehenennYedPigenizing wer Apsosiearesiergoreabdasian in fniemayien Sciences,

Springer Verlag, 1984; Kohonen, T, Self-organizing 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
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
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 thé method are not unduly extensive. 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

classifying algorithm requires only a minimal amount of computation.



not necessary for the practical use of the |earning algorithmof the
invention. The classifying algorithmrequires only a m nimal anount of
conmputation, 2 17 D E C 2004 The cl assifying nethod of the inventiqE( 2004
classifies hjects according to a data streamthat is associated with the
bj ect. Each Qohject in the invention is characterized by a data stream
which is a large nunber, at |east about 100 data points, and can be 10, 000

or nore data poi Nite.claAsifflah@msethoe afwe gesetatshdsiiine OWayts bbakdingld 08 f or the
i ndi vidual datumin data streans of different sanples of the sane type of

Obj ect to beesn fiek al Sebcpael With hetdigecdt Bah OReFhesivehtiddis ect s incl ude
texts, points in tinme in the context of predicting the direction of

financi al nmeghk@t&rigdd Byneade fevah wheh ifa RAIFRIEHeR LOERS Shdtd 160 %éiﬂt’s, and
bi ol ogi cal sanples for nedical diagnosis. The associated data streans of

these 0j echg caf 6e B160FbShére AUl R OF Atdra{-lélgﬁéﬁﬁ is deflerbfdd if Q)\svta{{ ﬁﬁghe dai 'y

b
changes in price of 'publicly traded stocks or comvodities,

| nstant aneolgbsa 0BaRiady BHIRES oL BRESPHiSrerd SIRILAKHEAI L oW

readi ngs in e processing fa such as an ol Inery, and a mass
spect rum of bﬁet oﬁ Hﬁe pr.oteins found in the sanple., or the
intensity WFMB?%CEE% TSNS Or{ed“g]ntg%?ti%ﬂ'/ of different test
pol ynuel coti des. ghus, enerically the invention capn be used whenever it is
desired to classi leéﬁig et g iXis Pl I e E’:JE%W?}%Q, predighing \\hi ch
typically is two or three }iifte ories,. and the Objects are associated with
ext ensi ve anbtiffEectgn ofjfpapcia myrkets g thechehayjor of g sampkiPresesepg ol M. The
term"Qojects" is capitalized herein to indicate that Objects has a
speci al neartiplggisalrsemales forimpedical diagrasisy dhe ayspated Jelp yireamstodihgsdl e obj ect s,
e.g., specific sanples, and intangible objects, e.g., witings or texts, and
totally absPbiaws asthedistsibugorypf trigiams frothe fext, ithe dailehangedin mrise ah  unt owar d
event in a conpl ex

publicly traded stocks or commodities, the instantaneous readings of a number of

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.

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,

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

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



processing facility or the novenent in the price of a foreign currency. The
first step of the classifying nmethod is to calculate an (bject vector, L
e., an ordered set of a small nunber of data points or scal ers (h&gthdelili4
and 100, nore typically between 5 and 30) that is derived fromthe data
stream associated with the 3 1 7 DEC 2004 hject to be classified. The
transformati on of the data steaminto an Object vector is terned

"abst r act i onOhjethe eedtssificdrpTle Ednsforagtiohef therdatetami iata m; Qlgk@tetar inunber of
points of the data stream However, in principle the abstraction process can
be per f or nedtepiiedybstrabtioh’0Thdarhodt Benpkodbatrsdtive arocedshis foheleerdmahbee of S
presented bel ow abstraction is perfornmed by selection of a small nunber of

speci fic i nt gpsistdf @ datDMeainh @it a, Rigiagiple théaRfectRAPAsH-sRAh bet he second
step of the classifying nethod is to determne in which data cluster, if

any, the vechOforiedlof anPhirRricd biSheAsa AlcAmiTal heEdoRenORRREEN LB hat are

the mul tidi nensional equival ents of non-overl apping "hyperspheres" of fixed

size in the yget SRALE, E1-NR W oTo}-Y N [ d:5.G i £ ion or
"status" of each&g at g%cl ?J%I%-Eer yisg1 %eot 3?%%%6@%8?‘&%%‘%’3&% Sgﬁ(c)o?ﬂ{t hm from
the traini ngth%acfa%s%gm The extent or size of each data cluster and the
nunber of dimensi’ons of the vector space is set as a matter of routine

experinmentation by the .opera rior to.t.he. operatio f the | earning

o bori thm 1t t et oREEh dhe fhardandt e AR Peledss beRETERF ot i s
given the classjfjcation associgted with that cluster. _In the nost sinple
ambodi ment s PRI ABETSIendt fhin L SETTIESH: Harty SUFER cEedemascal qual t o t he
nunber of data points that is selected in the abstraction process.

Al 't er nat i vel §onsHBete thef aredhgmultidipeapiops! eqpualents @icionyetlehP®an be cal cul at ed

using nultiple data points of the data stream If the Cbject vector rests
out si de of angyperspberes” of fixed size in the vector space. The location and associated

classification or “status” of each data cluster is determined by the leamning 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 leaming algorithm. If the vector lies within a
known data cluster, the Object is given the classification associated with that cluster,
In the most simple embodiments the number 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
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 = I (min (|L;], [W;]) /T ({W;]), where [; are the scalers of the Object vector
and W; are the scalers of the centroid of the preformed classifying vector. The match

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



known cluster, a classification can be nmade of a typia, or atypical sanple.
In an alternative enbodi nent, the definition of each data cluster fﬁ‘?“m
hyper sphere is di scarded and the second step is perfornmed by cal du E'%g t he
match paranmeter p = Z (mn (1,1, 1W1) | (IW; {), where |I; are the
scalers of the Object vector and W are the scalers of the centroid of the
preformed classifying vector. The match paraneter p is also terned a

normal i zed "fogezidy AN clddsific@liprerfithd wefoneed wers $0 fvhiedl itds todt sDEGr 7904
according to the classification of the preforned vector to which it is npst
simlar by hinmetiet The mathearmiced iglawheethe Objest Yectvhemd hherdbhpedt vect or and
the preformed vector are identical and less than | in all other cases. The
| ear ni ng al gedctdriare idettRanidddsssiigni ihhg odet edskss of abstraction process and
the identity of the data clusters by utilizing a conbination of known

mat hemati cal  t eclyy lgMBHeashrkR dRESIRQIboRALA IBLE &FabdirddB6s plRt&s 8l S the
nunber of di nensions of the vector space and the size of tﬂe data clusters

or, alternat ih\é@aaatigd&ﬁhmaﬁ& Emﬂkrs /G CERLADL @orhﬁ%{ﬁlonQJf k}l&@? Haﬂl%ﬁﬁti%‘t h mat ch

parameter p. As us erein the térm "data cluster” refers to a

hyper sphere i | dee L.C.a ref i1 ed. ors using
a "fuzzy AND#aﬁggFgggy%&%&%%P“%E%%%&%eggggjg%%%gggﬁﬂﬁﬁgiﬁﬁphgggéggfcIusters
1e is a norgallaed Meck o, 9869, 20:d Naliek NP HBLLAGROplALENsi Lies 1
each di mension TS constant. expressed "the srze of”’t'he data cluster using
Veotor s oot FREPHIE A LS Bradiar. TP P SREmER o0 e EHEm e g
al gorithm cap, be inplenented by conbining t i.fferent types of publicly
avai | abl e gerf&fa {osgr rdgssdo g?\‘ﬁiaé‘ﬁp‘ﬁ%’e @ﬁaﬁ\?gﬂ%‘ﬁé'&em%ﬁn%irﬁé%edand are

well known in the field: (1) a genetic algorithm (J.H Holland,
classified vectors using a “fuzzy AND™ metric.

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 2 Euclidean metric can be expressed as minimum
percent similarity among the vecters resting within the cluster.

In one embodiment the leamning 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,
Adaptation in Natural and Artificial Systems, MIT Press 1992} that processes a set of
logical chromosomes! to identify an optimal logical chromosome that controls the
abstraction of the data steam and (2) an adaptive self-organizing pattern recognition

system (see, 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.



Adaptation in Natural and Artificial Systenms, MT Press 1992) that processes
a set of logical chronosones' to identify an optinmal |ogical chid

that controls the abstraction of the data steam and (2) an adaptive self
organi zing pattern recognition system (see, T. Kohonen, Self O ganizing and
Associ ative Menory, 8 Series in ' The term/logical chronosone is used in
connection with genetic learning algorithnms because the | ogical operations
of the al gor {nemmagion Seiades gipuiseeroY erlgpli8duitetionen, 1s lelor gamizing Mopnbi nat i on
and nutation. There is, of course, no biological enbodiment of a | ogical

chr onosone iﬁpﬂmﬁrbkﬂ@&ﬂﬁm¢ﬂ&xgI%HQ,g@ﬂéﬂ¢ﬁomkbammongSaﬁgmﬁﬂﬁhﬂdmbi t he

i nvention are purely conputational devices, and should not be confused with
schenes for Midlwigtlcakhtyfidsasebfidafaehrgtd esedunoagsst af yectbrs keneridedh 904

I nformati on Sci ences, Springer Verlag, 1984; Kohonen, T, Self-organizing
Maps,  Spri nggficaVelirb@gsoniiei Sedclirally 49 9daptive it Rbd ghitldrsdiiGaruUp One

Software, G eenbelt, MDD, which identifies a set of data clusters based on

any set of ve@iikiseaBOSHAbAGE Bitidts tHaP@tGR hoBHERBRE R claReE i b1 elaktby t he
adaptive pattern recognition software maxim zes the number of vectors that

rest in honogapesiss 9adtés of tetiGksn getﬁavmg:&ﬂ%ﬁéaass;ﬁa@&orp@ﬂé ain vectors of
the learning set having only one clTassification type. To USe a genetic

al gorithm each |ogjcal , %Qkﬁgﬁi qﬁaik@ﬁgsﬁﬁﬁ&ggg_ eS{g%&Q@%Ct" The fitness

of each | ogical chronosone iIs determ ne e nu ors in the

raining dat aggel, £ Al ol &8lor R ARACASANSLAL HLRLRE b§>gor§a@tﬁw§é set of

dMatﬂuﬁers or t ronosone rning a m of the

t t thmt dent |
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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
of the combination of a genetic algorithm, 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
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 more than two categories. For example, when the invention is used asa

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

6



clusters. In its broadest enbodinent. the | earning algorithmof the

i nvention consists of the conbination of a genetic algorithm a gﬁmerzgh
recognition algorithmand the use of a fitness function that nea 8 Iéle
honbogeneity of the output of the pattern recognition algorithmto control
the genetic algorithm To avoid confusion, it should be noted that the
nunber of data clusters is nmuch greater than the nunber of categories. The
cl assi fyi ng atdyoied bnfocds wohkl beeyproptiats. Aebioysusior trijgrt@bleedyingnt o t wo
categories, e.g., docunents into those of interest and those not of

i nterest, oralghéthel whild 8t egRofpl @shdvahonb anrgthawthréddatoclandrs. These
classifying algorithns, however, utilize nultiple data clusters to perform

the cl assifgat DRthiledRBchfR QT tBE Inviestign POi Nt in time, the classifying
algorithmmay wutilize nore than two categories. For exanple, when the

invention is usedyagdd to Bfadt -&B@fnvﬁftioﬁ%&io%ﬁﬁaﬁiﬁﬁﬁ ik @Syl A i partite
schene corresponding to rising, falling 6 17 C 2004 and m xéd out | ooks

woul d be a : 4 i : i i : ssil Ly .1 t hm woul d
be-expoct od P ps Hpchih By cAYEhR d BRI BrBb DAL WA AARE T
Description Qf .the. |nv i : ctd c I At | routine
practi !to i oner &r?lt}lgtg ’ Sé)g{\}gﬁlg%de%&p% a%lg&gﬁgil%}%qlgfegbmotﬁ%%ﬁ%mé%p\éﬁ%% aﬁ%"‘%@ﬁ’ | ear ni ng
al gorithm Aa_lvvit an perj.mentation is

th .peuri sti G, . et hqd sofe rtouti ne gﬁl
required. To gr‘?ﬁ‘l”fptr gl%eéluﬁ‘?sﬁg aéﬂ‘"é%ﬁ?%e P PR SFRUH R grog Piit8Rer uses a
training data set, and nust experi nent al timze .two araneters, the
number gf di H@ﬁ??%ﬁsg]ﬁﬁﬂmﬁjﬁeo)%pdlﬁi‘%{“&nﬁﬁde%cgi%ﬁémsgﬁf?‘Fﬁ)ughpt here is no
absol ute or inhergp&wﬁper limt on the nunber of . dinensi %ns in the vector,

the | earning al go ithege 1500; a9pplpte QT InfrenentHpper Hni o thedost of di mensi ons i n

each inplenentation. If the nunber of dinensions is too |ow or the
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
chromosomes that correctly classify all samples with an acceptable level of
homogeneity. Conversely, the number of dimensions can be too large. Under this
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 numiacr of samples in the training
data set and, again, the routine practitioner will find that a large number of logical
chromosomes will yield a set of completely homogenecous data clusters.

Although the foregoing provide general guidance 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 fraining

data set. Therefore, the routine practitioner will understand that a portion of the



size of the cluster is too large, the learning algorithmfails to generate
any |l ogical chronosones that correctly classify all sanples with an
acceptabl e | evel of honpgeneity. Conversely, the nunber of di mensipig{ ek
be too large. Under this circunstance, the | earning algorithm generates
many | ogi cal chronpsones that have the maxi num possible fitness early in
the | earning process and, accordingly, there is only abortive sel ection.
Simlarly, weamingrstaicymusfbetrberddtavaliydebibs clessifiction aightithmt 5e  nunber of
clusters will be found to approach the nunber of sanples in the training
data set andfunagaiimg withen cout iateethptriaetceptridn dor the Intenfiechgrpdsat Tae | ar ge nunber
of logical chronosones will yield a set of conpletely honbgeneous data _
clusters. Al pardagh dohgohentegfihafiverpion\areddesgritee infregter dailieeldvar t he sel ection
of the nunber of dinensions and the data cluster size for a classifying

algorithm ig. shovhdDathSrusansTosd of DBjecihe true test of the value of a
classifying algorithmis its ability to correctly classify data streans

that are independep c10kifcBolHGhi&dd SRAMMd FenkhBod bOhE hitBciad@tiRa §8iam
Therefore, the routine practitioner will understand that a portion of the 7
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classificatio oritthmis tioning wth an error e, "that is

acceptabl e fgp &diﬂ)@[gg@@ﬁﬁéig%%&gﬁgﬁéme particul ar conponents of the

i nvention are Qescri tail below. A The Data Stream and
R s Sy R A e L
socrossed, The sgneLsl etlocies, e, dusiisied by Lo gllgwre
the comput erized ol gssification dpcurents, For SXpmRbe,.one fEy,vant to

to review individually. For these circumnstances, 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

(267 ) 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.

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 attractiveness 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

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



docunents of interest froma data base consisting of a nunber of docunents
too large to review individually. For these circunstances, the invention
provides a conputerized algorithmto identify a subset of the. daﬁ?Qﬁ%%%é
nost likely to contain the docunents of interest. Each docunent is an

bj ect, the data stream for each docunent consists of the histogram
representing the frequency of each of the 17576 (263 ) three letter

conbi nat i onspfitesiigaaniy. Eecnmbintrn tifve idaddbsient fonétaamla lenmlyahtenthls, thpaces and
punctuation. Alternatively, a histogramof the 9261 trigranms of consonants
can be prepadsds@ddnefor hb@ dousikthef the alpyaim afthy chabsinfprieof peblidboiadedt .  The
training data set consists of a sanple of the appropriate docunents that

have been ckaasgiids if thedfiajodtodkth8k&Ss In'thOfelevaicofitribd) L@, 95d Wew A@eOhid Ng t O
the needs of the user. Financial Markets: It is self-evident that financial

markets respoRtidnGtocR%kER s 8 eRRan RN Sre PR PoBhPhROIAar fFa6H other in a
consi stent fashion; for exanple, foreign exchange rates are influenced by

the attracti ygnessTht h&%ﬁ%ﬁﬁ%@conﬁ%ﬁﬁfﬂlyﬁis{oirigé-re&?%g&égirp?i]g% Eu%flgésrtﬁ&t i on and

extent of the response to an indivi event can to predict.

I mbodi ' ' 0V] : Qri terized
predi ot on_of ‘pr el N ERCLARe RLEMAEE e (BEBLUACTIVS 17’ DEC 2004

rices in another,_ Each i.ht. in tine is _an bject.. f exanpl e hourl
Pntervals, t he dg%%¢§?ﬁ§§%£b%¥qﬂSﬁPm@%HQFE?%Hgﬁg?ﬁ%3%ﬁg?&ﬁ?%ﬁF@?ﬂ?he Xhange
in price of ljcly traded ecurities in the maj or stock ket.s,in the
o nrt Ul el et AR L AR bt e Y Be SR P BB euher ot he

exchange rate of the pound and dollar are of interest, The training data
set consi st s dresand offict etiodslecoliestivily theeiptup vilies t Mg Agesdantiy gronitaed peen
classified as preceding a rise or fall in the dollanpound rate. Processing
Facilities: gerdpth| Biergis gaeesiolgteebimpendis upward syern befpre theef i nery,

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
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 2,000 or
more measurements that can be quantified to at least 1 part per thousand (three
significant figures). Time of flight mass spectra of proteins are particularly suitable
for the practice of the invention. More specifically, matrix assisted laser desorption
ionization time of flight IMALDI-TOF) and surface enhanced laser desorption
jonization time of flight (SELDI-TOF) spectroscopy. See generally WO 00/45410.
The data stream can also include measurements that are not inherently

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



oil field or petrochem cal plant, the pressure, tenperature fl ow and st atus
of nultiple valves and other controls (collectively the "status values”)
are constantly monitored and recorded. There is a need to detect ]inpEnting
untoward events before the wuntoward event becones a catastrophic failure.
The present invention provides a conputerized algorithmto classify each
point intinme as either a high-risk or nonnal- risk tine point. The data
st ream consi sthgrapf otdee Eliwat DN Avalctesaf data émthimpbamebusinmesswess théThe tr ai ni ng
data set consists of the historical record of the status values classified
as either peggegiondeais ofitt@darn thopy ks @ih laSis@l @aetltatremawheh tepesat | on.
Medi cal Diagnosis; The invention can be used in the analysis of a tissue
sanpl e for mediglals AhiapReptEmes r@ognizing thad thaloyder 8¢ OF heRViGNAl Qenepliasen. The
data stream can be any reproduci bl e physical analysis of the tissue sanple
t hat resultsgif si2ePR BitraOr € neasurenents that can be quantified to at

| east | part per thousand (three significant figures). Tine of flight mass

spectra of protei Qﬁecﬁi@d&’é&éés‘v@ﬁék@ﬂhk%ﬁre%éﬂt {rRBRn if Qa[mw&bpm%xe%caf the
invention. More specifically, i-natrix assisted |aser "desorption

oni at§ on 1 1'en pdip @Bk gt T et ctﬂff%‘é%(%%%“?%ﬁ?’eg%ﬁiﬂ?é|°?es°r prien
00/ 49410. Thg né@%l%s%%ﬂ ﬁi%%‘ls%ggl rgk}ysb% Egclpedgg B{:B%%c?e 1%&&6%@ 12 rg%{egta

i nherently asin ere araneter "suc ecul ar

ht, but h 17DE 2004 bt d
dat 8 that si AUFE SRBBLEFPRanLE PR phe - aT P EE PERoP BTl oD or mor e

genes can be, used data stream when the tiss a blopsy
do6ct mon ¢ CUBERTHA Sl IO L HAPRSTOEE! PR T b GitEs TS t he " dat a

strean1is arbltnary Specj fic dlsgases where the present invention is
particul arly V{pgp%%aglg@%g\yﬁtrates the diagnosis 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 additional
cost of such multiple analysis would be trivial because the steps specific to each
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 assigring the overall peak a arbitrary
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

point. Such functions of the intensity values of the data stream could also be used and
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,» N hen early diagnosis is inportant, but technically difficult because of
t he absence of synptons and the di sease nay be expected to produce
differences that are detectable in the serum because of the netabpi{ 9
activity of the pathological tissue. The early diagnosis of malignancies
axe a primary focus of the use of the invention. The working exanple
illustrates the diagnosis of prostatic carcinoma, simlar trials for the
di agnosi s of amwvapecml todmeaps elpavaeltiyanthp einfide awtactlifvsshedlizthbevahgd t hat a
single data stream froma patient sanple can be analyzed for nmultiple

di agnoses uskxgnpléee net hod of the invention. The additional cost of such
mul tiple analysis would be trivial because the steps specific to each

di agnosi s are conphé édiilenadll D¢l appreBiate the roMist eqetineAtale0 easdtedmehel 0gi cal
Chronosone The first step in the classifying process of the invention is the

transf or mat i Qhether aba3R&dHoAGY tAMnOhe IiAn@adods SbpLaAMUIRAQ pBikt LR | St C
vector. The data nmay be conveniently nornalized prior to abstraction by

assi gni ng t he, RUEK Al the PR&MNT TrvRhiRin! LY din¥ B, URK utihel) ARG Yar@liBRS o£POI N S
given fractional values. The nost sinple abstraction of a data stream

consi sts. of a8l PAn0 bx SUBLL WiIOR < B Slahe10AIYS, Those  skil | ed

inthe will "recognize that nore conp lons of nultiple points could

be constructed s r.age v i nt al re c | ex .suns or
ﬂcflélatgfa%to?\fhee mn nzlcn? Hﬁ‘f‘e use 0?5 eneﬁc gfgf)fe}&u’rﬁ trc])e £ ﬂ%e

di fferences between a pol are at pre I'stance froma
sel ect ed prot,ot ype. dat. oint. Such functions of the jntensity,val ues of
The data oty ASPREGES: oB b el a GO R it s BB By T
function equi val entl t he .si.npl e abst.ract. illyustrated in the. workin
ol on. Tt Bt o s freg e SheBralie Stiniseo Potictid te eard Sl | 0n can

det er m ne

chromosome. The logical chromosomes contain as many “genes” as there are
dimensions of the characteristic vector. Any set of the appropriate number of data
points can be a Jogical 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
two conditions are met. A particular solution to a problem nwust 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
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 is discussed below.

The first illustrative example concerns a corpus of 100 docwments, which were

randomly divided into a training set of 46 documents and a testing set of 54
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whet her abstraction by taking the instantaneous slope at arbitrary points
could also function in the present invention. Accordingly, such routinely
avail abl e variations of the illustrated working exanples are mntW|mﬂpmg
scope of the invention. A feature of the invention is the use of 'a genetic
algorithmto determ ne the data p0| nts V\/mch are used to calculate the
characteristic vector. In keep nonencl ature of the art, the
list of the Spa@ienise Tﬁ’éldﬁ@‘gminés %Slété‘il @Eﬁtéf@ Oifglet@%%ﬂdaesﬁ%gfi%Flomcﬂfﬁ%nosorre
The | ogi cal chronpsones contain as many "genes" as there are di nensions of

t he char act efiedopk Thedrior Wanaypd swiclep fromtibe Bipprcish dimese Therdberbugfon@dt a  point's
can, be a | ogical chronosone, provided only that no gene of a chronosone is
dupI i cat ed. ’fﬂ%’ﬂmﬂ)epa@ﬁdoph@egemsalhdsteﬁoAS/iGmi fpiacaeicld dimenfiegnsiandent i on.
Those skilled in the art appreciate that a genetic al gorithm can be used
when two coddatiusiessiae @ aaelt dim&npem of €33 Gmesthe tinpgo nf taua iptlabdiernsiust be
able to be expressed by a set or string of fixed size of discrete el enents,
whi ch el enmentvas sddetdae Theyehaicnlgritlehawae bietidizedntthizheut13005gsloadn be
reconbined to yield further solutions. One nust also be able to calculate a
hureri cal vathiRe®fogldaBclirehaidne. e ftdal@hiteapfogres@ldihd ore fillggitdlt ness. Under
these circunstances the details of the genetic algorithm are unrel ated to

the probl em WREsRsiRdsUiré Miplicted AUOME lesORCRE SRBkdd, f[ﬁéretlﬂ%c&ﬁ'ﬁﬁﬁ%

invention, generic genetic algorithmsoftware may be enployed. The

al gor i thns | Be ?ﬁgﬁg?&osdde@%ﬂﬁ hﬁ%aﬂoﬁ%!:@@cﬁrshé'q}?% éﬁ@&ﬂ?ﬁnlé\é@ﬁlh&%h

Laboratory is su The cal cul'ation of t t ness of any parti cul ar

| ogi cal chrophsapE, .S cfgédﬁ%gﬁ’ %’%t%’ess Et?aﬁéa%ﬁé of hg%fteﬁl% é‘a”p' ©

concerns a corpus of cuiren whi ch were randoni y ed into a
training set Hl?ﬂ%@ efl0. ”El'l‘éc%o%fl gxc&eﬂg:nﬁ!%m%?% faﬁdgé Ehrtdin} ho FDEsc CefiiP?
docunent s. urren S consl s e union a resses
sel ections frP N . . ,
of the total set of data streams to identify those data points having the highest
variability may be useful, although such technigues 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
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.
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 critica) 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



the book The Art of War and articles fromthe Financial Tinmes. The
distribution of trigrans for each docunent was cal cul ated. A vector space
of 25 dinensions and a data cluster size in each dinmension of 0.35 tines
the range of values in that dinension was selected. The genetici allg6rlilhns
were initialized with about 1,500 randomy chosen |ogical chronosones. As
the al gorithm progressed the nore fit |ogical chronosones are duplicated
and the | ess tiat tie auntbirt the dita aluetdr, nT her datk slusters ordyioverfdpomd thedimessioxcdir onosones
and nutation, which occurs by the randomrepl acenent of an elenent of a
chronosone. k#ch Qustardt themoasdead vakorfspak oy Exedfpribh® theyertation of thatmaphe
initially selected collection of |ogical chronosone be random Certain
prescreeni ng of tThesitobéthe dat cnfteriata bytilieassdirmgitetemdiniby ptdeese data points
havi ng the highest wvariability may be useful, although such techni ques may
al so i ntrodugettiap the W the trgd Bédlts &l 4 Zdhicdhdbhshrodldesitestdtlclied i n the art
appreciate that the initial set of chronosones, the nutation rate and ot her

boundary C0n‘éh&cie%ﬁﬁlyf&issitfyhﬁxegﬁﬁféﬁﬂa&jng?eg Qéiweh:@lyas'éﬁi_n? e SAelth ivtesti® tht S
function. C. The Pattern Recognition Process and Fitness Score Generation

The fitness gcorg o?{hﬁﬁla&lﬂa Bﬁs]t%:rgfn WRgh %lnuﬁﬂéﬁm%{gﬁsaﬁbgt@:he@% fgier ated by

the genetic al gor mis ca ated. The calculatio the fitness score

chromosors. t Seps Bopdfaes el OISt SRR ATIEL BTk Bl FRRIR 70

et hod of ool ST AR Rk PR Rt LY 19 L0 G o
used 1o generat o (e EUBAEPpS 4t R AR FLoEURSEPA TN By iHe

ol Lowing 1 ube3:, SRSl 923 LHSLRY, RDOUL B0, 258 A of fERSEMLAP! O ©f the

distance (root sum of the squares) between any two members of the data cluster. A
data cluster size that corresponds to a requirement of 90% similarity is suitable 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.
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
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
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that lie within the data cluster, no two data clusters may overlap and the
di mensi on of each cluster in the nornmalized vector space is fixed prior to
the generation of the map. The size of the data cluster is set by 7t Wer
during the training process. Setting the size too large results in a failure
find any chronosones that can successfully classify the entire training
set, conversely setting the size to lowresults in a set of optinal data
clusters in dhicdvhtdheensioies antquel weteecs NppEodidbmsntthes, sunibsvectaf dat a
points in the training set. Mdxre inportantly, a too small setting of the
size of thepdanea otttist@nbeasad.ts in "overfitting," which is discussed

bel ow. The nethod used to define the size of the data cluster is a part of
the invention. Thhoelsklledin thi 28 vl furlier geddniedhdithd diea nmentef t he

equi val ent of the Euclidean distance (root sum of the squares) between any
two nenbers @bndched Bad BgalitshiceformAY thel alsRibatietbéBahsk s@hiniBé dRPEFRENONdS t0o a
requi rement of 90% simlarity is suitable for the invention when the data

streamis gensy @ 4 nobhdthmall PhistBSEdSpect roscopy data. Somewhat |arge
data clusters have been found useful for the classification of texts.

Mat hemati cal 1y, 9Q%Siniohhi 3 ?ﬁda@ﬁlﬁé&‘?gfo?)é1Jg[¢&¥bﬁrbﬂl%sér£@§as%lé‘& di stance

between any two nenbers of a cluster 1s |less than of the nmaxi mum
di stance bet atb{'he ﬁ&hé@%&ﬂa%ﬁhﬂ% ob e GR e Rlon B ac%on'ﬁ%re&{l{
cal cul ation, "the véctor space is rmal1zed so that the ran each

scalar of e, weglous LDl ReL L @o&' er%a@ﬂgagmsgm&g%mgumea and 1.0

Thus nornmaliz maxi I'TB. pOSSI anc WO vectors I n
T e
T o eSS OSBRSS G A SRS S0, ot
nor MR Izt o e ey 0 TRicss fhort io ca1§ﬁ§‘t!e ansiﬁg?uﬁg% TERehdf fot to the range
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.
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 éwerage homogeneity score
and thus a better ﬁ‘Acness score.
Publicly available software for generating using the self-organizing map is has
been given several names, one is a “Lead Cluster Map” 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

establish the boundaries of the data clusters. A metric refers to a method of
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17 DEC 2004 that each di nensi on has an equal variance. Non-Eucli dean
nmetrics, such as vector product netrics can be used. Those skilled in the
art will further recognize that the data stream may be converted1hpggtgm4

|l ogarithmc formif the distribution of values within the data streamis

| og normal and not normally distributed. Once the optinmal set of data
clusters for a logical chronosone has been generated, the fitness score for
t hat chr onosoweswiag dgancaincanestos dpackoThd denpliesmatic fHrientveatinn dehéef i t ness
score of the chronosone roughly corresponds to the nunber of vectors of the
trai ni ng dat dasdbnimatmalesd “foazyc ANEX @k defirkd bbavee Shiivogehenuplements.an cl usters
that contain the characteristic vectors fromsainples having a single

cl assi fi cat i afaptivi/paterpreecgstdyalgdriembhict @8 shesGatze ArSDCakR1tigiedatly
assigning to each cluster a honogeneity score, which varies fromO0.0 for

honbgeneous  GlotSB&tch URvEsiy nftler tHelnkst FusytATIM@ENt ai n equal numbers of
mal i gnant and beni gn sanple vectors. The fitness score of the chronosone is

the average ﬂj.tneg%so%@' 06:8 R VERNR 88 & ettt BhbodigtlsS. a fitness score of
0.0 is the nost fit. ere Is a bias towards Togical chronpsones that
generate nmore dat gn&loURHIRA S thb Brt LA MG Rat i MaskidBh o GHE QPSR that have

equal nunbers of erTors 1 n assigning the data..” the chronosone tha

generates t hﬁatgrsa%tgrﬂhgﬂ}%ggns%ggg%agﬁlgé&?fs%ow tseRVRe hlg%@ﬁ{e c?a\égl\{;}gllg%e a

t
honbgenei ty score I'tness 'score. Ircly a bl e
everal - name & eoRRat et RLAbeta e A R B R R Rk Sy
(o cenbel . RBYS b D @oaaBP ha remine THETER BNt PORTER Y 150 a
non- Eucl i deagbi it}} trolsgrtta%et of data other than the training data set. When a learning algorithm
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.

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.

A suggested approach to the problers 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 of any three characters, such as ATV, KLF, OID,
etc. There are therefore 26° trigrams. White space and punctuation are not included.

A document can then be represented as segmented into a specific set of trigrams
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establish the boundaries of the data clusters. A netric refers to a nethod
of 14 1 7 DEC 2004 neasuring distance in a vector space. The alternative
metric for the invention can be based on a normalized "fuzzy AND' as
defined above. Soft ware that inplenents an adaptive pattern regagp igen
al gorithm based 't the "fuzzy AND' netric is available from Boston

Uni versity under the name Fuzzy ARTMAP. D. Description and Verification of
Speci fi ¢ Enb#aitise fros tha beginsirg lof tid téxh strdgping Forp eps detuameat. t HastresWigngassi gnment
of the entire training data set into honbgeneous data clusters is not in
itself evidestef triggamy lemcha slotdmydnhgnd tatigBequeheies ge ehdregenisiiel If operating at
an acceptable | evel of accuracy. Thus, the value of the classifying

al gori t hm gederateats iby set Haeasiniilagtrztgosdts duh freqsencies, it sdikely that thays ability
to sort a set of data other than the training data set. \Wen a | earning

al gorithm geneealtRs saneclopizs iThis ingaritigety frleif blilgbpaifiocabsd of frigraassdrgns t he
training data set but only poorly assigns the test data set, the training

data i s sai detnib@l MaQolihtel eUhdYuesti@BiE Nitch @ BOHIztE ard N Efiptivieiofbny esul t s
when the nunber of dinmensions is too |arge and/or the size of the data

clusters is E&Qcﬁtﬁ&l iemlm%@ﬁﬁm%é&&iﬁé toNge inPSNRAD afd@X that Q&éﬂﬁ&l@ri ng is of

interest to a wide range ~ of professions. These include the l'egal, nedical

and intel | i gence RQURLE} GO TngRAERNBEHARNE MANfhd.RA Thfkakydret hods

have proven i nadequate when fa the rigors of the current production

vol ure of t?ﬁﬁ%@w ﬁrtﬁ@clcneft%nt [ Rfefrial §%ﬁé §3h, H&%ﬁ%ﬁ%ﬁ%ﬁ?ﬁa@m capture

conceptual infornmation. A sugges approa e pro as been to

soreriow X1 86 AEERLRl wihEBL L e BuPRANGe SRR 1 ©

col I'ection O]:iocturn;e%{sawrtcﬁe g&?s?g&eg givralu]; E) e H]%p 8 o lcszhcégecéj {nfrh%gt%g undesirable and 1
indicated desirable. The learning algorithm searched through the trigram set and
1dentified 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

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

ctual Classification 0 1 Totals
Assigned Classification 0 22 ? R4
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
that were of interest and correctly screened out or rejected 22 of the 26 documents

that were not of interest.

16



recorded. Atrigram is a collection of any three characters, such as AFV,
KLF, OH), etc. There are therefore 263 trigrans. Wite space and
punctuation are not included. A docunment can then be represented 7as( 2004
segnented into a specific set of trigrams is 1043 1 7 D E C 2004 starting
fromthe beginning of the text stream ng fromthat docunent. The resulting
set of trigrans fromthat docunment and their frequencies are characteristic.
I'f documents in Evalbationof Biglogeal Statesy The abgye«lescsibad paminglephavasi t s

i kely that they concern the sanme topic. This is particularly true if only
speci fi c subs@ploged tordeyelaps clasulicagion fir meastabin dancouyrnedS ENNeTQE &ss on i s,
which set of trigranms are descriptive of any concept. A learning algorithm
accor di ng t ospelotra (MSpof §opeticairsenmrssenplashil hagingHidpsy diageesed pwsiefic 100 Engl i sh
| anguage docunents fromthe Financial Tines, The Art of War and the

col | ecti on ofapresiddentdtital seShatmiged (ANAS ldveis@reasad drag Sidlbisg/maiend Z5onpi | ed. The
corpus was randonmly segnented into training and testing corpi. Al

docunent s wehemasshayiredPaAalcisbehiw Bhi/fver TRe MS data whestetrfictedish @it-doh
undesirable and 1 indicated desirable. The | earning algorithm searched

t hrough the of 7 h@lamasekighthludsdentified a set of trigrans that separated
the two classes of docunents. The resultant nodel was in 25 di nensions with

the deci si on boundaiysi&elapahatQssdeneli B RbIRIihe Ghisthaded sadtb@wed in the
space. The classifying algorithmutilizes only 25 of the possible 17,576

trigrams. Onpbeskdaguddies Jlﬁsstéi-lv%f'% '&rét&ﬁ.mlahlgte@magiceﬁgmam bidters, 17
Classification OlTotal s ssigne assification 024 1430 Tot al s8654

benign and 17 malignant. Table 1 shows the location of each of data cluster of the
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
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 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; 5)
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

when the PSA levels had fallen to below 1 ng/ml were not assignable to any data set.
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Tabl e: A Confusion Matrix. Actual values are read vertically and the results
of an algorithmaccording to the invention are read horizontally. The
results show that algorithmecorrectly identified 24 of the 26 docuygnt g

that were of interest and correctly screened out or rejected 22 of the %
docunents that were not of interest. 16 1 7 DEC 2004 Eval uation of

Bi ol ogi cal States: The above-described | earning al gorithmwas enployed to
devel op a cl assi f P& pralugtioe hyreuits of e forproine ©ali ¥ §hosid by rerdiedigpd e spectra
(MS) of 55 patient serum sanples, 30 having bi ogsy di agnosed prostatic
cancer and prassefaicedt sareinama nt pagients hddeg P4 0e440 ge/edaad betigmbiapy ng/nl and
25 normals having PSA levels below | nglinl . The M5 data was abstracted by
sel ection ofliagnosslieelrthud BO%eThhs, thedindew.thah betwest &3 %mag 47 Watl teegsitignted each
vector in the training data set to a honbgeneous data cluster was

gener at ed. Thithelevsteé PSARputmonisaicriggndsds «fl casdeeris corbidtenbwith ghat esrcbelly
mal i gnant. Table 1 shows the | ocation of each of data cluster of the map
and t he nunbgrediets thappkase of cadrdifonid. ai ni ng set assigned to each cluster. The
classifying algorithmwas tested using 231 sanples that were. excluded from
the training data set. Six sets of sanples frompatients with 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/mm and biopsy 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 hypertrophy (BPH) or prostatitis and
PSA < 4 ng/m, 7 map to di seased 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/m, 42
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map to di seased data clusters, 2 to healthy data clusters and 95 to no data
cluster; 5) 19 with BPH or prostatitis and PSA > 10 ng/m, 9 map to

di seased data clusters none to healthy and 10 to no data cluster. A sixth
set of data was devel oped by taking pre- and post-prostatectony qapptggmgron1
pati ents having bi opsy proven carcinoma and PSA > 10 ng/m . As expected
each of the 7 pre-surgical sanples was assigned to a diseased data set.
However, none of the sanple taken 6 weeks post surgery, at a time when the
PSA | evels had fallen to bel ow | niN THE ¢ébABMSot assi gnable to any data set.
17 1 7 0 E C 2004 Wen evaluating the results of the foregoing test, it
shoul d be recalled that the rate of occult carcinoma in patients having PSA
of 4-10 ng/m and beni gn biopsy diagnosis is about 30% Thus, the finding

t hat bet weencidi@2 and 47% of the patients wth el evated PSA, but no tissue
di agnosi s of cancer, is consistent with that correctly predicts the

presence of jcar ChRgiRod di@labsifyindOhjéet dsihdh TédrorGhbeMaving @haiipe 1. A nethod of

classifying Objects using a vector space having nmultiple preclassified data

clusters conpri si0adshfedSiRPSIuRbrs coprisifiPt epdod data stream that describes
the Object; b. é%stracting thg dgfg g?rean1toﬂ%%lculate an Obj ect vector

that characterizgs t%Pﬁﬁﬁg?ﬁﬁtﬁgﬁéﬁnﬁatdég&ﬁ%ﬁ%@ﬂe&he data cluster, if any,
Vetto .

wi thin which the Objec r rests; assignihg to the Object the status
of the identified data cluster or, if no

b. abstracting the data stream to calculate an Object vector that characterizes

the data stream,;
c. identifying the data cluster, if any, within which the Object vector rests;

d. assigning to the Object the status of the identified data cluster or, if no

cluster is identified, assigning to the Object the status of atypical.

2. The method of claim 1, wherein abstracting is performed by a process comprising
selecting between 5 and 25 data points from the data siream.

3. The method of claim 1, wherein identifying is performed by a process comprising
computing the Euclidean distance between the centroid of a data cluster and the
Object vector.

4. The method of claim 1, wherein identifying is performed by a process comprising
computing the normalized vector'product of the Object vector and representing
the centroid of a data cluster.

5. The method of claim 1, wherein each data cluster is preclassified as having one of
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cluster is identified, assigning to the Object the status of atypical. 2.
The nmethod of claim1l, wherein abstracting is performed by a process
conprising selecting between 5 and 25 data points fromthe data stream 3.
The nethod of claim1, wherein identifying is perforned by a proces%
conprising conputing the Euclidean di stance between the centroia7d¥34mﬁata
cluster and the bject vector. 4. The nethod of claim1l, wherein
identifying is performed by a process conprising conputing the normalized
vector product ofy tdg,n8slnyector and representing the centroid of a data
cluster. 5. The nethod of claim 1, wherein each data cluster is

precl assifigd a m'#]tﬂgdeﬁaaiﬁf, erkinf el tatg Ufiref 4 ré}ﬁgifbﬁaggﬂgjééh%\}lﬁhg& The

met hod of claim ereln eac ata cluster 1s preclassife one
of three status 2N kds QRS0 The nethod of claim1, wherein the data
streans consi st of between 1,000 and 20,000 data points. 8. The nethod of

claiml1, whegrein.the le .of ., the data ,streans consi 0. S 1, 000
data poi nt s?' 9. Rhef@?thgggﬁaa%]f‘is %E&I:If ﬁnﬁgatg S%faé%ssciog %‘Ftr?gt"s‘i“rg“'SﬁtOh‘?r%b@ using a
set of preclassiéﬂ&ﬁ) éects, each Object being associated with a data
stream where the” FPHMPi s  characterized as having nultiple data

clusters of predeterm ned extent in.,a_vectqr . space of a fixed_ nunber of
di mensi ons, 8conpriespegod pclaimhgvhsrein the | fhadpta T’Y@a’g’éf"”b“i"*t?ﬂéﬁﬂ%a
streans associated with the preclassified Qobjects; b. selecting an initial
set of |ogical chPéhddenestst hat specify the location of a

9. A method of constructing a classifying algorithm by using a set of preclassified
Objects, each Object being associated with a data stream, where the algorithm is
characterized as having multiple data clusters of predetermined extent in a vector
space of a fixed number of dimensions, comprising the steps of:

a. providing the set of the data streams associated with the preclassified Objects;

b. selecting an initial set of logical chromosomes that specify the location of a

predetermine number of points of the data stream;

c. calculating an Object vector for each member of the set of data streams using

each 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
predetermined extent that maximize the number of Object vectors that rest in
data clusters that contain only identically classified Object vectors, wherein

the larger the number of such vectors the larger the fitness of the logical
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predet ermi ne nunber of points of the data streamy c. cal cul ating an bj ect
vector for each nenber of the set of data streans using each chronosone; d.
determining a fitness of each chronosone by finding the | ocations i]r) memm
vector space of a multiplicity of non-overlapping data clusters of

predeterm ned extent that maxi m ze the nunber of Object vectors that rest in
data clusters that contain only identically classified Object vectors,
wherein the |arger the nunber of such vectors the larger the fitness of the
logical 20 1 7 0 Ecigo0feg chronosone; e. optimzing the set of |ogical
chronmosones by an iterative process conprising reiteration of steps (c) and
(d), termnating |logical chronmosones with low fitness, replicating |ogical
chronosones of hi. ghptimitzingdhke set eflopivalrchtononomecby anditaiaive poabicfs coatprising of t he
chronosones; f. termnating the iterative process and sel ecting a | ogical

chronosone that ajditemsion of stepsqPi dnddt), serhinetgeiogoalschitosofesn@hth wer | appi ng
data clusters, wherein the attributive status of each cluster of the

opti mal I'y honpgenoggnesse tepliciniehgicd ai@bbdhadsiof Righffithdds rédnftsdativReddr s t hat
rest wwthin the data cluster; and constructing a classifying algorithmthat

classifies an unknesaeGh&fiticdtn 8f the tReMDSorkPr | Si ng cal cul ating an unknown
bj ect vector using the selected |ogical chronpbsone and cl assifying the

unknown Object according to the attributive status of the data cluster of
the optimally h%ﬂ%ﬂ%ﬁngﬁfei@faﬁ@@ﬂfoc&yﬁﬁdﬁweﬁﬂga%w Srbsbfse that Whi ch the
S.

unknown Cbject vector res
allows for a optimally homogencous set of non-overlapping data clusters,
wherein the attributive status of each cluster of the optimally homogenous set

is the classification of the Object vectors that rest within the data cluster; and

g. constructing a classifying algorithm that classifies an unknown Object by a
process comprising calculating an unknown Object vector using the selected
logical chromosome and classifying the unknown Object according to the
attributive status of the data cluster of the optimally homogenous set of non-

overlapping data clusters in which the unknown QObject vector rests.

10,  The method of claim 9, wherein the fixed number of dimensions is between 5 and
25.

11. The method of claim 9, wherein the number of preclassified Objects is between
20 and 200.

12. The method of claim 9, wherein the initial set of logical chromosomes is

randomly selected.
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10. The nmethod of claim9, wherein the fixed nunber of dinensions is between
5 and 25. 11. The nethod of claim9, wherein the nunber of preclassifled
Obj ects is between 20 and 200. 12. The method of claim9, wherefn L0l
initial set of |ogical chronpbsones is randomly selected. 21 1 7 UL C 2004
13. The method of claim9, wherein the initial set of |ogical chronosones
consists of between 100 and 2,000 | ogical chronosones. 14. The net hod of
claim9, wherein the extent of each data cluster is equal. 15. The nethod of

claim9, whes.ei nrid@cxd endlaiaf 9 aaeheidalkanichlust @odial defotiodbnekonyista of
Eucl i dean netric. 16. The nethod of claim15, wherein the extent of each

data cluster in guebddENSi 0 20080 le5id hrdRb&inisned fraction of the range of
the Object vectors in the dinension. 17. The nmethod of claim9, wherein the

metric that)det efyd fagod BecigK @,%hepémﬁ@%kamg@afacac}paﬁ@élsgteﬂi§e?mai.uncti on of a
fuzzy AND match paraneter wth a vector characteristic of the data cluster.

18. The met E%d the%%ﬁ?i 8f clm?f?f%ﬂér i ﬁle!egfég# éfgﬁcekpé%ﬁaﬁgexqghéteﬁhﬂéﬁﬁfa of the

optimally nogenous set Is the centroi ] ect vectors o
precl assified fect,s that. rest in the data cluster. 19. The method of
claimy9, mherefﬁt?%gaFH%a]fbn of each data cluster of the optimally

nomgenoue 5" Lol BEsREBHges 1yt DLk 300 S RIRSLRRAEAE e
purpose digital 3(1: I(J)rrerp e%e?;nine%%r%gti nac?ij tﬁed ragge of the Object vectors in the dimension.
17. The method of ¢claim 9, wherein the metric that determines the extent of each data
cluster is a function of a fuzzy AND match parameter with a vector characteristic
of the data cluster.
18.  The method of claim 9, wherein the location of each data cluster of the optimally

homogenous set is the centroid of the Object vectors of preclassified Objects that

rest in the data cluster.

19.  The method of claim 9, wherein the location of each data cluster of the optimally
homogenous set is the centroid of the Object vectors of preclassified Objects that
rest in the data cluster.

20. A software product for a general purpose digital computer, accompanied by
instructions that the product can be used to perform the method of claim 1 or of

claim 9.
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instructions that the product can be used to performthe nmethod of claim!]l
or of claim9. 22 1 7 DEC 2004 21. A software product, which perforns or

causes to be perforned on a general purpose digital conputer the ﬁﬁg@@qmﬁf
claiml or claim9. 22. A general purpose digital conputer, progra SO 'as
to perfornms or cause to be perfornmed the nethod of claiml1l or claim9. 23

21. A software product, which performs or causes to be performed on a general
purpose digital computer the method of claim 1 or claim 9.
22. A general purpose digital computer, programmed so as to performs or cause to be

performed the method of claim 1 or claim 9.
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