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ESTI MATI NG CLASSI FI ER PERFORMANCE 5 BACKGROUND OF THE I NVENTION 1. Field
of the | werBiogdTedThe i nvention relates generally to data ecagsos/iwalion.
More specifically, the invention relates to estimating and eval uating
classifier performance. 10 2. Description of Related Art A classification
algorithm or classifier, is a nmet hDESORIPAIONT ning the class to which a
sanpl e bel ongs based on a set of one or nore features. A "class" is sinply
an attribute of the sanple, which in sone cases is well-defined. For
exanple, the irdeps ANBBivICHs RELATING PO B PRUIANG LM IgERON Of 2
classifier for I agnosi ng ether a particular tissue sanple Is
cancerous. Useful features for detPERFOBMANEHE m ght include gene and/ or
protein_expression |l evels measured from the tissue sanples. Al though the
appli cafions of classification al gorithnms are numerous, this diagnosis
exanpl e underscores the need for accurate nethods of evaluating classifier
performance in certain domMgBASKGAROBNDT &1Iak INVENTIONE of data. A
"feature" is an aspect or Charactieristic of 1he data. For exanple, if the
sanple is a tissue, a feature of the tissue may be its protein expression
l evel . If the sandl e iKield ef éheilnvenrfion application, a feature of the
application mght be the age or incone of the applicant. For applications
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set of _ inputs for the_al gorithm.along with the correspondi ng correct
out put 49 and | ear#i ng DFWH?W%’S‘E%@*‘@HQ’FIG thm conparing its current actual
output with the correct or target outputs, so that it knows what its error
is, and nodify thprfiessificaiéoniplgemthm, opelasssiger; is anethod of deternyaing theclpssden t he
rel ati onship i f eat ng « i d
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an attribute of the sample, which in some cases is well-defined. For example, the

classes “tumor” and “normal” could be used in the design of a classifier for
15 diagnosing whether a particular tissue sample is cancerous. Useful features for
detecting cancer might include gene and/or protein expression levels measured from
the tissue samples. Although the applications of classification algorithms are
numerous, this diagnosis example underscores the need for accurate methods of

evaluating classifier performance in certain domains.

20 A “sample” is any type of data. A “feature” is an aspect or characteristic of
the data. For example, if the sample is a tissue, a feature of the tissue may be its
protein expression level. If the sample is a credit card application, a feature of the

application might be the age or income of the applicant.

For applications similar to the diagnosis example above, supervised learning

25 techniques have been employed for the design of the classifier. Supervised learning is
a kind of machine learning where the learning algorithm is provided with a set of

inputs for the algorithm along with the corresponding correct outputs, and learning
involves the algorithm comparing its current actual output with the correct or target
outputs, so that it knows what its error is, and modify things accordingly. Such

30 techniques are used to learn the relationship between independent features of a sample

and a designated dependent attribute (i.e., the class of the sample). Most induction
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WD 03/ 083760 PCT/ US03/ 09657 algorithnms fall into the supervised |earning
category. By contrast, unsupervised |earning signifies a node of machine

| ear ni ng wbhaBesi’Thee systemis not told the "right answer" PCTfuso3/@6anpl e, it
is not trained on pairs consisting of an input and the desired output.
Instead the systemis given the input patterns and is left to find

i nteresting dggrithinerfl, integhd atpdrviesd letning ustegbiyngBiarpnigast, emsupévissder i ng
al gorithns are usuall, unsupervi sed. Supervised |earnin teccﬁ i .ques
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techni ques have been developed in an effort to produce a nore robust
estimate of dagpecoftic shmpkes hiedmopar. flondenidsel cikbysstanspu laanassifisndesigneddoar e
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on the ability of the classifier to correctly classify the test dataset
sanpl ed0 Thepipetisse Sheies atee pumeranst eemplisptieny thats eath drippelr the igergaliatiope
traini ng dataset, and veral l f ol I: §,..C | .at from
the ool ect i Batsgefcol B PBiaRt, dafh, SR SR RRLL I Rl b o BB |
that measur egat@perfsthizacaEoaeis ilexdied] from data not included in the design
process are apt to be nore robust. However, it has been observed that
these crossval i dagfaa{ téohaRMHES Ba?d BeciQievaloped i &n effort 6 PRodiick @UNBleadBRS. For
exanpl e, an underlying assunption in the design of classification

al gori t hns i estintage “afhexpectedniclagsifiar desfornangeel YMpeipPepEAt MINE Hrssel #ei on
25 as whol e, 1 . . tha e ¢l r idLty. I . | qat ed
Fromtnd trararnaioqiopdRbphi iy AR5 ey e B B 3 SARGBRFRI 17, 2
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classifiers generated based on such training data can_be ineffective,
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can exi st between features. These . . .
20 test dataset results. The underlying principle at work is that measures of performance

derived from data not included in the design process are apt to be more robust.
However, it has been observed that these crossvalidation measures are not accurate in
some circumstances. For example, an underlying assumption in the design of
classification algorithms is that the training data accurately represents the population
25 as a whole, i.e., that the class probability densities can be estimated from the training
data. In many applications, the limited amount of data available for training renders
this assumption invalid. As a result, classifiers generated based on such training data
can be ineffective. “Class probability density” refers to the distribution of the class
features within a particular class. For example, a single feature of a protein may have
30 a density defined by a Gaussian with a mean of 1.232 and a standard deviation of
.287. In more than one dimension, correlations can exist between features. These

correlations are also defined by a class probability density.



correlations are also defined by a class probability density. -2 WO

03/ 083760 PCT/ US03/ 09657 SUMMARY OF THE | NVENTI ON Shortcom ngs |isted
above ar ewpadigxyco or el i m nated by the present nethods amdTdsed/ews? These
met hods may i nvolve estimating perfornmance of a classifier using one or
nore variabilities associated with one or nore of the features
characterizing 5 the data atSUMMARYOR EHE INVENTIONesent met hods may be
characterized as supervised learning algorithns that utilize such

variabilities. Wth the present nethods, one can .predict how well .a
classifier will paFiGPRRg: ltﬁt%%%hqvﬁiaﬁ%f%P?cﬁa%gEH%fe@;.y é’fﬁsF\éﬁﬁ’ﬁfh"d?

met hods may %Jd%ﬁvﬁ@s.u‘fﬁéée%tﬁ(?dglﬁnﬁ vEivesiithatBleSpetolithibeddT ailaeifRt asitk - €.
group) based upon, for exanple, €expected performance. The present devices
i ncl ude fi el ehel® moegvaiabiliiles agmicktal with onamd moercerfrthe denteics charpgierigingh as

application specific in rated. circuits,. configured far .use in performng
the present iﬁldﬁ@cfé ?ss?ﬁe%g%@@e he Rﬁetg%d’ééﬂf’r%(% %@ggﬁﬁﬁ%ﬁ%ﬁ?ﬁe ﬁﬁsﬁ“ﬂ%"‘seg
prograns, SUehm&s A90MUER thRANR8h $ARbilitiefC Wide e GaiehSmePbdiamgi caf

r eadabl e instrugl% ons. Such prograns nay 1ble1 transl atable. 15 These, and

ot her, enbodpedint sovofwellreeclpssefias villiperfhod in elaskifying weivugsamplee Thepresent

appreci ated an nder st ood when . consi dered ifH conjt i it h: L h
fol | owi ng d@gtglpg%magnalgﬁ.l etﬁggé‘&g%’ﬂ%gﬁy‘ﬁﬁﬁl@@% %v“ﬁq{r%‘g%ﬁg‘ Q%Iﬁe())% Irt(ljg'bgmup)
under st 0od, hRWEVEsn, foh@kamplRe exictedvpoRdrEesel | Did presenttilehizes idhhaiat field

various enbodi ments of the present nethods and devices, and r_lurrerou?
speci fil® det progrmmable (gate jasrayp vandl itegralpdoeiraudts; |suehs tasappRIF2oRy SREeLiic

limtation. . Ut | AP i : {ﬁ%g'% i o}

rearr angemn%ge%‘?/&lglgéd&%ﬁ%a@gﬁ{eﬁe% {ej{rlv{)eol ?Irsrfe n% snéi S r%ése(ﬂggﬂeg%qéﬁ 4tr ?Rresent
departing fmethotiienscbpanpierhdited singniropeiispdsctans cbeaputar sprograchst Hieat
present nethods and devices include all such substitutions, nodifications,
addi ti ons andchiler URPYAYOFeAtaghine BW%FM‘DE?,@WO@?P@\I Chr RO BRAY Y %ﬁ The
fol |l ow ng dr gyings, £ orm part of the present specification and are included
to further dénonstrate certain aspects of the present nethods and devi ces.
These raw ngs ilJustr b M L g hey
use |i Igg refer enclgéeset 8&? g’#ﬁ’a@%ﬁ%ﬁg%ﬁbgﬁe%%%t% Llnah (??b{éeﬁ g’mﬂg#grt
depi cting st Bagr epprocigtedfant hadprseseihenRbhgidaed in conjunction with the following

description and the accompanying drawings. It should be understood, however, that
the following description, while indicating various embodiments of the present
methods and devices, and numerous specific details thereof, is given by way of
20 illustration and not limitation. Many substitutions, modifications, additions and/or
rearrangements may be made to the embbdiments discuss below within departing
from the scope of the present methods and devices, and the present methods and

devices include all such substitutions, modifications, additions and/or rearrangements.

BRIEF DESCRIPTION OF THE DRAWINGS

25 The following drawings form part of the present specification and are included
to further demonstrate certain aspects of the present methods and devices. These
drawings illustrate by way of example and not limitation, and they use like references

to indicate similar elements.
FIG. 1 is a flowchart depicting steps of one of the present methods.

30 FIG. 2 depicts one arrangement of design and test subsets of samples that may

be used consistently with the present methods.
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30 FIG 2 depicts one arrangenent of design and test subsets of sanples
that nmay be used consistently with the present nethods. -3 WO 03/083760
PCT/ US03/W0@5/M83760 G. 3 depi cts anot her arrangenent of desiPgn/tEnso46est
subsets of sanples that may be used consistently with the present nethods.
FIG 4 depicts yet another arrangenent of design and test subsets of
sanpl es that MRIE. Bséshicto asdthéremianyemertiofidesigp aad et substthofsamplekHES.  5- 9
are flowcharts depicting steps.of different versions of the present
met hods. FI @nayloe gegicensstepity with the wresnt BsH9Ssi ng esti mates of classifier
performance conputed using one version of the present nethods w th
estimates of cl addiG-i4edepige yrbineihes argegrnext of dasighgnd teshPubseis oh saples
DESCRI PTI ON | LLUSTRATI VE E i ocunent (i ncluding the
clains), the ?téP%Lbe'%sg PP%I%W’}{B%Q%%%B%&Q&@&%OL such as "conpri ses”
and "copprising"), " " nd an ormt hereof, ..such _as. "has'., and
"havi ng®), and |W(ﬁ“%}ca%8 a(égl&wcgqﬁ;f ‘ie@ﬂcginlgrfgff‘péo?fjdlgfuﬁ@ﬁt (yigrsmpﬁgf(chfegres%d
"i ncl udi ng")maksqopen-ended transitional terns. Thus, a nethod or a device
that 15 "conprises,” "has,"” or "includes" one or nore el enents possesses
those one or mor eFI[G‘%' RBYiSts the'eshffs QPEorh%éﬂéfge%tﬁrﬁtégocﬁS&. 3120 peftbdnddigse
one or nore elenents. For exarrpﬁ e, a nethod 'conprising” providin
mul ti pl e sanphgstedeasing sarplversioai of thec hemsagt methpdsl viith estémates wbrdadsdwtrur es;
associating a feature variapilit i,th at | east one of the one or nore
features; arRFOFRRAS TG 'ng}g%]r%%glﬁﬂ}thy of misclassification 20 by a
first classifier using the feature variability is a nethod that has, but is
PTION QF IL SARATIVE EMBODIMEN] words, the

not lidPted to onlylHayeRE

ale S/a¥

nmet hod possesses the listed el , i s not excluded from possessi ng
addi tional el emenf,shihifcuie tgﬂéludihg $hENinTY! tHEXAM ©onipiReMBiiofyaban
covers associ ating another feature variability wth another of the one or

nore feat ur ethereSf, siitlans foompprises’cami “eomipmizingslchive Hend Bny diorer heatoddsuche

. That_is, for le, the ph " t he, f eat ur, Labi.lity"
means U3 ng S HEagtd (e ek Rdea ] 1y oyt st ferndlidendde

devices and 4hau¥aghons sRaLeHIes tARGisAMaRkALC Miss, Hahdhbs orSsaevios ekatwi t h
t he present nethodsS “and devi ces are explained nmore fully with
15 “comprises,” “has,” or “includes” one or more elements possesses those one or more
elements, but is not limited to possessing only those one or more elements. For
example, a method “comprising” providing multiple samples, each sample being
characterized by one or more features; associating a feature variability with at least
one of the one or more features; and computing a first probability of misclassification
20 by a first classifier using the feature variability is a method that has, but is not limited
to only having, the described elements. In other words, the method possesses the
listed elements, but is not excluded from possessing additional elements that are not
listed. For example, the method also covers associating another feature variability
with another of the one or more features. Similarly, the term “using” should be

25 interpreted the same way. That is, for example, the phrase “using the feature

variability” means using at least the feature variability.

The present methods and devices and the various features and advantageous
details associated with the present methods and devices are explained more fully with
reference to the nonlimiting embodiments that are illustrated in the accompanying

30 drawings and described in the following description. Descriptions of certain well



reference to the nonlimting enbodinments that are illustrated in the
acconpanyi ng 30 drawi ngs and described in the foll ow ng description.

Descri pt iwod308376ertain well -4 WD 03/083760 PCT/ US03/ 09®ET/USkIIansnT7
conponents and processing techniques are omtted so as not to obscure the
present nethods and devices in unnecessary detail. FIG 1 is a block

di agram or Knbow chaidnentdemidcirbogsing titubdiqles aravbinitred & amneot of oisberephesent
met hods. As shown, nethod 100 includes step 10, which is providing 5
sanpl es, eadtessnt Mathefs mad devases dn pmesegamdeile or nmore features. In those
instances in which the class or classes of the sanples are known, the

sanpl es may be t HI§H isof blaek diagrannagifley eharadepicting mgthodr 0nhishdaae By
way of exanpl these s es, m i n . nor e
Font ur s oy HE PG GAE o b et i eRIELER 180 fndehds BRRidhe

and/ or pr ot ejathpBsPERE DfNhidteiéehsratiy zdleb @aseimere foatuiel hImthdisiataacksiggi ons
of tissues or in extracellular bodily fluids (such as_serumor urine).

Ot her ti ssuevhighthercdassonglapses of the saroples ds kuavi thosrpunesinay betheught of gy |

or gani ¢ nol ecyl.es; | ar, f : S i | el |
nucl ei i rrageas{,:}l‘lﬁlﬁfﬁc‘?aﬁ%%e?igof} ?o@%ﬁg%faé?ﬁ?ﬁ ugif é}{sal;?ﬁﬂéétq rﬁglsgesfaalr%1 ?%geé{gﬁ?gg and
features at tissge tshimpled el ehe onacdrudiong fedtares emayminelnde egeae t andordprotein
orientation of cells. 15 Step 20 of t hod 100 is .asaoci ating, a feature

variabi | i ty SHPFHSIGR JPeelst i Bne aneor QISR SXProsHE JEY MHY" Oh RESH e
vari abug' ty Mtﬂiﬁtcﬁséca%%f Hifonk re)\fgjﬁmg ARY SRR hodily AR Ysudhl asCRRRR Gk i N,

a variability w a feafure. us, estimating a feature variability of at
| east one ofurifed f@theutiesuei Samresamapfindlads exfratellnlgt camperenis suchaay sl ty

with at | east one of the f ures. " oci at.ing" .a.f ure variability with
A foature. 20PREYC ARG eOU ERien SRR AR HhNR 43 Pt Pl Blo Bdeed " o
a feature. GopmimCNr othfble, S4dals, Snmehe, AExiuARtaHA Featiatd altht tikyuermayel be
associated with different features, or a different feature variability may
be associ at eidchiding, fhirfekample; dénsiy andorientatipmnfisels.enbodi nent, step 20 may

i nvol ve associating a feature variability wth at |east one of the
featur@§ on a fea$tep @0nf-rhethodil®0 aasseciatigso fHatire wgrizbifityawidh et 1e28 one of

variability with at |gast one feature "on.a feature-by:feature basis" .means
that a feat uPe APD ATOGIaRE L Balraraioiity vl § bty InGRes sy R dai si on
tailored to fifiahs HALbiRLAS [ eAlidpBity SHRS QaRAREEY . TRAOtREMmafiRAtdl Féhture
variability, which may or may not be " different fromthe first feature

vari abi | i ty, varapilite ofstleast ane of Wietthatares ihe way @d ‘agseciating” a feature variability

with at least one of the features. “Associating” a feature variability with a feature

20 may also be described as attributing a feature variability to a feature. Consistent with
step 20, the same feature variability may be associated with different features, or a

~ different feature variability may be associated with different feature.

In another embodiment, step 20 may involve associating a feature variability

with at least one of the features on a feature-by-feature basis. Associating a feature

25 variability with at least one feature “on a feature-by-feature basis” means that a
feature variability is associated with a feature based on a decision tailored to that
particular feature. Subsequently, another feature variability, which may or may not be
different from the first feature variability, may be associated with another feature in

the same fashion.

30 - A “feature variability” is a value that represents the pbtential range into which
the value of the feature may fall. A feature variability associated with a particular

feature may be obtained through repeated measurements of the feature, and may be
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the sane fashion. 30 A "feature variability" is a value that represents the
potential range into which the value of the feature may fall. A feature
vari abi | iwgp 0a®8y60 ated with a particular feature nay be @obfrdaiSagesshr ough
repeat ed neasurenents of the feature, and nay be -5 WD 03/083760

PCT/ US03/ 09657 expressed in terns of a frequency. For exanple, a feature
frequency, affrekdvdsinaterhealf ur feqantabiHor texampba, ladfdatre Xpressydand 56 il o

Hertz (kHz) +/- 50 Hert As | i ddit
Var | abi |1 ] dStture ariaBitics dtoppbe, siamesard i pOAio Hafien el 5 Sqdigur g a5
0.1% - may al 50w éﬁ'd{ti‘«ea%aﬁagi&eae ngﬂﬁﬁmﬁv@%mgﬁiﬁeé/\hatsﬁmras5so

feature variabilities are associated may be assuned to hold, or be

consi st ent, K (10086 +-entiohdanayoflsa eeusee hthoany Tifitse present neetifods. d¥hatafer t he

present nethods. Wen.it is difficult to obtain_ a.large, nunber qf

measur evrent sfe%mrwﬁnéﬁﬂ%%? afﬁagséo%latpgé?at}'rlée gaspmslite |hf’€1’ gg ES@P’&W%’&’, for fhe as

an esti mat e, .Asinis: SONE IR g £a%8 foMIESF thBBrRaR risthem! € feat ures

conprise gene or protein expressions in biological 10 sanples, _

conservative esti Eﬁrz%f iGN AR ARirkd hYmBBY oPfickSiSnedsd Bh MR Go W t N

bot h versions of step , as an a?ternatl e to estimating a feature

vari abi |l i ty tassadestnrd taiabiity efsooistion) suvhras areesimateyeastis somefimas theecase

variability ¢that is si ng{oy §tated from ex eriencg.vvith t he par jﬁ:ul.%i type

of sanple rrg‘y’h%thea%‘?o%‘i & %ﬂrﬁs SOPRIIE, FEC PoPTOLSHY FPESSIPRS B BIOrS' @l ar

featur ?otyp's%ﬁ@heé, f@lﬁeﬁaﬁ@eé@iﬁé‘t%s‘%ﬁ?é’ﬁtu@%ﬁﬁbiﬁfyﬁlﬁl?b@ﬁ%f of twenty percent
ed va

of the neasur ue of the feature, a feature variability that uses the
twenty percent eré&{tin\ﬁ%é;%i otp%e?s?(?ﬁcdfaﬁﬁ[ﬂ 20Wh§ Iantaﬁ't%rrﬂcaﬁ@%]‘tﬁ %stirﬁﬁh% fwenty
percent error valUe nay be thought of as an estimte. Such an estimate or
esti mat es nafgatvuss yarfability besetiohehé osef efameoe mdfe meexaapbEs, 4 featuasemiabilligr e

nmeasurenments_of . a particul ar. feature possess a |l ogw.signal -t 0-nqgi se rati o,
an 20 esti et E§f51i_FIH’éY mt?d;@om F?P%P&t PW@ ﬁ‘_@a?;ﬁﬁ%“l@ﬁ “p% PR %rm@hgﬁ f or
a feature wiflg, i OURK o AR - 9r QB! AF 0 pafiell Tl Wrkdlp! Sis

step 30 involves conputing a first probability of msclassification by a
first dbassiessurensdnertoneorf deet arder wértivabiyl pergertf ofothesmegsupdl) valypeof ther st

classifier, be caonput ed, usi may .be conmput ed. usi ng,.a subset of. the 25
sanpl es pr vaég ,&J}gq \ Blﬁi}bt?lggﬂfgét %gﬁﬁg}é}er%pt %ré%\%glse %bg%%ssomateﬁ'
charact eri zegifR$hAfeatlRs] ARisSHROBE p&Eent PR} @8lue Fhayiibe fRVERC0TIBSINItBRNR! €.

The classifier may be any )
Such an estimate or estimates may vary from feature to feature. For example, in cases

where measurements of a particular feature possess a low signal-to-noise ratio, an
20 estimate of the variability for this feature will be larger than for a feature with a higher

signal-to-noise ratio.

Continuing with FIG. 1, step 30 involves computing a first probability of
misclassification by a first classifier using the feature variability (from step 20). The
first classifier, may be computed using may be computed using a subset of the

25 samples provided during step 10. Such a subset of samples may be characterized as a
design subset of samples, or as having design samples. The classifier may be any
classification algorithm that generates sample scores as described by the following

pseudocode:



classification algorithmthat generates sanple scores as described by the
foll ow ng pseudocode: -6 WO 03/083760 PCT/US03/09657 1f(f (x) >1limt(j))
sanpl e | swomabgy7eof class | else sanple is not nenber of PCIrAs83/)9655 where
f(x) is a scoring function, j denotes a particular class, and x is a vector
of features for the input sanple. Suitable classifiers include, but are
not limted to, linear and quadf@()c &Gy m nant function classifiers,
neural network classifiers, K-Means classifiers, support vector machi nes
(SVMs), and Mahal anobi s di stance cl as@idpl€isinembde@Blakd Ng" nMeans

est abl i shing or ascertaining, such as by cal culating; thus, 10 "conputing"
is not limted to an action requijtd ng the use of a conputer or machine. In
the prior art known as kernel nethods, kernel density estimates have been
used to nodel class probability densitjes.,:.| s, a Gaussian or
ot her kernel function is associ ated %%Fﬁsgg@ﬁh§§§%¥gpﬁﬁ§ﬂ1n the class, and
the class probahility density is nodeled as a.sum over these functions.
The parSuret GFEEHE 8 Glets/ hFFETEnRmedaR & GROGS SopRUPIFLARST hid & Soreet 88w ¢
the aim of defdudsTer e MPAPEdnplEr SR Elhysi QR Hickite, RIRRS heraisitdd o] hhdar
context neans that there are no |large variations in the density_ between
sanpl es. Thumd quadratiardisasineinantfgn¢tipnnelassifiers, crayeal nepwiorktlessifigrs, IK-d&gs8Rd on

t he nunber of s | es_and the spacin f L4 hi - : e
pr obabi 11ty NGy eprhabas: BRERED CEUNAR R abhbfls Bis BB Mg TUEED,
20 By contr agomputinghemps®s esthbii¥Ring0ds , asterfad@hyr euotaras aby | dateylatimgasbugi at ed
with at least one or nore features without regard o the snoothness of the
probabilfi t y ‘senwitine” is aeblinged foan agtien yeguiang heuge pka cRIBRIPTPTIRBRS ng a
probability of msclassification for an existing classifier. One manner of

achi evi ng t he conlpube pyooartdmeyn3e kernel meslodsokgyneli degsise estaatespliavedieeach
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classifier, which my be conputed using a subset (which na¥ be
char act er i zerobabihitydeensgy isumedelyd @ & jsem over these functions. The parameters

15 defining the Gaussian or other function are selected with the aim of deriving a smooth

probability density. Smoothness in this context means that there are no large
variations in the density between samples. Thus, the parameters defining the kernel
function will depend on the number of samples and the spacing of samples within a

class. These probability density estimates are subsequently used to design a classifier.

20 By contrast, in the present methods, a feature variability is associated with at
least one or more features without regard to the smoothness of the probability density,
and the feature variability is used in computing a probability of misclassification for

an existing classifier.

One manner of achieving the computing of step 30 includes computing scores

25 for each of the samples in a second subset of samples taken from the samples
provided in step 10. Such a second subset of samples may be characterized as a test

subset of samples, or as having test samples. The first classifier, which may be
computed using a subset (which may be characterized as a design subset) of the
samples provided in step 10, may then be evaluated by using it to score a sample or

30 samples, which may be thought of as a test subset of samples, taken from the samples



sanples provided in step 10, may then be evaluated by using it to score a
sanple or 30 sanples, which nmay be thought of as a test subset of sanples,
t aken fr owotohesxzenpl es -7 WO 03/ 083760 PCT/ US03/ 09657 piPeTiusesioden7 st ep
10. FIGS. 2-4 illustrate different arrangenents of design and test subsets
of sanples that may be used consistently with the present nethods. FIG 2
shows sanpl ggovided whitel 10e PGS -4 titestaeanyiifserp raprangenerits) of tiegigr Gnd tdst G 2
al so shows sanpl es 14, which represent design sanples taken fromsanples 5
12. The fi r subsatsefisemplss thamaydiecusad Sm%eﬂg’yw%%%m?%e g, for

exanpl e, sanples 14. FIG 2 also shows sanples 16, which represent the
sanpl es in sanpl dIG.2shsvsesamiesnl I avirle seprasensthepiaaplepeprpiied én step 10.
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FIG 2 4!l usty atms fikatclsanpt esferbcan dbswmplagsbe £ompated Oustug; | fosiexemated,
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(i.e.,  sampesmlthaHiGhldd 190 MBAEBY 160ay bE Sharal@isid clest h14LSONEY t he
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contained in any of samples 12, 14, 16, and 18. Another alternative to the situation

20 depicted in FIG. 3 is depicted in FIG. 4, and involves the design samples (i.e.,
samples 14) and the test samples (i.e., samples 16) being distinct and non-overlapping

and not making up the entirety of samples 12 — that is, samples 18 exist, too.

Continuing with an explanation of computing scores for each of the test

samples, one manner of computing a score involves the use of a linear discriminant

25 classifier for scoring samples. Thus, the first classifier described above may be a
linear discriminant classifier. In such an embodiment, a hyperplane may be
determined that best separates a known and an unknown (such as an estimate). In

such an embodiment, a score for a particular sample is the Euclidean distance from

that hyperplane.

30 Continuing with the one manner of achieving the computing of step 30

identified above, this manner also includes estimating the variability of the score or



t hat hyperplane. 30 Continuing with the one manner of achieving the
conputing of step 30 identified above, this manner al so incl udes

est i mati rgotobes3rer i ability of the score or -8 WO 03/ 0837®0TRSI/GOB/ 09657
scores (i.e., the score variability) using a locally |inear approximtion
of f(x) in the neighborhood of a sanple vector as follows: f (x+dx)

;o1 adx+b (storesvies. ethe sceret Vagiabiliag) wsivig flodallgitlinear @ypdotimiation € fi(x) inehof f
at x. Using this lLinear, 5 approxinmafion of f, the variance of f can be
conput ed f r difighherheqd af pspMP 21€Ft0(§5§0119WE= a;2*Q2 (2) where a; is the ith
conponent of the gradient in equation (1), and a;2 is the feature
variability of the ith feature (¥@&iréxr=ads® variability may bE)obtained as
outlined in step 20 above). Continuing, this manner of conputing a first
probabi | ity wierd @ i the | gradierti ofaf iabm, ahd bhis the rvietuecofah o & ebsingithyy krar

feature_variability.(whi first babi | i t ref] ect wwell a
classif?er vﬁpmoxbt@gtfléﬂ?#%?}}e YWW%E#EW%S?O%'&?%?? dl%e%ulagl ifier
generalizes) includes conputing a first prnggbi lity of misclasgjfication of
the first classifier for the des?§iXdmplastiused in conputing He first

classifier. For exanple, given the score(s) and the score yariability(ies)
for the testwhaepl issthedlecomppne® efolirp radientfinrequatimmodppnd gy ipfthe feature

m scl assification of .thesfirst cl ifier. for the desj '
Gauss: an m PEPBRCREREar B (B aRurs bty BHE oFop ke sk f8ef
follows (usizg dHaeerxargyminGingd fhisaaindl S6f i denitingl Wndirsorprebabsisyf io€r ) :
class j score distribution = p(score) N1 -(score-scorer, )2 -Y z 2 20.,2
(3) N1@=1 2mielassficatioar ef dhe st slassifiercysing gibsnteaiugs bt hvhich first
hyper pl ane ( Xl ai V. ol S ore. f Lt le, N
B N B R
sanpl e A . Theasifidr gdabtalizésh iidiedesrcomputihg arfitetr mbbatdlityheftmisclasséficatioh lof var y
depending on the type. of classjfjier being conputed. . For exanple,.for_ a
neural net wolbR st %ﬁsfﬁeéfQT g@&e@%miegélsgc? élbﬁ?}PB‘}(tlﬁglﬂﬁi'E_t irétrqaaﬁﬁﬁ% é:(?_ﬁa_t i on
é 3, Q; 25 REpR2Riehtile Rord(hSflddRS ok *rlaBRith GEs) PR tdsCetnBlest bASRaY 1
15' compute a first probability of misclassification of the first classifier for the design

subset via a Gaussian mixture model of the score distributions for each class as

follows (using the example of a linear discriminant function classifier):

class j score distribution = p(score)

1 i 1 —(score—~score;)” (3)
= — ——e 207
NiF |Jome)?
20 where score is the Euclidean distance from the hyperplane (as explained above),

score; is the score for the i™ sample, N is the number of samples in class j, and 0/ is

the score variability for sample £. Those of skill in the art will understand that score
will vary depending on the type of classifier being computed. For example, for a
neural network classifier, score would be a complex function. From equation (3), the

25 probability of misclassification for a particular class j is given by:

Probability of misclassification for class j =

°]. p (score) d(score) 4)

limit



Probability of msclassification for class j = co f p (score) d (score)
(4) limt -9 WO 03/083760 PCT/US03/ 09657 where the limt is given by the
cl assi fi ewoda®8ayno Continuing with this manner, the m sclPagdishi/ems’ on
probability for a given design subset is given by the sumover classes:
Probability of m sclassification for design subset =j * (Probability of

nm scl assi f i cglidronhd Omiriesiigem By lasetlagifieradeaiza. | Pontinb)ng With rthishearmer,, thes t he
a priori probability of class g . FIG 51 I I ustr tes. another of the present
met hods, whitHciagsii¢ation: RBMBHIYOfOT drgiYRadasemn spesel oo IR SR Gt hod
200 i ncl udes,sigps 10, 20, and 30 of FIG 10 1, and further |ncI udes step
40, which is conputing a second probability of misclassification by a

d cl i fi
e e U T

perfornPng the st 57604? (Pﬁ%hq}‘?GHY%BHSCﬂ*}’F@ﬁPP?% Oﬁfi%%gbwtﬁs?tfnéfc ass j)

m scl assi fication ‘may be computed for a first design subset, the first
probability may be stored in a conputer 15 readable nedium and the second
probabi | i ty wheraimsisitbes pfiow arabebilitegf dessjonput ed  for anot her design
subset. In this way, a probability of m sclassification for each design
subset wi thin theFEGHlithsstiates vandthdr iofi the presdl rhetheds, viltieh is an wkiegsidatodset )

may be cal cul Alternati.v | es al.l . su AAN be
cal cul ated i 8@381) OWItl?l%jllrétﬁ %@ér}%gt“écﬁud\?ﬁ %1? ﬁét%@ Qéb q?“:ﬂ@ay
aver ag fmg the Qﬁ@%ﬂh&ﬂ ih@eRf st& 40, SGhRrasis 6l BY stdvadplobhtiliey of
classifiers t'hat have been conputed. The average may serve as an €stinmate
of the perf mmrmhs@ﬁoﬁtm@l By aasleccmda@QSSfﬁ@rusmgl e featintel vastabdite {fremotteie20bf t he
pr esent rreth Met h

classifiers, tﬁﬂéo Iga%g? taéﬁe‘feg b1 38%}\1%%823%6"?2{1%? ng ? |rg}r)asbovelveIPh d

300 may al SOpéiﬁ)rﬁwJﬂ@g aféts@épbmqnaﬁocazamtm@ﬁrsu?ﬁfuabﬂﬂtyabf ﬁﬁsmmﬁwldnhma%e
estimated perfornmance of two or nore classifiers hown in FIG

net hod 300 ¢avautert forgt ﬁﬁt dagn shset thestivss prababality n@wé?&sstqlsd in awompuéer
steps ]19 20 eag’e%le ﬁ’l duﬁﬁ] and the second probability of misclassification may be computed

for another design subset. In this way, a probability of misclassification for each
design subset within the samples provided in step 10 (i.e., the training dataset) may be
calculated. Alternatively, less than all such probabilities may be calculated in
accordance with method 200. Step 50 of method 200 is averaging the probabilities of
20 misclassification by the multiple classifiers that have been computed. The average

may serve as an estimate of the performance of a final classifier.

FIG. 6 illustrates another of the present methods. Method 300 is a method of
comparing two or more classifiers, and is suited to ranking an ensemble of classifiers.
Method 300 may also be characterized as a method useful for comparing the

25 estimated performance of two or more classifiers. As shown in FIG. 6, method 300
includes step 310, which is performing steps 10 — 50 (i.e., steps 10, 20, 30, 40, and
50) of method 200, where the averaging of step 50 includes averaging the multiple
probabilities of misclassification by the multiple classifiers to estimate performance of
a first final classifier. Step 320 of method 300 is performing steps 10 — 50 of method
30 200, where the averaging of step 50 includes averaging the multiple probabilities of
misclassification by the multiple classifiers to estimate performance of a second final
classifier. Method 300 also includes step 330, which is comparing the estimated

performance of the first final classifier with the estimated performance of the second
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50) of method 200, where the averaging of step 50 includes averaging the
multiple probabilities of msclassification by the multiple classifiers to
esti mat e worBosatemce of a first final classifier. Step 3P0TafSosretchnpd 300
is performng steps 10 - 50 of nethod 30 200, where the averagi ng of step
50 includes averaging the nmultiple probabilities of msclassification by
the mul ti pl efgdi asskifieer In tthisesiy, MétRod 800 as Rt etarnsiatnehichndssifier
classifier. Method 300 al so includes, step. 330, which is conparing the
estimated pERINE HEAER 0bFVe pemprerdassifiernyvilbgenswlize e BEst h t he esti mated
performance of the second -10 WD 03/083760 PCT/US03/09657 final_.
classifier. In thWhenaperforstitestgoB1i0s of umetgdt 30Qether patiueg varakility or

classifier anopg.a_ qr of two, or..apr | RA i, ral-ize. t h
oess nen OB 3P ek A0S HUER GhATAL R bbb e R s
vari abi ki ti egse@fin p@Ries sERB20 6f Hcfoaran! Fohaxarhfle, it patfurmingandthdd 300,y or

variabilites 5 used in petre?orn‘i ng step 320 of nethod 300. For exanple, in
perf orni ng rideise@pBOOIsed faayshergl @& paded hagaear way el be dﬂﬁ@c@é}zgﬁéw s
may each be GRLACHENIEE dnBigindUhb IS RARLHE Eonkite! LIRS difindiBld
acousti c resonance spectra, diffensi-ons, an material “properties. In
perform ng sieRridllfropédies.par paformiaestop 350,ehe paformpancavbstep 20asmomvalveng a

feature variability with 3 features, The choi of which 3 f res w,ll 10
i mpact the e¥EPHBMILR ﬁ‘@ﬂﬂ@r"ﬁﬁ%&gtyo‘f’lﬂﬁ I:fef%‘?ti“Feét (ﬁﬁerf&—f)lc@! Jdhieh 331.63 _Swvm
perforngpyng s cl?«t%g ’eﬁix%lﬁé%giﬁ@#fﬂﬂﬁﬁﬁg%?tlﬁfﬁé{ £Ra1 20 HRiYr Hlvﬁérﬁﬁmi’r?gsﬁgé 830,ng a

feature vari abi eatures that are different than the 3 features
chosen in cothegsdrfonmandet bf Stepp2® Ifay fiwelvec hssocieting awfeatiie v afiebkility egtht @ use

i f or i tep. 20 Wi ll i t.t tinpted. f o f d
1ol cl aasi FeAkes Tafiat HIpreRanRebe o isdien Saesn i Popegliol ot sfe ir Aifg "
steps 310 angho3dlofWhs? thauids 86 vkden peithiding tskepti20 WiRtigipdctciheasgmatedch

classifier has the best ability to generalize. Further, there are nmany
di fferent wapsfamagenef dheesesond final olpssifies. oAltering thef Sauigasechosen faysesei i

perform.ng the_.steps of net.hods. .. For . I hferent.

f eat ur (T 5subsRFLOTHRY Btgpsgéﬂg Plg({ g%? 3@?% Eha(?nli/sgrsJﬂnietazlijbl ﬁg qg}agt gtrl"luf3 ﬁfln%hogleeainlf & 20
exanpl e i s desifidads BRI vat ablitpio gendralipet r at es anot her of the present

met hods. Met hod 400 includes step 410, which is providing nultiple

sanpl es, each of which hsr€ AT AGLEHASLNDW AR & SEneriRIRBbERALHAS -or H6re
di scussi on above wth respect to step 10 of nethod 100 applies
features for use in performing the steps of the present methods. For example,

different feature subsets may be generated using any suitable algorithm. One such

20 example is described below.

FIG. 7 illustrates another of the present methods. Method 400 includes step
410, which is providing multiple samples, each of which is characterized by one or
more features. The discussion above with respect to step 10 of method 100 applies

equally to step 410.

25 Step 420 of method 400 involves associating a feature variability with at least
one of the features. The discussion above with respect to step 20 of method 100

applies equally to step 420.

Continuing with FIG. 7, step 430 involves computing one or more scores for

one or more samples in a subset of samples from the multiple samples using a

30 classifier. Such a subset of samples may be characterized as a design subset of
samples, or as having design samples. (The use of design and test subsets of samples

with method 400 is the same as the use of design and test samples outlined above in
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equally to step 410. 25 Step 420 of nethod 400 invol ves associating a
feature variability with at I east one of the features. The di scussion
above wi tworesgaget to step 20 of method 100 applies equalPCy/used/etssp 420.
Continuing with FIG 7, step 430 involves conputing one or nore scores for
one or nore sanples in a subset of sanples fromthe nultiple sanples using
a b30t cl ?SSitﬁé fléscr@u@h rafesluﬂagh' & ng}&am?p.beQ?hlE&yadsfﬁie@hﬁ;{}a%@miyzdaissiﬁx;aﬁoﬂesi gn
subset of sanples, or as having design samles The use of design and test
subsets of gt thaf gﬁnqa;@%é@mmggsq%gest %nggsﬁﬁéeéémpﬁéﬁﬁé?@e Cﬁégﬁb?lveand

5oL AR 81 3 LS (e S

classification rithmt genera g{gm o) | i ng
t he pseudocode agé_c‘j %nuu’éiJ‘iV{tgﬁg" ?i gtg%}l&fgfs H??I‘ﬁ@el?ﬁ@ﬁé%sgga%@é) ?lgcn(%lf ed
to, those clasishilityekbthl atSkad cab®fethe Gastor ihbrd Getek fusinlgGhe Heataitceyarit®ilitpf

nmet hod 400 i nvol ves associating a score 5 variability with at |east_one of

t]tle one or g 4br eOngsmapner hef faghieving iy jastgiciating inchiigs £sbmatipng Kanner
of achi evi ng t.hj.s iaf| [ [ [ . i abi Lty t he
score or scg'rasélgblﬁlli}?é??ﬁ% %‘Eedrgg)érgea%egr gb?ﬁ% Its %}E Jggﬁ%lﬂg')l%sgﬁaﬁ ?abﬁlﬁegl?éar
appr oxi ma'E ilguppﬁj‘ximéﬁdn Ef] fj(xPénmleé gtibhsdibeutl of thiehsanmpinpdotorvesingequatipn@l).
equati on .. Using.this linear approxiatiaon of f, the_ variance of. f can
be conput ed Ysngghis1ineey pRPTOFH AN Oééﬁttggd’iaﬁén% ?‘E firsas be compuiat HYHS 400,
step 4?9 i nv&hg@&lﬁzg_rrputi ng a probability of m sclassification by the
cIassL :er using o or nore of the one or nore scores and the score
variability. One 1 €0 t kN i r il f; i : set
i ncludes the use gmgfl%ﬁfﬁggvsl@agﬂ% Zt%lrdtemr??)h@gl Q@?%‘%ﬁehé(é&%c’lg?sg%%ﬁ t}%r}%’ggs for
each 15 cl aggobsbility danistlagifidalpn bl tselesyifidrivsing (o or tivee f thermicea more

probability of msclassification for a particul ar, : [ . j . b

equati on (4)SC0ts o Hhe S_r‘f@rwaﬂ’lﬁbllhlﬁﬁ_’-son?rﬁﬁﬁ’ép‘?r,o_flcﬂ’@?%rl%c assP#’?%@W%B%‘g Qwef\{

probabi Ity Jugget%&aﬂés'tﬁé’ﬁéronQ%tﬂﬁaﬁ l’éﬁfﬁ}e SddloY R R¥reldISrib®tRs T€Each
(5). FI 8 111 t he

cl asses according to equation ustrates anot her of

pr esentlsnet hdats, ueinigc Bqidioan (Bxt efsomn eqiatioR0 (et thed etid@ated\sprohahilityi wfFI G
8, method 500. i pcl.ydes steps 410 - 450 .of . met hod 400,.apd further.includes
step 460, W@ﬁﬂ‘% 1E3og fIQJE 55"‘1@861“‘{ Bl TR §Y SRR -n G oRtinting With this

manner, the misclassification probability for a particular design subset is given by the

sum over classes according to equation (5).

FIG. 8 illustrates another of the present methods, which is an extension of

20 method 400. As shown in FIG. 8, method 500 includes steps 410 — 450 of method
400, and further includes step 460, which refines step 450 to computing and storing a
probability of misclassification by the classifier using one or more of the one or more

scores and the score variability. The probability may be stored, for example, in a

computer readable medium, such as memory.

25 Continuing with method 500, step 470 involves computing one or more scores
for one or more samples in a subset of samples from the multiple samples using a
second classifier. Step 470 may be carried in the same way or ways step 430 may be
carried out. Step 480 involves, using the feature variability, associating a second
score variability with at least one of the one or more scores computed using the

30 second classifier. Step 480 may be carried in the same way or ways step 440 may be
carried out. Step 490 involves computing a second probability of misclassification by

the second classifier using one or more of the one or more scores computed using the
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probability of msclassification by the classifier using one or nore of the
one or nore scores and the score variability. The probability may be
stored, fwpoaxsat e, in a conputer readabl e nedium suchPag/usesensy? 25
Conti nuing with nethod 500, step 470 involves conputing one or nore scores
for one or nore sanples in a subset of sanples fromthe nmultiple sanples
using a secsondkBssfién sid thst eportl/ Scordywahigbitigr r Seg 490 mhe bsaaiatain the ways
step 430 may be carried out,_ Step 480 .involves, using the feature

vari abi | i ty, SEREWeY & VAY SetR0gRey beedred ¢u i ability with at |east one of

t he one or nore scores conputed using the 30 second classifier, Step 480
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490 i nvol ves_co i i) . M _scl [ MHeTARE he
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(first) probahi L : A, SE I.fd i . ngﬁj I b Sit s
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conput ed for another design sybset, .In this way,..a 0 ility of .
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estimte of AT NErformance of a final classifier. FIG 9 illustrates
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estimated pertornmance of two or nore classifiers. AS shown in FIG 6

met hod 1600 Muethadd 680 smey %0 bewtliacdvtirized easf armithgd sussfd for Ocomprggothe
met hod 500, wher

Tl 11 pl o pr oBBTHF PEETBIc L BT, PRI E e iR by AEHES TS TBFe Soelerriol s ¢ o
estimate per{REMEcRPY102 whilSls pdrfRhing steps 410 — 495 of method 500, where the
averaging of step 495 includes averaging the multiple probabilities of
misclassification by the multiple classifiers to estimate performance of a first final
20 classifier. Step 620 of method 600 is performing steps 410 — 495 of method 500,
where the averaging of step 495 includes averaging the multiple probabilities of
misclassification by the multiple classifiers to estimate performance of a second final
classifier. Method 600 also includes step 630, which is comparing the estimated
performance of the first final classifier with the estimated performance of the second

25 final classifier. In this way, method 600 is suited to determining which classifier

among a group of two or more classifiers will generalize the best.

When performing step 610 of method 600, the feature variability or
variabilities of features may be different than the feature variability or variabilites
used in performing step 620 of method 600. The discussion above concerning the

30 performance of steps 310 and 320 of method 300 applies equally to the performance
of steps 610 and 620 of method 600.
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20 classifier. Step 620 of nethod 600 is perform ng steps 410 - 495 of

nmet hod 500, where the averaging of step 495 includes averagi ng the

mul ti pl e woobakd7ko ti es of m sclassification by the multi pCag/ushaesstiers to
estimate performance of a second final «classifier. Method 600 al so

i ncl udes step 630, which is conparing the estinmated performance of the
first final classifier with the esampé agpliestiomsmance of the second 25
final classifier. In this way, nmethod 600 is suited to determ ni ng which
classifier anongrig giresht Ofethd@s ObreNBiRed | @8 Shidrer scothrditlygemnatingz etht he
best. Wen performng step 610 of nethod 600, the feature variability or
vari abi | i ti eperformpecstafrcdassifigrs syitedi for exaamle. tiompserin allrapplications, agdregsed g?( y or

variabilites  used in.per ' S | i~en
2bove. concertid CReRBShlhEHREnC LREpRER: Bl U0 Wprolp8 clmanS oF

appl i es5equatk Yiitddy theal pebfldt mrioemamk 6f epslaificratithntdhadfwaret frodobdp. - 13
WO 03/ 083760 PCT/ US03/ 09657 Sanple Applications The present net hogfoéare
suited for nedableciseandlssy of dhe srplicaipn WEolved, FoF papBRleofhediTgscat pethods
suited, for f [ qﬁpﬁ'c j S ; t;
recognition %é@%ﬁ%ﬁgﬁfgé quggggﬁksnet Ed@&%ﬁE%Fgﬂﬁﬂg?oegﬁﬁﬁg??ﬁé??%ﬁs of
5 the likel yfollowalg wsplcdiionser hediahdiagabsea; fihassil fmarket peadiotions remegveng
previously available, regardl ess of the application involved..For exanple,
t he present P?é'fsh@a@f_%gﬁ‘gbﬁyét_e%r%w]é@étfﬂft é’Féﬁest%n‘Eﬁ‘E}E _C?Jrfi Hpac t_fci?é’l S’/reéﬁ‘
perforggnce ofqghag Fétfe&tﬁfn? rdt81 kRSsactids! R¥hRtcLRPlicaRins Oftgud dastiealon any

di agnoses; financial market prediction; reviewing parts for different

syst ens suchappdicationg noodestrhetiviel dvaluatior df partsantlizipg thecpartso aeoustie easprante® car d

fraud detection; retail trapnsactions; insurance applications; fraud
det ecti on onSPEAY® aﬁéﬁﬂsf?%li“g‘?’il?i%ﬁﬁtﬁ%ﬁ’FW&??seéw 'evalogati on of parts,

tilizi th ts' . ti tra; d | ]
dent i 11 cation, t &5 RENDeAKER#ooR X PTe byt o S5ty B8 Eerefliafghisici 1 |
inthe art V‘Ms&?&d}& ﬁﬁ%r@_feéeht etlhdHsSandihs GbQs Lfes_tbp%aﬂ&i%?eﬂﬂ&mmthﬁﬁif band

the techniques tor ‘carrying themout nmay be 5 inplenented in any ‘nunmber
of varilSus niaplemented éw anesumber of xanpisenedimypr devicke Foesxamplapatyoefsthaay be

enbodi ed by one or nor rograns. .ThQse prograns na i ncl ude

machi ne- r eadBiyPAt i%@‘?‘ﬁc‘%f‘%ﬁ% e%f’d]ieﬁ%ye‘?’?gnqr iqﬂ%reéﬁf}g%?jst E]ghoﬁ? BES T B ods,
gn? ma%’ be sipnfd hithd®reddabfe HFRGIond fomBelbmentiosabbetheRléseni methadd,ng,
ut no

and may be stored in any of a number of machine-readable media including, but not
limited to, a CD-ROM, a floppy disk, a hard disk drive, a server, a memory card,
20 RAM, or the like. In another embodiment, any of the present methods may be
embodied in an integrated circuit, such as application specific integrated circuit
(ASIC), or in a field programmable gate array (FPGA). In another embodiment, any
of the present methods may be embodied by a combination of hardware and software;
for instance, certain instructions may be executed by a chip running appropriate
25 firmware. In another embodiment, any of the present methods may be embodied by a
kit, such as a software developer’s kit. Such a kit may include not only software, but
also any corresponding hardware to execute the software. For instance, a kit may
include a computer board along with drivers and software to be run by that board.
Those having skill in the art will recognize that the methods of this disclosure may be
30 implemented by other means known in the art to achieve an identical or similar result.

All such means are considered to be within the scope of the present methods.
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limted to, a CD-ROM a floppy disk, a hard disk drive, a server, a nenory
card, 20 RAM or the like. In another enbodi nent, any of the present

met hods map iBms37embodi ed in an integrated circuit, such a®Cafos/ewsT on
specific integrated circuit (ASIC), or in a field programable gate array
(FPGA). I n another enbodi nent, any of the present nethods may be enbodi ed
by a conbi nati on Tife folbohivey exaamplessaé invhrder to fdemohststta speejficanbadiments of

instructions may be execyted b hi p runni ropriate 25 fir e. In
anot her enbdh?ﬁ%ﬁ??tﬁﬁgm §- #hé*ﬁ@%@@ﬁgpﬁﬁﬁﬂﬁﬁgyﬁ@gwdﬁg%ﬂﬁﬁﬁﬁéhmﬁiﬁﬁqhﬁit,
such as a sqff s WEARIOREE 1R ddabnpledUit RIIKI refR¥ert N6 el GlscOPErYd by

sof tware, but aﬁds%o any corresponding hardware to execute the software. For
i nstance, a tkeétinnayor toncinetien avelb i uhe pramtige dfathosey methddsdpid, dhus eand be

oftware to be run by that board Tho Al kill,in th t oWl
fecognige tHﬁFmWﬁ@d FH@%EWBFW?W@%nﬁgsiﬁﬁgﬁ%%gﬁﬁ§°%eh§8%Vﬂbﬁ%%%Rfé%h6§
other means §BgWRLbRdl i*ﬂ,q%f«m bf thes ASNSRYE apPrebRR thhCRbnPELaBEES dadbemeslelih -

Al'l such neans are considered to be within the scope of the present
net hods. - 14the\epedfio@sibedinkaty that areodisdasedThrd Sl lobikimg lseaprptimslanFesult

included to d trat.e ecific e di ment t.he present nmethods. It
shoul d be apﬁﬁgé)‘fquBﬂ%l%%gﬁb@SS%c?pesr&;?lilqpr}lgﬁen?ﬁ%{haofi' that the techniques
di sclosed in the exanples that follow re&rpfeiﬁnt t echni ques di scovered by

the inventor to function well in the B*& of these methods, and thus
can be 5 considered to constitute specific nodes for their practice.

However g those of Tgkdvatuate thet BEcudddy Shake Greseft hicBiidsodt Edtinsutidlp Salhafisre,
appreci ate that nany chan%gs can bé made in the specific enbodi nents that

are di scl osepkrfaamdnest (8., Bistpapbabilities jof reisclassiiqatipn dissussed appyloene efethsrti ng
fromthe scope of th resent t ho . - Q-.eva
accuracy of rﬁ%e% r%%@ﬂ&s szag h‘S%‘gg al gquflﬁfé?:@%sglg%%%(@gﬁé %)éﬁd grltan%l %eOf

(e.g., the pgehaiatioh b€srady. M scl assification di scussed above), one of the
present nethods was tested on nultiples classifiers exhibiting a wi de range

of ~classificationagayl acmthblc Sdatdset whsSHileliplellC dhisadsthsetrainciiigue!2aped.
This dataset included 212 “15 sanples, each sanple characterized by one or

nor e f dat ur esampitbs eadpsasaipcharacierized hsgorg orymeyst featuprst w2 ssmpless¥es. 100
Lot o g 7k AT b, 00 obFIHERR yusnaRice! ot Lhe
features, two correlated with the class label, and thus were useful for classification.
The remaining 98 features contained only noise. A feature variability of 10% was
associated with all features. Twenty samples were randomly selected from the
20 synthetic dataset to serve as a training dataset from which design and test subsets
could be generated. The balance of the data — 192 samples — were reserved for use as

a validation dataset.

A feature selection technique employing a genetic algorithm was used to

generate the ensemble of classifiers. For a large population of classifiers relative to

25 the number of possible accurate classifiers, only a portion of the classifiers built from
the population feature subsets can be accurate. Thus, the remaining classifiers must

be less accurate. This fact was considered, and the genetic algorithm feature selection
technique was applied with a small specified size of feature subset (three features) and

a large specified initial population of total feature subsets (1000). A linear

30 discriminant classifier was designed from each subset of features, and the
performance of the classifier was evaluated. Next, new feature subsets were

generated by preferentially selecting features used in the more accurate classifiers
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The remaining 98 features contained only noise. A feature variability of
10% was associated wth all features. Twenty sanples were randomy

sel ect ed Wp®n1083760 20 synthetic dataset to serve as a trai RCA@Sdao®msSet from
whi ch design and test subsets could be generated. The bal ance of the data
- 192 sanples - were reserved for use as a validation dataset. A feature
sel ection teﬁﬁtiﬂgqhﬁsee(ﬂﬁb@ﬂlrﬁgpﬁ)cgssn\eﬁsi terafed antit honmvas auseate classifjeneovate t he
ensenbl e of classifiers. For a larg gopul at i o&agﬁheyéasa fiers relative to

25 t he nunbeioued psb 5?@65&5@1%?@ cF SR SRS eé%‘%ﬁdt? o PISFrEPRE-
classifiers Q!5 JAHRAPHA! LRRoIERIHE SURRAL ShERTBE raBGHI ALY
Thus, the remaining clas |ers nmust e less accurate. This fact was
consi der ed, ldphlytahenrgempessiblezlagsifietsh(as éwdeneed by #Hlee ﬂO,crhscuswdlm npue detaid

appl i ed vvlth smal | cifjed size. of. fe ubset s) and

a |arge’ specl?e??‘?é)zl name }Ptﬁ 19 %fZ’B‘ili‘ foﬂi‘? %‘?ﬁ’rresft Vg © lﬁlﬁjﬁcﬁ %

| inear 30 di 13551' bt r il fbes bf h]%ﬁlo\é@esclgs%ﬁiﬁﬁﬁﬁyfb%%b@ﬂ@uﬁﬁ@&% ofothe two

feat ures, rformance of the classifier was eval uated. Next, new

feature subscmrs-:lami efeatgmser dnectutyje pelessifiesntmay (Be desigeqd by nBkzing eenlyised

in the nore accurlzla fcI assifiers -15 WD 03/083760 PCT/US03/ 09657 anong
%rS?:t&Ts@ was ite

t hose t est ed™°PHF rated until no nore accurate classifiers

were found wth sybsequent |terat This |ast ste descrl bed as
conver gence. Noté%?%ﬁ?m‘fe&en%ed%%? q’i%fiF% é dgfg’&m% HLrEIDSE e,
there ygre rg{!@ elwy, f | r(ﬁ{%@ﬁ%égﬂ e chNaasid i gobati f

evi denced by éte\ﬁ ﬂ?{e (?és%crﬁcgsggﬁe%/nﬁﬁn%éﬁe detcal | 5 bel ow), narrlgl{)yatﬁ%]seo t hat
used bot h of misclssifeationewas kampuked dncascordhneeewithi mathpd & 09| fs each ghéhese

| ar ger nunber. of . medi ocre.c sif.i ers eS| f t wo
correl ated fEatsies UsingLoly, %@I%P%ggtiag?éfgv ﬁlg?Q 012@5%%3682% s%f:ﬁ%le F\fegfng
only uncorr glaidralieaiot g&forﬁ{ah@é of eAMecBssIfer wak asged ioﬁrsan@a@n grogdthkr om
the popul ation Teature subsets 10 exhibited the desired w de range of
accuraci es. NeidetiomdpassbaBIGi 10/ desicts tegesdis of firis gXereiic-was conputed in
accordance with nethod 100 for each of these classifiers, usin onl¥ t he
trai ni ng dat aset bf FIGeH, yhe bortronta) asisldenotesithegmpbability ésaisclagsifisation for

general i zati erformance, o h cl |fle ested o rom
the validat ﬁ'@ﬁ’q Sifietse emﬁe@:{edl e%?rg?ai AR ernmﬁeﬁltﬁ%mc?flsutr% gerggr%

I'n Fll G 1]9 H{%Q:leﬂ@i}?"e?so&li@é te30¢l.S THE REKERnd KiCnilfies Bpeifkdttsyludion — i.e., measured

m scl assification for

performance equals predicted performance. The circles denote the probabilities of

misclassification computed for 861 classifiers based on the measure routinely applied
20 prior to the present methods: the number of crossvalidation errors. The upside-down
triangles in FIG. 10 are probabilities of misclassification for the same 861 classifiers

computed as described above (i.e., through the convergence procedure).

The version of the present methods used resulted in a set of predictions

displaying less scatter about the solid line than the routinely applied measure . This

25 observation can be quantified in two measures: the rms error and the correlation
coefficient. The rms error is a measure of the absolute error over the ensemble, or

group, of classifiers. However, in applications where only ranking classifier
performance is required, the absolute accuracy of the estimate is secondary to the

ability to compare the performance of two or more classifiers. In such a case, the

30 correlation coefficient — which is the correlation between, or ratio of, the predicted

performance and measured performance — is a better indicator.
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the classifiers being tested. The vertical axis denotes the neasured
performance for the classifiers being tested. The solid line signifies a
perfect swbDwdiogates i.e., neasured performance equal s pre@®CEESA3/09657
performance. The circles denote the probabilities of msclassification
computed for 861 classifiers based on the nmeasure routinely applied 20
prior to the present nethods: the nunbdrabdd 1crossvalidation errors. The
upsi de-down triangles in FIG 10 are probabilities of msclassification
for the sang 861 classifjers cgnputed as descri bed above %j"e. throu%p
the conver genB¥apFeIdFF e mangse ver?FBﬁmﬁ?m@ﬁ aonasent ORet §8§°§553H&w
resulted in|a set of predictions displd?ﬁﬁadless scatter abB§tofhe solid
| ine than theToutimnely apptied [feasure . This 25 opservation can be
quantified {n two mewswmoes: the s error-18hd the conrel ati on-@ef fici ent
The rnms error—+s—a neasure of thegabsotute error overn the ensenbl e, or
group, of cl|assotféletion cddffidosr, i n appl i cd#Pons where only r ankd%hg

cl assifier “performance—+s—rteqguired,—theabsotuteaccuracy of the estimate

is secondary to the ,abilit. C t tfo r
classifiers. In sgéﬁh%re@élgse% ﬂta%ée ggpu%%rrgtf é&gt@ghonc%fﬁgﬁﬁsgﬁt&%ﬁit%%q)l[’gsls t he
correl ati on Qeddmenided estinddtéLoDperfdriandy gei sieatbnifiemtlomarececaratd tamther ed
performance - is a better indicator. -16 WD 03/ 083760 PCT/US03/ 09657 Tabl e
1 measures ofstiyesteogerarated 3 widdy-yssdallem#diveon one version of the present
met hod nethods rns error .164 .088 correlation coefficient .749 .839 As
the resdlts in Table 1 illustrate, thd&sampedn of the present nethods that
was used provides estimates of performance that are significantly nore
accurate than theg.esti . ! - I i .

Exanpl e 2 Shown b§P8Wnibg%§?§so%rg@§£e§%°§% tﬁ%‘alg S%a%géui% g%’?gng 8&1’?%% d>1/€:é§1§becl§)iut
st eps descri Beféin, Agd %hﬂicuhﬂ@ sPepis ttd O Iparfosmad mpsonfumctien pathf methed 106, This
conjunction with nmethod 100, This source cqde is exe:H)tJ %ry only_and does
not Iimit théoweepedo sxp@plryPRY, and doss met ﬁml%féﬁﬁé% Jhe qlatmagy s It simply

mbodi f ' : i i BRARN
enbodi nent gég)ggﬁ%%ﬁsydt“ﬁ%p%ﬁc BBt ?cﬁ‘![c%{é&{riilg"ﬂutt Qte?%@g{sﬁ&ﬁ&@%ﬁlﬁﬁe'ﬁéé@ﬁﬂs

and is inclu e conveni ence o ader his regard. "Those of
10 methods and is included for the convenience of the reader in this regard. Those of

skill in the art having the benefit of this disclosure will recognize that a wide variety
of computational techniques and/or different types of corresponding source code may
be used in implementing the present methods. The references to Eq’s 1-5 in the code

below are references to equations (1) — (5) above.
15 classifierscore<-function(data,cl,variability) {
# demonstration of classifier performance estimation

# for binary diagonal qda classifier,
# apriori probabilities assummed equal to sample proportions

20 # leave-one-out crossvalidation

# inputs

# data - n row X m column matrix
25 # n samples

# m features

# cl - vector of length n samples
# ith element denotes class of ith sample
30
# variability - vector of length m features
# ith element denotes variability of ith feature
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skill in the art having the benefit of this disclosure will recognize that
a wde variety of conputational techniques and/or different types of
correspormipDrg/osxyer ce code may be used in inplenenting thecprissgomesnet hods.
The references to Eq's 1-5 in the code below are references to equations
(1) - (5) above. 15 classifierscore<-function(data,cl,variability) { #
denonstration of minssokiraplepeidngthfelice estimation # for binary diagonal
qda cl assifier, #uatdréfciasio<olapihlwhick@l=a¥yumred equal to sanple

proportions 20 #,|Q¢erReer0heh(WESN@I=#=dgyion # inputs # data - n row X
in colum matrix 25 # n sanples in features # cl - vector of length n
n

5
sanples.# ith ele . 28 class of ith sanple 30 # variability -
vect or 8f | engt h é‘l%ﬂl%ﬂesg Héﬁe@é# ith el enent denotes variability of ith
feature -17 WO O¥PHESSEE Bt/ Us03/ 09657 nunmber of sanpl es<- | engt h(cl )
nunber of cl ass0<-1 engt h(whj ch(c1==0)). nupberofclass 1
<- | engt h( whi ch( c 1#eap pverslegien sibssty HsawRle® probni sclass 1 <-0 #l oop over
desi gn subsets of sanmples 10 for(i in | :nunberofsanples) { # renove one
sanpl e 10r om t r ai nfong it dbmumbstofsapleraf a2<-data[-i,] cl2<-cl[-i] 15
meancl ass0<- nean(dat a2[ cl 2=0, ])
# remove one sample from training for testing
data2<-data[-1,]
cl2<-cl[-i]
15
meanclassO<-mean(data2[c12==0,])
meanclassl<-mean(data2[cl2==1,])

stddevclassO<-apply(data2[cl2==0,],2,var)*.5
20 stddevclass1<-apply(data2[cl2==1,],2,var)".5

distfromclassO<-sum(((data[i,]-meanclass0)/stddevclass0)*2)".5
distfromclass1<-sum(((data[i,]-meanclass1)/stddevclass1)"2)".5

25 # sample score
score<-distfromclassO-distfromclass1

# gradient calculation (Eq 1)
gradientofscore<-(1/distfromclass0)*(1/stddevclass0"2)-
30 (1/distfromclass1)*(1/stddevclass1°2)

# variance calculation (Eq 2)
varianceofscore<-sum((gradientofscore2)*(variability"2))

35 #Eq's 3,4
if(cl[i]==0){
probmisclassO<-probmisclass0+(1.-
pnorm(0,score,varianceofscore”.5))/numberofclassO}
else{
40 probmisclass]<-
probmisclass1+pnorm(0,score,varianceofscore”.5)/numberofclass1 }

}

#Eq5
45 probmisclassification<-
(numberofclassO*probmisclassO+numberofclass1*probmisclass1)/(numberofclassO-+n
umberofclass1)

classifierscore<-1.-probmisclassification
50
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meanclas s | <-nmean(data2 [ c12=1,] ) stddevcl assO<-appl y(data2
[c1l2==0,], 2,var)”.5 20 stddevcl assl<-appl y(data2[cl2==1,],2,var)".5

di st fr ontwal30837sun( ((datali, ] - meancl ass0)/ st ddevcl ass0) " PLF/US03/09657
distfronclass 1 <-sum(((data[i,] -neanclass 1)/stddevclass 1)"2)".5 25 #
sanpl e score score<-distfrontl assO-distfronclass 1 # gradient cal cul ation
(Eg 1) gradi ent of#egieste 0fclagkifdrfpeaforhass0) * (1 /stddevcl ass072)- 30
(1/di stfrontl asslgk cHseifiereb@ys1A2) # variance cal culation (Eq 2)

vari anceof scor e<-sun( (gradi entof scoreA2) * (variability®2)) 35 # EqQ's 3,4
if(cl[i]=0) { probm sclassO<-probm sclassO+(1. -

pnor n( 0, score, vari anceof score”. 5))/ nunberofclassO } else { 40 probm scl ass
1 < probm sclass | +pnorn( 0, score, vari anceof score”. 5)/ nunberofclass 1 } }
#EQ5 45 probm scl assification<-

(nunber of cl assO* pr obm scl assO+nunber of cl ass) *probm scl ass

1)/ (nunber of cl assO+n unber of cl ass 1)

cl assifierscore<-1.-probm sclassification 50 -18 WO 03/083760

PCT/ US03/ 09657 # estimate of classifier performance retun(classifierscore)
} 5
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-19 WD 03/083760 PCT/ US03/09657 CLAIMS 1. A nmethod for estimating
performance of a classifier conprising: (a) providing nmultiple sanples,
each sanpwe oslsa7ect eri zed by one or nore 5 features; (b) Pagasod/edesng a
feature variability with at | east one of the one or nore features; (c)
using the classifier, conmputing one or nore scores for one or nore sanples
in a subset of sanples fromthe nulti glAEMSpl es; 10 (d) associating a
score variability with at |east one of the one or nore scores wusing the
feature variability; and (e) conputing a probability of msclassification

by the classjfier i : s and the
score vari ab}'l i tyéqg%tﬂ%gﬁ%gt %t &{:0 aﬁﬁﬂé&%ﬁﬁ&é@%ﬁ%?ﬁggﬁg%i ses: 15 (e)

comuti 09 and <t of g AaREOREY Gl Tt G LRGB! B o BR0RY o

usi ng one or nore scores an e score v
where the method furtheqatngesypri ses: (f) using a second classifier,

conputing one or nore scores for one or nore sanples in a subset of

sanpl es fromthe myl kRifiAAPletBie FokidbiityUsithtatt Best! SRt of thevaiid abirhbrey,
associating a second score variability with at |east one of the one or
nore scores conputed usahyethe second classifier; and (h) conputing a
second probability of msclassification by the second classifier using: 25
(i) one or nore ofc)ubiagdneclossifimy e@ngmbing ®nec onpurestonss foyondhier mexscanples

classifier and (ii) the segond scor ariability. 3. The method of claim1,

where the multiple sanfl %%‘%F@f%ﬁ?’?ﬁﬁﬁ&%ﬁ%é‘ﬂﬁﬁfﬁ?éﬁ‘ﬂ%&. 20 WD 03/ 083760

PCT/ US03/ 09657 .. e )
10 (d) associating a score variability with at least one of the one or more scores

using the feature variability; and

(e) computing a probability of misclassification by the classifier using one or

more of the one or more scores and the score variability.
2. The method of claim 1, where (e) comprises:

15 (e) computing and storing a probability of misclassification by the classifier

using one or more of the one or more scores and the score variability;
and where the method further comprises:

(f) using a second classifier, computing one or more scores for one or more

samples in a subset of samples from the multiple samples;

20 (g) using the feature variability, associating a second score variability with at
least one of the one or more scores computed using the second

classifier; and

(h) computing a second probability of misclassification by the second

classifier using:

25 (i) one or more of the one or more scores computed using the second

classifier and
(ii) the second score variability.

3. The method of claim 1, where the multiple samples are multiple tissue

samples.
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4. The method of claim1l, where the classifier is a |inear discrimnant
function classifier. 5. The nmethod of claim1l, where the classifier is a
guadr at i cwadiospsi7ed nant function classifier. 5 6. The net [rad/usb3/edéa’ m 1,
where the classifier is a neural network classifier. 7. The nmethod of claim
1, where the variability in (b) is estimated using nmultiple neasurenents
of one of the oneTigy method dfeddinr Bswhde tHehelassfidrad aolineal disarithjnaph &mstiphe
associating in (d) includes using a |inear approximtion of the
classifier. 4eSHErA program conpri si ng machi ne-readabl e instructions for

i npl enenting the nethod of claim1. 10. A device conprisin field

pr ogr anmabl e5.gat eTke mgthqd-p&mlaan i e dhs lassifigs i a&ﬁr@i?@l%mm{l%

met hod of cl ai nt‘io]ﬁclgsjsi é% device conprising an integrated circuit configured
for use in c ?ylng od@ "15 the nmethod of claim 1. 12. A nmethod conpri sing:

i di | ti pl I h |l e.eh i
{ont i o8 (0§ nes bR mErRE b Rl dy ES IR e 0T RRERRLEE R BREERT TDLe
20 feat .feat - by-f eat. is:.and i
TSt pr obabl 1t yies HesdeneBim o iewr oy yastnnban (B s etifngs biibe TR0
feature var | gLt ddr ot PR oGk 12, Turther compri sing: (d)

conputing a second pro 1ty of msclassification by a second cl assifier

25 using t he%f eat y & p'\{e?ﬁcjda ; %l:alltg? 1, %ﬁeglt@lﬁ ﬁ?&cﬁh@ﬂxgﬁ% rﬁﬁﬁsccﬁrﬁdjeg ushipeS finé)

conprises: (C) conputing nu e’ pro I'Tt1es assification by
nul tiple claggrétigiasion v§irgldskifief.eat ure variability; and (d) averaging the
multiple probabilities of msclassification. -21 WO 03/083760

PCT/ USQg/ 09657 13 pripeanieboheisipl @béiine-ladablbdnsnictionsmidrt ingllemadting te ar e
multiple tissue
method of claim 1.

10. A device comprising a field programmable gate array (FPGA) configured for

use in carrying out the method of claim 1.

11. A device comprising an integrated circuit configured for use in carrying out

15 the method of claim 1.
12. A method comprising:

(a) providing multiple samples, each sample characterized by one or more

features;

(b) associating a feature variability with at least one of the one or more

20 features on a feature-by-feature basis; and

(c) computing a first probability of misclassification by a first classifier using

the feature variability.
13.  The method of claim 12, further comprising:

(d) computing a second probability of misclassification by a second classifier

25 using the feature variability.
14.  The method of claim 12, where (c) comprises:

(¢) computing multiple probabilities of misclassification by multiple classifiers

using the feature variability; and

(d) averaging the multiple probabilities of misclassification.

21-



sanples. 16. The nethod of claim 12, where the first classifier is a |linear
discrimnant function classifier. 5 17. The nethod of claim 12, where the
first cl aweioBiogs’66 s a quadratic discrimnant function cl €31fS08096518. The
met hod of claim 12, where the first classifier is a neural network
classifier. 19. The nethod of claim 12, where the variability in (b) is
estimated usidng TH: metHddpbe chirasle, ewkert sthef molipleokarmples cue norltipler @ssue
features. 20. The nmethod of claim 12, where (c) includes using a |linear
appr oxi mat i CRIHIES. the first classifier pri or to conmputing the first
probability of msclassification. 21. Ap ram co r| si ng ITB.ChI ne-readabl e
i nstructi onslﬁc or Thepmsthedt pihelatmd?2, Nﬁﬁﬁ)&hﬁ‘o lrsélcé‘i D is 2511126? dgcrminand
conpri si ng |teolnd %%1 rarmabl e gate array (FP&A) confl gured for wuse in
carrying out K rﬁg “of claim 12. 23. A device conpri si ng an i ntegrated

circuit _confj for e| ut thd i A
met hod of coin%arl § r‘(‘gar‘@ag ﬁ@se??ﬁ]f %rs (E'l%sgff ﬁgrdfr%:g]%n%%ﬂ (a)

(d) of clai %@noﬂ/\’ﬂﬁ‘s@ﬁie@d) conpri ses averagi ng the mJI ti ple probabilities
of m sclassifi catl on to estimate performance of a first final classifier;

performng (g9 - n?gth&i JrMidith I‘Qh%l?eré the Ci?ﬂgprcla'%ﬁﬁeﬁ‘l@raaﬁbtﬁﬂl thB8vork
probabllltles “of msc assification by the nultiple classifiers to estimte

25 perfor mandassiffiera second final classifier; and conparing the estimted
performance of the first final classifier with the estimated per f or mance
of the seconmh.fi nahe @halbsl bif eflaim 22, where the variability in (b) is estimated using

10 multiple measurements of one of the one or more features.

20.  The method of claim 12, where (c) includes using a linear approximation of

the first classifier prior to computing the first probability of misclassification.

21. A program comprising machine-readable instructions for implementing the

method of claim 12.

15 22. A device comprising a field programmable gate array (FPGA) configured for

use in carrying out the method of claim 12.

23. A device comprising an integrated circuit configured for use in carrying out

the method of claim 12.
24. A method of comparing two or more classifiers comprising:

20 performing (a) — (d) of claim 14, where (d) comprises averaging the multiple
probabilities of misclassification to estimate performance of a first

final classifier;

performing (a) — (d) of claim 14, where (d) comprises averaging the
probabilities of misclassification by the multiple classifiers to estimate

25 performance of a second final classifier; and

comparing the estimated performance of the first final classifier with the

estimated performance of the second final classifier.

22.



