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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
| det_ecting cancer might include gene and/or protein expression levels meaSuregl from
the tissue samples Although the applications of classiﬁcation algorithins"are

- numerous this diagnosis exa.mple underscores the need for accurate methods of .

'evaluatmg class1ﬂer performance in certam doma.ms :
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20 . A “sample” is any type of data A “feature” is an aspect or charactenst1c of "
- the data. For exa.mple 1f the sample is a t1ssue a feature of the tlssue may be its
protem expressmn level. If the sa.mple is a credit card apphcatmn a: feature of the

'apphcatlon might be the age or income of the appl1cant

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 correspondlng 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 mod1fy 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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~and a designated dependent attribute (i.e., the class of the sanple). Mst
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results. The {Hu% yiﬁ‘b 6‘r| nciple 8 work is that neasures of per formance
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cl ass probabi ddsigy ddesaiahd @ sestdatashie Ao slhisifiet éxctofupotel fiven the dedign dutpsetdatia. | n
many applicati.on the limted unt  of a avaiil for L0l
renders thi sdﬁsssg:[?ﬁﬁ? ?Waf‘?ﬁfile?'%‘.qaqﬁmé&P 3@@%’%? cT (élgsgll .el?éor gorbgeﬂ%}g?lg‘lfsé based

~on such trai nihagestditaset samples. The process is repeated for several distinct partitions of the

‘training dataégt,'and'an overall performance estimate is calculated fr6m the _colléct_i've_
20 test'da’.caset results. The underlying pﬁnciple at work is that measures of peffonﬁaﬁce
| derived .ﬁom 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
| éoﬁ‘le circumstances. | For example, an underlying assumption in the de_sig'n of |
classiﬁ_cation aigoﬁthms is that the trajnihg data acc_:u_r'ately rep;‘_esents_"the .popuiaﬁon )
25 as a-_whole, i.e., that the class pfobébility densities can be estimated from the training
data. In many applications, the limited amount of data available for t_raining renders
this assumption invalid. As a result, classifiers generated based on such traini_ng 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.
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BRIEF DESCRIPTION OF ']I‘HE 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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These drawings illustrate by way of exanple and not |limtation, and they
use like references to indicate simlar elenents. FIG1 is a flowhart
depicting steps of one of the-present nmethods. 30 FIG 2 depicts one
arrangerren‘?'ocﬁ/o’i%@i gn and test subsets of sanples that nEy/UHEe%d
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anot her ar r angsiRakeddonsieshiywil thetpessént sndigds.s of sanples that may be used
consistently with the present nethods. 5 FIGS. 5-9 are flowharts depicting

steps of differenFIGe4 desics yef another atagemeént of dedigtiand tedt Gubst of epuples t he

results of coppari estimates. of..classifier rformance conputed using
one version Gﬁf‘ﬁ@%gﬂléws‘ﬁﬁ?t%‘ﬁ@%Pﬁsﬁ’éﬂefﬁﬁﬁs of classifier -

per formance gener ing an old nethod. 10 CRI PTI ON O | LLUSTRATI VE
ENBODI VERTS Pt LS SRR o iR dRPHTE Hesaf st oot &F e PR | sen
(and any for methdmer eof , such as "conprises” and "conprising"), "have" (and
any formthereof, such as "has" and "having"), and "include" (and any form

t hereof, such as 'FiGchodegictsandresilisnfl cothpiihp) estifrated PE Blasyifike Petfomummis i onal
terms. Thus, a nethod or a devjce that 15 "conprise " "

. qi " "has," aqr "jncludes"
one or nore EPERBIGE LSHIgs AR YESIop RfstBe greserl mepds VatherRlimates %fu“tlaﬁskﬂeﬁot
limted: to %ggmwge&fgtéﬁﬁst}%%gome@‘gdmr e. elenents. For exanple, a
met hod "conprising” providing. nmultiple sanples, each sanple being .

charact gpi zed. by oneppSCRIPEIOR GRIIUSPRAPEVE EMBODIMENES ure variability
with at least one of € one or nore features, and conputing a first

probability of msclassificati.o O by a.firgt. classifier usin he
feature variabili t@@%d%uﬁﬁphé’ﬂfq’f‘ﬁ%ﬁ Rﬁég’,’mﬁuﬁei@nﬁofminl’ﬁet é‘ﬂl% at“g' fé]ﬁ‘Fy
having, the dgsesfi QR Resmpliss” 40 “bhifrisiNgy,dhave’ {@ndRiyfofin BRseEsses t he
listed el ements, but is not excluded from possessing additional glenents
that are not as|‘hay’@ad Tfng Y| meluge o(apd pnn g thgedosiehk @5 acydssa @ptg

anot her feat Uhig vl dflkd bboh-entbd RraRddinaftenl. (1Hs 0N SadMiod B £ db@d WaesS.
Simlarly, the term ®using"” should be .
- “comprises,” “has,” or “includes” one or more elements possesses those one or more

elements; but is not limited-to possessing only those one or mqrg,eien;e'nts. For
o ekaiﬁple, é 'ni:ethbd. “com;l)ﬁsing”l.-: prov1d1ng mulﬁﬁlg sainples, ..-éaié_h. samiﬂe__:_ 'beli@g_'.
| cﬂaréc’teri_zpd_ by 6ne'br_m6re féatiﬁeS';'l'aéstiqting_j a féa’tuié vanablhty v{zith '_'at'-l._ejést -
- one of the one or mo.re.--features; and computmg a ﬁrst "pr_oﬁability .o't:r'nis'é'l-_aséiﬁqa._tioﬂ.
20 by. @ﬁ;ét__éléssiﬁer using the feature vﬁn'ability is a method that has, but is not limited
- to d;ily having, the described elements. In other words, the method possesses the
listed elements, but is not éxgiuded. from .poéseséing additional elements t_hét are Iidt
s . 'Iist;ad: For. éx.ar"r_ipl_e,- the"rﬁétﬁod-al;sd_.COVé;s- as__éoéi_ating éﬁoth_e'r fea_tqre variébility
with another of the one or more .féatures. 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



25 interpreted the same way. That is, for exanple, the phrase "using the
feature wvariability" nmeans using at least the feature variability. The
present methods and devices and the various features and advantageous
details associated with the present nethods and devices are expl ained nore
fully withvOo¥87®hce to the nonliniting enbodi nents thatc E'rj%mﬁ? lst rat ed

I n the acconpanying 30 draw ngs and described in the follow ng description.
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diagram or flow chart, depicting nethod 100, which is one of the present
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sanpl es, each of which i haracteri ze at.ur es n those
i nstances in Wecﬂe?qqém@f“ﬁg% o Sl&ﬂ“ﬁ‘s?ﬁg‘ gfy‘o{? I‘J(é)jﬁﬁgo%go’é’?l ch is gyt Al{l%e
sanpl es gBY b@mpheuabt oPkhigk is caaxhétamieamg ofl@bem6ie. fediire@ SIntthicak fistgeddai a. . By
way of exanple, these sanples m ght be tissue sanples and the onﬁ or nore

features nmay ‘Vhiéh @Gélag‘éwlaéﬁﬁﬁéﬂleﬁ?“ﬁf’]ﬁ #re knewm, thessanples mayde tho Bene
and/ or pr ot ei Ny SXAEERRANof %Vﬂlﬁngﬁﬂtab%ﬁ? ot efhndbfle, WhdsB isiinglesRamede r €gi ons

of tissues or in extracel [ular bodily flui (such as serumor urine).
Ot her tissue fissus amslemdutheloageoremmeaﬁe@mm mﬁ}’c@%@ﬁwéﬁlﬁ% and{em PEeIB | |

organi ¢ ol eCé'JJpFG%Sl(():ISIE ?%J W aSyéheg&{ér&%{o? "bq‘g'te Se )@E&Elbﬁ’%\%ﬁ Ay 'b\éerﬂeé(sﬁl‘éﬁn cel |

nucl ei i mages, exa try, and texture; and
f eat ur edOat twihih |dmmd|rgx@is ofltnsieadr mgextrragfrlluaémﬁmlkﬂwdé (surh ¢s spaem or

orientation of.c i ure
variability \Aﬂlﬁ? Bast s§%‘§%ﬁ%€ Bg%e Jﬁg?e&rﬁg%llh% g&{aeﬁfsn%gh gs fsglg{lur e
variability Mrgkmamfomulﬁs eellulardkatarss smbr assttrivates derivedifroing eql), nuglei maagasct i ng,

a variability. feature. Thus r 1y of at
| east one of ’P#@E’Jf’égoﬁ?’éaénﬂli' %d“ﬁaw Wass%tﬁxglf‘?r?ég%gu‘{r%aatt\g?eeds\%%rlfg lity
with at | eastineReingf fof Benfpigdersit and Afenetibadi eedfs. a feature variability wth

a feature 20 may al so be described as attributing a feature variability to
a featurw. Consistsss Zﬂ\liofhletl'ﬁﬂﬂpﬂ Mssdchﬁngarfmuﬁxeazhnalﬁhtyaﬁthadmiléaistgnemfy be

associated w th _differgnt at ur or_a ' lity
may be associ Q‘F&i’t‘wst h F‘fci‘aglr’lgn? ?elaglé? YpFigbilif ngﬁqg?%ﬂﬁ’e Hﬁgﬁggﬁl ? %?defp 20
may i nvol ve agsigegd, adr &gmactfrxgafauvmavmty afithl 4 tfyaturei t st elsmnaingomd‘ezmixet he
features on _avgnea%%hltjyl; gf atpieafste c?x}euorf fa S’flur?is IS%SV‘SIQYCOfaIaLS%%agn f”eafteé{me 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
stép 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 féature variability

with at least one of the features on a featu're;by-feature basis. Associating a feéture

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 potential 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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decision tailored to that particular feature. Subsequently, anot her
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repeat ed rreasﬂaunﬁmaﬁﬂmhx& tduil Beearpmsmd arﬁ@ kite\Hdrz (KHZ) OS50 3ef8 GHH0 As

PCT/ US03/ 09657 ressed t erns exanpl ature
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Hertz (kHz) +Hz*800%4e¥!a. 1(/65'L7_—)[1';ay/k$so bamsail With atof\iee preseartdethodse Whatever
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consistent, for the renmainder of the nethod. This is true for all of the

present nethods. s i s tFned i o atigrgohiudber 6f hadsGRnietgivarwiith to
measurements on which to_ base a feature varl ability association, such as

an estimate, base p featypuerishlly ROl SuGhihay FREEfe 35S sApetimes H1e 6458

conpri se gengyh dE Fheioh nforP FaabLndrile tg]bﬁ)é 88 pfoddin edfleiRAP € Biological -
conservative estimates of feature vari abi may be used. Continuing with
bot h ver8i onssawples,copserrtive estimatesiof foptusg Yayiab lﬁ'lé’s&‘i’ﬂn‘éfﬁl ng a feature
variability based on the use of one or nore nmeasurenents, a feature
variability that Gontinwing Wjthsheth ¥arsions of siep0; anae alipmpivere SEREMNER ar t ype
of sanple’ mgy %vaﬁ%ﬁ@'b@ﬁeﬁ%n‘%é hedf bRASMhGre nFe%ur&ﬁéH@la?eatdré vaiBffy | cul ar
feature typica has a measurenent error on the order of twenty” percent
of the nmeasurtba madmplymtatvd]éionf exnerience with éke paricularr tyadiof iseypleHARY bees t he
twenty percent_err I t ig twenty
percent err or VAt aﬁ% r‘?xé@ %efeﬁougﬁ?ﬁg)?%léaﬁdaegt%%?}e%t%ggﬁﬂgagl eg%gl mat e or
esti mat d$ naymemnendeno arréreat thieeotder b awante pefcont afxthapheasured veliseaf theher e
measur ement s j |vg1|ﬁ@lm e BQbsSged at i 0,

an 20 esti rratfggmfae? é%g?%rgdollm %gsrtﬂrgﬁﬁﬁ%eg%é&?é&% Il aSr gr ger fhan for
a feature wi twitlathei fghrere. ’Bngtwﬂntyt pereeot seorr\aiuemlathﬂamrght ngawn estiFlas. 1,

step 30 invol é(uc% an e%&te glges%mf eg Isr}ay t%r %eatuye tg feature. For example, in cases

where measurements of a particular feature possess a low 51gnal-to-n01se ratio, an
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20 - estimate of the variability for this feature will be larger than for a feature with a higher

sigﬂal—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:



“misclassification by a first classifier using the feature variability (ffbm
step 20). The first classifier, may be conputed using may be conputed
usi ng a subset of the 25 sanples provided during step 10. Such a subset of
sanpl es may be characterized as a design subset of sanples. or havi ng
desi gn sanPPd83f¢e c| assifier may be any cIassificatioﬂcﬂpﬂB@wgﬁn1that
gener ates sanple scores as described by the follow ng pseudocode: -6 WO
03/ 083760 PCT/ US03/ 09657 If(x) > limit(j)) sanple is nmenber of class |

el se sanple is not nenber of cléggbﬁ%l&b%b%re f(x) is a scoring function, |
denotes a particular class, and x is a vector of . feat.ures for the input
sanple. Suitable classifiers incIudefmgﬂel%?gmﬁ%fffﬁ%pted to, linear and
guadratic discrimnant function ugssifiers, neural network classifiers,
K- Means classifiers, support ve ¥or machi nes (SVMs), and Mahal anobi s

di stance classifiers. "Conputing"” neans,.e I shi .ascertaining, such
as by calculating; thus, 10 "conputiﬁ skééﬁﬁgk?ﬁﬁ#ggﬁg%b an action

requiring the use .of .a conputer or nmachi.ne, LN i r. S
cormel ot hodtotk SPRdE seners poedin TapRutls paftshlaf iy, Bha 31k R o2
probabi l ity demmidsif@she inputishaple. SeitdbixidassifiefSandsdeabutare wit kigyited ke Hinear

br obabi |ty JEHSRPJrRS drpaBinal HeCiReriPys, PrRBCE TR PUES Keds s
probability d ) t S nctTons.” The

par anmet er s 15¢14@ffieR, Repgohtevdemy Ssichined (S VAV and Mutialanobifdistaned elassifitrssi t h t he
ai m of derivigg a snmooth probability density. Snggthqfss i n this. context
means that théPQ@MBRIBENANGaES gstablishing, by Fceriamingy, Sugih 78 §Y cﬁlégﬂ%% Wl es.
Thus, thg par Gtisede hbtlinedkeh bR Rlquiring Mk ise Bf Medrhpule percidiie. t he

nunber of sanples and the spacing of sanples within a class. These
probabi lity densi ty (88 biiSBrERncWnCasKeP Al @IBHS, KetiSEEbnbity eififiags havecbaasi fi er .

20 By contrast, in the present nethods, a feature variabi]it) isdgésociated
with at | eastsedrie medelslass prohehilitysdeppitienyfn ﬂ@@%WﬂPSS’t%QaﬁéBt% < of the

probability d_gélﬁélt cﬁcﬁf‘?s OB CiLEAWEE X sARMIE iviithih SheITRMEs, | AdCEEDHEISNG a
probability of msclassification for an existing classifier. One manner of
achi evi ng t hepwbalplityi depsity ismeqdelsd &snk Iswaeaves dhesat fupgfossor Big 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



25 for each of the sanples in a second subset of sanples taken fromthe
sanples provided in step 10. Such a second subset. of sanples may be
characterized as a test subset of sanples, or as having test sanpl es The
first classifier, which may be conputed using a subset

char act er i YO gesi gn subset) of the sanples provid ‘&T/PW3@?6§% 10, may
t hen be eval uat ed by using it to score a sanple or 30 sanples, which may be

t hought of as a. of e taken fr th

03/ 083760 PCPFOSES B 9%‘2*‘?7f°e & ?-%ﬁh‘ﬁﬁéﬁee‘ﬁéfﬁ’# AEdggemegts OF qa’llsggt"?%tzeéw

di fferent arrsapgesreimplesd thdtaﬁa}gfb wredlcdneistentlg with deprastntsuetiides t hat maybe
used consistently with the present nethods. FIG 2 shows sanples 12, which

represent the samruies 2phows éeeﬁblesrlIZstvﬂﬁ)chlﬁpresdﬁk Ghe s%nmlesqams&hdnd&nsmmil%s 14,

whi ch represent desi g ken froms |.es firs
classifier reﬂ@r@n"é%qﬁﬁ’é\? ?5% WRIghFRISE! [@?‘ﬁ'@; Sm’f‘%?s t@&%r%?% SaRIeS| es 14
FIG 2 akso spowshs air aﬁssikﬁr réfeieabed fvesast bt empawplwing) forsampipks 12
ot her than sanples 14. Sanples 16 nay _be charcgct er| zegeas test saggl es.

manner of acrﬁampiqﬂ\d4t rﬂ%&rﬁeeh%s spmplescls, wich enresgaltng SHRIEY HGALRISS es for
~each of the pa % ax} %ﬁ@@i@sswefi@mag el dhth@abteAtedsast b sarifleR| ©8e 16 and
excl usi

sanples 14 are e and do not overl ap., One versi og gf t he
arrangement ohawenpl shievingdhmcamputingof step 30 diciudss &@FW&“&IS“PW‘EJ‘JPT BAra ©

canp es 12 1 ohe Lifpile s %p?&md 1. 2 Biustrp SR TR| Sinpldd) 16/ SRUPIGOPPAE NG L he
first classifier, B estl the first classifier by scorin the one
remai ni g tesexchmrvplaad( thus,. do seinpiedlep.16)ne Esien wé thy aFANgemRE Ahrsaggles | eave
one out crosszvali.d e ; héE@sion QEp1eE (ilehe

sanpl es 15 |nb§’ giboginlvglk’a j 'S0 o%@%?gpﬁfga{@%%%?rltn sar%’p1 esp Q This
overlap is il J;antqﬂefsa]mdlsemm déh(ﬁutlﬂg thel st @amﬁ@wndrt@ﬁmeltheaﬁllseﬂhﬁtﬂevrbYt o the
situation depicted._.in

sanpl es 12 ot FEFNE fign O@ng'g tﬁsq y "'ﬁ%b@e ﬁ@noug rera%l% err eﬁl tﬁg&g{svﬁzaglngl es

(plural).12, 4%Ydaveldde oaﬂ&oés&ahaznioyr »0hearpthep kmbodimetieat lcashom Qfehb sampéesy of
sanpl es 12 14, 16

a er alternatlve thes
depr cteddn F’rnC?é’In{lZ’l‘FslIg Elrlf%?’éeoo e poples4n sapp] ﬁw iy, Qyet aﬁ gg%hé%losarrpl es
(i.e., sanplescls) @ 3 Islﬁwiseaaiot}&almém&n(el toethsa siaatiohetepit®)l ibeFli§y Ai-st i nct

and non- over | appi_.ng, _ and not n t he nt f e t hat
is, sanples 18RlesHS, rlB SFr?G‘%Rfég\ﬂ PR es thgrn% 3 n@% f4;1¥d ?ng
scores for eaqfingd tﬂaﬁrk@% as SRS §sluradnie, mrlrﬁeand)fs ®ﬁll7mmb'5ﬂgplanwdlee

i nvol ves the use of a |inear discrinnant.
: contained in any of samples 12, 14, 16, and 18. Another alternative to the situation .

20~ . depicted in FIG. 3 is deplcted in FIG. 4, .and_mvolves 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 compuﬁng of step 30

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



25 classifier for scoring sanples. Thus, the first classifier described

above may be a linear discrimnant classifier. In such an enbodi nent, a
hyper pl ane nay be determ ned that best separates a known and an unknown
(such as an estimate). In such an enbodinent, a score for_a particular
sanpl e i s YAYIEHUY dean distance from that hyperplane. HO7¥IHIRTi ng with
t he one manner of achieving the conputing of step 30 identified above,
this manner also j.ncludes esti N3} r -8 WO
03/ 083760 Pcff‘tﬁébé é% OT%E E@jt‘” ‘g‘é‘gqe‘t %e ’)sléilglrnje @’g%"%%&#ﬁe‘iﬂgu‘g fr?lég a

| ocal 'y |i neafeighp@rheod mgampleoﬁectb( a)follewd:he nei ghborhood of a sanple
vector as follows: f (x+dx) =adx+b (1) where a is the gradient of f at X,
and b is the value of f at x. Usfirtds)h#asddtbnear 5 approxi ma(l)on of f j,

t he variance off can be conputed fromthe equation: o2(f (x)) = Z a; 2*v; 2
(2) where ai vifrd hds ithdgradiepooefiat of ardhe igthediabet of] @aiequaﬂmg\th(siymeaand V; 2

is the feature variability of h featur L hi feature variability
may be oBt ai rEATOXIALERIOf fid ev‘?{lag‘fee?)tjft 868‘9@‘%64 [I SEHP™ thi's manner  of

conputing a first probability of #ssification of the first
classifier using the feature var‘?lﬁﬂlts‘ia‘(%l ch first probalé)llty may
reflect howwell a clasgjifier wll d‘_ﬁ‘%rformor ino ow well a

classifier geWesrapiisdhyi| FRORAIEY ofdho gtadieht @ qupiqn é]slozﬁ’&b‘f' }Sttbe g?a““e

- nisclassi fi caldightiffof thdi® Eduirs (this! fedbsre vau@abilit) inalybe oBREed bs @ﬂmydeﬁstuped in
conputing the first classifier. For exanple, given the schﬁg% and the

score vari abi?0 tapeyQds) €eptnue, t st mamRen «f coRntingy 215t ity ofr st
probabi gty of ;bS8 fdfctﬁyﬁ}& Othssifte fsidgS theC Fampd Maabilktpr (Whith dasi gn

subset VI a a ussian m xture nodel of the score distributions for each
class as f ol probebility siapgefiagchawxwelbp elasdifir Wil pecformuersigroither wards, hayhwell on

classifier): ?Lﬁs%ﬁ‘lelr Pt e§ 1ﬁélﬁd£légl!118ﬁlcﬁlg ﬁ%ﬁ%ﬁ&biﬁ% of PRQRsiBERMR of Z 24, 2

(3). .. N2l score 1s°t ean distance: fromthe
hyper pl ane ( athe fiest plaasifienifoaimvigpien samples gsediis computingdhe firs classigeri thersanpl e,

N'is the nunberam%{e, glvnmh%SscArQ(s)CAn%ﬁﬁe écbre%atﬁli&(iés% for the test samples, one may
15 co_mpute 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

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

class j score distribu_tion = p(sc_ore)

1 N —(..m;.re--.u:ore(.)z o R B
=— Er N € ) A
N ey ,/21]0-, : R it
-'_20' ,--.where score 1s the Euchdean d1stance from the hyperplane (as explamed above) ye

. score; is the score for the i sample N is the number- of samples in class j Js and 0, 1s

the score vanablllty 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 equatibn (3), the

25 probéBility of misclassification for a parﬁcular class j is given by:
Probability of misclassification for class j =

=]_ p (score) d(score) : ' @)

limit



the score variability for sanple t. Those of skill in the art wll
understand that score wll vary depending on the type of classifier being
conput ed. For exanple, for a neural network classifier, score would be a
conpl ex function_  From equation (3), the 25 probabili ty of
m scl assi f YOI % or a partlcul ar class j is given by: BrYB™M%ty of

m scl assification for C|aSSJ Jp (score) d(score) (4) Ilimt -9 WO

03/ 083760 PCT/ USO 27 wher e g [

design. Conti I’IUI n%211 R r%e@ass{dr%}éhegﬁscﬁ:é%%c@?}eoh% pr e; tﬁ% ity for
a . given desngciasuftwmm ipobabilignfdoya given shsrgm\sebset Gl giseedy the cstnabmtert y of

m scl assification for design subset =5 7ri * (Probability of
m scl assi fi cat?on- for desi gn subset and cl ass ij). (5 whereir, is the a

priori probabilit | as l ustr anot her of the pr esent
net hods, which i syP Obagﬁ %Ha%tfgamﬁoﬁesi%%ﬁg_shom in 5, net hod
. 200 incl ddes steps2l10f :@fo #pality 96 Wlaﬁﬁl@aﬁoﬁ@ff“lwa%F"E‘h‘éi‘ssﬂ)ncI (Bes step
40, which is corrputfl ng a second probability of msclassification by a
second classifier using the feature variability (fromstep 20). Step 40
may be achi evlere dindeamsiondrehabilisf of£dast bvi ng step 30 set forth above. In
performng the ste of _nmethod 200, the first probabi,l
m scl assi fication Iﬁ&;y Sodlusteatasanoher Pgﬂ‘ed’rFﬁeP%Pe@@%sr d‘ﬁ“‘%’ulﬁsaétexmpﬁén ofr st

probabi ity raynbe166. OASShdwh i morrp%anodlioor@ad@éalse mlzonandasmbme second
probability of msclassification my be conputed for anot her desi g

subset. 10n" t hl.sangayfurther pipeldasi pter Ao fWikths ds £omPRiinEa ) 8agond Prebabiity @éa gn
subset wit hi r taset)
may be cal cﬂ?gsggsdéﬁdip{?%r%xg élég(éqq)e/%ias lerﬁsel:{lﬁ]ﬁ%omafﬁ suc %?%(gghf tt?%gégﬁrray be
cal cul at ed i nStep 40 cmydmrashieviéd dsingetht ovn2g®f aghieying step 80 wett gkl 2bpe. ks

averagl ng the 0 1 sCl |
classifiers t]%e[%{K %ﬁ%% dl‘%)gteﬁs rr%ﬁcfde%jqﬁ’ %% i erégéggﬂy ﬁg?gélg%%&fecaggﬂ Igﬁ?lggt i mat e
of the perfor cmmmmedoﬁor a ﬂ?rstnhkign: tswbsst'; fh’eeﬁrst lﬁ‘bl@bllﬁy maly ibs tstoatdein aogvmipueer of t he

pr esent thods 300 S a r WO o _Nnore

cl assifi TrAdpble F/E F?“e&“‘t rsﬁ(ft Rﬁl(% 8@%‘%3%&%8%’ 1 8y e SPTPUCpt o g

300 may aI so e aohtamaédsgnl subskt.adn 'thais mhedm]:@blﬂlm of onscmﬂ‘p?@npmgor tach
_de81gn subset within the samples prov1ded in step 10 (i.e., the trammg dataset) may be

calculated Altematlvely, less than all such probabilities may be calculated 1n
'accorda.nce with method 200. Step 50 of method 200 is averaging the probab111t1es of
20 m1$class1ﬁcatlon by the multlple 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 'o'f

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 perfonhipg steps 10 — 50 (i.e., steps 10, 20, 30, 40, and

50) of method 200, where the avereging 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

-10-



'25 estimated perfornmance of two or nore classifiers. As shown in FIG 6,

nmet hod 300 includes step 310, which is performng steps 10 - 50 (i.e.,
steps 10, 20, 30, 40, and 50) of nethod 200, where the averagi ng of step
50 includes averaging the nmultiple probabilities of msclassification by

t he nultipY@“@W%ggﬁflers to estimte performance of a fPCEPSBPOMAT
classifier. Step 320 of nethod 300 is perform.ng steps 10 - 50 of nethod 30

200, where th ver agi ng ep 50 i udes. ayver agi n

probabi liti eng??Cﬁ’Fﬁlg E’s{hf QE.IB%“H(}%%E WHF‘%H? ? a.g.n hlqéehréla{)ot%est mat e
perfornmnce ofmehg &rwaftwaakmofdmslﬁaserﬂlgammelumﬁstal so includes step
330, which is corrparrng the estinmated performance of the first final

classifier wth thghastjerBingdg Peés moaapen@ﬁodt Beosmeomtuxelmmsloess?eo
PCT/ US03/ 09657 _ fi nal cIassrfler n.this vva%\ net hod %BB S Su‘élﬁ?
det er ni ni ng wrAt@piliEies ek fertugss m@hﬁﬁ&‘fgf’r@t&?ﬂ g f?%ed’ra“ W Qa5 wi |

general i ze t hgeB@erfoiifiy sRH320LMMEHoE 360 %Qx%pl%h?&%rﬁﬁﬁk mtthed BERt ur e

variability or variabilities of features may be different than the feature
variabi | ity othewamplapiuped may bs aeae@agtn Tﬁ’ér%ﬂ’ﬁﬁt%@a&teé h b ghasgetrizged 8¥ 300.

For exanpl e, fnﬂlt@fer fe nﬂlcpg%’r%ct e?j ’s &B@stl%%%e%@&ra”ﬂhé?@mﬁs Cal part.

The car parts eac I zed mul tiple features, includi ng
the part's acwena@rommsaﬁnee@pmg%ep %llosrﬁﬁsﬁetfﬁ@lana?l@lf stepndmpy fnvolve

A e L e S A S e
f eat ur es1om | I uﬂ;&ctnhpasthna:tdrrbpeeﬁmnme eﬂthgeﬁrétdinamiwﬁsf Iniperibimping Si‘:rep A20,

classifier. per ormn te 20 P C i nvol ve
associ ati ng a {?F’BMVS %‘fqoz& 3 %nﬁ'og( a§£ocfa Egsrl feﬁ&li S{%Jga?’ fer L&t than
the 3 featur ESeaﬁ]b&s:lﬁm atedifferentethan maB\ieatrhescﬂmperﬁﬂ@onn'Eumn witlostere3dX. Thiei ch 2

features to use.in form ep 20 w est | ed..

per f or mance offqiffe® g@ﬁ’ﬁﬁ&%ﬁﬁ%ﬁs RUSE & P?rtqmng'p{%%;} ?ér we]tl P?%% u?sé‘? osen
for use in 15paedrinahdd G¥0ths tseqoad Jikal eladifidr.0 Aldetingvshet femmmosehefoabsel lnty to
ul timat el choose which ¢l assifje t he t ahi | ener

Furt her, 1%/ her eerécrre%ﬁspscﬁlpfaea ane aﬁ\?ﬂ%&‘f’ 6‘Sﬁéﬁ% ity tQ thétpsly(? 008?1(3" m)r e
features for Jpssifidt heeht Gedtabigtitbgeskaizs. of the present nethods. For

exanple, different feature subsets nay be generated using any suitable

al gorithm One suchurthdy ¥@eet &hain;‘l diiffsrenti oad tb elensrate Fsitets7ofl drleustt matees
anot her of the present net hodfs tlﬁOd 400 _i cI udes Sttig
orming ds

features for use in per e steps of € present me 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 4(')(_)'inch_1des 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

-11-



410, which is providing nultiple sanples, each of which is characterized by
one or nore features. The di scussion above with respect to step 10 of

met hod 100 applies equally to step 410. 25 Step 420 of method 400 invol ves
associating a feature variability with at |east one of the features. The
di scussi onW3UE M th respect to step 20 of nethod 100 BpPFI%eL*Squaliy to
step 420. Continuing with FIG 7, step 430 involves conputing one or nore

scores for aope or .npre pl es Ji.n.a.sppset of ml es. fr i ple
sanmpl es usin H%. de??ﬁgg?‘%%?ﬁ%%r? fgg;(,sh Zé&ulg%ee?lasosst%ééﬂ% léés a!;g]ﬁfagsgﬁégﬁhﬁ
(The se. of degy o ang Lect ouneate of - oanpl o w b netbod 400 Ts the sams
as the use ofslﬂféglieg}?saﬁ%ﬁ%&{degﬁeﬁﬂleé’gt %‘B{tﬁgtﬂetﬁ%\t%ﬁ%ﬁ?ﬁhs@‘fib% 03/ 083760
PCT/ US03/ 09657 the_descriptiaon referri o FI 2-4.) The.classifier may
be any cl assifi catQWm&gd’dﬁh&Iﬁn%t e 4%@%@61%&&&53@&9@%% Sf¥8&cri bed
using thg pseytacRiewaRQY fast cléi dfaht Oné bAaRId sdfds s thel eatddel vakdblitp ot

limted to, those classifiers |isted above, Continui ng]élg/i th FIG 7t’.h step
440 of et hodffarp0430hy oPue snanseoef achigyng thisopssociafingaintludey estimanenthet | east

one of the ong Ap RPLE HRCALRSoUSIORY (.88 tHeCRbr" PariéBilityd istrg! # lochllPinéae0. One
manner of achieving this associating includes estimating the variability

of the score approximation ¢fi fi(x) in theacighbnrlood ofithsamnle yectari usipeearsionI () | i near
appr oxi mat i ong.of f{x)q. ' 0 . MRl EHY @6tnBhted Hsit
equation (1) T]U&&iﬂ% lfﬂr??rsa ??\’g%?gggg?g’k?%a%%%\lg%ﬁ% t g var?gﬁce of f can
be conpuitted usjuatgon ). equation (2). Continuing with FIG 7 and nmethod 400,
step 450 involves conputing a probability of msclassification by the
classifier using oBentmmingowith FIGt Heanshmethod 9P estep 459 devalyrd computies e

variability. On nner .o [ | S L | ubset

I ncl udes the ngabgﬁty a &%cgaéﬁgg%%h)?p gtrlezamrlml(?g{ 9%??‘1?@%%%??%? g%%/%?ﬁ%ons for
each 15 cl asssdosdsngd aapsadre oaridbdity. Oneomanpuaf ¢ompufisy this prebability fatacgiiven
probability of . m.sqglassificatian for _a particul cl ass_ .| ' by
equation (4). s‘t‘?ﬁ?ft‘ﬁ"“ﬁ%‘%ﬁ}e\/ﬁs? ﬂttatﬁ?léssmﬂﬁ'ﬁ’ﬁ P g‘)t?nﬁesstcf)%s@sl ?dé%fl?%%g&h
probabi | {4y f ekss uwpidpt bquatiod @RSi GordUbq@ation S(3Yi en eltimdtie prehability eof

25525 ot S Bhak el T o by S 2Cbdiinghl b
" manner, the misclassification probability for a particular design sqbset is given by the

sum over classes accordihg to equation (5).

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

20 method 4.00. As shown in FIG. 8, method 500 includes steps 410 — 450 of method
| 400, and further includes stép 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 invqlves 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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20 met hod 400. As shown in FIG 8, nethod 500 includes steps 410 - 450 of
met hod 400, and further includes step 460, which refines step 450 to
computing and storing a probability of msclassification by the classifier
using one or nmore of the one or nore scores and the score varlablllty The

probabi | i t YOPEY*BY stored, for exanple, in a conputer readi¥Pefedi um
such as nenory. 25 Conti nui ng vm'th nmet hod 500, step 470 invol ves conputing

one or nore scor romthe
mul tiple sarrp?eggrf\asglasﬁﬁ{eéang SoiT on f'f§3| #gﬁlh't}gt Qesﬁg%nﬁ%gﬁggdrrﬁfe% in the
same way or V@M&vﬁdﬁﬂv@@stﬁjﬁyﬂhﬁayb@ﬁalmﬁcbuout St ep 480 |nvoI ves, using the
feature variability, associating a second score variability wwth at |east

one of the one or Ilfmrperfemnngstlﬁomemeef usétigl t508, S(hes(aﬁ:nst)dpmbdsiﬁtyf idr. Step

480 may be carti n.the sane wa rrled out .
Step 490 i nvoF’\llség {éﬁ‘?ﬂﬁt‘ ﬂﬁi%ﬁ C%‘B%tﬁ(g foﬁmﬁ%rﬁtbcfeﬂggﬁ%?t Eﬁa %’Fta%r%b M H8n by
the second clB&Siidre®rinUusi REmPEr Geadable nrfivkt)caminahorsesade psmbmsy adnput ed
using the -12 WO Q3/083760 PCT/ US03/.0 657 econd cl |f| and the second
score vari abi Mmisclpssiiigaign ;g gy computed, T degien sy Blr‘ WaYs 3st ep

450 may be Ca?lrobﬂﬂht?lgfnusdl‘asﬁﬁﬁzftibhfﬂ)rr&cﬁ B&l@tsﬁ'ﬁ&t Wﬁthﬁﬁhélﬁkdmﬁ&q:)roﬁ&ﬁ 1ﬁf| rst)
probabilit m scl assification nay be conputed for a first de

subset, t he f stem #1Gh.eh Hisitrainine datgpet) H‘aﬁée §%16‘F1ét8d i fltemathizhi st th?%&]i %H‘I‘Pe

medi um and tﬁx% §t§ﬁ%dnﬁ§o&agﬂ&ﬂﬁt¥d% d&b&a‘ueé&mfm GRdhdAN 508y Sep w@8put ed for
anot her desigh subset. In this wa obability of m sclassification for

~each desi@gn satssagingribetrirpbablisies aﬁpﬁ@bﬁsﬁégeﬁmﬂé’a the, multinde, clagsifiers that havehe
training dataget) e r LYo teEsrobdd@ie 8F L sRAICH
probabiliti esﬁ%él1 cog'@&ggl g&?é %glrﬁgya%ﬁ% aa%%gﬁ%{m&t h maeeF%og 500(.3 Step 495 is
10 averaging tllassﬂﬁnrobabi lities of msclassification by the nultiple
classifiers that have been conputed. The average nmay serve as an estinmate
of the perfor manceFIﬁ Silkujtrasgs anothersefi the present-methods. i Methed 8 is4 mgteadefy of

the present ng 6 a aPEﬁ] Le
classifiers, 5(5115 e teg’gfe bk lﬁ%shg{&g%\gg%ggn% g?ﬁ’é{;%glglle}’\?g?%mﬁ&

Met hod 60K mamalhcsi%ma w&ma]actl&r timedtesiged aset Inethod sedefiil foo reompayier ﬂwg t he
estimated perfqrmance of f

mothod 600" 1 SerORELbeRaphift o B fof ARSARLC LS 63T G, 6 g ol

met hod 500, whedelet biep 610, which is performing steps 410 — 495 of method 500, where the

averaging of step 495 includes averaging the multiple probabilities of

_ irﬁsclassiﬁcaﬁoh by the multiple classiﬁers to estimate perforrhance of a first final _
'20. . elassiﬁer Step 620 of method 600 is performing steps 410 — 495 of method 500
_ where the averaging of step 495 1ncludes averaging the multlple probablhtles of
misclassification by the’ multiple class1ﬁers to_estlmate_,performance of a second final
clessiﬁet. " Method 600 also includes step 630_,.Whicli is cotnpé.ﬁng the estimated
- performance of the first final classifier with the estimated perfot'nia_nce 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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“averagi ng of step 495 includes averaging the nultiple probabilities of
m sclassification by the nmultiple classifiers to estimate performance of a
first final 20 classifier. Step 620 of nethod 600 is perform ng steps 410 -
495 of method 500,. where the averaging of step 495 includes averaging the
nmul tiple pMOYABIY ™ i es of misclassification by the nul t PEVESREPYUSTifiers
to. estimate. performance of a second final classifier. Method 600 al so
i ncl udes step 630, which is conparjng,the estimted performance of the
first final classifier with the e§f‘1"gxl§t‘£@15§ % mance of the second 25
final classifier. |n this wa thod 60Q i.s suited to, deter.nmiping, which
classifier anong ’lg‘egpﬁﬁﬁltoﬁ%?o?enﬁwggclfoésﬁ?? e?%“%“%( T éﬂlgﬁ%ﬁ igLE% t he
best. When pegdrtHins of tiepifeidsuittd, Toi dxaspRORr uidiea aflepplivationsadiressed by y or
variabilities of features may be different ttgﬁ?fgtt%ﬁ feature varjability or
vari abi | i t es Paig@resqgupionfeshiqlpgy- sthePresset B¢ enakle gBRroveREAINS i on

above corcer ninagie “RQ1 RRKKO PRRERRE ot £R%asSEOr Al RBR GbreMpichiotsB00
applies equally tothe formance of steps 610 and 620 of nethod 600. -13-

er

WD 03/ 083760 Peitihisoezadesof isyspbeatiqpinryalvnd; dirs oxarerlpr B greeHi@iods are
suited for nog&,ACHNLALRLMCAkESREAD Df HIE 1ik§ fetfolRAe JIf clsbifies! thi @E S
suited, for exanple, for use in all applications addressed b pattern
recogni ti on tfthwilgoapplicatioas: pmeedivat disgndsesy finepcia)| marketpprgdistione JeViehng ons of
5 the likely r Y 0, f L 3sSif : .
previously a %ﬁﬁégﬁﬁgf,eker ésgs?%ésegsugﬁ %? %%‘E’eorg%gIh?(g’a%rlg%ﬁrz?r%\r}gﬁl\lle eﬁsl‘:\oéfr:eaigxarrpl e,
the presi®nt nedrdfosd detesibh;aetaid treansactoms;dneirass apdicaions; fofudtdaiectianion|apy

performance of classifiers in the, fal ' [ I_Qns; '
di agnoses; fi?’P&’ﬁ‘S’%&?fl’ A Si‘i“"%‘%‘*e"oﬁa‘é&a. %nni;’fop\r%et\gilighéf\’;)ivlgﬁl tﬁe?é%s%%ﬁ&%%ﬁ $enrcgnt
systens such ggcieffad p&sorahidentificetions toathide adewd applications; credit 10 card

fraud detection; retail transactions; insurance applications; fraud
detection on any Appill batmderstoaddrycthsterhaeing wkilldu dheuat with the bepafitt of, this

utilizing the rts' .acoustic_respnanc spectra; and .per.sonal
identifigatioﬂgaP%“%aPﬁEPé“?“é\H?°‘ﬁ%d%vﬂ“altﬁ%ée° 8%?530688“38@% %‘égu Y 08 skil |
in the ard W fdiplbdientheieddytn@ibet b Sariods seddasatr deyiceheFor eaante, axt bbde and

t he techni ques for. ﬁ'@{?r\é’i@g’% th m.og may be 15 im Iser@nteedmi n agé nunber
of various nmeBieseHhmethads may deEgbodic :tﬁSIoB, LN OFRE S pr SERCFBTRGEY may be
enbodi ed by ORRIE niHRhRe Réadahla MBtrudidas for impRhRMngAYY of the present methods,

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 anofher emﬁ'odjment, any of the present methods may be
embodied in an integrated circuit, such as application specific integrated circuit.
(ASIC), or in a field programinable 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.



. by one or nore

“include nmachi ne-readabl e instructions for inplenenting any of the present
nmet hods, and may be stored in any of a nunber of machi ne-readabl e nedia
including, but not limted to, a CO-ROM a floppy disk, a hard disk drive,
a server, a nenory card, 20 RAM or the like. In anot her embodi ment, any of
the pr esenVO¥Hs may be enbodied in an integrated ci PCUPOIOUER as
application specific integrated circuit. (ASIC), or in a f| eld

programmabl e gat m{rﬁlrfg%lngPGA d)n‘ln nalﬂ?ﬁd‘a&{ %%gémggpec ]bgcimtegtgopresent

met hods may be e war e an tware; for
i nst ance, cermalpfbsemshethmtsl dh shoukd/ bb epprasated by tlu;seaofcslmllpmrthqra'rtrtgat the

appropriate 25 fir . _I,n_anot her thods
may be enbodi EFNIES aPle,d’E X3P lfsgl%? S%E)%V reggﬁ‘gl(d%%mqngs C%§% a kit
may include n@t ivehior 30T @08, wélliin tia) practiueyoft thesee afethods, napd hthnd war bet 0
execute the software. For instan

~along wi fh drqorsﬂgre%tmccglsttltseﬁpsclﬁsfnsgeslﬁé%fhsv pfa}?it;t?gl gl?’ﬁ‘%r C%é’ge]ﬁg\?l?géd

skill in the gt \Whduid, WERGHREZS diftdsutdppi@idiotiat xﬁanyt&masgeébacﬁmween ey be
30 i npl enent ed by ot her neans known i'n the art fo ach| e an, identi or

simlar resulthe speific embodimentsthahare dissipsp é‘tn@dullé’bﬁ'én e o, SinRlaT Zesg e of
h /. R 657 The foll
t he present Wgepgntﬁ%ﬁ(?%%s%%@ﬁw ekt AISkMIAR! e follow ng

exanpl es are nstrate specific enbodi ments of the present
methods. It should be appreciated by fipggRe@f skill in the art that the
techni ques disclosed in the exanples that foll ow represent techni ques
di scovered by the inventor to function well in the practice o @gg

For

met hods, 10%nd t hus Easvalsate the equpsycef the masrat methads 3 esStimpting £lg

their practic erfdfﬂll‘@c\é Eg: eﬁ?@@abﬂltlé lok H1scl£51ﬁédﬁ3n@i§cus%€@hﬂd%), e bf Gt of
this disclosure, appreC| at hat many ch anglgs can be made in. the specific

enmbodi ment s th&senarreethﬂdéclv@fstqqteda?mnﬁlﬂtim?s ssifiers gxiipitias Gt wader9nge Glesul t

wi t hout deparalla&gﬁcfaﬁm?mﬁ}scope of the present nmethods. Exanple 1 10 To
eval uate the accuracy 0 e present nethods at estimating classifier

performance (e.g. %rﬁr Ogﬁltﬁdtr'ctda‘?%etolvasné%lé’p%ﬁ' f mt ifRsedimtigeger2above) ,

one of the presen was tested on mnul tlgaes classifiers exhibiting
a wide rknge efmples gachi Sﬂnelftqheﬁﬂcta%%f’érba’diﬂe oTEnosg Katuresy The AR sErRley¥fYset was

- devel oped. Th'&faﬂgt gﬁtelaetlzv glas’séz 188 tHAMRLGRs W@t @) eocharmot eri zed

res e [ es were
features two correlated w1th the class label, and thus were useful for classification.

The remaining 98 features contained only noise. A feature vanab111ty of 10% was

associated with all features. Twenty samples ‘were randomly selected from the:
20 synthetlc dataset to serve ag a training dataset from which des1gn and. test subsets

could be generated The balance of the data — 192 samples were reserved for -use as

- avalldatlon dataset '

A feature selectlon techmque employmg a genetlc algonthm was: used to.E

-generate the ensemble of classifiers. For a large populatlon of classifiers relattve 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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"equal ly split between two classes. 100 total features were included. OF the -

100 features, two correlated with the class |abel, and thus were useful
for classification. The 'renmaining 98 features contained only noise. A
feature varlablllt of 10% was associated with all features. Twenty

sanpl es wel" ﬂ%/dy sel ected fromthe ' 20 synthetic daf%%?““”f“%ﬁsserve as
a training dat aset from whi ch desi gn and.test subsets could be generated.
The bal ance of th

validation d a%%n& oss\ t?séegt i’& proa s W lter ﬁ'lt{l 3 %o\fg ctlpdlte Hakifdn wé}e

SFection t oylng a genetic
al gorithm \NanounksemhtsobsegeemeﬁtafaeoﬁsheTnmsasnttbpnmry el desmh‘edes sonveggenee. | ar ge
popul ati on of e

f I 5 th
classifiers, Hﬂ‘ief;ﬁazlf h at‘iavf'f’e ‘%ﬁ%ﬁﬂ?.‘%gggu"qﬁthw “Rer eia%vglis gccurate

e popu atlon

feature subs €highl za&uﬂﬁe ﬁ&ﬁible&il@mf ERYEs evid&ﬁcdd&iy&l'lm no, di‘dcassed fnireors deiit  be
| ess accurate. T

is fact was consid enetl i.thm feature
sel ectiof t eRsioWkBanel shosehat ‘ésdd\RP‘Sr??g“ sfg”é?‘rles g‘ﬁb@f"ﬁ“@’ae §t|e‘ig“%ithef Fure
subset (threebgatalfa8%) nfiber o nledloBR cHIGGES e Hetickipadd yaaiglonabl @R thb t ot al
feature subsets Slo . Alinear 30 discrimnant classifier was desi gned
from each subewrelaid ffeatures: e sInaggyepte rdassifigtst Bayabfc degenednby HEiZLE: PRY " was
eval uated. Next.. DWW %@,‘Erége subsets were generated by preferentially
selecting features used I1n the nore accurate classifiers -15 WD 03/083760
PCT/ US03/ 09657 anppg {h9&s ﬁcesgsslﬁemé@w%sis HBSophiiaB6R s BhlsbtsnO NOT €
accurate classifiers were oun subsequent iterations. This |ast step
may be déscri bddbited gwnylesitpdnodde rmigce of harcuragies.t he Neutt HetPrebabilitya @npl oyed
in this exanp. viel
cl assi i or o ( ARl dofefld ) sboiriice MiEMkuBETO0ILRAST WE )
nanmel y t hose tlssifiens esingotly theftxaumg dametofdwenty sandawheselsoterd samplesd Nexth t he
class |label. A lar nunh i OGr d usi ng
one of the t\/\f)he %68?% agtogdm% ur(':‘lgg)ff?| ?‘%a@%%r a?é’l’%ltggstgdl pﬁ§?§&ﬁgé%ggﬁﬁesi ghed
by utilizing esidstiondutaser. HIGL eoldépiets the essults\dit this cgaros@r gence, cl assifiers
designed fromthe popul ation feature subsets 10 exhibited the desired w de
range of1sccuraci ek FIGX0, tha hprianaidakis ynotds the probatiility if friglessiHeatiom for

conmputed i n agcordance hﬁﬁ L §4S,

‘using only.-t hgh t‘tJ%SSl Frﬁgb%ét}}ase({ %ewecr?i 38/{1? gn oﬁq%elsﬂeé e‘&lr fces Next
t he generali zmtammﬁaerb%mgmmde Tk selidclnecignifidsfa lmrfewasslutlels%e.d,mawﬁpl es
fromthe

perfonnance equals predlcted performance - The c1rcles denote the probablhtles of

o ) mlsclass1ﬁcatlon computed for 861 class1ﬁers ‘based on the measure routmely apphed :
20 - - v'pnor to the present methods: the- number of crossvahdatlon errors The ups1de-down'
| trlangles in FIG. 10 are probab111tles 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 predactlons:

d1sp1ay1ng less scatter about the solid line than the routmely applied measure . This

25 observation can be quantified in two measures: the rms error and the comelation
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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val i dation dataset. FIG 10 depicts the results of this exercise. 15 I'n
FIG 10, the horizontal axis denotes the probability of m sclassification
for the classifiers being tested. The vertical axis. denotes the neasured
performance for the classifiers being tested. The solid |ine sugnifies a
perfect so™MAPYRP i e., measured performance equal s prBHlLEHI6>7
performance. The circles denote the probabilities of msclassification
conputed for 861 classifiers based onngggkqeasure routinely applied 20
prior to the present nethods:' the nunbér "of crossvalidation errors. The
upsi de- down H+anrgles—+nAH-G—ip—areprobabirtitiestof Hibbidbbifibdtijﬂ

g

for the sane|8@kasurassipbifarnmncec ofvpupedr asssuasletiorbed | aboe eergion ef the prasentigh
t he convergemce procedure). The yersion nfthddhe prese¢nt net hoetbodssed
resul ted i n g—set—ef—predietens—eisptaytng—tess—sgatter—about—the—soh d

line than the routinekyrrappl i ed peasure .16Bhis 25 observati ®88can be

quanti fied i —tweo—reastres—the—ftHs—ertror—and—the—corretattom—coefficirent.
The rms errorn i soelatmsoefficeht t he absol ut.®%rror over the endd%ble, or
group, of classifiers—Howevers—tnappticati-ons—where onty Tanking

classifier perfor Kg%gegﬁe%@is ;i;?ﬁ&ﬂlé gglus{rgg’ttﬁge@%%ﬁ §rRE &ggﬁ%e&fodg het wslimate

is secondary to the to conpare rtformance of two or nore
classifiers. Hsedsprovides estimates ofiperfomencertbatzars ¢ gnifieantlyinaqre gecuratgyhiantheg s t he
correl ation between, or i £ redi.cted perfornmance and neasured
borf or mance - GUEE cRfralel bl ey hE B e O 8 obey Tab e
1 measure§ of performance prior crossﬂahﬁ%{i on one version of the present
met hod nethods rns error .164 .088 correlation coefficient .749 .839 As
the results in Table 1 illustrate, the version of the present nethods that
was used provi des Skewn helbwds Bisowes ¢ashe tat dscsuitihle farcarrging antstapa descyiberbr e
accurate than,the _esti g@h M s emah il R0l Vs ©
Exanpl e 2 Shmﬂ%retl)néla%vvpl S %&%&éggﬁgg’gﬂ%&ﬁ% #Pg l'e for carryi ngS out
st eps descri badurchesds in exennglanyamiy andl doe$ yotslingip thetsooripeofitbe Elaimmse dt simply

ﬁg? J H‘ %t ![ O,? h\é\jrtg}?’ra%gttsg?lg FIP]iegl ﬁé}%éi'mqsnf Porg i%me Cogdc(:futi s?epg)és?sgpllat%& )éntﬁrﬁlley prggé% does

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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represents one specific enbodiment for carrying out steps -associated with
the present 10 nethods and is included for the conveni ence of the reader in
this regard. Those of skill in the art having the benefit of this

di sclosure will recognize that a wide variety of conputational techniques
and/ or di f M B3 pes of corresponding source code may PHEUMEEYS n

i npl ementing the present nethods. The references to Eq's 1-5 in the code

bel ow are references,t o equatiqns - (5) above. 15
cl assi i er scor e<- f RAETS f%j%gﬂg&i pihhty) { # demonstration of
classifier perfor STRE P 'gelngﬁw%(:f?gft%ary di agonal qda classifier, #
apriori probabili tTEY® FrgheumchE=ST) o proportions 20 #
| eave- one- out crossval j atiorb # inputs # data - n row X mcolum matrix 25
# n sanpldes # m f RPPAELFEY . vector of length n sanples # ith el ement
denotes cl ass of iEWP@EHB$é<030 # variability - vector of length mfeatures
# ith elenent denotes variability of ith feature -17 WO 03/083760
PCT/ US03/ 09657  nuiipen ¥es demeresbsetsof samples )
nunber of cl ass0<- | engt h(whi ch(cl =0)) _ nunberofclass | <-Iength(which(cl==1))
5 probmi ¥tI ass0<- 0fopi Bbhirwebeelsaeles){ #1 oop over design subsets of sanpl es
10 for(i in 1:nunberofsanples) { # renpve one sanple fromtraining for
testing data2<- dat zmdvejone gample fpi tyajning for testing

data2<-data[-1,]

cl2<-cl[-i]

15
meanclassO<-mean(data2[c12==0,])
meanclass1<-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-distfromclassl

'# gradient calculation (Eq 1) |
: gradientofscore<-(1 /distfromclass0)*(1/stddevclass0"2)-
30 (1/distfromclass1)*(1/stddevclass12)

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

35 #Eq's 3,4
if(cl{i]=0){
" probmisclass0<-probmisclassO+(1.-
pnorm(0,score,varianceofscore”.5))/numberofclassO}
else{
40 probmisclass1<-
p_robmisclass1+pnorm(0,score,varianceofscore".5)/numberofc1ass1}

}

#Eq5
45 probmisclassification<-
(numberofclassO*probmisclassO+numberofclassl *probmisclass1)/(numberofclass0+n
umberofclass1)

classifierscore<-1.-probmisclassification
50
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15 nmeancl assO<- nmean(dat a2[ c12=0,]) nmeancl assl <-nmean(data2[c12=1,])

st ddevcl assO<- appl y(data2 [c12=0,],2,var)”.5 20

st ddevcl assl <-appl y(data2[cl12=1,],2,var)". 5

di stfroncl assO0<-sum(((datali,]-meancl ass0)/stddevcl ass0)? %ﬁ.S di

stfroncl as¥8¥bh{ ((data[i,]-neancl ass 1)/stddevcl ass P§NEFROLST o5 4
sanpl e score score<-distfrontl assO-distfronclass 1 # gradient cal cul ation

(Egq 1) gradientofsgor.e<: i 0) * (1 /stddevclass0™2)- 30
(1/distfroncl assl )#S%:ti?a eaoéfcé/ag%lg&fs;{eﬁwag%a” ance cal culation (Eq 2)
vari anceof scor e<- s (éfﬁﬁﬁﬁﬁ?ﬁ score”2)*(variability®2)) 35 # EqQ's 3,4
if(cl[i]=0) { .probnisclassO<-probniscIa?so+(I.-

pnorm( 0, scor e, vari anceof score”. 5))/ nunbef of cl ass0} else { 40
probm scl assl <- probm scl ass

| +pnor m( 0, scor e, vari anceof score”. 5)/ nunberofclassl } } # EQ 5 45

probm scl assi fication<- (nunberof cl assO*probm scl assO+nunber of cl assl

*probm scl assl )/ (nunber of cl assO+n  unber of cl ass1)
classifierscore<-1.-probmsclassification 50 -18 W 03/083760

PCT/ US03/ 09657 # estimate of classifier performance retun{classifierscore)
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} 5 -19 WD 03/083760 PCT/US03/ 09657 CLAIMS 1. A nethod for estimating

performance of a classifier conprising: (a) providing nmultiple sanples,
each sanpl e characterized by one or nore 5 features; (b) associating a
feature variability with at | east one of the one or nore_ features; (c)
usi ng the ¥%¥¢YPer, conputing one or nore scores for oﬁg”8§nﬁgpé sanpl es
in a subset of sanples fromthe nmultiple sanples; 10 (d) associating a
score variability with at |east one OfCﬂAﬁ‘T\/IQne or nore scores using the
feature variability; and (e) conputing<a probability of msclassification
by the classifier using one or nore of the one or nore scores and the

score variability. 2. The nethod of claim1 er e) comprises: 15 (e)
conmput i ng andlstorﬁb‘ﬁ’beﬂ%f’lapff’f)ﬁsémag‘?qgler%’m?ﬂcggf%i\é@fsffeég? Py the classifier
using one or nore t he..one qr nore scores and the score . varjability; and:
where the net hod f@?%?dlﬁ%ﬁﬂ'ﬁ?@%ﬁmf(lfsf eﬁ‘gl} ﬁaénpge §g%r8%8u€§ab ST er o

conputi ng one or nore sgaurs; for one or nore sanples in a subset of
sanples fromthe multiple sanples; 20 (g) using the feature variability,
associ ating a secopy a36Riafiny al featird iirjability withi at leagtséneosfetbefonthe mne or

nmore scores conputed usjng the second classifier; and (h) conputing a
second probability of ni*&8&feSssification by the second <classifier using: 25

(i) one or nore of the one r',gore scores CoanUt ed using the seconq
classifier and (ii Sc)Pﬁéggkség%%ﬂ &l SRRPUIHE PRHPY IPYL SCoges “l‘i’ﬁg’“r%Wéﬁsaé?P @ aimai,
where the multiple sanpih@SsuBicofBahipieR iBmithémuRiplesanipless.

10 (d) associating a score variability with at least one of the one or more scores

using the feature variability; and

(€) 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 () 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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© -20 WD 03/083760 PCT/ US03/ 09657 4. The nethod of claim 1, where'the
classifier is a linear discrimnant function classifier. 5. The nethod of
claim1l, vvhere the classifier is a quadratic discrimnant function
classifier, The met hod of claim 1, where the classifier is a neural
net wor k cl‘g(gs”l’/f’?%?o 7. The method of claim 1, where the YaFVPBMty in (b)
is estimated using nultiple rreasurerrents of one of the one or nore

f eat 8. The meth cl pe! ud
ueing o iimedt apraRt el Pan L e BB ORI ifdiokiak HocBE 1IES

machi ne- r eadadléssifienst r uct i ons for i npl enenting the nethod of claim11. 10.
A device conprising a field programmabl e gate array (FPGA) configured for
use in carryifg outhet methodtdfoclainl 1¢ wdiere the dldssifitr deva geadoatiopdisginniganan

i nt egrated mé}gutt onI;:1 ured for use in carrying out 15 the method of
claim1l. 12 PR G‘gpr'isi ng: (a) providing nmultiple sarrpl es, each

Var abi | By win abereiatt el Ve BRESHERdp & vl okrEpas, 7 e

m ecl assi 11 ca -i“é?, A A “%‘f?ﬁ%@%k@“ﬁ%&"ﬁ%‘u&% firtecy. 15

The met hod of medsdiefehid.of bhe did ore@IpidrSfed@ies( d) conputing a Second
probability of msclassification by a second classifier 25 using the
feature vari aRi | i the rhéthod BEclalt hpWhat tied adsooidtihg imh(dy includys osimppa lises: ( C)
conmputing nultiple probabilities of msclassification by multiple
classifiers SRTAEMEERD g é]é"tﬂ‘i‘sél%\?‘érl ability; and (d) averaging the nmultiple
pr obabl | IOt | es9of nksp%(l)grggll gc;ngzp%ts{ngnmachm%-]ieadable instructions for implementing the

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) assocxatmg a feature vanablllty with at least one of the one or more

20 : features on a feature-by-feature bams and

_(e) 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:

(c) computing multiple probabilities of misclassification by multiple classifiers

using the feature variability; and

(d) averaging the multiple probabilities of misclassification.
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WO 03/ 083760 PCT/ US03/ 09657 15. The nethod of claim 12, where the nultiple
sanples are nultiple tissue sanples. 16. The nethod of claim 12, where the
first classifier is alinear discrimnant function classifier. 5 17. The
met hod of claim12, where the first classifier is a quadratic discrim nant
function cMX&B(878} 18 The nethod of claim 12, where t REIPPPOP6SE| assifier
is a neural network classifier. 19. The nethod of claim 12, where the

variability in (b).is estimted usjn i ened ne of
the one or more fe]a'teul?igtz’f)& g’g.c aﬁ?eﬂm‘?]ﬁeégéq%%qﬁﬁén%i@ﬁ@éw%r {em&ép?e ?%Sél?udes
using a | i neagamppdgr oxi mation of the first classifier prior to conputing
the first probability of m sclassification. 21. A program conpri sing

machi ne-readabd.e iTit metbbd ofizlairar12) et firsigeladsifier iet Hodarodisaginzinmt12. . 15
22. A device ég rising a field programmabl e gate array (FPGA) configured
for useinc %“rfgas gFr'the met hod of claim12. 23. A device conprising an
integrated circuit_conf]gur for,use i rrying out the.nmethod of claim
12 290" R et hod oPecBimbl P b hernshe TR s e e qebgid Thiingy
perform ng (afmctidnblaseiie€! ai m 14, where (d) conprises averaging the
multiple probabilities of msclassification to estimte perfornmance of a
first final e¢gassifd afcthopess elaith NQ, (wkere thed Yirsdfclaskifiimisl 4, nenkud retatk
conprises averaging the probabilities of msclassification by the nultiple
classifiers téagififnate 25 performance of a second final classifier; and

conparing the_ estinmated perfornman of the first. .final .classifier with the
estimated per£or mahtsemsthod (@f %lélgbﬁg W;’nglt?‘ﬁlvé‘%li“mye’r‘? h’)Z'ﬁ cifimated usitle

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

L

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. o
23. A device comprising an integrated circuit configured for use in carryiﬁg 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.
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