; e3e[*XD6T ( ~~oo~uu~ 30 SEP 2002 SYSTEM AND MEFHED FOR NONI NVASI VE BLOCOD
ANALYTE MEASUREMENTS 10 TECHNI CAL FI ELD 15 The invention relates to the
neéasur enent of bl ood anal ytes. More parti mmmwmmmlmw nvent §OnSERI2M2es to
an intelligent systemfor noninvasive blo edi ction. DESCRI PTI ON
OF THE PRI OR ART The goal of noninvasive bl ood--anal yte neasurenent is to
determ ne the 20 concentration of targeted bl ood anal ytes w t hout
penet¢ating thessSHEM ANNSETHORFORNONINVNBIRE BEQ@IZ AN AISUB MEASSREMEDTOM Si Ng

noni nvasi ve technol ogy whi ch bases neasurenents on the absorbance of |ow
energy NIR light that is transmtted into a subject. The light is focused
onto a snmall area of the skin and propagates through subcutaneous tissue.
The reflected or transmitted |light that escapes and is detected 25 by a
spectrometer provides information about the tissue contents that it has
penetrated. The absorbance of |ight at each wavelength is a function of the
structural properties and chem cal corrp05| tion of the tissue. Tissue

| ayers, each containi ngaHLK : pb1 N ul ate distribution,
affegp |ight absorbance through scatterl ng Chem cal conponents, such as

water) protein, fat and bl ood r i ght proportionally to
their concent ratl on t hrough unﬁgwﬁﬁéﬂﬂ- rﬁp‘#ofi | es or signatures. - The
measur enent of bl ood anal yte concentrati ons is based on detecting the

magni t ud f t o] he
o get ed 15 imyefiin AIGER1EhE hERpEReRY of BBoB Ao, CRIcTt SRS Jnd 2

mat hemat iiréntion aﬁlgf-eﬁtmn otﬁllegemrgmetem/ﬁw ohniayasivebleodianalyie peediatien. yt e
concgptration fromthe neasured tissue absorbance spectrum *cooooz* 30
SEP 2002 5 However) ac AhAvasphye i gati | ood anal ytes is
presently limted by tﬁg‘gﬁ(}ﬁéﬁﬁébﬁh ubg cﬁﬁi hgﬁé!ﬁﬁ _3{,3 he skin and living
ti ssue of the subject. Chem cal, structural and physi ol ogical variations
occur that produce dramatic changes in the optical properties of the tissue

sanple. 10 See) for exanple, R Anderson) J. Parrish, The optics of human
skl n JoJrheanﬁ' Ph\r@gtlmg%ilvelebloeﬂnanamgym%urerwof 1s)to ;;Eetematr@g the 1981

); Ch I OREY.
bi ol §8| C:c]%'hgegt?%tgsrf Eﬁ%tﬁour an @'9%\3(’ Fec ro ﬁ% sl@rﬁ)l R % rﬁ%rgé
2166- 2185NIRgcspa&edycopy Beaarpoom@ngHopnimmjim t(ebIthboggrnd/miuaanaEeél on
(NIBS) in tissue usi ng ti n%§r esol ved 15 spect roFRhotorret I t he i npact of
st ati cal IeasiyeaeRts Pedp arhanse ©f dewiersron MR lighhthahds trapsrpittaggnto aggg,
pp. |1 0-21 ) ; RAVRY; i o t he
estimati ogrﬁrbi%?borgé I(l:orlrp03|ctl'lls(l§ﬁ CMIQ(?’I r%?%lgalr%gfr/\g\ct%h@gna%gaiﬁgggﬁﬁgggur nal
of d i ni caibchtanepus masuelOThpmeﬂebl@Bothtaﬂsr(ﬂned lighP8v&} psGapedoanhis detected

Fuku Ka nfl uence of adi pose ti hi cknes nfrared
20 spoct rws@oapgg%?@ﬁkﬁr Pl THeRDaR SR eao s (e e oratS fBar riahast

Bi onedi calerfatfakes. 1 (4), pp. 418-424 (Cct. 1996); A Profio, Light
transport in tissue, Applied Optics, vol. 28(12), pp. 2216-2222 (June
1989); and M Van Genert, S. Jacques H Sterenborg, W Star, Skin optics

| EEE T t di.cal ol. 3 2 . 1146-

(Dec. ' 1030)¢ 2685¥bafee o BARca St Prtacath ina Wastonusige sunBlie HaPalBs! es:
1. Covariad eRe®icat @bRfgdshidnyof tHettidstiel NTisslie 9y &t €8act B8ntdiking REGhiGak
absorption profiles of blood anal ytes tend to overlap and vary

si mul 30anechrterggeneers maréq%ulmmdlspehutods affgot nontsaqﬁoobmmtmp@glﬂ isgRttering.
e B B ERahLE B IS IBASHICRIR et A0S0k BRARFe s TR P e

i ndependent Ty Vvary mavelengt 2 il ering speci

2. Sanpl epﬂmebardng&ylm their daieehtraﬁmetmwguomeétabsbﬁpooheﬁomé ot pighatagsr s
and 35 cor’rﬁartnents of varied conposition and scattering. The spectral
-absor bancEh¢ dngasuipmentepl e aﬂélyé@ e@prtcenéraeewléxb%%ﬁ%pﬁaﬂetﬂ@nag hge

opt i cal - propanties AR SRERONId SRLd bYFRE abh3HHEnCARATANLF nd IEgelar e 2

gener al
35 analyte. The process of calibration is the development of a mathematical

transformation or model which estimates the blood analyte concentration from the
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measured tissue absorbance spectrum.



3 0 SEP 200Z 5 representation or nodel of the tissue absorbance spectrumis
nonlinear and difficult to realize on the basis of first principles. 3.
State Variations. Variations in the subject's physiological st@teSEpfzg
the optical properties of tissue |layers and conpartments over a relatively
short period of 10 time. Such variations, for exanple, nmay be related to
hydr at son Hevéley, ashlra@esonifvadige v8limBBodh ro%!d@aﬁélg&és%%rb@eﬁmlir!hhéa W5
hormonal stinulation, tenperature fluctuations and bl ood 'henoglobin | evel s.
4. Struct dhal dyeamiat hattise ofhthet sapypde ctier akirerainst ligmgofissunaliofi thealsebitict.f er
as a result, of. 15 factors that .include heredjtary) environnental ,

i nfl uenceséhetrﬂlga gf’trﬁ‘QCtHF%c%% ,P'Héw'%waagaa{/aﬁe%d&%fc}h??ﬂ{egt&%iqrﬁmﬁémes
are | ar gelghaagas Riinealptiefihrepsnies of HEGYUZefnge, Sl oWl y varying structural
properties producing diverse tissue geonetry. Consequently, the tissue of a
gi ven subject has distinct systematic spectral absorbance features or

Pe tefla: 'S4 (RABE Pl T AROSISHEN Y Eatiiper dheiorliss,of Almatyin Jarirarst"
absor bancqn{eaigatios BémhdieR[P! 26, e/m)l,_sd&i 549 QY8H ?;a\mm%&&d,os' FYanl, A.

subj ects they produce confoundi ng nonlinear spectral variation. Therefore,
di f f er encedelpbt e savigwbplethes optical spropgriicdsi chhiolodisahtissuasy (EEEnmirnalashi ve

nondi sper Sevanug Eera0 e 46 shUTE P B1ShEARE (e 088k 8 B8rfap. D dpec
through mytiyagi JNGRHENY ay8sntisMh avma )t ijpl %d’d&ea&smgggﬁﬁéir@eom

factor based algorithns. Significant effort "has been expen to nodel the
scat t dbi ngsgeEchpehoiossetof. the gupadtnofdsthficalty ard |dymnanicallyalatiabiglogtical patibl em

tlined i h | | d, Variatj f th
Sype 11 ot g SR et BE a2 ALY o R Pidn K Mo S o8Fel 4 v
variation ssroubh Gbr 3fe AstRtdtioneof Dol UMPasitBRT PRRIHSAMAEENCEO! The

exanpl e, several reported nethods of noninvasive gl ucose neasuremnment

devel op cahmprican dourmaef GlinicaltNutritors #éc ppi ¢123 1440i(Reicy1 984 Sottemmashor t
period of tine. 35 0..SEP 5 See, . for example,. K. Hazen, d.ucose
fot er mi nat TURTA930 1 Kasai rBlPPadk AersigBie disshr Plirkiesso Lt iesedBlg e
Doct orgg  Disesiobadpio Bigridid Memhsirh¥asiireim@@ of AushanlPB9sled JoBHIATR Hidhedichl
vitro nodel for human noni nvasi ve bl ood gl ucose neasurenents, Doctoral

g
Di ssert at i @pticaudi(dlerrd. i 824 (aet. (1BB); A.9Rrpfio, dfghiNrarmaperinsolissur, Appliad D.

10 rroni 1 or PRUCS, KL ZBHIR) BPcamicczees Ching! faadk Ay b VAT meiaty S cRichEed, iy =
38/9, pp. Sftéhbtegd 2 SIR9Bkin ditics, EHEE TesisarYehs enmeflediral ERgirdictihgr esices

bet ween subjects and therefore cannot be generalized to nore i ndividuals.
However) t3&18hiPPoi 346-dA5AdBEFs1HRe , 15 not been tested over long tine
perio during which variation of type (4) above may require recalibration.
Furthernore, the reported nethods have not been shown to be effective over
a range of Thegeevdridtioadnctudsatheddilawiag gehevd) gatbdoriedesi rabl e to provide a
nmet hod and apparatus for conpensating for the 20 variations descri bed
above. 25 The invention provides a nmethod and apparatus for conpensating

for covari ati ; k et | Speei ggg%lt i
state vari g’t ié&ﬂla bGP BEE ét?"laﬁ ifibde 4 ls'| léQ’t Et‘%ﬁ}‘;‘ﬁ‘s n |"r3?t‘ gﬁ%l g%’ﬁ%g%fil%@érn
recogni ti on <fbioekh drizhites serchtpadMesliapfandetzay similtghenalslybovadriboief tindeperiddsat
are nost appropriate for the subA'ect at the time
30 This produces spectral interference and necessitates the measurement of
absorbance at more independently varying wavelengths than the number of

interfering species.

2. Sample heterogeneity. The tissue measurement site has multiple layers and

35 compartments of varied composition and scattering. The spectral absorbance
versus wavelength is related to a complex combination of the optical properties

and composition of these tissue components. Therefore, a general

N



30 of  neasurenent. The calibration nodels are devel oped fromthe spectral
absorbance of a representative popul ati on of subjects that have been
ségregated into groups. The groups or classes are defined on t i3 SERi 20Df
structural and state simlarity, such that the variation within a class is
smal | conpared to the variation between classes. C assification occurs
through ext rapkadntSRdii ot mbdelt fethel 54R §§s&9§ﬁéé’%ﬁ%€tr§9ﬁf§ hYAid&lrad gl to
the current subject state and structure. The invention provides an
intelligent diffistuitte fenlizewadheibagistdf diot! panaipleses noni nvasi veiy. The system
operates on a near infrared absorbance spectrumof in vivo skin tissue. The
hi erarchical architecture enploys a pattern classification 40 engine to
adapt t he gcatiabf ghligfion® VBRafddUiRitHE %hbﬁc?@%h?ér@ﬁ)gw SRl HtfebPHCapticy) at e
of 4 3 0 SEP 2B02 5 the subject as manifested in"the absorbance spectrum
A priori i nprpattlasnofabmue tdyerp ahdwomnpastiments mﬁergarmaévelwah@m petigd ioé

used est blis ner al.. cat ggories, of su ect ect erference
e T edficed Bymem s P Beney 7 ool enicbh Sefed © HsThie [eis,qpanoss
categori es, |F15tﬁb'|\}dltﬂﬂe'thdthHrcHVt%’od)frﬁﬁieCﬁéé&% RBRHERQYsIRMS afiér SteFitraiise
calibrations. 10 Two classification rules are disclosed: The first rule
assunes thatﬂuduahﬂnagﬂntmaoéhﬁﬂm@kkmymagblu5|ve and applies specific
calibration nodels to the various subject categories. 15 The second rule
uses fuzzy set theory to develop calibration nodels and bl ood anal yte

predi cti ons. StAQUR] W RiatiBASH TREtIsBIAERAACEARRELoNARIVdIRILAMRF bY T fabult®f

i nfl uence nore than one calibration nodel according to its class

menberl§hi p. Bictars dhatjinciude hareditasy mronrrmtamm@amaa, m¢ea@ag|pb¢@&ssmear e

conbi ned throu h defu22|f| at i 0 oduce the fin a a

oredi ot i on. Eh R KR ShiriateEs 8 1bigiaRafiinicq Bh i e
schematic di aaégm@édae{h @fdm%'t\%%ﬁgestﬂfct@r'&l 'ﬁ?bﬁéﬂh’e@%d&k&ﬁfgeﬂlvfe%e tissue
noni nvasi ve nmeasur enent of anal yt es accord 1 ng toth i nventi on; 25

Fig. 2is a gwheuv rlepnsrausintly, tissiastandea givent suectMag dstmst sysemakic

rvent | on; S SosArERiree ot Bhbet s RAl BN HE ViR aftasPuad bRfiteng

two erggodi neaﬁ@ra@fertslﬁes heichi 46 dbapAIOBRMNESS ! Srofkik | l@esih faneRpe@BNnS oL Mat.
where Fig. 4A shows subject classes that are nutually exclusive, and where

Fi g. 4B show¥higthe %h)%@'@ii'ﬁfF‘-’téQﬁ%WSaaiﬁl"leéaafta@‘ea%|Sg'hJQ§F'a%\éﬁrn%ﬁ§§k‘@HPB afo
nore than on l.ass GO t ock
schemati c di glét(r}gﬁfss ﬁh%{)h%&% e%g'lr‘@ nB?]Ig Egmﬁ% eés}:“lea?n riE‘ltlgnt u;ﬂ‘ Préopé
excl usive cl aﬁ&eén@@@waﬂwsent@mémslmeatsngﬁmcéﬁt Ebltacﬁe its mebhomhvaswe
schemati c di agram showi ng an exanple of parallel calibration nodels for

nut ual |y excMesSYESrBenisef %%@?‘Hﬁeﬁéhfpﬁggﬁﬁﬁlﬁw&‘iﬁWrba@?e ' ~$ 0 SEP
2002 54ig. 7 is a block schematic di agram showi ng a general calibration
systemfor fuzzy class assignnments according to the invention; Fig. 8 is a
bl ock schemati c di agram showi ng an exanple of parallel calibration nodels
for fuzzy loer nendispersivetsystersosatiatigns similaetd (W ebovenre easils rpodeledsheouginock

schemati c 0 intell] enent S steminstr rdl ng
Co the i n/MEVERAEiGBRalgUE! L chs TARHI TREbL PGSR T i FRelbe g
nmeasur errenétgamheaﬂ Bigriichpt efiba hagl rResi dipeatib@fo MURS tRs Seatd g propehtes
invention; Fig. 11 is a flow diagram show ng processing steps for

pr epr ocessPhidpsyednfiffesa taflectance althragh theprabigm Ollb"ne&c'@dﬁ&haﬁQV@ hagrheen

I nvent4pn; largely unexplored. Variations of the type listed in (3) and (4) above causes

significant nonlinear spectral variation for which an effective solution has not been
reported. For example, several reported methods of noninvasive glucose
measurement develop calibration models that are specific to an individual over a

short period of time.

35



20 Fig. 12 is a flow di agram show ng processing steps of preprocessing 2
and feature extraction 2 of Fig. 10, according to the invention; Fig. 13 is
a bl ock schenatic di agram show ng nenbership rules according ?P SETE 2002
invention; 25 Fig. 14 is a block schematic diagramof an intelligent
measurenent systemw th fuzzy classification according to the invention;
Fig 51 rg i r 1 CLlon:

br ocedsed o L FpiP, RIYRIRH, T PEEF GBEGTRThRRR 1) SIUERAEPIAAGSS Ping
accor di nghdap-infrerei spedlrosuopyFDgctotdl Missatates, Uiieemsitpbf e Bug.heasy)l ot the
menbershi p function for the fuzzy classification systemof Fig. 14, where
two feat (HUEDCITEr d@ekﬁl’"?d"ﬂé?’epr‘hW@%@M%V%WQMWHPW%S&IW@H% and
age rel at 1 i Kk
ahemt | SO Slar DRSERaUAT ALy bPIP (s (P ST, Fibindoh, 2G5

i nvent i or{aasand 4G. H’(cgappl&E i Bhansd oBkSss@lhﬂd}alFl CRdh)lagora,thamgvé Rgucose
defuzzificatjon progess, according to the invention. 0 SEP 2(f02 5 The
i nt el géﬁ@nfrpé@guﬂa@ﬁﬂcw&eéfﬁ e PERIiiBR Y P eIk &vndggemaa(ﬁ/@@

noni nvaS| gg% anal yt e neasurenent accuracy. This is acconplished by
defi ni ng ubpopul ati ons or cl asses of subjects whose structure and state
produce simlarly featured NI R absorbance spectra. The cl asses have

i mproved honogeneity leading to a reduction in variation related to the
opti cal Q erties and co OSI i on of {She sanpl e. Because the interference

i s reduce RPEOR Gk aXAHi 88@ ing the ditierengesnaeteenasaipsisnand dhgreipre
unchangedsa, di BGHBAS fhdivid Al 158 chiib bielsoRhe? e
One goal a{\ OE |S§?1tel ?%ent measurémant Sﬁo%v%v?ﬁ@? cHh Fagkheorggu?fee\i?%\}(%d
anal ylitSes nudieendestedoveotang tamehpeaode Qmupglvermcbrvanhtnamb] tples(4atabege intays
physi ol ogi cal sta Th t hod i o classify subjects accor t heir
it e andedueicaiBratind. ExpRomhoRs he ot BRSKS a0t hes Sendy oy

cal i brati QR Pd8ler & ParifeestitGhe td)aR8Mrianshyt €s. The archi tecture of the
IMS is showﬁ In Fiér r&rand g%ens%}sts of eral conventional threelayer hierarchy
(see, for exanpl e P. Antsaklis, K Passino, ed.) An Introduction to
Intelligent a ono Cont st on: , Kl uwer Acadenm c Publi shers
(1962) ) *58 Wl bB srBE B Ruie e TBacArich ABRARI o 0T SARERRIE 190 Herhe
executd onvdremyiens diéscrrémeliatewet he tissue absorbance spectrum from an
instrunment 28 and perforns rudi nentary preprocessing 29. The coordi nation

| ayer 14 perforns feature extraction 25. A classification system26 is used
to classify the subject according to extracted features that represent the
state and structure of a sanple. Based on the 30 classification, the
predictions fromone or 3 3 PER S 27 are used to
forma glucose estimate 1 prood anal yte prediction
are p%ﬁssed to the rranagenent | evel 12 and actl on is taken based on the

certaintyTieé utvlaﬂn@ﬁtp'rm&@s a'Fﬁ'@thBB%ﬁleéﬁﬁrah%V@'r cbﬁqp@n%@tnﬁ@@%ﬁ)ahhﬁoﬁ of
coordi natin ithmc events, nonitori ”%}é he . erfor ?é l?ased

tzaﬁ Ak ralagk |
on the cl LE! ffﬁfj Qﬁge%"gsﬁﬁr@g eAFIgEogRIEY s SIS VA t"?%ﬁ rﬁ ﬁtf
i nformati mrlategmrmrnggbm émtedigent p2steriV ieciognition Sy steemchét @ daipgblel of t wo

di fferent d@t@%ﬁ?ﬁ‘@éhﬁr?ﬂ&r{ eié ﬁ\%ﬁ LPg n?ds‘?#g‘?@ﬁﬁﬁg Jog{hee %u%%ét %ptg%qgﬁ@

uses cl asses t are nutua exc| usi ve secon
appr o?eh abpreasureqesy. sdhe ﬁéBPSP“LO@ RRla arasdaveleredfaopr 8e ctresiral ul es
whi ch al | gpsdsrbahes shiaprel resrmanxehpdspmaﬂomloamb@w tﬁdtambaerals%grajalteavs

i gni £ caits gy ol Bl Bl S B At o badR Wkt el B, i ng

of the sysimilgripersushrihatthe wasatianewithin armasr.a @pﬁmaé@m@r@ to the vanatlon
between classes. Classification occurs through extracted features of the tissue

35 absorbance spectrum related to the current subject state and structure.

The invention provides an intelligent system for measuring blood analytes
noninvasively. The system operates on a near infrared absorbance spectrum of in
vivo skin tissue. The hierarchical architecture employs a pattern classification

40 engine to adapt the calibration to the structural properties and physiological state of

4



The sanpl e neasurenent or tissue absorbance spectrumis the vector nE 9t"
of absorbance values pertaining to a set of N wavelengths ~ E fit" that
span the near infrared (700 to 2500nm. A typical plot of ngQesEpP62, s
shown in Fig. 2. Assuming that variation in the target analyte is evident
in a consistent absorbance signature, 1S the absorbance neasurenent can be
per f 05 Megheblfiger 4¢ ATReSAId R the d¥omsitbelblddifn of bR6A AMESmdtion!dédi ol
al ternate nethods w thout negatively i1npacting the proposed algorithm The
nunber othepimasasgunesalf asagifis vasahkilifyuiscusarhtooéstablistc gessrat categdes @h
between the targ anal yte .and, the interferi speci.es. For noni nvasive
appl | cat FHRSCER {The: SR TA dRETPAPIGR 1 ReRIaA RY ARPIVIBS/GAURIAURN SHUCRES. ¢ he
20 entir t i f - 20T i - LY. il
oper at i osRenE oL Rt HiegBHER! REBRTIA™ Pkl préqhiblctoityy and
filterinpassitonidlhercatipatishsr mati ons that attenuate the noi se and
instrunmental variation without affecting the signal of interest. The
pr epriocesyeniciassifiestionrratesmre digel®ded:, is determined according to: x = h(~,,
m where h:~t""2 -~9t" is the preprocessing function. Pattern Recognition
System 30 A_set of subject groups or classes exists with nmenbers that are
defined By I fmrrtr'sr#wnaﬁs dhadcine elasegs aresmutydllyppiglustver aed Applieet s
accordi ng tepdclfie datibtatiohamodels ¢e thd Vericpesibjedt cutdgodieon rel ated t he
di verse structural properties of the subject popul ation and physi ol ogi cal
states encountered. The spectral absorbance neasurenents corresponding to
t he dasgesThe seaoned relerusgerieanssehigonhto davelpp cadibrsion raptels. anthilood
magni t ude ohnAiiR SiRAtoAL, STHHaloref eAd1e chthi@fbn %Mé%ash@\‘ée%ﬂfc)ndrﬁsggbns
i

unchanged. Therefore, calibrati del s fqr predicting bl ood anal s that
g o3 0 coiiogeemorgBan kg ¢Rlbraion mpdel;adpring do AR ClaRp dusBReTh e

| ess conpl eSinsitadtlyh &hvee peadictiprsoiverd heveethaof oae calib@tionTdre goanbieed through
recognition ; i } . Cl if .ral nmeasurenents into

t he previ ougﬁn/%g |t@56?g§2€é;th{eﬁ}r%bg gtérlnuécm)é/rpz?&gﬁné ‘state similarities as
10 o®erved in the tissue absorbance spectrum O ass nenmbership is an

i ndi cati on of whichBRfbr 4 R IPT N: FHE_ MBS \ to estimate the
concentration of the target bl ood anal yte accurately. Therefore, the
pattern classification systemis the essence of the proposed intelligent
measur enefrig. 3yis ebiosk gghematici djagram o6 apj grche¢tyres ofendntgdligant system for

repr esent@riasie hB&sRahiedk Bf 6loa8 Tnalyiéd h&ELraNYt8The Rengyst em has two
gener functions: The extraction of features, "fand 20 The classification
of t features according to a classification nodel and decision rule.

Feat ur e eKigr 2dd a typi@d nosireagiveabisertenceadpectransf or mat i on t hat enhances a
particul ar aspect or quality of the data that is useful for interpretation.
The classification nodel 25 30 is a nmethod for determ ning a set of
simlari t(jlgrrgdg@rg@cb\,isphemgc Fglqgjgm fta pattern classification system according to

the invention;

30
Figs. 4A and 4B provide two different flow diagrams showing two embodiments of
the herein disclosed pattern classification system, where Fig. 4A shows subject
classes that are mutually exclusive, and where Fig. 4B shows fuzzy classification
applied to assign class membership to more than one class, both according to the
35 invention;

Fig. 5 is a block schematic diagram showing a general calibration system for
mutually exclusive classes according to the invention;

40 Fig. 6 is a block schematic diagram showing an example of paraliel calibration
models for mutually exclusive classes according to the invention;



cl asses. The decision rule is the assignnment of class nmenbership 32 on the
basis of a set of neasures cal cul ated by a decision engine 31 (see for
exanple, R Duda) P. Hart:, Pattern O assification and Scenea%ﬁ ' , John
Wley and Sons, New York (1973); and J. Schurmann, Pattern aSS|f|cat|on
A Unified View of Statistical and 30 Neural A-~. proaches, John Wley & Sons,
I nc. Wthin this franewy t fferent cl ss flcatlon
schenbs. S8 bIopALEK Sl et Dol a8 eendrraybrasin Bresdat u?

cl assi f i chiss@ssiysants a8carding tagbarmentibat t he cl asses are nutual | y
exclusive and forces each neasurenent to be assigned to a 35 single class
45. The schene shown in Fig. 4B enploys a fuzzy classifier 44 that is not
nut ual |y é&cﬁd§|ﬁ/@locﬂtﬁ%h%{l‘ﬁm\sj'%@@ﬁ‘hﬁhéwmﬂ Ravexarepiserk Rakallieh catipratioRan

one cl assnsdelitdraneglsdtaseighmumy adesrdihgtanheinkativeen zero and one

i ndi ﬁtlng t he degree of nenbership in each class 46. 9 $ 0 SEP 2002 5
Feat ure Extraction Feature extraction is any mathematical transformation
that enhdrige$ise hlogkischematia shirgramost aristeligasit eneasusementssystaroinstrument

i nt er pr elg@bbhRihd fPPe ihntdpanpl e, R Duda, P) Hart, Pattern Cassification
and Scene Anal ysis) John Wiey and Sons, New York 10 (7 973)). The purpose
of feature extraction in Fig. 1 is to represent concisely the structural

properti égand iphyblock aghealatist diagrarh dfithetintsiig@eniessasuesmeht system Wit set
O o3} Ucttp chatfdibO ik essbbNASE AUINARLOANG determne fhe calibration
nodel nosSt "use te

prediction. 15 The features are
represent ed in a vector) z 9"i "' that is determ ned fromthe preprocessed

neasur emeay, § NiPEJldiv élabra\tﬁ%h@mﬁng ptdtessiigdiéss for Fr&MoBBsdihg™ ddtefeature

f d fi
o or BRbrRRaY T B4 Yo, n2ebiiy eHBB SRR g 3 20 speet o Fest ure.

The di nensi on, M‘ i ndi cates whether the ith feature is a scalar or a vector

and bje aﬂgr ¢93 h%bv%na@'rémfmﬁgﬁsrbéeéshgﬁt%gk% preprdBEkiRg e d dathd

represented as a_vector -“or a tsa certain structure
i ndi cat | RXti@etion2,p{ddg- 1A, ﬁQC%'WEQ tothein@mdieBhon. 25 The i ndi vi dual features
are divided into two categories: Abstract, and Sinple. 30

Fig. 13 is a block schematic diagram showing membership rules according to the
invention;

25
Fig. 14 is a block schematic diagram of an intelligent measurement system with
fuzzy classification according to the invention;

Fig. 15 is a flow diagram showing preprocessing a feature extraction processes for
30 the fuzzy classification system shown in Fig. 14, according to the invention;

Fig. 16 provides a pair of graphs that plot the membership function for the fuzzy

classification system of Fig. 14, where two features are used to determine the

degree of membership in the sex and age related sub-sets, according to the
35 invention;

Fig. 17 is a block schematic diagram showing fuzzy membership rules according to
the invention; and

40  Fig. 18 is a block schematic diagram showing the defuzzification process according
to the invention.



Abstract features do not necessarily have a specific interpretation rel ated
to the physical system Specifically, the scores of a principal conponent
anal ysis are useful features, although their physical inter re%gﬁk@ﬁ i s not
al ways known. The utility of the principal conponent analys ated to
the nature of the tissue absorbance 35 spectrum The npst significant
variaion in the tissue spectral absorbance i's not caused by a bl ood

anal yte but is rehate on of the
measur ement site. ¥k b-Ser—+ ; . S PHreH incipal 10 $
0 SEP 2002 5 conponents Therefore the Ieadrng prrncrpal conponents tend
to represpstinvgiligait aedstrémedt ts9stdhe Hdreit dicidsdef ep@nae@sm@l\/ed NIR
physi ol ogi cal state of the tissue measurenment site. Sinple features are
derived PpoiRvasive bmadornalylgdesasuinaientaesuracie Fhifps aceaiaplishediy dajining at ed

Tromh 1 sbFRehulleH S <RREAREE SOBiecly Bhtts SEANUIE BobilRhecPRefEe SFhiitla Lo

1. Thi Ckfm&re@fNI&dab@c&Bahd:éspI@ct(&e'ﬁhe tRssexhaws in rbve@ihbwaigenlérty Nading) C. .
Bodwel I) A new approach for the estimation of bo nposition: infrared

i nt er act ¥hadpdustiomin xadatien relang: teathecdptzal nrcmr’?/ mranritqqsmposrmn ppthe

1123-114 d. A ce of
adi pose g ﬁe t%e%%ku)ﬁgs@gr 'H%nreégrgngg srlecéu el%g%ﬁ 980’85@9@@61* Eﬁ% #?(?ch
measur emaRklyed abBsomantb gl id umchahged, BisopBEhaal inciasesin §?r6:ﬂ)to-r1@ﬁlse

418- 424 (Oct 1996)). 20 2. Tissue hydration (see, for exanple, K Martin,
Di reé? mialinisdpeliredof noisture in skin by NIR spectroscopy, J. Soc. Cosnet.
Chem, vol. 44, pp. 249-261 (Sept./CQct. 1993)). 3. Magnitude of protein
absor bance (see, for exanple, J. Conway, K Norris, C 25 Bodwell, A new
appr oach Oy gbdieof ¢is¢ iirtaligent mfaabmeynemepsxeht (1M18) i$ B rmeaedre blbedatiagies) The
Anmerican Journal of Cinical Nutrition) P 1123-1140 (Dec. 1984)). 4.
Scat t eri RENHIVABNEY; @ErA diveEse perylatienr @é subrer: Seatatasion's r:mvsmleﬂ%l Stﬁ'ﬁeéht

t
L35 R RGPl o TR RIS
bi ol 2gi cabmnihirstioasof dnkekdr morer evdstingf calibenionmediets ta pradict they blood2t(ah@es. pp.

2166-2185 (Dec. 1990); and R Anderson, J. Parrish) The optics of human
skin, Journal ~of Investigative Dermatol ogy, vol. 77(1), pp. 13-19 (1981)).

35 5. SKi ﬁé‘cﬁﬁ% fﬁsf?@ |M§Fs SXAPIPFigR ﬁfl{j&fr&,‘?&s ofa fcﬁ{y%iﬁc?&;aﬂﬁ%e@pt I cs

N

of human our na nvestigative Der ogy, vol. 13-19
(1981 ); |a1yui rMararchy (see, for example, P. Antsaklis, K.Passino, ed., An_Introduction to

Intelligent and Autonomous Control, Boston: Kiuwer Academic Publishers (1992))

25  that operates in conjunction with an algorithm manager 10. The execution layer 16
receives the tissue absorbance spectrum from an instrument 28 and performs
rudimentary preprocessing 29. The coordination layer 14 performs feature extraction
25. A classification system 26 is used to classify the subject according to extracted
features that represent the state and structure of a sample. Based on the

30 classification, the predictions from one or more existing calibration models 27 are
used to form a glucose estimate 24. The classification and blood analyte prediction
are passed to the management level 12 and action is taken based on the certainty of
the estimate. The management level is also responsible for coordinating 22 all
algorithmic events, monitoring the performance 21 based on the class, adapting the

35 rules 20 as necessary, and maintaining information regarding system state 23.

Within the framework of Fig. 1, two different approaches to classification are

proposed. The first approach uses classes that are mutually exclusive. The second



~8 0-SEP 2D02 5 Van Genert, S. Jacques, H Sterenborg, W Star, Skin
optics, |EEE Transactions on Bi onedi cal Engi neering, voi. 36(12), pp.
1146-1154 (Dec. 1989). 6. Tenperature related effects (see, f®0 sEramRe, A
Patterson, Mddeling the thermal effects of blood flow in human skin) The
Sout h African Mechani cal 10 Engi neer) vol. 28, pp. 179-182 (May 1978)). 7.

Age 1 gl atapppreddteappliés fezzyf st tBEayPIceiorty a ANdssifier Bnd Bebakaon TuleBaivBich

Changes w th advancing age in the cell population of human derm s,

Ger ont ol ddiow, masnbership gp mare1thap 106 CESS: \Xhavﬁﬁmgmk a«tso @dhowsSfce) the

St t h J |

per mat of Ay SCUBATET opfbrE BNt R i it etV kS B
Geriatri Qhé/%slisﬁhg@wgds G{dIBhE Jt@rﬁvmdﬁhﬁﬁﬁ%bk theLsy@témSﬁé?fb%aﬁdé nbur gh and
London, pp.593-623 (1973)) 8. Spectral aracteristics related to sex. 20

9. Path| ength estimtes (see, for exanple) R Anderson, J. Parrish, The
optics of ﬁ%ﬁmm@t@n%mmapewngnvesu gative Der mat ol ogy, vol. 77(1 ),

pp. 13-19 (1981 ); and S. Matcher, M Cope, D. Deipy, Use of water

absor1 ion spectrumto quantify ti ssue chronophore concentration changes in

near - i nf rﬂ{eega%?i|e;ﬁ%§sru9éfﬁewor it a%%baﬁb@'s ectithn i 33% &ZJ\/%%E ézwgﬁ))

10. Volune frac bl ood in tissue (see) r exa Cenert,
Jacques, disoBbarcenbaiugs tha&lmg to Slgen cd N wayeldrighis Ieaﬁ'saicatl sumw the near
Bi onedi cal Engj neering, vol L E 1146- 1154 (Dec. 1989% 30 11.
Spect ral infarea7Opitetd %@9nm4 é‘t‘é‘ﬂ'cﬁ plehof AovereHs 1 isishoidRdag. 2. Assuming

Foatures el SR PongBlad naliF 3eBebl Bla 2SIy B APt Follslifen -
for epsanmhe) awﬁahﬁ@vmeéél&@h%m&%ns bansdrésesed fbﬁﬂwe@ﬁfhr’(é@m%ﬁélyl ahelgh m ne
their contribution to the tissue spectral 12 9 0 SEP 2i2 absor bance.

The neasulifdse sefleqtangs. o thgoqgéwe@ltea@a@ methegs withgut épg@t@@hst §mpaeting the

it or ot 4 osb Gt S R Th AR & ¥BGHEsary Thr SRt B Pl B PE R ©

cannot becrogpraseilaeon st@esh NGk etardSOLREINES amdofthé enteH@rihgr §pedig®dr efFof he
rel ati onshi p of denographic variables and the tissue spectral absorbance is

not det erMHNGASIE amairc oSl signéfomal varatigmeisinang h@tweatuh@rndua%dée
prop y related to age but also vary substantially as
a regj é?tﬁ%%f)aéﬁ‘{‘@ﬁ%hgﬁﬂéﬁ ‘envi ronnental influences. Therefore, factor
based nethods are enployed to build nodel s capable of representing

variation_in the neasured 15 absorbance related to the denographic
vari abl e. PreRsoges5iegi3daFigr B inshsiescarandionsafeeh dsesealing, dmrmlr?@t'ﬁﬁdm

const it ut ggy, Qtf{lﬁit#grﬁlaﬁf«t)@é fiifeRth Y Stiep %%?&rtrizfllon\éathgﬁéhé’ﬁuétﬁ F%«éé’ the

dermogr aphic vari he ‘conpi atl on o ract sinple teatures
consti t ut asd ifstruiietitalermsiatioalwiout eti¢ating thpaignalldiéntecest e Thagaepsooessed
i nforpation across .the res, optinmum feature sel ection andl or

§,et f feat
dat a tonpleasHEmed Xp i 8 q’%{ﬂéﬁ%@ﬁ%@ff’ﬁ@ 'Pobust ness of the classifier.
x=h(Am) (1)

where iR RN is the preprocessing function.

Pattern Recognition System

30 A set of subject groups or classes exists with members that are defined by the
similarity of specific features. Grouping of the subjects according to the features
reduces the spectral variation related the diverse structural properties of the subject
population and physiological states encountered. The spectral absorbance
measurements corresponding to the classes are more homogeneous than the entire

35 population. The magnitude of the spectral signal of the target analyte, however,

remains unchanged. Therefore, calibration models for predicting blood analytes that
8



Classification 25 Feature extraction determ nes the salient characteristics
of nmeasurenents that are relevant for classification. The goal SE tﬂ@}
classification step is to determ ne the calibration nodels) ShoEPs e
nost appropriate for the nmeasurenent. In this step) the subject is assigned
to one of many predefined classes for which a calibration 30 nodel has been
deve\ppegreaBPedifis t8 bubfestatlasséd ar@ RiXpeRted 3 I BY ddLBoMpISL dntt Heve!pped
for simlar tissue absorbance spectra, the blood anal yte predictions are
nmor e accinpioeed lexal afifgsuraslt ai ned from a universal calibration nodel. As
depicted in Fig. 3, pattern classification generally involves two steps: 35
A mapping (30), and 13 ~ O SEP 2002 5 A decision engine {31 ). The
mappi ng TRapHtteh teghitith|sysicny iPbedifRed @@_Tcws%ﬁistr@v\péﬁélﬁfdl eeagraments and

t he deci sion engine assigns class nmenbership. 10 In the foll ow ng

di scussi o theuprgeiedplyl dedined eassescihaesgh i tutotuial ansl gtatersipdlartighaas i r st
“meth uses ual,l v.. excl usi ve cl asses andAf herefore assi.gns .each..

reasty enghgere BhlbeisBle 3t ae SRy oS HreeB e eRr9D5 e PRJSRERtan Pbin
syst em t Rfchaddlipvgtion AedleEeeairfodtNikal ¢ Ramatnens lcansestratidt snerus! y.
Both nethods 15 require prior class definitions as described subsequently.
C ass Defargetblopd Bnalyte aecwptaint Therefaee, dhagittars slassificafion arystesq s thes a

aml | ngete ER D s iopr R Ficd e TRET RO eSO ERRER: "ot "Eie

measurenents in the expioratory data set to classes. After class
definition, the nmeasurenents and class assignnents are used to determn ne

t he MappFity ¥ isomnare dedailes eepresentptien oidbp ratient slaselficatianssystdmniTheon i s
per forne i r rvi sed or an unsupervi sed approach (see, for
exanpl e, 9@@@%&@%&%@?@#%%& assification. A Unified View of
Statistical and Neural Approaches, John Wley & Sons, Inc., New York
(1996)). In the supervised case, classes are defined through known

di f f er eneesTherexttastidavhieatlresuand of a priori information in this manner is
the first step in supervised pattern 30 recognition which devel ops
classification nodels when the class assignnent is known. For exanple, the
mMaj Ohht Y 4Of 4 il : r L act
oot &0 ahi Ty Seet R EASA A te iAol bORuAd T R ROy Mo Aol 08 RS
fat, tissueaulgydrati on, and skin thickness. Categorizing subjects on the
basis of these three features produces eight different classes if each
feature is assigned a "high" 35 and "l ow' val ue. The drawback of this

appr oach Feﬁtdr@%&trﬁ&ﬁd?ﬁ%ﬁ fahy® niatherdANE thhsidtmatidnthabEniHiesn ﬁ%ﬁhl@?!
simlarity and the nunber of” classes tends to Increase exponentially wth
t he nunbaspedt drepmalityed thedataplibat isseadifuldohinderpretitios.o Mok clagsifidatios peadel al

ts t | d devel | ysters . t ur al i f th
Gt a3 B0ne.4 el doF dBtmining & Ret of SIHSHE! meastiey uthy 1R Adeloed
honbgeneigigssad d ThE debRidMERIk &ltHS b8SighRRAM Bt LIR8s nfdrHBERhDH 52 bRRA: basEof

features with physical nmeaning can be interpreted based on the known
under | yi ragsedioé maasHmEs cucidated hyaa dacision enginé81f(eae Uoe exampte, Ridyusddze P.

cluster alysi s do not _use a iori infaormtjo nd ¢ i el

“neons: st BelsfitClashiloahBs Bofidatel andhize Sphg WRY siRredte Ve Xorka 1o
use a pri@or3kanwl jedeauanahe PAtedrataiassiftatidie Aaahies \ieRcst diafistal dpal |y
occurring spectral classes. Under this approach, classes are first defined
fr omwhe%dﬂﬁﬂ.ﬁm, sloperWilewd Sanménc., Rawhy okt(1996Y)eat ures i s di vi ded
into two or nore regions and cl asses are defined by conbinations of the
feature divisions. A cluster analysis is perforned on the data

Within this framework, two different classification schemes are proposed. The first
scheme, shown in Fig. 4A, provides a classification system 43 that assumes that the
classes are mutually exclusive and forces each measurement to be assigned to a
35 single class 45. The scheme shown in Fig. 4B employs a fuzzy classifier 44 that is
not mutually exclusive. This allows a sample to have membership in more than one
class simultaneously and provides a number between zero and one indicating the

degree of membership in each class 46.



20 and the results of the two approaches are conpared. Systematically, the
clusters are used to determ ne groups of classes that can be conbi ned.
After congloneration the nunber of final class definitions i h pi jcantly
reduced according to natural divisions in the data. 25 Subseatpz E t | ass
definition a classifier is designed through supervised pattern recognition.
A nogel Featgrecrkipdctigncd on class definitions which transforns a neasured
set of features to an estimted classification. Because the ultimte goal
of the classifier is to produce robust and accurate calibration nodels, an
iterative approach nust be followed in which class definitions are

opt i m zdgatwesextragtipn: isearno mateematical iramgfornatiore thasenhaneeata qyalityrar

app | o0 0ot IR el e ST lrdheRBle ey Babi R Wl Falindife,

stati st it | Pattene ClagdifieatRAPared s&@c&nw&,%rﬁw}ﬂ@weﬁfms&gﬁﬁbwi e&kion. A
Unified View of Statistical and Neural Approaches, John Wley & Sons, Inc.,
New19or K1973096)he gautpaee ckelatdire extramtion iadtig, 1FgAzyeptrieing choeisphyt ther n

370 sep Bbre MaberleEaia SRR salol hEtRbe mPRT ARG S T po0™ 0

cl assi f igtrfeaturéess giaed tbyclA&sify thensiitsjetnamd tdABImiNB ARE edliratiohansteNn et i on
fromthe feature space to a class estimate which mnimzes the nunber of

m scl asgnestamefder bippd anglyie prediet®nmappi ng vari es by nmethod as does the
definition of optimal. Existing nethods include |inear discrimnant

anal ysis (see, for exanple, R Duda, P. Hart, Pattern Cassification and 10
Sceng AR itSatud@ardl teteadftedOns .a NewtoYolzk (M IHa) Is dStdYkinés Efomf e
exanple, S. Wwld) M S ostrom SIMCA: A nefhod for anal yzing chem cal data
i n ternPreproseasechmeapguaidentthtaugy; Chenonetrics: Theory and Application)
ed. B. Kowal ski, ACS Synposium Series) 52 (1977)), k nearest-nei ghbor (see,
for exanple, R Duda,/(.x)Hart, Pattern Cassification and Scene £83~~, John
Wl ey and Sons, New York 15 (1973)), and various forns of artificial neural
net wor ksyk&Rer %L 9eXamphapping HaYK il riidAmbRE ¥94deSto tﬁe%ﬁﬁfr@h’%’éébye
Foundation, Upper Saddle River; NJ, Prentice Hall (1994); and Y. Pao,

Adapt i veD&adrhposinBefogyictdsospenific Nanstdrmistionsy ke): RO foVdetleeminylad shi ng
Company, Inc¢,, Reading, MA (1989)). 20 The result is a function or

al g0 t ngRacHistfeatse. tThe dimengias, i, indicatpsswhethep theoithfaatureds A SPAIAGRIRE ¢ i s

o0t B e SN B by il I OUBHETz LRSS foqu s, f

is used 10 Se ation no scusse

connect i wpragdnited alsi Hivatiodvr 2paftenty it Etrilsiss bi catairo stridbiute irgdicdtivet ofcan | y
based class definitions provide a set of classes applicable to bl ood

anal yte STivERd BINYSIGH @NSPPMERP properti es of the tissue sanple resul ting

in spectral variation change over a continuum of val ues. Therefore, the
natural variation of tissue thickness, hydration |evels, and body fat
contznt , Thenndividualdeaturesard digided i8I0 teloasdeguiad: ap. Di stinct cl ass
boundari es do not exist and many neasurenents are likely to fall between
cl asses and have a statistically equal chance of nenbership in any of
several gl a}%%% t'g;‘%r efore, hard class boundaries and nutually excl usive
menber shi p uncgl’ons appear contrary to the nature of the target

popul ation. 35 A nore appropriate nethod of class assignnent is based on
fuzzy set theory (see, for exanple, J. Bezdek, S. Pal, eds., Fuzzy Models
for Patt®rdiR&gnition) | EEE 16

30
Abstract features do not necessarily have a specific interpretation related to the
physical system. Specifically, the scores of a principal component analysis are
useful features, although their physical interpretation is not always known. The utility
of the principal component analysis is related to the nature of the tissue absorbance

35 spectrum. The most significant vanation in the tissue spectral absorbance is not
caused by a blood analyte but is related to the state, structure, and composition of
the measurement site. This variation is modeled by the primary principal

10



3 0 SEP 2002 5 Press) Piscataway, NJ (1992); C Chen, ed., Fuzzy Logic and
Neur al Networ k Handbook, Piscataway, NJ, |EEE Press (1996); and L. Zadeh,
Fuzzy Sefs, Inform Control, vol. 8, pp. 338-353 (1965)). Geig0 SEPy2002
menbership in fuzzy sets is defined by a continuum of grades and a set - 10
of menbership functions that map the feature space into the interval [0,1 ]
for eachcohgsmenthie Fnerafor thentexdimg priToisie cappesets Standetal egp e ent

cl ass nmenbership with "1" corresponding . to the highest degree, Therefore, a
sanpl e cé(ﬁr‘ép?r'ﬂll’?}gﬁ%ﬁgltpe rustyrahBERPEtiesdnd Rvaiplegigalcstate; of the figgue

mappi ng f f pace to a vector of class nmenberships is given by: Ck
-fk~z~ ( QA\%{;?@%E{&?Z ... P, fk() is the nenbership function of the kth
.class) cke [0,1 ] for all k and the vector cE 9tP is the set of class

‘menber ships. , The menber shi. ctor provides the degree of nmenbership in
each of Pl EaseAede Serled Foman Roriciindersiandind oh the sampleanchean be

.al gorhth j f LBR| ti I sk jyons
a1 i 10 ealE BRI & R P ah O, ety B St Cefetle PRl baa ™
appl i ed dron dHRespectrakdtisndisanat mheasuements mchlidedut ars hotdrhitedetoand

optim zati on approach can be used to 25 develop the fuzzy classifier. Al
nmet hods attenpt to mnimze the estinmation error of the class nenbership

over a Utrgini LRrati I r edigt i
ccur o byPt HiokREoOb! SARDRE e cen B Ramaih, 2 PfwRl K YEnR, € Beage

measur enent Aasewlegpipcdach far the gstitnatibheofpvaxrfyoswdp psitioh :C infaares ysteeantames)| ves
a calibrati or set of caljhration del s that are adaptabl e or selected
o tHS basi SherAmean sadnal s SBHONTAR. Pt g g ADEo 85D A0ESer | bes
the cal i brapy y$t end t he Ly G b S dEf - P,&f}02 5
Mut ual |y Exb:oﬁgpé’eJ? gpfssrfegg & t‘ﬁ?@éeh%@%%&sﬁﬁ%@%@%ﬁ #éltcgrél&ﬁ ned}

cl assi fi cat indrared spasestdpic aignaislin tkeameaasdedmat atthymarv ndeslea Juluoomal of

anal yte predictiaon sed qn .the ] cl fication and spectral

nmeasur ement ! 'Ofﬂ?‘g'cﬁﬁ@eté”?s?(‘f)r Pﬁsﬁﬁgﬁg‘gt@ﬁt' &ﬁéé)f)S) i nvol ves the nodification
10 of the estimation strategy for the current subject according to the
structural tissue properties and physiol ogical state manifested in the

absordfanca Jisscerhydration Segeftsrexample Hi.tMartior Dinsetmegstratent af moistireoiar
calibration npodel such, as_nponl i ngar rtigl least squgres or ificial
neural net mﬁ(‘fi’s%iei\gﬁsgpfﬁtéoﬁﬁ%%'n% Sgci Sk r?ﬁfﬂi'i ar%.‘" Hhe %f%ggq

anal yte pre@gﬁﬂ./mt.fmggg)he preprocessed neasurenment x with classification

specified by ¢ is given by: y = g(c, x) (5 where g() is a nonlinear
calibration nodel which maps x and ¢ to an estinmate of the

3. Magnitude of protein absorbance (see, for example, J. Conway, K. Norris, C.
25 Bodwell, A new approach for the estimation of body composition: infrared
interactance, The American Journal of Clinical thtrition, 40, pp. 1123-1140 (Dec.

1984)).

4. Scattering properties of the tissue (see, for example, A. Profio, Light transport in
30 tissue, Applied Optics, vol. 28(12), pp. 2216-2222 (June 1989); W. Cheong, S.
Prahl, A. Welch, A review of the optical properties of biological tissues, |EEE
Journal of Quantum Electronics, vol. 26(12), pp. 2166-2185 (Dec. 1990); and R.
Anderson, J. Parrish, The optics of human skin, Journal of Investigative
Dermatology, vol. 77(1), pp. 13-19 (1981)).
35
5. Skin thickness (see, for example, R. Anderson, J. Parrish, The optics of human

skin, Journal of Investigative Dermatology, vol. 77(1), pp. 13-19 (1981); and M.

11



bl ood anal yte concentration, j.. . 20 In the preferred realization) shown
in Fig. 6, adifferent calibration 80 is realized for each class. The
estimated class is used to select one of p calibration nodel §0n8EP 2002
appropriate for blood anal yte prediction using the current neasurenent.
Gven that k is the class estimate for the neasurenent, the bl ood anal yte

predi gtion vap G”e‘mértYS.:J%uteé)H.(S@rénwg,rw%té}, S'IﬁnfdibﬁcﬁﬁEElEf PlanQAcHBre!

associated with the kth class. The calibrations are devel oped froma set of
exenpl ar absoBiemedicapengineering, ok 86 npr. b4 l15th Dge.c1988).ues and
pre-assigned classification definitions. This set, 30 denoted the
"calibration set,"” nust have sufficient sanples to conpletely represent the

subj ect EPYLAPePAAEYeldiBd F&Rdes Pbed N6t Sk QAbRA! ASTRIRSsOM MRIcHHB B
popul ation. The p different calibration nodels are devel oped i ndividually

from t he medmateffectaoiibjord flow mabumen skio, Jhel Sosils Affihan iiddehaniaak

real i zed using. known hods., i in i,nci pal conponent regression (see,
for elfganpl e?“a'.“eﬁé \‘i%;?éet‘?g) ?%éqﬁéz@'ayﬁﬁ%} variate Calibration, New York,
John Wley and Sons (1989))) partial |east squares regression (see, for
exanple, P. CGeladi, B. Kowal ski, Partial 18 3 0 SEP 2002 5 | east-squares
regr essi oh: Agetratated effectariaeg tfocexathplei ¥ Acdww, IBBelmike, 1- Batg,1088)9es and
artificial neyral networks. (see, ,for exanple, S. Haykin, Neural. Net ks: A
Corrar ehensi VA HRIRHSIOAES OFREFoaaar ey DL ymidn dein GenielPniar YolodDy

The vari ous pﬁp‘iiﬂ|95(1@%3,%');6\N.eMdMédha‘?RGEa‘?iis?lfé,SSﬁfD&u%’l%HéﬁbégirPBgtythb%dh?&l5 of
an 10 i ndependent test séet or cross validation and the béest set of nbpdels

ar e ilfcor posainedhe ntopirnal of InnestipativenPevbatolegyoel. Sy e 7 -2 (1079)aenrd df

subjects th has, a cal4d hration del . s ific to it.~Fuz Cl as .
Verber sni p ESOURERCHYz APBAUC kBl eticind Juid IR IR Cayrehd
passed a vetiiigsbndTERdIRGEHh RRdILaNEBH, phB03B2 (1978))est i mat ed cl ass. The
vector, ¢, is used to determ ne an adaptation of the calibration nodel

suitable for blood anal yte prediction or an optiml conbination of several

bl ood ana),yt LChi 1n _the general case, illustrated in Fig. 7, the
menber shi '\?gjce?&sp%ma?%gStbcrserﬁiaé%de%sgeg(‘absorbance 20 spectrum are both used
by a gy ngle calibration 70 for blood anal yte prediction. The calculation is

given by: y = g(c, x) {7) where g() is a nonlinear mappi ng determ ned

t hr ough n3n|FfaibI§ﬁgmeg$t§9§te§n(sa%?9n exeanplga Rt iAndearsertJ. Rarapes T8e optics of i al
| net ing. | f i ' .

doscribed prnan SR TR IvestoateCoRRR IR Yo o) e H 57 3% i,

shown in Fi candB, Shisatsepamnat €opa) DbrEaéliaans%Oof Wateadbsoretcn Spactram to
t hat shown in Fi 9} 6. However, each calibration is generated usi n,g af |
quantity tissue chromophore concentration changes in near-infrared

25 spectroscopy, Phys. Med. Biol., vol. 38, 177-196 (1993)).

10. Volume fraction of blood in tissue (see, for example, M. Van Gemert, S.
Jacques, H. Sterenborg, W. Star, Skin optics, |[EEE Transactions on Biomedical
Engineering, vol. 36(12), pp. 1146-1154 (Dec. 1989)).

30

11. Spectral characteristics related to environmental influences.
12. Hematocrit levels.
35 Spectral decomposition is employed to determine the features related to a known

spectral absorbance pattern. Protein and fat, for example, have known absorbance

signatures that can be used to determine their contribution to the tissue spectral

12



measurenents in the calibration set by exploiting the nenbership vector
assigned to 30 each neasurenent. In addition, the nenbership vector is used
to determine an optinmal conbination of the p blood anal yte p8@dSERi2002s from
all classes through defuzzification 81. Therefore, during calibration

devel opment a given neasurenent of the calibration set has the opportunity

t 0 i npactapgBraricBa TN endxdurdd abhwibutioales usSHd arfedturd Wi pRPesshtstthen
nore than one calibration nodel is used to generate the 35 bl ood anal yte
est i mat e.unggrlying variglp thioyghs siagls vélueche p calibration nodels of Fig. 8 is
devel oped using the entire calibration. However) when the kth calibration
nodel is calculated) the calibration neasurenents are wei ghted by their

respect i \Reai@iseretdted tonddrhegisiphicc irisamatish, asudPs ik tagd, el edrhbwatiensfofa
sanple on the calibration nodel of a particular class is a function of its
member shimpany, diffesent eféacts tiat) ganned bej iepsesanded byve isiitle @bseskanceqgpefitss i s
appl i,ed t lLatg r i 0 I Cl i.n f r
pasedomerusiEriE il EAREGTIAT OGNS yaRTice ad B AERR. srétid

Smi th. A gibitethdaeigrmstsdadrministiz si Bor exampié, ded@ian titkesssaand Sm? ot Yor k
(1981 )).. t5 Gven a matrix of absorbance spectra XkE ~Ji~x " and reference
bl ood andispt@ PERRRIESE Ak Slahgticelly tgjatedipaage butialse NarymHaseantially msaas (Astifent
spectra 1St rship lass. k of
chch apsqeétay i SHIREMURACRRICARSS. rhbydrife, TRERF1REEE Bt e

conponentgmplogedi toebuiy - madels capate (of8rgprebentindvasiation matie Xmeasurad
first n eigen vectors of P. The wei ghted covariance matrix P is determ ned
t hr ough: abserbangearqlatgd)topthe,emegranhic yaggbigr e ThatRrojeciionhot Adnepsredt s of

T V- PR ORI e Ry A e Mol afisifites B RGO MIRC AL QRN 8 =

artifici adpecatl adriatiohweiats] totthe dertdyedsiic pafisblgsed to determ ne the
frequency the sanples are presented to the |learning algorithm Alternately,
an extended Kalman filter is applied with a covariance matri x scal ed

accordi ngrf o cyinpﬁ%tri%n 3t %é%st?&?%gﬁp&fﬁﬂ{%émﬁa‘% ?O%sgﬁjtgé Zthéil\(ﬁ%tiringﬂsil)ﬁalt 0

find an optim I nation o erent b anal yte predictions,
based0on faatraspaesreDue so neunaasby pf inéartration laatrogw the lsee of eatuneat eptirhomd

anal yte predictions. Therefore, defuzzification, is a mapping fromthe

Vect br - of(eBI B eIy AR E OGRS SHan i PPBER 7 BPARTaLIS IR g ¢ o
a single @ealiydsgidpr edi ction. The defuzzifier can be denoted as
transformati on such

Classification

Feature extraction determines the salient characteristics of measurements that are
relevant for classification. The goal of the classification step is to determine the
calibration model(s) that is/are most appropriate for the measurement. In this step,
the subject is assigned to one of many predefined classes for which a calibration
30 model has been developed and tested. Because the applied calibration model is
developed for similar tissue absorbance spectra, the blood analyte predictions are

more accurate than those obtained from a universal calibration model.

As depicted in Fig. 3, pattern classification generally involves two steps:
35

* A mapping (30), and
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10 that: vy =d (~, (y,~Vvy,, 1.; . . . y p Dwhere d() is the
defuzzification function, c¢c is the class nenbership vector and yk is the
bl ood anal yte prediction of the kth calibration nodel. Existin t hods of
defuzzification, such as the centroid or weighted average, aréﬂk Pi for
smal | 15 calibration sets. However, if the nunber of sanples is sufficient,
d() is generated through a constrained nonlinear nodel. Al gorithm Manager
The al gorithm manager 10 (see Fig. 1 ) is responsible for reporting results
to the 20 opeieaision enginedB8tpting all algorithmc events, nonitoring the
performance based on the class) and adapting the rules as necessary. Both
class estimates and bl ood anal yte predictions are reported to the algorithm
manager . e i . cartal LY. | ass
romber shi e TRPERE HeBeuomeiRihah S, AeTBANES | bR AR aR e

cl asses tdeeisiampenyins aissigpsidlasgssmembergipat or that 25 the prediction is
invalid. Further spectral neasurenents are taken to determne if the error
is du€ to the instrunent, nmeasurenent technique or sanple. This error
detectio - ' [ ' (o) £ [ .classes are
necessary g (IBHAES bis8ls oA GiferalL S fbds ortE BlMalEn are PREESTER e
fol | owi ndirdt SnetRIdsERS ehutvadyt BRclusiMecrdasfdd ahchnHemfpes | dgyiged dazpul ts
of two fornms of the Intelligent Measurenment Systemfor Blood Anal yte

Predi ct i JRERSWEMNENh LR oRerdasfey ENesegond methed disegiacfuizaw clssilication gysletse
concentr gl | reci - Skl [,n at
ot her foﬁhéf)%%ovﬁ%g%%]b‘en ?%%h?)g'ﬁ rﬁﬂ]ezttrnggu%oéslggé %&@h'gg e§g§/|gl ()Btpoggﬁﬁocﬁe
firstisf orrequire Pribsplash definifionabs desSjtsdesubsequeatly.21  $ 0 SEP 2002 5 to
determ ne one of four suitable prediction nodels. The second realization,
denoted the Fuzzy C assification System enploys fuzzy nmenbership rules to
determ ne the class nenbership in each of six classes. The outputs of the
correspondi ng si x prediction nodels are conbi ned using a defuzzification

pr ocedur a single blood glucose prediction. 10 The di scussion
beIOM/fi?%FgagE@BE%ES the overall instrument containing the I M

i npl enentati ons and the subsequent discussion describes the operation of
the two inplenentations. The final discussion details experinmental results
obt ai ned Therevebdpmentabf shedylassiicatinn swetenmpieqoiees & idates set of spemplac t o

the prediction,of blood %I ucose concentragi on. .wevefr the inventiqgn is
appr ot | aTREHBH MeRSEPMANS {9 6t TSP HMBLE AR NGoLIE BOMIRIS 01 g% o)
and ot her g&RTOW I Shd RAsiGRRDOf thd Red¥uRemePitd IS tHd BRPlorkRsy dal sehtdhe

Intelligent Measurenent stemis inplenented in a scanning spectroneter
whi ch det eaasesesAftheciRsR deffiniiona tiree measuternentsf andhelasalsseignnfante araruséd ough

a diffuse, reflectance neasurenent. A bl oc iagram of the integrated
i nstr umn&oafqtgﬁnlggr%ﬁ%mqqpéng ﬁ?g"\ @‘eéﬁa'\}dﬁe%ﬁ’%Pagﬁas'gmé‘ﬁapﬁ- ncl udes the
general instrunent conponents, the IM5 90 and a display system (output

device) 91. The instrunment enploys a quartz halogen lanp 92, a )
monochT onfdass definitiosuisi @@tformeértha@@mhmé P pUpPGEvised g aptunsipesvisethd

| 0Ch St el D, MEaEho, B AR el B B0t o
Statistical and Neural Approaches, John Wiley & Sons, inc., New York (1996)). In
the supervised case, classes are defined through known differences in the data. The
use of a priori information in this manner is the first step in supervised pattern
30 recognition which develops classification models when the class assignment is
known. For example, the majority of observed spectral variation can be modeled by
three abstract factors which are related to several physical properties including body
fat, tissue hydration, and skin thickness. Categorizing subjects on the basis of these
three features produces eight different classes if each feature is assigned a “high”

35 and "low" value. The drawback of this approach is that attention is not given to

14



30 16-bit AID converter 96. The spectrumis passed to the IM for
processing and results in either a glucose prediction or a nessage
Indicating an invalid scan. Alternately) the | M5 can be enpl®peSEmi2002
existing NIR spectroneters that are commercially available, including a
Perstorp Anal ytical NIRS 5000 spectroneter or a 35 Nicolet Magna-1R 760
spects o Tt L itk is } )&?b?\te i

Fi gurge 2(%6%2'&‘ %{ngllaarr:fyi Hgﬁg%é%?%te ?8%%% Q(taﬁeéﬁ%%h/égtlﬁ%éﬁeo vegﬂé b?féf!'{f?é"’
cl assi f i nambenot featurgh. cri sp or cl assical decision rules denoted | M5 CC.
The objective of the 10 classification is to determ ne which of four
calibration nodels are applied for analyte prediction. This decision is

acconpl i %%dpéMéEwhwétﬁaaéﬂr&y%ﬁlél%}ri ¥ %%%ctré%ea%hr%?ﬁéﬁtkqa?é ré0fhd and

application of a set of deciSion fules . Prior to classification and

cal i br at developelustersuorathturahproupingscofdbe alaba irctealilie space.r Such ansangiysis ed t o
an outlier .detection .99 throu rinci pal conponents ana s (PCA)..
Spectla GPImESGIT i dugiamdhestd and T belnehalSes sppaiaion.

desi gnat @ﬂhs@érélfb?@bbsﬁ@rﬁtfaéwr@@%fh%%@g-mEﬁﬁh?r&% B& irtbRfletel BdiRdSe] ects
sex and age are extracted through factor based Techni ques (PCA and PLS)

af ter pr & boses underdyisg phesomehen causingemriatien sulhpel fealdre spaces etiowéver,
decision yules 104 .that 20 determ ne which one of four. classes, 107, 108,
106 *130chelsr areiin dfts fonisb eap b an St and froy el CaBRRER Etven t he
current state and structure of the tissue volune sanpl ed during the
measurenent. VWile this inplenentation depicts four classes, the invention
ext ehnfls Aocominaiiobep! tfe tWasppsoaniwsf isaapples thuse & grinkc &pswiegdgeoand

gl ucose prediction accuracy. Additional classes., for exanple be .25

det or m neubiciar B RECHRY soREs ot i Bta BRI g, oo R ERpEs DRer fié

t hi cknes sapﬁfoa%w, BRSCes aS HRst defh&dBroht f1d ferifurel ibhRperisdd fanfer. DEASH
pressure, hematocrit levels and others. The absorbance spectrumis also

pr epr oceseb@f (fratied degiividgd into MG arnmarerdagions3and glas§ps ereodefined by

or epr oce SRR ine R ARl RS h A S SRR BRPUlFs olhg e’
supphbes apepheaieeults OPIIRS BFS iapprmb@ctﬁeféﬁm@@@h. cydtbrnatic Ay, mslelustetbe

calibration nodel that is applied to the spectrumis determ ned based on
the cl asdirei BaedolP diatermingl apepe ahdclersesoiat ez phe sambiedyl ubdies

predicti T Ll.e tat.i i e ELO . C j f QuLr

Gl 1 br at {ionoreiie AR EE, Ay Bl s U ytiang o Bh oA} oo
gener al caserdimy &y haturardivisiond iy thefdatal | brati ons are used equal to the
nunber of 23 3 0 SEP 2002 5 classes needed to represent the spectral
variation of individuals using the instrunent. Detailed Description 10 NIR
Spectiral e ; t AL i t.al:ni.Ag
i L R i e LR R i 1
I n the prresegnitiappl AcabdehisNctbdéd basedxanpiazssrdafinitiongwhicls taesiamedai n
Figure 1. 15 Qutlier ection The detectiop of spectral outliers is

per T or mednERsBHE FeLOLERHEFD i B SAURAEAR SaaRargIars BRRFUAR th VYIS 9B Glne
resi dual sheRilasdifiet @x&ﬁﬁ&&&d&ﬁé&ds‘i A Plaehffe VH|BraRWEMOREES UL RE AT
contained in the matrix o, that were previously devel oped 20 through a

pri nci palappedomenst bmilipsies inowhichcelhed defintions etre aiptisxizeg tasptislysibebance

SPECE) ALALEGR B G hlallirmelPeomI e c2l cul ation s given'by: xpe”

Statistical Classification
The statistical classification methods are applied to mutually exclusive classes

whose variation can be described statistically (see, for example, J. Schurmann,

35 Pattern Classification. A Unified View of Statistical and Neural Approaches, John

Wiley & Sons, Inc., New York (1996); and J. Bezdek, S. Pal, eds., Fuzzy Models for

Pattern Recoganition, |IEEE Press, Piscataway, NJ (1992)). Once class definitions
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and produces the 1 by 7 vector of scores, xpco where ok is the kth col um
of the matrix o. The residual g is determned according to: 25 9 = m-
xPc"o r ( 13 ) and conpared to three times the standard devigQiSEP gip t he
expected residual (of the a calibration set). If greater, the sanple is
reported by the algorithm manager to be an outlier. 30 Processinci 1 and

Feat uise Er?% e%éér?%fs;l'&gﬁ\%d tub ecf?e%gﬂﬁéﬁégg% ! gsth fcqgéz%fﬁ r Ls dég neagsb It of

a C|aSSI Ication o Pelea i es

i nvol ves dipedhining 2n optivaeatiphihg &ammmétidawrdrhrtﬁelgéamré Bpadto a@mEwenent s
anal ysis, and classification through |inear discrimnant anal¥5|s The
feature iestimate whieh ernimizas tha nemberef Blsslasaificatioas. Bhe fewm wbhemappings a

0 The. pratEedy BT 4G RE ORI S: BRIRELE Bl BB U

fromthe ms&rlmuaandah@lqsuscweéwsi emndid, RVBYaheRgHAMS & gl maslsl%amm' ' Ed
to truncate the spectral range to regions wth significant absorption due

to fd0 i noeanedaalysissdefen Wilty@ndoSansdlenny orkri®73pe SIMGH (seentortexgmplessed
Mebougn 18 O oSt SiuEh. CAINERELr BHRNERRE cham Rl Wa, jPrems of

héarization an rrec
Near - i nf r@hﬁdngeéhamm Sghemiomedficdve ThpoAPBhH eXbsheats ogdoay)(owﬂlsklw,
pp. 491-500, 1985) through a rotation that fits it to the expect ed or
r ef er enc AGPEHPRSIHICRRHES $2d 1P A7) Henearest-neighher Gpet tanaxamriet Br Ridad
from @ prp Ofiadelpilor LRt of AR o Al ois A SHRE) M Sohel Wew (B .

| i near regreSS| OTT _accordrn ere a an

sl opelsand(16ABH| aREtvadiods fornss difeertifidialaieural ﬁéi@ofkst(seihﬁ)rsa&ammemsl Haykien
corrected through X=~rn_a~ ( 15 ) where X 1s the processed absorbance
spect r um Newigl Nebyedss A Comarehgasive batindagipactereoneedieritiver dehviBendee; pk,

t hat WereHg e(?ib@ﬂ? &pﬂe}(e'F%edA& t%gbaﬁ H{ i RAlicHOTRANQRE Fa AN BIWSHS, 114
(on a cali on’'se In
the | I\/S-,Qd?dlsa'rh}NVesibylE’ILmusmng Cohmany| IncFiRpading MAg198)¢es the 1 by N
vector of scores, xpc. 30 A discrimnant function is applied to classify
the subjects on the basis of the first Mscores (M5 is this application).
The r scr. W,
as den ct b3 ‘&@?E%@“‘Jﬂa{ O o PRI fedth /e et e eBbRAY g
conpared 116 to | enter between the two classes. If L > L g?e)n the

subject is cIasmh@d’Jg{g a female 118 and the feature z,=1. If no t he

spectrumis 35 classified as pel on|n to.a male 117 and z,=0Q. 7J $_0 SEP

2002 5 Where ¢ is an integer on the interva [1 P)and P is the number of classes. The
class is used to select or adapt the calibration model as discussed below in

connection with calibration.

25  Fuzzy Classification

While statistically based class definitions provide a set of classes applicable to blood
analyte estimation, the optical properties of the tissue sample resulting in spectral
variation change over a continuum of values. Therefore, the natural variation of
tissue thickness, hydration levels, and body fat content, among others, results in
30 class overlap. Distinct class boundaries do not exist and many measurements are
likely to fall between classes and have a statistically equal chance of membership in
any of several classes. Therefore, hard class boundaries and mutually exclusive

membership functions appear contrary to the nature of the target population.

35 A more appropriate method of class assignment is based on fuzzy set theory (see,

for example, J. Bezdek, S. Pal, eds., Fuzzy Models for Pattern Recognition, IEEE
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Processing 2 and Feature Extraction 2 The second feature extracti on process
103 (see Fig. 10) is represented in Figure 12 and i nvol ves the prediction
of the subject's age using a |linear nodel devel oped 10 thr @iISERQ002al

| east squares regression (PLS). First, the wavel ength range is truncatedl120
to the 1100 to 1800 nmregion. Next, the subject's age is predicted through
a cal kbr gtrcas, Pigtetawdgt NUS1pe2); Of Chle, 195 ELzzy e gi® deld. Neava! Rerebrk
through PLS on a calibration set of exenplary sanples, consists of a set of

coef fi ci ddandbogkt Riseataway, Nde IGEEt Biesq (2996); andppldasiehasugrowets, ninfrgur e 12
to 15 pr t -Gl 1 121. The subject is classified as
"youngP ?‘5‘7(“‘@‘1"&8’?@%?’0%%5%5%[‘gé'?)g- t he nean a;eJ a -_|49 as de!t a: led in

Figure 12, see 122. The result of the classification is the cal cul ated
feature, z2, which assunes_ val es of zero or one corresponding to a

cl assi fi caeneraliprmegibgrship i wzzy geisnig defipad tysp sentinuyp of mra Bd &hsas
R ) | A _ :
Sor ad 1 S AERBERHP iidthishs Hitmag e edlutd G hio EBER o, [y oen,,

from t he ¢iags UTiesl agsigned arentbessisip tgrade rdiaasshtenhé he?twomawmbe?rshipnd
z2, four classes are 25 possible. The consequence_of the decision it the
sel ecti orWith dnecefresBapdivgl torthei Highasderagtas.usd heselgradixtsamelepicabd

gl ucose c j - i sification based on spectral
data and %@@ﬁgﬁéﬁgﬁeﬁ%ggﬂ%hgg?§§ﬁ§gﬁhgan%éﬁéu'ject i S necessary because it
is indicative of the state of the subject's tissue. For 30 exanple, a
classification of "old" indicates that the subject's spectrum appears

si i 1I&r t bhe REPRREHOMA 3Rt SRAGRYO Gatartererf dassrmembershipgisgiverabys. The
results reflect gross spectral properties that are correlated to age but
not necessarily deducefi(bhsed on the actual chronol ogical age. 26(4)5 ~ 0
SEP 2002 Prearocessina 3 The absorbance spectrumis processed specifically
for cal i byabieog:1,2). 0PgIY(MEE the n;erﬂ@@:@hlpbmﬁcﬁ&wmwﬁmacl&és,p% [9,1] for all k
Savi sky-Colay first derivative in the formof a finite 10 inpul se response
filter 128ngdke vact@asd RZky theviseGof @j9ssSmembbembipand Thef membershipi wetarf
Data by Sinpljfied Least Squares Procedure Anal,. Ch , vol. 36) no., 8)
b, 1657- RENles 166 501 THEGRETsIS Mogahl Guied BHCRF D BREP SRR i P385ah
mean fy ocRSHe¢afREAbRAYRitRect rum from a cal i bration set of exenplary
sanples that is storedin the | M5-CC. Wavel ength selection is perforned to
i nclude the 15 foll ow ng wavel engths: 1100-1350 nm 1550-1750 nm and

2050- 2375nm  Pr.edi ¢t | el .Selection 1-2 Based on.the subject's

ol assi 11 AP ESgh Tl e Thefdis Bpchzrbaire Abriolort: SRS Botne
appl i cat i aletiRedsdIsRvidLel ddsdribed! VIuZ9! BGéter %né?@is 347 befagpligdr#hdlSeveral

Cal i bration Mddels PLS1. PLS2. PLS3. PLS4 The four calibration nodels

107- 110 eB@thedsn slifiaringracgonding testrestues asd eptimizationsapprgach can be used to

25  develop the fuzzy classifier. All methods attempt to minimize the estimation error of

the class membership over a population of samples.

Calibration

30 Blood analyte prediction occurs by the application of a calibration model to the
preprocessed measurement as depicted in Fig. 1. The proposed prediction system
involves a calibration or set of calibration models that are adaptable or selected on
the basis of the classification step. The following discussion describes the

calibration system for the two types of classifiers.



25 map x to a prediction of glucose. Each set of coefficients was devel oped
using sanples (froma calibration set) that were classified as belonging to
its associated class. Therefore, the nodels are limted to p%evjsghlw

gl ucose concentration |levels on subjects that are classified®in e
respective classes. 30 Gven the processed spectrum x) the classification,
c, and tletumMPExcrRRS CRIs88s S W~ associated with ¢, the blood glucose
prediction is given by: N y=~iv~~x~ ( 16 ) were w-, kis the kth el enent of
w~. . 27 30SEP2~2 5 Fuzzy C assification System Overview Wile the
classification system based on distinct class boundaries shown in Figure 10
10 provi laetheagenarabtase, dbecdesigprtedatiassificatsinosdpassadyteeagwrilimear oodel he

2P st § ot WAk BRach et RHERHT PERIGI KRS AN The e inBr RSt AT Ry ¢
fall betymefiraf hiteseferfBAt, NTME Frosbsd lifidteRbd Yn sH A, ifhaveLtHRf mdameafishi P i n

any of several classes. Therefore) hard cl ass boundarles and nutual l'y
excl Usi vef hengrtinaatiqn sliategy das the cuppehisukieat reegrding tchihenslrugturabissine

target p l.ati o The. : 0 0 FLgure 14 he | M5- FC,

enpl oys ﬁ@%g@fe e'Est?l Q'B%baew'%gmatg@oﬁgph%ﬂﬁ#g? {hger %tﬁgeosrggﬁgéegg%&%ﬁn't he cl asses.
Rat her than categorizing subjects into distinct and i ndependent groups,
this systemdetermnes the degree of nmenbership 20 of a particular subject
i n each Ohissgenesphambitectuismermspitateier eoolincagatibratipp eoedelnad,esiich as
menbership in_ever | ass and each qof .the parallel, calibration nodels has
the oppoPBUee) PErtal drgHt stieted B Articis) Jg et Brivarq RecaiBolieinaPora hasea.
The y&i ghighl waribeaat ThS bidwmsafalgre SleattioREEPESPicprocdssblendiffbmbhoR of
all 25 calibration nodels in the system produces an apparent continuum of
cal i br at W8h clasgiicatiorsgppaitied by £15 igiMenAYd- poi nt bet ween two cl asses, for
exanpl e, are predicted using both rather than one of the two (calibration
nodel s) and producg=ag(erediction with a greater |evel of confi derice)
Simlarly, the calibrations are created through a weighted princi pal
conponenivhefeg(sfisa ABNKNEARalBREICATROME WK MipsVe ah@ cAta3ln dstiaftCif the
popul ation. Simlar to the IM5-CC, the fuzzy system (I M5-FC) classifies
excl usi vblopd@naiyie cpaeerdralionspect ral i nformati on. The measured absorbance
spectrumis preprocessed for feature extraction. The features in this

i mpl édent ation are conti nuous (cal culated) 35 variables related to the
absorpti i I I tdye: age
of the. s anurLpfefeed Baldfbn, S oL el ST I RpRE R Iy 0%,
D SEP 20each classbeltehestirhatect ¢lass it bsdd for selacteorie wé praatibeatoni podalk uesst

iated with t b, set le, .f |. 1 ddl d ol d.
These meABRIEHAS BXIEIRR BRevid Bt akReuF R R H BeLTErsrar O s e fist
produce tkh@tﬂb%léé’@e@ﬁm&ieaf%?tH@ﬁ%%%ﬁ?HnPedtPth%ﬁﬂBo@fanéM% ptefitRmis:10 The
spectrumis al so preprocessed in a nmanner suitable for calibration and

appl hbed to each of «tygk(? x calibration nodels. The results (six béﬁ)?d

gl ucose estinmates) Var nbi ned t hrough the process of defuzzific on 149

in which the degree of class nenbership is used to weight the influence of
each predhare g4*) is the calibration model associated with the kth class.

The calibrations are developed from a set of exemplar absorbance spectra with
reference blood analyte values and pre-assigned classification definitions. This set,
30 denoted the “calibration set,” must have sufficient samples to completely represent
the subject population and the range of physiological states in the subject
population. The p different calibration models are developed individually from the
measurements assigned to each of the p classes. The models are realized using
known methods including principal component regression (see, for example, H.
35 Manens, T. Naes, Multivariate Calibration, New York, John Wiley and Sons (1989)),

partial least squares regression (see, for example, P. Geladi, B. Kowalski, Partial
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15 While the present inplenentation involves a specific nunber of features,
cl asses) decision rules and calibrations nodels, the invention may use an
arbitrary nunber of each in the configuration shown to produ38 SEB 12884

anal yte predictions. Further, the invention covers the use of fuzzy
classification for the purpose of blood anal yte prediction or other

anal §t edeaktisgaresatdgpassior20aletoaial, dhalgizarCipitiicn AStR 19%¢obr at1 Meesa) e ment
25 The neasur spectru (E?ge&,éxlf i s a vector containing absorbance

d NI R
val ues APBRYiTigiek NEHEAlMBNPTKS: SATRIR, BakiRykin o dleasaloNAWOK: the

R | odlasaoNaols:
i qure. iRy 8 EuniiEh, Spoel 3 BHR TR Br TR S P RE R PO Tor " <

_performed through a principal conmponents anal ysis and an anal ysis of the
resi dualgi’. First, thef%s(gectr,um mis gr oj ected onto seven ei genvectors,

cont ai ndd'é WRHHS mede %Sqq'ﬁ&?dooéﬂbel FR1asesaRP ealupisseen she bagispolcep 2002
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in the e calculation is given

pr oducedntohéhel itnglligentddeaswemend rystempc &asheckasekof subjeetktierc dlagma of
the matrix o.. The residual , 1's determ ned according to: 10 9 = m -
xp~"0T (Cai'g@'oﬁrﬁ’ﬂoéegﬁﬁﬁ?'gﬁth@ three tinmes the standard deviation of the
expected residual determined froma calibration set. If greater, the sanple

| s 1 eportiggyDlagdent@esiiphm manager to be an outlier. 15 Processing 4
(140~and Feature Extraction 3~141~ The first feature for the IMS-FCis
related to the fat stored in adi pose tissue as nani fested through
absorption bands in the 1100-1380 nmrange. This feature is extracted, as

shovh i MVPEguiZzY sHaseicalien df rplaYer: I icglibrations datrassegonr ¥eetPbrPf20 160
(descri th’%gm‘%re“r‘ iBé'SrEa}HerOHP.fahh& sﬂﬁgﬁi%«%&ﬁ%@ﬁ‘&ﬁ?gﬁiEH@%%‘P&W#’,&{%EQS &lyye

corresponding to the wavel engt e value'o eature)
z3, assadstatneidewint ddapitatiomeaitbe edlimrhton havtet ssipsesié formblodt analytss pedictidnand

Feature Extraction 4 (14
or an opttimalncomémat‘l}gn of several blood analyte predictions. In the general case,
illustrated in Fig. 7, the membership vector and the preprocessed absorbance
20 spectrum are both used by a single calibration 70 for blood analyte prediction. The

calculation is given by:

y=g(e.x) (7)

where g(e)is a nonlinear mapping determined through nonlinear regression,
nonlinear partial least squares or attificial neural networks. The mapping is

25 developed from the calibration set described previously and is generally complex.

The preferred realization, shown in Fig. 8, has separate calibrations 80 for each
class similar to that shown in Fig. 6. However, each calibration is generated using all
measurements in the calibration set by exploiting the membership vector assigned to
30 each measurement. In addition, the membership vector is used to determine an
optimal combination of the p blood analyte predictions from all classes through
defuzzification 81. Therefore, during calibration development a given measurement
of the calibration set has the opportunity to impact more than one calibration model.

Similarly, during prediction more than one calibration model is used to generate the

35 blood analyte estimate.
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25 The second feature extraction, shown in Figure 15B, produces a

predi ction of the subject's age based on the neasured absorbance spectrum
First, the wavelength range is truncated to the 1100 to 18008QnSEPJ08N 162.
Next, the subject's age is predicted through a calibration nodel 163 that
is part of the IM5-FC. The nodel, 30 devel oped through PLS on a calibration
set of TERERSPIHAD! MALPAIBN FDJeRONES! 8 8T erfledlisit id bAliRMNdlibfaai ned
in the vector w a?déé:ﬁs appl i egeas shlgvvn lign Fiegure 132' (190 prO(Ijuce Itbﬁagel age

pr edi ct i dowexer, 3then theFth zalitvatidre mgitdep isFealctiateds t3e CalfERiGOORaTueniants y
menbership functiqgns 142, 145 are used tq .determ t he degree of

renber st BEES Bt respesiuE PRGN kD GREe ke Eotby foe
through fhaeds des Isahifle bHltgS caﬁ%@hoﬂﬁiﬁlﬁlﬁ?'appém&%i SBsETRPS firltfioh YT €
input to a value between 0 and 1 through a gaussian function. The general
equat i onmembdargiaip it the elasesent t he menbership functions is: ~ y=e' ~~ ~~ (
19 ) ere y is the degree of nenbership in a sub-set, z is the feature
used!qo determne 15 menbership, ~ is the nmean or center of the fuzzy
sub-set aNGhé linedrheasd, aREredauhat 'saﬂarésﬂié:'%li%dlﬁ) chsuldeORyrasdisnar e
used that are denoted Menbership Functions 1 (142} and Menbership Functions
2 (145) . cosffibientshand, ftee casesofifactasbesedtmethedgotheutsivasanee mm&eeu&xr ng

10 510" S5hRol DiRcRY ST Seblal ndBERSER A GHECE B0 ey o

degree ohngEHRRI RBWPYbIK @881))Sub-set is calculated through Equation ( 15)
and used th rough fuzzy operators and decision rules to assign cl ass

menbé¥ship. 25 The first set of nenbership functions 170, shown in Figure
16 (top) ~.are gaussian.functions that determgae th [ee Qf ership in
the. ol » GIRIT 2 HATE - 4864 bERRe MBtott ekt b A aPEPEEs Bofl HRLRLY on
of fat (keaéeHtmtidhs YER' Whare aN@ thbalhbélr demeabliinatt specahemhdivt [ wach
sub-set (and used with Equation 15) were 30 determ ned froma | arge

popul at i enmbfer suavetenigthsidet the enémbership in cfags & of eagls abborbance spéeirdm gear e,

t he greater th e ik the subject falls into t.he category of
ol MebRemEs BT Caok, Thrt e S icobtarntE R SRR T Tt e
category of females_ and higher in the category of males. 35 The second set
of nmefbership functitAsM71, shown in Figure 16 (botton), are gaus8dan

functions that determ ne the degree of nenbership in the categories 31 3

0 SEP 20Qvhére Wit e riidistl o tiRg fibt angigen dedtaseef Pn the feature representing
the prediction of age (Feature 4). The nean and standard devi ation

associated with each of the three categories were determ ned qualitatively

based on - i ; : ' jects and are listed in

Tabl e 2. q%wggf'{ee%%wlgg?zg%b%?éx ?ﬁrgl&!teﬁeghﬁ}g?}ggq@%'ﬁ Functions 1 plotted in

Fi gure 16 St andar d[?vij%&pﬁub- Set Cat eMean AUAUFenal es0. 60. 03Mal eig. 540. 02
er ‘Menber Funct i 1

15 Tabl e 2. Paranet ship Functions 2 plotted in Figur 6

25 where Vis a square matrix with the elements of C, on the diagonal.

The regression matrix, B, is determined through:

B=F'VF)'F'vy. (10)

30 When an iterative method is applied, such as artificial neural networks, the
membership is used to determine the frequency the samples are presented to the
learning algorithm. Alternately, an extended Kalman filter is applied with a

covariance matrix scaled according to V.



20 Sublet Cate Mean YearsStandard Devi af on Year sYoung307M ddl e

Aged50100 d707 Val ues for the feature inputs to the nenbership B% h@gs
that are unusually high or low fall outside that expected rang%

sub-sets and are assigned | ow nenbership values. This information is
provided to the al gorithm manager and 25 indicates that the subject bel ongs

to ascl agfe pafposi ehdefuaifichtied it ARdeln BIsmBPEoMBRIAtIBANTthe W Bffferdrdr the
current inplenmentation when y<0.1 for all sub-sets the prediction is

assi gnedPl@od Apadyef Perdietionse\kasedThe asndsWrMent anaendiesshipsegdtpethatave

been des] f L Iy o] bj o cannot

conor ot 8 £iqfaBRReH LRaRRNb AN ToRterBHO B iR B B T Per e, <
_the ar biftdrande veetorlof IHsdaeasdlyte predrtibAs AnHAhaVBE@R of cRRE MesmBérshps to3 0
SEP 2002 5 menbership in a given class to a subject for blood analyte

pr edi ct i dAINGE ARlYtR Bragistion. 1 the detursifier candaudenated asdiansiarmatiparsachon,
_ski Ny of hitﬁgpess, t hi ckness of adi pose tissue, volune fraction of blood in
tissue, 0od pressure, and hematocrit |evels. The _ nunber of sub-sets per
general set can al so(&g i ncreased arbintrarily depending on the necessarily
Tevel of discrim neidis ot e aC’Ct}fpgle prediction of blood andltles. 10
Fuzzy Deci sion Rules The out put of Menbership Functions 1 and Menbership

Funct i ongh@readi(®) fsnheadeiutilicativRiaactEdH, T i¥ahs emssmsmBeishitelactof Aiad yaise
associated with the sex and age IS rel ated sub-sets. The decision rules 146

are a setheobloogeanalytes peadiction of dhe d¢ht ¢alibratterbinmedeal heEnistibg rsathodsadfues of

The spoctaziibe el GRS nEEAIBIN dl UpBRas eutietd e SHRlRTHT AL

possi Pl ecappitidraséten SHOWeld1e ifIHE re@itferdd SaMMes iPs FHiaHS | ¥(e) BgeridthRs

enpl oy the fuzzy "and" operator which is inplenmented by determning the

m ni mum heough a henstrained poptinearenddelshi p val ues conprising its antecedent.
As an exanple of the class nmenbershi p assignment process assune that a
subj ect rﬂﬁﬁ\fm ({0 have values for features 3 and 4 of 0. 55 AU and
60 years respectively. From Figure 16) the nenbership values in the nmale
and femal e sub

The algorithm manager 10 (see Fig. 1) is responsible for reporting results to the
20 operator, coordinating all algorithmic events, monitoring the performance based on
the class, and adapting the rules as necessary. Both class estimates and blood
analyte predictions are reported to the algorithm manager. The classifier also
generates a measure of the certainty of class membership. If the measurement
does not fit into one of the existing classes the supervisor notifies the operator that
25 the prediction is invalid. Further spectral measurements are taken to determine if the
error is due to the instrument, measurement technique or sample. This error
detection and correction algorithm is used to determine if more classes are

necessary or if the instrument requires maintenance.

30 Implementation

The following discussion describes the implementation and experimental results of
two forms of the inteliigent Measurement System for Blood Analyte Prediction (IMS)
that were developed for the prediction of blood glucose concentration. It will be
35 appreciated by those skilled in the art that other forms of the invention for other

purposes may be developed. In the first form, a Crisp Classification System is used
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25 sets are approximately 0.82 and 0.3 respectively. Simlarly, the
menbership values for the young, m ddl e aged and ol d sub-sets are 0, 0.6
and 0.35. Fromthe rules in Figure 17 the follow ng class nmend®r SEP 200pal ues
are calculated: 1. if Male AND Young = m'n(O 82) 0.0) = 0.0 30 2. If Male
ANDMddIeAed—mn082 06?: IfMaIeANDGd—mn(082 035)
= 0. 39 4.tojge @T@Wﬁﬁénﬂmfwlﬁ@tab emrﬁglcuoem@ebe) The secend realizatien «lenqtsd

0. 5 35 T2y Ciatgfieatbrbtyseth dnibjols 1z thEmBbRH fuizs  Ygatripp fhes”) =
d=~0. 0 0.&abs Ber@bOrdhil M) e&ch(cﬂ‘Osd( obaudelss 'Sl:lé}idutmista theecdeéspanding atx on

bl ock for aggregation of the predicted glucose concentrations. The
consequenkredicdtiosdmogleisare gPMhingd ¢isingod dlefirafication, peeradire dowprasiuga ch

class. Ingh letﬂ?goc?émggg{é&& econd calibration nodel (WPCFi2) 151 was
created uSing specfra no simlar to the nmeasured spectrum However, the

measuyed spectrum al so has rrenbershlp inthe third, fifth, and sixth

cl asses. The degree of menbership in the classes is used subsequentl to
det er mi ne hﬁ@l&@ﬁﬁ%ﬂe&w derhaeﬁ@fms Hie pyaelsimssiumgBoerniamipg dhe

predictio e

speci fi caﬁpléﬁgﬁa?a flh%gsu.fbaé%ugﬁt ﬁ{/%%?as&gggg?é%%d% &b Véerﬁgﬁré%g@fﬁ poi nt
Savi sky- Gﬁ’fﬁ;ﬂymfehtaitorderTWeimeedlswstslw fisralis ekpearimientdl eesulubistainesponse
filter (see A. Savitzky, M Colay, Snoothing and Differentiation of 20 Data
by Si npl i €inicpl skt Squares Procedures, Anal. Chem, vol. 36, no. 8, pp.
1627-95639) 1964). The result is nean-centered by subtracting) x, the nean
processed absorbance spectrumthat is stored in the i M5-FC and was

det er mi ne¥hér omo aingplentsratttions sate speifiengt the epreciiction i pbsddrgadose
include the follow ng 25 wavel engt hs: 1100-1350 nm 1550-1750 nm and
2050- 2375CAmgentEatiopr  HewererTize Fienkiprads sRPiansas for themrgdiction ofialRlpod s

the predi gigOfod BicPLRALANSN AL A tha Oludte i QiR L on model s.

Therefore represe S a single 1npu t'i pl e- out put
operation that produces six blood anal yte predictlons The six calibration
nodel s each consist of a 1xN vector of coefficients that map x to a
prediction of the blood glucose concentration. Each set of coefficients was
devel oped using all sanples in a population (the calibration set of
exenp?&ry'3§"§EﬁﬂF§§?C”H8ﬂQver each calibration sanpl e was wei ghted using
wei ght ed principal conponents regression as described in Equations 8-10.
Therefore, the nodels are associated with the six classes.

The Intelligent Measurement System is implemented in a scanning spectrometer
which determines the NIR absorbance spectrum of the subject forearm through a
diffuse reflectance measurement. A block diagram of the integrated instrumentation
25 and the IMS is shown in Figure 9 and includes the general instrument components,
the IMS 90 and a display system (output device) 91. The instrument employs a
quanrtiz halogen lamp 92, a monochromater 93, a subject interface module 97,
detector optics 98, and InGAs detectors 94. The detected intensity from the subject
95 is converted to a voltage through analog electronics 94 and digitized through a
30 16-bit A/D converter 86. The spectrum is passed to the IMS for processing and

results in either a glucose prediction or a message indicating an invalid scan.

Alternately, the IMS can be employed with existing NIR spectrometers that are
commercially available, including a Perstorp Analytical NIRS 5000 spectrometer or a

35 Nicolet Magna-IR 760 spectrometer.



34 "3 0 SEP 2002 s G ven the processed spectrum x, and the nodel
coefficients, w-, associated wth class c) the bl ood glucose prediction for
the cth nodel is given by: (21 ) were w- kis the kth el enentg gpfgpp-20040
Defuzzification Defuzzification 149 is used to aggregate the nmultiple
predi ctions into one through the degree of class nenbership. Prior to

def uzzi f Grisp,ClaheificatioorSysteni ass nenbership is values d is normalized to
unit length. The defuzzification process is shown in Figure 18 and results
in a prediction that is influenced the nost by the calibration prediction
associ at O¥eMe¥W the class with the high degree of class nmenbership. The
present inplenentation heavily biases the prediction in favor of the
.calibration nodel output with the highest degree of class nenbership.

Hovever , i Aen 024 ice! 18fleARRioR" G} tﬁé%ﬁlssm%%ﬁo?\g?@éﬁj@gtr !élgi,‘&ﬂ&ét% (i.e,

a sinple average of all predictions or the average Ictions
. cor r espotidoungh tcoisp orecthesisl gecisibnerutpsederotedthtS{CEpeThé i aijestivieusf) the
Experinmental Results 2s Overview A study was performed to denpnstrate the

, I {
f easthi | PlRySIHFRIQREISTE ARRTEENS VAR TR Fafihrativhnadednare ammieddonaRalyigs- FC) .
Di abetic ' S THEL fok=oly t n re
t aken top et%tﬁﬁ'ne re?g?ence?sglaggéﬁg ucoséﬁrggﬁ@eﬂr%tq¥%r?i g#gé&%quﬁ\gﬁgé\fs
wer e sepelaasiédatain 1@ cdowh dpplicatonl oflar sdtiod deaisibrt refds BM.sets to build and
test the calibration nodels respectively. A standard (PLS) calibration was
performed for the purpose of conparison. Finally, the performance of the

two i npl grgsg,mtet E%@%if?ﬁ’éﬁoﬁeéﬁf%a@iﬁpatm gﬂfgg%@@ﬁtg@ﬁ\ﬂ&ﬁ@e CHsoPbAdPN. 3S

3 0 SEP S Experinment D abetic subject o] Iverse age, Sex, and
et hnifi t gpeetremriscsubjectedato anfaudbér detsiction c9T aheughc ptintipabcdmpenantsed

denographi c infarmati gn about each _parti ci pant S recorded, r replicate
abso?bagébagﬁ@c&@v\ggee&éﬁg‘ﬁmeﬂg'wg@ﬁ : Vlé%tﬁrﬁc o g Wﬁt%@rsrrg &%ﬁdmﬂqg‘ |
number obre aERbeseAts BRI brtasideidd. | Flaf.fod AflarcHABAHS s'%%%f}: A0S,

taken concurrently, were analyzed chem cally via a hexakinase e mat1 c
met hod bgpndnagadepeexieatted|tboalighatantert baged dedbnigiueisnPCAf anaRisS)ghftense

O el 1 e RS B8 S g o 2fsch B BRI Ot 20
20 determine which one of four classes 107, 108, 109, 110 best represents the
absorbance spectrum of the subject, given the current state and structure of the
tissue volume sampled during the measurement. While this implementation depicts
four classes, the invention extends to the number of classes and features that are
necessary for glucose prediction accuracy. Additional classes, for example, may be
25 determined based on features related to hydration, skin thickness, thickness of
adipose tissue, volume fraction of blood in tissue, blood pressure, hematocrit levels

and others.

The absorbance spectrum is also preprocessed (Preprocessing 1) 105 in a manner
30 suitable for calibration. Although the present implementation contains one method of
preprocessing for all calibration models, the preferred realization supplies separate
preprocessing methods for each calibration model. The calibration model that is
applied to the spectrum is determined based on the classification described above
and the model output is the glucose prediction. The implementation shown in Figure
35 10 contains four calibration models associated with the four classes. However, in

the general case an arbitrary number of calibrations are used equal to the number of
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The data was divided into calibration and test sets using random sel ecti on.
The calibration set was used to construct the nodels necessary for
classification and calibration in Figure 10 and Figure 14. The Bgptoget was
applied to the constructed systens and used to evaluate for evaluation. ZO
Results Standard Calibration. 25 For the purpose of conparison, a standard
PLS sal thisabbonesasd dev etprednantecypbotpiicdanatibheol mdivrfua®l (ind itRE

anal ysis and preprocessing. The (PCA g-residual) outlier analysis was
per f or mfstignedscri bed above and 36 sanpl es were renmoved due to unusually
hi gh residuals. The absorbance spectrum was processed through MSC and a
31-point Savisky-Golay first derivative. The result was nean-centered 30 by
subtracting the nean spectrum of the calibration set fromboth the

cal i br aDetailedDesesiptioat S. PLS was applied to the calibration set and the
nunber of factors (20) was selected by optim zing the prediction error

t hrough crossvalidation (|l eave-one-out). The final 35 PLS calibration nodel
was constructed using all calibration sanples and 20 factors. 36 $ 0 SEP
2~2 10 15 20 5 The calibration nodel was applied to both the calibration
and 10esiNIBeSsectiratl Mdasuresentt s | i sted in Table 3. Table 3. Prediction
results conparing the Intelligent Measurenent Systemto standard
calibration nethods. | M- CC corresponds to the systemw th crisp
classification (Fig. 10). I M5-FC includes fuzzy classification (Fig. 14).
Test Set ResultsCalibration Set Resul tsStandardSt andardError of Error

of Rel at iN® meagHead BidoTnestam anieRatacier epntginiegiabspranseom!ves aveelvet hod

oot 1 ciiTtER I i Radkibnohabe! 300 SRR MBS eh aonioation ) a5 40 75
_I M5- FC19. 1_380@0 8_18. érlnz .50.82 Cri rsﬂgl g aszei;fi c?lti 0”1 The outliers described
in the pri o PN BRMEE MGaSHRTRaNTIS FePitted 1Y FOHER T on set was used to

determ ne the paraneters, eigenvectors and calibration nodels of the 25
strdéture in shown in Fi gure 10. This includes the eigenvectors (o) for the
outlier analysis, the nean spectrumfor MSC, the eigenvectors (p) and

di scri maoantr HHfeetibn (W) shown in Figure 11, the age calibration (w) of
Figure 1IZ, and the nmean spectrumfor MSC in Preprocessing 3 of Figure 10.

The detection of spectral outliers is performed through a principal components
analysis and an analysis of the residuals. First, the spectrum m is projected onto
seven eigenvectors, contained in the matrix o, that were previously developed
20 through a principal components analysis (on a calibration set of exemplary

absorbance spectra) and are stored in the IMS-CC. The calculation is given by:
7

xpc, = E:,moA (12 )
L=l

and produces the 1 by 7 vector of scores, xpc, where o, is the kth column of the
matrix o. The residual g is determined according to:
25 q =m—xpc,0’ (13 )

and compared to three times the standard deviation of the expected residual (of the

a calibration set). If greater, the sample is reported by the algorithm manager to be

an outlier.

30 Processing 1 and Feature Extraction 1




37 - 3 0 SEP 2~2 5 The calibration set was then classified using the
menbership rules of Figure 13 and separated into four individual subsets. A
‘calibration nodel was devel oped for each subset or class cogmesppryitong to
calibration nodels PLS 1-4 in Figure 10. Each calibration nodel was

devel oped through PLS and factor selection was perforned through cross

val i dat i qRedpst feauaalis Rhatréait 64 claddifitation WThe webpret ilYGridle W faRflid ed to
the calibration and test sets and the results are listed in Table 3. The

t est set cptagosieseante invwlwrse apedral nprepvecassing digcoovrasitione thrasgh guinclpadt i on

i ndi cating a performance inrovenent. d to . the systemof predjction. 15
Fuzzy O S0uReRBhls BRVSR, =R el Rrot Tiedh @S fndlarb B “Ths o
renmoved agdtuid® wdtld BeRirimibtRAlofMAS subRbt's Gated R ITEINGS prHBd DB HNBARITS of

ei genvectors and calibration nodels of the 20 structure in shown in Figure
14. Thi s thetissugewlyme seimyded as corpared tq that ohethstiskbiectsanal ysi s, the mean
spechéun1for MSC in Figure 15A, the age calibration (w of Figure 15B and

t he an spectrumfor MSC in Preprocessing 3 of Figure 10. The nenbership

functi ongranstogkss, ddpicteBan FiRire! 51, 488EivES Mo aBsbiMAntE ZpeclidsHi frdrh ahd ON
System Section were applied. 25 The calibration set was then classified

usi ng t heutilensetedtion sysiem bht dMavalemgts ssleGigui €2 15 applied-igtiuecats the
produce a vegtor of {:I ass _nenher shi ﬁ vahu%s for egch 3 le in thei.

bal i br at SBRCERL nfiete Fogieny i, pidpiicall sEsomlian dhis 13ghrk agibogg dissue
devel opeq4gd Rg 1500 MPNTHE dfediMph Ghnest prddtdsBal thEsugPomanivafig® SsiiePn) -
Each 30 of the six calibration nodels was optim zed through cross

val i dat i eoreatiomd 134pee PatGeiadis Br Makpugsd, H. Martensd dinagiatien 80€ Sgatigr-ng

all cali i S i nu f o\ r

const r uct el LB NRRR ARl oFiRk SRt PhReafo ABEbE shectBieomne
results 3pl.8% pbl 89 €E00N 198H) trclighTa eotheish tsEfitd &1t Berareected of efrente

i nprove markedl y_over both the base calibration and the | M5-CC system

i ndi cat i repeatrper frocontaired impthevVietadiigend By stemt dred determineal frommzy prior set of
classificati on systerp SEE %ﬁ? SEPhégiOfZ S5 Discussion The results in Table
3 denonstPRMPIEN 58S fifRt RSN 1 Hda /ReBLIIMRSSIAN PO cy)

preci sion and significance. In addition, the | M5 enploying a fuzz

cl as<i0f i cati on system (I M5-FC) was stawrtbw+out performthe | MS (thét) used a
crisp 10 system Since the I M- FC used six classes as opposed to the four
used by |where@ ahe brareuthé siape arat intgrogpiand efis tiee efrodipetmerfit. Tagapdctngmt he
performance of crisp versus fuzzy systens. However, when the nunber of data
poi nts i gSitheR ?%fée%g‘éiﬂ?'ﬁégﬂ'i nensional ity of the problem great, the nunber
of nodels that can be generated by IMS-CCis |imted since an increase in
cl asses causes a decrease in the datq___uéreﬂa to performthe cali®nations
associated with the classes. The | M5-FC doesb not share this limtation to
the same extent since all sanples are used to create the calibration
nodel s. FVRald y, iswiia ereerssigenabserbance hepaaiBimas The eprogeasrts SPAEEEMS i9r t her
i npr ment . i 0 r.e nec rior, I oY Y

produrt sl dled brt " el e Blols U5 TRSE Worl bud i VB R rb e o

st abi | i t ypicipalecansémanternalyidie 1it at(enfacalibratiohesgpart téxenpaady absdrivdree
nunber of avail able sanmples for caljbration. Al though the i n\,/enr_Iii on |

descri bedSPRGIE) r2Rf @re rePErk it dhe dIMHEGor efeg [GairYatiapunwe R FigWe Iﬁq |l ed
in the arbowbhs fRAfbl v kRIS I 8E6rekh@pe Ot her applications may

30 A discriminant function is applied to classify the subjects on the basis of the first M
scores (M=5 is this application). The scores are rotated through a cross product with
the discriminant , w, as depicted in Figure 11 to produce the scalar, L (115). This
result is compared 116 to 7 the center between the two classes. If | >Z then the

subject is classified as a female 118 and the feature z,=1. If not, the spectrum is

35 classified as beloning to a male 117 and z,=0.
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be substituted for those set forth herein without departing fromthe spirit
and scope of the present invention. Accordingly, the invention should only

be limted by the dains included bel ow. 39 $ 0 SEP 2002&%#!452@6 A
nmet hod for conpensating for covariation of spectrally intertering eci es,

sanpl e heterogeneity, state variations, and structural variations) 5
conpri sing the steps of: providing an intelligent pattern recognition
systemthat is capable of determ ning calibration nodels that are nost

app_roprig;oeef 0 5 ' g rh | of neasurenent; devel oping said
cali bratwﬁ@@@ﬁﬁr&@m absorbance of a 10 representative
popul ati on of subjects that have been segregated into cl asses; defining
said classes on the basis of structural and state simlarity) wherein

vari at i oph¥isbBRbRd ?eéih@_éxt?a%ti\?hﬂﬁdrbcééérﬁw &@?}m%.V?@in@tré&%seme%ﬁrriﬁb@ﬁfS: |

S classifying sald subject, erein classificati occurs through extracted
f eat ur esand invalves tiee giysdictiancd tbpexibjentsrageatsingt 8 inwar enddslubgesivped at e

d st t : | yi nbi nat i f f d ,
cal i B at TBRUGH dATEal Btpsh sapples Eeaigaoin GLam DTSk JPeRuRvelsREh £RRge ife
step of:trgﬁémauﬁlgo%abﬁ@ﬁgb@ttbmooﬁmcﬂe@mw@&t,%H@Js%!éct-%e%eisswéaﬁtwe and

state produce simlarly featured N R absor bance spectra; rein said
cl asses tmoagh rppcelilehticonmgdakiiat is gedt of the IMS-60uctlihenmodel,adeatloped

[t ol 1 glRpugy PR, 57 elbTRicR el Bba amAlFe Sarati AT Ry O 56kt i ng
on a neagobfiticAtS Bohtifld &P RBBRR v PaRHT Y B HliciNay ishdwdKiM Figieufa 140
15 produce the age prediction a 121. The subject is classified as "young" or "old" by
comparing a to the mean age « =49 as detailed in Figure 12, see 122. The resuit of
the classification is the calculated feature, z,, which assumes vales of zero or one

corresponding to a classification of "old" 123 or "young" 124 respectively.

20 Membership Rules

The membership rules 104, shown in Figure 13, determine the appropriate
calibration model to predict the blood glucose concentration from the measured
absorbance spectrum. Based on the two features, z, and z,, four classes are
25 possible. The consequence of the decision it the selection of one of four calibration

models to use to predict the blood glucose concentration denoted PLS1-4.

This classification based on spectral data and not the obvious observation of the
subject is necessary because it is indicative of the state of the subject's tissue. For
30 example, a classification of "old" indicates that the subject's spectrum appears
similar to the spectra previously gathered from older individual's. The results reflect
gross spectral properties that are correlated to age but not necessarily deduced

based on the actual chronological age.
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J O0-SEP 2002 said system conprising: a pattern classification engine for
adapting a calibration nodel to the structural properties and physi ol ogi cal
'state of a subject as manifested in said N R absorbance spectru and 5
means for reducing spectral interference by applying cali 15 BtSEFh henes
specific to general categories of subjects that have been segregated into
cl assBs; wherein a priori information about prinmary sources of sanple
variability is used to establish said general categories of subjects. 10 4.
The systg}i of gl ai m33, wherein said pattern cl assification engine applies a
cl assifi : hat assumes that said classes are nutually excl usive;
and wherein said pattern classification engine applies specific calibration
nodel s to said general subject categories, 15 5, The systemof C aim 3,

wher ei n 0 bk i ' ' . : vel op
cal i brat ?I?r? %Pgﬁ%ngb%??o Ii%&?{%’t@' g&%gggﬁg!{?ﬁfgﬁ %\%ﬁ%@?ﬁ tégbgﬁ{hggﬁ@bggti on
sanpl e haesaribegppboveiantya 8t-poirtt ISaviskg-Guuiag firdtatervadve &l tHe farimoof anfidisd
according to,its cl ass nbe #i : and wherein predictions 20 from nore
than 18ne TORUISS: eRONSE ATERntAd8EE Hh-oSGNIERYLZbk 1 | GRIAYenSIPAIiNg LAnd
i -1di Ubysledtiafibr et falsL8lnsbilien 1 as?%u?)’e%t PR A R}ﬁl SHerh hehL.
conpri si ng: means ?or measuri ng bl ood anal'ytes noninvasi'vely over a diverse

25 popul g, pb. 8f ps.UBAC1 63311196aY.1 PHS rédiMtSh thedH-6anteFdPbE SubFabtthgd Al ttRE N
cl assification engine classifying subjects according to their state and
st ruct ur eneamgropessed apsgrbrN2e GRestin frasaascdlibrationdsati of gxepraryaamples

interfer eI~ Y ombi, nation, of one or nore existi.n

cal 1 br ot B Irotiered I e IME 0L F Wl Rierita Reigitee e PRIGTad 36 1P durle 165( em
for nBasuyslicwing wareiatiymhs/t R0 PBENRS 1 550-Y 789 nth BREPB5D2B78Mra. near

infrared (NIR) absorbance spectrumof in vivo skin tissue, said system
conprising: an execution |ayer that receives tissue absorbance spectra from
an instrument and that perforns rudi nentary preprocessing; a coordination

| ayer that perforns feature extraction; 10 a classification systemthat is
used to diredigtiog Modalgeleationdcdr ding to

Based on the subject’s classification, one of the four calibration models is selected

20 for application as depicted in the two selectors 126, 127 of Figure 10.

Calibration Models PLS1, PLS2, PLS3, PLS4

The four calibration models 107-110 each consist of a 7xN vector of coefficients that
25 map x to a prediction of glucose. Each set of coefficients was developed using
samples (from a calibration set) that were classified as belonging to its associated
class. Therefore, the models are limited to predicting glucose concentration levels

on subjects that are classified in their respective classes.

30 Given the processed spectrum, x, the classification, ¢, and the model coefficients w,

associated with ¢, the blood glucose prediction is given by:

N
.;l=zw’clvxk (16 )

A=1|

were w,,is the kth element of w....



extracted features that represent the state and structure of a sanple;
wherein predictions fromone or mare existing calibration nodels are used
'to forman analyte estimate based on said classification. 15 8 Th ystem
of Claim?7, further conprising: a nanagenent |evel for receid rﬁfpsng
classification and bl ood anal yte prediction) said managenent |evel taking
action based on the certainty of said estimate, said managenent | evel
coordinating all algorithm c events, nonitoring performnce based on cl ass)
adapting rules as necessary, and 20 maintaining information regarding

syst em stFaray Classificatiopi&ysterh Cl ai m 7, wherein said classification system
uses classes that are nutually exclusive. 25 10. The systemof Caim?7,
wherein said classification system applies fuzzy set theory to forma
classi fi &VeMBWpr edi ction rul es which all ow nmenbership in nore than one
class. 42 3 D SEP 2002 11. The systemof Claim 7, wherein said instrunent
perfornms absorbance neasurenent through any of transm ssive, diffuse

refl ect anggie fle Ah&fiORIdH SRIGMASsee é@dtasmet ébé%&?@&g?% IsHbyin i gﬁien

said tissue absorbance spectrumis a vector m= 3 sor bance Vval ues

pert dDni N pwvideset ot N olassé¢ergplicalfle @ Bladd hnalysp astimadione thie iopticalr ed,

and wherei n nunber, of necessarg wavel engths in said ?.Q,%f”“ IS, a function
[

of cross PEBREEESQId e_btéscs\H@e%'H oY ¥t OY% aP yRRUNEM BT VAtHES e IHINCE SeRS%es.
13. 'The $yphamicd d&/rdh Bxibt ahbthRY n?é%fg?.fr et a%{a I §6 £l Bétwl | ANGadds

scal ing, normalization) snoothing, calculating rivatives, filterrng, and

ot her tr amsf bavmia statistidedly equanchetreenof seerahdrship iimsnyuofeséwdratl aldsaes.on
w t hout

fecting the signal of interest. 14. The systemof Claim 13,
Wherein dNSrEBrooRtELgaRE 8, 20 il ST IO dPRgiS; 20
X = h6~. dPpehPEsfrdr§ o M¥aturd B the tBrddt PRPAREDAI Ng function. 15. A pattern
recognition nethod for estinmating a concentration of a target 25 bl ood
anal yte, conprising the step of: 43
The system shown in Figure 14, denoted the IMS-FC, employs fuzzy sets to define a
continuum of grades in each of the classes. Rather than categorizing subjects into
distinct and independent groups, this system determines the degree of membership
20 of a particular subject in each of six classes (150-155). Therefore, each subject
shares membership in every class and each of the parallel calibration models has

the opportunity to contribute to the prediction of the blood analyte based.

The weighted combination (based on class membership) of the prediction of all
25 calibration models in the system produces an apparent continuum of calibration
models. Subjects falling mid-point between two classes, for example, are predicted
using both rather than one of the two (calibration models) and produce a prediction
with a greater level of confidence. Similarly, the calibrations are created through a

weighted principal components regression (WPCR) and are not exclusive to a

30 distinct population.

Similar to the IMS-CC, the fuzzy system (IMS-FC) classifies exclusively on the basis
of spectral information. The measured absorbance spectrum is preprocessed for
feature extraction. The features in this implementation are continuous (calculated)
35 variables related to the absorption of body fat that is manifested spectrally and the

apparent age of the sampled tissue volume. Fuzzification occurs through a set of
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3 0 SEP 2002 cl assifying new spectral nmeasurenents into previously defined
classes through structural and state simlarities as observae}&tqi% %névinssue
absor bance spectrum according to a pattern classification dé erein
cl ass nenbership is an indication of which calibration nodel is S nost
likely to accurately estimte the concentration of the target bl ood
anal ¥t emesetatsipiptfuections| thaisprodoed five rerhberdhiporginés aogpdidied witptbe aub-
extracting features; and classjfying said features according to a
cl assi f Bel&t MaIe, igARIe.QyRHMb ANKidih aggreand gldi 6. Thewe MerMisdsip \alugsates,
wherein L >t i h Lcal  f L1 on
that - enhanefrEd hicBaRdeRid Rlef 3B b brified B ETeb iR cid s TG BRI o
i nt er pr af @dhoef. sid blasges. The nethod of Clairn i 5) wherein said
classification nodel conprises means for determning a set of simlarity
measures W th predefined classes. 18. The nethod of C aim 15, wherein said
. decisgio "l ; Lani ol asi s
of 05 nBecRaRPi 85 PR aRec e s B sCl A% ELRrayPal oo 05 Oy
C ai m 1% ebch bhtte siargalibsatiog moeelst diheofesults ¢sik diltg glucbses ebfimatds) @ame syst em
t hat assunes that said cl asses a}re rrutéglly exclusive and that forces each

measur eRamPinest through e proess Pldefuzaification 149 in ahichrie AEOMREIOLEIAES ai m
17, f he | W e 4 :
0 RSk RN e o e SRR, o O,

S not In said fuzzy classifier
allows a sanple to have nenbership in nore than one class sinultaneously

and provi des a nunber between zero and one indicating a de?ree of
menBeér sNVipla thecaessept ipgrlementation involves a specific number of feafures, classes,

decision rules and calibrations models, the invention may use an arbitrary number of
each in the configuration shown to produce a blood analyte predictions. Further, the
invention covers the use of fuzzy classification for the purpose of blood analyte
prediction or other analytes determinations.

20

Detailed Description

NIR Spectral Measurement

25 The measured NIR spectrum, m, 111 is a vector containing absorbance values
evenly distributed in the wavelength range 1100-2500 nm. In the present application
N=1400 and an example measurement is depicted in Figure 1.

OQutlier Detection
30

The detection 99 of spectral outliers is performed through a principal components
analysis and an analysis of the residuals. First, the spectrum m is projected onto

seven eigenvectors, contained in the matrix o that were previously developed



S 21. The nethod of Caim 15, wherein said feature extraction step

conpri ses any mat hematical transformation that enhances a quality or aspect
‘'of sanpl e nmeasurenent for interpretation to represent conci Sd $ERt200t ur al

properties and physiol ogical state of a tissue neasurenent site, wherein a
10 resulting set of features is used to classify a subject and determ ne a
cal i br atthooughoal printipat comproentsiesefiydis bora balioatiensétydred gtoeel ot thenlM&2. The

met hod Im21, wherein said features are represented in a vector, ze
3tMthaﬁ.'tQSTg@t°éf°rﬁl§f&§‘ B I¥ROYr epr ocessed measurenent through: ~ 5 z=~~, x)
where j 3i" -~9tMis a nmapping froma negsurenent space to a feature space,
wher ei n deconposing ,f() yields spe(}%i__c hansformations, j(): T‘P\l)' a3~M
for determining a specific feature, er&fn the dimension, M ﬁ ndi‘cat es 20
wWhEt her an irh feature is a scalar or a vector and an aggregation of all

feat ur esacp pdiRick§ k8T 1 By 20EcIOPRF 8bbred, Kpat Wh%rﬁ’&h'ié%ﬁeskﬁv 1 £8IURH BE the
structure |R I cative of gn under I'yi ng phySital phefiomenon en sald feature
i s reprenatrixeal fige aesidaalon, isrdedempinedaocordhgAd: The net hod of d ai m 22,
wherein individual features are divided into two categories conprising:
abstppact features that do not necesparmlwphave a specific interpgetati on 45
3 0 SEP 21102 related to a physical system and . sinple features that are

i oot | yad RATERCl) g URERole SAR0Ard He A0 (8¢ TfRola4sSiHel oi n-

feat ur esdétBﬁfﬁiP_Eatrfrd?ﬁ 2SO IibrAtIreskt! NOgReMdR fHReCIhAb i@%ﬁéﬁ;@gﬁ@? SHiRAENt S

i nclude any o hi ckness of adi pose tissue; henmatocrit ssue
hydr at i omana@entadre amoetlief. prot ei n absorbance; scattering properties of
said tissue; skin thickness; tenperature related effects; age rel ated
effects; 15 spectral characteristics related to sex; pathlength estimates;

15 Processing 4 (140) and Feature Extraction 3 (141)

The first feature for the IMS-FC is related to the fat stored in adipose tissue as
manifested through absorption bands in the 1100-1380 nm range. This feature is
extracted, as shown in Figure 15A, by performing multiplicative scatter correction
20 160 (described previously) on the 1100-1380 nm range. The absorbance value
corresponding to the wavelength 1208 nm 161 is the value of the feature, z,

associated with the measured absorbance spectrum.

Processing 5 (143) and Feature Extraction 4 (144)
25

The second feature extraction, shown in Figure 158, produces a prediction of the
subject's age based on the measured absorbance spectrum. First, the wavelength
range is truncated to the 1100 to 1800 nm region 162. Next, the subject's age is
predicted through a calibration model 163 that is part of the IMS-FC. The model,
30 developed through PLS on a calibration set of representative samples, consists of a
set of coefficients contained in the vector w and is applied as shown in Figure 12 to

produce the age prediction z,.
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vol unme fraction of blood in tissue; and spectral characteristics related to
envi ronnental influences. 20 25. The nmethod of claim 15, further conprising

‘the step of: enploying spectral deconposition to determ ne f§ebt gEESZ%I at ed
to a known spectral absorbance pattern, 26. The net hod of cl di , rther

conprising the step of: 25 enploying factor based nethods to build a nodel
capabke of representing variation in a neasured absorbance related to a
denogr aphi ¢ variabl e; 46 3 0 SEP 2002 wherein projection of a nmeasured
absor bance spectrumonto sajd nodel constitutes a feature that represents
spect r al hugey Merpbenshipdrenctionssai d denographi ¢ variable. 5 27. The net hod
of Claim15, wherein said extraction step determ nes at | east one
calibration nodel that is nost appropriate for neasurenent; wherein a

bj ect | i gned t f i ned cl for. whj ch
ol br at 1O T membassin GoslRiyalbands e uipd 1 33t TRG TherdeaeRta ai m
15, wher ghambaishipat iR Bulsieasmi ddeetlc! QUb-§dt8 Rt deNatercmmbihe8 $h Wu@hﬁgsps

of : neasuring the simlarity of a features to predefined classes; "an
assi dhi nglesisen mibatherfsadhp masbeshiprfunatienhodpsf thel féatuas inputetceanvalaed

measurin te es ual 1y _excl usive class and assi gns. each asyr ement
to one cibgdu8naPaie 3 hiheragilst i ffinidti he brnelie Ao Ag Y e8P us oo
a fuzzy qbprskht et membaystis frddishs gt | ows cl ass nmenbership in nmore than one
class 20 sinultaneously. 37. The nethod of O aim 15, further conprising the
step of: assigning neasurenents in an exploratory data set to classes. 2S
32. The nethod of Caim3i, further ép;drp
e

?:,T'('si ng the step of: usi(n‘g3
measurenents and cl ass assignnents t term ne a nappi ng fromfeat)ures to
cl ass assilgnrren,ts. 47

where y is the degree of membership in a sub-set, z is the feature used to determine

15 membership, z is the mean or center of the fuzzy sub-set and ¢ is the standard

deviation.

in Figure 16, two broad sets are used that are denoted Membership Functions 1
(142) and Membership Functions 2 (145). Membership Functions 1 represent the
20 subject's sex 170 using two sub-sets (male 173 and female 174). Membership
Functions 2 uses three subsets, described below, to represent the age 171 of the
subject. The degree of membership in each sub-set is calculated through Equation

(15) and used through fuzzy operators and decision rules to assign class
membership.

The first set of membership functions 170, shown in Figure 16 (top), are gaussian
functions that determine the degree of membership in the male and femaie sub-sets
based on the feature related to the absorption of fat (Feature 3). The mean and
standard deviation associated with each sub-set (and used with Equation 15) were
30 determined from a large population of subjects and are listed in Table 1. As shown
in the figure, the greater z the more likely the subject falls into the category of
females. Conversely, lower values of z give lower membership in the category of

females and higher in the category of males.

35 The second set of membership functions 171, shown in Figure 16 (bottom), are

gaussian functions that determine the degree of membership in the categories
31



3 0 SEP 2002 33. The nmethod of Claim 32, further conprising the steps of:
defining classes fromsaid features in a supervised manner, wherein each
set of features is divided into two or nore regions, and whe8&i $ER 1 WRses 5
are defined by conbi nations of feature divisions; deS|gn|ng a classifier
subsequent to class definition through supervised pattern recognition by
detegm § ceto
ool Bas R R D o R o e AL e R & 3085°
creat i n{Featotdld). Jhecvean arlidastandefd deviatios asisbciatad aithfeaars obithretimaeed sei
of featuresto an e a | 34. The ne d of O aj m33
her of nCBEARHRE TP A TEGT S ALaTBvely B8Ot Fpedior L darehBePUIES | s
gi ven by fsggjegg andfé?easte‘éﬂ"lﬁﬁeabi% 1, 2, ...P, fk() is menbership function
of the K'" class) , 1] tor aII K and the vector cE9tp is the set of
class menber shi ps; mhereln sald 20 nenbership vector provides a degree of
@rship In each of said predefined classes and is passes to a
caI iBration al gorithm said calibration algorithmdeterm ning a combination
of one or nore r QQ%Q 25 35. The
met hod of d ai %%?Aé I?v\/?\iedrrgilEh o tﬁ%%gfgsf@giﬁ%%g‘gb %y application
sai d conbi nati on of one or nore call atlon nodel s for bl ood anal yte
prediction. 48 3 0 SEP 2002 36. The nethod of C aim35, wherein said
calibration nod¢l conprises either of |nonlinear par$taidardas{ squares or
artificial neur& networks. 5 37. The |method of @l abewa!ionv\,h rein a bl ood
anal yte predictijon f essed TRASAH t clagsification
specified by c ifs giﬁ?ﬁiﬁ%@wg(p,m et ceg?? s \2‘ nl?nu rmgar cal i bration
nodel which maps x and ¢ to an Eahalsstle O of Dl bl ood apmaByte
concentration, Yy .

Males 0.54 0.R
15
Table 2. Parameters of Membership Functions 2 plotted
in Figure 16
Standard
Mean Deviafon
Sub-Set Category (Years) (Years)
Young 30 7
Middie Aged 50 10
20 old 70 7

Valiues for the feature inputs to the membership functions that are unusually high or
low fall outside that expected range of the sub-sets and are assigned low
membership values. This information is provided to the algorithm manager and
25 indicates that the subject belongs to a class for which a calibration model has not
been constructed. For the current implementation when y<0.1 for all sub-sets the

prediction is assigned a low confidence level.

The membership functions described have been designed for a specific population of
30 subjects and cannot be generalized to all potential individuals. The invention,

however, covers the arbitrary use of membership functions to assign a degree of
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38. ‘The nethod of Claim35, wherein a different calibration is realized for
each class. 15 39. The nethod of Caim 38, wherein an estimated class is
‘used to select one of p calibration nodels nost appropriate 88rSEP @002
anal yte prediction using a current neasurenent, wherein given that k is the
class estimate for said neasurenent, blood analyte prediction is: YTgr-~x~
Z(ﬁ wher ﬁngnb?rsgm inhe ghan dass tom mhjéed:t flmgmrmhadlyw' pl‘egidst?nkrmrﬁrm,- 40,
The met ho aim 38, erein sai al i brations are devel ope rom25 a
set of ESRENMITHX %vr'BSIH\éYg ﬂ%?)ké’ﬁ? 8% W‘grﬁt‘%ff%‘?“éﬂ&%krtﬂs@oﬂ“mﬁpgagk&’l"ﬁ%s and
preassi gi ﬂﬁﬁ' | ' e 241 i dh t hod
of d ai %@gge,,‘i}o er%?Hﬁﬁg&tgr?lggétlri'ﬂg%é%gyé?éﬁggreggg%égngﬁ@ﬁ gt?mé%ver%ngggghi ps,
. Wher e a nuediesrof stip-seds peedeheral st canrsa@abeddengased @nbivhriadeparadindoat i on
nodel sujtable for blood anal yte prediction or an opti conmbi nati on of
Cever ar 16 DBESsAAYPLSI A cBLamioRidn B 43¢ BeuElausROIFIoR CLPIA0R BMEMGher o n
- menbershi p vector and preprocessed absorbance spectrum are both used by a
sindPe calibration nmodel for blood anal yte prediction, where the
calculation is given by: y = g(c,x) 10 where g() is a nonlinear mapping
determ of nonlinear regression, nonlinear partial |east
squares%&rzgye?%gg‘ré—s'neural networks. 43. The nethod of C aim4l, wherein
separate calibrations ace used far 15 each class; and wherein each
calibration is generated using all neasurenents in a calibration set by
expl oi tiTHe autpaiee Mdiberéaipt Pun&tisiisunemhd MeRisdishDasuHRionst2 afdtwd Aadnet hod
of Caim43, wherein said nmenbership vector is used to 20 determni ne an
opti mal fiventiemharshipofalges| wsaeatvely: hadrarei assasiie rwith 4he sexagR@&9ehr ough

cal 151 ot el Sl THE oBRbR s TPl o R g elenRl hat

combine the membership values of the sub-sets into the class membership used for

blood glucose prediction. The specific rules, given in Errorl Reference source not
found., are all possible combinations of the sub-sets described previously. The rules
employ the fuzzy “and” operator which is implemented by determining the minimum

20  of the two sub-set membership values comprising its antecedent.

As an example of the class membership assignment process assume that a subject
was determined to have values for features 3 and 4 of 0.55 AU and 60 years
respectively. From Figure 16, the membership values in the male and female sub-
25  sets are approximately 0.82 and 0.3 respectively. Similarly, the membership values
for the young, middie aged and old sub-sets are 0, 0.6 and 0.35. From the rules in

Figure 17 the following class membership values are calculated:

1. lf Male AND Young = min(0.82, 0.0) = 0.0
30 2. If Male AND Middie Aged = min(0.82, 0.6) = 0.6
3. If Male AND Old = min(0.82, 0.35) = 0.35
4. |f Female AND Young =min( 0.3, 0.0) = 0.0
5. If Female AND Middle Aged = min( 0.3, 0.6) = 0.3
6. If Female AND Old = min( 0.3, 0.35) = 0.3
35

The class membership vector, d, is given by:
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25 46. The nethod of C aim45, wherein calibration neasurenents are

wei ghted by their respective nmenbership in a kth class when a kth

cal i bration 50 3 0 SEP 2002 nodel is calcul ated; wherein V\/&Qgﬁlfgdzwzsast
squares is applied to calculate regression coefficients in a |linear case,
and wherein a covariance matrix is used in a factor based nethods case. 47.
The grethod of O aim 44, wheyeljpsapd @efsuzzyfipcsatagp is a mpppgg)froma
vector of blood anal yte predictions and a vector of" class nenberships to a
single anal yte prediction, wherein said defuzzifier can be denoted as
transformation such that: y = ~(~~w~ y~y3 ... ypJ) > o0 where d() is the
defuzzification function, ¢ is a class nenbership vector and ykis a bl ood
anal yt eapd eslsapplivd &f tha ddfuzgintatnabloei forstfdregdfort8f thEhsretRIdWEILRbsE ai m
15) further conprising the step of: providing an al gorithm nanager for
report i BNGVYAOHSt 0 an operator, coordinating all algorithmc events,

Tor The TSR IR AR Al BRR Soef tnaL BB ePAalat Bt AR REEE T y e
pr edd ct tHenexanhple; eRPEécshd Galbrafbramaasi MIPCHE)agarwaderehfd 05hhepeefraCl af m

48) further conprising the step of: notifying said operator by said
al gor i t mAstelaigtotthamensyred spestormi Hovgevernyiei easurad spastivanise hdses not

bre t akeEeRbR AR B ARPSEH ROSEE FobHrorst of BRES s uB IR crant
t echni quRsses iRuSEdBLbsEIBNI 86 Qeferfmd iRy Enbiphtion &f CaltrRticd Abdess Rt i on

and correction algorithmdetermnes if nore classes are necessary
blood analyte prediction.

15 Preprocessing 6 (147)

The absorbance spectrum is processed specifically for calibration through MSC as
described above and a 31-point Savisky-Golay first derivative in the form of a finite
impulse response filter (see A. Savitzky, M. Golay, Smoothing and Differentiation of

20 Data by Simplified Least Squares Procedures, Anal. Chem., vol. 36, no. 8, pp.
1627-1639, 1964). The result is mean-centered by subtracting, Tv, the mean
processed absorbance spectrum that is stored in the IMS-FC and was determined
from a calibration set. Wavelength selection is performed to include the following

25 wavelengths: 1100-1350 nm, 1550-1750 nm and 2050-2375 nm.

Calibration

The calibration process in Figure 14 involves the prediction of the blood analyte
30 using all of the calibration models. Therefore, the calibration block represents a
single input-multiple-output operation that produces six blood analyte predictions.
The six calibration models each consist of a 1xN vector of coefficients that map x to
a prediction of the blood glucose concentration. Each set of coefficients was
developed using all sampies in a population (the calibration set of exemplary
35 samples). However, each calibration sample was weighted using weighted principal
components regression as described in Equations 8-10. Therefore, the models are

associated with the six classes.
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or i'f said instrunment requires maintenance. 51. The systemof Caim 12,
wherein an entire spectrumis used for 5 noninvasive appli cati ons with
significant variation within and between individuals. to 52

. AY. AB& A@. Af . A& AFL. A3. L. A& AA. AA AY. A Al 9. A. AF&% A. A . As%A{ 5&920%A A
A9 . A{L. AF9% A sL. AYL. Al . A% AA9. AY. A{. AL. A. A9L. A s. A]%

. A{sL.3As. AAY Ay. Ar. A& AY. A9. Ays. AY{. A3. A&99. A. s SVfi. ’>BY04
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Standard Calibration.

25 For the purpose of comparison, a standard PLS calibration was developed and
evaluated on the data after outlier analysis and preprocessing. The (PCA g-residual)
outlier analysis was performed as described above and 36 samples were removed
due to unusually high residuals. The absorbance spectrum was processed through
MSC and a 31-point Savisky-Golay first derivative. The result was mean-centered

30 by subtracting the mean spectrum of the calibration set from both the calibration and

test sets.

PLS was applied to the calibration set and the number of factors (20) was selected
by optimizing the prediction error through crossvalidation (leave-one-out). The final

35 PLS calibration model was constructed using all calibration samples and 20 factors.
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Table 3. Prediction results comparing the intelligent Measurement
System to standard calibration methods. IMS-CC corresponds to

the system with crisp classification (Fig. 10). IMS-FC includes

fuzzy classification (Fig. 14).

Test Set Resuits

Calibration Set Results

Standard Standard
Error of . Error of
Relative | prediction | Correlation Rzlsg:e calibration | Correlation
E "
mt:i‘;’i:; (pe::z:,t) (mg/dL) | Coefficient | (Percent) | (mg/dL) | Coefficient
PLS | 262 43.9 0.48 26.2 43 0.53
IMS-CC | 23.6 35.2 0.72 20.2 33.4 0.75
IMS-FC | 19.7 30.5 0.8 18.4 29.5 0.82

Crisp Classification.

for MSC in Preprocessing 3 of Figure 10.

37

The outliers described in the prior section were removed and the calibration set was
used to determine the parameters, eigenvectors and calibration models of the
structure in shown in Figure 10. This includes the eigenvectors (o) for the outlier
analysis, the mean spectrum for MSC, the eigenvectors (p) and discriminant function

(w) shown in Figure 11, the age calibration (w) of Figure 12, and the mean spectrum
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The constructed IMS-CC was applied to the calibration and test sets and the results
are listed in Table 3. The test set performance is seen to improve markedly over the

base calibration indicating a performance improvement due to the system of
prediction.
15

Fuzzy Classification.

The outliers described in the prior sections were removed and the calibration set was
used to determine the parameters, eigenvectors and calibration models of the
20  structure in shown in Figure 14. This includes the eigenvectors (o) for the outlier
analysis, the mean spectrum for MSC in Figure 15A, the age calibration (w) of Figure
15B and the mean spectrum for MSC in Preprocessing 3 of Figure 10. The
membership functions and all other parameters described in the Fuzzy Classification
System Section were applied.
25
The calibration set was then classified using the membership functions and rules of
Figure 16 and Figure 17 to produce a vector of class membership values for each
sample in the calibration set. The six calibration models shown in Figure 14 were
developed using Equations 8-10 (weighted principal component regression). Each
30 of the six calibration models was optimized through cross validation on the

calibration set and the final model was produced using all calibration set samples
and the optimal number of factors.

The constructed IMS-FC was applied to the calibration and test sets and the results
35 are listed in Table 3. The test set performance is seen to improve markedly over
both the base calibration and the IMS-CC system indicating a performance

improvement due to the use of a fuzzy classification system.
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classification system (IMS FC) was shown to outperform the IMS that used a crisp
10  system. Since the IMS-FC used six classes as opposed to the four used by IMS-CC
the results do not provide a final judgement regarding the performance of crisp
versus fuzzy systems. However, when the number of data points is limited and the
dimensionality of the problem great, the number of modeis that can be generated by
IMS-CC is limited since an increase in classes causes a decrease in the data used
15 to perform the calibrations associated with the classes. The IMS-FC does not share

this limitation to the same extent since all samples are used to create the calibration

models.

Finally, while the benefit of the IMS has been demonstrated further improvement in
20 the results are necessary prior to application in a product. The main areas of
necessary improvement are in the noise and stability of the instrument, the interface

to the participant and the number of available samples for calibration.

Although the invention is described herein with reference to the preferred
25 embodiment, one skilled in the art will readily appreciate that other applications may
be substituted for those set forth herein without departing from the spirit and scope of

the present invention. Accordingly, the invention should only be limited by the
Claims included below.
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X<X=XKXX, Y _@ providing an intelligent pattern recognition system that is capable of

determining calibration models that are most appropriate for a subject at the

time of measurement;

developing said calibration models from the spectral absorbance of a

10 representative population of subjects that have been segregated into classes;

defining said classes on the basis of structural and state similarity,
wherein variation within a class is small compared to variation between
classes;
15 classifying said subject, wherein classification occurs through extracted
features of a tissue absorbance spectrum related to current subject state and
structure; and

applying a combination of one or more of said calibration models.

20 2. The method of Claim 1, further comprising the step of:
defining subpopulations or classes of subjects whose structure and
state produce similarly featured NIR absorbance spectra;
wherein said classes have improved homogeneity leading to a reduction
in variation related to optical properties and composition of a sample.
25
3. An intelligent system for measuring blood analytes noninvasively by

operating on a near infrared (NIR) absorbance spectrum of in vivo skin tissue,
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wherein a priori information about primary sources of sample variability

is used to establish said general categories of subjects.

10
4, The system of Claim 3, wherein said pattern classification engine
applies a classification rule that assumes that said classes are mutually
exclusive; and wherein said pattern classification engine applies specific
calibration models to said general subject categories,

15

5. The system of Claim 3, wherein said pattern classification engine uses
fuzzy set theory to develop calibration models and blood analyte predictions;
wherein each calibration sample has an opportunity to influence more than one
calibration model according to its class membership; and wherein predictions
20 from more than one calibration are combined through defuzzification to

produce a finai biovod analyle prediction

6. The system of Claim 3, further comprising:
means for measuring blood analytes noninvasively over a diverse

25 population of subjects at various physiological states;
said pattern classification engine classifying subjects according to their

state and structure; and

41



& ()-mxnxyzTzzzdE~_@

10-u!' 110%&' ()- @109 ()-"10%&' ()-$10%& ()-1"10%&' ()-$10%& () - 29& :H’{ MB~_@
10-u!' | @ 10%& ()-&LO%& ()- 9% 109& ()-y#"109%& ()-!9! 109%x& ()- 80 8

$10%&' ()-|c}}~\~~~dE~_@ 10- u! | 9$109%&’ () -

S610%& ()-4"10%& ()-93"109%& ()-1$10%&' ()-+"10%& () - ~NQRSTa#u~\ =

10-u!"10%m& ()-!'9 $10%60Q% ()-3! &10%h& ()- 10 10 10@10%& ()- @

"109%& () - udE~\ = said means for reducing spectral interference by applying a combination

10-u! "10%r&' ()-f&L0%& ()-0" 10%r&' ()-"10%m& ()-"10%& ()-4f ' 10%& ()-_[aB~
\ = 10- u! . 10%f&ng )or MbemRis\ig calibration models to predict the blood analytes.

($10%r& ()-$"10%r& ()- @" 10%r& ()-!as$10%m&’ () - &C-\ =

10-u!'  L1I0% & () -!#s@O0% (& ()- 10m 10m 10nm=10%m& () -

Y7" 10%& ()-!y2' 109& ()- GC<OdE~\= 10-u!L"10% & ()-LIt10% & ()- $109% & ()-L
"109% & () - 9y”- 109\ iptelligendsystem) foo magsutiag blood analytes noninvasively by

10-u! ""10% & () - @10% & (). -410% &|'@&) - o o

L10% & ()>- 3@mw@g(opq_neamm}(qg;eq§!! @bsgrbance spectrum of in vivo skin tissue,

10-u! . "10% & () - Y+10% & ég F) #10% & ()-s""10% & ()- y 10% & ()- 10% & ()-

8r IdE:/ 10(S2RORYSIRMEINPYSING 1004 & () - 9$10% & ()-3"10% & ()- Y1

%40% & ()-90"10% & ()-!"/nxY:/ , :

10( S$10%& () - " 189 9?‘)“"“1@%&‘“6} receiuselisspe S POATSE (SPGB &N () -

SIS ALLCER R R AR SR O

10(CG0%E () - Lo il b b AR b e AOER okdr v

10( F&O1QUh &' () -s2" LQ%Y& () - W& ()=~ “10MME () miand QW& () - L, , " 10%&

)- §rbC 1 é‘ioo/g&. ( céﬁ%{@%@n(%fgé% gg)u(s@ ﬁ%}f%@ %gs_ubjec}gc@o‘%m% to (
extracted features that represent the state and structure of a sample;

wherein predictions from one or more existing calibration models are

used to form an analyte estimate based on said classification.

15 8. The system of Claim 7, further comprising:

a management level for receiving said classification and blood analyte
prediction, said management level taking action based on the certainty of said
estimate, said management level coordinating all algorithmic events,
monitoring performance based on class, adapting rules as necessary, and

20 maintaining information regarding system state.

9. The system of Claim 7, wherein said classification system uses classes

that are mutually exclusive.
25 10, The system of Claim 7, wherein said classification system applies fuzzy

set theory to form a classifier and prediction rules which allow membership in

more than one class.
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. The system of Claim 7, wherein said tissue absorbance spectrum is a

vector m = R¥ of absorbance values pertaining to a set of N wavelengths A €
R¥ that span the near infrared, and wherein number of necessary wavelengths

in said spectrum is a function of cross correlation between a target analyte and

10 interfering species.
13.  The system of Claim 7, further comprising:
preprocessing means for scaling, normalization, smoothing, calculating

derivatives, filtering, and other transformations that attenuate noise and

15 instrumental variation without affecting the signal of interest.

14.  The system of Claim 13, wherein a preprocessed measurement, x = R

is determined according to:
20 x = h(A,m)
where i: R*%R" is a preprocessing function.

15. A pattern recognition method for estimating a concentration of a target

25 blood analyte, comprising the step of;
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said pattern classification method comprising the steps of:
extracting features,; and
classifying said features according to a classification model and
decision rule.
10
16. The method of Claim 15, wherein said feature extraction step is any
mathematical transformation that enhances a particular aspect or quality of

data that is useful for interpretation.

15 17. The method of Claim 15, whersin said classification model comprises

means for determining a set of similarity measures with predefined classes.

18. The method of Claim 15, wherein said decision rule comprises means
for assigning class membership on the basis of a set of measures calculated

20 by a decision engine.
19.  The method of Claim 17, further comprising the step of:
providing a classification system that assumes that said classes are

mutually exclusive and that forces each measurement to be assigned to a

25 single class.

20. The method of Claim 17, further comprising the step of:
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21.  The method of Claim 15, wherein said feature extraction step
comprises any mathematical transformation that enhances a quality or aspect
of sample measurement for interpretation to represent concisely structural
properties and physiological state of a tissue measurement site, wherein a

10 resulting set of features is used to classify a subject and determine a

calibration model that is most useful for blood analyte prediction.

22. The method of Claim 21, wherein said features are represented in a

vector, ze RM that is determined from a preprocessed measurement through:

15 z=f{A.x)

where f; RY -RM is a mapping from a measurement space to a feature
space, wherein decomposing f{s) yields specific transformations, f(s): R~
—R™, for determining a specific feature, wherein the dimension, M,, indicates
20 whether an ith feature is a scalar or a vector and an aggregation of all
features is the vector z, and wherein a feature exhibits a certain structure
indicative of an underlying physical phenomenon when said feature is

represented as a vector or a pattern.
25 23. The method of Claim 22, wherein individual features are divided into

two categories comprising:

abstract features that do not necessarily have a specific interpretation
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hematocrit level;

tissue hydration;

10 magnitude of protein absorbance;
scattering properties of said tissue;
skin thickness;
temperature related effects;
age related effects;

15 spectral characteristics related to sex;
pathlength estimates;
volume fraction of blood in tissue; and

spectral characteristics related to environmental influences,

20  25. The method of claim 15, further comprising the step of:
employing spectral decomposition to determine features related to a

known spectral absorbance pattern.

26.  The method of claim 15, further comprising the step of:
25 employing factor based methods to build a model capable of
representing variation in a measured absorbance related to a demographic

variable;
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15 29. The method ot Claim 28, wherein said measuring step uses mutually

exclusive classes and assigns each measurement to one class.

30. The method of Claim 28, wherein said assigning step uses a fuzzy
classification system that allows class membership in more than one class

20 simultaneously.

31.  The method of Claim 15, further comprising the step of:

assigning measurements in an exploratory data set to classes.
25 32. The method of Claim 31, further comprising the step of:

using measurements and class assignments to determine a mapping

from features to class assignments.
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each set of features is divided into two or more regions, and wherein classes
5 are defined by combinations of feature divisions;
designing a classifier subsequent to class definition through supervised
pattern recognition by determining an optimal mapping or transformation from

the feature space to a class estimate which minimizes the number of

misclassifications; and
10 creating a model based on class definitions which transforms a

measured set of features to an estimated classification.

34. The method of Claim 33, wherein a mapping from feature space to a

vector of class memberships is given by:

Sk = Sfi(2)

where k = 1, 2,...P, fi(s) is membership function of the K" class, ¢,c[0,1] for all
K and the vector ceR’ is the set of class memberships; wherein said
20 membership vector provides a degree of membership in each of said
predefined classes and is passes to a calibration algorithm, said calibration
algorithm determining a combination of one or more calibration models for

blood analyte prediction.

25 35. The method of Claim 34, wherein blood analyte prediction occurs by

application said combination of one or more calibration models for blood

analyte prediction.
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15 389. The method of Claim 38, wherein an estimated class is used to select
one of p calibration models most appropriate for blood analyte prediction
using a current measurement, wherein given that % is the class estimate for
said measurement, blood analyte prediction is:

7=g,(x)

20
where gy(») is the calibration model associated with the k¢4 class.

40. The method of Claim 38, wherein said calibrations are developed from
25 a set of exemplar absorbance spectra with reference blood analyte values

and preassigned classification definitions.
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where g(e) is a nonlinear mapping determined through any of nonlinear

regression, nonlinear partial least squares, or artificial neural networks.

43. The method of Claim 41, wherein separate calibrations are used for
15 each class; and wherein each calibration is generated using all
measurements in a calibration set by exploiting a membership vector

assigned to each measurement.

44,  The method of Claim 43, wherein said membership vector is used to
20 determine an optimal combination of p blood analyte predictions from all

classes through defuzzification.

45. The method of Claim 44, wherein each of the p ¢alibration models is
developed using an entire calibration.

25
46. The method of Claim 45, wherein calibration measurements are

weighted by their respective membership in a kth class when a kth calibration
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coordinating all algorithmic events, monitoring performance based on class,

and adapting rules as necessary,

20  49. The method of Claim 48, wherein both class estimates and blood analyte

predictions are reported to said algorithm manager

50. The method of Claim 48, further comprising the step of:
notifying said operator by said algorithm manager that a prediction is
25 Invalid or a measurement does not fit into one of the existing classes; wherein
further spectral measurements are taken to determine if said error is due to an

instrument, a measurement technique, or a sample; and wherein said error
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detection and correction algorithm determines if more classes are necessary

or if said instrument requires maintenance.
51. The system of Claim 12, wherein an entire spectrum is used for

noninvasive applications with significant variation within and between

individuals.
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