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component concentrations and physical properties (dependent Y-Block

variables). During the calibration of these models, data (spectra and
concentrations/properties) are measured for a set of calibraﬁon"éamples, and a
regression model is built to relate the dependent Y-Block variables to the
independent X-Block variables. One means of performing such a calibration is
through the use of Constrained Principal Spectra Analysis (J.M. Brown, US
Patent 5,121,337, June 9, 1992). Alternatively, Principal Component Regression
(PCR), Partial Least Squares Regression (PLS), or Multilinear Regression
(MLR) could also be used. PCR, PLS and MLR are descﬁbed in ASTM Practice
E1655. Once the multivariate model is calibrated, it may be applied to new
sample X-Block data to estimate the corresponding concentration/property Y-
Block data for the unknown.

Multivariate models are the basis by which on-line infrared analyzers are
used to estimate component concentrations such as benzene content, saturates
content, aromatics content and olefin content for motor gasolines, diesel fuels,
Jet fueis and process streams, and properties such as research and motor octane
number of gasolines and cetane number for diesel fuels from infrared spectra.

For example, Maggard describes the use of MLR and PLS models for measuring




For exanpl e, Maggard describes the use of MLR and PLS nodels for mneasuring
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al so describes the use of MR for neasuring octane and cetane nunbers (US
Patents 4,963, 745, COctober 16, 1990 and 5, 349, 188, Septenber 20, 1994).
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The accurac mu ‘i's highly dependent on the sanples
that are used in its calibration. If the sanples do not span a sufficient

inknowns that are. andTherest of mltheariate madels Fohek geq 40 SRS T
analysis of opllers v SiLLonelslLon ol b SRRl GREEGARY O
do not  adeqyat gl v  FEPLERFNS (Y8 BkHEA Y5880, February 17, 1981). Ashe,
Roussis, Fedora, Felsky and Fitzgerald descnibe the use of Gas
Chromotography/Mz;ss Spectrometery (GC/MS) and PCR or PLS multivariate
modeling for predicting chemical or physical properties of crude oils (US Patent
5,699,269, December 16, 1997). Cooper, Bledsoe, Wise, Sumner and Welch
describe the use of Raman spectroscopy and PLS multivariate modeling to
estimate octane numbers and Reid vapor pressures of gasolines (US Patent

5,892,228, April 06, 1999).

The accuracy of a multivariate model is highly dependent on the samples
that are used in its calibration. If the samples do not span a sufficient range of
the potential variation in the X-Block data, then many of the unknowns that are
analyzed will be outliers relative to the model. Since analysis of outliers is via
extrapolation of the model, the accuracy of the estimates may be diminished. In
addition, if the calibration samples do not adequately represent the structure of
the X- and Y-Blocks, the resultant models may produce biased estimates of the
component concentration and property vaiues. The present invention is aimed at
minimizing this potential bias while simultaneously ensuring that the X-Block

range is adequately spanned by the calibration set.
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As more samples become available, it is typic;l to divide the available
samples into a calibration set which is used to develop the multivariate model,
and a validation set which is used to validate the performance of said model.
ASTM Standard Practice E1655 describes the use of calibration and validation
sets. If sampies are taken from a process, it is typical that samples near the
production average may become over-represented in the data set relative to
samples representing more atypical production. If the division between
calibration and validation sets is made randomly, extreme samples (outliers) may
end up in the validation set where they are estimated via extrapolation of the
resultant model, and the range of the model may be limited. In addition, the
over-representation of the more average production may iead to biased estimates

for samples away from this average.

Several methods have been proposed to make the subdivision of samples
into calibration and validation set based on the independent variable X-Block

data, which in the case of FT-IR analyzers are the infrared spectra.



resul tant nodel, and the range of the nodel may be limted. In addition,

the over-representation of the nore average production may |ead to ] RBEAN
estimates for sanples away fromthis average. Several nethods have been
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val i dation set based on the independent variable X-Block data, which in
the case of FT-IR analyzers are the infrared spectra. -4 Honigs, D. E. ,
Heftje, GM Mrk, H L. _and Hrschfeld, T.B., (Analytical K Chem stry, 1985,
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L. A (Technonetrics 1969, 11, 137- 149) proposed a subset selection nethod
whi ch was apBloekidats, thesehecsioncof ore calibratipasaopleeancels hetsignalhyl hus this ,
Bouver esse, E., Hartman e, KA !
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samples relative to the rank of the data matrix to be useful for modeling.
Further, since the selection process does not make use of the dependent (Y-

Block) vanables, it may not produce unbiased models.

Kennard, R.W. and Stone, L.A. (Technometrics 1969, 11, 137-
149) proposed a subset selection method which was applied to the problem of
calibration set selection by Bouveresse, E., Hartman, C., Massart, D.L., Last,
I.R., and Prebble, K.A. (Analytical Chemistry 1996, 68, 982-990). Distances
were calculated between spectra based on the raw spectral data. The two
samples that were farthest apart were selected as calibration samples. For each
remaining sample, minimum distance to a calibration sample is calculated. The
sample with the largest nearest neighbor distance is added to the calibration set,
and the process is repeated until the desired number of calibration samples is
obtained. Isaksson, Tomas & Naes, Tormod (Applied Spectroscopy 1990, 44,
1152-1158) used a similar sample selection procedure based on cluster analysis
of sample spectra, A Principal Component Analysis of the sample spectra is
conducted, and the furthest neighbors are calculated in the variable space defined
by the scores for the Principal Components with the largest eigenvalues. Neither



sanpl es that were farthest apart were selected as calibration sanples. For
each remaining sanple, mninumdistance to a calibration sanple i 4 1 NOV 2003
calculated. The sanple with the |argest nearest neighbor distance is added
to the cal iWPHBR7set, and the process is repeated until tReTASEI/T2835
nunber of calibration sanples is obtaineds_|saksson, Tomas & Naes, Tornod
(Appl i ed Spectroscopy 1990, 44, 1152-1158) used a simlar sanple selection
procedure base n _cluster al ysis. of sanple spectra. A Principal.
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00170527 PCT/ USOQ 12835 -5 sel ection process nmakes use of the dependent
(Y-Bl variables, and neither is guaranteed to produce unbi ased nodels. To
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span the range of the As an altemative , roma
Princi pal Conppeatad.s Theatapwiles farkedCandésigiedias Bilitiation samplest rPhe oaluysi S)

of the X-Bloc datﬁl can be included in this procedure to ensure that the
cal i bration Mripileshessasushithatthe desiredigumber of kalibratignssmpesrisdeleotpd. t ends
to mnimze ljers.in the validation set, but it has.not een found to
produce opti Orrl;ﬁrﬁ f”@ﬁ%ﬁ"ﬁ&%‘?ﬁf%@b@%@m !{"B—a“'l(hE rN?EPfI{E'W ‘élloc . Asan
altenative, the scores from a Principal Components Analysis (or Constrained
Principgl Spectra Analysis) of the X-Block data can be included in this
procedure to ensure that the calibration samples span both the X- and Y-Blocks.
This methodology tends to minimize outliers in the validation set, but it has not |

been found to produce optimum, unbiased models.

SUMMARY OF THE INVENTION

The present invention is a method for optimizing multivariate calibrations
such as those used on FT-IR analyzers. The method involves the selection of an
optimum subset of samples to use in the calibration from a larger set of available
samples. The subset selection is done so as to minimize the bias of the resulting
calibration while simultaneously maintaining acceptable standard errors and
ensuring maximal range for the model. The optimization procedure consists of
the following steps: (1) The multivariate analytical data and
property/composition data for a set of available samples is divided in to
calibration and validation subsets; (2) a model is calculated that relates the
multivariate analytical data to the property/composition data for the calibration
subset; (3) the model is used to calculate property/composition data for the



The present invention is a nmethod for, optirmzing nultivariate
calibrations such as those used on FT-1R analyzers. The nethod i hi Va8l
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m nim zation can be done using a Genetic Algorithm although other

optim zati orﬁmﬂdmnaéblub@jumsgent ially be used. Selection of sanples to

use in the calibration of multivariate nodels is «critical to the accuracy
of the nodels. Various nethods have been suggested for this

purpose. o2t it o€ oS REHG O SoRSASE ARG 20,
model . critical to the accuracy of the models. Varous methods have been suggested for
) this purpose, essentially all of which make the selections based solely on

spanning the range of the independent variables used in the calibration model.
For example as discussed above, Honigs, D.E., Hieftje, G.M. Mark, H.L. and
Hirschfeld, T.B. (4nalytical Chemistry, 1985, 57, 2299-2303) proposed a
method for selecting calibration samples based on the use of spectral subtraction.
Isaksson, Tomas & Naes, Tormod (Applied Spectroscopy 1990, 44, 1152-1158)
proposed a sampie selection procedure based on cluster analysis of sample
spectra. Kennard, R W. and Stone, L.A. (Technometrics 1969, 11, 137-149)
proposed a method for selecting calibration samples based on distances between
sample spectra. These methods will typically select the most unique samples in
the set of available samples for inclusion in the calibration, but since they do not
make use of the dependent variables in making the selection, they do not
guarantee unbiased models. The present invention makes use of both
independent and dependent variables in making the selection so as to produced

unbiased calibrations.
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For exanple as discussed above, Honigs, D.E., Heftje, GM Mark, H L. and
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nmet hod for selecting calibration sanples based on the use of spectral

,subtracti oWOMRLson, Tomas & Naes, Tormod (Applied Spect PEEESHNI283590,
44, 1152-1155) proposed a sanple sel ection_procedure based on cluster
analysis of sanple spectra. Kennard, 1LW and Stone, L.A. (Technonetrics
1969, 11, 137D 0 ; : 15 f | ri i bration sanpl es
based on di st=&" = ds wll typically
sel ect the nost unique sanples in the set of available sanples for
inclusion in the calibration, but since they do not nake use of the
dependent vari abl df theymaetix DcorinsTheRkivagiate AMAyHest died sud'ad MfFaeed
unbi ased nodel s. The present invention nmakes use”of both independent and
dependent varspagiraas columis, andithe veatbe ytdontaine campoaent cohicenttatiomssiachers
calibrations., 11 NOV,2003 WO 00170527 PCTI USO0 12835 -7 DESCRI PTI ON OF THE
PREFERRED ENVERSBERRAPIFHNG proaromatics cenent ofiprepery datasuchas spacifigigravity aat a

such as infr I . and. t he .vect.or nt ai nNs_gonponent
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data such as depafiihhGo® bRl ipr¥diefion YELRES ﬂﬂ'df'Pélﬁt%st ?&g,th? cal culation of a
mul tivariate nodel involves the determna tion of a prediction vector p
that relates Xtoy, Y= XP [11 ASTM Practice E1655 di scusses how t he

mul tivariate nodel is devel oped using _either Miltivariate Linear
Regression (M.R), Partial Least Squ¥re¥W PLS), or Principal Conponentdll
Regression (PCR). The current invention preferably uses

ASTM Practice E1655 discusses how the multivariate model is developed using
either Multivariate Linear Regression (MLR), Partial Least Squares (PLS), or
Principal Compc-ments Regression (PCR). “The current invention prcferably uses
models developed using Constrained Principal Spectra Analysis (CPSA - J. M.
Brown, US Patent 5,121,337, June 9, 1992), but could use MLR, PLS or PCR as
well. Using CPSA, the calibration spectra are first orthogonalized to correction
vectors that represent signals that arise from the measurement process itself.
Such signals could inciude, but are not limited to baseline variations and
spectrometer purge contaminant spectra. The orthogonalized spectra form the

columns of a matrix X'. The singular value decomposition of X'is calculated as
X' =USV' 121

The first & Principal Components corresponding to the signals in X' are retained,
and the remaming Principal Components are discarded. The
concentration/property data is regressed against the Principal Component scores

to obtain regression coefficients,

y=Vb=>b=Vy (31



nodel s devel oped using Constrained Principal Spectra Analysis (CPSA - J. M
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Alternatively, the scores for the unknown may be estimated as

v, =x,US™! (6]

and the property/composition estimate can be made using the regression

coefficients
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The calculation of the multivariate model thus involves either the calculation of
the regression coefficients, b, or the calculation of the prediction vector, p.
Typically, for PCR and CPSA, the independent model variables are the Principal
Component Scores which are regressed against the dependent variable
property/composition data in calculating regression coefficients, b. Similarly
for PLS, the independent model variabies are the latent variable scores. For
MLR, the independent model variables may be the measured analytical data, as

for instance the infrared absorption at selected frequencies, or a mathematical
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concentrati Oélxa:ﬂglei drtticonhtized hipevarhiad ah tenease tof T RS An i hesebjectveiof the
standard errors for the «calibration and validation are ngjntained at

accept abl e | cursert insenaoms tovapke the suhdivigiogrotsths samplesig X mip heo, o5
trix, V, ..be .cal cyl at.ed..f X ' ti 2
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via extrapolation) in the validation set, the property/component concentration

estimates for the validation_set are unbiased, and the standard errors for the
calibration and validation are maintained at acceptable levels. Alternatively,
instead of subdividing X, a scores matrix, V, may be calculated from X using
equation [2], and the scores matrix may be subdivided into calibration and

validation subsets.

In its most basic implementation, the current invention involves
subdividing the available multivariate analytical data, X, into two subsets, Xcn
and X,,;, and similarly subdividing the property/composition data vector y into
Yea and Yo A multivariate model is calculated using X coand Yeas. A singular
value decomposition of X, is calculated using equation {2]. The scores for the
calibration set, V., are regressed against the property/composition data, Yea., to
calculate the regression coefficients, b. The model is used to calculate estimates
of the properties for the calibration set, ., using equation {7]. Scores for the
validation set, V,,, are then calculated using equation [6], and property estimates

for the validation set, §,,,, are made using equation [7]. The standard deviation

of the property data is calculated as:



In its nost basic inplenentation, the current invention involves
subdi viding the available nultivariate analytical data, X, into {40V 2003
subsets, Xm and X'al, and simlarly subdividing the property/conposition

data vectwooofegiro y,,1 and vy,,,,. A nultivariate nodel i spegisoshakrd
using X ,ar and y'.,. A singular value deconposition of Xca, is calcul ated
using equation [2]. The scores for the ~ 8ribration set, V,1, are regressed

agai nst the property/conposition data, y,,,,, to calculate the regression
coefficients, 6. The nodel is d to calculate estimates of the

properties for the cali bﬁ@?’i%j‘seit, y,a, using equation [7]. Scores fd#l the
val i dation set, V,,al, are théf calcul ated usi ng equation [6], and property

estimates for the validation set, y,,, , are made using equation [7]. The
standard deylatd.on f_the rty data,is calculated as: 11Nov 1U03 WO
00/ 70527 10%ed§?3‘-‘dﬁ??ﬁ”%8p§3§ﬁ@£%& ’EPP&“?Q}FSGQ ibration is calcul ated as:
SEC = (Y~~ - Y-r(Y--1 - Y-r'" n--k The Standard Error of Validation is

calculated as: SEV = FLY- Y-11 The Validation Bias (VB) is calculated as

t he average difference_lﬁlﬂ weennhqe estimate, y, and y, Al value is

cal cul ated as: 1 SEygA-Mitakadehi\Ew TYaf ance i s cal cul ated for each sagpl e
in the calibration set. VAMwucdd-ilagoriaI(V.,(V.~V..) -'Mt) Simlarly,
Mahal anobi s Distances are cal cul ated for each sanple in the validation
set.

The Standard Error of Validation is calculated as:

SEV = \/{im - Y\ul)l(iml - Ymr) (10]

n,,

The Validation Bias (VB) is calculated as the average difference between the

estimate, y,,, and y,,. A ?value is calculated as:

. vn VB
© SEV
A Mahalanobis Distance is calcuiated for each sample in the calibration set.

{11]

MDD, = diagonal(V_,(V.'V..)~ V..5) (12

Similarly, Mahalanobis Distances are calculated for each sample in the
validation set.

MD,, = diagonal(V.,(V..'V..)~ V.9 [13]

The maximum value for MD,, is determined, and the number of validation
samples, Hourtiers, With MD,; greater than the maximum for the calibration are

counted. A Fitness Function, FF, 1s calculated as:



(81 191 110) MD = diagonal (V'a,(V:V..) -' V'd,") 1131 The maxi num val ue

' for MD, is deternined, and the nunber of validation sanples, oufrldf0V 2} h

i

MDR greater than the maximumfor the calibration are counted. A Fitness
Functi on,whforésa7cal cul ated as: PCTNS00 /12835 4 11 NOV 200B/USOW12835 {141

" The subdivision of Xinto X, and Xr,, |S. varied to mnimze FF. Once and

acceptable mininumis found, the sanples corresponding to the nultivariate
anal ytical data in X,.t are used to calibrate the nodel, and those
correspondi ng X, arge used.fto ya-l—i-ﬁféﬁe-tme%d . If multiple 14

mul tivariate nodel b"a@é"d'm@ t're gcarmdpé"t by ock data (spectra) {bl],lt
different Y-Block (property/conponent concentration) data are to be
optim zed, the Fitness Functions in [ 14] are calcul ated for each

i ndi vi dual roperty/ conponent concentration gnd are sung:id (éo obtii n the
FF used i n The suliintsion ofXgtnte Mhan aid: Xy 152431154, 1O SPHLBUEGHE L 5 13U §2%cri bed

I npl ementation of the invention inyolved, r Lt | I Nak

deconposi t i #fEpEable HH“VHPWGS‘.SH%#’ SEmples %&%?bghp'ﬁ‘gs @;}% : 6\2{1 lg\gan%g?er

i ntensive, : | OE&U‘E? | dali @irivded dril those borrespondin

samples, f r%%%géi:dsé%??%%‘f . ég?gfcfea}l?%%,eﬁ%nd I gss conput er ¥ & |
X, are used to validate the model.

If multiple multivariate models based on the same set of X-Block data
(spectra) but different Y-Block (property/component concentration) data are to
be optimized, the Fitness Functions in [14] are calculated for each individual
property/component concentration and are summed to obtain the FF used in the

Genetic Algorithm optimization.

Since the above described implementation of the invention involved
repetitive singular value decompositions of the various permutations of X, it |
can be computer intensive, and thus time consuming if X contains a large :
number of samples, frequencies or both. A preferred, and less computer |
intensive implementation of the invention avoids this problem. The singular |
value decomposition of the entire X matrix is first calculated using equation [2].
The scores matrix, V is then subdivided into two parts, V,, and V,, and the y

vector is divided similarly into y_, and y,,. Regression coefficients for the

model, b, are calculated by applying [3]to V and ¥,,. Estimates ¥, and
y,,, are then calculated using [7]. The subdivision of Vinto V_, and V,; is

varied to minimize FF. Once an acceptable minimum is found, the samples

corresponding to V., are used to calibrate the multivariate model, and those

corresponding to V,,, are used to validate the model.

If samples are to be added to an existing model to extend the range of the

model, than a slightly different implementation of the invention is used. If Xooder




I ntensive i nplenentation of the invention avoids this problem The singul ar
val ue deconposition of the entire X matrix is first cal cul ated ug TPV
equation [2]. The scores matrix, V is then subdivided into tw pa g z@?m
and V, , a0 awWves2y vector is divided SI mlarly into y, and BCT/S00/12835
Regressi on coefficients for the nodel, F}re cal cul ated by applying [3] to
V, and yam . Estimates 5 and are then ca ulated using [7]. The

subdi vision of V.into valedto m nimze FF. Once an

ac?:egt abl e hm'CHPF'I’HH '&@ SPSGEEI?OEHF %’ﬁﬁﬁgﬂ‘éﬁm MeYreond CABALRS ‘hcrﬁorﬁﬁséoﬂ@éﬂd 0
i V

to 'vaL?EEtfa BBy 4. PR Yrogrroare g Cfﬂaflo%& Bk scoRs Ditafled ot o 5010
'?)titeelnnvten'?l (r)n IS UusS v%ﬁ@c?@gﬂfxoﬁ% LE@WBg S%%Egsghg%ggg@%%@t 12

contai ns t he thpadditionaloganiples ebdtsire Mot iwded modeld X,Y,,.. TR€scsrepfar thiesé he
corresponding property data, then Vf are the correspondi ng scores obtained

fromthe si ngdlmnal/aampleéohesammﬂmdateﬂ usingequatior [Ghddhei ssorasclor the

anal yze the ra e additi.onal npl .that ar n the npdel

X, , .?/ZThe sc% afld?o‘i‘ﬂey] ao‘Hi ?Ihé’ﬁﬁl fog ; 'Vﬁ Pi?Se oa-l#cﬂﬂcaﬁ%ﬂpfﬂﬂing
t 6 f f

cquat] on 161 sy e Sirby bk duBpberyBoRhos\opyefs Pl mbdae o1

property/ CO”B%pldsoﬁmqa}t ghd Rr thBAddRiHal sERPRIsC ?;,,,,,Yare%ﬁlbm@& fnfoUnel y1€

addi tional sanple , W, are conbi ned 1 nto one vector. V and y are then
subdi vi ded i lvbotov ahahd/y aredhen subdivided, ihtand tdmel Voptand zaf iand p[ cackte as
descri bed above. The fitness function described heré is only an exanpl e of
one that caophmizatesh proceetieas describedhabdieher fitness functions can be
used to inplement the invention, but all wll typically include a neasure
of the number of sanples in the validation set which are predicted via

ext ' apol ation (outlier Sl)l'le Amess fifiction described here is only an example of one that

can be used for the invention. Other fitness functions can be used to implement

!

the invention, but all will typically include a measure of the number of samples
in the validation set which are predicted via extrapolation (outliers), a measure
of the prediction error for the calibration and validation sets, and a measure of
the bias for the validation set. For example, another suitable fitness function for

optimization is given by:
FF = (1+nwm{: +Jnca,§-i£+an 5%1) (1]

where R, the reproducibility of the reference method used to generate the

property/composition data has replaced StdY in [14].

A Genetic Algorithm is used to locate an acceptable minimum in
FF. Shaffer, R.E. and Small, G.W. (Anaiytical Chemistry 1997, 69, 236A-
242A) have reviewed Genetic Algorithms. Shaffer, R.E., Small, G.W., and
Amold, M.A. (Analytical Chemistry 1996, 68, 2663-2675) employed Genetic
Algorithms to optimize the position and width of a digital filter which was



‘of the prediction error for the calibration and validation sets, and a
neasure of the bias for the validation set. For exanple, another 12 ' Vafﬂlﬂf
fitness fug,g)t‘# for optimzation is given by: FF =(|+n~~~t+SE~C

where R, t O&B%’duci bility of the reference nmethod used t ®#CTAIHEH/12835 t he
property/ conposition data has replaced ShalY in [ 14]. A Genetic Al gorithm
Is used to | ocate an acceptable mninumin FF. Shaffer, R E. and Small,

A gor 1 s, - S a1 e prro et ARy O giifolh s o d i RURe R Bhediy

Cheni stry 1hfare638 Papfdidi 2R /%) artd W dN&ss R T (Uppii i - 1,0 izqi ze the
position and width of a dfizgi ChaiWitiats, RIRE\(pplidk SpectAitpnh O Ph ST 22 L

PCT/ US00 / 22399) used Exemericdiligorithrs & seldet whvelemgthl for Mubhligdagcose in
bi ol ogi cal trices bqu ar- Infrared. Paradkar, R P. ; and Wllians, RR

(Appl i ed SpRERIESYLBH , None of thess)referencessiggest the yse of Genetio sel ect
wavel engt hs . tg | r..Regressi nodel i.ng. ne of these. references
suggest theAitéfem?)qﬂs oketﬁ ?%pnﬂ%&gq ﬂﬁ@'efsBBS’c‘H%gBSPgWP iigtp ealiragon
subdi vi si orerff vAaiEH ithit ' | Lbdat g c.hhe. use of
the Genetic Algorit ﬁsdft%l Fgﬁf? E.Jt'. Egﬁ%ﬁﬁgﬁﬁ@ng‘g@eps:foﬁs“%ﬁ?’? ifgg?\g}pg An
initial setsteps:parent vectors, generation 1, is generated. Each vector

consists of n values that are set to |l if a sanple is in the calibration
set, and to O (or -1) if the sanple is in the validation set. Typically

the assig ..0f- the,n values tp 1 and O (or -1) is done randomy wth
t he const rm?ﬁlpﬁéfmt h@‘rhﬁ%érseb?g paresf ggctp&p, esaerager lpisgenssated. drach
acceptable r  of r of- Is in the yect be
constrained t ge%gr C\E\nﬂélgﬁr}éft’agﬂrﬁg%}g}gﬁta?%%épdﬁlftaosaﬂ?@ﬁ 1S 'i’erﬁ}%é{ﬁé"f Se%ar ent
vectors is thangitg® (or -1) if the sample is in the validation set. Typically the

assignment of the » values to 1 and 0 (or -1) is done randomiy with the

constraint that the number of sampies in each set must be in an acceptable
range. For instance, the number of 1s in the vector may be constrained to be
within the range from 0.47 to 0.6n. The number of parent vectors is the size
of a generation. Typically 40-80 parent vectors have been found to give
acceptable performance, but other numbers of parent vectors could
potentially work as well or better. If preexisting models are to be used as
starting points, one or more of the initiai parent vectors may be set to

correspond to the samples in these models.

2. Evaluation - the Fitness Function, ¥F, is calculated for each of the parent

Vvectors.

3. Selection of the fittest - Roulette or Binary Tournament selection is used to
select mating parents from the initial set. For Binary Tournament selection,
pairs of potential parents are randomly selected, and the parent with the
lower FF is allowed to mate. For Roulette selection, the sum of 1/FF is
calculated for all the parents in the initial set. Each initial parent is assigned

to a fraction of the range from 0-1 corresponding to its 1/FF value divided by



of a generation. Typically 40-80 parent vectors have been found to give
accept abl e performance, but other nunbers of parent vectors coul qb1 NOV 1@3
potentially work as well or better. |If preexisting nodels are to be used as
starting W ow™es27one or nore of the initial parent vectors Ral/USRVEESS ¢ o
correspond to the sanples in these nodel.g4.2. Evaluation - the Fitness
Function, FF, is calculated for each of the parent vectors. 3. Selection

of the fittest - Roulette or Binary Tournanent i ' . sel ect
mati ng par ent sthis S He rapdam pu BepEatey ﬁﬂa%f?ﬂ?gﬁ@ﬁtﬁgﬁg]ﬁgﬁg

airs of potential parents ar lfaPQe ' t he
Fovver FF Ps al g\ggbsp% rﬁaﬁ) .ergoﬂr- %ag@me%("? Zaeée‘f)ggt??%ﬁ@ﬂ([ he gﬂ%ﬁnﬁ‘{:gﬁi S

cal cul ated for 3kl 4 R3RR! thub rd fidré Nkklyab Besclediedior niatingl Tias ent i s

assigned to a on of the range from corresponding to its 11FF

val ue di vi ded RymW6r GPesEPFarentslsbldctddi2afal to BETnnoer in theapdialises andm A
random nunber generator is used to select parents for mating. Parents with

a | ower FF val imdividval parentmayiappearinyultiple gmes.r acti on of the range from
0-1 and thus are nore likely to be selected for mating. The nunber of

total parents selected is equal to the nunber in the initial set, and

I ndi vi dual parents appear |t | iRaca R d@ktfthe ifRatRndom

nurber gener‘gt °?§‘%%°Dr{)bgdr@rﬁg9hiﬁ%ﬁ})& gach‘a‘%ﬁéﬁ of mating par el?t s will

exchange i nf or ppd| i S OAR K rinférmdtis Hithe randomsmimber is
Ef dfimaline o QAN Exce

probability le 0.95), then exchange will occur. A second
random nunber gag9qhah @'preset peebabilitydievel (typicaily é}.%S)iltbﬂngh@ngVéEﬂbﬁa%th e

exchange will occur. If the original parent vectors are n glenments ., |ong,
and the randomAnsedond mdenmmgbhmm#@s ENIETT RIS Lo T ﬁg&[}zﬁo&g the

vectors the exchange will occur. If the onginal parent vectors are 1 elements

long, and the random number generator indicates exchange should occur at
element i, then the first child vector will contain elements 1to i from parent 1,
and elements i+1 to » from parent 2. Similarly, the second child will contain

elements 1 to i from parent 2, and elements i+1 to n from parent 1.

5. Mutation - After recombination, a random number generator is used to
determine if mutation of each child will occur. If the random number is less
than a preset probability level (typically 0.2 to 0.25), then mutation will
occur. A second random number generator 1s used to determine where along
the child vector the mutation will occur. If the mutation is to occur at
element j, and element j is initially 1, then element j will be set to O (or -1).

Similarly, if element j is initially 0 (or -1), then it will be set to 1.

6. The Fitness Functions for this new generation, the children from steps 4 and
5, are determined.. The vectors with the best (lowest) Fimess Functions are
stored. Ifno stop criterion has been reached, then steps 3-6 are repeated for

the new population. Stop criteria include:

e Reaching a predetermined number of generations (typically 40-100);



element i, then the first child vector will contain elenents Ito i from
~parent 1, and elenents i+1 to n fromparent 2. Simlarly, the $4NdYAhild
will contain elenents | toi fromparent 2, and elenments i+ 1 to n from

parent 1. 35 odHisasion - After reconbination, a random nunbep-peRgIRkH S
e Ve

used to I f mutation of each child will occur. If the random
nunber is less than a preset probability!Jd-evel (typically 0.2 to 0.25),
then mutation will occur. A second random nunber generator is used to
determ ne wher g a}j@Pmg rid'ehdipel ifl svatd fiked PercBhiagkidth¥vbbit veewurs for ordie
mutation is to occur at elemment j, and element | is initially 1, then

el ement j will befiged number 6bgendrationsSi Fypmally, ifithe @5&mofithej papulatkon with y 0
(or -1), thenit will be set to 1. 6. The Fitness_Functions for thi.s new

generation, the cthiellawent Fitagasdiunstions dadot shangefofet SHGEEFVE BTG or 5
with the best (lowest) Fitness Functions ar stored. If no stop criterion
has been reached,&ffé)ﬂciﬁséﬂé cpnyerged %‘@‘é‘&f‘ﬁﬂ' for the new popul ation. Stop
criteria include: Reaching a predeterm ned nunber of generations
(typically 40-100); 11 NOV 3 WO 00/ 70527 - 15 PCT/USCQ 12835  Havi ng no

change in soneffixGendfy AREIMtm Afutiftusedsh tieekanpldsbeloonied fliifad nunber
of generations. Typically,"if the 25% of the population with the | owest

Fi t ness Funcdangple wiss inathe calibratidoset 3ared iclcsdhe sampbnwasin thesvalidanensebeess
has converged suffi ci entgﬂé The Genetic A qiﬁlithm routine ug.‘j:d }én tge
exanpl es bel Bhe useef 1, 1 ¥ allows shgumqusaesspfighildeen to,bemas easlly chegked, o

e e el Pela R e JOEHERaS e A SRR, |,
( \Qﬂgcg. the GAJiflek ol s 4dfh. Mre standard GA routines would use 1
_ The Genetic Algorithm calculations may be repeated several times to try to
locate the optimum model, particularly if the first stop criteria (reaching
predetermined number of generations) is reached. The starting populations for
each calculation can be random, or based on some fraction of the best vectors
from previous calculations. Since Genetic Algorithms can get stuck in local
minima, multiple runs starting from different populations are more likely to find
the global minimum. However, since the local minima may in themselves be
adequate subsets for producing unbiased models, the repetition of the Genetic

Algorithm may be used, but is not required by the current invention.

EXAMPLE | - Optimization of an FT-MIR Multivariate Model for Estimation
of Benzene and Aromatics Contents of Motor Gasolines

The initial X-Block data consists of a set of 149 FT-MIR spectra of motor
gasolines collected at 2 cm! resolution over the 7000-400 cm™ spectral region.
A CPSA model is initially build using data in the 4750-3140 cm’ and the 2220-
1630 cm’ regions. Orthogonalization to cubic and quadratic baseline
polynomials is used in the two regions to minimize effects of baseline variation.
Orthogonalization to water vapor spectra is used to minimize sensitivity to

spectrometer purge variation. An initial model was build using all 149 spectra,



The Genetic Al gorithmcal cul ations may be repeated several tines to try to
| ocate the optinum nodel, particularly if the first stop criteri “(mﬁaw ng
predet er mi ned nunber of generations) is reached. The starting popul ati'ofs
for eachWb@usati on can be random or based on some fractPOTYUS6N/L2BIS best
vectors from previous cal cul ations. Sincg _Genetic Al gorithns can get stuck
inlocal mnima, nultiple runs starting fromdifferent popul ations are

Ty i1 t henaBibOBrained Breial (mPanens v rBIRGK RHPES TS Bis @d&ngﬁ
the cur r ant Todelfe Rz cdo B ddd ORREAITOHRAT, DAL rartnBRe vERREK T, BY
Model for ESkiii wal obinBE RERCASTM A 958, | SforrRtidsSotinterith fOPHRY 14s0! | nes

The initial X-Block data consists of a set of 149 FT-MR spectra of notor

gasol i nes cchmpitsinged fromml7e6 w D8 .6ovolamer %l ed #HROSeneNe cotitenpefriom0.23
region. A CPSA nodel is injitial I&/ bui I d usi nag_ data in the 4750-3140 cmi'
and the 2220 01%Beclume %. r The Standaol Brvays edIGalibration fas thisuininalnfulysetdr at i c

basel i ne pol mals j sed in the two regjons.to mnimze effects of
basel i ne vammedaigrere deidh oqfama?&éiceﬂtemomda@QS%fabg%mgﬂsmms used to
mnimze sensitivity to spectroneter purge variation. An initial nodel was
build using all 149 spectra, 11 NOV 2003 WO 00/ 70527 - 16 PCT/USQO / 2835

and 9 Constr ai TRe sEéred Hdif thiSA RN Hbdel Wit uieBhotie XeBidksinphtscrouhed in
the nodeling, benzene content and aromatics content. Data for these

Y- Bl ock vedieneticwhlgooithmi The henizene A6iitehDaid ronfatitsatoneentCH+Bleck svettors t he
149 sanples ranged. from17.6 to 28.6 volune % and_ the bepnzene contents

from 0.23 tvere wed i theepumuzagons: Raw@fog Smamples whichawers faundhtorbs t hi s

initial, ful et . Hnld6| were 0..342 for %romabi cs content, and 0'03(21 for
benzene con at_:ntlze outhiers for éither aromatics or benzen¢ confent 'were Temove
from the X-and Y-Blocks prior to optimization, but were included in the data

used to calculate validation statistics for the final models.

For applying the Genetic Algorithm optimization, the number of calibration
samples was constrained to fall between 72 and 102. Each generation consisted
of 100 vectors, and up to 50 generations were calculated. A 95% probability of
recombination and a 25% probability of mutation were used. The Genetic
Algorithm optimization was initiated twice from random initial populations. For
each of these random starts, the Genetic Algorithm was restarted 3 additional
times using the best 25 vectors from the previous pass as one fourth of the initial
population. The vector with the lowest Fitness Funtion was used to determine
the division of sample spectra between calibration and validation sets. The
results for the model build on the segregated sets are shown in Table 1. The
model is unbiased for both components, and the weighted average of the
standard errors of calibration and validation are comparable to or better than the
SEC for the model based on all 149 spectra. The maximum Mahaianobis
distance for the validation set is less than that for the calibration set, so that all

validation analyses are via interpolation of the model.



The scores fromthis initial nodel were used as the X-Block inputs to the
Cenetic Algorithm The benzene content and aronatics content Y-BI q\(/:l:-'!
vectors -were used in the optim zation. Data for 5 sanples which ¥ 2003
found to kepodhoasdentized T outliers for either aromatics or POBRESEMRSISONt ent
“were renoved fromthe X-and Y-Bl ocks pr|9r to optim zation, but were
included in the data used to calculate vdlidation statistics for the final
nodel s. For applying the Genetic Algorithmoptimzation, the nunber of
calibration sanples was constrained to Tall¢ Ibetween 72 and 102. Each
generation consisted of 100 vectors. and up to 50 generations were
cal cul at ed. 95% probahi ity of rdcorisomatic Comtenind [ a 250Beazenellontents v of
nut ati on werelused The feenetic Algdrithm oftinization was ini’tiat ed twide

fromrandomipitial popdE@tians Eorl each%28 these _,_a_ngm_s_tg#z
. M—wm j 1 i i t o T
|

Genetic Al gor timecly

vectors from phepreviodEnass as one fourdidt thet

The vector wifh the® ' s Huntion®#s used|to deter iy he
di vi si on of spnpl ¢ndspTr-ankelfilétn clali bration and Validation sets. The
results for the de I1gzon the segregat ed sets @are shown in Table 1.

The nodel |srombrasggrlor et SgoeTd tITE Wl gt el ggggT age ol _{jhe
standard errors—of—catrToratrom anmd—vatrTdatTom are conparanl e to or better

than the SEC for the nodel based on all 149 spectra. The naxinum
Mahal anobi s _dig} 86Bafifen, e KeHnhfRSLAHE MethddSwhesed Aseleqta2 éuibradin
cal i bration set, hat al val i dation anal yses are via interpolation of

the nodel . \dEmpdésrAbaithe shi‘he Jeetrof 189NAia? @p&ctrCThe/send 5288 Shown dndiable

Cont ent Benzene_Content 7272
( 2. The standard errors for the resultant model (weighted average of SEC and

SEV) is significantly poorer for the resultant model, and the model biases are
also larger. In the case of aromatics content, the Kennard-Stone based model

has a statistically significant bias.

Table 2
Aromatic Content Benzene Content

B oot 72 72
SEC 0.451 0.050

Nt 77 77
SEV 0.325 0.057
Weighte Standard Error 0.389 0.054

: ‘/nsd SEC" + niw SEV
né + nua

Validation Bias -0.083 0,010

EXAMPLE 2- Optimization of an FT-MIR Multivariate Model for Estimation
of Olefins Content and T50 and T90 Distillation Temperatures
of Motor Gasolines

The data set available for development of the multivariate model consists
of 722 motor gasolines. FT-MIR spectra of motor gasolines were collected at 2
cm”’ resolution over the 7000-400 cm™ spectral region. Olefins Contents for the
gasolines are measured by ASTM D1319. The temperatures at which 10%, 50%

O



SECO. 2090. 029 n., 7777 SEVO. 3990. 032 Wi ghie Standard Error nor SEC + nor
SEy 0.2550.031 nid + nad Validation Bias-0.0030.000 { For conparl $88Y 2ipe
Kennar d- St one nmet hod was used to select 72 calibration sanples fromthe
sane set oWOMMGFOFXitial spectra. The results are shown in THROTAIS0RI288he
standard errors for the resultant nodel _(jyei ghted average of SEC and SEV)
Is significantly poorer for the resultant nodel, and the nodel biases are
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Vel ght o St SRASTAL ASTIVOREC Aaiog<lly, aikir oftide gy XS TM 2700

Val i dation Pisarch Sétan®nlikiber (ASTM D2699), saturates content (ASTM D1319),
specific gravity (ASTM D1298) and methyl t-butyl ether and oxygenate content
(ASTM D4815) data were available for the 722 gasolines.

An mitial division of the 722 gasolines into a calibration and validation
set was made using the following method. The gasolines were sorted based on
olefins content. The gasolines were numbered from 1 to 722, and numbers were
divided by 20. If the remainder was 1, the gasoline was marked as a calibration
sample. The gasolines were then sorted based on T50, and again numbered from
1 to 722, and the numbers were divided by 20. If the remainder was 1, the
gasoline was marked as a calibration sampie. This procedure was repeated in
turn for T90, T10, MON, RON, sats content, specific gravity, MTBE content,
and oxygen content. 299 samples were selected as calibration samples in this
fashion.

An initial CPSA model was built using data in the 4750-3140 cm™ and
the 2220-1630 cm™ regions. Orthogonalization to cubic and quadratic baseline
polynomials is used in the two regions to minimize effects of baseline variation.
Orthogonalization to water vapor spectra is used to minimize sensitivity to
spectrometer purge vanation. The initial model was based on 9 Constrained
Principal Components. The model was used to analyze the 423 initial validation
samples. The estimates for the validation samples showed a statistically
significant bias for all three of the target properties (Table 3).



EXAMPLE 2- Optim zation of an FT- MR Multivariate Mddel for Esti ITB.tIOI’l of
A efins Content and T50 and T90 Distillation Tenperatures of Mtgqg

Gasol i nes The data set avail able for devel opnent of the nmultivari ate m)@gq
consi sts oYOMI0RGt or gasolines . FT-NM spectra of notor gREDIUSIRRSIEr e
collected at 2 cm1l resolution over the [§Q00-400 cm -1 spectral region.

A efins Contents for the gasolines are neasured by ASTM D1319. The
tenperatures at which 10% 50% 1 1 NO 20 OOn052 PCT/ USOQO 12835 - 1s
and 90% of the gasoline distilled, T 10, d T90 respectively, were
measured by ASTM D86. Additionally, notor octane nunber (ASTM D2700),
research octane nunber (ASTM D2699), saturates content (ASTM D1319),
specific gravity (ASTM D 1298) and n®iksdn¢ ContenPUL]yT efsper  and OXYEggiat €
content (ASTM D4815) daita were avall abb® Tor t(Jhe Adg gagol I nNes g 1 ity al
division of the 722 gaS8&Tines intd a caabrati gn an@sval r{datl onzgsel wWas
made using the_follow mg nmethod. The gasnli nes jwer eszsort §gd basedzpn
olefins contept. The g&¥0|ines wete nudnééed friom 2880 742, and2BunbDers
were divi ded| by #e@hte|Siandané Errerai nder WSO 1, tHe gaseli nd was nasked as ﬁ
calibration psanphieSETRe gagBifines ers were di i ded by 2Q. 1f the remainder
was 1, the gaso T_nryyis"ngrk'@d—as a calibration sanple. This procedure was

repeated in [-e#A f—ﬁa’“ﬁ?}‘d“""r 10, —MON—RONsatg content lspecific gravitly,
MTBE cont ent, et Uidation Bias . P 299%2{;1 os \z\nr_ézzgnl adt nri AQ2M| ibratl on

LAY UAyU\,II CUTIC CTT
sanples in this fashion. An initial CPSA nodel was built using data in the
4750-3140 cm -1 and the 2220-1630 cm 1 regions. Othogonalization to cubic

and quadratic bas |nth t.wo regi ons t nimze
(effects of baseli 2’9@%.@?%@%%@#&%8#@5&5&?’8& o Sr‘ﬁ%nbﬁsccra is
used to m ni @k beirges driyué Yo ikfude in the models or having suspect

property/component concentration data. The V_,and V_, scores for the

b\

remaining 701 samples were used in developing the optimized model.

For applying the Genetic Algorithm optimization, the X-Block data
conststed of the V_,and V_, scores for the 701 .samples, and the Y-Block data
consisted of the olefins contents and the T50 and T90 distillation points. The
number of calibration samples was constrained to fall between 278 and 417.
Each generation consisted of 100 vectors, and up to 50 generations were
calculated. A 95% probability of recombination and a 25% probability of
mutation were used. The Genetic Algorithm optimization was initiated from a
random initial population. The Genetic Algorithm was restarted 7 additional
times using the best 25 vectors from the previous pass as one fourth of the initial

- population. The vector with the lowest Fitness Function was used to determine
the division of sample spectra between calibration and validation sets. 279
calibration samples were identified. The results for the model build on the
segregated sets are shown in Table 4. The model is unbiased for both olefins
and distillation points, and the standard errors of calibration and validation are
acceptable relative to the reproducibility of the corresponding reference methods

(D1319 and D86 respectively). The maximum Mahalanobis distance for the



spectronmeter purge variation. The initial nodel was based on 9 nstrai ned
Princi pal Conponents. The nodel was used to anal yze the 423 initilal NOV 2003
validation sanples. The estimates for the validation sanppegsidaersdsa
statisti ®PPY705&] gnificant bias for all three of the target properties
(Table 3). I 1 NOV 2003 WO 00/ 70527 -19 2Pable 3 PCT/11S00 /12%$35 d efins
Cont ent T50T90 nor 299299299 SECO. 7163. 042. 95 n423423423 SEV Wi ghte
Standard Erpe& - ) iktatomEl 20 that@iDvaldditicty 2. + n;
",r Vali dat‘{a;ﬁr?a@?ég-@tol.%fgg’l@%%%?tofggqf?ﬁtg? of %ti of these initial sanples
wer e el i m nafaBrket aRvialiategpslationf thasndadelng too unique to include in the
nodel s or havi'ng suspect property/conponent concentration data. The V, and
V, scores for the renmaining 701 sanples were used in devel oping the
optim zed nodel. For applying the GenetichlAl‘gori thm optim zation, the

X- Bl ock data Lane3

Olefins Content ~ TS50 T90

Noa 279 279 279

SEC 0.609 2.58 285

Nt 422 422 422

SEV 0.720 2.94 3.05

Weighte Standard Error 0.688 2.83 2.99

Jn%a SEC* + nia SEV?
nés + néa
Validation Bias 0.007 0.004 0.060




consisted of the V, and V, scores for the 701 sanples, and the Y-Bl ock data
consisted of the olefins contents and the T50 and T90 distillation fpbNBit 30
The nunber of calibration sanples was constrained to fall between 278 and
417. Each generation consisted of 100 vectors, and up to 50 generations
were cdlculated. A 95% probability of,yeconbination and a 25% probability
of © nutation were used. The Genetic N%gfithm optim zation was initiated
froma randominitial population. The Genetic Algorithmwas restarted 7
additior(;L 1igres using the best 25 vectors fromthe previous pass as one
fourth o ﬁ1e Initial population. The vector with the | owest Fitness
Function was used to determne the division of sanple spectra between
calibration and vaji dat Rrhirin | ddlidkatih S Rutdvasiatemodent | fi ed.
The results for thie' n%dﬂgﬁﬁlboﬁ%gogn thegmsdegre ated sets fre shown.in Tabl e
4. The npddicting chebiieslast ghosidebpropettissiofa semple Basedion BRITHRNR MR ( he
standard errors of C@Li bratLon and. validation are acceptable relative to
the reprBgadirgmentsolfpe spmpe, SPREISHE ng ref erence methods (D1319 and D86
respectively). The maxi mnum Mahal anobi s di stance for the WO 00/ 70527 -20 11

NOV 2003 PCTIUSOO 12835 validation set is le t ha | Qr t f
calibration set, s8)tRhrRnE muitivangte spalyligal V@se%rog?'gyﬁ\?g%&?%ﬁgppo ation of

the nodel . T fd ® VeHALA6n DR A3 MRGifaSEHEIn6dd2. 582. 85
Nor 422423&5?@54?‘\?76‘?'7%‘%.&354‘%?&3&5ﬂ%%ht e Standard Error0. 6882. 832. 99

b) dividing said multivariate analytical data or the data obtained by
applying a mathematical function to said multivariate analytical data into initial

calibration and validation subsets;
¢) calculating a model with said calibration subset;

d) calculating a standard error of calibration, a standard error of

validation, and a validation bias with said model;

e) determining whether samples in the validation set are outliers

relative to the calibration set;

f) calculating a fitness function from said standard error of calibration,

said standard error of validation, said validation bias, and the number of outliers; and

g) interchanging the samples between said calibration and said

validation subsets so as to identify a calibration and a validarion subset that minimize

said fitness function; and

h) calibrating an optimized multivariant model using the calibration

subset identified in step g).

AMENDED SHEET



naa SECS+n: SEV2 na, + n L Validation Bias-0.007-0.0040.060 f 11 NOV 2003
-21 CLAIMS: 1. A nethod for optimzing the calibration of a nultivariate
nodel predicting chem cal or physical properties of a sanple basegj1 ﬂﬁv M0
mul tivariate anal ytical neasurenents of the sanple, conprising: a
obtaining nultivariate analytical and operty/ conposition data for a set

of sanples for calibrating and validatfdn of said nulti vari ate nodel; b)
dividing said nultivariate anal ytical data or the data obtained by

appl yi ng a mat hemapi cal mekthoaidf@laibd] Sdietbifid Step b)), the envldearyite analyteala i nto
initial calibration and validation subsets; c) calcuylat iqr# a rmgel . Wth
sai d cal dbteds diwided inse calibrptipn apd validatipnsubsethdn SEEPSTy BMeSE! i isng,n -

st andar dygr L Qe fifon %lsk€ahi HsteBd], de ithiifitaie Bnhyacal aldisSAlefomged ;)

determ ning er sanples’in ation set"are outliers relative to
t he cal i bemidennhes eslibrhjion ahd wakidatiap s 4sito meistmizgribe fitness fenAtios: d st andar d
error of calibration, said standard error of validation, said validation
bi as, and the nunber of outliers; and g) interchangi ng the sanpl es between

said calibration and aindthodedf dsifi PWherdif atriode) isBuilousingethel dnfireset of
calibration and a validation subset that m.nimze sa%id_ i t.ness . function;

and h) canlivamategnaiytiop:dat. 8 stam; thedpeds) v arakics cOHBICAIPHI on
subset i deRtifihfthd ﬂlb%&&?inggtep &L aYR¥de? Wchiculated using the model variables for

the calibration subset, and in step g), the model variables are interchanged between the

calibration and validation so as to minimize the fitness fuonction.

4. A method of claim 1 wherein an existing model is used to analyze
multivariate analytical data for an additional set of test samples, the independent
model variables for the existing models are combined with those for the test samples,
in step b), the combined independent model variables arc subdivided into calibration
and validation subsets, in step c), a model is calculated using the independent model
variables for the calibration subset, and in step g), the model independent variables are

interchanged between the calibration and validation so as to minimize the fithess

function.

5. A method of claims 3 or 4 wherein the independent model variables

are scores from a Principal Components Analysis of the muiltivariate analytical data.

6. A mcthod of claims 3 or 4 wherein the independent model variables

are scores from a Partial Least Squares Analysis of the multivariate analytical data.

7. A method of claims 3 or 4 wherein the independent model variables

are scores from a Constrained Principal Spectra Analysis of the multivariate analytical

data.

AMENDED SHEET



2. Amethod of claiml wherein in step b), the nultivariate anal yti cal

data is divided into calibration and validation subsets, in step qi), :?7
nodel is built using the calibration subset, and in step g), the T'NGV 2003
mul tivariate analytical data is interchanged between the calibration and
validation so as to minimze the fitnegg function. 3. A nethod of claim!]
wherein a nodel is built using the enfire set of nultivariate analytical
data, in step b), the nodel variables are divided into calibration and

val i dation subsetsg i FrhetaBthod of 21464l 2] 3, rd whemireshid spinynizirg FepI
variables for the calibration subset, and in step g), the nodel variables
ar e i nt epeifarnged usingregenetsalgerithisr at i on and val i dation so as to ninimnze
the fitness function. 4. A nmethod of claiml| wherein an existing nodel is
used to analyze nultivariate analytical data for an additional, set..of test
sanpl es, .t he i ndep@ndeTtie metmdlof\cldiimeh wherein saidgenghs atgopthmypeipges,hg
conbined with those for the test sanples, in step b), the conbined

i ndependéFﬁPsrﬂfdel vari abl es are subdivided into calibration and validation
subsets, in step c¢), a nodel is calculated using the independent nodel

vari ables for the calibration subset, a in ste A i ndependent
vari abl es are int éﬂr)cm&%‘%@&éﬁﬁé}dﬁ?‘ﬁrﬁf{%ﬁh’éﬁﬁﬁ{?gﬁi on so as to
mnimze the. fit fek Oto calibAtibR i & aRfandméutse®; or 4 wherein the
independeﬁ#g%ﬂgﬁ%\?zlr’?g%s a?e scores froma Principal Conponents

Anal ysis of the nmultivariate analytical data. 6. A nethod of clains 3 or 4

wherein the indepenbc&;aﬂ';éﬂ%gﬂ,l%xqﬂ,. leERcticl Br S6&H &Fthk fparerd veetors;al Least

Squar es Anal ysi s of ariate analytical data. 7. A nmethod of clains
3 or 4 wherein the independent nodel variables are scores froma

Constrained Principal Spectra Analysis of the {m! LioVofrha Sid fatixl deg;al
data. 11NOV203 - 29 8§°R‘P‘F¥é°grﬁyﬂi’gﬂ¥8¥"%ﬁ%£§r?s .2, g or 4 wherein said
mnimzing step is perforned using a genetic algorithm
d) randomly determining if each pair of mating parcnt vectors will
produce a new generation of children vectors by cxchanging information, and if so,

where along the parent vectors the exchange occurs;

e) randomly determining if the children vectors from d) will mutate,

and if so, where along the children vectors the mutation occurs,

f) determining a fitness function for each vector in the set of the new

gencration of children vectors, and storing the lowest fitness functions; and

g) Trepeating steps ) through f) such that the children vectors of step f)

become the parent vectors of step c), until a predetermined stop crteria 1s satisfied.

10. The genetic algorithm of claim 8 wherein said stop criteria includes:

a) reachinga predetermined number of new generation of children

vectors; and

| AMENDED SHEET



9. The method of claim8 wherein said genetic algorithmincludes the steps
of : a) generating an initial set of parent vectors that indicate the

subdi vi sion of the sanples into calibration and validation subset$:1 NV 2003
calculating a fitness function for each of the parent vectors; c) selecting
the pairs of mating parent vectors fromsaid initial set; d) randon1y
determning if each pair of mating paréfit vectors will produce a new
generation of children vectors by exchanging information, and if so, where

along the parent v o perc cad}cmmd@@l_@mﬁmm ng if
the children vect org %g%%gfnm%ﬁ?@%tﬁlgte and&l)tafgso where al ong the

chi | dr en firestions $ot seamenfiixad nombec ofigenerdtjonset ermi ning a fitness function for
each vector in the set of the new generation of children vectors, and
storing the |l owest fitness functions; and g) repeating steps c) through f)
such that the chil gneTheast®ba obtlashep, £)3, dreicohercichsig itrenss funstioons of
step ¢), until a predetermned stop criteria is satisfied. 10. The genetic
al gorithmof claim S wherein said stop criteria includes: a) reaching a

predet er m ned nunber, of nev ner ats. of Chl | dygmygect ors; and 11NOV2003
-24 b) hawpegise chinge/i e yegg hUB iSVRYET2ELi t ness

functions for sofie fixed ndffle ratlons v The nmet hod of clains 1,

2, 3, or 4vvhere|n saldfltnessfunctl e )+n 4r +Sdy +S)

where r s [ ﬂ.!gf{:erg@ﬁe_ ind y,,,w, , SEC=y "
*)00 -ffc{fncc %c@%n?,f LS H.Qr-k yNer

(i’m - yu:).(i' val ynl) _ _Yi
SEV%( " and StdY—."n_l.

12. A method of claims 1, 2, 3, or 4 wherein said fitmess function is
FF =0+ "..,m.,,{f +ng %‘3 +~/n -S%K) where R is the reproducibility of the

reference method used to determine the property/composition data in y.

13. A method for predicting a chemical or physical property using the

model of claims 1, 2, 3, or 4.

14. The method of claims 1, 2, 3, or 4 wherein said multivariate data are

infrared spectra.

15. The method of claims 1, 2, 3, or 4 wherein said multivariate data are

Raman spectra.

16. The method of claims 1,2, 3,0r 4 wherein said multivariate data are

gas chromatograms.

17. The method of claims 1, 2, 3 or 4 wherein said multivariate data are

mass spectra.
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n and StdyY = 1. 12. A nethod of clainms 1, 2, 3, or 4 wherein said fitness
functionis FF=(1+nM.. t +d SEC+ SRV where Ris the
reproducibility of the reference method used to determ ne the 11 Nov 2003
property/ conposition data in y. 13. A nethod for predicting a chem cal or
physical property using the nodel of cginms 1, 2, 3, or 4. 14. The nethod
of claims 1, 2, 3, or 4 wherein said nmultivariate data are infrared
spectra. Raman spectra. 15. The nethod of clainms 1, 2, 3, or 4 wherein said
nmul tivari ate data dife The méthodnftdbaich b3 whiesdinsaidi, cotpolitionrdata whalefinsn sai d
mul tivariate gata are gas chromatograns. 17. The method of clains 1, 2, 3
or 4 whe8PW®aid nultivariate data are mass spectra 11NOV2Q03 -25
content. content. content. 18. The nmethod of claim 13 wherein said
conposition data is olefins 19. The nethod of clains 13 wherein said
conposi tion data i 99%rBipthod ] claims I3vheginsad Fampesilion gaty isiaomatie
corrpositicggtquta Is benzene 21. The nethod of claim 13 wherein said
property data is research octane nunber. nunber. 22. The nmethod of claim13
wherein said property data is notor octane

20. The method of claims 13 wherein said composition data is benzene

content.

21. The method of claim 13 wherein said property data is research

octane number.

22. The method of claim 13 wherein said property data is motor octane

number.

23. The method of claim 13 wherein the property data is the
temperature at which 10% of the sample distlls.

24. The method of claim 13 wherein the property data is the
temperature at which 50% of the sample distills.

25. The method of claim 13 whexein the property data is the
temperature at which 90% of the samplc distills.

26. The method of claim 13 wherein said property data is celane

number.

27. The method of claims 1, 2, 3, or 4 wherein the samples used in

developing the multivariate model are motor gasolines.
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23. .-The nethod of claim 13 wherein the property data is the tenperature at
whi ch 10% of the sanple distills. 24. The nethod of claim 13 wherein the
property data is the tenperature at which 50% of the sanple disti I1Ie]s ‘F?
The nethod of claim 13 wherein the property data is the tenperatur '&Q 003
whi ch 90% of the sanple distills. nunhejg. 26. The nethod of claim 13
wherein said property data is cetane 27. The nethod of clains 1, 2, 3, or 4
wherein the sanples used in developing the nmultivariate nodel agr.e notor
gasolines. 1 ? NO2R0DE: m2tha@i®f climsnisZhdcont whermimghe somplesusedin g \har j n

the sanpl es used i,n _devel opi ng.th i i ate nodel are diesel fuels.

29. The Vﬁﬁ@‘%ﬁﬂ}ﬁ‘g?ﬁbﬂﬂapﬂngg?l ag?qgés\%\;n%rg{asin the sanples used in

devel oping the nmultivari ate nodel are jet fuels. 30. The nethod of clains
1, 2, 3, or 4 wherein the sanp]es . used i deyel.opi.ng t Lvari at e
nodel are feeds to 4-hyB¢ Bl?&?%‘?fcéﬁ‘mﬁelrg?an?r%%E%Pi%bcnp&oﬁg%f"&éngl ng
process. @eue@aﬁ%@@mm%a@g%m dre j@fudls. O 4 wherein the sanples used in

devel oping t I'tivariate nodel are crude oils.

30. The method of claims 1, 2, 3, or 4 wherein the samples used in

developing the multivariate mode] are feeds to a hydrocarbon conversion, separation

or blending process.

31.  The method of claims 1, 2, 3, or 4 wherein the samples used in

developing the multivariate model are crude oils.
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