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7) ABSTRACT

The invention provides for transformation of a section of a
data block independently of the transformation of separate
or overlapping data blocks to determine a property related to
the original matrix, where each of the separate or overlap-
ping data blocks are derived from an original data matrix.
The transformation enhances parameters of a first data block
over a given region of an axis of the data matrix, such as
signal-to-noise, without affecting analysis of a second data
block derived from the data matrix. This allows for enhance-
ment of analysis of an analyte property, such as concentra-
tion, represented within the original data matrix. In a first
embodiment of the invention, a separate decomposition and
factor selection for each selected data matrix is performed
with subsequent score matrix concatenization. The com-
bined score matrix is used to generate a model that is
subsequently used to estimate a property, such as concen-
tration represented in the original data matrix. In a second
embodiment, each data matrix is independently prepro-
cessed. Demonstration of the invention is performed through
glucose concentration estimation from noninvasive spectra
of the body.
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Fig. 1
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Fig. 2
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Figure 4
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Figure 5
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Figure 6
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Figure 7
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Figure 8
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Figure 9
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METHOD AND APPARATUS FOR ENHANCED
ESTIMATION OF AN ANALYTE PROPERTY
THROUGH MULTIPLE REGION
TRANSFORMATION

CROSS REFERENCE TO RELATED
APPLICATIONS

[0001] This document claims priority to U.S. provisional
patent application No. 60/558,610 filed Mar. 31, 2004 (attor-
ney docket number SENSO007PR). This document also
claims priority to U.S. patent application Ser. No. 09/630,
201, filed Aug. 1, 2000 (attorney docket no. IMET0002CIP-
2), which claims priority to U.S. patent application Ser. No.
09/610,789 filed Jul. 6, 2000 (attorney docket number
IMETO0002CIP) now abandoned, which claims priority to
U.S. patent application Ser. No. 08/911,588, filed Aug. 14,
1997 (attorney docket number IMET0002), now U.S. Pat.
No. 6,115,673. This document also claims priority to U.S.
patent application Ser. No. 10/472,856, filed Sep. 18, 2003
(attorney docket no. SENS0011), which claims priority to
PCT application number PCT/US03/07065, filed Mar. 7,
2003, which claims priority to U.S. provisional patent appli-
cation No. 60/362,885, filed Mar. 8, 2002 (attorney docket
number IMET0074PR). U.S. patent application Ser. Nos.
09/630,201 and 10/472,856 are incorporated herein in their
entirety by this reference thereto.

BACKGROUND OF THE INVENTION

[0002] 1. Field of the Invention

[0003] The invention relates generally to an enhancement
of estimation of an analyte property or concentration repre-
sented by a data matrix. In particular, the invention relates to
a method and apparatus for enhanced estimation of an
analyte property through multiple region transformation.

[0004]

[0005] Preprocessing and multivariate analysis are well-
established tools for extracting a spectroscopic signal, usu-
ally quite small, of a target analyte from a data matrix in the
presence of noise, instrument variations, environmental
effects, and interfering components. Various methods and
devices are described that employ preprocessing and mul-
tivariate analysis to determine an analyte signal.

[0006] R. Barnes, J. Brasch, D. Purdy, W. Lougheed,
Non-invasive determination of analyte concentration in
body of mammals, U.S. Pat. No. 5,379,764, (Jan. 10, 1995)
describe a method in which a subject is irradiated with
near-infrared (NIR) radiation, resulting absorbance spectra
are preprocessed, and the resulting spectra are analyzed
using multivariate techniques to obtain a value for analyte
concentration.

[0007] 7. Ivaldi, D. Tracy, R. Hoult, R. Spragg, Method
and apparatus for comparing spectra, U.S. Pat. No. 5,308,
982, (May 3, 1994) describe a method and apparatus in
which a matrix model is derived from the measured spec-
trum of an analyte and interferents. A spectrum is generated
for an unknown sample. The spectrum is treated with first
and second derivatives. Multiple linear least squares regres-
sion is then used to fit the model to the sample spectrum and
compute a concentration for the analyte in the sample
spectrum.

2. Discussion of the Prior Art
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[0008] L. Nygaard, T. Lapp, B. Arnvidarson, Method of
determining urea in milk, U.S. Pat. No. 5,252,829, (Oct. 12,
1993) describe a method and apparatus for measuring the
concentration of urea in a milk sample using attenuated total
reflectance spectroscopy. Preprocessing techniques are not
taught or used. Calibration techniques, such as partial least
squares, principal component regression, multiple linear
regression, and artificial neural networks are used to deter-
mine spectral contributions of known components and relate
them back to the urea concentration in milk.

[0009] M. Robinson, K. Ward, R. Eaton, D. Haaland,
Method of and apparatus for determining the similarity of a
biological analyte from a model constructed from known
biological fluids, U.S. Pat. No. 4,975,581 (Dec. 4, 1990)
describe an attenuated total reflectance method and appara-
tus for determining analyte concentration in a biological
sample based on a comparison of infrared energy absorption
between a set of samples with known analyte concentrations
and a sample where the comparison is performed using a
model.

[0010] Calibration development with techniques, such as
multiple linear regression (MLR), principal component
regression (PCR), partial least squares regression (PLS), and
nonlinear calibration methods have some inherent disadvan-
tages. One well-documented problem with multivariate
analysis is that noise in the data creates error in the model.
This is especially true when too many factors are employed
in the development of the model. The modeling error results
in subsequent prediction matrices with erroneously high
error levels. See, for example, H. Martens, T. Naes, Multi-
variate Calibration John Wiley & Sons, p. 352 (1989); or K.
Beebe, B. Kowalski, An Introduction to Multivariate Cali-
bration and Analysis, Anal. Chem. 59, 1007A-1017A
(1987). Complicating this issue is the fact that the initial
factors of factor decomposition are dominated by a region of
high variance to the detriment of analysis of a region with
smaller variance.

[0011]
having:

For example, a few factors may model a region

[0012] A. a high degree of co-linearity;

[0013] B. a high signal to noise ratio;

[0014] C.minor or readily modeled instrument varia-
tions;
[0015] D. a relatively low contribution of environ-

mental effects; or

[0016] E. a minimal number of readily modeled
interfering signals.

[0017] Other regions require a higher number of factors in
order to sufficiently model the analytical signal. This is the
case when:

[0018] A. the data are not fully linear;
[0019] B. a low signal to noise region is analyzed;
[0020] C. instrument drift changes the spectral

response over time; or

[0021] D. a large number of spectrally interfering
components are present.
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[0022] Finally, due to low signal to noise, a particular
region may provide limited utility for model development.

[0023] In traditional chemometric analysis, a single pre-
processing routine is applied over an entire axis of a data
matrix. For example, an entire spectral region is selected for
a single preprocessing routine. This means that a single
preprocessing routine is selected despite the region to region
variation spectral state, such as signal, noise, and resolution.
Thus, for a given region within a spectrum, selection of the
appropriate preprocessing routine to adequately enhance the
signal-to-noise ratio results in all other spectral regions
using the same preprocessing routine. In many cases,
another spectral region is optimally enhanced with different
preprocessing. That is, one preprocessing routine is not
optimal for multiple regions of a spectrum where the under-
lying signal and noise structures are different in different
spectral regions. This is based on the fact that the signal is
non-uniform with respect to spectral region and the noise is
typically heteroscedastic with wavelength. Thus, a compro-
mise in the single preprocessing routine for different spectral
regions becomes necessary and results in a sub-optimal
extraction of the signal. There exists, therefore, a need in the
art for a preprocessing system with separate routines for
each region of an axis of a data matrix, such as a wavelength
or spectral region, to enhance independently the combina-
tion of spectral regions analyzed, and to enhance fully the
signal to noise ratio of each wavelength region or spectral
region.

[0024] Similarly, in traditional calibration development
using multivariate techniques, such as PCR or PLS, a single
number of factors is applied over an axis of a data matrix.
For example, an entire spectral region is selected for a single
number of factors. This means that for a given region within
the spectrum, selection of the appropriate number of spectral
factors to model the signal adequately results in all other
spectral regions using the same number of factors. In many
cases, another spectral region is optimally modeled with a
number of factors that is different than the optimal number
of factors used for the first spectral region. Thus, a compro-
mise between wavelength selection and the number of
factors to incorporate into the model becomes necessary.
There exists, therefore, a need in the art for a routine that
allows the number of factors for each region of an axis, such
as a wavelength or spectral region, to be chosen indepen-
dently of the number of factors used to model a different
wavelength or spectral region.

[0025] K. Hazen, S. Thennadil, T. Ruchti, Combinative
multivariate calibration that enhances prediction ability
through removal of over-modeled regions, PCT patent appli-
cation no. PCT/US01/21703, (Jul. 9, 2001) describe a cali-
bration where different spectral regions are analyzed with a
differing number of factors. Selection of an appropriate
number of factors for each spectral region allows removal of
noisy regions before inclusion into the calibration model.

[0026] An enhancement of estimation of an analyte prop-
erty is presented that allows for optimization of decompo-
sition of a given spectral range independently of other
separate or overlapping spectral ranges. An additional pre-
processing step is optional, and is performed prior to decom-
position, after decomposition, or is performed both prior to
and after decomposition. A combination step concatenates
the scores matrices of the individual decompositions to
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arrive at a composite scores matrix for subsequent calibra-
tion development. The developed calibration is subsequently
applied to a new matrix, such as a spectrum, to perform an
estimation of a target analyte concentration or property.

SUMMARY OF THE INVENTION

[0027] The invention provides for transformation of a
given data matrix independently of the transformation of
separate or overlapping data matrices i to determine a
property related to the original matrix, where each of the
separate or overlapping data matrices are derived from an
original data matrix. The transformation enhances param-
eters, such as signal-to-noise, that allow for the enhancement
of analysis of the analyte concentration or an analyte prop-
erty represented within the original data matrix. In a first
embodiment of the invention, a decomposition and factor
selection for each selected data matrix is performed. In a
second embodiment, each data matrix is independently
preprocessed.

[0028] Data matrices representative of a sample contain
information related to a signal, have noise that hinders
analysis of the matrix, and often have interfering features
related to constituents within the sample or the instrument.
The signal, noise, and interference representative of the
sample are often not evenly distributed throughout the data
matrix. For example, the features representative of the
analyte or constituent of interest can have different signal
strengths and/or resolution and/or frequency content along
an axis of the matrix, such as wavelength, time, or position.
In another example, the noise characteristics can be het-
eroscedastic along an axis of the matrix. Similarly, interfer-
ence characteristics, such as signal, noise, and resolution
often vary along an axis of the data matrix that represents a
sample. Because transformations are designed to enhance
particular features and/or remove or minimize particular
noise types, a single transformation of the data matrix to
enhance matrix parameters, such as signal-to-noise, is sub-
optimal. Separate transformations of different regions of the
data matrix result in optimal extraction of underlying infor-
mation because the transformations are optimized to the
particular characteristics of the selected region of the data
matrix. Similarly, the varying nature of the signal, noise, and
interference within sub-matrices necessitate separate analy-
sis to optimally extract analyte information.

[0029] Extraction techniques are presented herein for the
noninvasive analysis of glucose concentration in tissue
and/or blood using near-IR spectroscopy. It is noted that the
invention presented, herein, is applicable to other fields,
such as data matrices obtained in other spectroscopic tech-
niques and to data matrices obtained using chromatographic
techniques. Further, while examples herein are directed
toward constituent concentration determination in biomedi-
cal methods, the invention applies to many additional fields,
such as industrial, pharmaceutical, and agricultural methods
and/or techniques. In its broadest sense, the invention is
applicable to data matrices with at least one measurement
associated with each frequency, time, distance, position,
wavelength, or related x-axis determination, where the mea-
surement signal, noise, and/or interference varies along the
X-axis.

[0030] Finally, while the invention is described with
respect to a single data axis, it is readily applicable to
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applications involving multi-dimensional measurements,
such as imaging systems, time-resolved systems, target
recognition, image recognition, and multi-dimensional sig-
nal processing, as well as to techniques such as fluorescence
and speech processing.

BRIEF DESCRIPTION OF THE DRAWINGS

[0031] FIG. 1 is a schematic diagram of the steps of
processing matrix regions independently of each other and
combining the results into a calibration model according to
the invention;

[0032] FIG. 2 is an example of independent decomposi-
tion of two regions according to the invention;

[0033] FIG. 3 provides a detailed example of independent
decomposition and subsequent concatenization of two
regions according to the invention;

[0034] FIG. 4 shows spectra collected noninvasively,
[0035] FIG. 5 shows the standard deviation of the nonin-
vasive spectra;

[0036] FIG. 6 shows noninvasive glucose concentration

estimations in a concentration correlation plot;

[0037] FIG. 7 provides noninvasive glucose concentration
estimations in a concentration correlation plot according to
the invention;

[0038] FIG. 8 shows a second example of noninvasive
glucose concentration estimations in a concentration corre-
lation plot;

[0039] FIG. 9 provides a second example of noninvasive
glucose concentration estimations in a concentration corre-
lation plot according to the invention;

[0040] FIG. 10 provides a generalized two data block
transformation according to the invention; and

[0041] FIG. 11 provides a multiple region preprocessing
approach to signal optimization according to the invention.

DETAILED DESCRIPTION

[0042] A method and apparatus are disclosed that trans-
form a given data matrix independently of the transforma-
tion of separate or overlapping data matrices, where each of
the separate or overlapping data matrices are derived from
an original data matrix. The transformation enhances param-
eters, such as signal to noise, that allow for enhancement of
analysis of analyte concentration, such as glucose in tissue,
or a composition represented within the original data matrix.
In a first embodiment of the invention, the invention per-
forms a decomposition and factor selection for each selected
data matrix. In a second embodiment, each data matrix is
independently preprocessed.

[0043] In the first embodiment of the invention, at least
two matrices of data are selected from an original data
matrix, optional preprocessing is performed, each matrix is
decomposed, selected scores from each decomposition are
concatenated to arrive at a composite score matrix, and a
calibration is developed using the composite score matrix.
The calibration model is used on subsequent data to estimate
a target analyte concentration, composition, or identification
from an estimation matrix (prediction matrix). The process
is depicted schematically in FIG. 1.
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[0044] Initial Data

[0045] 1In construction of a calibration, a matrix of data
X, 101 is used as in FIG. 1. An example data matrix is a
matrix of spectral responses as a function of wavelength or
time. Spectra are typically collected, in single beam mode,
as intensities or voltages and are converted to absorbance
measurements by electronic means or mathematical means,
as is well understood in the art. Alternatively, spectra are
collected directly as absorbance spectra with the use of a
double beam spectrometer. For illustrative purposes, X, in
FIG. 1 are an initial set of spectra in a format that is already
converted to absorbance units. However, it is recognized that
the invention functions on spectroscopic responses, such as
single beam spectra in intensity units or on alternative
transformations or representations of raw detected signals,
such as interferograms. Alternatively, the invention func-
tions on matrices of data generated using chromatography as
described infra. Alternatively, the invention functions on
spectroscopic images that involve a wavelength axis and a
secondary axis, such as position (spatial), and time.

[0046] The following two sections discuss region selec-
tion 102, such as wavelength, position, or time selection and
preprocessing 103. The optional preprocessing step can
occur before region selection, after region selection, neither
before nor after region selection, or both before and after
region selection. Selection of the preprocessing order is
often related to the particular data characteristics.

[0047] Spectral Region Selection

[0048] The invention uses two to n regions, where nZ2,
regions, FIG. 1. For clarity, the subsequent discussion uses
an example of a matrix X_; of spectral responses as a
function of wavelength. The matrices associates with the
selected spectral regions are designated X,, Xz, Xc, - - -,
X, Where X, is a matrix associated with the first spectral
region and X is the matrix associated with the last spectral
region. The spectral regions are all independent of each of
the other spectral regions and each of the spectral regions are
equal to or subsets of the original spectral region associated
with X ;. Hence the selected spectra regions can abut,
overlap, and/or be separated by an unselected spectral
region. This is readily accomplished, for example, by copy-
ing the original matrix X, and generating each selected
matrix from a copy.

[0049]

[0050] The invention allows preprocessing of selected
matrices independently of each other. The signal, noise, and
interferences of each region are not necessarily the same.
The independent preprocessing of each spectral region
allows for optimization of the signal-to-noise ratio or other
figure of merit of each region. Preprocessing of the matrices
designated X,, Xg, Xc, - - . , Xy esults in the matrices
designated X, Xp,, Xcps - - - » Xnps @8 depicted in FIG. 1.

[0051] There exist a large number of preprocessing tech-
niques and methods, such as sample selection, outlier analy-
sis, smoothing, n™ derivative calculation (where n is an
integer20), filtering, correction, multiplicative scatter cor-
rection, mean-centering, and normalization. Some of these
techniques are, preferably, performed on an independent
copy of the original matrix X_; prior to narrowing to the
selected wavelength range so that edge effects are not
incorporated into the selected region. For example, this is

Preprocessing
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true of filtering with convolutions, such as Savitsky-Golay
smoothing or derivatization. However, filtering on the
selected region is feasible, especially with narrower convo-
lution functions or with broader selected regions. Other
preprocessing techniques are linear operations, and are thus
equivalent if performed before or after the spectral region
selection. For example, mean centering of a selected spectral
region before selection of the region is equivalent to mean
centering the same spectral region after selection of the
spectral region. Preprocessing techniques are, optionally,
used together in sequence. For example, an n-point Sav-
itsky-Golay convolution of a matrix associated with a
selected spectral region is followed by another technique,
such as mean centering. The actual parameters for a given
preprocessing technique are frequently optimized iteratively
with a monitoring data set and a response function.

[0052] Noise is often heteroscedastic, non-uniform along
a matrix axis, and/or pink, such as noise with a varying
frequency center with respect to spectral region. Non-uni-
form noise results from a number of sources, such as
temperature, instrumentation, applied processing, and
changes in the local environment with time. Removal of
noise is best accomplished with processing techniques
designed to remove the particular noise type. Therefore,
processing separate parts of a data matrix independently
with different noise reduction techniques is beneficial. This
is especially true because some preprocessing techniques
effect other regions of the matrix.

[0053] Decomposition and Factor Section

[0054] Generally, a matrix X is decomposed into a loading
matrix and a score matrix according to X=TV?. The inven-
tion decomposes each selected matrix, X,, X5, X, - - - » Xy
or preprocessed matrix, X, ,, Xgy Xcps - - - » Xnp» indepen-
dently, FIG. 1. For each decomposition, a score matrix is
generated as is known in the art. A number of score vectors
for each matrix are selected to represent the matrix 104.
Score selection is well known in the art. Selection of too few
scores inadequately models the signal and interference,
while selection of too many scores incorporates noise.
Often, the optimal number of scores is selected iteratively
with a test or monitoring data set. The selected score
matrices associated with the selected or preprocessed matri-
ces are designated T,, Tg, T, . . ., Ty, in FIG, 1. The
invention allows independently selecting a number of fac-
tors to represent each of said N score matrices, such that a
number of factors representing a first of said N matrices is
less than, equal to, or greater than a number of factors
representing a second of said N matrices. Herein, this
process s referred to as independently selecting a number of
factors for each of said N score matrices.

[0055] As described, supra, the initial loading in a decom-
position is dependent upon the variance of the matrix. If a
large variance is present in the matrix, the large variance
dominates the decomposition. Therefore, to obtain the high-
est signal-to-noise ratio in the initial factors of a region
where variance is low in a data matrix that contains a region
of high variance, the region of low variance is preferably
separately decomposed. This separate decomposition yields
higher signal-to-noise levels with fewer factors. Similarly,
spectral information is extracted with fewer factors. Extrac-
tion of information with fewer factors has benefits, such as
a more robust model.
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[0056] When a data matrix is decomposed, the maximum
variance of the matrix dominates the initial factors. This
affects the ability of the decomposition to represent other
regions of the matrix optimally with the initial factors.
Removal of the region dominating the variance prior to
decomposition allows extraction of information from differ-
ent regions with fewer factors with a better noise signal-to-
noise ratio. A separate decomposition that uses a separate
number of factors is then employed for the region with
greater variance. This allows separate decomposition of two,
or more, regions and for extraction of information with

fewer factors.
[0057] Concatenization

[0058] The invention concatenates the score matrices T,

Ts, Te . oo, Ty, according to equation 1 to yield T,,; 105,
Tall=[TA> Te, Tco - s TN] (1)

[0059] Optionally, the individual score matrices T, Tg,

T, . . ., Ty are normalized prior to concatenating. A

calibration is developed 106 using T,;;.

[0060] Calibration and Measurement

[0061] The decomposition and model used to estimate a
tissue analyte or property are performed and developed
through the processes of factor decomposition and calibra-
tion, respectively, on the basis of an exemplary set of data
and associated reference analytes or proprieties. Together,
the set of data and the associated properties values constitute
the calibration set. During measurement, the prior decom-
position and model are applied to data blocks that have been
processed as described in FIGS. 1 to 3.

[0062] The decomposition is typically performed using
factor analysis methods, such as principle component analy-
sis, evolving factor analysis, or partial least-squares regres-
sion. The decomposition, based on the calibration set, pro-
duces a matrix of loadings or eigenvectors that, when
applied to a data block, produce a matrix of scores with each
row corresponding to a sample and each column correspond-
ing to a loading.

[0063] Alternately, the data blocks are decomposed
through by a Fourier series, a wavelet based analysis, or a
Taylor series expansion. These and other similar methods
produce a matrix of weights, parameters, or coefficients that
correspond to the scores described in the invention.

[0064] In each sub-block of data, only a subset of scores
are selected for calibration to reduce the dimensionality of
the data. The scores of the calibration set, after concatena-
tion, are used together with reference target variables to
determine the model, f(*). The method for designing the
structure of () is generally through the process of system of
identification or, in the linear case, through the process of
factor selection. The model parameters are calculated using
known methods including multivariate regression or
weighted multivariate regression [see, for example, N.
Draper, H. Smith, Applied Regression Analysis, 2d.ed., John
Wiley and Sons, New York (1981)], principal component
regression [see, for example, H. Martens, T. Naes, Multi-
variate Calibration, John Wiley and Sons, New York
(1989)], partial least squares regression [see, for example, P.
Geladi, B. Kowalski, Pariial least-squares regression: a
tutorial, Analytica Chimica Acta, 185, pp.1-17, (1986)], or
artificial neural networks [see, for example, S. Haykin,
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Neural Networks: A Comprehensive Foundation, Prentice
Hall, Upper Saddle River N.J. (1994)].

[0065] In the preferred embodiment, multiple linear
regression is used to calculate a set of regression coeffi-
cients, which represents the model, from the score and
property value matrices.

EXAMPLE 1

[0066] A specific example of separately decomposing two
matrices with one of the matrices having a region of larger
variance is provided. As described below, the example uses
near-infrared (near-IR) spectra collected noninvasively to
build a model subsequently used to estimate glucose con-
centrations. The initial matrix of spectra, X, are processed
with a traditional single decomposition analysis for com-
parison with the two separate decomposition approach.

[0067] In this example, decomposition of two spectral
regions of a data matrix of noninvasive spectra of human
tissue is performed so that determination of blood glucose
concentration is provided. For comparative purposes, a
parallel analysis with a single decomposition is also per-
formed. A detailed description follows.

[0068] It is determined that signal, noise, resolution, and
pathlength considerations often dictate that the analysis of
noninvasive near-IR spectra of aqueous solutions having
small analytical signals, such as the first overtone region
band spectral region from 1450 to 1900 nm. It is determined
that the first overtone region is preferably included in
multivariate analyses to obtain adequate signal-to-noise lev-
els of glucose. Inclusion of the first overtone region often
requires many factors to fully model the less intense and
more overlapped analytical signals, with the result of over-
modeling of the second overtone region from 1100 to 1450
nm, if included in the same model. Such a limitation is
dictated by traditional multivariate methods that require a
single number of factors for the entire spectral region being
analyzed. The inventive approach allows analysis of signal
in a high variance region or in a region of low signal
strength, such as the first overtone region, at the same time
that sample information, such as pathlength, is extracted
from a second region, such as the second overtone region. As
the following discussion reveals, applying the inventive
approach leads to smaller standard errors of estimates. The
calibration data set is the same for both models. Three
glucose analyzers, as described supra, were used to collect
1427 calibration spectra, after outlier determination, of eight
individuals during a total of thirteen separate visits over a
nine week period. A prediction data set is generated using a
separate glucose analyzer. The prediction data set represents
249 samples collected from six individuals, i.e. four males
and two females.

[0069] A flowchart for the separate decomposition of two
matrices is provided in FIG. 2. In this example, the initial
matrix X, is duplicated and two matrices of two spectral
regions X , 201 and Xj; 202 are generated from X,;,. In this
example, X, and X do not overlap. Each matrix X, and X
are separately preprocessed yielding X, , 203 and X, 204.
The preprocessed matrices are separately decomposed. A
number of scores from each resulting score matrix are
selected resulting in score matrices T, 205 and Ty 206. The
two truncated score matrices are normalized and concat-
enated to form T,;; 207, multiple linear regression 208 is
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performed on the resulting matrix, and a calibration model
is generated. The model is subsequently used to estimate an
analyte concentration from a new set of data.

[0070] A more detailed flowchart of a separate decompo-
sition step of two matrices is provided in FIG. 3, in terms of
spectra represented as absorbance, or alternatively intensity,
as a function of wavelength. In this example, the initial
matrix X, is duplicated and two matrices of two spectral
regions X , and Xy, are generated from X_;,. The matrices are
separately decomposed into corresponding score T and
loading V matrices. A number of scores from each resulting
score matrix T, and Ty are selected resulting in score
matrices T, and Tg,. The two truncated score matrices are
concatenated to form Ty, multiple linear regression, or
other calibration development, is performed on the resulting
matrix, and a calibration model is generated. The model is
subsequently used to estimate an analyte concentration from
a new set of data.

[0071]

[0072] A diffuse reflectance based glucose analyzer was
used to collect calibration and estimation (prediction) near-
infrared spectra. The glucose analyzer included a sample
module and a base module coupled by a communication
bundle. The sample module included a source, backreflector,
and optics. The communication bundle carried power and
optical signal. The base module included a grating and a
linear array detector. Wavelength and intensity references
were collected and used. In this case, the wavelength refer-
ence was polystyrene and the intensity reference was poly-
styrene. The sample was a human forearm. Calibration data
were collected with a fixed probe, bottom-up measurement
sampling the dorsal aspect of a forearm, where the probe had
three bundlets. Prediction spectra were collected with a
floating probe, top down fiber probe sampling the volar
aspect of a forearm with a single collection fiber. Processor
means are used as are well known in the art. While the
example is to a particular analyzer, the invention is appli-
cable to data matrices generated from a wide number of
related analyzers and sample sites, such as those described
in U.S. patent application Ser. No. 10/472,856 (attorney
docket number SENS0011), which is incorporated herein in
its entirety by this reference thereto.

[0073]

[0074] The calibration data set is converted to absorbance
units and is represented by X_j; in FIG. 2, which covers the
range 1100 to 1930 nm. The noninvasive near-infrared
absorbance spectra presented in FIG. 4 represent every
fiftieth sample of X, in this example. Large water absor-
bance bands are present around 1450 nm and 1930 nm. The
glucose information is present throughout the spectra, how-
ever, it is dominantly present in the first overtone region. The
second overtone region contains scattering information.

[0075] Analysis

[0076] For comparative purposes, analysis of a single
spectral range is performed in parallel with the inventive
algorithm, which is used to decompose the spectra in two
separate regions. Both analyses start with the same matrix of
collected spectra, X, ;.

Instrumentation

Initial Spectra

[0077] In the near-infrared, several differences in spectral
characteristics as a function of wavelength occur.
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[0078] First, spectral features (signals) are broader and
less intense with decreasing wavelength. For example, the
combination band region, from 2000 to 2500 nm, has
narrower and more intense absorbance band features related
to the same fundamental chemical bond or interaction than
the corresponding features in the first overtone region, 1450
to 2000 nm. The first overtone absorbance features are
similarly narrower and more intense than the corresponding
features in the second overtone region, 1100 to 1450 nm.
Similar logic extends to both higher and lower energy
regions of the electromagnetic spectrum. Other techniques,
such as those based on chromatography, also have signal
intensity and resolution that is dependent upon the measure-
ment axis, such as time. Therefore, different spectral pro-
cessing techniques are optimal for different regions of the
spectrum. For example, a wider convolution function, such
as a Savitsky-Golay smoothing or derivative function with a
larger number of points, is often applied to the wider signal
bands of the second overtone region while a narrower
convolution function, such as a Savitsky-Golay smoothing
or derivative function with a fewer number of points, is more
applicable to signal extraction in the first overtone region.

[0079] Second, noisc in the near-infrared is often wave-
length dependent. In this case, the noise of detectors
increases with wavelength, especially from 1500 to 1900
nm. Removal of noise is best accomplished with processing
techniques designed to remove the particular noise type. In
addition, the optimal method for filtering noise is dependent
on the frequency content of the noise and the frequency
content of the signal. The data region is filtered, such that the
signal-to-noise ratio is enhanced. This is described in U.S.
provisional patent application Ser. No. 60/558,610 filed Mar.
31, 2004 (attorney docket no. SENSO007PR), which is
incorporated herein in its entirety by this reference thereto.
Therefore, processing separate parts of a data matrix inde-
pendently with different noise reduction techniques is ben-
eficial.

[0080] Third, resolution is often wavelength dependent. In
this example, the resolution of the analyzer is not constant
from 1100 to 1930 nm due to the spectrometer design. In this
example, the resolution is generally degraded in the middle
of the spectral range due to the grating/detector coupling.
Therefore, processing separate parts of the data matrix
independently where the processing is resolution dependent
is beneficial.

[0081] The matrix X ; represented in FIG. 4 has two
dominant water absorbance bands at 1450 and 1930 nm. The
standard deviation of the preprocessed spectra, described
infra, is calculated and presented as a function of wavelength
in FIG. 5. Several regions of high variation are observed.
From 1100 to 1120 nm, the large absorbance of the longpass
filter results in higher variance and a higher standard devia-
tion. Similarly, the very large water absorbance band cen-
tered at 1930 nm results in a large standard deviation at
wavelengths longer than 1850 nm. In this example, prior to
decomposition both of these regions are removed in both the
single and double decomposition approaches. The water
absorbance band centered at 1450 nm results in variances
that are larger than the variances in the remaining spectral
region from approximately 1125 to 1850 nm. The dip in
variance observed at 1440 nm results from the first deriva-
tive preprocessing. The variance in the 1350 to 1500 nm
region is larger than that observed in the second overtone
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region. Therefore, the first decomposition factor of the entire
region is dominated by this region about 1450 nm. Total
exclusion of the higher variance region typically results in
poorer standard error of estimates and thus the region about
1450 nm is preferably maintained in the analysis. However,
the initial decomposition factors representing the informa-
tion, such as scattering, observed in the second overtone
region extract less information than if the higher variance
region was removed. Therefore, an approach to optimizing
the second overtone region information in the first few
factors is to decompose this region separately. Decomposi-
tion of a larger spectral region containing the greater vari-
ance results in the extraction of additional data, such as
absorbance features of the sample site. Extraction of small
absorbance features, such as glucose, in the presence of
larger absorbance features, such as water, fat, and protein
requires more factors. The optimal number of factors to
extract the key information in separate spectral regions is
therefore different. The separate deconvolution of multiple
regions allows this optimal extraction as is demonstrated
below by example.

[0082] The single decomposition approach applied to X,
preprocesses the spectra in three steps: 1) a 27-point first
derivative Savitsky-Golay smoothing convolution; 2) selec-
tion of a data matrix associated with the 1150 to 1850 nm
spectral range; and 3) mean centering. The resulting matrix
is analyzed with principal component regression (PCR)
using a total of 44 factors. A new matrix of 249 samples is
generated. The resulting standard error of estimation, which
is also loosely referred to as a standard error of prediction
(SEP), on the new samples is 40.8 mg/dL. The resulting
glucose concentration estimations are presented in FIG. 6,
which is overlaid onto a Clarke error grid. A total of 66.4,
32.2, and 1.4% of the resulting glucose estimations fell into
the A, B, and D regions of a Clarke error grid, respectively.

[0083] The dual region decomposition approach uses a
first matrix associated with the spectral range of 1200 to
1375 nm and a second matrix associated with the spectral
range of 1375 to 1850 nm. The first region is preprocessed
in three steps: 1) a three-point first derivative Savitsky-
Golay smoothing convolution; 2) selection of a data matrix
associated with the 1200 to 1375 nm spectral range; and 3)
mean centering. The resulting matrix is decomposed and
twelve factors are selected. The second region is prepro-
cessed in three steps: 1) a 27-point first derivative Savitsky-
Golay smoothing convolution; 2) selection of a data matrix
associated with the 1375 to 1850 nm spectral range; and 3)
mean centering. The resulting matrix is decomposed and 45
factors are selected. The scores matrices are then normal-
ized, combined, and multiple lincar regression is used to
form a model. Use of the model, on the same data as used
in the traditional approach above, results in a standard error
of estimation of 32.5 mg/dL. The resulting glucose concen-
tration estimations are presented in FIG. 7, which is overlaid
onto a Clarke error grid. The glucose concentration estimate
result in 4.2, 25.6, and 0.2% of the estimations being in the
A, B, and D regions of the Clarke error grid, respectively.
Compared to the single decomposition approach, the dual
decomposition approach results in a reduced standard error
of estimation and an increased percentage of point in the ‘A’
region of a Clarke error grid thus providing a demonstration
of the increased analytical performance of the dual decom-
position approach compared to the single decomposition
approach.
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[0084] The separate decomposition of the individual
matrices allows removal of the region of large variance from
the first matrix associated with the 1200 to 1375 nm spectral
range. This allows the initial factors in this region to capture
major sources of variation represented by this region, such
as scattering information and pathlength. Other ranges are,
optionally, used to extract the scattering or pathlength infor-
mation such as 1100 to 1400 nm, ranges in the second
overtone spectral region, or subsets of ranges therein. The
separate deconvolution of the 1375 to 1850 nm spectral
range and the selection of more factors allows modeling of
smaller variations, such as those due to fat, protein, and
glucose. Combined, as demonstrated in this example, the
separate decomposition of the individual matrices results in
areduction of the SEP from 40.8 to 32.5 mg/dL and resulted
in an improved distribution of results in terms of the Clarke
error grid analysis. Optionally, other ranges are used to
extract glucose information such as 1100 to 2500 nm, and
regions in any of the combination band, first overtone, or
second overtone.

EXAMPLE 2

[0085] The analyzers used in the first example were used
to collect the data set used in this example. The single data
matrix based decomposition uses a calibration matrix rep-
resenting 2939 spectra collected on a total of six subjects
using three analyzers over a five week period. The two
decomposition approach uses a data set representing 846
spectra collected using five subjects on a total of six ana-
lyzers. For both the single and multiple decomposition
calibrations, a single prediction data set is used. The pre-
diction matrix represents 141 samples from five different
subjects collected over a total of six visits on a single
analyzer over a period of eight days collected roughly five
months after the end of collection of the calibration data
matrices.

[0086] The single decomposition approach applied to X,
in absorbance preprocesses the spectra in four steps: 1) a
41-point first derivative Savitsky-Golay smoothing convo-
lution; 2) multiplicative scatter correction; 3) mean center-
ing; and 4) selection of a data matrix associated with the
1250 to 1850 nm spectral range. The resulting matrix is
analyzed with principal component regression (PCR) with a
total of 14 factors. A new matrix of 141 samples is gener-
ated. The resulting standard error of estimation, which is
also loosely referred to as a standard error of prediction
(SEP), on the new samples is 42.1 mg/dL. The resulting
glucose concentration estimations are presented in FIG. 8,
which is overlaid onto a Clarke error grid. A total of 60.3,
38.3, and 1.4% of the resulting glucose estimations fell into
the A, B, and D regions of a Clarke error grid, respectively.
The resulting F-value is 2.09.

[0087] The dual region decomposition approach uses a
first matrix associated with the spectral range of 1200 to
1400 nm and a second matrix associated with the spectral
range of 1250 to 1780 nm. The first region is preprocessed
in three steps: 1) a 21-point first derivative Savitsky-Golay
smoothing convolution; 2) mean centering; and 3) selection
of a data matrix associated with the 1200 to 1375 nm
spectral range. The resulting matrix is decomposed and three
factors are selected. The second region is preprocessed in
three steps: 1) a 23-point first derivative Savitsky-Golay
smoothing convolution; 2) mean centering; and 3) selection
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of a data matrix associated with the 1375 to 1850 nm
spectral range. The resulting matrix is decomposed and 29
factors are selected. The scores matrices are then normal-
ized, combined, and multiple linear regression is used to
form a model. Use of the model, on the same data as used
in the traditional approach above, results in a standard error
of estimation of 20.1 mg/dL. The resulting glucose concen-
tration estimations are presented in FIG. 9, which is overlaid
onto a Clarke error grid. A total of 79.4, 20.6, and 0.0% of
the glucose concentration estimations are in the A, B, and D
regions of the Clarke error grid, respectively. Compared to
the single decomposition approach, the dual decomposition
approach results in a reduced standard error of estimation
and an increased percentage of points in the ‘A’ region of a
Clarke error grid. The resulting F-value is 4.7.

[0088] The separate decomposition of the individual
matrices allows removal of the region of large variance from
the first matrix associated with the 1200 to 1400 nm spectral
range. This allows the initial factors in this region to capture
major sources of variation represented by this region, such
as scattering information and pathlength. The separate
deconvolution of the overlapped 1375 to 1850 nm spectral
range and the selection of more factors allows modeling of
smaller variations, such as those due to fat, protein, and
glucose. Combined, as demonstrated in this example, the
separate decomposition of the individual matrices results in
a reduction of the SEP from 42.1 to 20.1 mg/dL and results
in an improved distribution of results in terms of the Clarke
error grid analysis.

[0089] The above examples emphasize matrices represent-
ing data collected with near-infrared spectroscopy based
techniques using biological samples. The invention is also
useful for the analysis of matrices collected with other
spectral regions, such as the ultraviolet, visible, and infrared,
as well as with other techniques such as Raman and fluo-
rescence. In addition, the invention is useful for the analysis
of matrices of data collected using chromatographic based
techniques, such as gas chromatography (GC), liquid chro-
matography (LC), super critical fluid chromatography
(SCF), and capillary zone electrophoresis (CZE). Chromato-
graphic techniques result in data matrices that have varying
signal, noise, resolution, and interferences as a function of
an axis, such as time. Extraction of an analyte property, such
as a concentration, composition, or identity, from a matrix of
data collected using chromatography with the invention is
analogous to the extraction of properties from a matrix of
data generated using spectroscopy. In addition, the invention
is useful for analysis of data matrices representative of
samples beyond biomedical, such as agricultural, pharma-
ceutical, and industrial.

[0090] The invention is applicable to applications involv-
ing imaging, especially when the signal, noise, and/or inter-
ference are non-uniform along an axis of the analyzed data
matrix. In this application, each sample provides an N-di-
mensional matrix corresponding to an axis of the matrix,
such as time, wavelength, frequency, or a spatial dimension.
Data sub-blocks are selected from each of the N-dimensions
and the sub-blocks are subjected to multi-dimensional pre-
processing and decomposition.

[0091] In its broadest sense, the invention is a transfor-
mation performed on N data blocks (where N is an inte-
ger22) generated from the initial data block X, ;. Referring
now to FIG. 10, an example is presented schematically
using two data blocks associated with individual axis, such
as an axis representing time, wavelength, or position. Two
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data blocks X, and Xy are generated from X;. The data
blocks X, and Xj; are transformed according to equations 2
and 3, respectively.

XasfaXa) @

Xp=/o(Xs) ®
[0092] The transformed data blocks are combined into a
matrix Xy according to equation 4.

X=[X'\X'5] ©)
[0093] A calibration model is then developed from the

combined spectral regions and is used for subsequent analy-
sis.

[0094] An alternative embodiment of the invention pre-
processes multiple regions separately and combines the
separately preprocessed regions into a single matrix for
subsequent calibration. Referring now to FIG. 11, a series of
data blocks X, X, . . . , Xy (Where N is an integer=2) are
separately generated from an initial data block X,;;. Each of
the data blocks X, Xg, . . . , Xy are individually prepro-
cessed to form data blocks X, X, - - ., Xy, Regions
associated with data blocks X, , Xy, . . . » Xy, are selected
to form data blocks X', X'gp, - - -, X'y, Alternatively, the
regions are selected from the blocks X,, X5, . . . , Xy and
are subsequently individually preprocessed. The prepro-
cessed and region selected data blocks are then concatenated
according to equation 5, where X is the combined data
block.

XT=[X'ApX'Bp s X'Np] ®)
[0095] The combined data block X is subsequently
decomposed and calibration development is performed to
generate a model.

[0096] The invention finds particular utility in various
spectroscopy applications, for example predicting concen-
tration of analytes such as glucose from noninvasive near-IR
spectra performed on live subjects. While the invention has
been described herein with respect to near-IR spectroscopy,
the invention is equally applicable to data matrices of any
kind. In the chemical arts, spectroscopic techniques may
include UV/VIS/NIR/IR, as well as techniques such as
fluorescence, atomic absorption spectroscopy, nuclear mag-
netic resonance spectroscopy, and mass spectroscopy (MS).
Furthermore, the invention is not limited to spectroscopic
techniques but may include chromatographic techniques,
such as GC/LC or combinations of chromatographic and
spectroscopic techniques such as GC/MS or GC/IR. Addi-
tionally, the invention finds application in almost any field
that relies on multivariate analysis techniques, such as the
social sciences.

[0097] Although the invention has been described herein
with reference to certain preferred embodiments, 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. Accord-
ingly, the invention should only be limited by the Claims
included below.

1. A method for developing a calibration score martrix,
comprising the steps of:

providing a matrix of calibration spectra,

generating N spectral matrices corresponding with N
spectral regions of said calibration spectra, wherein N
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is an integer greater than or equal to two and wherein
at least two of said N spectral regions are non-identical
spectral regions;

independently decomposing each of said N spectral matri-
ces to yield N score matrices;

independently selecting a plurality of factors for each of
said N score matrices; and

concatenating said selected number of factors for each of
said N score matrices, to generate a calibration score
matrix.
2. The method of claim 1, wherein N consists of any of the
integers 2, 3, 4, and 5.
3. The method of claim 1, wherein said step of indepen-
dently decomposing employs multivariate techniques.
4. The method of claim 3, wherein said multivariate
techniques comprise any of:

principal component analysis;
partial least squares;

wavelet regression;

Fourier series;

Taylor series; and

factor analysis.

5. The method of claim 1, wherein at least two of said N
spectral regions overlap.

6. The method of claim 1, wherein at least two of said N
spectral regions are discontinuous regions.

7. The method of claim 1, wherein at least two of said N
spectral regions abut.

8. The method of claim 1, further comprising the step of
developing a calibration with said calibration score matrix.

9. The method of claim 8, further comprising the step of
estimating a target property from an estimation spectrum.

10. The method of claim 9, wherein said target property
comprises at least one of:

an analyte concentration;
an analyte composition; and

an analyte constituent identification.

11. The method of claim 1, further comprising the step of
independently preprocessing each of said generated N spec-
tral matrices prior to said step of decomposing.

12. The method of claim 11, wherein said step of prepro-
cessing comprises at least one of:

performing outlier analysis;

smoothing;

generating an n™ derivative (where n is an integer=0);
filtering;

performing multiplicative scatter correction;

scatter correcting;

mean-centering; and

normalizing.

13. The method of claim 11, further comprising the step
of developing a calibration with said calibration score
matrix.
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14. The method of claim 13, wherein said calibration
spectra comprise noninvasively obtained near-infrared spec-
fra.

15. The method of claim 14, wherein at least two of said
N spectral regions comprise regions within the first and
second overtone spectral region.

16. The method of claim 15, further comprising the step
of estimating a target property from an estimation spectrum.

17. The method of c¢laim 15, further comprising the step
of estimating a glucose concentration from a noninvasive
spectrum.

18. A method for estimating a property from a noninva-
sive spectrum, comprising the steps of:

providing a matrix of calibration spectra;

generating N spectral matrices corresponding to N spec-
tral regions of said calibration spectra, wherein N is an
integer greater than or equal to two and wherein at least
two of said N spectral regions are non-identical spectral
regions;

independently decomposing each of said N spectral matri-
ces yielding N score matrices;

independently selecting a plurality of factors to represent
each of said N score matrices;

concatenating said selected number of factors for each of
said N score matrices to generate a calibration score
matrix;

generating a calibration model using said calibration score
matrix; and

estimating a target property represented by said noninva-

sive spectrum.

19. The method of claim 18, wherein such that a number
of factors representing a first of said N matrices is one of less
than, equal to, or greater than a number of factors repre-
senting a second of said N matrices.

20. The method of claim 18, wherein at least one of said
N spectral regions is in the near-infrared.

21. The method of claim 18, wherein a first spectral region
and a second spectral region of said N spectral regions
comprise wavelengths within the region 1100 to 1930 nm.

22. The method of claim 21, wherein said first spectral
region and said second spectral region are non-identical.

23. The method of claim 21, wherein said first spectral
region and said second spectral region abut.

24. The method of claim 21, wherein said first spectral
region and said second spectral region overlap.

25. The method of claim 21, wherein said first spectral
region and said second spectral region are non-continuous.

26. The method of claim 21, further comprising the step
of separately preprocessing said first spectral region and said
second spectral region.

27. The method of claim 26, wherein said target property
comprises noninvasive glucose concentration.

28. An apparatus for estimating a target property from a
noninvasive spectrum, comprising:

a base module;
a sampling module;

a communication bundle;
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a calibration, comprising a concatenated score matrix of
selected scores from decompositions of matrices asso-
ciated with at least two spectral ranges generated from
a calibration matrix; and

a processor for estimation of said target property, wherein
said calibration is applied to said noninvasive spec-
trum, such that said target property is estimated.

29. The apparatus of claim 28, wherein said base module
and said sampling module are integrated together into at
least one of a handheld unit and a table top unit.

30. The apparatus of claim 28, wherein said noninvasive
spectrum comprises a near-IR spectrum.

31. The apparatus of claim 30, wherein said target prop-
erty comprises noninvasive glucose concentration.

32. A method for developing a calibration score matrix for
estimating a target property, comprising the steps of:

providing a calibration matrix;

generating N selected matrices corresponding with N
regions of said calibration matrix, wherein N is an
integer greater than or equal to two and at least two of
said N regions are non-identical regions;

independently decomposing each of said N selected
matrices yielding N score matrices;

independently selecting a number of factors for each of
said N score matrices; and

concatenating said selected number of factors for each of
said N score matrices to generate a calibration score
matrix.
33. The method of claim 32, wherein said property
comprises at least one of

analyte concentration;
analyte composition; and

analyte identification.
34. The method of claim 32, wherein said calibration
matrix comprises at least one of:

a matrix of spectra;
a matrix of images;
a matrix of chromatograms;

an n-dimensional matrix, wherein n is an integer greater
than or equal to 2;

a response matrix;
a response matrix related with time;
a response matrix related with temperature; and

a response matrix related with position.

35. The method of claim 32, further comprising the step
of independently preprocessing cach of said N selected
matrices.

36. The method of claim 32, wherein said step of decom-
posing uses multiple linear regression.

37. The method of claim 32, further comprising the step
of developing a calibration from said calibration score
matrix.

38. The method of claim 37, further comprising the step
of providing an estimation matrix.

39. The method of claim 38, further comprising the step
of estimating a target property from said estimation matrix.
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40. The method of claim 39, wherein said calibration
matrix comprises near-infrared noninvasive spectra.

41. The method of claim 40, where said target property
comprises glucose concentration.

42. A method for developing a calibration for estimating
a target property, comprising the steps of:

providing a first calibration data block;

generating N data blocks from said calibration data block,
wherein N is an integer greater than or equal to two;

transforming each of said N selected data blocks;

combining said N transformed data blocks to form a
second calibration matrix; and

developing a calibration with said second calibration
matrix.
43. The method of claim 42, wherein said step of trans-
forming enhances analyte signal-to-noise.
44. The method of claim 42, wherein said step of trans-
forming comprises at least one of:

independently preprocessing each of said N data blocks;
and

independently decomposing and selecting scores for each
of said N data blocks.
45. The method of claim 44, wherein said step of prepro-
cessing comprises at least one of:

performing outlier analysis;

smoothing;

generating an n'™ derivative (where n is an integer20);
filtering;

performing multiplicative scatter correction,

scatter correcting;

mean-centering; and

normalizing.

46. The method of claim 45, further comprising the step
of estimating with said second calibration said target prop-
erty of an estimation data block.

47. The method of claim 46, wherein said first calibration
data block comprises at least one near-infrared spectrum.

48. The method of claim 47, wherein said property
comprises glucose concentration of tissue and/or blood.

49. A method for developing a score matrix for use in
developing a calibration and in estimating a target analyte
concentration from a sample spectrum, comprising the steps
of:

employing factor-based multivariate techniques, and

using a specific number of factors to model at least one
region of a spectrum independently of the number of
factors used to model other spectral regions.
50. A method for developing a score matrix, comprising
the steps of:

providing a first matrix of calibration spectra;

generating N matrices corresponding with n spectral
regions of said first matrix, wherein N and n are
integers greater than or equal to two;

individually modeling each of said N matrices yielding N
score matrices, wherein an independent number of
factors model each of said N matrices; and

concatenating said N score matrices.
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51. A method for developing a score matrix for calibration
and predicting concentration of a target analyte in sample
spectra, comprising the steps of:

employing factor-based multivariate techniques; and

using a specific number of factors to model at least one
region of a spectrum independently of the number of
factors used to model other spectral regions.

52. A method for developing a score matrix, comprising
the steps of:

providing a matrix of calibration spectra,

generating a first matrix associated with a first spectral
region;

generating a second matrix associated with a second
spectral region from said calibration spectra;

modeling said first matrix using a first selected number of
factors;

modeling said second matrix using a second selected
number of factors, wherein said second selected num-
ber of factors may be equal to or different from said first
selected number, wherein noise generated by modeling
said first matrix is not incorporated in said model of
said second matrix; and

concatenating said first selected number of factors and
said second number of sclected factors to generate a
score matrix.
53. Amethod for developing a target property, comprising
the steps of:

providing a data matrix; and

transforming a section of a data block independently of a
transformation of separate or overlapping date blocks:

wherein each of said separate or overlapping data blocks
are developed from said data matrix.

54. The method of claim 53, further comprising the step
of:

enhancing parameters of a first data block over a given
region of an axis of said data matrix without affecting
analysis of a second data block derived from said data
martix.
55. The method of claim 53, further comprising the steps
of:

performing a separate decomposition and factor selection
for each selected data matrix; and

performing score matrix concatenization.

56. The method of claim 55, further comprising the step
of:

using said concatenizated score matrix to generate a
model for estimating said target property as represented
in a said data matrix.

57. The method of claim 53, further comprising the step
of:

independently preprocessing each data block.
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