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Near-infrared single-beam spectra are used to build partial least-

squares (PLS) calibration models for the determination of glucose

in biological matrices. Two different data sets of the same sample
constituents are used in this investigation. The glucose samples con-

sist of an aqueous matrix of varied concentrations of bovine serum

albumin (BSA) and triacetin. The BSA and triacetin are models for
blood proteins and triglycerides, respectively. Due to the effects of

intensity variation in the single-beam spectra, calibration models

obtained with unprocessed spectra are not as good as those com-
puted with the corresponding spectra in absorbance units. When

this intensity variation is reduced through the use of multiplicative

signal correction (MSC), a spectral normalization method, or a log-
arithmic transform, the resulting models are as good as or better

than those obtained in the analysis of absorbance spectra. An at-

tempt is made to model the nonlinear relationship between single-
beam spectral intensities and glucose concentrations by use of step-

wise quadratic PLS (QPLS) models. The QPLS models are found

to perform better than linear PLS models in some cases (e.g., with
MSC-corrected single-beam spectra). The effect of digital ® ltering

on the calibration models computed with single-beam spectra is also

studied. The results obtained with and without ® ltering are found
to be similar in terms of model performance, but the models based

on ® ltered single-beam intensities require fewer latent variables and

perform more consistently as a group. A ® nal test is performed to
compare the robustness of calibration models computed with single-

beam spectra to those based on absorbance spectra. When applied

to spectra that lie outside the time span of the calibration data, the
models based on single-beam spectra are still competitive with those

computed with absorbance spectra.

Index Headings: Near-infrared; Glucose; Single-beam spectra; Mul-

tivariate calibration; Partial least-squares.

INTRODUCTION

The motivation for noninvasive blood glucose mea-
surements arises from the need of diabetic patients to
maintain strict control of their glucose levels and the re-
sulting requirement for frequent glucose monitoring.
Among the approaches studied for potential application
to this measurement, near-infrared (near-IR) spectroscopy
has been investigated most.1±4 To achieve the ultimate
goal of developing a noninvasive glucose sensor, work in
our laboratories has focused on near-IR transmission
measurements of samples in which clinically relevant
glucose levels are combined with background matrices of
increasing complexity.5±13

Most previous studies have been based on the analysis
of near-IR spectra in absorbance units. This is the con-
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ventional approach used in spectroscopic analyses based
on the Beer±Lambert law. The spectra used are obtained
by ratioing the single-beam spectra of glucose samples to
representative background single-beam spectra. The use
of ratioed spectra helps to remove variation in the sample
spectrum that is unrelated to the spectral variation arising
from changes in the concentrations of the matrix constit-
uents.

Unfortunately, the collection of a glucose-depleted
background spectrum for use in the context of a nonin-
vasive glucose measurement is impossible. This consid-
eration has motivated us to investigate the feasibility of
building multivariate calibration models based on the di-
rect use of single-beam spectra of glucose samples. In an
initial study, partial least-squares (PLS) calibration mod-
els were successfully constructed on the basis of the di-
rect use of single-beam spectra.13 In this previous study,
several data sets were studied including aqueous glucose
samples in variable protein and variable triacetin matri-
ces. With these data sets, the calibration models based on
single-beam spectra were as good as those based on ra-
tioed spectra in absorbance units. This initial success en-
couraged us to investigate the direct analysis of single-
beam spectra further.

Compared to the standard absorbance spectral analysis,
the direct analysis of single-beam spectra is complicated
by the effects of spectral variation arising from instru-
mental and environmental changes, as well as the nonlin-
earity that may exist in the relationship between absolute
light intensities and analyte concentrations. These two is-
sues are addressed in this paper. Several data pretreatment
methods are evaluated to reduce the effects of day-to-day
instrumental variation. Nonlinearities in the relationship
between the spectral intensities and analyte concentra-
tions are investigated by use of stepwise quadratic PLS
(QPLS) regression. Two different data sets of aqueous
glucose samples in matrices of bovine serum albumin
(BSA) and triacetin are used in this investigation.

EXPERIMENTAL

Design of the Data Sets. The two data sets employed
in this study had the same constituents. In addition to the
analyte, glucose, the aqueous samples contained BSA and
triacetin. The BSA and triacetin were used to model
blood proteins and triglycerides, respectively. Proteins
and triglycerides have been identi® ed as major interfer-
ences in near-IR blood glucose measurements.9 The ® rst
data set (termed GTBp1) has been employed in previous
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TABLE I. Data set partitioning.

Data set

GTBp1
no. of samples

(spectra)

GTBp2
no. of samples

(spectra)

Calibration subset
Monitoring set
Calibration set
Prediction set

96 (288)
24 (72)

120 (360)
40 (120)

64 (192)
16 (48)
80 (240)
20 (60)

Total 160 (480) 100 (300)

studies.10±12 In a procedure to minimize the correlation
among the chemical constituents in the GTB p1 samples,
the concentration levels of glucose, BSA, and triacetin
were varied with a factorial design. With this design, a
total of 160 samples were prepared consisting of ten lev-
els of glucose (1, 3, 5, 7, 9, 11, 13, 15, 17, and 19 mM),
four levels of BSA (50, 65, 80, and 95 g/L), and four
levels of triacetin (1.4, 2.1, 2.8, and 3.5 g/L).

A different design method was used for the second
data set (termed GTBp2). For this data set, a genetic al-
gorithm (GA) design program was used to generate the
various concentration levels of glucose, BSA, and triac-
etin.14 This program constructed samples from a pool of
possible concentration levels in such a way as to mini-
mize correlation among the concentrations of the con-
stituents. The data set consisted of 100 samples with glu-
cose levels selected from the range of 1±20 mM at 0.5
mM intervals, BSA levels selected from the range of
49.4±95.0 g/L at 1.9 g/L intervals, and triacetin levels
selected from the range of 1.4±3.5 g/L at 0.35 g/L inter-
vals. Fourteen of the samples contained glucose concen-
trations of 1.0 mM. A large fraction of low-concentration
glucose samples and more levels of BSA and triacetin
made the glucose analysis of the GTB p2 data set more
challenging than that of the GTBp1 set.

Apparatus and Reagents. The sample preparation,
experimental instrumentation, and procedures were sim-
ilar for both data sets. The samples were prepared by
dilution of stock solutions in 0.1 M phosphate buffer at
pH 7.4. 5-Fluorouracil (0.044% w/w) was added to the
buffer as a preservative for the GTBp1 data set, while
sodium benzoate (0.5% w/w) was used as a preservative
for the GTBp2 case. The glucose (ACS reagent, Fisher
Scienti® c, Fair Lawn, NJ) was dried at 92 8 C overnight
and then cooled to room temperature in a desiccator. The
concentrations of stock solutions for glucose, BSA (Cohn
fraction V powder, product no. A4503, Sigma Chemical
Co., St. Louis, MO), and triacetin (99%, Sigma Chemical
Co.) were 50 mM, 190 g/L, and 35 g/L, respectively, for
both data sets.

The spectra for both data sets were collected with a
Digilab FTS-60A Fourier transform spectrometer (Bio-
Rad, Cambridge, MA). The spectrometer was equipped
with a standard near-IR con® guration consisting of a 100
W tungsten±halogen source, CaF 2 beamsplitter, and cryo-
genically cooled indium antimonide (InSb) detector. A K-
band optical interference ® lter (Barr Associates, West-
ford, MA) was used to isolate the near-IR range of 5000±
4000 cm 2 1, which served as the focus of the analysis.
The samples were contained in an Infrasil quartz cell with
a pathlength of 2 mm. Sample temperatures were con-
trolled by use of a water-jacketed cell holder and refrig-
erated circulator. The temperature was controlled to 37±
38 8 C during the spectral collection of the GTBp1 sam-
ples, while the temperature for the GTBp2 samples was
controlled to 37 ( 6 0.2) 8 C. Sample temperatures were
measured by use of a type T thermocouple and digital
thermocouple meter (Omega Engineering, Stamford, CT).

Procedures. The data collection for the GTBp1 and
GTBp2 data sets spanned 86 and 53 days, respectively.
The data sets were collected approximately two years
apart. For each GTBp1 sample, single-sided interfero-
grams containing 16 384 points were collected, and 256

coadded scans were used. For each GTB p2 sample, sin-
gle-sided interferograms containing 8192 points were
collected with 512 coadded scans. The spectrometer was
aligned and calibrated at the beginning of each day. For
both data sets, three replicate spectra were collected con-
secutively for each sample. The sample order was ran-
domized with respect to concentration to reduce the prob-
ability of correlation between glucose concentrations and
any time-dependent data artifacts. For both data sets, sin-
gle-beam spectra were calculated by Fourier processing
the collected interferograms with triangular apodization
and Mertz phase correction. In addition, one level of
zero-® lling was applied to the interferograms in the
GTBp2 data set. The resulting single-beam spectra for
both data sets had a nominal point spacing of 2 cm 2 1. At
the beginning of each data collection session and after
approximately each ® ve samples, background spectra of
phosphate buffer were collected. The background spectra
were used to compute spectra in absorbance units. In this
study, the analysis of the computed absorbance spectra
was conducted for comparison purposes.

The single-beam spectra for both data sets were trans-
ferred to a Silicon Graphics 4D/460 computer (Silicon
Graphics, Mountain View, CA) where the spectral data
were stored. The data analysis was performed with a Sil-
icon Graphics Indigo2 R10000 workstation (Silicon
Graphics) operating under Irix (Version 6.2). The data
analysis software used in this study was implemented in
FORTRAN 77. Multiple linear regression and Fourier ® l-
tering computations were performed with subroutines
from the IMSL software package (IMSL, Houston, TX).

In an effort to build and evaluate optimal multivariate
calibration models, both data sets were randomly split
into calibration and prediction sets, as shown in Table I.
For the GTBp1 data set, 75% of the samples were put
into the calibration set, while the remaining 25% of the
total samples were placed into the prediction set. For the
GTBp2 data set, the calibration set consisted of 80% of
the whole data set, while the prediction set contained the
remaining 20%. For both data sets, the calibration set was
randomly divided three times into three calibration sub-
sets (80% of the calibration samples) and corresponding
monitoring sets (20% of the calibration samples). The
replicate spectra of the samples were placed together into
the same set. The optimization of the parameters asso-
ciated with each calibration model was performed with
the use of only the three calibration/monitoring sets. The
monitoring sets were employed to evaluate the prediction
performance of candidate models computed with the cor-
responding calibration subsets. The prediction set was an
independent data set used to test the performance of the
® nal optimized calibration models.
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RESULTS AND DISCUSSION

Single-Beam Spectra of the Data Sets. Unlike spectra
in absorbance units, the principal features of single-beam
spectra normally consist of background information. The
dominant feature of the background is the instrument re-
sponse function of the spectrometer. In addition, signi® -
cant absorption of light by the analyte or other compo-
nents of the sample matrix is observed in the single-beam
spectrum in the form of regions of decreased light inten-
sity.

The solid lines in Figs. 1A±1D depict the single-beam
spectrum of a phosphate buffer sample. The overall spec-
tral shape in this case is determined by the K-band in-
terference ® lter used as part of the optical system and the
strong absorption bands of water at 5200 and 3800 cm 2 1.
At the optical pathlength of 2 mm used in the experiment,
the water absorbs essentially all light passed by the ® lter
in the region of 5000±4800 and 4200±4000 cm 2 1. The
dashed lines in Fig. 1 represent the single-beam spectra
for glucose in phosphate buffer at 50 mM (A), BSA in
buffer at 190 g/L (B), triacetin in buffer at 35 g/L (C),
and a GTBp1 sample (D) consisting of 19 mM glucose,
79.83 g/L BSA, and 2.80 g/L triacetin. For ease of com-
parison, each single-beam spectrum is plotted by scaling
its maximum value to unity. Figure 1A shows that the
differences between the single-beam spectra of 50 mM
glucose and phosphate buffer solutions are too small to
be observed visually. With knowledge that absorption
bands of glucose are centered near 4300 (C±H combi-
nation), 4400 (C±H combination), and 4700 cm 2 1 (O±H
combination), the absorption by 50 mM glucose is simply
too small to alter the appearance of the single-beam spec-
trum of the water background. Considering that the glu-
cose concentration ranges are from 1 to 20 mM in the
GTB data sets, it is clear that the glucose information
must be extracted from an overwhelming background if
the single-beam spectra are to be analyzed directly. The
differences between the single-beam spectra of 190 g/L
BSA, 35 g/L triacetin, and phosphate buffer can be ob-
served in Figs. 1B and 1C, respectively. Relative to the
buffer spectrum, the visible intensity changes arise from
the N±H and C±H combination bands of BSA centered
near 4600 and 4370 cm 2 1, respectively, and the C±H
combination band of triacetin near 4450 cm 2 1. The sin-
gle-beam spectrum of the GTB sample (Fig. 1D) is sim-
ilar to that of BSA (Fig. 1B). This result illustrates that,
in addition to the water background, the protein bands
are the dominant spectral features in the GTB data sets.

Another dif® culty in the direct analysis of single-beam
spectra is the variation in single-beam intensities arising
from day-to-day instrumental variations such as the
change of alignment of the interferometer and variation
in the placement of the sample cell in the spectrometer.
Figure 2A shows the single-beam spectra of ten GTBp1
samples that spanned the approximate intensity range of
21±37 (arbitrary units) for the entire data set. The vari-
ation in intensity across the group of single-beam spectra
is signi® cant and represents one of the major concerns in
the direct analysis of single-beam spectra. In this study,
data pretreatment methods are investigated to reduce
these single-beam intensity variations.

Overview of Data Analysis Methods. For a transmis-

sion measurement, the relationship between light inten-
sity and the concentrations of the absorbing species is
described by the Beer±Lambert law. For discrete spectral
data, the light intensity can be expressed as

q
2 S Î bck , j i,kk 5 1x 5 I 10 (1)i, j j

where xi,j is the light intensity measured at spectral res-
olution element j with sample i in the optical path; the Ij

term speci® es the light intensity measured at resolution
element j in the absence of absorbing species; q denotes
the number of absorbing species; Îk,j is the absorptivity
of species k at resolution element j; b is the optical path-
length of the measurement; and ci,k is the concentration
of species k in sample i.

In the case in which a representative background mea-
surement can be made (i.e., the values of Ij can be mea-
sured), Eq. 1 can be linearized easily to

qx i, j
a 5 2 log 5 Î bc (2)Oi, j k, j i,k1 2I k 5 1j

where a i,j is the absorbance of sample i at resolution el-
ement j. This transformation allows the construction of
linear multivariate calibration models that use data at
multiple resolution elements to allow the modeling of the
components on the right side of Eq. 2 that represent the
absorptions of the sample constituents. This approach
represents the conventional approach to the design of cal-
ibration models for mixture samples containing multiple
absorbing species.

The direct analysis of single-beam spectra is motivated
in cases in which the values of Ij are dif® cult to measure
(e.g., a noninvasive glucose measurement). In these cas-
es, a calibration model must be constructed that relates
the xi,j in Eq. 1 to the corresponding ci,k.

If a constant of Ij 5 1 is assumed for all j across all
samples, the log transform of Eq. 2 can be performed and
a conventional linear multivariate calibration model can
be computed.15,16 Figure 2B plots the single-beam spectra
of Fig. 2A after the log transform. It is clear that in ad-
dition to the potential linearization of the relationship be-
tween the xi,j and ci,k, the transform reduces the magnitude
of the intensity variation across the spectra.

If the values of Îk,jbci,k are small, the xi,j can be used
directly to build a conventional calibration model. This
approach exploits the Maclaurin series expansion of 10 2 x

ø 1 2 x for small x. In practice, however, neither of these
strategies is entirely appropriate, and the resulting cali-
bration models must attempt to overcome the intrinsic
nonlinearity of Eq. 1 and the inability to correct for var-
iation in Ij from day to day and sample to sample.

To help overcome these problems, one can use a com-
bination of approaches. First, preprocessing methods can
be employed to remove artifacts from the measured in-
tensity values. In the work reported here, three of these
methods are evaluated: multiplicative signal correction
(MSC), spectral normalization, and digital ® ltering.

The MSC method is also called multiplicative scatter
correction and was originally developed to correct the
effects of light scattering in re¯ ectance spectroscopy.17±20

Just as light scattering effects can induce overall changes
in light intensity in re¯ ectance spectra, day-to-day vari-
ations in interferometer alignment and sample cell posi-
tioning can cause similar variations in the absolute single-
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FIG. 1. Normalized near-IR single-beam spectra. Solid lines in A±D represent spectra of phosphate buffer. Dashed lines are for 50 mM glucose
(A); 190 g/L BSA (B); 35 g/L triacetin (C ); and a GTBp1 sample (19 mM glucose, 79.83 g/L BSA, and 2.80 g/L triacetin) (D), respectively.

beam spectral intensities measured in a transmission ex-
periment. In this research, MSC was used to help correct
this intensity variation in the single-beam spectra. For the
implementation of MSC, the mean spectrum of the cali-

bration set (or calibration subset) is commonly used as a
reference spectrum. The spectrum of each sample is then
regressed against the mean spectrum to produce the mod-
el shown in Eq. 3:
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FIG. 2. (A) Single-beam spectra of ten samples in the GTBp1 data set; (B) log-transformed single-beam spectra from those in (A); (C ) MSC-
corrected single-beam spectra from those in (A); and (D) normalized single-beam spectra from those in (A).

xi,j 5 a i 1 b ixÅ j 1 e i,j. (3)

The value of xÅ j is the mean intensity value of the cali-
bration set (or calibration subset) at resolution element j,
and ei,j is the residual of the model for sample i at reso-
lution element j. Computed across a set of resolution el-
ements, the intercept (a i) and the slope (b i) encode ad-
ditive and multiplicative effects, respectively, that relate
the spectrum of sample i to the mean spectrum. It is as-
sumed that these effects are general trends and are not

related to the chemical information. Removal of these
trends is thus accomplished by

xi,j corrected 5 (x i,j 2 a i)/b i. (4)

The mean spectrum of the calibration set is also used to
correct spectra in the prediction set to which the calibra-
tion model will be applied.

Figure 2C shows the MSC-corrected single-beam spec-
tra of the ten GTBp1 samples that are displayed in Fig.
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2A. Compared to Fig. 2A, the single-beam intensity var-
iation is greatly reduced in the MSC-corrected spectra.

A normalization method was also used to remove the
single-beam intensity variation. In this study, the single-
beam spectra were normalized by dividing the values of
individual spectral points by the root sum of squares of
the intensity values in the corresponding spectrum. This
calculation can be expressed as

x i, j
x 5 (5)i, j,normalized p

2xO i, j! j 5 1

where p is the number of resolution elements in a spec-
i® ed range of the spectrum for sample i. The normalized
single-beam spectra of the original ten spectra in Fig. 2A
are shown in Fig. 2D. Similar to the case for MSC-cor-
rected spectra, the intensity variation is largely removed
in the normalized single-beam spectra.

An assumption inherent in both the normalization pro-
cedure described above and in the MSC method is that
the overall light intensity in the spectral region used to
de® ne the normalizing constants is independent of the
absorbance of the varying constituents of the sample ma-
trix. This assumption is valid in the present application
because of the small absorbance of glucose, triacetin, and
BSA relative to the large water absorbance. Stated dif-
ferently, the overall spectral intensity should be almost
constant from sample to sample because of the almost
constant water absorbance. For this reason, a broad range
of 4900±4100 cm 2 1 was used in this work to implement
both MSC and normalization calculations. In other ap-
plications in which large intensity variations are induced
by the absorbance of the matrix constituents, the spectral
range over which the normalizing constants are computed
must be chosen with care.

Bandpass Fourier digital ® ltering was also employed
to remove unwanted variation in the single-beam spectra.
Spectra were windowed with a cosine windowing func-
tion before the ® ltering step in order to help prevent ar-
tifacts from being introduced into the ® ltered spectra
through the Fourier transform operations. In applying
bandpass ® ltering, the single-beam spectrum is repre-
sented by its underlying harmonic frequencies. Chemical
information can be isolated on the basis of its difference
in frequency content as compared to other sources of
spectral variation. The frequency is linearly scaled to a
range 0±0.5 f (digital frequency units). Noise information
is located largely in the high-frequency region, and any
baseline variations are concentrated at low digital fre-
quencies. Information about the absorptions of the sample
constituents dominates the middle range of frequencies.
With the use of a Guassian-shaped bandpass function, the
chemical information may be enhanced by suppressing
the other sources of variation.

In conjunction with appropriate preprocessing meth-
ods, the construction of the calibration model can be per-
formed to suppress information in the intensity data that
is not relevant to modeling the analyte concentrations.
Principal component analysis (PCA) and partial least-
squares are methods that can be used with the original x i,j

to construct latent variables that are biased to suppress
variation in the data that is likely not to be useful in

modeling the analyte concentrations.17 The PLS method
was used in this work and was applied to the mean-cen-
tered spectral data in both a conventional linear multi-
variate calibration model and as a quadratic model
(QPLS).

The QPLS regression method is designed to help mod-
el the nonlinear relationship between the dependent and
independent variables that is suggested by Eq. 1. In the
case with only one dependent variable (glucose concen-
tration), the ® rst step of QPLS is the same as linear PLS.
In this step, the single-beam spectral intensity data matrix
[n (spectra) 3 k (resolution elements)] is decomposed
into a matrix of lower dimensionality (n 3 h) by consid-
ering the covariance between the spectral intensities and
the analyte concentrations. The resulting PLS scores are
orthogonal so that the colinearity among the independent
variables that exists in the original data matrix is removed
in the score matrix.

The second step of QPLS regression is different from
that of linear PLS regression. The QPLS regression mod-
el has the form

2c 5 b 1 b t 1 . . . 1 b t 1 b t 1 . . .i 0 1 i,1 h i,h h 1 1 i,1

21 b t (6)2h i,h

where c i is the predicted concentration for sample i, the
ti values are the computed PLS scores, the b terms are
regression coef® cients, and h is the number of latent var-
iables (PLS factors). In Eq. 6, note that quadratic poly-
nomial terms based on the PLS scores are included in the
QPLS regression.

Stepwise QPLS is a parsimonious version of QPLS
regression in which only the statistically signi® cant terms
in Eq. 6 are included in the calibration models. This
method has been used successfully in previous work with
spectra in absorbance units.22 The stepwise QPLS method
implemented here consisted of a combination of forward
stepwise addition and backward deletion. Terms were
added to the model one at a time if they met a signi® -
cance level of 0.05 (F-test). Once a new term was added,
the signi® cance levels of previously added terms were
updated. Previously added terms were deleted if their sig-
ni® cance levels fell below 0.05. The speci® c F-test used
was based on the values of the partial F-test statistic. This
statistic evaluates whether the reduction in the error sum
of squares afforded by adding the term to the model is
signi® cant.23

Analysis of Single-Beam Spectra without Digital
Filtering. As discussed before, in order to implement
successful multivariate calibration models for the direct
analysis of single-beam spectra, two issues need to be
addressed. One is the effect of the single-beam intensity
variation caused by uncontrollable instrumental changes.
The other is the nonlinear relationship between the sin-
gle-beam intensities and the analyte concentrations. To
investigate the effects of these two factors on the analysis
of the single-beam spectra, we employed both linear PLS
and stepwise QPLS methods to build the calibration mod-
els for the GTBp1 and GTBp2 data sets. To compare with
the models based on the use of the original single-beam
spectra, we also used the data pretreatment methods dis-
cussed previously (i.e., log transform, MSC, and nor-
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TABLE II. Results without ® ltering for the GTBp1 data set.

Methoda

Spectral range
(cm 2 1)

No. of PLS
factors

( 1 quadratic
terms)

SECb

(mM)
SEPc

(mM)

PLS (absorbance)
PLS (sb)
PLS/log
PLS/MSC
PLS/norm
QPLS
QPLS/log
QPLS/MSC
QPLS/norm

4725±4275
4700±4200
4750±4275
4750±4200
4700±4300
4700±4200
4725±4300
4800±4200
4800±4150

17
15
15
15
14

15 ( 1 3)
17 ( 1 4)
15 ( 1 7)
12 ( 1 2)

0.41
0.74
0.52
0.53
0.57
0.72
0.40
0.47
0.48

0.61
0.72
0.62
0.59
0.60
0.72
0.55
0.52
0.54

a sb or no indication denotes that the method is based on the use of
single-beam spectra. PLS/log, PLS/MSC, and PLS/norm are the com-
binations of PLS regression and log transform, MSC, and normaliza-
tion, respectively. The same representations are used for the stepwise
QPLS models.

b Standard error of calibration.
c Standard error of prediction.

malization) for preprocessing the single-beam spectra to
reduce the variation in spectral intensity.

Analogous to the optimization procedure used for se-
lecting PLS models based on absorbance spectra, the
spectral range and the number of PLS factors need to be
optimized for calibration models computed with single-
beam spectra. A grid search procedure was adopted to
optimize these PLS model parameters. To study the effect
of various spectral ranges, we varied the size and location
of the range in a systematic manner. The size of the spec-
tral range was changed from 700 to 200 cm 2 1 by decre-
ments of 50 cm 2 1. For a given range size, the spectral
range was shifted across the region of 4900±4100 cm 2 1

in steps of 25 cm 2 1. With each selected spectral range,
the number of PLS factors was varied from 5 to 20. Can-
didate models based on each selected spectral range and
number of PLS factors were built with the use of three
different calibration subsets, and their prediction perfor-
mance was evaluated with the use of three corresponding
monitoring sets. The pooled standard error of monitoring
(SEM) was used to determine the optimal calibration
models. For one monitoring set, the SEM can be calcu-
lated by

nm

2(c 2 cÃ )O i,m i,m
i 5 1

SEM 5 (7)
n! m

where ci,m and cÃi,m are the actual and predicted analyte
concentrations for spectrum i, respectively, and nm is the
number of spectra in the monitoring set.

A signi® cance testing procedure analogous to that pro-
posed by Haaland and Thomas24 was used to select the
optimal number of PLS factors. For each selected spectral
range, the number of PLS factors that produced the min-
imum pooled SEM across the three monitoring sets was
found ® rst. Then the SEM of a model based on one fewer
PLS factor was compared to the minimum SEM by use
of an F-test at a 95% con® dence level. Unless a signi® -
cant difference was found between the selected SEM and
the minimum SEM, the procedure continued with pro-
gressively smaller models. The smallest model that pro-
duced an SEM not signi® cantly different from the mini-
mum SEM was used.

Once the optimal models were selected, the full cali-
bration set was used to build the ® nal model. The per-
formance of the optimal models was tested with the in-
dependent prediction set. The procedure described above
for selecting the optimal models was used for both linear
PLS and stepwise QPLS regression with the various data
preprocessing methods.

The top ® ve spectral ranges and corresponding optimal
number of PLS factors were selected to build the ® nal
models with the calibration set. These models were sub-
sequently applied to predict the glucose concentrations
corresponding to the spectra in the prediction set. For the
GTBp1 data set, among the ® ve optimal models, the one
which provided the lowest standard error of prediction
(SEP) is reported in Table II. Along with the SEP values,
Table II lists the spectral range, the number of PLS fac-
tors (plus the number of quadratic terms for the QPLS
models), and the standard error of calibration (SEC). The
calculation of SEC and SEP is analogous to Eq. 7, with

the exception that, for the case of SEC, the degrees of
freedom are reduced by the number of terms in the mod-
el.

The grid search optimization procedure described
above was also used with absorbance spectra, and the
results from the model that produced the lowest SEP are
listed in the ® rst row of Table II. Background spectra of
phosphate buffer were used in converting the single-beam
spectral intensities to absorbance units. In computing the
absorbance values for each sample spectrum, the most
recently collected background spectrum was used.

The other results in Table II correspond to the optimal
models obtained from the analysis of single-beam spec-
tra. In the method column, PLS (sb) denotes that a linear
PLS model was built with the use of the original (i.e.,
unprocessed) single-beam spectra in the GTB p1 data set.
PLS/log denotes that the PLS model was constructed with
the log-transformed single-beam spectra. Similarly, PLS/
MSC and PLS/norm indicate that the PLS models were
based on the MSC-corrected and normalized single-beam
spectra, respectively. The same notation is used for the
representation of the preprocessing methods employed
with the stepwise QPLS models.

Compared to the results obtained with the optimal PLS
model based on absorbance spectra, the performance of
the model computed with the unprocessed single-beam
spectra was not good. The degraded performance of this
model was caused by the signi® cant variation in the sin-
gle-beam spectral intensities. By a reduction in this in-
tensity variation with the data pretreatment methods, the
prediction results of the optimal PLS models were all
signi® cantly improved compared to the model based on
no preprocessing. Encouragingly, the best results ob-
tained with the preprocessed single-beam spectra are
slightly better than those obtained with the model com-
puted with absorbance spectra. This result suggests that,
with the sample matrix used here, the single-beam spec-
trum of phosphate buffer may not be suf® ciently repre-
sentative of the true background to provide an advantage
when it is used to de® ne the Ij values in Eq. 2.

The results obtained with the optimal QPLS models
built with the use of the unprocessed single-beam spectra
were about the same as those obtained with the linear
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FIG. 3. Mean SEP values and the corresponding upper 95% con® dence
limits (error bars) from the top ® ve models obtained through the use of
un® ltered single-beam spectra with various data analysis methods. (A)
GTBp1 data set; (B) GTBp2 data set.

TABLE III. Results without ® ltering for the GTBp2 data set.

Methoda

Spectral range
(cm 2 1)

No. of PLS
factors

( 1 quadratic
terms)

SECb

(mM)
SEPc

(mM)

PLS (absorbance)
PLS (sb)
PLS/log
PLS/MSC
PLS/norm
QPLS
QPLS/log
QPLS/MSC
QPLS/norm

4700±4325
4700±4200
4800±4300
4900±4200
4875±4175
4850±4250
4625±4250
4900±4200
4875±4275

13
16
17
15
16

16 ( 1 5)
14 ( 1 2)
15 ( 1 5)
16 ( 1 3)

1.16
1.02
0.95
0.91
0.79
0.98
0.97
0.85
0.82

1.09
1.49
1.16
1.12
0.89
1.18
1.06
0.89
0.86

a The same representations are used as in Table II.
b Standard error of calibration.
c Standard error of prediction.

PLS models. However, with the use of preprocessed sin-
gle-beam spectra, the optimal stepwise QPLS models
yielded lower SEP values than the corresponding linear
PLS models.

The SEP values listed in Table II were also compared
to each other by converting them to the corresponding
variance estimates and then computing F-values and as-
sociated probabilities from the F cumulative distribution
function. From these comparisons, the following conclu-
sions were drawn: (1) the QPLS methods with prepro-
cessing yielded prediction results that were better than
the results from the analysis of absorbance spectra at sig-
ni® cance levels greater than 87%, but the results obtained
with the different preprocessing methods were not sig-
ni® cantly different from each other; (2) for each of the
preprocessing methods, the QPLS results were better than
the corresponding linear PLS results at signi® cance levels
of at least 87%; and (3) all the PLS and QPLS methods
with preprocessing were better than the PLS and QPLS
methods with no preprocessing at signi® cance levels
greater than 94%.

Figure 3A displays the mean SEP values obtained from
the top ® ve calibration models along with error bars
drawn at the upper 95% con® dence limits for the various

data processing methods applied to the single-beam spec-
tra from the GTBp1 data set. Again, the prediction results
from the models (PLS and QPLS) with all the pretreat-
ment methods (i.e., log transform, MSC, and normaliza-
tion) were signi® cantly better than those obtained without
the use of preprocessing. The mean SEP values obtained
with the QPLS models with the log transform and nor-
malization were not signi® cantly improved compared to
the corresponding linear PLS models. However, the
QPLS models with MSC-corrected single-beam spectra
performed better than the corresponding linear PLS mod-
els.

The same optimization procedure and data analysis
methods were applied to the GTBp2 data set. The optimal
results from the various methods are reported in Table
III. The mean SEP values provided by the top ® ve cali-
bration models computed from the single-beam spectra
of the GTBp2 data set are shown in Fig. 3B. As in Fig.
3A, the error bars denote the corresponding upper 95%
con® dence limits.

The overall results for the GTBp2 data set were not as
good as those obtained with the GTB p1 data set. This
outcome is reasonable because the GTB p2 data set was
designed with more concentration levels of the sample
components and had many samples with a low glucose
concentration of 1 mM. Similar to the results for the
GTBp1 data set, the performance of the optimal linear
PLS model built with unprocessed single-beam spectra
was signi® cantly worse than that obtained with the ab-
sorbance spectra. The use of the data pretreatment meth-
ods improved the model performance with the single-
beam spectra. For the optimal results listed in Table III,
the improvement of the QPLS models over the corre-
sponding linear PLS models was observed. However, the
mean SEP values displayed in Fig. 3B did not show this
improvement.

Statistical comparisons of the SEP results in Table III
were also performed by use of computed F-values and
associated probabilities. Results similar to those de-
scribed previously were obtained. At signi® cance levels
greater than 94%, the QPLS methods with MSC and nor-
malization yielded better results than the corresponding
analysis of absorbance spectra, but the results with MSC
and normalization were not signi® cantly different from
each other. Unlike the case of the GTBp1 data set, how-
ever, the QPLS method with log preprocessing did not
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FIG. 4. Concentration correlation plots with the optimal stepwise
QPLS models with the MSC-corrected single-beam spectra. (A) GTBp1
data set; (B) GTBp2 data set.

perform signi® cantly better than the analysis of absor-
bance spectra. All PLS and QPLS methods with prepro-
cessing performed better than PLS without preprocessing
at signi® cance levels greater than 96%, while the QPLS
methods with MSC and normalization performed better
than QPLS with no preprocessing at signi® cance levels
greater than 98%.

Figures 4A and 4B show concentration correlation
plots for the GTBp1 and GTBp2 data sets, respectively.
The plots were based on the optimal QPLS models com-
puted with MSC-corrected single-beam spectra. Both
plots indicate that good correlation was found between
the predicted and actual glucose concentrations.

Analysis of Digitally Filtered Single-Beam Spectra.
The combination of digital Fourier ® ltering with the data
pretreatment methods discussed in the previous section
was employed for building both linear PLS and stepwise
QPLS models with the GTBp1 and GTBp2 data sets. In
this work, the pretreatment methods were applied ® rst,
followed by the ® ltering step.

The use of digital ® ltering as the preprocessing method
added two more parameters to be optimized, the position
and width of the Guassian-shaped bandpass function. The
grid search procedure employed in the previous section

for selecting the spectral range and the number of PLS
factors becomes very time-consuming if the ® lter position
and width parameters are added. Because of this limita-
tion, a more ef® cient optimization protocol based on a
genetic algorithm has been developed in our laboratories
for the joint optimization of the parameters involved in
combining digital ® ltering with PLS regression.10 This
GA-based procedure was adopted in this study to opti-
mize the model parameters associated with the use of
digitally ® ltered single-beam spectra.

GAs are numerical optimization methods based on the
concepts of genetics and natural selection. 25±27 The indi-
vidual variables to be optimized are termed genes, and
the set of variables is called a chromosome. In this ap-
plication, the chromosome consisted of ® ve genes (® lter
position, ® lter width, number of PLS factors, starting
point, and ending point of the spectral range), each rep-
resented as an integer. The continuous ® lter position and
width parameters were converted to an integer represen-
tation by mapping the range of 0.0 to 0.2 f onto a series
of integers through the use of a ® xed resolution of 0.0001
f. This range was restricted to 0.1 f in our previously
published work because we have rarely found ® lter po-
sitions and widths greater than 0.1 f to be useful when
applied to absorbance spectra at the nominal 2 cm 2 1 point
spacing used here. However, with the use of single-beam
spectra, some ® lters with positions and/or widths larger
than 0.1 f were found to be useful. Therefore, the range
for the ® lter position and width was extended to 0.2 f in
this study.

The ® tness function chosen to guide the GA optimi-
zation was originally developed for the analysis of ab-
sorbance spectra.10 This function is de® ned as

(MSE 1 MSME 1 hw) 2 1 (8)

where MSE represents the mean-squared error in concen-
tration of the spectra in the calibration subset, MSME is
the mean-squared error in concentration obtained when
the computed calibration model is applied to the spectra
in the monitoring set, h is the number of PLS factors
employed in the calibration model, and w is a weighting
factor. In practice, three different calibration subsets and
monitoring sets were randomly selected during the opti-
mization procedure. The mean value of Eq. 8 obtained
with these three rearrangements of the data set was used
as the ® tness value of each chromosome. By use of this
® tness function, the models judged optimal by the GA
achieved a balanced calibration and prediction perfor-
mance and required as few PLS factors as possible. In
the original work in which Eq. 8 was developed, weight-
ing factors of 0.2 and 0.6 were found to be optimal for
the GTBp1 and GTBp2 data sets, respectively, as these
values produced models that achieved a balance between
a low SEM and a small number of PLS factors.10

The GA con® guration parameters employed for the
GTBp1 and GTBp2 data sets are listed in Table IV. The
con® guration parameters were chosen on the basis of the
previous study that employed absorbance spectra 10 and
were not optimized further. A larger number of genera-
tions was used with the GTB p2 data set because it con-
tained fewer spectra than the GTBp1 set. Three GA runs
were performed by using different starting chromosomes
for each data set. The parameters in the ® ve chromo-
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TABLE IV. Optimal genetic algorithm parameters.

Parameters GTBp1 GTBp2

Population size
No. of generations
Recombination probability
Mutation probability
Crossover scheme

50
50
0.9
0.1

single-point

50
100

0.9
0.1

single-point

TABLE V. Results with ® ltered spectra for the GTBp1 data set.

Methoda

Spectral
range
(cm 2 1)

Filter
position

and width
( f)

No. of PLS
factors

( 1 quadratic
terms)

SECb

(mM)
SEPc

(mM)

PLS 4715±4100 0.0832
0.0559

17 0.71 0.71

PLS/log 4705±4290 0.0676
0.0297

14 0.49 0.57

PLS/MSC 4740±4200 0.0690
0.0216

13 0.48 0.58

PLS/norm 4720±4235 0.0923
0.0324

12 0.50 0.59

QPLS 4690±4300 0.0366
0.0074

13 ( 1 7) 0.65 0.61

QPLS/log 4705±4300 0.0612
0.0256

13 ( 1 7) 0.46 0.56

QPLS/MSC 4900±4110 0.0660
0.0231

13 ( 1 2) 0.46 0.54

QPLS/norm 4900±4110 0.0765
0.0250

12 ( 1 3) 0.46 0.59

a The same representations are used as in Table II.
b Standard error of calibration.
c Standard error of prediction.

FIG. 5. Mean SEP values and the corresponding upper 95% con® dence
limits (error bars) from the top ® ve models obtained with ® ltered single-
beam spectra and with various methods of data processing. (A) GTBp1
data set; (B) GTBp2 data set.

somes producing the highest ® tness values among the
three GA runs were selected to build the ® nal models
with the full calibration set as described in the previous
section. The prediction set was used to validate the per-
formance of these ® nal models.

For the GTBp1 data set, the optimal results obtained
from the combination of ® ltering, the pretreatment meth-
ods, and the linear and quadratic PLS modeling tech-
niques are listed in Table V. The mean SEP values from
the ® ve optimal models and their corresponding upper
95% con® dence limits are displayed in Fig. 5A. The op-
timal model performance obtained with the various pre-
processing methods combined with ® ltering is similar to
that obtained with the corresponding methods without ® l-
tering. However, the number of PLS factors required for
the optimal models was reduced for most of the models
constructed with the ® ltered data. The ® ltering step sim-
pli® es the model because it removes variation that no
longer has to be explained by the PLS scores.

Statistical comparisons of the SEP values in Table V
were also performed by use of the procedures described
previously. All PLS and QPLS methods with log, MSC,
or normalization outperformed PLS without these pre-
processing steps at signi® cance levels of greater than
95%. Also, the methods of preprocessing were not sig-
ni® cantly different from each other for use with either
the PLS or QPLS models. These results suggest that
while the digital ® ltering step is useful in removing cer-
tain types of spectral variation and can lead to models
with fewer terms, it does not take the place of the con-
ventional normalization methods for reducing overall var-
iation in the single-beam spectral intensities.

Table VI lists the optimal results for the GTBp2 data
set. Figure 5B shows the corresponding mean SEP values
and the associated upper 95% con® dence limits. Again,
the overall results obtained with the optimal models with
® ltering are similar to those produced by the correspond-
ing methods without ® ltering. As with the GTBp1 set,
smaller model sizes were required for the case in which
® ltered data were used. Interestingly, the con® dence in-
tervals of the SEP values were reduced for models built
with ® ltered data. This observation indicates that the
group of calibration models computed with ® ltered data
performs more consistently than the corresponding group
of models constructed with un® ltered data. Furthermore,
with ® ltering, the prediction results from the linear PLS
models with the log transform and stepwise QPLS mod-
els with MSC were improved. This result made the over-
all pattern of model performance of the various methods
obtained with the GTBp2 data set consistent with that of
the GTBp1 data set.

Statistical comparisons of the SEP values in Table VI
revealed that for ® ve of the six cases (i.e., log, MSC, and
normalization combined with PLS and QPLS), the PLS
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TABLE VI. Results with ® ltered spectra for the GTBp2 data set.

Methoda

Spectral
range
(cm 2 1)

Filter
position

and width
( f)

No. of PLS
factors

( 1 quadratic
terms)

SECb

(mM)
SEPc

(mM)

PLS 4700±4100 0.1792
0.0912

14 1.05 1.48

PLS/log 4625±4345 0.0905
0.0956

10 1.20 1.08

PLS/MSC 4650±4100 0.1246
0.0433

12 0.99 1.09

PLS/norm 4610±4120 0.1124
0.0407

11 1.08 1.17

QPLS 4730±4180 0.1355
0.0581

15 ( 1 6) 0.86 1.49

QPLS/log 4715±4295 0.0974
0.0561

12 ( 1 5) 0.89 1.28

QPLS/MSC 4665±4205 0.0897
0.0347

12 ( 1 5) 0.88 0.92

QPLS/norm 4610±4255 0.1200
0.0465

12 ( 1 3) 0.95 1.05

a The same representations are used as in Table II.
b Standard error of calibration.
c Standard error of prediction.

and QPLS methods with preprocessing outperformed
PLS with no preprocessing at signi® cance levels greater
than 96%. For the sixth case, the signi® cance level was
greater than 86%. For the PLS models, there was no sig-
ni® cant difference among the preprocessing methods,
while for the QPLS models, MSC and normalization out-
performed the log preprocessing method at signi® cance
levels of greater than 99%.

Evaluation of Robustness of Calibration Models.
All the results presented above were based on the case
in which the set of calibration spectra spanned the pre-
diction spectra in time. This approach ensured that the
calculation of the calibration models included informa-
tion about the entirety of the variation in the spectral
backgrounds. A more dif® cult case is one in which the
spectra in the prediction set lie outside the time span of
the calibration data. In this situation, the calibration mod-
el must be robust enough to operate outside its effective
knowledge base of spectral backgrounds. This is also the
case in which an analysis of absorbance spectra would
be expected to have the greatest potential advantage over
an analysis of single-beam spectra, since the act of ratio-
ing to a collected background spectrum is at least an at-
tempt to remove the background contribution before the
calibration model is applied.

To evaluate this calibration/prediction scenario fully is
beyond the scope of the current research since it would
require a spectral data set collected in a systematic man-
ner with respect to time. The importance of this issue
warrants at least a limited evaluation with the present
data, however.

Of the two data sets employed in this research, the
GTBp1 set spanned the greatest time and was therefore
used in this study. A new partitioning of the data was
used in place of that described in Table I. A total of 159
of the original 160 samples were used, corresponding to
a time span of 65 days. The one sample removed was
collected 21 days after the remainder of the data. Since
only a single sample was collected on this day, it was

judged that any results obtained from the use of this sam-
ple would be inconclusive.

The ® rst 139 samples collected were placed into the
calibration set, while the last 20 samples formed the pre-
diction set. The calibration set was further subdivided
into a calibration subset consisting of the ® rst 118 of the
139 samples collected and a monitoring set containing
the last 21 (of the 139) samples measured. The 118 sam-
ples were collected in 15 data collection sessions span-
ning 59 days, while the 21 samples in the monitoring set
were collected during three data collection sessions that
spanned six days. The 20 samples that comprised the pre-
diction set were collected during two data collection ses-
sions that spanned two days. The last data collection ses-
sion of the calibration subset coincided with the ® rst data
collection session of the monitoring set. The ® rst of the
10 samples collected during this session was placed in
the calibration set, and the remaining 9 samples were
placed in the monitoring set. Similarly, the last data col-
lection session corresponding to the full calibration set
(i.e., the last session included in the monitoring set) co-
incided with the ® rst data collection session used to de-
® ne the prediction set. The ® rst of the 11 samples col-
lected during this session was included in the full cali-
bration set, and the remaining 10 samples were placed in
the prediction set. As before, the replicate spectra corre-
sponding to each sample were carried together into the
appropriate data set.

The same preprocessing and model building strategies
described previously were used for this study with the
exception that no digital ® ltering was performed. The
same grid search optimization procedures were also used
except that a different strategy was employed for sorting
the results. Since only a single calibration/monitoring set
was available, an overall response function, R, was com-
puted as

R 5 (SEC 1 SEM)/2 1 z SEC 2 SEM z (9)

where a minimum value of R is optimal, and the SEC
and SEM values describe the results obtained with the
calibration subset and monitoring set, respectively. The
inclusion of the z SEC 2 SEM z term was designed to re-
duce the ranking of models that had a large discrepancy
between the SEC and SEM values.

For each spectral preprocessing and modeling combi-
nation, the results obtained from the grid search optimi-
zation were sorted by use of Eq. 9, the top ® ve model
parameters were selected, and ® nal calibration models
were computed by use of the full calibration set. The ® ve
resulting models were applied to the prediction set. For
the various preprocessing and modeling combinations,
Table VII summarizes the minimum, maximum, and
mean SEP values obtained from these ® ve sets of pre-
diction results.

Also listed in Table VII are two sets of results for
absorbance spectra. The ® rst row in the table lists results
obtained with absorbance spectra in which the most re-
cently collected background spectrum was used to com-
pute the absorbance values. This is the routine procedure
that was used in the generation of the spectra in the cal-
ibration set and in computing all results with absorbance
spectra presented previously in Tables II and III.

The second line in Table VII lists results obtained with
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TABLE VII. Prediction results from study of robustness of cali-
bration models.

Methoda

Minimum
SEPb

(mM)

Maximum
SEP

(mM)
Mean SEP

(mM)

PLS (absorbance) 0.63 0.95 0.80
PLS (absorbance,

single background) 0.68 1.05 0.85
PLS (sb)
PLS/log
PLS/MSC
PLS/norm
QPLS
QPLS/log
QPLS/MSC
QPLS/norm

1.55
0.65
0.89
0.81
1.50
0.95
0.79
0.67

2.59
0.94
1.09
1.32
2.48
2.36
1.13
1.06

1.98
0.73
0.97
1.09
1.83
1.59
0.98
0.94

a The same representations are used as in Table II.
b Standard error of prediction.

FIG. 6. Concentration residuals (mM) for the spectra in the prediction
set are plotted vs. the time (h) since the collection of the last calibration
spectrum for four cases that yielded the best SEP values. Results are
displayed for the PLS/log (A) and QPLS/norm (B) models based on
single-beam spectra. Results with absorbance spectra are plotted for the
case in which multiple background spectra were used to compute the
absorbance values (C ) and the case in which a single background spec-
trum was used (D).

the same calibration model, but for the case in which all
absorbance values for the spectra in the prediction set
were computed with a single background spectrum. The
spectrum used was the ® rst spectrum of phosphate buffer
collected during the ® rst of the two data collection ses-
sions used to de® ne the prediction set.

The minimum SEP values in Table VII can be com-
pared to the corresponding SEP results in Table II. The
results in Table II represent the ideal case in which the
calibration set spanned the prediction set in time. An in-
spection of Table VII reveals some degradation of results
relative to those in Table II. Use of a suboptimal back-
ground spectrum in computing absorbance spectra is also
observed to degrade the prediction results. However, the
best results obtained with single-beam spectra are still on
par with those obtained with absorbance data. Compared
to the results in Table II, the spectral preprocessing meth-
ods are observed to be even more essential for use with
the single-beam data.

For the spectra in the prediction set, Fig. 6 plots con-
centration residuals vs. the time since the collection of
the last calibration spectrum for four cases corresponding
to the lowest SEP values in Table VII. Included are re-
sults from the PLS/log (A) and QPLS/norm (B) models
based on single-beam spectra, along with the model
based on absorbance spectra in which the spectra in the
prediction set were computed with multiple background
spectra (C) and a single background spectrum (D). The
traces of the residuals show no obvious relationship with
time, and the models based on single-beam and absor-
bance spectra are observed to perform similarly.

CONCLUSION

Statistical comparisons of the prediction results ob-
tained in this study support the conclusion that, with ap-
propriate preprocessing to remove spectral intensity var-
iation that is unrelated to changes in the concentrations
of the sample constituents, the direct analysis of single-
beam spectra can yield calibration results that are highly
competitive with those produced by a conventional anal-
ysis of absorbance spectra. For the speci® c example used
in this research, the results from the analysis of single-
beam spectra were in fact statistically better than the cor-
responding results produced in the analysis of absorbance
spectra when the calibration set spanned the prediction

set in time. With the removal of the problematic intensity
variation through one of the normalization methods, the
analysis of single-beam spectra is found to be a viable
alternative approach to the conventional absorbance spec-
tral analysis with the advantage of no requirement for the
collection of matching background spectra. This can be
an important advantage in measurement scenarios such
as the noninvasive glucose determination in which the
collection of a representative background spectrum is im-
possible.

The data preprocessing methods employed in this work
(i.e., log transform, MSC, and normalization) all worked
to reduce the effect of the single-beam intensity variation.
Overall, MSC and normalization were observed to per-
form more consistently than the log transform, and are
thus recommended. No signi® cant difference between the
two was observed. Digital ® ltering was found to be useful
to reduce the model size and make the calibration models
perform more consistently, but its use did not eliminate
the need for a preprocessing step to remove the overall
intensity variation in the single-beam spectra.
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Stepwise QPLS models were never found to be statis-
tically worse in prediction performance than the corre-
sponding linear PLS models, and were statistically su-
perior in several cases. The QPLS models help to account
for the nonlinear relationship between single-beam spec-
tral intensities and analyte concentrations that is de-
scribed by Eq. 1. Since the degree to which this relation-
ship deviates from linearity is a function of the magni-
tudes of the Îk,jbc i,k values in Eq. 1 (i.e., small values will
fall in a more linear region of the 10 2 x function), the
importance of nonlinear approaches to building calibra-
tion models with single-beam spectra will vary among
applications as concentrations and chemical constituents
vary. Further investigation of this issue is warranted, es-
pecially with the use of more ¯ exible nonlinear modeling
methods such as arti ® cial neural networks.

Finally, in the evaluation of the robustness of the cal-
ibration models, some degradation in performance was
observed in all models when the calibration set did not
span the prediction set in time. However, the models
computed with single-beam spectra remained competitive
with those based on absorbance spectra.
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