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Multivariate calibration models are developed that allow quantita-
tive analysis of short segments of Fourier transform infrared (FT-
IR) interferogram data. Before the interferogram segments are sub-
mitted to partial least-squares (PLS) regression analysis, a bandpass
digital ® lter is applied to isolate a narrow range of frequencies that
correspond to an absorption band of the target analyte. This adds
frequency selectivity to the analysis, thereby overcoming the prin-
cipal obstacle to the direct use of interferogram data for quantita-
tive analysis. With the optimization of the frequency response func-
tion of the ® lter, as well as the position and length of the interfer-
ogram segment employed, calibration models are developed that
compare well with those computed with conventional absorbance
spectra. This methodology is demonstrated by developing calibra-
tion models for determining glucose in an aqueous buffer matrix
over the physiologically relevant concentration range of 1± 20 mM.
Through the use of a time-domain ® lter designed to isolate the mod-
ulated interferogram frequencies corresponding to the glucose C±
H combination band at 4400 cm 2 1, a three-factor PLS calibration
model is computed on the basis of interferogram points 601± 850.
This model is characterized by standard errors of calibration (SEC)
and prediction (SEP) of 0.3311 and 0.6950 mM, respectively. The
best model obtained in a thorough analysis of the corresponding
absorbance spectra was also based on three PLS factors. This model
was characterized by values of SEC and SEP of 0.2396 and 0.6115,
respectively. In addition to achieving similar calibration and pre-
diction results to the spectral-based model, the interferogram-based
method has the advantage of requir ing no background measure-
ment of the sample matrix. Furthermore, since the analysis is based
on only a 250-point segment of the interferogram, a reduction in
the instrumentation and data collection requirements is realized.

Index Headings: Fourier transform infrared; Near-infrared; Inter-
ferogram; Glucose.

INTRODUCTION

Fourier transform infrared (FT-IR) spectroscopy is re-
ceiving increased attention for its potential use in dedi-
cated monitoring applications such as environmental re-
mote sensing, chemical process monitoring, and clinical
measurements. In each of these applications, a premium
is placed on whether rugged, low-cost spectrometers can
be designed that possess suf® cient optical performance to
allow the analytical determination to be made reliably.
One approach to improving the ruggedness of an FT-IR
spectrometer is to simplify the design speci® cations of
the interferometer by reducing the resolution require-
ments of the collected spectra. This improvement reduces
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the optical retardation required in the interferometer and
can make possible the use of lower cost and potentially
more rugged interferometer designs. This strategy is lim-
ited, however, by the requirements of the Fourier trans-
form calculation used to convert the collected interfero-
gram data to spectra. Extremely short interferograms pro-
duce highly distorted, low-resolution spectra that are dif-
® cult to use for quantitative analyses.

Recent work in our laboratories has focused on the
development of methodology to overcome this limitation
of the Fourier transform. Building upon several studies
that demonstrated that quantitative information could be
extracted directly from interferogram data,1± 3 we recently
introduced a novel method for the direct quantitative
analysis of short interferogram segments.4 In this ap-
proach, the spectral selectivity normally obtained through
the use of the Fourier transform is provided by the ap-
plication of bandpass digital ® lters directly to the inter-
ferogram data. By tuning the ® lter bandpass to the mod-
ulated interferogram frequency associated with the ab-
sorption band of a target analyte and by selecting the
appropriate interferogram segment to use, one can di-
rectly isolate selective analyte information from the in-
terferogram segment. This procedure also eliminates the
need for a background interferogram or spectrum for use
in the data processing. In and of itself, eliminating the
need for a background measurement can provide signif-
icant bene® ts in many dedicated monitoring applications
such as environmental remote sensing in which it is ex-
tremely dif® cult to make a representative infrared back-
ground measurement without the analyte species present.

In our initial work, the successful use of a univariate
calibration approach with bandpass-® ltered interferogram
segments of benzene and nitrobenzene of varying con-
centrations in carbon disul® de was reported. These pre-
liminary studies were based on the analysis of a single
analyte in a sample matrix containing no overlapping
spectral bands due to the solvent or other interferences.
In this paper, the methodology is extended to a signi® -
cantly more challenging analysis, the determination of
physiological levels of glucose in an aqueous buffer ma-
trix. Here, the glucose spectral bands are weak and are
heavily overlapped with those of the strongly absorbing
aqueous matrix.

Due to this spectral overlap, digital ® ltering alone can-
not provide suf® cient selectivity to allow a univariate cal-
ibration procedure to be performed. In the work reported
here, this problem is successfully overcome through the
use of a multivariate calibration procedure based on par-
tial least-squares (PLS) regression.
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FIG. 1. Near infrared absorbance spectra for 11.0 mM glucose (solid
line) and a ® lter frequency response function centered on the glucose
absorption band at 4400 cm2 1 (dotted line). The FWHH of the frequency
response is 84.9 cm2 1.

EXPERIMENTAL

Apparatus and Reagents. The samples used in this
work consisted of aqueous glucose solutions in phosphate
buffer. A portion of this data set has been used in a pre-
vious study based on the analysis of absorbance spectra.5

The sample preparation and data collection will be brie¯ y
summarized here.

Thirty standard glucose solutions were prepared by di-
luting a stock glucose solution with a pH 7.3 phosphate
buffer. The solutions spanned the physiologically relevant
concentration range of 1.25± 19.19 mM. The stock solu-
tion was prepared by dissolving the appropriate amount
of dried reagent-grade glucose powder in the buffer,
which contained 0.1 M phosphate and 0.483 g/L 5-¯ uo-
rouracil. The 5-¯ uorouracil was added as a preservative.
All solutions were prepared with reagent-grade water ob-
tained by passing house-distilled water through a Milli-Q
three-stage water puri® cation system (Millipore, Inc.,
Bedford, MA).

Interferograms were collected with a Nicolet 740
FT-IR spectrometer equipped with a 150-W tungsten±
halogen source, CaF2 beamsplitter, and cryogenically
cooled InSb detector. The detected light was restricted to
the region of 5000± 4000 cm2 1 through the use of an op-
tical interference ® lter (Barr Associates, Westford, MA).
This region contains several glucose spectral bands and
has proven useful in previous work that employed ab-
sorbance spectra.5 Samples were contained in an Infrasil
quartz transmission cell with a pathlength of 1 mm. Sam-
ple temperatures were controlled through the use of a
water-jacketed cell holder and refrigerated temperature
bath.

Procedures. During the data collection, double-sided
interferograms with 16,384 points were collected on the
basis of 256 coadded scans. Points were sampled at every
zero-crossing of the HeNe reference laser, resulting in a
maximum spectral frequency of 15,798.57 cm2 1. In a pro-
cedure to obtain spectra for use in generating comparison
results to the interferogram-based analysis, these inter-
ferograms were triangularly apodized and Fourier trans-
formed to produce spectra with a point spacing of 1.9
cm2 1. Mertz phase correction was applied to the spectra
by use of a phase array based on 200 points on each side
of the interferogram centerburst. The Fourier processing
was performed with the data collection software resident
on the Nicolet 620 computer controlling the spectrometer.

The data collection spanned six days and was designed
for the study of how changes in sample temperature affect
the glucose spectra. The data for 24 of the glucose so-
lutions were collected at 37 8 C, while for ® ve solutions,
interferograms were collected at 32, 33, 35, 36, 37, 39,
and 41 8 C. For the last glucose solution, interferograms
were collected at 32, 33, 35, 37, 39, and 41 8 C. Two to
four replicate interferograms (each consisting of 256
coadded scans) were collected consecutively for each
combination of glucose solution and temperature. In ad-
dition, ® ve of the concentration/temperature combina-
tions were repeated on a different day. This produced a
total of 70 experiments [24 1 5 1 (5 3 7) 1 (1 3 6)]
and 206 interferograms. Interferograms corresponding to
a given sample temperature were collected as a group,
although, within the group, glucose solutions were run in

a random order with respect to concentration. The sample
temperatures were randomized with respect to time.

Throughout each day, interferograms of the pure phos-
phate buffer were collected, and the corresponding sin-
gle-beam spectra were computed for subsequent use in
the calculation of absorbance spectra of the glucose so-
lutions. All measurements of the buffer were performed
at 37 8 C. The same Fourier processing steps described
above were performed for these spectra. The glucose ab-
sorbance spectra computed with these background spectra
thus had temperature-induced artifacts for the 40 exper-
iments out of 70 in which the sample temperature was
not 37 8 C. These artifacts will be characterized further
below.

The collected interferograms and computed single-
beam spectra were transferred to a Silicon Graphics
4D/460 computer operating under Irix (Version 4.0.5, Sil-
icon Graphics, Mountain View, CA). The remaining cal-
culations reported here were performed on this computer
with software written in FORTRAN 77. Subroutines used
to perform Fourier transforms and multiple linear regres-
sion analysis were obtained from the IMSL library
(IMSL, Inc., Houston, TX).

RESULTS AND DISCUSSION

Characterization of Collected Data. The NIR spec-
trum of water is dominated by large absorption bands
with peak maxima at 6876, 5267, and 3800 cm2 1. For
the quantitative analysis of glucose to be possible, glu-
cose spectral bands that can be isolated from the strong
absorption bands of water must be identi® ed. The solid
line in Fig. 1 is an absorbance spectrum of a 11.0-mM
glucose solution. The spectrum was referenced to a phos-
phate buffer spectrum collected at approximately the
same time. The plotted spectral region of 4800± 4200
cm2 1 contains three glucose absorption bands centered at
4700, 4400, and 4300 cm2 1. The band at 4400 cm2 1 was
the selected target for this work because it is located near
the minimum between the water bands, which results in
relatively high optical throughput and a corresponding
maximum signal-to-noise ratio. There are also relatively
smaller baseline variations in the vicinity of the 4400-
cm2 1 glucose band, because the water absorbance spec-
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FIG. 2. Single-beam (A) and absorbance (B) spectra for a 17.98 mM
glucose solution collected at 33 (solid line), 35 (short dashed line), and
37 (long dashed line) 8 C. Three replicate spectra are plotted correspond-
ing to each temperature. Absorbance spectra were computed by use of
a background spectrum of phosphate buffer collected at 37 8 C.

FIG. 3. Single-beam (A) and absorbance (B) spectra of a 12.08 mM
glucose solution collected at 37 8 C on each of two different days. The
three replicate spectra collected on each day are indicated by the solid
(day 1) and short dashed lines (day 2). Absorbance spectra were com-
puted by use of background spectra of phosphate buffer collected at 37
8 C on the same day as the sample spectra.

trum is less sensitive to temperature variations in this
spectral region.5

Figure 2 illustrates the effect of temperature on the
glucose single-beam and absorbance spectra. Figure 2A
plots nine single-beam spectra of a solution of 17.98 mM
glucose. The spectra represent three groups of three rep-
licates and correspond to data collected at 33 (solid line),
35 (short dashed line), and 37 (long dashed line) 8 C. The
nine spectra are derived from the same data collection
session and therefore are consistent in terms of the source
energy reaching the sample. The single-beam intensity
decreases with increasing temperature due to the shift of
the water band centered at 3800 cm2 1 to higher frequency
with increasing temperature. This increases the water ab-
sorbance in the 4300± 4700-cm2 1 region, thereby decreas-
ing the light intensity reaching the detector. An inspection
of Fig. 2A also reveals that the effect is nonlinear. The
change in intensity between the spectra collected at 33
and 35 8 C is signi® cantly greater than the corresponding
change in the spectra collected at 35 and 37 8 C.

Figure 2B illustrates the effect of temperature mis-
matches on computed absorbance spectra. The same three
groups of three replicate spectra are plotted after conver-
sion to absorbance. The line types are the same as in Fig.
2A. Each single-beam spectrum was ratioed to a spectrum
of phosphate buffer collected at 37 8 C. The result of the
temperature mismatch between the glucose and buffer so-
lutions is a change in the tilt and offset of the spectral
baseline. The baseline change is most severe for the 33
8 C glucose sample (solid line) due to the 4 8 C mismatch
with the buffer. The baseline artifacts introduced are larg-
er in magnitude than the glucose absorption bands. The

glucose bands observed in Fig. 1 can barely be distin-
guished in Fig. 2B due to the baseline artifacts. This point
is particularly signi® cant given that the 17.98-mM glu-
cose spectra in Fig. 2 represent the upper end of the con-
centration range studied.

As described previously, some combinations of glu-
cose concentration and temperature were run on two sep-
arate days to evaluate the day-to-day reproducibility of
the data. Figure 3 is a plot analogous to Fig. 2 that com-
pares two groups of three replicate single-beam and ab-
sorbance spectra of a 12.08-mM glucose solution mea-
sured at 37 8 C. The replicate spectra from days 1 and 2
are plotted as solid and short dashed lines, respectively,
in Figs. 3A and 3B. The computation of the absorbance
spectra in Fig. 3B employed buffer spectra measured at
37 8 C and collected on the same day as each glucose
spectrum. Inspection of Figs. 3A and 3B reveals that,
even under the same temperature conditions, there is sig-
ni® cant day-to-day variability in the data.

Assembly of Data Sets. Except for the one constraint
noted below, the interferograms and absorbance spectra
were randomly partitioned into calibration and prediction
sets. This procedure was performed by de® ning a `̀ sam-
ple’ ’ as a combination of glucose concentration, temper-
ature, and day of data collection. As described previously,
there were 70 samples that met these criteria. The tem-
perature effects observed in Fig. 2 justify the use of tem-
perature as a variable in de® ning the independent samples
for use in calibration and prediction. While signi® cant
day-to-day variability in the spectra was observed in Fig.
3, it was decided not to split samples with the same glu-
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cose concentration and temperature between the calibra-
tion and prediction sets. The 10 samples (i.e., the ® ve
samples from each of two days) that duplicated glucose
concentrations and temperatures were all placed in the
calibration set.

Of the 70 samples, 58 (83%) were assigned to the cal-
ibration set and the remaining 12 set aside as the predic-
tion set. The calibration set was further randomly parti-
tioned into a calibration subset and a monitoring set.
Twelve samples (21% of the main calibration set) com-
prised the monitoring set. The replicate interferograms
and spectra corresponding to each of the samples were
carried along into the respective data sets. This step pro-
duced 135, 36, and 35 interferograms and spectra in the
calibration subset, monitoring set, and prediction set, re-
spectively. The interferogram and spectral data sets were
identical in terms of which samples were assigned to the
calibration, monitoring, and prediction sets.

The calibration subset was used for model building
during the optimization of the various experimental vari-
ables involved, and the predictive capability of the com-
puted models was assessed with the use of the monitoring
set. Once the best combination of these variables had
been established, the main calibration set (i.e., calibration
subset 1 monitoring set) was used together with these
optimal parameters to build the ® nal model, which was
evaluated with the use of the prediction set. This proce-
dure allowed the predictive ability of the models to be
assessed during the model optimization while still retain-
ing some samples to serve as a ® nal independent test set.
In order to con® rm the results generated through this
`̀ calibration-prediction’ ’ approach, a leave-one-out cross-
validation was also performed by using the already de-
termined optimal model parameters. In this procedure,
the replicate interferograms or spectra of each sample
were withheld in turn, a calibration model was construct-
ed with the remaining data, and the concentrations of the
withheld spectra or interferograms were predicted with
the use of the computed model. By withholding the data
from each sample in turn, an overall pooled estimate of
the prediction errors was obtained.

Interferogram-Based Analysis. Digital Filtering. The
interferogram-based quantitative analysis proposed con-
sists of two steps that require the optimization of param-
eters. First is the application of digital ® lters directly to
speci® c short segments of FT-IR interferograms collected
with the analyte of interest in the optical path of the spec-
trometer. The digital ® lter will remove or suppress from
the ® ltered interferogram the spectral information outside
of the frequency region de® ned by the ® lter bandpass.
Two procedures can be used for ® ltering an interfero-
gram: Fourier ® ltering and time-domain digital ® ltering.
In Fourier ® ltering, the fast Fourier transform (FFT) is
applied to the raw interferogram to yield a single-beam
spectrum with the analyte features superimposed on a
large detector response background. The target analyte
feature (e.g., the glucose band centered at 4400 cm2 1) is
then isolated from the background by multiplication of
the single-beam spectrum with a Gaussian-shaped func-
tion that is centered on the band of interest. The Gaussian
function is termed the `̀ frequency response function’ ’ of
a digital ® lter. This multiplication truncates the back-
ground response to coincide with the frequency response

function. On inverse Fourier transforming this ® ltered
spectrum, one obtains a ® ltered interferogram. The dotted
line in Fig. 1 depicts an example frequency response
function centered on the glucose absorption band at 4400
cm2 1. The frequency response function is de® ned by its
center position and full width at half-height (FWHH).

In the context of digital ® ltering, the Gaussian curve
de® nes a passband of frequencies that the ® lter will pass.
Those frequencies outside of the Gaussian curve de® ne
two stopbands of frequencies (i.e., one band on either
side of the curve) that will be attenuated by the ® lter. The
® lter was applied to the single-beam spectrum by the
multiplication of the spectrum and the frequency re-
sponse function.

In the interferogram or time domain, the raw interfer-
ogram is ® ltered by convolving it with the time-domain
representation of the frequency response function. As ex-
pressed by the convolution theorem of the Fourier trans-
form, this time-domain function is the Fourier transform
pair of the frequency response function. If the interfero-
gram is considered to be a summation of cosine wave-
forms, the action of ® ltering the interferogram is simply
to suppress the amplitude of those cosinusoids whose fre-
quencies lie outside the passband of the ® lter. The true
convolution result is an in® nite summation and therefore
must be approximated in a practical implementation.6,7

The approximation technique used in this work was de-
signed in our laboratory speci® cally for use with inter-
ferogram data.8

The work described in this paper addresses the feasi-
bility of coupling digital ® ltering and PLS regression for
developing quantitative calibration models from the ® l-
tered interferogram data of glucose samples. Results from
the use of both Fourier ® lters and time-domain ® lters will
be compared.

Motivation for Multivariate Calibration. The second
step in the interferogram-based analysis is the use of the
® ltered interferogram segment to construct a calibration
model that allows analyte concentrations to be predicted.
The feasibility of performing quantitative analysis of
bandpass-® ltered FT-IR interferograms has been dem-
onstrated in our initial feasibility study.4 In that work, the
presence of a region in the ® ltered interferogram appar-
ently related to the magnitude of the spectral absorption
band was established and rationalized. Information di-
rectly related to the ® ltered analyte band was found to be
located past a marker in the interferogram termed the
`̀ node point’ ’ . The node arises as a result of the destruc-
tive interference between the positive-going Gaussianfre-
quency response function and the negative-going absorp-
tion band superimposed on it. The location of the node,
relative to the interferogram centerburst, was found to be
dependent on the widths of both the analyte band and the
frequency response function. Wider functions were ob-
served to shift the node closer to the centerburst. To the
right of the node, the interferogram magnitude increased
with increasing magnitude of the analyte spectral band,
while to the left of the node, an inverse relationship ex-
isted between interferogram and spectral band magni-
tudes.

By making several key assumptions, we derived the
approximate mathematical relationship between the in-
tensity of the ® ltered interferogram past the node and
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FIG. 4. Segments of ® ltered interferograms. Interferogram segments
A ± C correspond to aqueous glucose standards of concentration 17.98
(A), 7.83 (B), and 1.25 mM (C) collected at 37 8 C, after ® ltering with
a Gaussian frequency response function centered at 4397.1 cm2 1 and
with an FWHH of 84.9 cm2 1. The characteristic node points in the
interferogram are denoted by the arrows. Note the movement of the
node toward the centerburst with increasing concentration and the cor-
responding increase in interferogram amplitude after the node.

concentration.4 One of these assumptions was that only a
single analyte band was isolated by the bandpass ® lter.
In our initial study, this assumption held because the car-
bon disul® de solvent had negligible absorbance within
the passbands of the ® lters used to isolate the targeted
benzene or nitrobenzene bands. This factor led to the suc-
cessful use of a univariate calibration model on the basis
of the magnitude of a segment of the interferogram lo-
cated past the node.

However, if other analyte bands or bands from other
constituents in the sample matrix fall within the passband,
their interferogram representations will add to the inter-
ferogram signature of the targeted analyte band. The ® l-
tered interferogram will then possess a more complex
structure, and the simple univariate linear relationship be-
tween interferogram segment magnitude and concentra-
tion used in our previous work will no longer hold.

Figure 4 plots points 550± 800 (relative to the center-
burst) of the ® ltered interferograms corresponding to glu-
cose solutions of concentration 17.98 (A), 7.83 (B), and
1.25 mM (C) collected at 37 8 C. To obtain these inter-
ferograms, we used Fourier ® ltering with the frequency
response function depicted by the dotted line in Fig. 1.
The arrows in Fig. 4 point to the location of the node.
As expected, the node position moves away from the cen-
terburst as the glucose concentration is reduced. This re-
sponse is due to the narrowing of the glucose spectral
band as its intensity is reduced. The node point is no
longer as distinct as observed previously in correspond-
ing plots of ® ltered benzene or nitrobenzene interfero-
grams.4 This result is attributed to the contribution of the
overlapping water absorption signature that has been
passed by the ® lter. In this case, the ® ltering procedure
cannot totally isolate the glucose signature. However, it
is evident that the amplitude of the signal after the node
does increase with glucose concentration.

PLS Regression. The principal goal of this work was
to evaluate PLS regression9± 11 for its utility in building
multivariate calibration models on the basis of bandpass-
® ltered interferograms, thereby helping to overcome the
problem of overlapping signals in the interferogram seg-
ment. Given the intensities of the p points in each ® ltered
interferogram segment and the corresponding known glu-
cose concentrations for the nc interferograms in the cali-
bration set, the PLS algorithm decomposes the mean-cen-
tered interferogram data matrix into a set of h underlying
factors that model the covariance between the interfero-
gram and concentration information. The value of h rep-
resents a parameter to be optimized.

The computed factors are linear combinations of the
input interferogram intensities and serve to extract infor-
mation from the interferogram that is relevant in mod-
eling the variation in glucose concentration. As illustrated
in Fig. 4, the ® ltered interferogram takes the form of a
damping cosine wave. Since there is an underlying func-
tional relationship between the points on this waveform,
there is signi® cant correlation among the columns of the
nc 3 p interferogram data matrix. Thus, there is some
redundancy of information in the data matrix. For this rea-
son, the optimal value of h is typically much less than p.

Optimization Experiments. In addition to ® nding the
optimal value of h, other experimental parameters that
need to be optimized are the position and width of the

® lter passband and the interferogram segment location
and length. Since the sample matrix used here involves
two absorbing species, it was instructive to adjust the
® lter position to locations away from the center of the
analyte band. Experiments directed to the optimization of
these parameters were ® rst implemented by using Fourier
® ltering, then repeated with time-domain ® ltering.
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FIG. 5. Standard error of monitoring vs. interferogram starting point
for calibration models generated with 300-point ® ltered interferogram
segments. The Fourier ® lter used was centered at 4406.7 cm2 1 and had
an FWHH of 72.7 cm2 1. Results are presented for models generated
with one (solid line), two (dotted line), three (dot-dash line), four (short
dashed line), ® ve (long dashed line), and six (dot-dot-dot-dashed line)
PLS factors.

FIG. 6. Estimated vs. actual glucose concentrations for the optimal
calibration model based on Fourier-® ltered interferogram segments. (A)
Samples in the calibration and prediction sets are indicated by open
circles and closed triangles, respectively. (B) Cross-validated estimated
concentrations are plotted against actual concentrations.

The optimization step took the form of a series of fac-
torial experimental designs in which discrete levels of
interferogram segment length, segment starting point, and
number of PLS factors (h) were speci® ed, and all com-
binations of these levels were investigated for a series of
® lter positions and widths. Segment lengths of 50, 100,
150, 200, 250, 300, and 500 points were studied. The
starting points of the interferogram segments tested were
shifted in steps of 100 points, starting from point 1 and
ending at point 1000, relative to the centerburst. In pre-
vious work, points beyond 1000 were observed to add
little useful information.4 The number of PLS factors
used was varied from 1 to 6. The ® lters investigated were
centered at the following positions: 4387.4, 4397.1,
4400.9, 4404.8, 4406.7, 4408.6, and 4412.5 cm2 1. The
FWHH values tested were 63.6, 68.1, 72.7, 77.2, 81.8,
86.3, and 90.8 cm2 1. A bisection procedure was used to
select the optimal values for ® lter position and width.
Three pairs of position and width values were studied
® rst, and the best results from the factorial designs were
used to bracket the optimal range for each ® lter param-
eter. The bracketed ranges were then split in half, and the
investigation was repeated. This process continued until
the results converged.

During the optimization experiments, the current pa-
rameters being evaluated were applied to construct a
model from the interferograms comprising the calibration
subset. The glucose concentrations corresponding to in-
terferograms in the monitoring set were then predicted by
use of the computed model. The statistic used to assess
the predictive ability was the standard error of monitoring
(SEM), de® ned as

nm

2[c 2 cÃ ]O m,i m,iSEM 5 , (1)i 5 1! nm

where nm is the number of interferograms in the moni-
toring set, cm,i is the actual glucose concentration asso-
ciated with the ith interferogram in the monitoring set,

and cÃ m,i is the corresponding glucose concentration pre-
dicted by the model.

Figure 5 displays a plot of SEM vs. interferogramstart-
ing point for segments that were 300 points in length.
The optimal ® lter speci® cations consisting of a center po-
sition of 4406.7 cm2 1 and FWHH value of 72.7 cm2 1

were used. From this plot, it is clear that the optimal
segment consists of points 501± 800, coupled with a
three-factor PLS calibration model.

Given these optimized parameters, the calibration sub-
set and monitoring set were combined, and a new model
was generated. This model was characterized by com-
puting the standard error of calibration (SEC), and the
model was subsequently applied to estimate the concen-
trations corresponding to the interferograms in the pre-
diction set. The standard error of prediction (SEP) was
used to assess the predictive ability of the model. The
computations of SEC and SEP are analogous to that of
SEM, with the exception that the degrees of freedom for
the SEC calculation are adjusted for the model size.

Figure 6 shows two correlation plots corresponding to
the best results generated from the two calibration ap-
proaches: (A) calibration-prediction mode and (B) leave-
one-out cross-validation. The calibration samples (i.e.,
calibration subset 1 monitoring set) are indicated in Fig.
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TABLE I. Comparison of Fourier and time-domain ® ltering tech-
niques.

Filtering technique

Interfero-
gram

segmenta

PLS
factors SEC(mM) SEP(mM)

(a) Fourier

Calibration-prediction
Cross-validation

501± 800
501± 800

3
3

0.3887
0.4517

0.6998
0.4646

(b) Time-domain

Calibration-prediction
Cross-validation

601± 850
601± 850

3
3

0.3311
0.4031

0.6950
0.4258

a Relative to interferogram centerburst.

6A by open circles, while prediction set samples are in-
dicated by closed triangles. The experimental variables
used were a Fourier ® lter centered at 4406.7 cm2 1 and
with an FWHH of 72.7 cm2 1, a 300-point interferogram
segment located between points 501 and 800, and a mod-
el based on three PLS factors. The calibration-prediction
mode yielded a model with an SEC of 0.3887 mM and
SEP of 0.6998 mM. Similar results were obtained with
leave-one-out cross-validation: a pooled SEC of 0.4517
mM and a pooled cross-validated SEP of 0.4646 mM.
Both plots show two outlier points corresponding to the
third replicate of the glucose standards at concentrations
of 14.09 and 17.15 mM. The presence of one of these
outliers in the prediction set is the principal cause of the
SEP value exceeding the value of SEC.

Time-Domain Filtering. As noted above, the interfer-
ogram ® ltering process can also be achieved in the time-
domain. This is the preferred ultimate implementation, as
the FFT is not required, and the entire procedure can be
based on a short interferogram segment.

As noted previously, the practical implementation of
digital ® lters in the time domain requires an approxima-
tion to the convolution sum. Having established the po-
sition of the ® lter using the Fourier ® ltering approach, we
varied the width of the passband, since the actual FWHH
achieved by the time-domain ® lter approximation is typ-
ically wider than the target width speci® ed in the ® lter
design step. A further rami® cation of the time-domain
® lter approximation is that, as attempts are made to
achieve a very narrow passband, the attenuation in the
stopbands tends to degrade. Given the maximum spectral
frequency of 15798.57 cm2 1, the previously optimized
passband FWHH of 72.7 cm2 1 represents less than 0.5%
of the total spectral bandwidth. This is an extremely nar-
row ® lter speci® cation. If the price of achieving a narrow
passband is too much loss of attenuation in the stopbands,
the ® lter will be effectively useless, as it will not do a
good job of isolating the passband frequencies.

Twenty time-domain ® lters were generated, all cen-
tered at 4406.7 cm2 1, but with varying FWHH. The in-
terferogram segments studied included segment sizes of
100, 200, 250, 300, 400, and 500 points starting from
points 301 to 1000. This is the region that was found to
contain information that correlated with glucose concen-
tration when analyzing the Fourier-® ltered data. The size
of the calibration models was varied from 1 to 6 PLS
terms. The best results were obtained with the following
combination of the experimental parameters: ® lter cen-
tered at 4406.7 cm2 1, actual FWHH of 145 cm2 1, a 250-
point interferogram segment located between points 601
and 850, and a calibration model based on three PLS
factors.

This model was evaluated with both the calibration-
prediction and leave-one-out cross-validation procedures.
In the calibration-prediction evaluation, an SEC value of
0.3311 mM and an SEP value of 0.6950 mM were ob-
tained. The results of cross-validation were a pooled SEC
value of 0.4031 mM and a cross-validated SEP value of
0.4258 mM. Correlation plots in both cases were virtually
identical to those displayed in Fig. 6. The two outlier
points mentioned previously were also evident.

Table I is a summary of the results from both ® ltering
techniques and the two model evaluation procedures. As

expected, the cross-validation approach gives slightly
better prediction errors than the calibration-prediction
mode because of the availability of more data for use in
generating the calibration model. The cross-validation
procedure uses all the samples in the construction of the
model except the one set aside for prediction, and there-
fore the models tend to encode more data variation than
the models computed from fewer samples in the calibra-
tion-prediction approach.

Spectral-Based Analysis. Given the success of the in-
terferogram-based analysis described above, the question
arises as to how the calibration and prediction results
compare with those obtained in a conventional analysis
of absorbance spectra. Previous work with a different
subset of the spectral data resulted in the identi® cation of
four spectral ranges that appeared useful in constructing
PLS-based calibration models.5 These were 4850± 4220,
4811± 4457, 4457± 4354, and 4354± 4227 cm2 1. The ® rst
range includes the three glucose bands shown in Fig. 1,
while the next three ranges address the speci® c glucose
bands individually. As noted previously, the spectral
analysis used the same assignment of samples to the cal-
ibration, monitoring, and prediction sets as was used in
the analysis of the interferogram data. The calibration
models were evaluated on the basis of the calibration-
prediction approach.

Prior to submission to PLS regression, the absorbance
spectra were Fourier ® ltered to remove noise and baseline
variation. A previously designed grid-search protocol was
used to optimize the bandpass position and width of a
Gaussian-shaped ® lter.12 The mean and standard deviation
of the Gaussian frequency response function (i.e., the
center position and width of the ® lter passband) were
both varied from 0.001 to 0.1 f in increments of 0.002 f,
giving a total of 2500 evaluations for each of the PLS
factors studied. The bandpass position and width values
are expressed in digital frequency units ( f), where 0.5 f
is the maximum harmonic frequency of the data. Cali-
bration models based on 1± 15 PLS terms were assessed
for each of the four spectral ranges. For each model size
(i.e., number of PLS factors), the ® lter parameters that
produced the best SEC and SEM values were selected as
optimal. Therefore, 15 optimal ® lters were realized for
each of the four spectral ranges.

In order to select the number of signi® cant PLS factors
necessary to account for most of the variation in the data,
an F-test was performed on the SEM values for each
model as described by Haaland and Thomas.13 The con-
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TABLE II. Results of spectral-based analysis.

Spectral range (cm2 1) PLS factors SEC (mM) SEP (mM)

4354± 4227
4457± 4354
4811± 4457
4850± 4220

2
1
1
3

0.4093
0.2561
0.4987
0.2396

0.7976
0.6486
0.7837
0.6115

® dence level selected for this work was 99.9% (i.e., a 5
0.001).

As in the interferogram-based analysis, once the opti-
mal parameters were established, the calibration subset
and monitoring set were combined to form the main cal-
ibration set with which the ® nal calibration model was
built. The predictive capability of this model was then
tested with the use of the prediction set. The best results
for each of the four spectral ranges are summarized in
Table II. For all four spectral ranges, the best ® lter was
centered at 0.023 f and had a width speci® cation of
0.003 f.

Comparison of Spectral and Interferogram-Based
Analyses. Tables I and II can be used to compare the
results from the spectral- and interferogram-based anal-
yses. The best results from the spectral analysis are
slightly better in terms of the SEC and SEP statistics.
The same outlying observations are observed in both
cases. While the best interferogram-based and spectral-
based calibration models both required three PLS factors,
a similarly performing spectral-based model required
only one factor. A reduced number of factors was pos-
sible in the spectral analysis since it was based on the
use of absorbance spectra in which the aqueous back-
ground was largely removed by ratioing to a buffer spec-
trum. The baseline artifacts induced by the temperature
mismatches between the sample and background spectra
did not adversely affect the analysis due to the use of the
Fourier-® ltering preprocessing step. The use of absor-
bance spectra to construct the calibration models provid-
ed additional selectivity to the analysis that was not avail-
able in the interferogram-based processing. This factor,
coupled with the occurrence of the interferogram node
point shifting with glucose concentration, serves to ex-
plain the additional model terms required in the interfer-
ogram-based analysis. It should be emphasized, however,
that an advantage of the interferogram-based approach is

that a viable calibration model can be developed without
the need for a background measurement.

CONCLUSION

The feasibility of performing quantitative analysis
based on short segments of bandpass ® ltered interfero-
grams has been demonstrated. The combination of digital
® ltering and PLS regression was observed to provide suf-
® cient spectral selectivity to allow viable calibration
models to be generated for an application in which ® l-
tering alone could not prevent the presence of overlap-
ping compound signatures in the interferogram segment.

The successful use of time-domain ® ltering allowed
the analysis to be based entirely on a short segment of
the interferogram, thereby making possible the collection
and use of `̀ low-resolution’ ’ interferograms. This factor,
coupled with the removal of the requirement for a back-
ground spectral measurement, may provide signi® cant
bene® ts to the use of FT-IR spectroscopy in nonlabora-
tory monitoring applications.
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