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Partial least squares calibration models are compared for
the measurement of glucose, lactate, urea, ascorbate,
triacetin, and alanine in aqueous solutions from single-
beam spectra collected over the first overtone (6500—
5500 cm™1) and the combination (5000—4000 cm™1)
regions of the near-infrared spectrum. Spectra are col-
lected under two sets of conditions with one designed for
combination spectra and the other designed for first
overtone spectra. As part of the optimization of conditions,
an exponential function is presented that accurately
characterizes the strong dependency between spectral
quality and sample thickness. Sample thickness set for
the first overtone and combination spectra are 7.5 and
1.5 mm, respectively. Independent calibration models are
established for each solute from both combination and
first overtone spectra. Direct comparison reveals superior
performance by models generated from combination
spectra, particularly for glucose and urea. Standard error
of prediction (SEP) values are 1.12 and 0.45 mM for
glucose models generated from first overtone and com-
bination spectra, respectively. SEP values for urea are
7.33 and 0.10 mM for first overtone and combination
spectra, respectively. Such high SEP values for urea with
first overtone spectra correspond to an inability to quantify
urea from these spectra because of a lack urea-specific
molecular absorption features in this spectral region. Net
analyte signal (NAS) is used to quantify the degree of
selectivity provided within the first overtone and combina-
tion spectral regions. The superior selectivity of combina-
tion spectra is confirmed by comparing the length of the
NAS vectors for each matrix component.

Near-infrared spectroscopy is widely used for analytical mea-
surements in complex matrixes.> ¢ A key feature of this methodol-
ogy is the ability to extract quantitative information for numerous
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substances from a single near-infrared spectrum. In addition, near-
infrared spectroscopic analyses are nondestructive, simple, fast,
and require no sample pretreatment, which makes this technology
ideally suited for on line process monitoring and quality control.

Biological and clinical applications of near-infrared spectros-
copy frequently involve measurements in samples composed
primarily of water. An important special case is the measurement
of glucose in complex biological matrixes.” Even in matrixes as
complex as whole blood, water is the single most important
component that defines the fundamental analytical performance.
Measurements in agueous samples are complicated by the strong
near-infrared absorption properties of water,®9 which accentuate
the impact of sample thickness,™° instrumental signal-to-noise ratio,
and spectral range.

Figure 1 presents the near-infrared transmission spectrum for
a 1.5-mm thick sample of water maintained at 37 °C. As illustrated
in this figure, three windows of transmission are available between
the dominating water absorption bands centered at approximately
6900, 5200, and 3800 cm~1.1%12 These windows correspond to the
combination (4800—4200 cm™1), first overtone (6700—5400 cm™1),
and the short wavelength near-infrared (12 000—7100 cm™)
spectral regions. Absorption features in the combination region
correspond to the combination of bending and stretching vibra-
tions associated with C—H, O—H, and N—H bonds. Absorptions
in the first overtone region correspond to the first overtone of
C—H bending vibrations and higher order combinations and
overtones associated with C—H, N—H, and O—H bonds are found
in the short wavelength region.”
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Figure 1. Near-infrared transmission spectrum of water relative to
air collected with an optical path length of 1.5 mm.

Relative transmittance differs greatly for these three transmis-
sion windows. As illustrated in Figure 1, the highest transmit-
tances are in the short wavelength region with lower values in
the first overtone region and still lower transmittance levels in
the combination region. Low molecular absorptivities in the short
wavelength region result in high optical throughput. This high
throughput is critical for the success of pulse-oximetry and related
oxygen measurements, which are based on the electronic spectra
of oxy- and deoxyhemoglobin.’3-15 Despite some reported suc-
cess,'® analytical measurements are severely limited in the short
wavelength region because of low absorptivities for molecular
vibrations. For this reason, the first overtone and combination
regions are principally available for measurements in complex
biological matrixes.

Figure 1 indicates that the peak transmittance is approximately
5-fold higher for the first overtone region compared to the
combination region. This 5-fold increase in optical throughput
allows for thicker samples, which increases the optical path length
and, according to the Beer—Lambert law, enhances sensitivity of
the measured absorbance signal. On the other hand, molecular
absorptivities are lower in the first overtone spectral region
compared to the combination region, thereby offsetting this
enhancement.

From a practical standpoint, the difference in transmittance
between the first overtone and combination spectral regions
makes it difficult to collect optimum spectra in both regions
simultaneously. Longer sample thickness is necessary to achieve
optimum signal-to-noise for first overtone spectra compared to
combination spectra. Typically, sample thickness is 5 to 10 mm
for the first overtone region, which is too thick for quality
combination spectra. Conversely, sample thicknesses of 0.5 to 2
mm are commonly used for the collection of combination spectra,
which is too thin for high-quality first overtone spectra. Indeed,
Hazen et al. demonstrated that a sample thickness of 2 mm is
insufficient for measuring glucose in simple buffer solutions.'’
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Given this mismatch in sample thickness, the use of a single
sample thickness is not possible for collecting high signal-to-noise
ratio spectra for each spectral region simultaneously. A funda-
mental question is which of these two spectral regions provides
superior analytical results for the measurement of these analytes.

This report focuses on the fundamental selectivity properties
of near-infrared spectroscopy over the first overtone and combina-
tion spectral regions. Calibration models are generated from
separately optimized first overtone and combination spectra.
Partial least squares (PLS) calibration models are generated from
a set of sample solutions composed of different concentrations of
glucose, lactate, alanine, urea, ascorbate, and triacetin. Individual
calibration models are generated for each solute over each spectral
region. Results indicate that combination spectra provide greater
chemical distinction, thereby resulting in superior calibration
models.

EXPERIMENTAL SECTION
Instrumentation and Apparatus. Spectra were collected with

a Nicolet 670 Nexus Fourier transform infrared spectrometer. The
spectrometer was equipped with a 20-watt tungsten—halogen light
source, a calcium fluoride beam-splitter, and a cryogenically cooled
InSh detector. When collecting combination spectra, a K-band
interference filter (5000—4000 cm™, Barr and Associates, Inc.)
was positioned before the sample. Similarly, an H-band interfer-
ence filter (6500—5500 cm™1, Barr and Associates, Inc.) was used
to restrict light to the first overtone region. Samples were placed
in a water-jacketed thermostated sample cell equipped with
sapphire windows. Sample temperature was maintained at 37.0
+ 0.1 °C using a VWR circulating water bath. A copper—
constantan thermocouple probe (Omega, Inc., Stamford, CT) was
used to monitor the sample temperature while collecting spectra.
The optical path length was 1.5 mm and 7.5 mm in the combina-
tion and first overtone spectral regions, respectively. These values
match those used in previously reported work and represent a
reasonable compromise between magnitude of the absorbance
signal and spectral noise.}”-? Path lengths were set with Teflon
spacers between sapphire windows.

Reagents. Glucose, sodium lactate, sodium ascorbate, and
alanine were obtained from Aldrich Chemical Co., Inc. Urea and
triacetin were purchased from Sigma Chemical Co. Phosphate
buffer solution was prepared by dissolving 3.4023 g of potassium
dihydrogen phosphate and 3.5495 g of sodium monohydrogen
phosphate into 1 L of distilled water. In addition, 0.2 g/L
5-fluorouracil was added as an antimicrobial agent. The pH of the
final solution was 6.86 at 25 °C.

Procedures. Eighty unique sample solutions were prepared
by carefully weighing masses of standard material and dissolving
in known volumes of buffer. Error propagation indicates a relative
concentration uncertainty of 0.2% for these solutions, which
corresponds to a maximum uncertainty of 0.07 mM. This level of
uncertainty ultimately limits the analytical performance of all PLS
calibration models. Solutions were prepared shortly before use
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Table 1. Correlation Coefficients between Component
Concentrations

lactate urea ascorbate  alanine  triacetin

glucose 0.0065  0.0047 0.0002 0.0167 0.0085

lactate 0.0177 0.0119 0.0008 0.0002
urea 0.0024 0.0067 0.0001
ascorbate 0.0031 0.0326
alanine 0.0001

by dissolving the desired amount of each component directly into
the phosphate buffer. Solution pH was monitored during prepara-
tion and the maximum change in pH was less than 0.05. No
adjustments were made to correct for these minor pH changes.
Prior to collecting spectra, the sample of interest was placed in
the thermostated cell located within the instrument. A 5-min
incubation period was imposed to allow the solution to thermally
equilibrate at the targeted temperature.

Triplicate spectra were collected consecutively without remov-
ing the sample from the spectrometer. These repeated spectra
were used to compute 100% lines from which RMS noise values
were obtained to characterize spectral quality. Spectra were
collected as 256 coadded double-sided interferograms that were
subsequently converted to single-beam spectra with a 1.9 cm™?
point spacing. Interferograms were triangularly apodized with
Mertz phase correction. Zero-filling was not used, which resulted
in a spectral resolution of 4 cm~L. In total, 240 single-beam spectra
were collected in each spectral region. Neither the spectral
resolution nor the apodization function was optimized for this
experiment. In previous work, measurement performance was
relatively insensitive to spectral resolution.? Little is reported on
the impact of the apodization function on analytical performance
of multivariate calibration models originating from near-infrared
spectra. Although the exact nature of the apodization function is
known to affect band shapes, particularly for mid-infrared and
Raman spectra,? the effect of the apodization function is minimal
on the performance of multivariate calibration functions, such as
partial least squares, when applied to mid-infrared spectra.*

PLS calibration models were built on the basis of single-beam
spectra. A previously described procedure was used to optimize
calibration models in terms of spectral range and number of latent
variables.? Briefly, the 80 samples were randomly divided into a
calibration data set with 195 spectra (65 samples) and an
independent prediction data set with 45 spectra (15 samples). The
calibration data set was then randomly divided into a training data
set with 150 spectra (50 samples) and a monitoring data set with
45 spectra (15 samples). The division of the training and monitor-
ing data sets was done three times. For each rearrangement of
training and monitoring data sets, one optimized calibration model
was generated based on standard error of training (SET) and
standard error of monitoring (SEM). The optimum calibration
model was determined from the results of the three rearrange-
ments of the calibration data set. A modified grid search was used
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to identify the best spectral range, and a minimum SEM with the
fewest number of significant factors was used to identify model
rank. The resulting calibration model was validated by predicting
concentrations from spectra in the independent prediction data
set. Model performance was evaluated by the standard error of
calibration (SEC), standard error of prediction (SEP), and mean
percent error (MPE), according to the following equations:

EC(SET) = (C.— G’ 1
SEC(SET) = g — 1)
(Ca - Cp)2
SEP(SEM) = )
np
C,—C,/C
MPE = (G, — Gl/CJ) x 100% (3)

p

where n; and n, correspond to the number of spectra in the
calibration (training) and prediction (monitoring) data sets,
respectively, f is the number of latent variables or PLS factors,
and C, and C, represent the reference and predicted concentra-
tions of analyte, respectively. All statistical testing of significance
used the standard t-test at the 95% confidence level.

RESULTS AND DISCUSSION
Analyte Concentration Covariance. Concentration of each

component was randomly assigned in order to minimize concen-
tration covariance between components. Covariance between
components must be minimized to avoid the use of nonanalyte
spectral information in the PLS calibration model.?¢ Correlation
coefficients are listed in Table 1 for the resulting concentration
correlations between every two components in the six-component
mixtures. These correlation coefficients indicate no significant
covariance at the 95% confidence level between any two compo-
nents in this experiment.

Comparison of Spectral Features. Individual absorbance
spectra are presented in Figure 2 for each solute. Each spectrum
was collected from a standard solution of the indicated solute
dissolved in the aqueous buffer solution. The resulting spectral
features correspond to a combination of solute absorptivity and
solvent (water) displacement.?’” Overtone spectra are presented
in Figure 2A, and combination spectra are plotted in Figure 2B.
Several critical features are highlighted by these spectra. First,
the absorbance magnitude is small for all absorption bands. Small
absorptivities are characteristic of these vibrational transitions,
which demands high signal-to-noise ratios for millimolar limits of
detection. Second, the spectral features are highly overlapping in
nature. This high degree of overlap is characteristic of both
combination and overtone vibrational spectra. Selective measure-
ments from such complex overlapping structures demand multi-
variate calibration techniques. The third feature of interest
highlighted within this figure is the uniqueness of the individual
spectra. Although highly overlapping, each spectrum is different,
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Figure 2. Absorbance spectra of glucose, lactate, alanine, ascor-
bate, triacetin, and urea over the first overtone (A) and combination
(B) spectral regions. Spectra were collected using 100 mM solutions
of each components and blank buffer as the reference material.

which is the fundamental molecular basis of selectivity for near-
infrared measurements.

Differences in the first overtone and combination spectra are
apparent by comparing the spectra in parts A and B of Figure 2.
As noted above, the absorption bands are highly overlapping in
both cases. The first overtone absorbance spectra are somewhat
less complicated, however. Absorption features corresponding to
N—H and O—H bonds are not present within the first overtone
spectral region. Both N—H and O—H overtones are located under
the nearby water absorption band and are not observable within
the available first overtone wavelengths. The reduction of com-
plexity is exemplified by the spectrum of urea, where the absence
of C—H bonds within the urea molecule results in no significant
absorption features in the first overtone spectral region. In fact,
the first overtone absorption bands for the urea N—H stretches
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are located around 6800 cm~.28 On the other hand, characteristic
absorption bands are clearly evident for urea in the combination
spectrum in Figure 2B. Two features are apparent for urea, which
correspond to the combination of the symmetric and asymmetric
stretching vibrations coupled with the bending vibration mode.

The first overtone and combination spectra also differ in terms
of the magnitude and shape of the absorption bands. As noted
above, absorptivities are larger for combination features. In fact,
absorptivities are generally 4- to 5-fold higher for combination
spectra.?’ The impact of higher absorptivities is diminished
because sample thickness is restricted for agqueous samples.
Differences in band shape are also apparent in a comparison of
parts A and B of Figure 2. Absorption bands in the combination
spectral region are narrower and sharper, particularly at the lower
wavenumbers (4200—4500 cm™1), which correspond to different
C—H bonding environments.

Critical differences in these spectral regions can be quantified
on the basis of the net analyte signal (NAS) for each solute. NAS,
as defined by Lorber,? is the portion of the solute spectrum that
is orthogonal to all other sources of spectral variance in the data
matrix. The NAS is easily calculated by the following equation:

ag* = (1 — AA DA, %)

where ag represents the pure component spectrum of glucose,
ag* represents the NAS for glucose in the six-component mixture,
and | represents the identity matrix that has the same dimension
as AgAg*. Ay represents the matrix of spectra for all the
components in the mixture except glucose. The spectral variation
caused by fluctuation of instrumental and environmental condi-
tions is also included in the A matrix. Ay" represents the Moore—
Penrose pseudo inverse of Ag.¥ The matrix (I — AgAg") is a
projection matrix that projects aq onto the null space of the row
s of Ay, which is the orthogonal complement of the column space
of Aq. The reasoning for this definition stems from the properties
of solving a set of linear equations because the part of the
spectrum that is not orthogonal to the other components can be
represented as a linear combination of the spectral features of
the others.

From the standpoint of a multivariate spectral analysis, such
as principal components regression or partial least squares (PLS)
regression, selectivity corresponds to differences in spectral shape,
or differences in the direction of the corresponding spectral
vectors. Likewise, NAS indicates the degree of uniqueness of the
analyte spectrum in a highly overlapping system. The length of
the NAS vector per unit concentration and unit path length
represents the degree of difference between the analyte and all
other sources of spectral variance. NAS vectors can be computed
over both the first overtone and combination spectral regions and
the lengths compared. Larger normalized vectors represent
greater distinction between the analyte and the chemical matrix.

NAS vector lengths are listed in Table 2 for each solute and
for each spectral range. Each value is normalized for both
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Table 2. Length of Net Analyte Signal Vectors?2

first overtone region®  combination region®  ratio?
glucose 9.17 x 1076 3.52 x 1075 3.84
lactate 438 x 107° 1.46 x 107* 3.33
urea 3.84 x 10°° 244 x 107* 63.5
ascorbate 2.62 x 107° 434 x 1075 1.66
alanine 2.24 x 107* 2.69 x 107 1.20
triacetin 1.36 x 107* 9.13 x 1074 6.17

a Normalized for concentration and path length. Units:
AU-mM~1-mm~1, ® 6500—5800 cm~1. ¢ 4800—4200 cm~1. 4 Combina-
tion/first overtone.

concentration and path length. In addition, the ratio is provided
for the combination NAS vector length relative to the first overtone
NAS vector length. For each solute, the NAS vector is larger for
the combination spectra, which indicates that for this set of solutes
the combination spectral region provides greater distinction
relative to the first overtone spectral region. The ratio indicates a
3.8-fold improvement in selectivity for glucose by using combina-
tion spectra. The ratio for urea is even higher, which is consistent
with the lack of urea absorption bands in the first overtone spectral
region. Overall, this selectivity analysis predicts superior perfor-
mance for multivariate calibration models consisting of combina-
tion spectra compared to first overtone spectra.

Spectral Quality. Spectral quality is critical for both selectivity
and sensitivity.17182231 |n this work, spectral quality was character-
ized as the root-mean-square (RMS) noise on 100% lines computed
for replicate spectra for each sample.t” RMS values were computed
in absorbance units relative to a second-order polynomial fit of
the 100% line data across sequential 100 cm™! segments. Figure
3 shows the distribution of RMS noise levels across the first
overtone (Figure 3A) and combination (Figure 3B) spectra
collected in this experiment. Values plotted in Figure 3 for the
first overtone and combination spectra correspond to the 5900—
6000 and 4400—4500 cm™! spectral regions, respectively.

The data plotted in Figure 3AB indicate consistent spectral
quality across all samples for both data sets. Mean values (+
standard deviation) are 7.8 &+ 1.1 uAU and 2.0 & 0.4 uAU for the
first overtone and combination data sets, respectively. The
corresponding relative standard deviations are 14.1% and 20.0%,
respectively. Such consistency requires precise control of sample
temperature for each replicate spectrum. In addition, these RMS
noise levels are inversely related to the measurement signal-to-
noise ratio (SNR), where the SNR = (2.303 x RMS) 123
Correspondingly, average SNRs are 56 000 and 217 000 over the
59006000 and 4500—4400 cm~! spectral regions, respectively.
As discussed previously,”? higher RMS noise levels (lower SNRs)
are observed outside these spectral regions because of the
reduced optical throughput caused by the absorption of light by
water.

For aqueous solutions, spectral quality is strongly dependent
on sample thickness. RMS noise increases as the sample thickness
increases, owing to water absorption. On the other hand, shorter
path lengths limit sensitivity of the absorbance measurement,
thereby reducing analytical performance. In practice, the optical

(31) Wetzel, D. L.; Sweat, J. A. Mikrochim. Acta, Suppl. 1997, 14, 325—327.
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Figure 3. Distribution of RMS noise levels for spectra collected over
the first overtone (A) and combination (B) spectral regions. Values
are presented for noise using the first and second (circles), second
and third (triangles), and first and third (squares) spectra of the
triplicate measurements.

path length or sample thickness must be a compromise between
low RMS noise and high measurement sensitivity.

Sample thickness and RMS noise are related by the following
expression:

_ N 2303
RMS = —2.303|0e (5)

where N is the spectral noise underlying the measurement, I is
the incident light intensity, and ¢, b, and ¢, correspond to the molar
absorptivity, thickness, and concentration of water, respectively.
Accordingly, the RMS noise should increase exponentially as a
function of sample thickness. Figure 4 presents the measured
RMS noise as a function of sample thickness for both the first
overtone and combination spectral regions. Individual values are
plotted as the mean (£ standard deviation) for 24 measurements
at each sample thickness. RMS noise is computed from 100% lines
in absorbance units over the 5900—6000 and 4400—4500 cm™!
spectral region for plots A and B, respectively. In addition, these
data were fit to eq 5. The fitted regression coefficients are provided
in the figure, and the magnitude of the resulting function is plotted
as a solid line in each plot.
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Figure 4. RMS noise as a function of sample thickness for the first
overtone (A) and combination (B) spectral regions. Plotted points
correspond to the mean (+ standard deviation) of 24 measurements
at each sample thickness. RMS noise is computed from 100% lines
in absorbance units over the 5900—6000 and 4400—4500 cm™!
spectral regions for plots A and B, respectively. Solid lines correspond
to exponential fits according to eq 5, and the fitted equation is provided
together with the regression coefficient (R-squared).

In both cases, the data are well modeled by the exponential
function in eq 5. Regression coefficients for the exponential terms
(2.303 c) are 0.50 4 0.02 and 1.74 4+ 0.05 mm~1, respectively, for
the first overtone and combination spectral regions. These values
compare favorably to the values of 0.54 mm~* and 1.90 mm™1,
which were computed by using the mean absorptivity of water
over these spectral regions!! and the density of water.3

Optical path lengths of 7.5 and 1.5 mm were used for the first
overtone and combination spectra, respectively. These sample
thicknesses are consistent with previous work in these spectral
ranges'’~?! and are known to provide spectra with sufficiently low
noise and high sensitivities for the measurement of millimolar
concentrations.

Calibration Models. Separate PLS calibration models were
generated for each solute over the two spectral regions. Table 3
summarizes the optimized spectral range, number of latent
variables, SEC, and SEP for each solute over each spectral region.
To varying degrees, each solute can be quantified by this method,
with the notable exception of urea from first overtone spectra.
With the exclusion of the first overtone urea model, prediction

5410 Analytical Chemistry, Vol. 76, No. 18, September 15, 2004

errors range from 0.33 to 1.12 mM for first overtone models and
from 0.10 to 0.53 mM for combination models. Generally,
combination models outperform first overtone models, which is
consistent with greater distinction of combination spectra as
discussed above (see Table 2).

Glucose results are characterized by lower measurement errors
for the combination model compared to the first overtone model.
The corresponding concentration correlation plots are presented
in Figure 5A,B. Consistent with lower SEC and SEP values, scatter
about the unity line is noticeably reduced for the combination
model. The combination model provides a MPE of 7.3% for
glucose. The best spectral range for glucose measurements is
4560—4100 cm~1, which corresponds to the C—H bonding region
of the combination spectral range.

Measurement bias as a function of cosolute concentration is
demonstrated by the residual plots presented in Figure 6. This
figure shows residuals for the prediction data set as a function of
the concentration of the other solution components. Overall,
prediction residuals are independent of companion solute con-
centration. No systematic bias is evident from these plots, and
there is no significant correlation between the prediction residual
and the concentration of any other component at the 95%
confidence level.

Urea results are also excellent for the combination model,
where the MPE is only 1.3%. From combination spectra, urea can
be measured very well with the lowest SEC and SEP values (0.16
and 0.10 mM, respectively) of all solutes. The optimized spectral
range is 4650—4380 cm, which includes a unique absorption
peak for urea at 4550 cm™. It is noteworthy that no calibration
model is possible for urea from first overtone spectra. This finding
is consistent with the lack of significant urea absorption features
in the available spectral data. The corresponding SEP and SEC
values are 7.33 and 7.32 mM, respectively, which are similar to
the standard deviation of the urea distribution in the prepared
samples (7.98 mM). The inability to model urea from first overtone
spectra demonstrates the effectiveness of the experimental design
to minimize concentration correlations between solutes.

Calibration models for the other components (lactate, ascor-
bate, triacetin, and alanine) are similar to those for glucose, in
that functional calibration models are obtained from both first
overtone and calibration spectra and no systematic correlations
are evident in the corresponding residual plots. Although not as
drastic as for glucose, calibration models from combination spectra
generally outperform models from first overtone spectra. This
finding is evident from the listing of SEC and SEP values in Table
3.

Comparison to Previous Reports. Other researchers have
compared the first overtone and combination spectral ranges for
analyte measurements in aqueous solutions. Examples include
reports by Kasemsumran et al.3* and Heise and co-workers.> In
the Kasemsumran paper, a moving window algorithm is used to
find the ideal spectral range for measuring glucose in a phosphate
buffer matrix containing albumin and globulin protein. In the Heise
work, multiple components, including protein, glucose, cholesterol,
and triglycerides, are measured in samples of human plasma.

(33) In Handbook of Chemistry and Physics, 59 ed.; CRC Press Inc.: Boca Raton,
FL, 1979; pp F-11.

(34) Kasemsumran, S.; Du, Y.; Murayama, K.; Huehne, M.; Ozaki, Y. Analyst
2003, 128, 1471—1477.



Table 3. Summary of Calibration Models with Combination and First Overtone Spectra

optimized range (cm™1) number of factors SEC (mM) SEP (mM)
first first first first
combination overtone combination overtone combination overtone combination overtone
glucose 4560—4100 6030—5650 11 9 0.31 1.24 0.45 1.12
urea 4650—4380 6150—5950 11 7 0.16 7.32 0.10 7.33
lactate 4550—4250 6220—5780 10 9 0.20 0.27 0.26 0.33
triacetin 4510—4400 5920—5620 7 9 0.13 0.27 0.18 0.22
alanine 4540—4350 6080—5800 7 8 0.18 0.39 0.20 0.25
ascorbate 4560—4000 5980—5580 12 8 0.33 0.55 0.53 0.45
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Figure 5. Concentration correlation plots for PLS calibration models for glucose from first overtone (A) and combination (B) spectra and for
urea from first overtone (C) and combination (D) spectra. Open and closed circles correspond to calibration and prediction points, respectively,
and solid lines correspond to the ideal, unity correlation between prediction and reference concentrations.

In both cases, near-infrared spectra were collected over a wide
spectral range with a single sample thickness. In the Kasemsum-
ran paper, spectra were collected over a spectral range of 12 000—
4000 cm~t with a sample thickness, and corresponding optical path
length, of 1 mm. Similarly, the Heise work involved collecting
spectra over the 6800—4200 cm~! spectral range with a 1-mm
optical path length. In both cases, calibration models from different
spectral regions (first overtone and combination) were compared
and performance assessed on the basis of SEP values. Kasem-
sumran found that the combination spectral range (4912—4303

cm~1) provides the best results for glucose, while Heise reported
that a region consisting of two ranges (6788—5461 and 4736—
4212 cm™1) provides the best results for glucose.

A major limitation of the above-mentioned work is the fact that
a single optical path length was used for both spectral regions. It
is not possible to get the best analytical performance from both
regions by using a single path length. A sample thickness of only
1 mm is simply too thin for acceptable glucose measurements
from first overtone spectra collected from aqueous samples. The
basis of this conclusion is the report by Hazen et al.,*” where PLS
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Figure 6. Residual plots for the glucose combination model, showing glucose prediction residuals as a function of the concentrations of
glucose (A), lactate (B), urea (C), ascorbate (D), triacetin (E), and alanine (F). Solid line highlights the ideal zero-response and dashed line

shows the linear regression model.

calibration models for glucose provided SEP values of 1.02, 0.55,
and 0.42 mM under optimal conditions with optical path lengths
of 2, 5.2, and 10 mm, respectively. Conversely, essentially no light
would be transmitted through 7-mm thick aqueous samples over
the combination spectral region.

The Kasemsumran results noted above3* are consistent with
the fact that a 1-mm sample thickness is insufficient for quality
glucose measurements from first overtone spectra. Results in
Figure 2c of the Kasemsumran paper® clearly demonstrate the
lack of glucose-specific information in the first overtone spectra
with this path length. For this reason, their moving window search
algorithm isolated the combination spectral region for glucose
measurements.

Asnoted above, Heise et al. reported a dual spectral range (6788—
5461 and 4736—4212 cm™1) as optimal for glucose with a 1-mm
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path length.> As part of their investigation, separate calibration
models were constructed with each range individually. In this case,
the first overtone range (6788—5461 cm™1) outperformed the
combination range (4736—4212 cm™1), and the combination of
these spectral ranges outperformed either of the individual ranges.
These findings are inconsistent with those reported here and
suggest that the first overtone range is superior. It is noteworthy
that, in the same paper,® urea calibration models were improved
by including first overtone spectral data with combination spectral
data (6788—5461 cm~! and 4736—4212 cm™1). As noted above,
urea absorptivities in the first overtone spectral range are very
weak, as the principal urea absorption features are located under
the nearby large water absorption band.?’” Improvement in urea
measurements with the inclusion of first overtone spectral
information is inconsistent with the known absorptivities of urea.



Overall, improvements realized from the use of spectra collected
from too thin of samples and spectra with no analyte information
suggest overmodeling of the calibration data.

CONCLUSIONS
The results presented demonstrate the superior nature of

combination spectra relative to first overtone near-infrared spectra
for the quantification of solutes in aqueous solutions. PLS
calibration models for glucose are particularly better when
generated from combination spectra compared to first overtone
spectra. SEP values are approximately 3-fold lower for the glucose
model generated from combination versus first overtone spectra.
Calibrations for urea are not possible from first overtone spectra
owing to the absence of analyte-specific absorption features. PLS
calibration models for urea from combination spectra display
excellent measurement accuracy, with SEP values of 0.1 mM. Each
of the six cosolutes (glucose, urea, lactate, ascorbate, triacetin,
and alanine) can be quantified from a PLS analysis of combination
spectra.

Visual comparison of first overtone and combination spectra
indicate greater molecular distinction for combination spectra
compared to first overtone spectra. The NAS vector for each
analyte allows quantification of spectral overlap and distinction.
Such an analysis clearly reveals the superior selectivity of
combination spectra over first overtone spectra. An example is
glucose where the length of the NAS vector is 3.8 times larger
for combination spectra relative to first overtone spectra.

Our general conclusion is that combination spectra are
preferred over first overtone for direct measurements of organic-
based solutes in aqueous solutions. The basis of this conclusion
is the enhanced selectivity afforded by combination spectra. NAS
vector analysis confirms the difference in chemical selectivity of
these spectral regions.
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