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The feasibility of rapid analysis for oligosaccharides, including isomaltose, isomaltotriose, maltose,
and panose, in Chinese rice wine by Fourier transform near-infrared (FT-NIR) spectroscopy together
with partial least-squares regression (PLSR) was studied in this work. Forty samples of five brewing
years (1996, 1998, 2001, 2003, and 2005) were analyzed by NIR transmission spectroscopy with
seven optical path lengths (0.5, 1, 1.5, 2, 2.5, 3, and 5 mm) between 800 and 2500 nm. Calibration
models were established by PLSR with full cross-validation and using high-performance anion-
exchange chromatography coupled with pulsed amperometric detection as a reference method. The
optimal models were obtained through wavelength selection, in which the correlation coefficients of
calibration (rcal) for the four sugars were 0.911, 0.938, 0.925, and 0.966, and the root-mean-square
errors of calibrations were 0.157, 0.147, 0.358, and 0.355 g/L, respectively. The validation accuracy
of the four models, with correlation coefficients of cross-validation (rcv) being 0.718, 0.793, 0.681,
and 0.873, were not very satisfactory. This might be due to the low concentrations of the four sugars
in Chinese rice wine and the influence of some components having structures similar to those of the
four sugars. The results obtained in this study indicated that the NIR spectroscopy technique offers
screening capability for isomaltose, isomaltotriose, maltose, and panose in Chinese rice wine. Further
studies with a larger Chinese rice wine sample should be done to improve the specificity, prediction
accuracy, and robustness of the models.
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INTRODUCTION

Chinese rice wine is brewed from glutinous rice and wheat.
Sugars in Chinese rice wine mainly come from hydrolysis
reaction (catalyzed by an enzyme) of carbohydrates in glutinous
rice and are one of the most important substances for the Chinese
rice wine taste and smell (1). In the National Standard of China
GB 13662-2000, Chinese rice wine is divided into four kinds
according to the concentrations of the total sugars: dry type (total
sugars e 15 g/L); semidry type (15.1 g/L < total sugars < 40
g/L); semisweet type (40.1 g/L < total sugars <100 g/L); sweet
type (total sugars > 100 g/L). In this study, the Chinese rice
wine of the semidry type was investigated. Besides glucose and
maltose, Chinese rice wine has several oligosaccharides such
as isomaltose, isomaltotriose, and panose, which have been
proved to be very valuable for human health (2, 3). The
concentration of an individual sugar in Chinese rice wine

provides much information on the general quality, flavor, and
storage time, etc., and can be used to detect adulteration or fraud,
to identify the variety, origin, and brewery, and even to optimize
the brewing craft of Chinese rice wine. Hence, the determina-
tions of individual sugars in Chinese rice wine are gaining more
and more significance. Several works have been reported using
the analytical technique of high-performance liquid chroma-
tography (HPLC) for individual sugar analysis of Chinese rice
wine (4, 5). The results obtained in these works can be used as
references but are not universal due to the sample sizes adopted
being too small (one or three samples).

There are some other chromatographic methods that can also
be used to analyze individual sugars. High-performance anion-
exchange chromatography coupled with pulsed amperometric
detection (HPAEC-PAD) is one of the most useful techniques
for oligosaccharide determination and has been employed to
quantify specific concentrations of sugars in honey and wine
samples (6–9). However, although chromatographic techniques
have a high accuracy, some shortcomings, such as the complex
sample preparation, high time consumption, and expensive cost
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of operation and maintenance, limit their application to rapid
detection and process control.

Near-infrared (NIR) spectroscopy, which has advantages of
being nondestructive, simple, fast, and without need of sample
pretreatment (10), has been successfully applied to the deter-
mination of individual sugars in liquid samples such as fruit
juice and honey on the basis of overtone and combination bands
of specific functional groups (11–17). NIR spectroscopy utilizes
the wavelength range from 780 to 2526 nm (ASTM) and
provides much more complex structural information related to
the vibration behaviors of combinations of bonds (18). Because
of the complexity and high dimension of NIR spectral data,
direct quantification analysis becomes impossible. Some ch-
emometrics methods such as principal component regression
(PCR) and partial least-squares (PLS) are needed to extract
spectral features and investigate correlation between the spectra
and component concentrations. In addition to the papers
mentioned above, NIR together with these chemometrics
methods has also been proved effective in detecting some other
components in wine (19–25), culture broth (26), and wine
vinegar and beer (27–29).

The aim of this study was to apply Fourier transform near-
infrared (FT-NIR) spectroscopic techniques, with HPAEC-PAD
as a reference method, for quantitative analysis of isomaltose,
isomaltotriose, maltose, and panose in Chinese rice wine. The
feasibility of using NIR spectroscopy to determine sugars of
low concentration in Chinese rice wine samples was explored.
The performance of PLS models using spectra of different
optical path lengths and different spectral regions was evaluated.
The sensitive wavelengths of the four sugars in NIR spectra
were also investigated on the basis of partial least-squares
regression (PLSR) loading spectra.

MATERIALS AND METHODS

Samples. Forty Chinese rice wine samples obtained from the Pagoda
brand Shaoxing wine brewery (Zhejiang Cereal, Oils, and Foodstuffs
Import and Export Co., Ltd., Shaoxing, Zhejiang Province, China),
including eight of 1 year age, 3 year age, 5 year age, 8 year age, and
10 year age, were used in this study. All these samples were directly
taken from the storage containers and without any additive.

Reagents. Analytical grade isomaltose, D-(+)-maltose monohydrate,
D-panose, and isomaltotriose were purchased from Sigma-Aldrich
(Sigma, St. Louis, MO). Standard stock solutions were prepared from
1 g of the appropriate sugar dissolved in 100 mL of Milli-Q distilled
water. Aqueous solutions of sodium hydroxide and sodium acetate were
purchased from Dionex Corp.

Spectral Measurements. Samples taken from freshly opened bottles
of Chinese rice wine were scanned in transmission mode (800-2500
nm) using a scanning spectrometer, Nexus FT-NIR (Thermo Nicolet
Corp., Madison, WI), with an interferometer, an InGaAs detector, and
a broad-band light source (quartz tungsten halogen, 50 W). NIR spectral
data were collected using OMNIC software (Thermo Nicolet Corp.)
and stored in absorbance format. Samples were scanned in demountable
liquid cells of different optical path lengths (0.5, 1, 1.5, 2, 2.5, 3, and
5 mm; Pike Technologies, Madison, WI) with air as the reference at
room temperature. All samples were shaken before scanning. The mirror
velocity was 0.9494 cm s-1, and the resolution was 2 cm-1. The
spectrum of each sample was the average of 32 successive scans. The

spectral regions with an absorbance value equal to or higher than 1.5
were not used in spectral analysis due to the zero transmissivity and
the fact that they are considered saturated.

Anion-Exchange Chromatography. Prior to the FT-NIR measure-
ment, HPAEC-PAD was applied to quantitative determination of
sugars in Chinese rice wine, and the results were used as reference
data in FT-NIR analysis. All samples were analyzed by a Dionex
Instrument (Dionex Corp.) consisting of a pulsed amperometric detector
(model ED 50) with a gold electrode as the working electrode and a
pH Ag|AgCl combination reference electrode (set to the AgCl mode),
a gradient pump (model GP 50), a Dionex CarboPac PA10 column (2
× 250 mm) suited for mono-, di-, tri-, and oligosaccharide analysis,
and a guard column (2 × 50 mm). A three-step PAD setting was used
with the following potentials and durations: E1 ) +0.05 V (t1 ) 400
ms); E2 ) +0.75 V (t2 ) 200 ms); E3 ) -0.15 V (t3 ) 400 ms).
Analyses were performed using Milli-Q distilled water as eluent A,
sodium hydroxide (250 mmol/L) as eluent B, and sodium acetate (1.0
mmol/L) as eluent C. The elution gradient is shown in Table 1. The
flow rate was fixed at 0.25 mL/min, and the column temperature was
kept at 30 °C. A 10 mL aliquot of Chinese rice wine was diluted 500
times, passed through a 0.22 µm porosity filter, and then injected
manually. The injection volume was 20 µL. All experiments were
conducted at room temperature. The chromatogram acquisition was
performed with the PeakNet 6.0 software suite.

Chemometrics and Data Analysis. Chemometrics analysis were
performed using a commercial software package, TQ Analyst (Thermo
Electron Corp., Madison, WI). Stepwise multiple linear regressions
(SMLRs) were used, but the results were worse than those obtained
using PLSR. Therefore, PLSR was adopted in this study. Spectra were
exported from OMNIC software in absorbance format to TQ Analyst
software before analysis.

WaVelength Selection. NIR spectra typically consist of broad, weak,
nonspecific, extensively overlapped bands and may have hundreds or
thousands of wavelength variables (30). Some of these variables may
contain useless or irrelevant information for the calibration model such
as noise and background, which can worsen the predictive ability of
the whole model (31). In wavelength selection, one or several subsets
of spectral regions, with which the established calibration model
presents better performance and gives minimum errors in validation,
were selected. Wavelength selection not only enhances the stability of
the model resulting from the collinearity in multivariate spectra but
also helps in interpreting the relationship between the model and the
sample compositions (11). In this study, the full spectra were divided
into four regions, 800-1250, 1250-1650, 1650-2200, and 2200-2500
nm, according to the main absorption bands. Calibration models were
established on each spectral region, the combination bands of 1250-1650
and 1650-2200 nm, and the full spectra.

PLSR. All spectral data were pretreated using the mean centering
technique. The Student residual and leverage were employed to detect
outliers. PLSR and leave-one-out cross-validation were used to develop
calibration models to investigate which optical path length of the seven
was best for predicting the concentrations of sugars in the samples of
Chinese rice wine. The most effective spectral group was used in further
analysis. PLSR is a multivariate statistical method that can be used to
relate two independent data matrices. In PLSR, the original spectral
variables are projected onto a small number of new latent variables
(LVs, also called factors). The first several factors usually account for
the greatest amount of spectral variance. The individual factors
calculated from the PLS spectral decomposition are useful for finding
spectral regions of importance in the calibration of certain components
(32). Here PLS models with 1-20 factors were investigated, and the
optimum number of factors used in PLSR was determined by the lowest
value of the predicted residual error sum of squares (PRESS).

The PLS models were validated by leave-one-out cross-validation
called full cross-validation. Samples in the calibration set were divided
into two sets, and the dependent variables of one set could be predicted
from the calibration models of the remaining samples. The process was
repeated until each sample in the calibration set had been predicted
once. Cross-validation of a calibration model makes it possible to select
the optimum number of latent variables or factors, that is, the number
giving the minimum prediction error for the calibration set (33). The

Table 1. Elution Gradient Used in the HPAEC-PAD Method

time (min) eluent A fraction (%) eluent B fraction (%) eluent C fraction (%)

0-11 84 16 0
20 81 16 3
40 78 16 6
40.1-50.1 20 80 0
50.2 84 16 0
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performance of the calibration models is assessed from the value of
the root-mean-square error of cross-validation (RMSECV) and the value
of the residual predictive deviation (RPD), which were defined as
follows:

RMSECV)�∑
i)1

I

(yi - yi
^ )2

I
, RPD) S.D.

RMSECV

where yi and ŷi are the amounts of measured sugars and predicted sugars,
respectively, for all predicted samples i (1, 2, . . . , i) and S.D. is the
standard deviation for the calibration samples. In addition, the correla-
tion coefficient (r) between the amounts of the measured sugars and
the predicted sugars and the root-mean-square error of calibration
(RMSEC) were included in the calibration statistics. Referring to the
criteria used by other researchers (24), the calibration models with r

values (in calibration) higher than 0.94 as well as RMSECV values
higher than RMSEC and lower than 2(RMSEC) are considered to
have excellent precision. R values between 0.84 and 0.94 indicate
good precision, as well as RMSECV values in the range of
RMSEC-2(RMSEC). For r values lower than 0.84, the calibration
model can only be used for screening purposes, distinguishing only
among low, medium, and high values, and for r values lower than

Figure 1. (a) Separation of an isomaltose, isomaltotriose, maltose, and panose standard and (b) separation of a Chinese rice wine sample.

Table 2. Summary of Isomaltose, Isomaltotriose, Maltose, and Panose
Values in Chinese Rice Wine Determined by AEC

property
number of
samples range mean

standard
deviation

isomaltose concn (g/L) 40 0.666-2.190 1.271 0.383
isomaltotriose concn (g/L) 40 1.266-3.005 1.992 0.439
maltose concn (g/L) 40 0.298-3.671 1.403 0.992
panose concn (g/L) 40 1.269-5.708 3.461 1.396

Figure 2. Average NIR absorbance spectra of 40 Chinese rice wine
samples for 7 different optical path lengths (0.5, 1, 1.5, 2, 2.5, 3, and 5
mm).
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0.70, the model can only determine high and low values. Anyhow,
the calibration models with the highest r (in both calibration and
cross-validation) as well as the lowest RMSEC and RMSECV with
the least difference from each other were considered optimal. The
RPD value is an index used to check the robustness of a model,
and relatively high RPD values indicate models having greater power
to predict the chemical composition (23). A cutoff point of 3 was
recommended by researchers, and a higher RPD value would be
considered very good for prediction purposes (34).

RESULTS AND DISCUSSION

Anion-Exchange Chromatography Analysis. In this analy-
sis, each sample was measured in duplicate to check the
reproducibility of the anion-exchange chromatography measure-
ments. Figure 1a shows the separation of an isomaltose,
isomaltotriose, maltose, and panose standard mixture with an
analytical time of <40 min. The concentrations of isomaltose,
isomaltotriose, maltose, and panose are 5.3, 10.1, 11.5, and 7.3
mg/L, respectively. Figure 1b shows the separation of a Chinese
rice wine sample. The retention times of the four sugars in the
chromatographic profile are consistent with the retention times
in the standard mixture (Figure 1). Besides the peaks of the
four sugars, there are several other peaks in Figure 1b, which
indicate that some other nonidentified compounds in Chinese
rice wine can also be detected under this condition. The sum-

mary of AEC results is shown in Table 2. It can be seen that
the range of sugar values in Chinese rice wine encompasses
(isomaltotriose, maltose, and panose) or is close to (isomaltose)
thevaluesofsimilarsugars reportedbypreviousresearchers (4,35).
The tiny difference might be due to the different sample source
or aging time. The variation ranges and standard deviations of
all four sugars determined in this study were generally greater

Table 3. Spectral Regions Actually Used To Establish PLS Models of
Different Optical Path Lengths

optical path
length (mm) spectral regions for the calibration model (nm)

0.5 800-1250, 1250-1650, 1650-1900 and
2000-2200, 2200-2450

1 800-1250, 1250-1650, 1650-1880 and
2090-2200, 2200-2340

1.5 800-1250, 1250-1425 and 1500-1650,
1650-1876 and 2156-2200, 2200-2250

2 800-1250, 1250-1409 and 1520-1650,
1650-1868

2.5 800-1250, 1250-1400 and 1545-1650,
1650-1864

3 800-1250, 1250-1397 and 1569-1650,
1650-1856

5 800-1250, 1250-1389 and 1630-1650,
1650-1725

Table 4. Best Calibration Models of Different Optical Path Lengths for
Sugars in Chinese Rice Wine Samples Based Only on the Full Spectra

calibration cross-validation

compd
optical path
length (mm) rcal RMSEC rcv RMSECV RPD

no. of
factors

isomaltose 2.5 0.822 0.217 0.746 0.255 1.50 4
isomaltotriose 5 0.938 0.147 0.793 0.259 1.69 5
maltose 0.5 0.962 0.257 0.754 0.625 1.59 8
panose 0.5 0.912 0.559 0.836 0.755 1.85 6

Table 5. Summary of Optimal Calibration Models for Sugars in Chinese
Rice Wine Samples Using the Selected Spectral Region

calibration cross-validation

compd

optical
path

length
(mm)

spectral
region
(nm) rcal RMSEC rcv RMSECV RPD

no. of
factors

isomaltose 3 1250–1650 0.911 0.157 0.718 0.267 1.43 5
isomaltotriose 5 800–2500 0.938 0.147 0.793 0.259 1.69 5
maltose 1 2200–2500 0.925 0.358 0.681 0.7 1.42 4
panose 1 2200–2500 0.966 0.355 0.873 0.667 2.09 4

Figure 3. Correlation statistics between AEC values and FT-NIR pre-
dictions: (a) isomaltose (optical path length of 3 mm, 1250-1650 nm);
(b) isomaltotriose (optical path length of 5 mm, 800-2500 nm); (c) maltose
(optical path length of 1 mm, 2200-2500 nm); (d) panose (optical path
length of 1 mm, 2200-2500 nm).
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than those reported previously (4), possibly representing a large
distinction in the aging time of the samples used in this study
(1, 3, 5, 8, and 10 years).

Spectral Features. Figure 2 shows the average NIR absor-
bance spectra of 40 Chinese rice wine samples for 7 different
optical path lengths (from bottom to top, respectively, 0.5, 1,
1.5, 2, 2.5, 3, and 5 mm). Just as in the literature previously
published (12, 20), the absorbance in the full spectral bands
becomes more intense with increasing optical path length, which
causes more spectral regions to become saturated and subse-
quently reduces the wavelength range that can be used in spectral
analysis. After removal of the saturated bands (absorbance value
above 1.5), the spectral regions actually used to establish PLS
models of different optical path lengths are shown in Table 3.

At the same time, it can be seen in Figure 2 that the spectra
of Chinese rice wine samples show intense absorption bands at
1450 nm related to the first O-H overtone in water or
carbohydrate and at 1900-1950 nm related to the combination
of stretching and deformation of the O-H group in water (36, 37).
The small absorption band at 1690 nm might be related to the
-CH3 stretch first overtone or C-H groups in aromatic
compounds, that at 1790 nm to O-H bonds associated with
sucrose, fructose, and glucose in fruit juices (17, 38), that at
2266 nm likely to C-H combination bands of methanol, and
that at 2302 nm to the combination band of C-H stretching
and deformation of C-H from the -CH2 group (21, 39, 40).
The smaller absorption bands at 990 and 1185 nm are reported
to be due to the second overtone of the O-H stretching band
and the combination of the first overtone of the O-H stretching
and the O-H bending bands from water, respectively (41).

Selection of the Optimum PLS Models. Student residual
and leverage values of 40 Chinese rice wine samples were
calculated, and one sample considered abnormal was removed

as an outlier from the isomaltose, isomaltotriose, maltose, and
panose values. The remaining 39 samples were used to establish
PLS calibration models. Table 4 shows the best calibration
models for isomaltose, isomaltotriose, maltose, and panose in
Chinese rice wine samples on the full spectra (without variable
selection). The best calibration results of the full spectra were
selected from models of different optical path lengths and
obtained with an optical path length of 2.5 mm for isomaltose,
5 mm for isomaltotriose, and 0.5 mm for maltose and panose.
The correlation coefficients of isomaltose calibration were lower
than 0.84 and higher than 0.70, so this model could only
determine low, medium, and high values. The calibrations of
isomaltotriose and panose had good precision, but the values
of RMSEC and RMSECV in the panose calibrations were high
and need to decrease. The calibrations for maltose gave marked
differences between RMSEC and RMSECV (RMSECV >
2(RMSEC)) and show a need to improve the robustness of the
models. All four RPD values were lower than 3, which indicated
that the validation quality of all four models should be improved.

Five fragments of the full spectra selected in the above
paragraph, including 800-1250, 1250-1650, 1650-2200,
2200-2500, and 1250-2200 nm, were used to establish
calibration models. The optimal calibration model was obtained
with an optical path length of 3 mm and a spectral region of
1250-1650 nm for isomaltose, 5 mm and 800-2500 nm
(actually 800-1725 nm; refer to Table 3) for isomaltotriose,
and 1 mm and 2200-2500 nm for maltose and panose (Table
5). Calibration results based on selected spectral regions
presented better performance than those based on the full
spectra. The calibration models for isomaltose, isomaltotriose,
and maltose had good precision, and for panose an excellent
precision was obtained. Compared with those for the full spectra,
the RPD value for panose gains an increase, while those for

Figure 4. Regression coefficient of the calibration models with different optical path lengths in Chinese rice wine samples based on the full spectra: (a)
isomaltose; (b) isomaltotriose; (c) maltose; (d) panose.
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isomaltose and maltose decrease slightly. Because of the small
size of the Chinese rice wine sample in this study, all 40 samples
were used in the calibration and the validation quality of the
calibration models was evaluated by rcv and RMSECV of cross-
validation as well as RPD. It could be observed that the
validation qualities of the four optimal models with a low value
of the index rcv (0.718, 0.793, 0.618, and 0.873 for isomaltose,
isomaltotriose, maltose, and panose, respectively) were all not
very satisfactory and need improvement, as does the index RPD
(Table 5). Although the low RPD values (1.42-2.09) indicated
that the validation qualities of the models need improvement,
the four models could be used for screening purposes because
the other indexes in the calibrations were good. The AEC-
measured values versus FT-NIR-predicted values from the
optimal calibration model for the four sugars are shown in
Figure 3.

Because of the low concentrations of isomaltose, isomaltot-
riose, maltose, and panose as well as the influence of other
complicated components in Chinese rice wine, the PLS models
for the four sugars, especially isomaltose and maltose, show a
poor validation accuracy. However, the results obtained in this
study show the potential of NIR with the reference method of
HPAEC-PAD to determine isomaltose, isomaltotriose, maltose,
and panose in Chinese rice wine rapidly and economically.
Because the small sample size might not fully represent the
features of Chinese rice wine, further studies should be done to
improve the specificity, prediction accuracy, and robustness of
the models.

To investigate the correlation between the spectra and sugar
concentrations, regression coefficient plots of different optical
path lengths based on the full spectra were analyzed. Curves of
regression coefficients for different optical path lengths for
isomaltose had very similar shapes, which also happened for
isomaltotriose, maltose, and panose (Figure 4). Referring to

Figure 4 and Table 3, the calibrations for isomaltose all have
high regression coefficients around 1430 nm and maxima around
1850 nm, for isomaltotriose, the regression coefficients show
high values around 1350 nm and maxima around 1820 nm, and
for maltose the maxima appear around 1660 and 1770 nm and
for panose around 1415 and 1820 nm. Regarding the curves
for 0.5, 1, and 1.5 mm optical path lengths, high correlations
are also obtained in the range 2200-2500 nm.

For the four sugars, the performances of the models for
different optical path lengths were contrasted, and differences
for neither the full spectra nor the selected spectral regions were
obvious. At the same time, the optimal models for the four
sugars after wavelength selection were not the same in optical
path lengths, with the best ones based on the full spectra. This
illustrates that, in this study, although optical path lengths have
a small effect on the calibration, the combination of different
optical path lengths and wavelength selection can be effective
to improve the performance of the calibration models.

Factor Loading Analysis. PLSR loading spectra based on
the full spectra were investigated to extract absorption features
of isomaltose, isomaltotriose, maltose, and panose in Chinese
rice wine samples. To avoid excessively weak and intense
absorbance due to short and long optical path lengths, the spectra
for the 1 mm path length were selected for analysis. The spectral
ranges of 1880-2090 and 2340-2500 nm in Figure 5 were
removed from the analysis because of saturation.

Figure 5 shows the loading spectra of the first four factors
for isomaltose (a), isomaltotriose (b), maltose (c), and panose
(d). The first four factors account for 97.7% (isomaltose), 97.8%
(isomaltotriose), 97.6% (maltose), and 92.9% (panose) of the
variation in the spectra, with factor 1 explaining more than half
of the variation, being, respectively, 54.9%, 53.3%, 57.4%, and
55.4%.

Figure 5. Loading spectra of the first four factors for (a) isomaltose, (b) isomaltotriose, (c) maltose, and (d) panose.

7276 J. Agric. Food Chem., Vol. 56, No. 16, 2008 Niu et al.



For isomaltose (Figure 5a), the highest loadings of factors 1
and 2 were both at 1880 nm, the edge of the saturated region,
which might be related to O-H stretching, as were those for
isomaltotriose and panose. Factor 3 has the highest loadings at
1480 nm related to the first O-H stretch in glucose. The highest
loadings of factor 4 at 2136 nm are reported to be related to
the combination of N-H stretching and CdO stretching in
amino acids (42). The peaks at 1445 and 1412 nm of factors 1
and 2, and the inverse peaks at 1410 and 1470 nm of factors 3
and 4, were all around the absorption wavelength of 1450 nm
in the original spectra and might be related to the first O-H
overtone in water or carbohydrate just as mentioned above.
Factor 1 also has a peak at 2334 nm likely related to the
combination of C-H stretching and deformation (36).

In Figure 5b, factor 3 for isomaltotriose has peaks at 2278
reported to be related to absorption of sucrose (14) and 2321
nm related to the combination of C-H stretching and deforma-
tion (36). Loading spectra of the first four factors for the four
sugars all have peaks at 2266 and 2302 nm, inverse or not, which
indicated that the two wavelengths might be related to some
groups simultaneously contained in the four sugars and the two
wavelengths might be appropriate for estimation of the total
content of the four sugars.

Combined with the results from regression coefficients, some
wavelengths, such as those around 1450, 1880, and 2090 nm
as well as around 2300 nm, were sensitive for isomaltose,
isomaltotriose, maltose, and panose analysis. The sensitive
wavelengths obtained from loading spectral analysis were
summarized as follows: 1412, 1445, 1480, 1880, 2090, 2334,
2266, and 2302 nm for isomaltose, 1413, 1430, 1480, 1880,
2090, 2336, 2266, 2302, 2278, and 2321 nm for isomaltotriose,
1416, 1450, 1462, 1880, 2090, 2338, 2266, and 2302 nm for
maltose, and 1412, 1443, 1480, 1880, 2090, 2338, 2266, and
2302 nm for panose. It is well-known that the four sugars all
have C-H and O-H groups as the main absorbance in NIR
spectra, and the similarity in structure can lead to a serious
overlap in absorption wavelength. The investigation of wave-
length sensitivity would be very useful in the Chinese rice wine
industry and provides the possibility to develop a simple and
rapid device. This is just a preliminary result, and further
investigation should be done to prove the sensitivity of these
wavelengths for specific sugars.
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