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Determination of Chemical Composition of Commercial Honey by
Near-Infrared Spectroscopy

P. Y. Qiu, H. B. Ding, Y. K. Tang, and R. J. Xu*

Department of Zoology, The University of Hong Kong, Pokfulam Road, Hong Kong

The feasibility of using near-infrared spectroscopy to determine chemical composition of commercial
honey was examined. The influences of various sample presentation methods and regression models
on the performance of calibration equations were also studied. Transmittance spectra with 1 mm
optical path length produced the best calibration for all constituents examined. The regression model
of modified partial least squares (mPLS) was selected for the calibration of all honey constituents
except moisture, for which the optimal calibration was developed with PLS. Validation of the
established calibration equations with independent samples showed that the spectroscopic technique
could accurately determine the contents of moisture, fructose, glucose, sucrose, and maltose with
squared correlation coefficients (R 2) of 1.0, 0.97, 0.91, 0.86, and 0.93 between the predicted values
and the reference values. The prediction accuracy for free acid, lactone, and hydroxymethylfurfural
(HMF) contents in honey was poor and unreliable. The study indicates that near-infrared
spectroscopy can be used for rapid determination of major components in commercial honey.
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INTRODUCTION

Honey, a natural sweet substance produced by honey
bees, has a wide range of applications in the food
industry. It can be processed for direct consumption or
be used as an ingredient of various processed food
products. Because of its superior nutritional value and
unique flavor, natural bee honey is preferred by con-
sumers. The price of bee honey is much greater than
other sweetening commodities, such as refined cane
sugar and corn syrup. Adulteration of bee honey with
cheaper sweetening materials has been reported in the
literature (Cienfuegos et al., 1997; Tien and Shau, 1997,
Gonzalez et al., 1998). For this reason, various countries
set strict standards for commercial honey, including
specific physical properties and chemical compositions.
To enforce such standards, chemical composition analy-
sis and physical property assessment are routinely
performed in commercial trading of honey. However,
most techniques available for honey composition analy-
sis and physical property determination are time-
consuming and require considerable sample preparation
and analytical skills.

Near-infrared (NIR) spectroscopy is a relatively new
analytical technique, which is based on the electromag-
netic absorption of organic compounds. The technique
was initially developed in the 1960s by Norris and
associates (Butler and Norris, 1960; Massie and Norris,
1965). The application of this technique was limited
during the early stage of development due to the
complexity of the NIR spectrum. Facilitated by more
recent improvements in computing power and math-
ematical modeling techniques, NIR spectroscopy has
now been applied to a wide range of industries, from
food and feed composition analyses to petrochemical
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process control and noninvasive medical analysis. In the
food and agricultural industries, NIR spectroscopy has
been used to analyze chemical composition and physical
properties of grains (Williams et al., 1984; Graybosch
et al., 1995; Williams, 1996), meat (Ellekjaer et al., 1994;
Cozzolino et al., 1996), and dairy products (Rodriguez-
Otero et al., 1997) and to detect adulteration of various
food ingredients (Downey, 1996). Apparently, in the
literature there is no report of any application of the
NIR spectroscopic technique to honey composition analy-
sis and physical property assessment. In the present
study, we evaluated the feasibility of using NIR spec-
troscopy to determine the chemical composition of
commercial bee honey samples. The effects of different
mathematical models, spectral scanning modes, sample
presentation methods, and spectral data pretreatments
on the performance of the NIR technique were also
examined.

EXPERIMENTAL PROCEDURES

Samples. A total of 74 brands of bee honey produced in 11
countries was purchased from supermarkets in four different
cities (Beijing, Hong Kong, Los Angeles, and Melbourne). All
samples were stored in air-tight jars at 4 °C. Prior to chemical
and spectroscopic analyses, honey samples were incubated in
a water bath at about 50 °C until all the sugar crystals were
melted. The samples were then mixed at room temperature
before subsamples were taken for analyses.

Spectroscopic Analysis. Prior to spectroscopic analysis,
all samples were left on the top of the laboratory bench to reach
equilibrium room temperature. The spectroscopic analysis was
then performed using a visible/near-infrared scanning spec-
trophotometer (model 6500, NIRSystem, Inc., Silver Spring,
MD). Samples were scanned with the spectrophotometer in a
quartz cuvette with 1, 2, 4, or 10 mm of optical path length.
Reflectance and transmittance spectra between 400 and 2500
nm were recorded in 2 nm steps as log (1/R) and log (1/T)
respectively, where R represents reflected energy and T
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Table 1. Chemical Composition of Honey Samples in Calibration and Validation Sets Determined by Reference Methods

calibration set (n = 50)

validation set (n = 24)

mean range SDh2 mean range SD2
moisture (%) 18.2 14.5—28.0 2.75 18.1 15.2—24.8 2.54
HMF (mg/kg) 85 2-731 161 76 0-543 141
fructose (%) 37.5 31.1-43.7 2.46 37.6 32.7-42.1 2.61
glucose (%) 30.6 26.2—33.8 1.70 30.8 28.4—32.6 0.98
sucrose (%) 1.62 0.00—12.60 2.08 1.23 0.13-3.44 0.82
maltose (%) 2.7 0.7-6.3 1.14 2.8 1.2-55 0.88
free acid (mequiv/kg) 20.3 9.1-51.0 8.10 22.9 9.4—-149.4 27.50
lactone (mequiv/kg) 2.5 1.2—-4.5 0.71 2.2 0.9-3.1 0.60
a Standard deviation.
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HPLC method with modified procedures described by Scott
(1992). All analyses were performed in triplicate, and the mean
values of the triplicate determination were used in calibration
and validation studies.

Data Analysis. ISI software (ISI, 1992) was used for all
data analysis. Fifty samples were randomly selected and
formed a calibration set, and the remaining 24 samples formed
a validation set. The reference values determined by chemical
methods and the spectral data of both calibration and valida-
tion sets were analyzed to detect any outliers using a cutoff
“T” value of 2.5 and a cutoff “H” value of 4.0 as described by
Murray (1990). The number of outlying spectra and chemical
values detected in the present study was between 2 and 4.
Scatter correction of the spectral data was performed by
standard normal variate transformation and de-trend method
(Barnes et al., 1989). To magnify the fine structure and to
improve resolution, the spectral data were further transformed
with derivative operation (Stuart, 1996). Calibration equations
were developed using modified partial least-squares (mPLS)
regression analysis (Osborne et al., 1993), and the modification
involved standardization of the residues after each iteration.
Other calibration models, including principal component re-
gression (PCR), partial least squares (PLS), and stepwise
multiple linear regression (MLR) were also tested. The optimal
calibration equations were chosen based on the highest
squared correlation coefficient (R?) and the lowest standard
error of cross-validation (SECV). The performances of the
established calibration equations were further validated using
the samples in the validation set. The predicted values were
correlated with the reference values, and the accuracy of
prediction was assessed by the standard error of prediction
(SEP), squared correlation coefficient (R?2), and bias.

RESULTS AND DISCUSSION

Results of chemical composition of honey samples in
both calibration and validation sets are presented in
Table 1. The average contents of various constituents
were similar to those of American honey reported by
White et al. (1962), with the exception of maltose
content, which was much lower than the reported
average value of 7.3% (White et al., 1962). This discrep-
ancy may be due to differences in analytical methods.
In the present study, maltose content in honey was
determined by the HPLC method while in the earlier
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Figure 1. Average reflectance (panel A) and transmittance
(panel B) spectra of honey samples presented to the spectro-
photometer in a quartz cuvette with 1, 2, 4, or 10 mm optical
path length.

report maltose content in honey was calculated from
reducing disaccharide content. The variation ranges and
standard deviations of all constituents determined in
the present study were generally greater than those of
American honey reported by White et al. (1962), possibly
representing diversity of samples used in the present
study.

Figure 1 shows the average reflectance and transmit-
tance spectra of honey samples scanned with the spec-
trophotometer in a quartz cuvette with an optical path
length of 1, 2, 4, or 10 mm. Compared with the
reflectance spectra, spectra collected in transmittance
mode had sharper peaks and better resolution. Calibra-
tion tests with mPLS regression model showed that
transmittance spectra performed 30—70% better than
reflectance spectra as assessed by SECV.

The optical path length of the cuvette had a marked
impact on the transmittance spectra (Figure 1). Increase
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Table 2. Statistics of the Optimal Calibration Equations
Established with Transmittance Spectra with 1 mm
Optical Path Length and Regression Model of Modified
PLS

Qiu et al.

Table 3. Means, Bias, Standard Error of Prediction
(SEP), and Squared Correlation Coefficients (R 2) of
Chemical Composition of Honey Samples in the
Validation Set Predicted by Near-Infrared Spectroscopy

spectral math scatter
range treatment? correction® SECV¢ R?2 termd
moisture 1100-2500 1,5,5,1 no 0.08 1.0 7
HMF 400-2500 2,10,10,1 yes 60 0.88 8
fructose 400—-2500 2,8,6,1 yes 0.57 0.94 8
glucose 400—2500 2,551 yes 052 090 4
sucrose  1100—2500 2,5,5,1 yes 0.28 0.91 8
maltose 400—-2500 2,5,5,1 yes 0.31 0.92 6
free acid 1100—2500 1,10,10,1 yes 3.51 0.75 8
lactone 400—-1100 2,5,5,1 yes 0.44 0.42 2

a Math treatment: the first figure represents the derivative
order number (i.e., O indicates no derivative operation, 1 means
first derivative, and so on); the second figure represents gap, the
number of data points over which derivation was computed; the
third figure represents the number of data points for spectral
smoothing; and the fourth figure represents the data points for
second spectral smoothing.  Scatter correction was performed by
standard normal variate correction and de-trend. ¢ SECV, stan-
dard error of cross-validation. ¢ Term, the number of PLS factors
used in the regression equations.

of optical path length from 2 to 10 mm led to a marked
reduction of energy transmission, resulting in saturated
spectra in the region of 1300—2500 nm. Calibration tests
with modified PLS model showed that transmittance
spectra of 1 mm optical path length produced the lowest
SECYV for all honey constituents examined when com-
pared with the spectra of 2, 4, or 10 mm optical path
length.

Calibration tests with different regression models
showed that PLS performed better than MLR and PCR.
Calibration with MLR uses selected wavelengths only
while PCR captures as much of the variation in the
whole spectral range as possible (Osborne et al., 1993).
However, both MLR and PCR do not take account of
reference values when selecting or constructing spectral
components; whereas in the PLS regression model,
information about reference values is involved in con-
structing spectral components (Osborne et al., 1993).
This may explain why PLS performed better than MLR
and PCR models. Further comparison showed that
modified PLS performed better than PLS for all the
honey constituents studied except moisture content. It
has been stated in the ISI manual that modification
involving standardization of the residues after each
iteration can improve stability and accuracy of the PLS
calibration.

The optimal calibration equations for determination
of moisture, HMF, fructose, glucose, sucrose, maltose,
free acid, and lactone contents in honey samples were
constructed based on the lowest SECV and the highest
R 2. The statistical parameters of the optimal calibration
equations are presented in Table 2. The transmitance
spectra with 1 mm optical path length were selected for
all calibration equations. Modified PLS regression model
was selected for all honey constituents examined except
moisture content, of which optimal calibration was
developed with PLS regression model. Scatter correction
of the spectra generally improved the calibration per-
formance for most of the constituents (Table 2).

Validation of the established calibration equations
with independent samples showed that the spectroscopic
technique could accurately predict the contents of major
components in honey, such as moisture, fructose, and
glucose (Table 3). Correlation between the predicted

mean bias SEP R?2
moisture 18.1 0.0 0.16 1.00
HMF 34 44 110 0.66
fructose 37.5 0.1 0.42 0.97
glucose 30.7 0.1 0.34 0.91
sucrose 1.3 -0.1 0.34 0.86
maltose 2.9 —-0.1 0.28 0.93
free acid 17.5 -0.1 4.39 0.49
lactone 2.3 -0.1 0.79 0.00
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Figure 2. Scatter plot of moisture contents of the validation
samples determined by refractometer and NIR spectroscopy,
respectively.
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Figure 3. Scatter plot of fructose contents of the validation
samples determined by HPLC and NIR spectroscopy, respec-
tively.

values and the reference values produced squared
correlation coefficients of 1.00, 0.97, and 0.91 for mois-
ture, fructose, and glucose contents, respectively. Typi-
cal scatter plots for moisture and fructose contents are
shown in Figures 2 and 3. The prediction performances
of the spectroscopic technique for minor components of
sucrose and maltose were also acceptable. The squared
correlation coefficients between predicted values and the
reference values for sucrose and maltose were 0.86 and
0.93, respectively. However, the prediction accuracy for
trace components of HMF, free acid, and lactone was
rather poor and unreliable.

Although fructose, glucose, sucrose, and maltose have
similar structures and all contain C—H and O—H bonds,
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Figure 4. PLS loadings of the first four factors used in the regression calibrations of fructose and glucose contents in honey.

subtle differences exist in their NIR absorption spectra
(Osborne et al., 1993). In the present study, major PLS
loadings used in the calibration equations for individual
sugars reflected the subtle differences (Figures 4 and
5), indicating the specificity of the calibration equations
for individual sugars. The squared correlation coef-
ficients between total sugar content and the contents
of fructose, glucose, sucrose, and maltose determined
by the reference method were 0.50, 0.03, 0.28, and 0.18,
respectively. The squared correlation coefficients be-
tween the individual sugars determined by the reference

method were below 0.3. In contrast, the squared cor-
relation coefficients between the content of individual
sugars determined by the reference method and the
contents predicted by the NIR calibration equations
were above 0.85 (Table 3), further indicating the speci-
ficity of the NIR calibration equations for individual
sugars. Previous studies with mixtures of fructose,
glucose, and sucrose in dry powders or in agueous
solutions have also shown that specific NIR calibration
equations can be established for individual sugars
(Giangiacomo et al., 1981; Giangiacomo and Dull, 1986).
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Figure 5. PLS loadings of the first four factors used in the regression calibrations of sucrose and maltose contents in honey.

In conclusion, the present study demonstrated that
the NIR spectroscopy is feasible for rapid analysis of
major components of commercial honey.

ABBREVIATIONS USED

AOAC, Association of Official Analytical Chemists;
HMF, hydroxymethylfurfural; HPLC, high-pressure
liquid chromatography; ISI, Infrasoft International,
MLR, multiple linear regression; mPLS, modified par-

tial least squares; NIR, near-infrared; PCR, principal
component regression; PLS, partial least squares; R 2,
squared correlation coefficient; SD, standard deviation;
SECV, standard error of cross-validation; SEP, standard
error of prediction.
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