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Abstract
This work proposes a fast and accurate method based on near-infrared (NIR) spectroscopy with partial
least-squares discriminant analysis (PLS-DA) and aquaphotomics to identify toxic honeys. PLS-DA was
used to construct an optimal model for distinguishing toxic honey from non-toxic honey. The models
based on preprocessed NIR spectra have an accuracy of 92.73% and were more accurate than the model
based on raw NIR spectra. Based on the aquaphotomics analysis of the �rst overtone of water (1300–
1600 nm), we found that the 1398 nm, 1440 nm, and 1472 nm bands can be used as markers to
distinguish toxic honeys. Compared to non-toxic honeys, G. elegans-containing toxic honeys have a
signi�cantly smaller number of water molecules with multiple hydrogen bonds, due to the hydrogen
bonding of the C-O-C, C = O, and NH2 groups of gelsemine and koumine. These groups replace hydrogen
bonds between glucose/polysaccharide molecules and water.

1 Introduction
Honey has health bene�ts as well as medicinal value and it is one of the most widely consumed
nutritional products in China (Yang et al. 2020). China is a vast country with a wide variety of nectar
plants. Common nectar source plants are platycodon, rapeseed, lychee, loquat, osmanthus, sa�ower.
Toxic nectar plants like Gelsemium elegans, Tripterygium wilfordii, Veratrum nigrum L, Golden Wisteria,
Macleaya cordata, and Stellera chamaejasme Linn are also found in China. At the end of the �owering
period of non-toxic nectar plants or in excessively wet or dry conditions, toxic plants can become the
dominant source of nectar, which results in the production of toxic honey (Kumaravelu and Gopal. 2015;
Sun et al. 2019).

G. elegans is a poisonous plant that is mainly found in southern China (provinces like Zhejiang, Guangxi,
Guangdong and Fujian), which is one of the poisonous nectar source plants. Indole alkaloids are the
main toxic constituents of G. elegans, distributed throughout the plant, which has strong toxicity (Shen et
al. 2020). In recent years, several cases of honey poisoning and illness have occurred in southern China
due to the consumption of G. elegans-containing honeys; deaths have occurred in serious cases (Xu et al.
2015). Therefore, studies about methods for the identi�cation of toxic honey are of great signi�cance for
preventing honey poisoning and ensuring the stability of the honey industry. Currently, the methods for
identifying toxic honey include sensory analysis (Marcazzan et al. 2018), pollen identi�cation (Kraaijeveld
et al. 2015), gas chromatography (Kowalczyk et al. 2018), thin-layer chromatography(Islam et al. 2020),
and liquid chromatography-tandem mass spectrometry (Koike et al. 2020). Mistakes can occur in sensory
analysis and pollen identi�cation due to interpretation bias. Chromatography is complex, time-
consuming, and expensive. Therefore, there is an urgent need to develop a fast, simple, and accurate
analytical method for the identi�cation of toxic honey.

Near-infrared (NIR) spectroscopy is a fast, simple, and accurate analytical technique that is widely used in
food analysis (Yakubu et al. 2020). In recent years, many studies around the world have demonstrated
the feasibility of using NIR spectroscopy for honey quality inspections (Skaff et al. 2021). However, the
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use of NIR to detect G. elegans-containing toxic honeys has yet to be reported. Honey consists of water
and a diverse variety of carbohydrates. Due to its diverse components and water absorption, the NIR
spectra of honey contains overlapping bands. Moreover, as the toxic components of G. elegans are
present in low concentrations, their spectral absorptions are easily masked by those of other compounds.
This makes it di�cult to identify toxic honeys based on spectral differences alone. To address the
aforementioned problems and extract useful information from NIR spectra, it is necessary to develop an
algorithm that can extract the spectral features of toxic honey and use them to identify toxic honeys.

Aquaphotomics is a new scienti�c discipline introduced by Tsenkova (Tsenkova et al. 2018). In this novel
approach to NIR analysis, water molecules are treated as the “matrix” of the system, and their
absorptions are the primary source of information. Other substrates (solutes) are viewed as perturbing
factors. By using the “extended water mirror approach” (EWMA), aquaphotomics allows changes in NIR
water absorptions to re�ect on changes in molecules in the aqueous system. Currently, aquaphotomics is
widely used in food analysis (Muncan and Tsenkova. 2019; Yakubu et al. 2020) and disease diagnosis (Li
et al. 2020; Tsenkova 2006). However, the use of NIR aquaphotomics to identify toxic honeys has not
been reported.

The aim of this study was to provide a rapid and accurate method for identifying toxic honey. To this end,
NIR spectroscopy was combined with partial least-squares discriminant analysis (PLS-DA) to develop a
model for the discrimination of toxic and non-toxic honeys. NIR aquaphotomics was then used to
elucidate changes in the NIR water absorptions of toxic and non-toxic honey and aquagrams were used
to analyze the differences in their water spectral patterns (WASPs). A new approach for the rapid and
accurate identi�cation of toxic honeys was established.

2 Materials And Methods

2.1 Experimental apparatus
A FOSS XDS Rapid Content Analyzer with the rapid liquid analyzer accessory (FOSS, Denmark) was used
for the acquisition of NIR spectra. The spectral acquisition range of the system was 400 nm – 2500 nm,
and the detectors are Si (400 ~ 1100 nm) and PbS (1100 ~ 2500 nm). Gelsemine, gelsemicine, koumine,
and gelsenicine concentrations were determined using an LC-20 AT HPLC system (Shimadzu, Japan),
which was equipped with a UV detector, Welch Ultimate AQ-C18 column (250 mm × 4.6 mm, 5 µm),
nitrogen blower, SK-1 vortex mixer, Oasis HLB solid phase extraction (SPE) cartridge (100 mg/3 mL),
Cleanert PCX SPE cartridge (100 mg/3 mL), and C18 SPE cartridge (100 mg/3 mL).

2.2 Honey samples and spectral collection
The 218 honey samples used in this experiment were provided by the Guangdong Institute of Applied
Biological Resources. The 95 toxic honey samples were collected from provinces in southern China
including Guangdong, Guangxi, and Fujian, within the distribution range of G. elegans. The 123 non-toxic
honey samples were pure natural honeys collected from the natural forests of Meizhou City, Zhaoqing
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City, Yangjiang City, Puning City, Guangzhou City, Gaozhou City, Longmen County, Shaoguan City, Jieyang
City, Conghua City, Heyuan City, Yunfu City in the Guangdong Province, and Beiliu City in the Guangxi
Province. The concentrations of the four toxins of G. elegans in the toxic honeys is listed in Table 1. 

 
Table 1

The concentrations of the four toxins of G. elegans
Content µg/kg Gelsemine Gelsemicine Koumine Gelsenicine

Min 0.04770 0.06690 0.06448 0.08560

Max 13.51000 59.78000 0.03580 10.70000

Avg 0.43630 1.37300 0.04859 0.26400

Bias 0.48690 1.56600 0.01711 0.20050

The glucose contained in honey crystallizes below 25 ℃, which leads to an uneven distribution of its
constituents. This affects the consistency of the NIR spectra and thus the identi�cation of toxic honey.
Therefore, prior to NIR analysis, all honey samples were placed in a 50°C water bath for 1 h to dissolve all
of the crystalline material or nuclei. The samples were then placed in a 30 ℃ water bath for 48 h in order
to remove all air bubbles. Finally, the samples were loaded into sample tubes, labeled, and placed in a
sample rack where they were stored at room temperature until used. During the NIR experiments, 2 mL of
the honey sample was placed in a 2 mm cuvette. The absorbance spectrum of the sample was recorded
from 400 nm to 2500 nm (in 2 nm intervals). Three measurements were taken and averaged for each
honey sample. A total of 218 spectra were collected.

2.3 Aquaphotomics
Water is a natural biological matrix, as its molecules are bound to each other by strong hydrogen bonding
interactions. Changes in the physical and chemical properties of a biological system produce changes in
the absorption modes of their water molecules. Although all honeys primarily consist of water and
sugars, there are signi�cant differences in the chemical constitutions of non-toxic and toxic honeys.
Therefore, the toxic components of G. elegans perturb the absorption modes of water in the honey. Hence,
the water absorptions of honey could potentially be used to distinguish between non-toxic and toxic
honeys.

Each water molecular structure has a distinct spectral range, known as the water matrix coordinates
(WAMACS). There are 12 WAMACS that have been experimentally discovered in the �rst overtone of
water (1300–1600 nm) and shown in Table 2 (Muncan and Tsenkova 2019). The combination of the
activated water bands, at which the light absorbance is in�uenced by the perturbations, depicts a
characteristic spectral pattern called Water Spectral Pattern (WASP), which re�ects the condition of the
whole water molecular system. It contains a huge amount of physical and chemical information for the
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solution because the water hydrogen bonding network is easily in�uenced by any subtle perturbations
including the solutes.

Table 2
Water absorption modes in the NIR region of toxic honeys and non-toxic honeys

WAMSCs Range (nm) Characteristic wavelengths (nm) Assignment

C1 1336–1348   ν3

C2 1360–1366   OH stretch

C3 1370–1376   ν1 + ν3

C4 1380–1390 1386 OH stretch

C5 1398–1418 1398, 1412 S0

C6 1420–1428 1422, 1428 Water hydration

C7 1434–1444 1440 S1

C8 1448–1454 1452 ν1 + ν3

C9 1460–1468   S2

C10 1472–1482 1472 S3

C11 1482–1495   S4

C12 1506–1516   Strongly bonded water or V2

WAMACS - Water Matrix Coordinates.

ν 1 - symmetric stretching of �rst overtone of water.

ν 2 - bending of �rst overtone of water.

ν 3 - asymmetric stretching of �rst overtone of water.

S0 − 4 - (H2O) 1−5.

This work proposes the use of NIR aquaphotomics to identify toxic honey. First, the characteristic bands
that exhibit the largest difference between toxic and non-toxic honeys are selected based on difference
spectra, derivative spectra, and principal component analysis (PCA) loading analysis. A radar chart
(aquagram) is then plotted based on these features to perform a comprehensive aquaphotomics analysis
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of non-toxic and toxic honeys. The procedures of this method are as follows: WASPs are represented as
aquagrams, which are radar charts based on the normalized absorbance of several characteristic water
bands. The value of the WASP on each axis is given by Eq. (1). First, the 1300–1600 nm band is
preprocessed using the �rst-order derivative and multiple scattering correction (MSC) methods and the
absorbances of the characteristic water bands are then extracted. Next, the absorbances of each sample
are normalized and averaged and the absorbances of the selected bands are presented on their
corresponding radial axes in the aquagram. The normalized absorbance of each band is given by the
equation where Aqλ is the normalized absorbance on the aquagram, Aλ is the absorbance obtained from
�rst-order derivative and MSC preprocessing of the raw spectrum, µλ is the mean of all the spectra for the
examined group of samples after transformation, σλ is the standard deviation of all spectra for the
examined group after transformation, and λ is the wavelength of the selected band.

2.4 Sample set partitioning and model evaluation
In this study, 218 honey samples were divided into training and validation sets in a 3:1 ratio using
randomized smoothing. The training set consisted of 163 samples including 71 G. elegans-containing
toxic honeys and 92 natural non-toxic honeys. The prediction set had 55 samples including 24 G.
elegans-containing toxic honeys and 31 natural non-toxic honeys. The partitioning of the samples is
shown in Table 3.

Table 3
Partitioning of honey samples

Category Number of samples Total

Training set Validation set

Poisonous 71 24 95

Non-poisonous 92 31 123

Total samples 163 55 218

To maximize the performance of the classi�cation model, it is necessary to evaluate its e�cacy. Three
indicators are used to evaluate prediction performance: accuracy, sensitivity, and speci�city. High
accuracy, speci�city, and sensitivity values are indicative of a representative classi�cation model(Liu et
al. 2020). Accuracy is the percentage of samples out of the total number of samples that were correctly
classi�ed in the prediction set by the trained model. Sensitivity is the percentage of positive samples that
were correctly classi�ed and speci�city is the percentage of negative samples that were correctly
classi�ed.
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Ncorrect and Ntotal denote the number of correctly classi�ed samples and the total number of samples in
the prediction set, respectively. ET, MN, MF, and CT are the number of true positives, true negatives, false
negatives, and false positives, respectively.

3 Results And Discussion

3.1 Spectral analysis

3.1.1 Analysis of raw spectra
The raw and averaged NIR spectra of the honey samples are shown in Figs. 1(a) and 1(b). In Fig. 1(a), the
1460 nm (O-H stretching vibration of �rst overtone) and 1938 nm (O-H stretching and bending vibration)
bands are the two most signi�cant absorption modes of water in the NIR region (Muncan et al. 2020).
The 1690 nm mode is the characteristic peak of fructose in honey (the �rst overtone stretching vibration
of C-H). The 1771 nm band is the characteristic peak of sugars and gelsemine in honey (second overtone
of the C = O stretch). The 2098 nm band belongs to the O-H bending and C-O bond stretching vibrations
of the C-O-C group in gelsemine. 2276 nm is the C-H stretching and bending mode. 2326 nm is the
stretching and bending vibration of CH2 (Zhang et al. 2013) and 2440 nm is a combination band between
C-H and CH2 (Grassi et al. 2018 ).

As shown in Fig. 1(b), the NIR spectra of natural non-toxic honey and toxic honey are identical, except for
slight differences at 1460 nm and 2018 nm. These differences may be related to the second overtone of
the C = O stretch in gelsemine or perturbations to the �rst overtone of water (1460 nm) due to the
presence of gelsemine and koumine. Therefore, toxic and non-toxic honeys cannot be differentiated by
inspecting the NIR spectra with the naked eye. To construct a classi�cation model that distinguishes the
NIR spectra of toxic and non-toxic honeys, spectral processing was used in tandem with machine
learning to minimize the effects of noise and increase the information that is extracted from NIR spectra.

3.1.2 Spectral preprocessing
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NIR signals carry a substantial amount of information about the chemical constitution of a sample.
However, they also contain interfering factors such as noise, stray light, and the instrument response.
These factors affect the stability of the spectra and cause spectral baseline drift, thus reducing the
accuracy of the classi�cation model. To obtain an accurate classi�cation model, four preprocessing
methods were applied to the raw NIR data: MSC, standard normal variate (SNV), �rst derivative, and
second derivative processing.

Figure 1(c), 1(d), 1(e), and 1(f) show the preprocessed NIR spectra. Averaging the preprocessed spectra
enabled the identi�cation of spectral differences between toxic and non-toxic honeys. Although the trends
in Figs. 1(c) and 1(d) are similar to those of the raw spectra, the MSC- and SNV- preprocessed spectra
show that toxic and non-toxic honeys have different absorption intensities at 1460 nm, 1938 nm, 2018
nm, 2098 nm, and 2440 nm. The bands at approximately 2000 nm are O-H stretching vibrations and the
2098 nm band in particular is a combination band consisting of O-H bending and C-O stretching
vibrations (Sakudo 2016).

In Fig. 1(e), the averaged �rst-derivative NIR spectra of toxic and non-toxic honeys differ at 1418 nm,
1904 nm, and 2050 nm. The 1389–1418 nm range corresponds to the absorption of free water molecules
and the combination absorption band of water is located at approximately 1900 nm – 1950 nm. The
differences between toxic and non-toxic honeys in the averaged second-derivative NIR spectra (Fig. 1(f))
occur at 1884 nm (the stretching-bending combination band of water), 1920 nm (the second-overtone
stretching vibration of O-H from water and sugar and C = O from gelsemine), and 2090 nm (hydrogen
bonding of O-H groups in the carbohydrate region) (Cakmak-Arslan et al. 2020; Yang et al. 2020). The
second-derivative spectra of toxic honey contains an additional shoulder peak at 1944 nm (O-H overtone
vibrations) that is absent in non-toxic honey. This peak may be attributed to gelsemine and koumine
interfering with water-water and water-sugar hydrogen bonding interactions, which enhances the intensity
of O-H overtone vibrations.

3.2 Toxic honey identi�cation using NIR with PLS-DA
This work is the �rst report combining NIR spectroscopy with PLS-DA to construct a model in order to
identify toxic honeys. Before constructing the PLS-DA model, the training and prediction sets were labeled
and the non-toxic and toxic honey samples were assigned values of 1 and − 1, respectively. PLS-DA was
then used to determine the accuracies of the principal components, select the optimal PLS factor, and
construct the optimal model for toxic honey identi�cation. Finally, the prediction set was used to evaluate
the constructed model.

The accuracy, sensitivity, and speci�city of the model based on raw NIR spectra are 90.9%, 100% and
83.87% (Table 4), respectively. The models based on MSC, SNV, �rst-derivative or second-derivative
preprocessed NIR spectra have an accuracy, sensitivity, and speci�city of 92.73%, 87.09%, and 100%,
respectively. The optimal PLS factors were 8, 9, and 10. Although the classi�cation model always has the
same accuracy regardless of the type of preprocessing, the optimal PLS factor of the �rst-derivative



Page 10/17

model is 8, which indicates that it has the lowest model complexity between all models. Hence, the
identi�cation model of toxic honey established after the �rst-derivative pretreatment has the best effect.

Table 4
E�cacies of PLS-DA models with different preprocessing methods

Pretreatment method Optimal component score Sensitivity Speci�city Accuracy (%)

Untreated 8 100.00% 83.87% 90.90%

First Derivative 8 100.00% 87.09% 92.73%

Second Derivative 9 100.00% 87.09% 92.73%

SNV 10 100.00% 87.09% 92.73%

MSC 10 100.00% 87.09% 92.73%

Figure 2 compares toxic and non-toxic honey samples in the �rst three principal components. In Fig. 2(a),
the toxic honey distribution pro�le is clustered and overlaps slightly with the distribution pro�le of non-
toxic honey. Hence, the �rst and second principal components could be used to distinguish toxic honeys
from non-toxic honeys. In Figs. 2(b) and (c), there are many overlaps between toxic and non-toxic honeys,
which makes it more di�cult to distinguish these honeys. In summary, it was found that the �rst three
principal components cannot be used to accurately distinguish toxic honeys because they only extracted
a small amount of feature information. However, after the principal components were optimized, an
accuracy of 92.37% was achieved with a model using the �rst eight principal components.

3.3 Identi�cation of toxic honeys using NIR aquaphotomics

3.3.1 Analysis of difference spectra and derivative spectra
The averaged spectra and difference in spectra from 1300 nm – 1600 nm of the honey samples are
shown in Fig. 3(a) and (b). Non-toxic and toxic honeys have nearly identical spectra, but the 1460 nm
absorption of toxic honey is slightly stronger than that of non-toxic honey. This shows that the water
content differs slightly between toxic and non-toxic honeys. The difference spectrum shows that toxic
and non-toxic honeys differ at 1380 nm and 1428 nm. The 1380 nm band originates from the solvent
layer of water molecules while the 1428 nm band originates from crystallized waters (Bázár et al. 2016;
Beć et al. 2020). The error bars represent the absorbance range of honeys from different batches and
collection sites.

Figure 3(c) shows the second derivative and difference spectra. Second derivative processing effectively
increased spectral resolution, which made it easier to identify differences between the NIR spectra of
toxic and non-toxic honeys. In this �gure, the second derivative transformation enhanced the peaks of the
raw averaged spectrum. The largest positive peak is located at 1398 nm while the largest negative peak
is located at 1440 nm. The 1398 nm band corresponds to free water molecules while the 1440 nm band
comes from water species with one hydrogen bond. Furthermore, the difference spectra analysis shows
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that toxic and non-toxic honeys mainly differ at 1386 nm (O-H stretch of water), 1422 nm (characteristic
peak of crystallized waters), 1452 nm (symmetric stretching and doubly degenerate bending modes of
water O-H ), and 1472 nm (water species with three hydrogen bonds) (Breiman et al. 2017). The error bars
indicate the absorbance range of honeys from different batches and collection sites.

3.3.2 Principal component analysis
NIR spectra are often highly correlated which can cause data redundancy. For this reason, PCA was
applied to the 1300 nm – 1600 nm NIR spectra of all of the samples in this experiment to simplify the NIR
data. The results of PCA on the NIR spectra of the honey samples are shown in Fig. 4. The 3D PCA score
plot (Fig. 4(a)) shows the 3D projections of the �rst three principal components, whose cumulative
explained variance is 93.23%. Therefore, the �rst three principal components re�ect on the majority of the
basic features of the raw data.

As one follows the PC3 axis from its negative end to the positive end, the honeys change from toxic to
non-toxic (see Fig. 4(a)). However, there is a degree of overlap between the toxic and non-toxic honeys,
which indicates that PCA alone cannot accurately distinguish toxic and non-toxic honeys. Figure 5(b)
shows the loadings of the �rst three principal components. PC1 has the highest positive correlation at
1428 nm, while PC2 has almost no contribution. PC3 shows a degree of negative correlation at 1380 nm,
1412 nm, and 1434 nm. The peak at 1412 nm belongs to water molecules without hydrogen bonding
while the 1434 nm band is the absorption peak of water species with one hydrogen bond.

3.3.3 Results of Aquaphotomics
We experimentally demonstrated that there are 12 WAMACS in the �rst overtone of water (1300 nm –
1600 nm). In this study, the 10 following characteristic wavelengths were selected based on difference
spectra analysis, PCA, and derivative spectra analysis: 1386 nm, 1398 nm, 1412 nm, 1422 nm, 1428 nm,
1434 nm, 1440 nm, 1452 nm, 1470 nm, and 1522 nm. Based on these wavelengths and Eq. (1–8),
aquagrams were plotted to analyze the differences between toxic and non-toxic honeys in terms of their
WASPs.

The aquagrams of glucose solution and pure water are shown in Fig. 5(a), which shows that the most
intense absorption modes of pure water are 1386 nm (solvent layer of water) and 1398 nm (free water
molecules). This indicates that pure water contains a large number of free waters. As the concentration
of glucose increased in the glucose solution, the 1472 nm and 1522 nm bands gradually intensi�ed while
the 1386 nm and 1398 nm bands gradually weakened. Therefore, increasing glucose concentration
increases the number of water molecules with three hydrogen bonds and reduces the number of free
waters. This is likely to be caused by glucose-water hydrogen bonds replacing water-water hydrogen
bonds (as shown in Fig. 6), as a glucose molecule has six OH groups that can interact with water
molecules via hydrogen bonds. Hence, increasing glucose concentration increases the number of water
molecules with three hydrogen bonds and decreases the number of free water molecules.
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The aquagrams of toxic and non-toxic honey are shown in Fig. 5(b) and there are signi�cant differences
between these aquagrams. G. elegans-containing toxic honeys have signi�cantly higher absorptions than
non-toxic honeys at �ve WAMACS: 1386 nm (solvent layer of water), 1398 nm and 1412 nm (free waters),
1422 nm (water molecules with no hydrogen bonds), and 1428 nm (C-H and O-H stretching vibration
groups). Therefore, toxic honeys contain a larger number of free water molecules than non-toxic honeys.
Non-toxic honey samples show signi�cantly stronger absorbances than toxic honey samples at the 1440
nm (waters with one hydrogen bond), 1452 nm (bending and fundamental asymmetric stretching mode
of water), 1472 nm (waters with three hydrogen bonds), and 1522 nm (unassigned) WAMACS.

The error bars represent the absorbance range of honeys from different batches and collection sites.
Although the error bars in the aquagram indicate a signi�cant degree of overlap between toxic and non-
toxic honeys, there is no overlap at the 1386 nm (O-H stretch), 1440 nm (waters with one hydrogen bond),
1452 nm (bending and fundamental asymmetric stretching mode of water), 1472 nm (waters with three
hydrogen bonds), and 1522 nm (unassigned) bands. Hence, there are signi�cant differences between
non-toxic and toxic honeys at these �ve WAMACS. This also shows that the number of free waters and
the number of waters with three hydrogen bonds are important markers for the differentiation of toxic
and non-toxic honeys.

The main components of honey are glucose and fructose. Hence, honey solutions are similar to glucose
solutions, as both have a large number of waters with multiple hydrogen bonds and few free waters. In
Fig. 5(b), we show that non-toxic honeys and glucose solutions have similar aquagrams that are
signi�cantly different than the aquagrams of G. elegans-containing toxic honeys. This is because each
organic molecule has a distinct set of polar groups which have different hydrogen bonding a�nities. As
compared to the hydroxyl groups of glucose, the C-O-C, C = O and NH2 groups of gelsemine and koumine
have much stronger hydrogen bond energies and thus form stronger bonds with water (Chen et al. 2011).
Hence, toxic honey has fewer hydrogen bonded waters than non-toxic honey due to the presence of these
toxic substances. The strong binding between water and the C-O-C, C = O, and NH2 groups of gelsemine
and koumine effectively replaces water-water and glucose-water hydrogen bonds in honey (as shown in
Fig. 6), which reduces the number of hydrogen bonds between water and glucose/polysaccharides. The
chemical groups of gelsemine and koumine only form a hydrogen bond with one water molecule. As
compared to non-toxic honeys, toxic honeys have a higher number of free waters (1398 nm) and small
water clusters (1440 nm) and a smaller number of water species with multiple hydrogen bonds (1472
nm).

4 Conclusion
This study veri�ed the feasibility of using NIR spectroscopy with PLS-DA and aquaphotomics in order to
distinguish toxic honeys containing gelsemine and koumine from non-toxic honeys. To construct the NIR-
based PLS-DA classi�cation model, raw NIR spectra were �rst subjected to MSC, SNV, �rst-derivative, and
second-derivative processing. We found that �rst-derivative preprocessing was optimal and that the
sensitivity, speci�city and accuracy of the optimal model are 100%, 87.09%, and 92.73%, respectively.
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Based on NIR aquaphotomics analysis, the differences between non-toxic honeys and toxic honeys
containing gelsemine and koumine are most signi�cant at the 1386 nm, 1470 nm, and 1522 nm bands.
The aquagrams show that toxic honeys have stronger absorptions in the shorter wavelengths (1386 nm,
1398 nm, 1412 nm, 1422 nm, and 1428 nm), which indicate a smaller number of hydrogen-bonded
waters and a larger number of free waters. Non-toxic honeys have stronger absorptions in the longer
wavelengths (1440 nm, 1452 nm, 1472 nm, and 1522 nm), which indicates that non-toxic honeys have a
larger number of structural waters. In summary, we have developed a fast, simple, and accurate method
for distinguishing toxic honeys from non-toxic honeys by combining NIR spectroscopy with PLS-DA and
aquaphotomics. This is important for ensuring the stability and health of the honey industry and
protecting consumer lives.
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Figure 1

NIR spectra of honey samples and Averaged preprocessed NIR spectra of honey: (a) raw spectra; (b)
averaged spectra; (c) averaged MSC spectra; (d) averaged SNV spectra; (e) averaged �rst-derivative
spectra; (f) averaged second-derivative spectra.

Figure 2

PLS-DA score distribution of the �rst three principal components extraction of sample.

Figure 3

1300 nm – 1600 nm spectra of toxic and non-toxic honeys: (a) averaged raw spectra; (b) averaged
difference spectra; (c) Second-derivative spectra of honey (1300–1600 nm)
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Figure 4

Result of PCA on the NIR spectra of honey samples: (a) PCA 3D score plot and (b) PCA loading plot

Figure 5

Aquagrams with 10 WAMACS for: (a) glucose solutions and pure water and (b) toxic honey and non-toxic
honey

Figure 6

Hydrogen bonding interactions: (a) schematic diagram of hydrogen bonding between water molecules;
(b) replacement of glucose by gelsemine in toxic honey.


