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Abstract

Honey, a multifaceted blend of sugars, amino acids, vitamins, proteins, and minerals, exhibits compositional variability
dependent upon the floral source. While previous studies have attempted to categorize honey, the use of glycomic profiles
for honey classification remains an unexplored avenue. This investigation seeks to establish a methodology for distinguish-
ing honey types, specifically multi-floral and pine honey, employing mass spectrometry-based glycomic analysis in tandem
with machine learning. In this search, seven samples of pine honey and eight samples of multi-floral honey were obtained
from diverse regions of Turkey. Subsequently, the proteins within these honey samples were extracted, and glycans were
enzymatically released. The released glycans were labeled with 2-aminobenzoic acid (2-AA) and subjected to analysis via
matrix-assisted laser desorption/ionization mass spectrometry (MALDI-MS). The glycan profiles of pine and multi-floral
honey were determined through these analytical procedures, revealing a total of 76 distinct N-glycan structures. Among these,
13 N-glycan profiles consistently established at high levels across experimental replicates and were incorporated in subse-
quent analyses. Following the quantification of individual glycan abundances, statistically significant differences in glycan
profiles were determined. Notably, N-glycans Hex5SHexNAc2, Hex4HexNAc3, and Hex5HexNAc3 displayed considerable
differences. Using the 13 N-glycan profiles, an accuracy rate of 93.5% was obtained from machine learning analysis, which
increased to 100% when incorporating the identified significantly changed glycans. The most productive models were identi-
fied as “subspace and fine k-nearest neighbors (KNN).” The findings underscore the potential of mass spectrometry-based
glycomics in conjunction with machine learning as a robust tool for precise honey type classification and its prospective
utility in quality control and honey product authentication.
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Introduction

Honey, a natural sweetener formed by bees from the nectar
of various types of flowers, has a composition that varies
depending on factors such as botanical and geographical
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origin, as well as processing and storage conditions [1, 2].
Therefore, it is essential to develop reliable analytical meth-
ods for evaluating the quality and authenticity of honey. The
components found in honey, including carbohydrates, amino
acids, vitamins, and minerals, are crucial factors that deter-
mine its nutritional and therapeutic properties [2]. Honey
sourced from different types of flowers possesses unique
chemical constituents, including antimicrobial, anti-inflam-
matory, and antioxidant properties [2—8]. However, concerns
have arisen about the quality and authenticity of honey due
to common issues in the market, such as impurity and mis-
labeling [9].

In honey authentication research, conventional
approaches are used to determine its botanical origin.
Sensory and physicochemical assessments are employed
to learn the provenance of monofloral honey [10]. At the
same time, the customary practice involves the utilization of
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melissopalynological analysis for the microscopic scrutiny
and identification of floral pollen grains within honey [11].
Nevertheless, it should be noted that melissopalynological
methodologies may not be as pertinent when applied to other
honey varieties due to the inherent variability in pollen con-
tent, which typically exhibits lower levels [12]. In addition,
the melissopalynological analysis is an intricate process that
requires a limited number of highly trained experts, possibly
owing to the rigorous training needed for this specialized
field [13].

The limitations of conventional methods for verifying the
botanical and geographical origins of honey emphasize the
necessity for more dependable and contemporary analytical
approaches. Cutting-edge analytical instruments and sensor
arrays, including chromatography [14], mass spectrometry
(MS) [15] techniques, vibrational spectroscopy such as infra-
red (IR) [16] and Raman spectroscopy methods [17], nuclear
magnetic resonance (NMR) [18], are joined in research to
assess sugar profiles, mineral content, phenolic and flavo-
noid compositions, aroma characteristics, and amino acid
compositions[19]. The application of these tools is crucial in
ensuring the precision of honey origin authentication.

Among many analytical techniques, mass spectrometry-
based glycomic methods have emerged as practical tools
for the detailed analysis of carbohydrate components in
glycoproteins [20, 21]. This method analyzes mass-to-
charge ratios and fragmentation patterns to identify com-
plex carbohydrate structures located in honey glycoproteins
for the honey samples and determine their quantities [22,
23]. This allows for obtaining a detailed profile of the gly-
cans in honey glycoproteins, including information about
glycan compositions, linkage types, and branching patterns.
However, interpreting this complex data can be challeng-
ing due to the limitations of traditional statistical meth-
ods. In this regard, the use of advanced data analysis with
machine learning approaches may be a good choice [24].
Machine learning algorithms can analyze large datasets to
uncover situations or relationships that may go unnoticed by
observers. In this context, machine learning is commonly
used to classify honey types and determine their essential
characteristics[17].

In this study, honey samples from different origins were
collected and categorized as multi-floral and pine honey
based on botanical type. The N-glycan compositions of these
samples were analyzed using mass spectrometry-based gly-
comic methods, and the classification potential of machine
learning was explored for distinguishing between multi-flo-
ral and pine honey. The performance of the machine learn-
ing models was evaluated. The outcomes of this study will
introduce a technique that can be used to classify two widely
consumed honey types with different botanical origins and
contribute to understanding the chemical diversity of these
honey types.
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Methods
Materials

All chemicals used within the scope of the study were
sourced from Sigma-Aldrich (St Louis, MO, USA) unless
otherwise specified. PNGase F enzyme was procured from
Promega. Multi-floral (n=38) and pine honey (n=_8) were
obtained from various regions in Turkey where honey pro-
duction is carried out.

Extraction of honey glycoproteins

A 100 pL sample was taken from each honey type (from pine
and flower sources). To each sample, 100 pL of chloroform
was added and mixed. Then, 300 uL of deionized water and
400 pL of methanol were added. The prepared samples were
centrifuged at 14,000 relative centrifugal force (rcf), and the
resulting liquid phase was separated without disturbing the
pellet. An additional 400 pL of methanol was added, and
the samples were centrifuged again at 14,000 rcf for 5 min.
Once again, the upper phase was removed, and in the final
step, the samples were dried under rapid vacuum at 45 °C.

Release and labeling of N-glycans from honey
glycoproteins

After dissolving protein extracts in 50 pL of 1% SDS, they
were incubated at 90 °C for 10 min for denaturation. Sub-
sequently, 25 pL of 2% Igepal-CA630 and 25 pL of 5XPBS
were added to the solution and mixed. To perform enzy-
matic deglycosylation, 1 U of PNGase F enzyme was added,
and the samples were left overnight at 37 °C. Following the
removal of N-glycans from glycoproteins, the samples were
labeled with 2-aminobenzoic acid (2-AA). For this process,
solutions of 48 mg/mL 2-AA (in dimethyl sulfoxide/acetic
acid, 10:3, v/v) and 63 mg/mL sodium cyanoborohydride
(NaCNBHj;) (in DMSO) were prepared. Then, 50 uL of
2-AA and 50 L of NaCNBH; were sequentially added to
the honey samples subjected to glycan release. The labeling
process was carried out by incubating the samples at 65 °C
for 2 h.

Purification of N-glycans via HILIC
and PGC-containing solid phase extraction
cartridges

2-AA labeled N-glycans were first purified using solid-
phase extraction with cellulose. Samples were supplemented
with 100% ACN to reach 85% ACN in their final volumes.
Approximately 20 mg of cellulose solid-phase extraction
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cartridges were used for this purpose. The cartridges were
initially washed twice with 1 mL of 100% water and then
85% ACN. The samples were added to the cartridges and
left to interact with the material for 5 min. Subsequently,
the cellulose-containing cartridges were washed three times
with 85% ACN containing 1% TFA and 85% ACN solutions,
effectively removing excess labels and other chemicals.
Elution of 2-AA labeled N-glycans was carried out using
0.75 mL of water. Later, 0.75 pL of TFA was added to the
samples, followed by purification with porous graphitized
carbon. Approximately 20 mg of porous graphitized car-
bon-containing material was placed inside the cartridges.
Initially, carbon-containing cartridges were washed twice,
with 1 mL of 80% ACN containing 0.1% TFA and 0.1% TFA
in water, respectively. Subsequently, the samples previously
purified with cellulose were added to the carbon-containing
cartridges and incubated for 5 min to allow the samples to
interact with the material. Then, the PGC-containing car-
tridges were washed five times with water containing 0.1%
TFA. Elution of 2-AA labeled glycans was performed using
80% ACN containing 0.1% TFA. Finally, the samples were
dried using a speed vacuum concentrator at 45 °C.

MALDI-MS analysis

One microliter (1 uL) of the elution solution was spotted
onto an MTP 384 Anchor sample holder and allowed to
dry. Subsequently, 1 puL of a solution containing 5 mg of
2,5-dihydroxybenzoic acid (DHB) matrix dissolved in ace-
tonitrile/H,O (1/1, v/v) with 0.1% orthophosphoric acid
was added to the dried sample. The analysis was performed
using MALDI mass spectrometry with a Bruker rapifleXTM
MALDI TissuetyperTM instrument (Germany, Bremen).
The analysis was conducted in the reflectron mode with
at least 8000 laser shots for negative ionization. Prior to
each analysis, mass calibration of the Bruker rapifleXTM
MALDI TissuetyperTM mass spectrometry was performed
using a peptide mixture. Mass spectra in the range of
1000—4000 m/z were obtained with an applied acceleration
voltage of 25 kV.

Data analysis of N-glycans

The data obtained for the analysis of N-glycans were trans-
ferred to ProteinScape software for identification. The
Glycoquest algorithm was used to determine which glycan
components each peak detected. The CarbBank database
was utilized for the searches, with a mass error tolerance
of 100 ppm. The areas of the obtained glycan components
were determined using Flex Analysis software, and the rela-
tive area of each N-glycan was obtained using a total area
normalization approach. Each sample was analyzed with
two experimental replicates. Spectrum quality guided the

selection of 17 pine honey and 14 multi-floral honey spectra
for the analysis.

Statistical and machine learning analyses

Perseus software was employed for statistical analyses. First,
the normalized data was imported into the software. After
necessary groupings were made, the data was classified to
include relative areas of at least 80% for the defined group.
Values without defined relative areas were set to 0. Classic
t-tests were used for statistical analyses, and a change rate
with a p-value less than 0.05 was considered significant.
Volcano plots were created to identify components showing
substantial changes.

In machine learning analyses, two different datasets were
used. The first dataset included 13 different N-glycan com-
positions, while the second dataset comprised three different
N-glycans found to have significant statistical changes. Both
datasets were loaded into the classification learner appli-
cation in MatLab software. The cross-validation rate was
set at “5,” and the classification performance of all algo-
rithms available in the application was tested. Subsequently,
machine learning models were evaluated for their perfor-
mance using metrics such as accuracy and ROC analysis.

Results and discussion

In this study, samples were obtained from two different
honey sources (pine honey and multi-floral honey) from
various regions. Initially, honey proteins were extracted
from the samples, and then glycan release was performed,
followed by labeling with 2-AA. Subsequently, purification
of 2-AA labeled glycans was carried out. Glycans were ana-
lyzed using MALDI-MS. The peak areas for the identified
glycans were extracted, and the relative abundance of each
glycan was calculated. Finally, statistical and machine learn-
ing analyses were conducted.

As aresult of the analyses, a total of 76 different N-glycan
compositions were identified (Table 1). In Fig. 1, MALDI
mass spectra for multi-floral and pine kinds of honey are
presented. Out of these, 13 N-glycan profiles that were con-
sistently present in experimental replicates were utilized
in the statistical analyses. After determining the relative
abundance of each glycan, statistically significant varia-
tions in glycan profiles were identified. A classical t-test
was applied to detect statistically significant changes in gly-
can abundance between the two honey types. Significantly
regulated N-glycans that contributed to the differentiation
between pine and multi-floral honey are shown in Fig. 2.
The volcano plot seen in Fig. 2A reveals that the glycans
Hex5HexNAc3, Hex4HexNAc3, and Hex5SHexNAc2 exhib-
ited statistically significant differences between multi-floral
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Table 1 The list of the
identified N-glycans belonging
to pine and multi-floral honeys

@ Springer

Row Proposed Composition m/z meas z m/z calc A MH + [Da]
1 Hex3HexNAc2-AA 1030.469 -1 1030.373 0.096
2 Hex3HexNAc2Penl-AA 1162.465 -1 1162.416 0.049
3 Hex3HexNAc2dHex1-AA 1176.473 -1 1176.431 0.041
4 Hex3HexNAc2Me2Penl-AA 1190.443 -1 1190.447 —0.004
5 Hex4HexNAc2-AA 1192.466 -1 1192.426 0.040
6 Hex3HexNAc3-AA 1233.476 -1 1233.453 0.024
7 Hex3HexNAc3S1-AA 1313.443 -1 1313.409 0.034
8 Hex4HexNAc2dHex1-AA 1338.476 -1 1338.484 —0.008
9 Hex5HexNAc2-AA 1354.471 -1 1354.479 —0.008
10 Hex3HexNAc3Penl-AA 1365.477 -1 1365.495 —-0.018
11 Hex3HexNAc3dHex1-AA 1379.496 -1 1379.511 -0.015
12 Hex4HexNAc3-AA 1395.493 -1 1395.505 -0.013
13 Hex3HexNAc4-AA 1436.511 -1 1436.532 —0.021
14 Hex3HexNAc4S1-AA 1516.503 -1 1516.489 0.014
15 Hex6HexNAc2-AA 1516.530 -1 1516.532 —0.002
16 Hex4HexNAc3Penl-AA 1527.456 -1 1527.548 —0.092
17 Hex4HexNAc3dHex1-AA 1541.594 -1 1541.563 0.030
18 Hex5HexNAc3-AA 1557.532 -1 1557.558 -0.027
19 Hex3HexNAc4Penl-AA 1568.566 -1 1568.574 —0.008
20 Hex3HexNAc4dHex1-AA 1582.557 -1 1582.590 —0.033
21 Hex4HexNAc4-AA 1598.554 -1 1598.585 —0.031
22 Hex3HexNAc5-AA 1639.586 -1 1639.611 -0.026
23 Hex6HexNAc2dHex1-AA 1662.645 -1 1662.590 0.055
24 Hex4HexNAc4S1-AA 1678.560 -1 1678.542 0.018
25 Hex7HexNAc2-AA 1678.588 -1 1678.585 0.004
26 Hex3HexNAc5S1-AA 1719.580 -1 1719.568 0.012
27 Hex6HexNAc3-AA 1719.609 -1 1719.611 —0.002
28 Hex4HexNAc4dHex1-AA 1744.610 -1 1744.643 —0.033
29 Hex4HexNAc4Me2Penl-AA 1758.565 -1 1758.658 —0.094
30 Hex5HexNAc4-AA 1760.617 -1 1760.638 —0.021
31 Hex3HexNAc5dHex1-AA 1785.643 -1 1785.669 -0.026
32 Hex4HexNAc5-AA 1801.651 -1 1801.664 -0.013
33 Hex5HexNAc4S1-AA 1840.606 -1 1840.594 0.011
34 Hex8HexNAc2-AA 1840.629 -1 1840.637 —0.008
35 Hex3HexNAc6-AA 1842.776 -1 1842.691 0.085
36 Hex4HexNAc5S1-AA 1881.634 -1 1881.621 0.013
37 Hex5HexNAc4dHex1-AA 1906.760 -1 1906.696 0.064
38 Hex4HexNAc3NeuAclS1dHex1-AA 1912.624 -1 1912.616 0.008
39 Hex8HexNAc2P1-AA 1920.638 -1 1920.604 0.035
40 Hex5HexNAc4Me2Penl-AA 1920.672 -1 1920.711 —-0.039
41 Hex3HexNAc6S1-AA 1922.661 -1 1922.648 0.014
42 Hex6HexNAc4-AA 1922.683 -1 1922.690 —0.007
43 Hex4HexNAc5dHex1-AA 1947.717 -1 1947.722 —0.005
44 Hex5HexNAc5-AA 1963.729 -1 1963.717 0.012
45 Hex6HexNAc4Me3-AA 1964.692 -1 1964.737 —0.045
46 Hex5HexNAc4S1dHex1-AA 1986.670 -1 1986.652 0.018
47 Hex3HexNAc6dHex1-AA 1988.805 -1 1988.749 0.057
48 Hex3HexNAc6S2-AA 2002.634 -1 2002.604 0.030
49 Hex9HexNAc2-AA 2002.705 -1 2002.690 0.015
50 Hex4HexNAc6-AA 2004.866 -1 2004.744 0.123
51 Hex8HexNAc3-AA 2043.577 -1 2043.717 -0.139
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Table 1 (continued)

Row Proposed Composition m/z meas z m/z calc A MH + [Da]
52 Hex3HexNAc7-AA 2045.738 -1 2045.770 -0.032
53 Hex5HexNAc4NeuAcl-AA 2051.847 -1 2051.733 0.114
54 Hex6HexNAc4dHex1-AA 2068.814 -1 2068.748 0.066
55 Hex9HexNAc2P1-AA 2082.722 -1 2082.657 0.065
56 Hex7HexNAc4-AA 2084.737 -1 2084.743 —0.007
57 Hex6HexNAc5-AA 2125.888 -1 2125.770 0.118
58 Hex4HexNAc6dHex1-AA 2150.895 -1 2150.801 0.094
59 Hex10HexNAc2-AA 2164.713 -1 2164.743 —0.030
60 Hex5HexNAc6-AA 2166.825 -1 2166.796 0.029
61 Hex4HexNAc4NeuAc2-AA 2180.802 -1 2180.776 0.026
62 Hex4HexNAc7-AA 2207.962 -1 2207.823 0.139
63 Hex7HexNAc4Med4Penl-AA 2272.727 -1 2272.848 —0.121
64 Hex7HexNAc5-AA 2287.746 -1 2287.823 -0.077
65 Hex4HexNAc5NeuAclS1dHex1-AA 2318.785 -1 2318.774 0.011
66 Hex5HexNAc6Me2Penl-AA 2326.899 -1 2326.870 0.029
67 Hex5HexNAc4NeuAc2-AA 2342.871 -1 2342.828 0.043
68 Hex3HexNAc8dHex1-AA 2394.943 -1 2394.907 0.035
69 Hex5HexNAc4Neu2dHex1-AA 2404.769 -1 2404.865 —-0.097
70 Hex3HexNAc9-AA 2451.780 -1 2451.929 -0.149
71 Hex5HexNAc4NeuAc2S1dHex1-AA 2568.899 -1 2568.843 0.055
72 Hex5HexNAc6Pen1dHex2-AA 2590.802 -1 2590.954 -0.153
73 Hex16HexNAc2-AA 3137.288 -1 3137.060 0.229
74 Hex7HexNAc8S4-AA 3216.897 -1 3216.888 0.009
75 Hex7HexNAc8S6-AA 3376.759 -1 3376.802 —0.043
76 Hex9HexNAc6NeuAc2dHex1-AA 3543.094 -1 3543.256 -0.162

The glycans highlighted in italic font indicate statistical significance, while those highlighted in bold font
are selected for machine learning analysis aimed at distinguishing between pine honey and multi-floral

honey

and pine honeys. These glycans displayed notable differ-
ences in abundance and were found to be significantly higher
in one honey type compared to the other. These specific gly-
cans emerge as key discriminators facilitating the differentia-
tion between pine and multi-floral honey. Specifically, the
glycan Hex5HexNAc3 exhibited substantial up-regulation
in multi-floral honey compared to pine honey. Additionally,
Hex5HexNAc2 demonstrated the most pronounced variation
between multi-floral and pine honey types.

The principal component analysis in Fig. 2B demonstrates
the ability to distinguish between pine and multi-floral honey
using the significant change of three N-glycans in the honey
samples. Red dots represent glycans from pine honey sam-
ples, while blue dots represent multi-floral honey. In the
two-dimensional analysis, component 1 explains 85.4% of
the variance, and component 2 explains 14.1% of it. This
analysis indicates a high differentiation between pine and
multi-floral honeys. The differentiation between pine and
multi-floral kinds of honey can be attributed to significant
quantitative differences in N-glycan profiles for significantly
changed profiles. The clustering of the samples observed in
the chart demonstrates that the glycan compositions of the

two honey types are pretty different. Component 1, capturing
the most significant variance in the data, likely reflects the
fundamental differences in glycan abundance between the
two honey types. Similarly, Component 2 highlights addi-
tional differences contributing to the differentiation between
pine and multi-floral honey.

In the machine learning analysis, the relative areas of the
glycans were determined based on the mass spectrometric
data. Subsequently, machine learning models were devel-
oped using MATLAB, employing a 5% cross-validation. The
performance of all available models within the MATLAB
classification application was comprehensively assessed. To
evaluate the machine learning models’ effectiveness, various
criteria were considered, including accuracy and the calcu-
lation of the area under the curve (AUC). Figure 3A in the
study provides a detailed insight into the machine learning
classification results based on 13 N-glycans obtained from
pine and multi-floral glycoproteins. The findings from this
figure indicate that the true positive score for predicting
pine honey is an impressive 100%, signifying that all pine
honey samples were accurately classified. On the other hand,
there is a false positive rate of 12.5% in the classification of

@ Springer



5678

S. Masri et al.

A) Pine Honey N-glycan Profile
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Fig. 1 MALDI-MS spectra of identified N-glycans derived from A pine honey and B multi-floral honey

multi-floral honey. This indicates that while the model excels
at classifying pine honey, there is room for improvement in
distinguishing multi-floral honey samples. Overall, the clas-
sification accuracy of the model stands at 93.5%. Figure 3B
presents the ROC curve analysis for this model, displaying
the area under the curve (AUC). The obtained AUC value
is 0.93, indicating a high level of classification performance
(Fig. 3B). The fact that the ROC curve predominantly lies

@ Springer

above the diagonal line signifies the model’s success in dis-
tinguishing between pine and multi-floral honey. The high
AUC value further substantiates the effectiveness of accu-
rately classifying samples based on the selected glycans.
In Fig. 3C, a confusion matrix is presented for the
machine learning classification results obtained using
three statistically significant glycans (Hex5HexNAc3,
Hex4HexNAc3, and Hex5HexNAc2). Remarkably, in this
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A) Volcano Plot

Up-regulated N-glycans
“] compared to Pine Honey

Component 2 (14.1%)

No-significant
change

3 3t

Fig.2 The figure elucidates the graphical representations employed
in the comparative analysis of N-glycans between pine honey and
multi-floral honey. Firstly, A encompasses a volcano plot, visually
depicting the distinctively regulated N-glycans between the two honey

scenario, all pine honey and multi-floral honey samples
were perfectly and precisely distinguished from one another,
resulting in a 100% accuracy. This remarkable achievement
in accurately discerning the two honey types underlines the
discriminative capability of the three selected glycans. Fig-
ure 3D showcases the ROC curve analysis for the classifi-
cation model employing these three statistically significant
glycans. The ROC curve consistently remains positioned
above the diagonal line, with an AUC value of 1.00 reported.
This AUC value signifies an exceptionally high level of clas-
sification performance. This analysis unequivocally demon-
strates the algorithm and model’s exceptional effectiveness
in the precise classification of samples based on the selected
glycans.

The literature extensively covers the proteomic charac-
terization of various honey types. A recent study thoroughly
examined the protein composition of 13 honeys, identifying
a total of 130 proteins [25]. Utilizing a proteomic approach,
honey from distinct geographical and botanical sources
was clearly differentiated [26]. It has been understood that
the proteomic profiles of honey types differ among honey
types. However, there is currently a lack of literature on the
N-glycans of honey glycoproteins. This study is the pioneer
in utilizing MALDI-MS-based N-glycomics and machine
learning for the classification of honey types.

The variation in glycosylation machinery across organ-
isms is known. Unlike proteomes, there is no genetic tem-
plate for the glycosylation machinery within cells [27]. It is
emphasized that multiple genes play a role in the formation
of glycans attached to proteins, rendering glycans highly

B) Principal Component Analysis

Multi-floral Honey

Pine Honey

Component 1(85.4%)

types. And, B displays a diagram derived from principal component
analysis, providing a visual representation of the multivariate varia-
tions among the N-glycan profiles of the honey varieties (Color figure
online)

intricate and site-, tissue- and species-specific [28]. In con-
trast to comprehensive proteomics experiments, N-glycan
profiling can be accomplished through MALDI-MS. In this
method, N-glycans extracted from pine and multi-floral
honey were swiftly profiled and utilized for classification
purposes.

The categorization of different types of honey is crucial to
protect consumers from deceptive practices [29]. The exist-
ing literature has explored various methodologies for clas-
sifying different kinds of honey, with a predominant focus
on categorizing them according to botanical and regional
origins. The primary objective is to establish a bioanalyti-
cal method that exhibits high accuracy and specificity in
discerning between various honey types. Mass spectrometry
stands out as a highly suitable approach owing to its rapidity,
accuracy, and precision. An illustrative instance is the utili-
zation of gas chromatography-mass spectrometry (GC-MS)
analysis to assess volatile organic compounds in honey, serv-
ing as an effective means for classification [30]. Applying
this approach alongside Kohonen’s self-organizing map has
enabled the discrimination between Turkish pine honey and
Greek pine honey [31].

Conclusion

In conclusion, a bioanalytical technique integrating
MALDI-MS-based N-glycomics and machine learning was
created for the classification of Turkish pine honey in com-
parison to multi-floral honey. This method demonstrated
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A) Confusion matrix from 13 N-glycans

Model 1.24 (Subspace KNN)

Multi-floral Honey

Pine Honey

True Class

FDR 12.5%

Multi-floral Honey Pine Honey

Predicted Class

C) Confusion matrix from 3 N-glycans

Model 2.24 (Subspace KNN)

Multi-floral honey

Pine Honey

True Class

Multi-floral honey Pine Honey

Predicted Class

Fig.3 The confusion matrix presented herein pertains to a machine-
learning model employed in the discriminatory classification of pine
honey versus multi-floral honey. The model’s training involved two
distinct feature sets: A comprised 13 N-glycans, and C restricted to
three N-glycans demonstrating significant alterations. Additionally,

high accuracy and specificity in distinguishing pine honey
from multi-floral honey. Utilizing statistically significant
glycans for discrimination resulted in a 100% accuracy
rate. This approach enables swift differentiation between
Turkish pine honey and multi-floral honey. The application
of this approach could extend to distinguishing between
pine and multi-floral honey originating from diverse
botanical sources. Additionally, this method has the poten-
tial to differentiate between various types of multi-floral
honey and mono-flower honey. This suggests that MALDI-
MS-based glycomics coupled with machine learning hold
promise as a reliable candidate for identifying honey-type
adulteration and mitigating variations.

@ Springer

B) ROC curve from 13 N-glycans

Model 1.24 (Subspace KNN)
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D) ROC curve from 3 N-glycans

Model 2.24 (Subspace KNN)
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=
02r
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the receiver operating characteristic (ROC) curves, delineating the
models’ performance characteristics, are illustrated in (B) for the 13
N-glycans dataset and D specifically for the subset of three signifi-
cantly changed N-glycans
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