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ABSTRACT

Authenticating monofloral honeys is essential for protecting premium markets and ensuring traceability. This
study applied an integrated analytical and explainable machine-learning workflow to identify volatile bio-
markers for four New Zealand monofloral honeys: thyme, manuka, kanuka, and clover. Twenty-two samples
were profiled using headspace solid-phase microextraction gas chromatography-mass spectrometry (HS-SPME/
GC-MS), yielding 122 tentative volatiles across aldehydes, alcohols, acids, esters, terpenoids, and phenolics. Data
were analysed using ANOVA, hierarchical clustering, Partial Least Squares Discriminant Analysis (PLS-DA), and
Random Forest classification with SHapley Additive exPlanations (SHAP). ANOVA and heatmap analysis
revealed honey-specific volatile modules, while PLS-DA confirmed clear supervised separation of floral types. A
rule-based SHAP framework was implemented to select biomarkers that were not only influential in the model
but also directionally consistent and chemically distinctive. Thyme honey was characterised by short-chain fatty
acids and oxygenated terpenoids; manuka by methoxyacetophenones and benzofuran/methoxylated benzoates;
kanuka by anisole-type aromatics and bicyclic monoterpenes; and clover by phenylpropanoid-related aldehydes,
fusel alcohols, and linalool-oxide derivatives. These panels achieved non-overlapping group separation and near-
perfect cross-validated performance (micro-average ROC-AUC = 0.995). This combined HS-SPME/GC-MS and
RF-SHAP approach provides a transparent, statistically supported route to defining interpretable volatile bio-
markers, offering a scalable framework for honey authentication, quality assurance, and traceability, and helping
safeguard the premium positioning of New Zealand monofloral honeys in global markets.

1. Introduction

Zealand Honey Strategy Coriolis, 2024-2030 (Coriolis, 2024). This
study focuses on four monofloral honeys, namely manuka (Lep-

Honey, produced by honeybees (Apis mellifera), is a complex natural
plant-derived product not only as a food, but also for its medicinal and
cosmetic uses (Farooqui & A Farooqui, 2011). Botanically, honey is
commonly classified as blossom (floral) honey or honeydew honey
(Chessum et al., 2022). New Zealand remains a global leader in premium
monofloral honey by export value, driven largely by the antibacterial
reputation of manuka honey and strong certification branding. How-
ever, this leadership is under pressure because the sector has faced
oversupply, price erosion, and governance challenges since the 2020
peak, with export volumes declining by approximately 26% and pro-
duction falling by about 56% by 2023. These challenges highlight the
urgent need for robust, science-based authentication methods, such as
biomarker discovery, to protect market integrity and support the New

tospermum scoparium), kanuka (Kunzea ericoides), thyme (Thymus vul-
garis), and clover (Trifolium repens).

Chemically, honey is an intricate matrix containing diverse bioactive
compounds, such as flavonoids, phenolic acids, and is a rich source of
volatile organic compounds (VOCs) that are responsible for its aroma,
taste, and bioactivities. VOCs originate from floral nectar, bee-derived
enzymes, and post-harvest transformations, and together form a char-
acteristic chemical “fingerprint” of botanical and regional origin
(Kaskoniene et al., 2008; Manyi-Loh et al., 2011). Identifying robust
biomarkers within these volatile fingerprints is therefore central to
authenticating honey, safeguarding quality, and distinguishing closely
related floral sources in premium markets (Kaskoniene et al., 2008;
Manyi-Loh et al., 2011).
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Historically, melissopalynology has been used to determine floral
origin. However, this approach has critical limitations that directly
support volatile biomarker discovery. For example, manuka and kanuka
honeys are very difficult to distinguish by pollen due to morphological
similarities and overlapping bloom periods, and pollen abundance does
not necessarily reflect nectar contribution to the final product
(McDonald et al., 2018; Schmidt et al., 2021). Furthermore, NMR,
though non-destructive and reproducible, is costly and may miss trace
chemical compounds due to signal overlap and lower sensitivity,
limiting its effectiveness in honey discrimination (Gerhardt et al., 2018).
In contrast, gas chromatography-mass spectrometry (GC-MS) enables
sensitive detection of trace volatiles and has demonstrated superior
differentiation between closely related floral sources like manuka and
kanuka (Beitlich et al., 2014).

Analysing the volatile profile of honey provides valuable insights for
verifying authenticity, ensuring quality, and distinguishing between
different products. Gas chromatography-mass spectrometry (GC-MS)
remains the benchmark technique for volatile analysis in honey (Breschi
et al.,, 2024). Headspace solid-phase microextraction (HS-SPME), a
solvent-free and highly sensitive technique, is particularly suitable for
capturing low-abundance compounds (Liang et al., 2023). Combined
HS-SPME/GC-MS facilitates efficient characterisation of major aroma-
active volatiles, such as aldehydes, alcohols, esters, acids, terpenes,
and phenolics, and has been widely used to differentiate monofloral
honeys and to relate volatile patterns to sensory attributes (Karabagias
et al., 2019; Nascimento et al., 2024). Despite widespread adoption,
many published studies have focused on enumerating compounds or
applying univariate statistics (e.g., ANOVA) to highlight mean differ-
ences across floral sources (Karabagias, 2022; Soria et al., 2009; Wolski
et al., 2006). Univariate approaches reveal single-compound effects but
overlook multivariate dependencies and co-occurrence structures
intrinsic to botanical origin.

To address these gaps, multivariate and machine-learning methods
have increasingly been used to model high-dimensional chemical fin-
gerprints. Partial least squares discriminant analysis (PLS-DA) can
summarise group-level separation by maximising covariance between X
(volatiles) and Y (class labels); however, PLS-DA may be sensitive to
noise and prone to overfitting, and often offers limited interpretability
when honeys are botanically distinct yet chemically similar (Chen et al.,
2017; Taiti et al., 2023). In contrast, ensemble machine-learning models
such as Random Forest (RF) provide improved predictive performance,
built-in feature selection, and robustness to noisy data, which are
characteristics well-suited to natural product variability and complex
volatile matrices (Barragan-Hernandez et al., 2024; Cardinal et al.,
2020).

A further important factor to consider for honey biomarker discovery
is interpretability. Beyond accurate classification, stakeholders require
transparent rationale for decisions, traceable chemical panels, and bio-
logically plausible pathways that support authenticity claims. SHapley
Additive exPlanations (SHAP) is a model-agnostic interpretability tool
that quantifies each feature's contribution to individual predictions and
to global model behaviour, enabling consistent identification of the
compounds most responsible for class separation (Fu et al., 2024;
Rodriguez-Pérez & Bajorath, 2019). SHAP is increasingly used in food
authenticity/traceability to interpret tree-based models and rank influ-
ential variables, yet it is typically applied as a global importance metric
or to generate top-k feature lists. Here, we advance SHAP from inter-
pretation to biomarker discovery using a class-specific, rule-based
framework that emphasises directional consistency and within-class
prevalence, yielding more robust, interpretable markers for authenti-
cation. (Kang et al., 2024; Yu et al., 2025; Zhang & Abdulla, 2023). In
New Zealand, exported manuka honey is authenticated using a five-
attribute definition (four nectar chemicals plus manuka DNA), high-
lighting the manuka-kanuka ambiguity. Therefore, untargeted HS-
SPME-GC-MS and machine learning provide a complementary finger-
printing approach beyond targeted marker tests used in regulatory
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authentication (Ministry for Primary, 2025).

The present study uses HS-SPME coupled with GC-MS to sensitively
resolve headspace volatiles from four New Zealand monofloral honeys
(thyme, manuka, kanuka, and clover) and combines complementary
statistical and machine learning frameworks, including univariate
ANOVA, multivariate clustering, PLS-DA, and Random Forest with
SHAP-based interpretation, to identify explainable volatile biomarkers
of botanical origin. To our knowledge, this is the first study to integrate
HS-SPME/GC-MS with Random Forest and SHAP to discover volatile
biomarkers in New Zealand honeys. This comprehensive approach ad-
dresses the limitations of melissopalynology, such as pollen ambiguity
and the lack of correlation between pollen and nectar, as well as the
constraints of NMR, including limited sensitivity and spectral overlap.
At the same time, it exploits the proven sensitivity of GC-MS for
detecting trace volatile compounds and the analytical strengths of HS-
SPME for solvent-free headspace capture. More importantly, the use of
SHAP provides interpretable panels that reflect coherent biochemical
modules, such as phenylpropanoid-derived aromatics, monoterpenoid
ketones and alcohols, and aldehydes, aligning with established knowl-
edge of honey volatile biogenesis and aroma chemistry. This study es-
tablishes scientifically robust biomarker panels that enhance honey
authentication, reinforce quality assurance practices, and help maintain
the global reputation of New Zealand's premium honey industry.

2. Materials and methods
2.1. Honey samples and experiment design

A total of 22 biological honey samples representing four New Zea-
land monofloral honey types [thyme (n = 13), manuka (n = 3), kanuka
(n = 3) and clover (n = 3)] were analysed in this study (Supplementary
Table S1). Each sample was measured in technical triplicate, resulting in
66 observations. Raw and commercial samples (Supplementary
Table S1) were included to capture natural variability and to ensure that
the proposed biomarker-based authentication approach is robust across
different processing conditions, making it applicable to both unpro-
cessed and market-ready honeys commonly found in retail and export
markets. According to the supplier, the raw honeys were obtained
directly from carefully selected and trusted beekeepers, with traceability
records and harvest information ensuring accurate botanical origin. The
commercial honeys were procured from certified suppliers, and all
samples were labelled as monofloral based on the origin region, floral
source, and beekeepers' harvesting records. Details for each honey
sample, including floral type, processing status (raw or commercial),
year of collection and geographical origin, are provided in Supplemen-
tary Table S1. The sample set was unbalanced, with a higher represen-
tation of thyme honey samples (n = 13). This design was motivated by
multiple factors. First, our previously published data demonstrated that
New Zealand thyme honey possesses the highest antioxidant activity
among local monofloral honeys (George et al., 2025), so this type was
prioritised for deeper chemical and biomarker analysis. Second, manuka
and kanuka honeys are difficult to differentiate via melissopalynology
because of overlapping flowering periods and morphologically similar
pollen. Lastly, clover honey was included as a widely available, low-
value commercial benchmark to enhance model relevance.

2.2. HS-SPME-GC/MS analysis of volatile compounds and data
processing

Benzophenone (internal standard) and the n-alkane series (C9-C25)
for retention index calibration were purchased from Sigma-Aldrich (St.
Louis, MO, USA). Sodium chloride (NaCl) and methanol (MeOH) used
for sample preparation were of analytical grade. Volatiles were extrac-
ted using headspace solid-phase microextraction (HS-SPME) following
adapted methods from previous studies (Bianchi et al., 2011; Makowicz
etal., 2019). Briefly, 1.5 g of honey was mixed with 3 mL of a 30% (w/v)
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NacCl solution in a 10 mL GC vial, spiked with 20 pL of 1 ppm benzo-
phenone (internal standard). Samples were equilibrated at 40 °C for 10
min with stirring. A DVB/CAR/PDMS SPME fibre (50/30 pm) was
exposed to the headspace for 40 min at 40 °C and desorbed at 250 °C for
5 min in the GC inlet. Analyses were performed using an Agilent 7890
GC system coupled with a 5977B MSD and a DB-WAX capillary column
(30 m x 0.25 mm x 0.25 pm). The oven was programmed from 40 °C (3
min) to 240 °C at 5 °C/min, held for 5 min. The carrier gas was helium at
1.0 mL/min. Mass spectra were acquired in Electron Ionisation mode
(70 eV), scanning from m/z 35-400. Linear retention indices were
calculated using the n-alkane series (C9-C25) analysed under the same
GC conditions. Volatile compound identification was tentative and
based on both mass spectral matching (>80% similarity using the
NIST17 library) and retention index (RI) confirmation. Compound in-
tensities were reported as relative abundance using peak area ratios
relative to the internal standard (benzophenone, 1 ppm). Data extrac-
tion and quantification were carried out using Agilent GC-MS software.
The final data matrix comprised 66 rows (technical replicates) x
retained volatiles ISTD intensities and was used for downstream uni-
variate, multivariate, and machine-learning analyses.

2.3. Statistical and machine learning analysis in Python

All analyses were conducted in Python (version 3.13) using packages
including pandas, NumPy, statsmodels, scikit-learn, SHAP, matplotlib,
seaborn, and openpyxl. Data preprocessing, statistical modelling, and
figure generation were implemented through scripted workflows to
ensure full reproducibility.

2.3.1. One-way fixed-effects ANOVA

Because the design was unbalanced and included repeated technical
replicates within biological samples, we averaged the replicates to get
sample-level means and analysed one mean per biological sample per
group (separate, not nested). For each compound, we fitted a one-way
ANOVA with honey type as a fixed effect using OLS and Type-II sums
of squares, then assessed the group effect with the F-test (statsmodels).
Fisher's LSD post-hoc comparisons (o = 0.05) were carried out using the
ANOVA residual Mean Square Error (MSE) and residual degrees of
freedom (df), and summarised groups by mean + SD with compact letter
displays. Post-hoc Fisher's LSD was applied only when the ANOVA was
significant (a = 0.05), and each group contributed >3 samples; other-
wise, no pairwise letters were assigned. Compounds were ranked by
ANOVA p-value, and the top 50 were selected for visualisation and
reporting; complete outputs (F and p values, per-group summaries, and
letters) were exported to Excel. Complete ANOVA results for all com-
pounds, including descriptive statistics, F and p-values, and post-hoc
group letters where applicable, were also exported to Excel (Supple-
mentary Table S2).

2.3.2. Data transformation

For all downstream multivariate analyses (hierarchical clustering,
PLS-DA, Random Forest classification and SHAP), internal-standard-
normalised GC-MS peak area ratios were preprocessed using a consis-
tent workflow. Technical replicates were averaged to obtain one in-
tensity profile per biological honey sample. Zero values (signals below
the detection limit) were replaced with half of the smallest non-zero
peak area. The resulting data matrix was then cube-root transformed
to reduce the influence of highly abundant volatiles and stabilise vari-
ance, followed by autoscaling to ensure all variables contributed on a
comparable scale to subsequent multivariate modelling and
visualisation.

2.3.3. Agglomerative clustering (Heatmap based on Top-50 ANOVA
features)

A clustered heatmap was generated using the top 50 compounds
ranked by one-way ANOVA p-values with Fisher's LSD post-hoc
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comparisons (replicates collapsed to sample means). Rows represent
compounds and columns represent samples, which were hierarchically
clustered using Ward's linkage on Euclidean distance. Column colours
indicate honey type. All figures were exported as high-resolution PNG
and SVG formats.

2.3.4. PLS-DA biplot with top 25 loadings

PLS-DA was applied to evaluate group-level separation among honey
types. Components were fitted using sklearn.cross_decomposition.
PLSRegression, and the biplot displays PLS1 versus PLS2 scores with
95% confidence ellipses derived from score covariance, along with the
top loadings represented as arrows. Axis labels indicate the proportion
of variance explained in X and Y for each component. Model perfor-
mance was assessed using stratified five-fold cross-validation at the
sample level (replicates collapsed), and the optimal number of compo-
nents was determined based on cross-validated classification accuracy
using out-of-fold predictions. All plots were exported as high-resolution
PNG and SVG formats.

2.4. Random forest classification and SHAP-based biomarker discovery

Random Forest (RF) classification was performed using sklearn.
Ensemble.RandomForestClassifier with 500 trees to assess discrimina-
tive performance between honey types. Model interpretability was ob-
tained via SHapley Additive exPlanations using the shap library: a
probability explainer was fit on the trained RF to compute per-feature
SHAP values for each honey class. For each class, the Top-10 SHAP
features were ranked by mean positive SHAP across the class samples
(global importance). Then a stricter biomarker filter was applied to
define top 10 biomarkers: (i) mean SHAP >0.0015, (ii) positive SHAP in
all target class samples (support = n of that class), and (iii) the feature's
central tendency is highest in the target class (dominant abundance).

For each honey type, a standardised four-panel SHAP figure was
generated: (1) Top-10 SHAP features, (2) Top-10 biomarkers after
filtering, and (3-4) the same two panels coloured by feature intensity to
show value-dependence. Model robustness was assessed via stratified 5-
fold cross-validation at the Sample level (replicates collapsed), gener-
ated out-of-fold ROC curves and AUC (one-vs-rest plus micro/macro) to
verify performance above chance, produced a learning curve (accuracy
vs training size) to diagnose bias/variance. Biomarker names were
truncated for clarity, and all final figures were exported in high-
resolution PNG and SVG formats, and the biomarker summary table
was exported as a CSV/XLSX file.

3. Results and discussion

The total ion chromatograms (TICs) obtained from HS-SPME-GC-MS
analysis of the 22 New Zealand honey samples revealed a complex
mixture of VOCs. After initial spectral analysis and elimination of
common impurities and noise peaks, 122 volatile features were retained
across all honey types. Total ion chromatograms illustrating the volatile
profiles of Thyme, Manuka, Kanuka, and Clover honey are provided in
Supplementary Fig. S3. Tentative identification was achieved by mass
spectral matching (>80% similarity) and retention index confirmation
against the NIST17 library.

To ensure both statistical support and interpretability, we used a
complementary analysis workflow. ANOVA provides compound-wise
evidence for group differences, while hierarchical clustering and the
heatmap provide an unsupervised view of intrinsic sample structure and
co-occurrence modules independent of class labels. PLS-DA provides a
supervised low-dimensional projection to visualise separation and
identify covariance-driven drivers. Random Forest complements this by
modelling non-linear class boundaries and feature interactions among
correlated volatiles under stratified cross-validation, while SHAP ex-
plains Random Forest predictions via feature-level contributions to class
probability.
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3.1. One-way fixed-effects ANOVA

Fixed-effects ANOVA results and their full discussion are provided in
the Supplementary Information (Supplementary Table S2). Briefly, this
analysis identified the most discriminatory volatiles across honey types
and provided statistical support for the floral-origin differences
observed in the dataset. The ranked outputs were used to guide down-
stream visualisation and interpretation. Key ANOVA findings are refer-
enced below to support and contextualise the PLS-DA and Random
Forest/SHAP results.

3.2. Multivariate analysis of volatile fingerprints: Clustered heatmap

The clustered heatmap results and accompanying discussion are
presented in the Supplementary Information (Supplementary Fig. S1).
The heatmap illustrates honey-type clustering consistent with floral
origin and highlights co-occurrence blocks of compounds that underpin
group separation at the fingerprint level. These unsupervised patterns
are referenced alongside the PLS-DA and Random Forest/SHAP findings
to demonstrate concordance between exploratory structure and super-
vised classification, supporting that the observed separation is chemi-
cally interpretable rather than model-driven.

3.3. Partial least squares discriminant analysis (PLS-DA) analysis of
honey volatiles

The PLS-DA biplot (Fig. 1) shows clear supervised separation of
thyme, manuka, kanuka, and clover honeys, with PLS1 explaining
42.4% of X-variance (40.5% of Y) and PLS2 explaining 9.0% of X-vari-
ance (26.5% of Y). Model performance improved from 0.59 with one
component to 0.72 with two components, reaching 1.00 at three com-
ponents and remaining stable thereafter (Supplementary Fig. S4), con-
firming robust discrimination under stratified 5-fold cross-validation.

Vectors pointing strongly toward the thyme cluster along PLS1
include hexanoic acid (caproic acid), butanoic acid (butyric acid),
eugenol (2-methoxy-4-(prop-2-en-1-yl)phenol), the terpenoid diol 2,6-
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dimethylocta-3,7-diene-2,6-diol, and the aromatic ketone 2-aminoace-
tophenone. All were significantly higher in thyme (p < 0.001; Supple-
mentary Table S2) and co-occur in the thyme group of the clustered
heatmap (Supplementary Fig. S1). This explains the pronounced posi-
tive displacement of thyme on PLS1. Unlike univariate analysis, which
evaluates compounds independently, PLS-DA leverages inter-variable
covariance, allowing features with modest individual differences to
contribute strongly as part of a discriminant pattern. Short-chain acids
and terpenoid alcohols are commonly reported in thyme honeys and
impart herbal/spicy notes (Alissandrakis et al., 2009; Castro-Vazquez
et al., 2009; Karabagias et al., 2014).

Manuka samples cluster in the lower-left quadrant, driven primarily
by negative PLS1 scores, with PLS2 providing additional separation from
kanuka. Although characteristic manuka volatiles such as o-methox-
yacetophenone, 4-hydroxyacetophenone, and benzofuran derivatives
(e.g., benzofuran-2-carbaldehyde) do not dominate the top loading ar-
rows, their shared covariance positions manuka in a distinct space. This
pattern aligns with the ANOVA-selected clustered heatmap (Supple-
mentary Fig. S1), which revealed a compact methoxylated-aromatic
group including methyl 3,5-dimethoxybenzoate and benzofuran-2-
carbaldehyde, significantly higher in manuka (p < 0.001; Supplemen-
tary Table S2). The negative PLS1/PLS2 placement therefore reflects a
coherent phenolic group rather than isolated compounds. In supervised
space, this group pulls manuka toward negative PLS2 (away from
kanuka's anisole and bicyclic ketone profile) and negative PLS1 (oppo-
site thyme). Together, the heatmap and PLS-DA biplot present a
consistent picture showing that manuka is defined by a suite of corre-
lated phenolic and heterocyclic volatiles, supporting multi-compound
panel-based authentication rather than reliance on a single marker
(Diaz-Galiano et al., 2023; Hegazi et al., 2022). This distributed
discriminatory power explains why no single phenolic dominates the top
loading rankings in the PLS-DA model, making the collective profile
more robust and reliable than any individual compound.

Kanuka's distinct chemical signature is defined by anisole-type aro-
matics and bicyclic monoterpenes that drive its separation along posi-
tive PLS2 and negative PLS1 scores. Two of the longest loading vectors,

Fig. 1. Partial Least Squares Discriminant Analysis (PLS-DA) biplot of cube-root transformed, auto-scaled volatile profiles for thyme, manuka, kanuka, and clo-

ver honeys.
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8-methylidenebicyclo[2.2.2]oct-5-en-2-one and 6,6-dimethylbicyclo
[3.1.1]hept-2-ene-2-carbaldehyde (myrtenal), together with 1-
methoxy-4-methylbenzene (4-methylanisole) and 1-(4-methoxyphenyl)
ethan-1-one (4-acetylanisole), point toward kanuka, capturing the
monoterpenoid and anisole/alkylbenzene profile that discriminates this
floral type. All four compounds are among the ANOVA-selected Top 50
volatiles (Supplementary Fig. S1) and show significant differences be-
tween honey types (p < 0.001; Supplementary Table S2), where they co-
occur in a kanuka-specific aromatic group. Bicyclic/spiro ketones are
characteristic of Myrtaceae secondary metabolism, and anisole-type
aromatics (e.g., p-methylanisole, acetylanisoles) are well documented
in Kunzea essential oil (Fuller et al., 2022; Khambay et al., 2003). These
compounds co-vary strongly across kanuka samples, collectively driving
its distinct separation along PLS2 and PLS1. This agreement between
PLS-DA loadings, ANOVA significance, and the clustered heatmap con-
firms that kanuka's separation reflects a coherent chemical profile rather
than numerical artefacts.

Clover samples cluster on the negative side of PLS1 with interme-
diate PLS2 scores. Among the top loading vectors, 3-methylbutanal
(isovaleraldehyde) projects toward clover, while compounds with
smaller loading weights, such as 2-(5-ethenyl-5-methyloxolan-2-yl)
propan-2-ol (trans-linalool oxide, furanoid) and octanal, contribute in
the same direction. All three volatiles were significantly higher in clover
(p < 0.001; Supplementary Table S2), and the ANOVA-selected clus-
tered heatmap (Supplementary Fig. S1) reveals a clover-specific alde-
hyde and oxygenated-monoterpene group that includes octanal and
structurally related compounds. These compounds are well documented
in clover honeys: 3-methylbutanal as a Strecker aldehyde linked to
amino acid degradation (Jerkovic et al., 2016; Karabagias et al., 2019),
trans-linalool oxide as a floral aroma contributor (Jerkovic et al., 2016;
Machado et al., 2020), and octanal as a lipid-derived aldehyde common
in Trifolium honeys (Karabagias et al., 2019; Machado et al., 2020).

Although PLS-DA (Fig. 1) demonstrates strong supervised separation
in a low-dimensional projection, it is primarily a covariance-based vis-
ualisation tool and may not capture non-linear class boundaries or
higher-order interactions in complex volatile fingerprints. We therefore
complemented PLS-DA with Random Forest classification to model non-
linear relationships among correlated volatiles and to quantify predic-
tive performance under stratified 5-fold cross-validation at the sample
level. SHAP was then applied to explain Random Forest predictions by
attributing class-probability contributions to individual compounds,
enabling conservative, class-consistent biomarker selection.

3.4. Random forest classification and SHAP interpretation

3.4.1. Model performance

The Random Forest classifier discriminated the four honey types very
well under stratified 5-fold cross-validation. The micro-average Receiver
Operating Characteristic - Area Under the Curve (ROC-AUC) was 0.995
(95% CI: 0.982-1.000), with class-specific AUCs of 1.000 for clover,
thyme, and manuka, and 0.965 for kanuka (Supplementary Fig. S8).
Precision and recall were uniformly high for clover and thyme (1.00/
1.00), slightly lower for manuka (0.75/1.00), and reduced for kanuka
(1.00/0.67), reflecting the small sample size and class imbalance (Sup-
plementary Fig. S6). The confusion matrix (Supplementary Fig. S7)
shows occasional misclassification of kanuka as clover, while all other
classes were perfectly recovered. The learning curve (Supplementary
Fig. S5) plateaued near 0.88-0.90 cross-validated accuracy, indicating
strong signal but residual variance likely due to limited kanuka repre-
sentation. Overall, these metrics confirm that Random Forest provides
robust predictive performance and clear compositional separation
among honey types.

3.4.2. SHAP global feature importance
To interpret the Random Forest model, SHapley Additive exPlana-
tions (SHAP), a model-agnostic approach that quantifies each feature's
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contribution to predictions was applied. Global SHAP values were
computed for all volatiles, ranking features by their mean positive
impact on class probability across samples. Fig. 2 (panels 2 A-2D) il-
lustrates the top 10 SHAP features for each honey type, alongside colour-
coded plots showing how feature intensity influences SHAP
contribution.

The global SHAP rankings reveal that thyme honey is primarily
associated with short-chain fatty acids (e.g., butanoic and hexanoic
acids), oxygenated terpenoids, and phenolic aromatics. This is consis-
tent with previous reports of thyme honeys being rich in lipid-derived
acids and terpene alcohols (Alissandrakis et al., 2009; Karabagias
et al., 2014; Wiese et al., 2018). Manuka shows strong contributions
from methoxyacetophenones, benzofuran derivatives, and methoxy-
lated benzoates, aligning with established Leptospermum markers
(Beitlich et al., 2014; Daher & Giilagar, 2010; Diaz-Galiano et al., 2023;
Hegazi et al., 2022; Oelschlaegel et al., 2012). Kanuka is driven by
anisole-type aromatics and bicyclic monoterpenes, in agreement with
Kunzea essential-oil chemotypes and previous honey studies (Beitlich
et al., 2014; Fuller et al., 2022; Khambay et al., 2003; Lewe et al., 2023;
Maddocks, 2021). Clover's top SHAP features include branched Strecker
aldehydes, fusel alcohols, and linalool-oxide derivatives, consistent with
Trifolium honey literature (Jerkovic et al., 2016; Karabagias et al., 2019;
Machado et al., 2020). These patterns confirm that the Random Forest
model captures chemically coherent volatile blocks rather than isolated
markers, aligning with known floral chemistry and supporting robust
interpretation.

3.4.3. Biomarker filtering criteria

While global SHAP rankings identify features that strongly influence
model predictions, not all high-ranking variables are suitable as
authenticity biomarkers. Some compounds may appear important due to
statistical interactions or shared occurrence across multiple honey types
rather than being uniquely characteristic of a single floral origin. To
address this, a rule-based filtering framework was applied to refine
SHAP outputs into interpretable, class-specific biomarker panels.

Rather than listing the top SHAP features, a rule-based filter to
identify robust authenticity biomarkers. A compound was retained only
if it satisfied three criteria:

(i) mean SHAP value greater than 0.0015 for the target class.
(ii) positive SHAP contribution in all samples of that class (full
within-class support)
(iii) the highest median abundance in the target class compared to all
other classes.

These conditions ensured that selected biomarkers are not only
influential in the Random Forest model but also chemically distinctive
and consistently present in the honey type they represent. In contrast,
raw top-ten SHAP features, while mathematically important, often fail
these filters because they include ubiquitous volatiles or compounds
whose predictive strength depends on interactions rather than on unique
abundance. Applying these rules removes spurious predictors and yields
biomarker panels that are statistically robust, biologically plausible, and
aligned with known floral chemistry.

Filtering SHAP outputs using abundance and consistency rules
bridges the gap between statistical importance and practical authen-
ticity, aligning honey biomarker discovery with best practices estab-
lished in other complex food matrices (Marcilio & Eler, 2020). Previous
honey studies using chemometrics or machine learning have typically
reported top-ranked features without applying such interpretability fil-
ters, which risks selecting ubiquitous or interaction-driven predictors
(Agila & Barringer, 2012; Chen et al., 2017; Gerhardt et al., 2018;
Karabagias et al., 2020; Langford et al., 2012; Marcilio & Eler, 2020;
Soria et al., 2009).
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Fig. 2. SHAP-based interpretation of Random Forest classification for New Zealand monofloral honeys. Each panel displays the top 10 SHAP-ranked features (left)
and the filtered top 10 biomarker candidates (right), with colour-coded versions below showing feature intensity. Panels: (A) Thyme honey; (B) Manuka honey; (C)

Kanuka honey; (D) Clover honey.

3.4.4. Honey-specific biomarker panels

Fig. 2 summarises the SHAP-based interpretation of Random Forest
classification for the four honey types. Each subfigure shows the global
top ten SHAP features on the left and the filtered biomarker set after
applying interpretability criteria on the right, with colour-coded ver-
sions below indicating feature intensity. The filtered panels represent
compounds meeting all three criteria: high mean SHAP, positive SHAP
across all class samples, and highest median abundance in the target
class, providing a transparent link between model behaviour and
chemically plausible biomarkers.

3.4.4.1. Thyme honey biomarkers. The authentication of thyme honey is
based on the Top 10 SHAP biomarkers panel, which applies stricter se-
lection criteria: (i) mean SHAP >0.0015, (ii) positive SHAP for all thyme
samples, and (iii) the highest median feature value in thyme. The RF-
SHAP analysis (Fig. 2A) presents the top 10 SHAP features and bio-
markers for thyme honey, highlighting volatiles supported by literature
on thyme nectar and phytochemistry. The highest-ranked biomarker is
the terpenoid-derived furan, 2-methyl-5-(1,1,5-trimethylhex-4-en-1-yl)
furan, which shows uniformly positive SHAP values for thyme, is
highly significant in ANOVA (p < 0.001; Supplementary Table S2), and
appears in thyme-directed loading vectors in the PLS-DA Top 25 biplot.
Furan derivatives have been reported in thyme and other floral honeys
as secondary volatiles linked to terpene degradation (Alissandrakis
et al., 2009; Karabagias et al., 2019; Wiese et al., 2018), and their for-
mation can involve oxidative cleavage of monoterpenes or Maillard-type
reactions during honey storage (Xing & Yaylayan, 2024).

The second-ranked biomarker, thymol (5-methyl-2-(propan-2-yl)
phenol), shows positive SHAP values for all thyme honey samples.

Despite its borderline ANOVA p-value (p = 0.096), it appears in thyme-
directed loading vectors in the PLS-DA Top 25 biplot. Thymol is a key
phenolic marker, reinforcing its role as a signature compound for thyme
honey aroma and authenticity (Alissandrakis et al., 2009; Beitlich et al.,
2014; Karabagias et al., 2019). The short-chain fatty acid cluster,
including butanoic acid, hexanoic acid, heptanoic acid, and 2-methylbu-
tanoic acid, contributes buttery, cheesy, and slightly rancid notes
characteristic of thyme honey (Alissandrakis et al., 2009; Karabagias
et al., 2014). Two further biomarkers, y-octalactone (5-butyloxolan-2-
one) and N-(2-acetylphenyl)formamide, add chemical diversity.
y-Octalactone, a cyclic ester with sweet, creamy notes, likely arises from
lipid oxidation ((Alissandrakis et al., 2009; Karabagias et al., 2019),
while N-(2-acetylphenyl)formamide is produced possibly through
Maillard-type reactions or phenylpropanoid intermediates (Glagoleva
et al., 2022; Xing & Yaylayan, 2024; Yadav et al., 2020). Oxygenated
monoterpenoids such as hotrienol (2,6-dimethylocta-3,7-diene-2,6-diol)
and 3,7-dimethylocta-1,5,7-trien-3-ol are derived from Thymus vulgaris
nectar metabolism and impart herbal and floral notes (Alissandrakis
et al., 2009; Jerkovi¢ et al., 2016; Karabagias et al., 2019; Machado
et al., 2020; Wiese et al., 2018). Finally, eugenol (2-methoxy-4-(prop-2-
en-1-yl)phenol) carries strong SHAP contributions and has been re-
ported alongside thymol as a distinctive aroma constituent in thyme
honeys (Escriche et al., 2022).

Comparison of RF-SHAP biomarkers with PLS-DA Top 25 loadings
shows strong agreement for core thyme volatiles. The terpenoid-derived
furan, oxygenated monoterpenoids (hotrienol, 3,7-dimethylocta-1,5,7-
trien-3-ol), and short-chain fatty acids (butanoic acid, hexanoic acid)
all load toward the thyme cluster in multivariate space and appear in the
ANOVA Top 50, confirming their dual role as variance-driven separators
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Fig. 2. (continued).

and predictive features. Conversely, several SHAP-only biomarkers,
such as N-(2-acetylphenyl)formamide and y-octalactone, were absent
from the PLS-DA Top 25, illustrating how machine-learning attribution
can reveal botanically specific volatiles overlooked by covariance-based
models. This highlights the value of combining SHAP with PLS-DA and
ANOVA to construct robust, interpretable biomarker panels for thyme
honey authentication.

3.4.4.2. Manuka honey biomarkers. The RF-SHAP analysis (Fig. 2B)
identified a panel of volatiles that consistently distinguish manuka
honey from clover, kanuka, and thyme. These biomarkers are dominated
by acetophenones, methoxylated benzoates, benzofuran/naphthalenol
derivatives, and selected heterocycles, forming a chemically coherent
methoxylated-aromatic module. Comparison with the ANOVA-selected
Top 50 and the clustered heatmap (Supplementary Fig. S1) confirms
that these compounds co-locate within the manuka-associated cluster,
reflecting their higher abundance in manuka samples and reinforcing
their discriminatory strength.

Acetophenones and methoxylated benzoates represent the characteristic
manuka volatile profile. Compounds such as o-methoxyacetophenone (1-(2-
methoxyphenyl)ethan-1-one),  4-hydroxyacetophenone  (1-(4-hydrox-
yphenylethan-1-one), and methyl 3,5-dimethoxybenzoate consistently
show the highest abundance in manuka, strong SHAP contributions, and
prominent PLS-DA loadings. These compounds are widely recognised as
signature authenticity markers for Leptospermum honeys (Beitlich et al.,
2014; Szafnauer, 2023) and have been confirmed in previous GC-MS studies
(Daher & Giilacar, 2010). Benzofuran derivatives, notably 2-methylbenzo-
furan, also contribute strongly to the manuka profile and cluster within
the methoxylated-aromatic module, reinforcing their discriminatory strength
in multivariate models.

Several biomarkers apart from the known volatile fingerprint of
manuka honey were found. 4-methylfuran-2(5H)-one, a butenolide
associated with Maillard chemistry, was ANOVA-significant and
retained as a biomarker. While butenolides have been reported in honey
(Stephens et al., 2010), this specific compound has not been widely cited
as a manuka marker. Similarly, 2-oxo-2-phenylethane-1,1-diyl diacetate
(phenacylidene diacetate), a furanyl diacetate, was ANOVA-significant
(p < 0.001), retained in the ANOVA Top 50, and showed consistently
positive SHAP values across manuka replicates. To our knowledge, this
compound has not been previously reported in manuka honey or Lep-
tospermum spp., highlighting its novelty. An N-heterocyclic ketone, 1-
(2,4,5-trimethyl-1H-pyrrol-3-yl)ethan-1-one (methyl 2,4,5-trimethyl-
pyrrol-3-yl ketone), also met biomarker criteria and represents a novel
pyrrole derivative, extending the pyrrole-related aroma chemistry
documented for Leptospermum honeys (Chan et al., 2013) and high-
lighting the contribution of Maillard-type reactions. Additional con-
tributors include nonanal, a Ce aldehyde with a fresh, fatty-floral aroma,
and 2-methylnaphthalen-1-ol, a polycyclic aromatic alcohol aligning
with the methoxy/phenolic aromatic profile reported for Leptospermum
volatiles (Daher & Giilacar, 2010). While nonanal has not been previ-
ously identified as a distinctive manuka marker, its higher abundance in
manuka samples and SHAP effect suggest a role in manuka's charac-
teristic odour.

Several high-ranking SHAP features, such as eugenol (2-methoxy-4-
(prop-2-en-1-yl)phenol) and Maillard-type furanone-enone ketones (e.g.,
1-(furan-2-yl)but-2-en-1-one), were excluded from the biomarker panel
because they occur in other honeys via nectar inputs or heat-related sugar
degradation (Manyi-Loh et al., 2011). This filtering step highlights the
importance of combining machine-learning attribution with statistical
and biological plausibility when defining authenticity markers.
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Fig. 2. (continued).
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Comparison of RF-SHAP biomarkers with PLS-DA Top 25 loadings
shows strong agreement for characteristic manuka volatiles. Acetophe-
nones (o-methoxyacetophenone, 4-hydroxyacetophenone), methoxy-
lated benzoates (methyl 3,5-dimethoxybenzoate), and benzofuran
derivatives (2-methylbenzofuran) all load toward the manuka cluster in
multivariate space and appear in the ANOVA Top 50, confirming their
dual role as variance-driven separators and predictive features.
Conversely, several SHAP-only biomarkers, such as phenacylidene
diacetate, methyl 2,4,5-trimethylpyrrol-3-yl ketone, and nonanal, were
absent from the PLS-DA Top 25, illustrating how machine learning can
uncover botanically specific volatiles that are overlooked by covariance-
based models.

3.4.4.3. Kanuka honey biomarkers. The RF-SHAP analysis (Fig. 2C)
identified a panel of ten volatiles that consistently distinguish kanuka
honey from clover, thyme, and manuka. All biomarkers were statisti-
cally significant in ANOVA (p < 0.001) and retained in the ANOVA-
selected Top 50 volatiles used for the clustered heatmap (Supplemen-
tary Fig. S1), where they co-locate in a kanuka-enriched cluster. This
clustering pattern confirms that these compounds rise and fall together
across kanuka replicates, forming a coherent chemical module. Com-
parison with PLS-DA Top 25 loadings shows strong convergence for core
kanuka volatiles: methyl salicylate, cumic acid, and the bicyclic terpe-
noids load toward the kanuka cluster in multivariate space, validating
their dual role as variance-driven separators and predictive features.

Terpenoid-derived compounds dominated the biomarker set. 8-
methylidenebicyclo[2.2.2]oct-5-en-2-one and (1R,2R,5R)-2,6,6-trime-
thylbicyclo[3.1.1]hept-2-ene (a bicyclic monoterpene related to
a-pinene) showed consistently positive SHAP values and high mean
abundances in kanuka samples. These resinous terpenoids cluster with
other essential oil volatiles in the heatmap, reflecting the Kunzea che-
motype reported in essential oil studies (Fuller et al., 2022). At the top of
the SHAP ranking, the norisoprenoid 4-(2,6,6-trimethylcyclohex-1-en-1-
yDbut-3-en-2-one (a f-ionone derivative) provided the strongest SHAP
effect and was ANOVA-significant (p < 0.001), consistent with carot-
enoid degradation products that impart floral-fruity notes (Machado
et al., 2020).

Aromatic derivatives formed a second major group. 4-(propan-2-yl)
benzoic acid (cumic acid), 2,4-dimethylbenzaldehyde, (propan-2-ylox-
ymethyl)benzene, and 4-ethenyl-1,2-dimethylbenzene all showed
strong SHAP contributions and clustered with benzenoid compounds in
the heatmap, consistent with phenylpropanoid metabolism. Methyl 2-
hydroxybenzoate (methyl salicylate) ranked near the top of the SHAP
list and is widely recognised as a chemotaxonomic marker for Myrtaceae
honeys, including kanuka (Beitlich et al., 2014). Two additional con-
tributors consolidate the phenylpropanoid module: 2-phenylethanol
(phenethyl alcohol), a floral alcohol derived from phenylalanine,
showed positive SHAP values and grouped with benzenoids in the
heatmap.

Several biomarkers identified, such as methyl salicylate and terpe-
noid derivatives, are consistent with Kunzea essential oil chemistry and
have been previously associated with Myrtaceae honeys (Beitlich et al.,
2014; Fuller et al., 2022). Others, including certain bicyclic ketones and
aromatic ethers, have not been widely documented in kanuka honey,
suggesting they represent novel additions to its volatile profile. Taken
together, the RF-SHAP biomarker panel includes terpenoids, nor-
isoprenoids, benzenoid acids, and aromatic ethers that provides a robust
multivariate basis for distinguishing kanuka from other New Zealand
monofloral honeys.

3.4.4.4. Clover honey biomarkers. The global SHAP ranking for clover
honey (Fig. 2D, top-left) identified ten volatiles as the most influential
predictors in the Random Forest model. However, not all these high-
ranking features were retained as authenticity biomarkers. After
applying biomarker rules, requiring the highest median abundance in
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clover, honey consistently positive SHAP values across replicates, and
statistical significance in ANOVA, only three of the global Top 10 SHAP
features remained: benzaldehyde, 2-(5-ethenyl-5-methyloxolan-2-yl)
propan-2-ol (trans-linalool oxide, furanoid), and 3-methylpentan-1-ol.
These compounds satisfied all criteria, with benzaldehyde and trans-
linalool oxide also appearing in the ANOVA-selected Top 50 panel
(Supplementary Table S2; p < 0.001) and loading toward clover honey
in the PLS-DA biplot (Fig. 2D). Benzaldehyde was consistently dominant
in clover honey, aligning with the phenylpropanoid pathway expected
for Trifolium nectar and widely reported in clover honey literature
(Jerkovi¢ et al., 2016; Machado et al., 2020). trans-Linalool oxide, a
floral monoterpenoid derivative, is a well-established clover marker
(Jerkovic et al., 2016), while 3-methylpentan-1-ol, a branched fusel
alcohol linked to Ehrlich pathway catabolism, represents a rarely re-
ported compound in honey volatiles, suggesting a novel addition to the
clover fingerprint (Karabagias et al., 2019; Smit et al., 2009).

The remaining biomarkers in the SHAP biomarker panel (Fig. 2D,
top-right), including 3-methylbutanal, 2-methylbut-2-enal, furan-3-
carbaldehyde, hexanal, and ethyl [2-(5-ethenyl-5-methyloxolan-2-yl)
propan-2-yl] carbonate, were drawn from outside the global SHAP Top
10 but met the biomarker rules. All were ANOVA-significant (p < 0.027;
Supplementary Table S2), with furan-3-carbaldehyde and 2-methylbut-
2-enal also appearing in the ANOVA Top 50 panel. Compounds such as
furan-3-carbaldehyde and prenyl-type enals are not commonly docu-
mented in clover honey profiling studies (Jerkovi¢ et al.,, 2016),
although they are recognised as Maillard/Strecker products in honey
chemistry more broadly (Machado et al., 2020; Xing & Yaylayan, 2024).
Their detection here suggests a novel extension of the clover volatile
fingerprint. In contrast, some global SHAP Top 10 features (e.g., 4-
methyl-1-(methylenecyclopropyl)benzene) were excluded because
they lacked clover-highest median or ANOVA support.

A tentative nitroalkane, tert-nitrobutane [2-nitro-2-methylpropane],
was observed as a tentatively annotated feature in the SHAP ranking for
clover. Given that nitroalkanes are not typical plant-derived nectar
volatiles, this assignment should be interpreted cautiously and may
reflect background/artefact or contamination (e.g., analytical, envi-
ronmental, or packaging sources). Therefore, this feature is not proposed
as a confirmed botanical biomarker without targeted confirmation
(authentic standard).

Hexanal was identified as a clover biomarker primarily through the
RF-SHAP approach. Although it was ANOVA-significant (p = 0.006;
Supplementary Table S2), it did not enter the ANOVA top-50 panel or
the PLS-DA top-25 loading set. While hexanal itself has not been widely
highlighted in clover honey literature, a structurally related Cs alde-
hyde, octanal, has been reported in clover honey volatiles, supporting
the plausibility of lipid-derived aldehydes as contributors to Trifolium
honey aroma (Karabagias et al., 2019; Zamora et al., 2015).

2-(5-ethenyl-5-methyloxolan-2-yl)propan-2-ol (trans-linalool oxide,
furanoid) and furan-3-carbaldehyde were both ANOVA-significant (p <
0.001; Supplementary Table S2), with clover honey having the highest
mean for each; both compounds were retained in the ANOVA-selected
Top-50 panel, although neither appeared among the PLS-DA Top-25
loadings. While direct reports of furan-3-carbaldehyde in clover honey
are lacking, the detection of trans-linalool oxide in Trifolium honeys in
previous studies (Jerkovic et al., 2016; Machado et al., 2020) supports
the plausibility of this chemical subgroup occurring together in clover,
potentially reflecting common floral-derived metabolic pathways.

The clover honey biomarker panel includes branched-chain alde-
hydes and alcohols, benzenoids, straight-chain aldehydes, and terpenoid
furanic derivatives, forming a chemically coherent profile consistent
with Trifolium floral chemistry and providing a robust basis for
authenticity discrimination.

4. Conclusion

This study demonstrates that combining HS-SPME/GC-MS with
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interpretable machine learning provides a powerful and transparent
approach for authenticating New Zealand monofloral honeys. By inte-
grating univariate ANOVA, hierarchical clustering, PLS-DA, and
Random Forest with SHAP-based interpretation, chemically coherent
biomarker panels that deliver robust, non-overlapping separation of
thyme, manuka, kanuka, and clover honeys were identified. These
panels reflect biologically plausible modules, short-chain fatty acids and
terpenoids for thyme, methoxyacetophenones and benzofuran de-
rivatives for manuka, anisole-type aromatics and bicyclic monoterpenes
for kanuka, and phenylpropanoid-related aldehydes and linalool oxides
for clover, rather than isolated markers. The rule-based SHAP frame-
work advances beyond conventional “top-k” feature lists by enforcing
directional consistency and within-class prevalence, ensuring bio-
markers are both statistically and chemically meaningful. Near-perfect
classification performance (micro-average ROC-AUC = 0.995) con-
firms the reliability of this integrated workflow. Beyond academic sig-
nificance, these findings offer a scalable solution for honey
authentication, quality assurance, and traceability, supporting the
integrity and premium positioning of New Zealand honeys in global
markets. Importantly, robust authentication frameworks strengthen
consumer trust and contribute to sustainable industry practices by
reducing fraud, protecting biodiversity-linked products, and supporting
transparent supply chains. Because compound identities are primarily
based on library matching and retention-index confirmation, and
abundances are reported as internal-standard-normalised peak area ra-
tios, targeted confirmation and absolute quantification (authentic
standards and appropriate controls) are recommended for regulatory-
grade deployment. Moreover, although -cross-validation indicates
strong internal generalisation, independent external validation across
regions, seasons/years, and producers is required before broad com-
mercial or regulatory translation. Future work should expand seasonal
and geographic coverage, validate the prioritised driver panels in in-
dependent external cohorts, and explore sensory correlations to rein-
force regulatory and commercial applications.
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