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Abstract 

Honey bioactivity is a multi-constituent property often oversimplified by single-marker 
analysis. This study applied an exploratory multiblock integrative framework to map the 
systems-level architecture of bioactivity in New Zealand thyme, mānuka, kānuka, and 
clover honeys. Sugars, minerals, targeted phenolics, and bioactive indices were profiled 
alongside a functional panel (ferric reducing antioxidant power, FRAP; cupric ion reduc-
ing antioxidant capacity, CUPRAC; 1,1-diphenyl-2-picrylhydrazyl radical scavenging, 
DPPH; and anti-tyrosinase). Univariate analysis revealed a distinct functional gradient (p 
≤ 0.004), with thyme showing the highest mean activity across the four in vitro endpoints 
within this cohort. Beyond univariate comparison, data integration analysis for biomarker 
discovery using latent components (DIABLO), supervised by categorical honey type, and 
sparse partial least squares regression (sPLS-REG), using the continuous assay panel as 
the response, identified a bioactivity-associated signature spanning multiple chemical do-
mains. The high-bioactivity axis co-varied with vitamin C, syringic acid, phosphorus, and 
sucrose; these associations do not establish biochemical synergy or soil causation. Botani-
cal adjustment weakened or reversed several pooled associations; vitamin C–CUPRAC 
depended on the inference method and within-thyme support, and no pair passed within-
type permutation BH correction. Lumichrome showed a kānuka-associated pattern within 
the present cohort, consistent with previous reports, but its specificity requires confirma-
tion in larger, independently sourced cohorts. The contribution is the within-cohort inte-
gration of complementary compositional domains with multiple functional endpoints. 
The findings are hypothesis-generating and require external validation. 

Keywords: honey; multiblock data integration; antioxidant capacity; thyme honey;  
authentication; lumichrome 
 

1. Introduction 
Honey is a naturally derived functional food. It is valued for its diverse bioactivities, 

including notable antioxidant and enzyme-inhibitory properties [1]. While phenolic acids 
and flavonoids are frequently cited as the primary drivers of these effects, the total 
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bioactive capacity is the product of a complex chemical matrix. This functional profile is 
supported by a suite of non-phenolic constituents, including ascorbic acid, endogenous 
enzymes (e.g., catalase, glucose oxidase), organic acids, and Maillard reaction products, 
as well as minerals that influence the overall redox environment. Consequently, honey 
bioactivity is not a static trait, but a variable phenotype determined by botanical origin 
and post-harvest factors such as processing and storage [2–6]. 

Botanical origin is the primary determinant of honey’s phytochemical profile, driving 
distinct variations in colour and functional potential. Generally, darker honeys (e.g., cer-
tain Leptospermum spp.) contain higher levels of phenolic pigments and tend to demon-
strate stronger antioxidant capacity than lighter honeys [7]. In the New Zealand context, 
mānuka (Leptospermum scoparium) honey is the most prominent example, renowned for 
its unique phytochemicals (e.g., methylglyoxal) and potent bioactivities. However, other 
regionally significant monoflorals such as kānuka (Kunzea ericoides), thyme (Thymus vul-
garis), and clover (Trifolium spp.) possess their own characteristic chemical markers and 
health-promoting properties [8–10], warranting comparative investigation. 

To map the functional potential of these honeys, this study focuses on four comple-
mentary bioactivity endpoints: ferric reducing antioxidant power (FRAP), 1,1-diphenyl-
2-picrylhydrazyl (DPPH) radical scavenging, cupric ion reducing antioxidant capacity 
(CUPRAC), and anti-tyrosinase activity. Antioxidant activity is multifaceted, with differ-
ent in vitro assays responding selectively to the diverse redox-active components present 
in the matrix; accordingly, multiparametric testing provides a more robust assessment 
than any single assay [9,11]. Tyrosinase inhibition was additionally quantified because 
this enzyme is central to melanogenesis and enzymatic browning, and its activity is 
known to be modulated by phenolic-rich matrices and vitamin C [12]. 

Prior comparative studies establish a distinct functional profile among New Zealand 
monofloral honeys. Thyme honey consistently ranks among high-performance varieties, 
often exceeding mānuka in reducing power and radical-scavenging activity. This elevated 
profile is supported by independent studies reporting strong antioxidant behaviour and 
measurable tyrosinase inhibition for Thymus honeys in different regions [9,13–15]. Con-
versely, clover honey serves as a lower-activity benchmark, characterised by lighter pig-
mentation and modest antioxidant responses [16–18]. Mānuka and kānuka honeys typi-
cally occupy an intermediate position for broad antioxidant assays [9]. While mānuka is 
renowned for specific antibacterial properties, its general antioxidant performance often 
varies depending on the specific redox mechanisms targeted [19,20]. Regarding enzyme 
inhibition, higher anti-tyrosinase activity is generally associated with darker, phenolic-
rich honeys [12,21], linking this property to the broader bioactive capacity of the matrix 
[22–24]. 

Beyond phenolic composition, honey bioactivities frequently co-vary with broader 
compositional domains that are also strongly dependent on floral source. Mineral-related 
parameters have repeatedly been linked with honey antioxidant behaviour, supporting 
the idea that minerals and pigments co-vary with redox readouts rather than acting as 
isolated drivers [25,26]. Furthermore, the high concentration of reducing sugars in the ma-
trix can complicate these measurements. Because assays such as FRAP rely on electron 
transfer, the sugars themselves can contribute to the reaction signal, potentially inflating 
the apparent antioxidant capacity independent of the phenolic content [4]. While recent 
profiling of New Zealand monoflorals has measured these parameters alongside bioactive 
indices, these relationships have rarely been modelled as an explicit cross-block associa-
tion structure spanning sugars, minerals, and targeted small molecules [9,27]. Collec-
tively, these findings suggest that honey bioactivities arise from coordinated variation 
across multiple chemical compartments rather than a single explanatory variable. 
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Recent honey characterisation has combined elemental metabolomics with chemo-
metrics and volatile fingerprinting with interpretable machine learning for botanical or 
geographical authentication [28,29]. Our earlier volatile fingerprinting study [29] used the 
same physical honey cohort for botanical classification; the present work integrates non-
volatile composition with four bioactivity endpoints to examine composition–function co-
variation. 

Most studies assess one chemical domain at a time, and when multivariate data fu-
sion is employed, it is largely restricted to authentication tasks rather than explicitly map-
ping the composition–bioactivity association structure. To address this gap, this study 
uses DIABLO supervised by honey type to summarise coordinated variation across com-
position and bioactivity blocks. Furthermore, sparse PLS regression (sPLS-REG) is used 
to provide an interpretable, feature-selected view of the resulting multiblock signature 
[30,31]. By coupling these techniques, the research aims to move beyond single-domain 
profiling and provide a stability-guided map of the multi-constituent signatures associ-
ated with bioactivity in New Zealand monofloral honeys. 

The contribution lies in integrating sugars, minerals, targeted phenolics, and bioac-
tive indices with FRAP, CUPRAC, DPPH, and anti-tyrosinase in the same sample cohort 
using complementary multiblock association approaches. The previously reported anti-
oxidant ranking of thyme, its vitamin C enrichment, and the association of lumichrome 
with kānuka are not presented as first discoveries; the focus is on composition–bioactivity 
co-variation rather than authentication performance. 

2. Materials and Methods 
2.1. Honey Samples 

A total of 22 New Zealand monofloral honey samples were included in this study: 
thyme (n = 13), mānuka (n = 3), kānuka (n = 3), and clover (n = 3) (Supplementary Table 
S1). Both raw and commercial honeys were intentionally included to capture natural var-
iability relevant to consumer products. Raw samples were sourced directly from produc-
ers with full traceability, while commercial samples were purchased from certified sup-
pliers. Full metadata (floral designation, processing status, collection year, and geographic 
origin) are provided in Supplementary Table S1. The sample distribution was weighted 
towards thyme honey, reflecting prior evidence of high antioxidant activity in this honey 
by George, Gannabathula, Lakshitha, Liu, Kantono and Hamid [9], with mānuka, kānuka, 
and clover included as established benchmarks for comparative bioactivity grading. 

2.2. Chemicals and Reagents 

All chemicals and reagents were of analytical grade or higher. Trolox (6-hydroxy-
2,5,7,8-tetramethylchroman-2-carboxylic acid), 2,4,6-tris(2-pyridyl)-s-triazine (TPTZ), 2,2-
diphenyl-1-picrylhydrazyl (DPPH), neocuproine, L-3,4-dihydroxyphenylalanine (L-
DOPA), mushroom tyrosinase, and kojic acid were purchased from Sigma Aldrich 
(Merck, Darmstadt, Germany). Iron(III) chloride (FeCl3), copper(II) chloride (CuCl2), hy-
drochloric acid (HCl), sodium acetate/acetic acid, ammonium acetate, and phosphate 
buffer reagents were of analytical grade or higher. Absolute ethanol and methanol were 
purchased from Thermo Fisher Scientific (Waltham, MA, USA) and were of HPLC or an-
alytical grade. All solutions were prepared using distilled or deionised water. 

2.3. Antioxidant Assays (FRAP, CUPRAC, and DPPH) 

Antioxidant capacity was assessed using freshly prepared honey solutions (0.05 
g/mL for FRAP/CUPRAC; 0.20 g/mL for DPPH) in distilled water. All assays were cali-
brated against Trolox standards, and results were expressed as mg Trolox Equivalents 
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(TE) per 100 g of honey. Assay conditions were based on established FRAP, CUPRAC, 
and DPPH protocols, with minor modifications aligned with recent applications to New 
Zealand monofloral honeys [9]. 

2.3.1. Ferric Reducing Antioxidant Power (FRAP) 

The assay followed established protocols using a working reagent of acetate buffer 
(300 mM, pH 3.6), TPTZ (10 mM in 40 mM HCl), and FeCl3 (20 mM) in a 10:1:1 ratio. 
Samples (100 µL) were incubated with the reagent (2.0 mL) at 37 °C for 4 min; then the 
absorbance was measured at 593 nm. 

2.3.2. Cupric Ion Reducing Antioxidant Capacity (CUPRAC) 

Reduction of the copper(II)-neocuproine complex was measured at 450 nm. The re-
action mixture comprised equal volumes (1 mL) of CuCl2 (10 mM), neocuproine (7.5 mM), 
and ammonium acetate buffer (1 M, pH 7.0), plus the sample (1 mL) and water (0.1 mL). 
Absorbance was recorded after 30 min of incubation to ensure reaction completion. 

2.3.3. DPPH Radical Scavenging Capacity 

The DPPH assay was performed according to the established DPPH radical-scaveng-
ing principle (absorbance monitored at 517 nm), with minor modifications outlined below. 
Honey solutions were prepared at 0.20 g/mL in distilled water. Buffered ethanol was pre-
pared by mixing 100 mL of 0.1 M acetate buffer with 150 mL of absolute ethanol (total 250 
mL). A 0.2 mM DPPH solution was prepared by dissolving 0.0079 g DPPH in 100 mL of 
methanol. Radical scavenging activity was determined by mixing honey solution (0.5 mL) 
with methanolic DPPH (0.2 mM, 2.0 mL) and methanol (4.0 mL). The control contained 
buffered ethanol (0.50 mL), DPPH solution (2.0 mL) and methanol (4.0 mL); the reference 
blank contained buffered ethanol (0.50 mL) and methanol (6.0 mL). Mixtures were incu-
bated in the dark for 30 min, and absorbance was monitored at 517 nm. Trolox standards 
were used to generate a calibration curve, and results were expressed as mg TE/100 g 
honey. 

DPPH inhibition (%) was calculated as: 𝐼𝑛ℎ𝑖𝑏𝑖𝑡𝑖𝑜𝑛 𝑜𝑓 𝐷𝑃𝑃𝐻ሺ%ሻ = ൬𝐴𝑐 −  𝐴𝑠𝐴𝑐 ൰ × 100 

Ac: absorbance of control. 
As: absorbance of the sample. 

2.4. Anti-Tyrosinase Activity 

Tyrosinase inhibition was measured using mushroom tyrosinase with L-DOPA as 
the substrate, based on the procedure of Di Petrillo, Santos-Buelga, Era, González-
Paramás, Tuberoso, Medda, Pintus and Fais [21], with slight modifications for honey ma-
trices and instrument settings. Reactions were prepared in 0.02 M phosphate buffer (pH 
6.8) containing honey (6.25–50%, w/v) or buffer (controls) and L-DOPA (3.2 mM). The re-
action was initiated by adding mushroom tyrosinase (200 U/mL stock; added to the reac-
tion mix), and tyrosinase activity was monitored by measuring dopachrome formation at 
492 nm using an Infinite 200 PRO M Plex multimode microplate reader (Tecan, Männe-
dorf, Switzerland). Kojic acid was included as a positive control inhibitor. To correct for 
honey colour/background, matched sample blanks (honey + reagents without enzyme) 
were included for each concentration. Inhibition curves were summarised by the fitted 
half-response concentration (IC50) from the selected nonlinear dose-response model in 
GraphPad Prism (version 8; GraphPad Software, San Diego, CA, USA). Kojic acid equiv-
alents (KAE) were calculated from the blank-corrected IC50 values as a relative potency 
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ratio (IC50,kojic acid/IC50, honey) after unit conversion, and reported as mg kojic acid 
equivalent inhibitory capacity per 100 g of honey. 

2.5. Data Analysis 

Statistical analyses were performed at the biological-sample level (n = 22) using Py-
thon (version 3.12.14) for univariate analyses and R (version 4.4.0) with the mixOmics 
package (version 6.30.0) for multivariate analyses. Technical assay triplicates were re-
peated analytical measurements of each honey and were averaged to obtain one observa-
tion per biological sample; they did not increase the biological sample size. 

2.5.1. Data Pre-Processing and Endpoint Definitions 

Bioactivity endpoints comprised FRAP, DPPH, CUPRAC, and anti-tyrosinase activ-
ity. All four endpoints were positive and complete at the biological-sample level in the 
data used for Table 1; no non-detect or non-positive substitution or imputation was ap-
plied to these endpoints. 

Bioactivity endpoints were analysed on their original scale for reporting. 

Table 1. Bioactivity of New Zealand monofloral honeys (thyme, mānuka, kānuka, and clover) meas-
ured by FRAP, DPPH, CUPRAC, and anti-tyrosinase assays. 

Honey Type FRAP 
(mg TE)/100 g Honey 

DPPH 
(mg TE)/100 g Honey 

CUPRAC 
(mg TE)/100 g Honey 

Anti-Tyrosinase  
Activity 
(mg KAE)/100 g Honey 

Thyme 
129.51 ± 19.78 ᵃ 
(99.14–171.32) 

89.42 ± 29.39 ᵃ 
(50.63–137.33) 

88.47 ± 11.60 ᵃ 
(75.04–108.64) 

17.13 ± 4.00 ᵃ 
(12.86–25.70) 

Mānuka 54.06 ± 9.02 ᵇ 
(44.66–62.65) 

28.30 ± 7.42 ᵇ 
(20.82–35.67) 

53.05 ± 7.30 ᵇ 
(44.82–58.75) 

10.30 ± 1.35 ᵇ 
(9.05–11.73) 

Kānuka 59.66 ± 15.45 ᵇ 
(42.59–72.67) 

23.11 ± 1.85 ᵇ 
(21.33–25.02) 

64.15 ± 18.22 ᵃᵇ 
(44.82–81.01) 

8.76 ± 0.59 ᵇ 
(8.08–9.13) 

Clover 
31.50 ± 15.18 ᵇ 
(14.14–42.26) 

14.90 ± 7.00 ᵇ 
(7.68–21.67) 

29.25 ± 11.52 ᵇ 
(16.33–38.43) 

6.36 ± 0.82 ᵇ 
(5.42–6.97) 

Omnibus 
Welch F 37.47 18.81 22.40 23.45 

Omnibus p <0.001 0.003 0.004 0.001 
Values are mean ± SD with min–max in parentheses; FRAP, DPPH, and CUPRAC are expressed as 
mg Trolox equivalents (TE)/100 g honey. Anti-tyrosinase activity is reported as mg kojic acid equiv-
alents (KAE)/100 g honey derived from IC50-based relative potency. Different superscript letters 
within a column indicate significant differences (Welch ANOVA with Games–Howell post hoc, p < 
0.05); omnibus Welch F and p values are shown. 

2.5.2. Univariate Comparisons Across Honey Types 

Honey-type differences in the four bioactivity assays were first assessed using 
Welch’s one-way ANOVA, which is robust to unequal variances and suitable for the in-
tentionally unbalanced design. Where the omnibus test indicated a honey-type effect, 
Games–Howell post hoc comparisons were used for pairwise testing. Results were sum-
marised as mean ± SD for each honey type, and compact letter displays were used to in-
dicate statistically homogeneous groups. Where multiple endpoints were assessed simul-
taneously, Benjamini–Hochberg FDR adjustment was applied to control for multiplicity. 

2.5.3. Multiblock Integration (DIABLO) 

To map co-variation between composition and bioactivity, we used DIABLO (mix-
Omics::block.splsda()) with categorical honey type as Y. Five matched X blocks contained 
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sugars (6 variables), minerals (9), targeted phenolics (15), bioactive indices [total phenolic 
content (TPC), total flavonoid content (TFC), vitamin C; 3], and bioactivity assays (FRAP, 
DPPH, CUPRAC, anti-tyrosinase; 4). Two components were fitted, with keepX equal to 
the number of variables in each block on both components; no sparsity tuning was per-
formed. The supplied design matrix had off-diagonal entries of 0.1 and a zero diagonal. 
Variables were mean-centred and scaled to unit variance using scale(); no additional 
block-size normalisation was coded. The pre-processing removed non-varying or entirely 
non-finite columns, with named force-keep exceptions, and replaced non-finite scaled en-
tries with zero; no separate near-zero-variance filter was specified. The script set seed 1. 
Circos plots summarised latent-component similarities among variables at cut-offs of |r| 
≥ 0.80 and |r| ≥ 0.60. Although the fit was supervised by honey type, it was used here for 
exploratory association mapping; classification performance was not validated. 

2.5.4. Multiblock sPLS Regression 

Sugars, minerals, targeted phenolics, and bioactive constituents (total phenolic con-
tent, TPC; total flavonoid content, TFC; and ascorbic acid) were quantified for the same 22 
honey samples using established protocols (Supplementary Methods S1–S4). Composi-
tional summaries are reported in Supplementary Tables S3–S6. 

Sparse partial least squares regression (mixOmics::block.spls()) used four composi-
tional X blocks and the continuous four-assay Y matrix. The saved fit used indY = 5, two 
components per block, regression mode, the horst scheme, and scale = TRUE. The sup-
plied X-block design had off-diagonal values of 0.1; the saved expanded design linked 
each X block to Y with weight 1. Final keepX values on each component were 6 for sugars, 
9 for minerals, 3 for bioactive constituents, and 10 for phenolics; all four Y variables were 
retained. Stability was assessed using 200 stratified subsamples without replacement, 
nominal training fraction 0.80, a minimum of two honeys per type, and seed 1. This se-
lected 10 of 13 thyme honeys and two of three from each other type per subsample. Input 
scaling preceded subsampling; it was not a validation pipeline. One block’s keepX was 
varied at a time, while other blocks retained up to 10 variables per component. Selection 
frequency was the percentage of the 200 subsamples with a non-zero loading on either 
component. Signed combined loading magnitudes, √(l12 + l22), were oriented using Spear-
man correlation between each feature and the mean standardised assay signal; resampled 
paths averaged these magnitudes only when a feature was selected. This assesses internal 
sensitivity of the present dataset and does not provide independent external validation or 
compensate for the small minority groups. Selected features were summarised by load-
ings, selection frequencies, and raw Spearman correlations with individual assays. All 
multivariate plots were exported as high-resolution PNG and fully editable SVG. The 
multiblock models were used for interpretation rather than prediction; therefore, the fitted 
association structure and selected feature patterns are reported without cross-validated 
performance metrics. 

2.5.5. Botanical-Origin-Adjusted Association Sensitivity Analyses 

To assess botanical-origin confounding, four previously highlighted constituents 
(vitamin C, syringic acid, phosphorus, and sucrose) were each paired with FRAP, CU-
PRAC, DPPH, and anti-tyrosinase, giving 16 separate follow-up comparisons (Table S7). 
Each used the 22 honey-level means and the retained original model-input values, with-
out reclassifying recorded zeros. Pooled Pearson correlations were compared with partial 
correlations obtained by residualising X and Y on categorical honey type. Separate models 
Y ~ X + C(type) included four botanical levels, one common constituent slope, and 17 re-
sidual degrees of freedom. Recorded-unit slopes, pointwise HC3 95% confidence intervals 
and two-sided p-values used a Student-t reference. Benjamini–Hochberg q-values were 
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calculated over these 16 p-values. A separate 16-test correction applied to 9999 within-
type response permutations using the absolute HC3-studentised slope statistic, seed 
20261014, and p = (extreme + 1)/10,000. With fixed type effects, this shuffle is equivalent to 
permuting type-null residuals within type and restoring group means; it assumes within-
type null exchangeability. Within-thyme Pearson/Fisher 95% intervals and Spearman cor-
relations and leave-one-honey-out fits assessed sensitivity. Reported estimates are sum-
marised in Table S7. 

As a secondary global analysis, partial redundancy analysis related the four end-
points jointly to the four constituents after conditioning on honey type (Table S8). Type-
residualised X and Y columns were scaled to unit sample standard deviation. The within-
type R2 used residual response variation as its denominator; its degrees-of-freedom ad-
justment was 1 − (1 − R2) × 18/14. The global pseudo-F test used 9999 joint-response resid-
ual-row permutations restricted within type, preserving endpoint dependence; all 22 sam-
ple deletions were assessed separately. Calculations were independently reproduced in 
Python and R. These are exploratory, post-selection analyses of the same discovery cohort: 
correction across 16 comparisons does not account for earlier feature selection, and sensi-
tivity analysis is not external validation. Table S8 summarises the full-model and deletion 
sensitivity results. 

3. Results and Discussion 
3.1. Antioxidant and Anti-Tyrosinase Activity Across Honey Types 

Honey type had a significant effect on all bioactivity endpoints under the robust 
Welch ANOVA framework (FRAP p < 0.001; DPPH p = 0.003; CUPRAC p = 0.004; anti-
tyrosinase p = 0.001; Table 1), revealing a consistent botanical gradient: thyme > 
mānuka/kānuka > clover. Thyme honey exhibited a ‘broad-spectrum’ efficacy, ranking 
highest across FRAP, DPPH, and anti-tyrosinase assays. While CUPRAC also showed the 
highest mean for thyme, kānuka occupied an intermediate position, with partial overlap 
(Table 1). Interpreting these assays together is important because they reflect different an-
tioxidant chemistries: FRAP and CUPRAC primarily quantify electron-transfer reducing 
capacity, whereas DPPH reflects radical-scavenging behaviour [32,33]. Consequently, bo-
tanical differences can be directionally consistent without being identical across every 
endpoint, necessitating the use of multi-assay panels [11]. 

The elevated profile of the thyme samples is consistent with reports of substantial 
antioxidant activity in some Thymus honeys. This “thyme-high” direction replicates find-
ings from recent New Zealand profiling [9], and several thyme honey studies that couple 
high antioxidant capacity with measurable tyrosinase inhibition [13,15,22,24]. Differences 
in redox-active composition offer a plausible basis for botanical variation, but the present 
study did not measure nectar chemistry, plant protective functions or their transfer into 
honey [15,22]. The observed thyme profile is consistent with botanical differences, but the 
present design does not separate floral origin from processing or other sample-history 
effects. 

In contrast, mānuka and kānuka showed intermediate bioactivity profiles. Both were 
lower than thyme for FRAP, DPPH and anti-tyrosinase activity, whereas kānuka showed 
partial overlap with thyme for CUPRAC (Table 1). This highlights that “bioactivity” is 
mechanism-specific: the non-peroxide antibacterial factors (e.g., methylglyoxal) charac-
teristic of Leptospermum do not necessarily translate to superior electron-transfer reducing 
power (FRAP/CUPRAC) compared to the vitamin-and-phenolic-rich Lamiaceae matrix. 
This interpretation is supported by the broader literature where mānuka’s antioxidant 
performance is often moderate and context-dependent [19,20]. While mānuka has been 
reported as a potent tyrosinase inhibitor in other panels, kānuka inhibition remains less 
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documented, though the intermediate levels observed here contribute to its growing bio-
active profile [23,24]. 

Clover honey exhibited the lowest mean overall bioactivity profile in our cohort (Ta-
ble 1), showing the weakest response across all four assays. This “clover-lower” status is 
consistent with the lighter pigmentation and modest phenolic indices typical of Trifolium 
honeys [16]. Anti-tyrosinase activity for clover honeys remains poorly documented, and 
the lower inhibition is consistent with broader reports that lighter, lower-phenolic honeys 
tend to show weaker bioactivities like tyrosinase inhibition than darker, phenolic-richer 
monoflorals [12,17,21]. 

Vitamin C (ascorbic acid) is a strong electron donor that can contribute to measured 
antioxidant capacity across multiple in vitro assays, including FRAP/CUPRAC (reducing 
power) and DPPH (radical-scavenging), and it can also suppress tyrosinase-mediated 
browning by reducing o-quinones back to their corresponding catechols [4,9,12]. Univari-
ate analysis confirmed that vitamin C levels were significantly higher in thyme honey 
(Supplementary Table S6), identifying it as a distinguishing compositional feature of 
thyme in this cohort, while its contribution to each endpoint requires experimental con-
firmation [9]. These contrasts provide a necessary foundation for the multiblock correla-
tion mapping (DIABLO/sPLS-REG) that follows, which aims to interpret how coordinated 
sugar, mineral, and phenolic signatures co-vary with bioactivity. 

Naturally sweet matrices provide useful context for these in vitro endpoints. Carob 
syrup extracts showed radical-scavenging and ferric-reducing activity, with extraction 
and simulated digestion influencing the readouts [34]. Ziziphus lotus fruit fractions like-
wise showed DPPH and reducing activity, although the tested material was an ethyl-ace-
tate fraction of dried fruit, not the consumed fruit itself [35]. These studies place the pre-
sent honeys within a broader range of plant-derived sweet matrices with measurable as-
say activity. They do not support numerical superiority: carob FRAP was reported in 
FeSO4 equivalents, and the fruit study used extract IC50/A0.5 values and a ferricyanide re-
ducing procedure at 700 nm rather than the TPTZ-based FRAP procedure used here. Ex-
traction basis, assay chemistry and calibration therefore preclude direct ranking against 
our mg Trolox equivalents per 100 g honey. A Moroccan honey-extract study offers addi-
tional botanical context, but its DPPH IC50 and ferricyanide-based reducing assay are also 
not directly interchangeable with our protocols [36]. Qualitative comparison is therefore 
appropriate; these measurements do not establish clinical antioxidant benefits. 

3.2. Multiblock Integrative Modelling 

Building on the univariate results, we next apply multiblock integrative modelling 
to characterise how coordinated variation across sugars, minerals, targeted phenolics, and 
bioactive constituent metrics aligns with the measured bioactivities. This analysis is cor-
relation-based and used to interpret the cross-block structure of honey bioactivity rather 
than inferring linear causality. 

3.2.1. DIABLO Multiblock Integration and Circos Association Networks 

To move beyond single-domain interpretation, DIABLO (block.splsda), supervised 
by categorical honey type, was applied to integrate the sugars, minerals, targeted phenol-
ics, and “bioactive constituent” indices (TPC, TFC, vitamin C) with the bioactivity assays 
(FRAP, CUPRAC, DPPH, anti-tyrosinase). The strongest cross-block associations were 
visualised as a circos network (Comp 1–2; |r| ≥ 0.8). DIABLO is used here as an associa-
tion-mapping framework: links represent strong latent-component similarities across the 
same samples, reflecting the fact that floral source shifts multiple compositional domains 
simultaneously [30]. Thus, observed correlations capture coordinated “honey-type” 
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profiles rather than the action of single constituents in isolation. Full compositional results 
are reported in Supplementary Tables S3–S6. 

The saved similarity table contained two strong within-bioactivity pairings at |r| ≥ 
0.8 (within-block chords were suppressed in Figure 1): FRAP and CUPRAC clustered 
tightly, consistent with both assays largely reflecting electron-transfer reducing capacity 
under different reagent systems, and DPPH and anti-tyrosinase co-varied, supporting a 
coupled “radical-scavenging/enzyme-inhibitory” axis. Importantly, this co-variation does 
not imply a single driver; rather, it summarises coordinated assay responses in the present 
cohort [26,37]. 

 

Figure 1. DIABLO circos association network linking composition blocks to bioactivity endpoints in 
New Zealand monofloral honeys. Circos plot summarising the strongest cross-block associations 
(DIABLO Comp 1–2) between sugars, minerals, targeted phenolics, and bioactive constituent indi-
ces (TPC, TFC, vitamin C) and the bioactivity assays (FRAP, CUPRAC, DPPH, anti-tyrosinase). 
Chords indicate latent-component similarities returned by circosPlot among variables retained at a 
stringent threshold (|r| ≥ 0.8); red chords denote positive correlations, and blue chords denote neg-
ative correlations. Coloured traces outside the circle show the relative expression patterns for each 
selected variable across honey types (thyme, mānuka, kānuka, clover). The outer traces identify 
thyme (green), mānuka (grey/black), kānuka (orange), and clover (blue). Sector colours identify sug-
ars (red), minerals (yellow-green), bioactivity assays (green), bioactive constituent indices (blue), 
and phenolics (purple). The phenolic abbreviation 2-HMPA denotes 2-hydroxy-3-(4-methoxy-
phenyl)propanoic acid. 
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The most prominent cross-block links into the bioactivity assays were concentrated 
in the bioactive constituent indices, especially vitamin C and TPC. Vitamin C showed 
strong positive associations with DPPH, CUPRAC, FRAP, and anti-tyrosinase at |r| ≥ 0.8, 
coherent with ascorbic acid acting as a potent electron donor and an anti-browning agent 
[12]. In parallel, TPC showed strong positive links with CUPRAC and FRAP, aligning with 
the role of phenolic richness as a broad indicator of honey’s reducing capacity and anti-
oxidant potential [38–40]. Crucially, the higher vitamin C and TPC values in the same 
samples are consistent with a coordinated compositional profile in the present honey co-
hort, rather than an isolated pairwise effect [9]. 

At the level of individual phenolics, the network showed distinct interaction patterns. 
The syringic acid signal showed strong positive associations with CUPRAC and FRAP, 
consistent with a phenolic-acid-rich axis that tracks reducing power. In contrast, markers 
such as methyl syringate and lumichrome displayed negative associations with the bioac-
tivity block. These negative links represent pattern-level contrasts (i.e., markers of the 
lower-activity mānuka/kānuka profiles) rather than biochemical suppression. However, 
the lumichrome-associated separation of kānuka samples is chemically significant. Lumi-
chrome showed a kānuka-associated pattern within the present cohort, consistent with 
previous reports [41,42]. Its specificity requires confirmation in larger, independently 
sourced cohorts; the present dataset does not validate genus specificity or authentication 
performance [43]. 

Within the sugar block, only sucrose and isomaltose exceeded the stringent threshold 
for direct linkage to bioactivity. These associations are best interpreted as matrix co-vari-
ation, where floral source and processing shift carbohydrate profiles alongside redox-ac-
tive constituents [44,45]. Similarly, while mineral content is known to influence honey 
conductivity and redox behaviour, no single mineral met the strict |r| ≥ 0.80 threshold for 
direct linkage in this network. This suggests that mineral co-variation may be summarised 
more broadly by the latent-variable approach of sPLS regression (Section 3.2.2), without 
establishing synergy or a mineral mechanism. 

Overall, the DIABLO circos network provides a compact summary of the co-variation 
between composition and bioactivity. Under the stringent main-text threshold (|r| ≥ 0.80), 
the analysis supports the interpretation that the bioactivity-aligned structure is multi-con-
stituent, bridging phenolic richness and vitamin content with matrix-specific sugar pro-
files. An extended circos network at a lower threshold (|r| ≥ 0.60) is provided in Supple-
mentary Figure S1 alongside the main-text strict network (|r| ≥ 0.80). Across both net-
works, the purpose is interpretive: to summarise sample-level co-variation across honey 
types without implying biochemical causality. 

3.2.2. Multiblock sPLS Regression of Compositional Blocks Against Bioactivity Assays 

Following the DIABLO circos association map, multiblock sparse PLS regression 
(sPLS-REG; mixOmics) was employed as a complementary, multivariate way to summa-
rise which variables contribute most strongly to the shared composition–bioactivity co-
variance. Unlike the circos network, which visualises high-threshold latent-component 
similarities, sPLS-REG provides a component-based summary that accommodates collin-
earity and extracts a sparse set of features whose weighted combinations best track the 
multivariate bioactivity signal [30,31]. This is treated as an interpretive association model: 
floral origin shifts multiple compositional domains simultaneously, so multivariate load-
ings are interpreted as signatures of coordinated honey-type profiles rather than single-
compound “drivers” in isolation. 

Two complementary visual summaries are shown. First, the combined loadings bars 
(Comp 1–2; Figure 2A–D) rank variables by magnitude, √(l12 + l22), and direction relative 
to the bioactivity signal. Second, the stability paths (Figure 3A–D) track signed combined 
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loading magnitudes across 200 stratified subsamples (nominal train = 0.8), assessing in-
ternal sensitivity to sample and sparsity perturbations. 

 

Figure 2. Multiblock sPLS regression (sPLS-REG) combined loadings across compositional blocks 
for the joint bioactivity signal (Comp 1–2). Panels show (A) sugars, (B) minerals, (C) bioactive con-
stituents (TPC, TFC, vitamin C), and (D) targeted phenolics. Bars represent the signed combined 
loading magnitude for each selected variable within each block, ranked by √(l12 + l22). The sign is 
anchored by Spearman correlation of each feature with the mean standardised assay signal (Y block: 
FRAP, CUPRAC, DPPH, and anti-tyrosinase), such that positive bars indicate co-variation with 
higher overall bioactivity and negative bars indicate co-variation in the opposite direction. The plot 
is interpreted as descriptive association structure (co-variation), not mechanistic causality. 

Across all blocks, the bioactive constituent indices (TPC and vitamin C) were among 
the most prominent positive features and the most stable in the resampling view (Figures 
2C and 3C). Both measures remained positive across sparsity settings, indicating that their 
alignment with the multivariate assay response is an internally persistent pattern in this 
dataset. Notably, under maximal sparsity (keepX = 1), vitamin C displayed a higher selec-
tion frequency than TPC (Figure 3C). This stability reinforces the DIABLO findings, sup-
porting ascorbic acid as a bioactivity-associated feature within this cohort. Biochemically, 
this is coherent: FRAP and CUPRAC quantify electron-transfer reducing capacity, and the 
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broad redox-active pools captured by vitamin C and TPC are expected to contribute to 
these readouts [38–40]. Meanwhile, vitamin C is a strong electron donor and is widely 
discussed in the context of redox cycling relevant to quinone reduction and browning-
related chemistry, providing a coherent conceptual basis for parallel trends across antiox-
idant and anti-tyrosinase endpoints when a sample set spans contrasting “high-activity” 
versus “low-activity” honey matrices [12]. 

 

Figure 3. Multiblock sPLS regression (sPLS-REG) signed loading paths versus sparsity (keepX) 
showing internal sensitivity of blockwise associations with bioactivity. Panels show (A) sugars, (B) 
minerals, (C) bioactive constituent indices (TPC, TFC, vitamin C), and (D) targeted phenolics. For 
each block, lines track the mean signed combined loading magnitude, √(l12 + l22), conditional on se-
lection across repeated subsamples while varying keepX (number of variables retained). Point size 
indicates selection frequency (stability, %), and the vertical dashed line marks the chosen keepX 
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used for the final reported signature. Signs are anchored within each subsample by Spearman cor-
relation between each feature and the mean standardised bioactivity signal, such that positive val-
ues correspond to variables that increase with higher assay response and negative values indicate 
the opposite direction. The paths are used to assess the stability of the descriptive association pattern 
under tuning variation, not predictive performance. 

Within the targeted phenolics block, the signature was dominated by syringic acid 
(the largest positive bar), followed by chrysin and azelaic acid, with p-coumaric acid and 
rutin also contributing positively (Figure 2D). The internal stability analysis shows persis-
tence of this positive loading across keepX settings (Figure 3D), supporting the interpre-
tation that a specific phenolic-acid/phenolic enrichment axis is consistently embedded 
within the integrated bioactivity co-variance. This aligns with the consensus that phenolic 
richness is a major contributor to honey’s reducing capacity and radical-scavenging be-
haviour [38–40]. Conversely, markers such as methyl syringate and lumichrome loaded 
negatively. In sPLS-REG, this negativity represents profile contrast: these compounds 
characterise the alternative kānuka/mānuka phenotypes and thus oppose the latent com-
ponent tracking the high-activity thyme signature. 

The minerals block contributes a coherent multielement signature rather than a single 
dominant “driver” (Figure 2B). Phosphorus (P) showed the strongest positive loading and 
was the most stably retained element in the internal stability analysis (Figure 3B), accom-
panied by Na, Ca, K, Mg, Al, and Mn. Published studies relate multielement honey pro-
files to geographical context; this literature provides background rather than evidence of 
soil causation in the present samples [46,47]. No soil samples were analysed, so the phos-
phorus loading cannot establish soil-derived phosphorus, a regional geological mecha-
nism, or geographical verification. Honey antioxidant and anti-tyrosinase behaviour is 
more commonly attributed to phenolic and other redox-active constituents, including 
ascorbic acid [48]. Here, phosphorus and the broader mineral profile co-vary with the bi-
oactivity-aligned multivariate structure. These cohort-specific associations generate hy-
potheses for future studies that directly measure environmental factors and test constitu-
ent effects. 

Although the sugar block is small, it displayed a distinct co-variation pattern: sucrose 
and isomaltose loaded positively, while fructose loaded negatively (Figures 2A and 3A). 
Sucrose was the most internally persistent sugar feature, maintaining a consistently posi-
tive trend across sparsity levels (Figure 3A). While sugars are not primary redox agents, 
this pattern highlights the importance of the matrix environment. The positive loading of 
sucrose suggests that the carbohydrate profile of the thyme honeys co-varies with the ac-
cumulation of redox-active constituents. This is consistent with the interpretation that 
“high bioactivity” is not an isolated trait but part of a specific honey matrix defined by 
both its organic (phenolic) and carbohydrate composition [44,45]. 

Taken together, Figures 2A–D and 3A–D show that the sPLS-REG model summarises 
coordinated associations between bioactivity and phenolic/vitamin, mineral, and sugar 
profiles. The consistency across resampling (Figure 3A–D) indicates internal persistence 
in the present dataset and does not provide external validation. The integration provides 
a hypothesis-generating account of composition–bioactivity co-variation without identi-
fying soil inputs or causal constituent effects. The sPLS-REG stability paths (selection fre-
quency across keepX based on 200 resamples) for each block are provided in Supplemen-
tary Figure S2, and the corresponding selected feature–assay association heatmap (raw 
Spearman r) is shown in Supplementary Figure S3. 

3.2.3. Botanical-Origin Sensitivity and Functional Interpretation 
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The retained model-input analysis showed that botanical adjustment substantially 
changed several pooled associations (Table S7). Vitamin C–CUPRAC remained positive 
(pooled r = 0.829; partial r = 0.598; adjusted slope = 0.5785, HC3 95% CI 0.3466–0.8103, in 
recorded assay units per retained vitamin C unit). It was the only association with HC3 
BH q < 0.05 (p = 0.0000634; q = 0.001014), whereas its restricted-permutation p = 0.0040 and 
q = 0.0640 did not pass the separate permutation FDR threshold. None of the 16 compari-
sons passed permutation BH q < 0.05. Vitamin C–FRAP remained positive but uncertain 
(partial r = 0.515; HC3 p = 0.0807; q = 0.3228), while its DPPH and anti-tyrosinase associa-
tions weakened to partial r = −0.074 and 0.134. Syringic acid–DPPH reversed direction 
(pooled r = 0.638; partial r = −0.632; HC3 p = 0.0193; q = 0.1432), and phosphorus–DPPH 
remained positive (partial r = 0.602; HC3 p = 0.0269; q = 0.1432); neither passed either FDR 
procedure. All sucrose associations were non-significant after adjustment, with negative 
FRAP/CUPRAC slopes and near-zero DPPH/anti-tyrosinase partial correlations. The re-
maining comparisons and their uncertainty are reported in full in Table S7. Attenuation 
after adjustment does not establish botanical origin as the sole explanation, because lim-
ited within-type variation and small groups reduce power. 

Vitamin C–CUPRAC was also positive within thyme (n = 13; Pearson r = 0.766, Fisher 
95% CI 0.372–0.926; Spearman ρ = 0.687), and its adjusted slope remained positive across 
honey deletions (0.5147–0.6445). However, all nine non-thyme vitamin C entries were rec-
orded zeros, so its within-type evidence came entirely from thyme, and it cannot establish 
a common relationship across botanical populations. Deletions changed the adjusted 
slope sign for vitamin C–DPPH (2/22), sucrose–DPPH (4/22), and sucrose–anti-tyrosinase 
(2/22). Secondary partial RDA accounted for 42.08% of in-sample within-type multivariate 
response variation (df-adjusted 25.53%; pseudo-F4,14 = 2.543; permutation p = 0.0288; Table 
S8), rather than 42.08% of total response variation. The global p ranged from 0.0061 to 
0.1314 after sample deletion, reaching ≥0.05 in eight deletions. Thyme supplied 91.7% of 
standardised within-type predictor variation. These results qualify the pooled multiblock 
signature; they do not confirm causal constituent effects or independently replicated as-
sociations across honey types. 

To maintain strict continuity with the primary multiblock models, all botanical-ad-
justment and sensitivity analyses were performed directly on the locked model-input ma-
trix. Because non-thyme vitamin C values were recorded as below-detection zeros in this 
matrix, within-type variance for vitamin C is restricted to the thyme group, and the re-
sulting cross-group slope estimates should be interpreted within the context of the ar-
chived model scale. Functional interpretation must distinguish assay chemistry from com-
positional association. Vitamin C is a plausible direct reducing contributor to FRAP and 
CUPRAC, while its DPPH response depends on reaction conditions; pure-compound ex-
periments support these redox activities but do not quantify its contribution in honey 
[49,50]. Syringic acid has shown FRAP and DPPH activity as an isolated standard [50], but 
its negative adjusted DPPH association here is not evidence of antioxidant suppression. 
Direct syringic-acid contributions to CUPRAC or tyrosinase inhibition at the concentra-
tions present were not established by this study. FRAP/CUPRAC reduction, DPPH scav-
enging, and the IC50-derived kojic-acid-equivalent endpoint are distinct responses. The 
anti-tyrosinase readout does not identify which constituent inhibits the enzyme; mecha-
nistic interpretation requires controls distinguishing enzyme inhibition from coupled re-
dox reactions [12]. 

Elemental phosphorus and sucrose are therefore treated as indirect compositional 
markers, rather than demonstrated mediators of any of the four endpoints. Phosphorus 
speciation and direct constituent effects were not measured. Sugar-related viscosity or 
other matrix effects are possibilities requiring matched controls, not established explana-
tions for the sucrose loadings. Similarly, Folin–Ciocalteu TPC is an operational reducing-
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reactivity index that also responds to non-phenolic compounds, including ascorbate [51]; 
agreement with FRAP/CUPRAC need not reflect independent phenolic-specific effects. 
Standard-compound tests at measured concentrations, spiking/removal and controlled 
phenolic-fraction experiments with matrix, colour and tyrosinase-interferent controls, and 
larger balanced independently sampled botanical cohorts are needed to separate func-
tional contributions from co-variation. 

The study is an exploratory proof-of-principle analysis of 22 independent honeys: 
thyme (n = 13), mānuka (n = 3), kānuka (n = 3), and clover (n = 3). The small, unbalanced 
minority groups cannot establish population-level specificity or broad generalisability. 
Technical triplicates describe analytical repeatability, and internal resampling does not 
supply new biological observations or independent validation. Floral origin may be con-
founded with region, collection year, raw/commercial status, processing, and storage. 
Larger, balanced, independently sourced cohorts spanning these factors are required to 
test the associations and any proposed authentication or predictive application. 

4. Conclusions 
This study compared the antioxidant (FRAP, CUPRAC, DPPH) and anti-tyrosinase 

activities of four New Zealand monofloral honeys and used correlation-focused multi-
block integration to interpret how these bioactivities co-vary within a multi-domain com-
position. Under a robust Welch/Games–Howell framework, honey type significantly af-
fected each bioactivity endpoint, with thyme showing the highest mean activity across the 
four in vitro endpoints in this cohort; Games–Howell overlap for CUPRAC is retained in 
Table 1. 

Building on this foundation, DIABLO supervised by categorical honey type and 
multiblock sPLS regression with the continuous assay response were applied as interpre-
tive association models (not causal or predictive validation models) to map coordinated 
variation between sugars, minerals, targeted phenolics, and bioactive constituents (TPC, 
TFC, vitamin C). Across both multiblock views, the bioactivity-aligned structure was 
cross-domain and internally consistent, supporting a coordinated honey-matrix pattern 
within the present cohort. The associations of phosphorus, vitamin C, syringic acid, and 
sugar profiles reflect cross-domain co-variation, without establishing soil causation or bi-
ochemical synergy. Stability under sparsity and subsampling perturbations describes in-
ternal sensitivity rather than external validation. Lumichrome showed a kānuka-associ-
ated pattern consistent with previous reports; the three kānuka samples do not establish 
genus specificity or authentication performance. The contribution is the joint interpreta-
tion of multiple compositional domains against four functional endpoints in the same co-
hort. Larger, balanced, independently sourced cohorts spanning regions and production 
years are required before predictive, authentication, or regulatory use can be considered. 

Botanical-type adjustment qualifies the pooled signature: the vitamin C–CUPRAC 
association depends on the inference procedure and within-thyme support, while the 
other constituent-specific comparisons do not pass FDR control; the exploratory global 
association is sensitive to sample deletion. 

Supplementary Materials: The following supporting information can be downloaded at: 
https://www.mdpi.com/article/10.3390/antiox15111415/s1, Table S1: Summary of honey samples; 
Table S2: Sample-wise bioactivity values; Methods S1–S4: analytical methods for sugars, minerals, 
targeted phenolics, and bioactive constituents; Tables S3–S6: sugar, mineral, targeted phenolic, and 
bioactive constituent results; Figure S1: Extended DIABLO circos network (|r| ≥ 0.60); Figure S2: 
sPLS-REG stability paths across sparsity settings; Figure S3: Spearman correlation heatmap between 
selected features and individual bioactivity assays. Tables S7: exploratory botanical-origin-adjusted 
constituent–bioactivity associations; S8: secondary partial-RDA sensitivity analysis, respectively. 
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