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1. [bookmark: _Toc232417247]Introduction
[bookmark: _Toc232417248]1.1 Light and receptors in plants
The electromagnetic spectrum of solar radiation reaching the terrestrial surfaces ranges from 100 to 1x106 nm, encompassing the photosynthetically active radiation (PAR, 400-700 nm) (McCree, 1981) and ultraviolet radiation (UV, 100-400 nm), among others (Björn, 2015). Outside of the PAR spectrum, UVA waveband is often divided into short (315-350 nm) and long wavelength (350-400 nm) as these are perceived by UVR8 and CRYs, respectively (Rai et al., 2021).
[bookmark: _Toc232417249]1.2 Flavonoids in human diet
Humans depend on the consumption of fruits and vegetables for the intake of flavonoids that improve vascular (Khani & Spencer, 2025) and cognitive functions (Cheng et al., 2022), as well as prevent diseases associated to metabolic syndrome (Gouveia et al., 2022).
[bookmark: _Toc232417250]1.3 Flavonoids biosynthesis
Flavonoids are mostly produced in plants, but also by bacteria and fungi, and their structural subunit consists of a diphenylpropane C6-C3-C6 core of aromatic rings (A- and B-) linked to a heterocyclic C-ring (Davies et al., 2024).
[bookmark: _Toc232417251]1.4 Glycosylation in flavonoids 
Glycosylation is the enzymatic conjugation of an aglycone to a sugar moiety (glucose, galactose, rhamnose, xylose, arabinose) catalysed by the action of glycosyltransferases (Gachon et al., 2005; Pandey & Sohng, 2016). A glycosylation makes flavonoid vacuolar sequestration, transport, stabilization, and synthesis feasible (Gharabli et al., 2023). 
[bookmark: _Toc232417252]1.4 Computational metabolomics approaches 
Supplementary Notes 5: Computational metabolomic studies can use targeted and untargeted approaches, where the latter allows to detect considerably greater numbers of unknown compounds that allows for a more robust portrait of the metabolome fingerprint of specific genotypes, developmental stages, tissues/structures, and environmental conditions (Chen et al., 2020). For instance, to systematically investigate how different light conditions reshape the floral flavonoid metabolome, untargeted high-resolution ultra-high performance liquid chromatography coupled to tandem mass spectrometry (UPLC–MS/MS) was used, typically yielding thousands of chromatographic features (m/z–retention time pairs) with associated fragmentation spectra for comparative analyses across treatments (Hakeem et al., 2025; Kalinski et al., 2026). However, translating these signals into confident chemical identities remains a key bottleneck, particularly for flavonoids and their glycosylated patterns, which often occur as positional isomers producing highly similar MS/MS patterns (Li et al., 2024). Moreover, exact spectral-library matching frequently provides limited coverage because many experimental spectra have no direct reference, motivating approaches that expand annotation beyond exact matches (Bittremieux et al., 2022). 
To overcome this annotation bottleneck, we created and applied an integrated computational workflow that links differential abundance patterns to molecular families, substructures, and candidate annotations to study the effects of short wavelengths on cannabis flower metabolomes. Specifically, molecular networking (MN) organizes MS/MS spectra into molecular families to prioritize treatment-responsive clusters and support annotation propagation across related metabolites. Subsequently, MS2LDA 2.0 identifies recurring fragmentation motifs (Mass2Motifs) to explore substructures and moieties that differentiate light conditions (Torres Ortega et al., 2025) while SIRIUS supports molecular-formula inference, chemical class assignments, and structure-candidate generation (Dührkop et al., 2019). Finally, MS2Query (De Jonge et al., 2023) and DreaMS (Bushuiev et al., 2025) are machine learning and deep learning similarity based-approaches that were used to retrieve analogs if a reliable spectral match from library was not found.



2. [bookmark: _Toc232417253]Materials and methods 
[bookmark: _Toc232417254]2.1 Glandular trichome imaging
Glandular trichome imaging: Inflorescence bracts were collected from within 5 cm of the apical section of the top inflorescences and examined for their glandular trichomes. Photographs were made under a stereomicroscope (ZEISS Stemi SV 11, Carl Zeiss, Germany) with a zoom range of 0.6× to 6.6× using dark-field illumination to compare glandular trichome coloration across short-wavelength treatments.
[bookmark: _Toc232417255]2.2 Ultra-high-performance liquid chromatography mass spectrometry
Ultra-high-performance liquid chromatography mass spectrometry (UHPLC-MS/MS) based metabolomic analysis: For each sample, 10 µL was injected into a UHPLC with Exploris120 Orbitrap system (Thermo Scientific) and vanquish photodiode array detector (220-600 nm). The Orbitrap Exploris120 mass spectrometer was equipped with an electrospray ionization (ESI) source. Chromatographic separation was performed on a reversed-phase column (Acquity UPLC BEH C18, 1.7 µm, 2.1 × 150 mm; Waters) at 40°C with a mobile phase composed of degassed eluent A [ultra-pure water: formic acid (1000:1, v/v)] and eluent B [acetonitrile: formic acid (1000:1, v/v)] at a flow rate of 0.4 mL min⁻¹. A linear gradient of 5 to 75% (v/v) eluent B was applied over 22 minutes, followed by 8 minutes of washing and equilibration. UV absorbance was monitored using a Vanquish photodiode array detector (220–600 nm). Fourier transform mass spectrometry (FTMS) full scans (m/z 90.00–1350.00) were recorded at a resolution of 60,000 full width at half maximum (FWHM). ESI was performed in alternating positive and negative modes with spray voltages of +3 kV (ESI+) and −2.5 kV (ESI−).
[bookmark: _Toc232417256]2.3 Data preprocessing and metabolite feature finding
The mzML files were pre-processed using mzmine 4.7.8 with the mzwizard workflow (batch file available at Zenodo, see Data Availability). Chromatograms were cropped between 0.5 to 60 minutes for retention time. The maximum number of peaks per chromatogram was set to 15, with a minimum of 4 consecutive scans per peak. The minimum feature height was set to 5.04 × 10⁶ and noise thresholds were MS1 = 5.0 and MS2 = 2.5. Metabolic features with signal intensities less than threefold above those detected in the blank were excluded.
[bookmark: _Toc232417257]2.4 Metabolite and substructure in silico annotation
The settings used for SIRIUS were the default: mass accuracy of 5 ppm, adding the main fallback adducts: [M + H]+, [M + Na]+ and [M + K]+. The databases selected were the plant related types (such as GNPS, Plantcyc, LOTUS, Biocyc). We used SIRIUS molecular formula identification with the ‘de novo + bottom-up’ strategy (m/z threshold 400): bottom-up candidate generation was applied to all features, and de novo formula enumeration was additionally performed only for precursors m/z < 400. For DreaMS, we obtained the most similar reference spectra above a cosine similarity threshold of 0.75 (via the DreaMS web interface).
For the MS2LDA run the spectra were filtered to include a minimum of five fragments per spectra, and a minimum normalized intensity of 0.03. For the MS2LDA settings, the number of Mass2Motifs was set to 150 with 10000 iterations and fragments and losses per Mass2Motifs of 50. For the substructure Annotation Guidance, five reference molecules were retrieved with scores above 0.90 of cosine similarity.
[bookmark: _Toc232417258]2.5 Feature-based molecular networking
For the feature-based molecular networking using GNPS2 (Nothias et al., 2020),  the following settings were used: fragment tolerance = 0.5, precursor mass tolerance = 0.02, cosine similarity threshold = 0.7, minimum matched peaks = 6, and library TopK = 2. For molecular networking, edges were created using a cosine similarity cutoff of 0.7 with a minimum of six matched peaks, TopK = 10, and a maximum component size of 100. Altogether, the outputs from SIRIUS (formula/ZODIAC/CANOPUS), MS2Query, DreaMS, and MS2LDA were exported as feature-level tables and integrated with the network by importing them into Cytoscape as node attribute tables and joining them to network nodes using the shared feature identifier. This integration provided additional annotations for network nodes without direct spectral library matches.
[bookmark: _Toc232417259]2.6 Chemical classification and chemometric analysis
Chemical classification and chemometric analysis: datasets were pre-processed in MetaboAnalyst 13.0 (Pang et al., 2021) as follows: missing values were estimated using left-censored data imputation, features were normalized by sample median, log₁₀ transformed, and Pareto scaled prior to multivariate analysis.
Partial least squares discriminant analysis (PLS-DA) was performed on each dataset and validated using five-fold cross-validation. Model performance was assessed by R², indicating the proportion of variance explained by the model, and Q², defined as 1 minus the ratio of the predictive residual sum of squares to the total sum of squares of the response variable, indicating predictive performance. Variable importance in projection (VIP) scores were calculated from the PLS-DA model; features with VIP ≥ 1.5 were considered significant contributors to group separation, and features with VIP ≥ 2.5 were considered the strongest drivers.
Hierarchical clustering heatmaps were generated using Ward linkage distance and Z-scaling of feature abundances ranging from -1 to 1. Features displayed in heatmaps were filtered by VIP ≥ 0.5 (phenylpropanoid dataset) or VIP ≥ 1.5 (global dataset) depending on the analysis.
Mean separation of relative abundances across treatments was performed using a one-way ANOVA followed by Fisher's protected least significant difference (LSD) post-hoc test at α = 0.05.
Treatment effect magnitude was assessed by volcano plot analysis using pairwise t-tests comparing each short-wavelength treatment to the reference. A threshold of −log₁₀(p-value) ≥ 1.3 (corresponding to p < 0.05) was applied for statistical significance, and a log₂-fold change (FC) threshold of ≥ 2 or ≤ −2 was used to define biologically meaningful magnitude of change. Positive and negative log₂FC values indicate upregulation and downregulation of relative abundances, respectively.
3. [bookmark: _Toc232417260]Discussion
[bookmark: _Toc232417261]3.1 Light effects in plants 
 Blue light upregulates the metabolism of fatty acids in Oryza sativa (Zhang et al., 2024) while downregulating terpenoids in Salvia miltiorrhiza (Chen et al., 2018). Previous studies have shown that UVB enriches the metabolism of amino acids and carbohydrates in Rhododendron chrysanthum (Sun et al., 2022), terpenoids in Artemisia annua (Rai et al., 2011), and alkaloids in Catharanthus roseus (Zhu et al., 2015); while UVA also upregulates the metabolism of amino acids in Brassica alboglabra (He et al., 2021) and terpenoids in Prunus persica (Zhang et al., 2025). 
[bookmark: _Toc232417262]3.2 Glycosylation studies in plants 
In Spirodela polyrhiza, the glycosylated flavone luteolin 8-C-glucoside is mostly accumulated in the vacuole and chloroplast of mesophyll cells conferring copper-sulphate stress tolerance; whereas luteolin 7-O-glucoside accumulates in the vacuole of epidermal cells conferring tolerance to copper-sulphate and UV stress (Böttner et al., 2021).
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	Supplementary Figure 1 | (A) motif_102, (B) motif_120, (C) motif_44, and (D) motif_9, corresponding to the cannabinoids CBD, CGB, CDBA and CBGA, respectively.
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	Supplementary Figure 2 | Motif_87. On top, the recommended structure given by MAG. The spectrum above refers to the losses contained in the motif. Below, a spectrum with the fragments associated to the motif, in orange the optimized fragments (those existing in the recommended structure and are part of the motif) corresponding to the substructure drawn. 
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	Supplementary Figure 3 | Motif_59. On top, the recommended structure given by MAG. The spectrum above refers to the losses contained in the motif. Below, a spectrum with the fragments associated to the motif, in orange the optimized fragments (those existing in the recommended structure and are part of the motif) corresponding to the substructure drawn. 
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	Supplementary Figure 4 | (A) motif_137. On top the recommended structures given by MAG. The spectrum above refers to the losses contained in the motif. Below, a spectrum with the fragments associated to the motif, in orange the optimized fragments (those existing in the recommended structure and are part of the motif) corresponding to the substructure drawn.
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	Supplementary Figure 5 | Motif_68. On top, the recommended structures given by MAG. The spectrum above refers to the losses contained in the motif. Below, a spectrum with the fragments associated to the motif, in orange the optimized fragments (those existing in the recommended structure and are part of the motif) corresponding to the substructure drawn.
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	Supplementary Figure 6 | Motif_105. On top, the recommended structure given by MAG. The spectrum above refers to the losses contained in the motif. Below, a spectrum with the fragments associated to the motif, in orange the optimized fragments (those existing in the recommended structure and are part of the motif) corresponding to the substructure drawn
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	Supplementary Figure 7 | (A) motif_139, (B) motif_114, (C) motif_115, and (D) motif_15, associated to glycosylation moieties.
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	Supplementary Table 1 | Putatively annotated flavonoids in positive ion mode in Cannabis sativa L. inflorescences.

	ID
	m/z
	Rt (min)
	Library match
	MS2Query
Annotation
	MS2Query
Similarity
	Motif
	MS2Q Class
	SIRIUS Class
	DreaMS
Annotation
	DreaMS
Similarity
	Putative Annotation / MSI#

	4261
	301.0705
	20.88
	—
	Peonidin-3,5-O-di beta-glucoside
	0.92
	68
	Flavones
	Flavones
	—
	—
	 Diosmetin / 5

	3735
	287.0549
	18.00
	Luteolin
	Luteolin
	0.93
	59
	Flavonols
	Flavones
	Luteolin
	0.77
	Luteolin / 2

	3073
	449.1082
	15.01
	Apigenin-7-O glucoside|
	CollisionEnergy:205060
	0.93
	59
	Flavones
	Flavones
	Luteolin-4'-O-glucoside 
	0.76
	Luteolin-
4'-O-glucoside / 3

	3049
	464.1266
	14.81
	Massbank:PR307568-Plantaginin
	Peonidin-3-o-beta-d-glucopyranoside
	0.86
	68
	—
	Purine
nucleosides
	-—
	—
	Peonidin-3-o-beta-d-glucopyranoside / 3

	2913
	609.1451
	14.32
	Diosmetin-7-arabinoglucoside
	Diosmetin-7-O-neohesperidoside
	0.86
	68
	Flavones
	Flavones
	—
	—
	Diosmetin-
7-O-
neohesperidoside / 3

	2881
	593.1862
	14.18
	Margaritene
	Vitexin-2''-O-rhamnoside
	0.96
	137
	Flavones
	Flavones
	—
	—
	Margaritene  / 3

	2782
	287.0550
	13.88
	Massbank:NA003756 Kaempferol
	Kaempferol
	0.93
	59
	Flavonols
	Flavonols
	—
	—
	Kaempferol / 2

	3766
	303.0498
	18.11
	2-(3,4-dihydroxyphenyl)-3,5,7-trihydroxy-4H-chromen-4-one
	Quercentin
	0.97
	59
	Flavonols
	Flavonols
	Quercentin
	0.75
	Quercentin / 3

	2695
	449.1078
	13.79
	Kaempferol-
3-O-glucoside
	Kaempferol 7-O-glucoside
	0.97
	59
	Flavonols
	Flavonols
	Kaempferol-3-O-beta-glucopyranosyl
	0.88
	Kaempferol-
3-O-glucoside / 2

	2662
	625.1760
	13.40
	Rutin - 40.0 eV	
	Isorhamnetin-3-O-galactoside-6''-rhamnoside
	0.96
	68
	Flavonols
	Flavonols
	Isorhamnetin-3-O-rutinoside
	0.85
	Isorhamnetin-
3-O-rutinoside / 3

	2609
	595.1656
	13.17
	Kaempferol-
3-O-rutinoside
	Kaempferol-3-O-glucoside-3''-rhamnoside
	0.96
	59
	Flavonols
	Flavonols
	—
	—
	Kaempferol-3-O-rutinoside/ 2

	2567
	463.1234
	12.96


	Luteolin-7-glucoside
	5,7-dihydroxy-6-methoxy-2-[4-[(2S,3R,4S,5S,6R)-3,4,5-trihydroxy-6-(hydroxymethyl)oxan-2-yl]oxyphenyl]chromen-4-on
	0.93
	68
	Flavones
	Flavones
	—
	—
	Hispidulin-
4′-O-glucoside / 5

	2531
	449.1079
	12.75
	Luteolin-
7-glucuronide
	CollisionEnergy:205060
	0.95
	59
	Flavones
	Flavones
	Luteolin 7-glucoside
	0.85
	Luteolin 7-glucoside / 3

	2435
	433.1129
	12.27
	Vitexin
	Vitexin
	0.97
	137
	Flavones
	Flavones
	Vitexin 
	0.80
	Vitexin / 2

	2359
	579.1705
	11.84
	Vitexin-2
-O-rhamnoside
	—
	—
	137
	Flavones
	Flavones
	—
	—
	Vitexin-2
-O-rhamnoside / 2

	2265
	449.1079
	11.29
	Vitexin
	Orientin
	0.97
	137
	Flavones
	Flavones
	Orientin
	0.77
	Orientin / 3

	1452
	596.1694
	7.37
	Nicotiflorin
	HDBLGMREZKSBMK-SPSUIZEHSA-N
	0.86
	59
	Flavonols
	—
	Nε-trimethyllysine
	0.77
	Nicotiflorin / 2

	2291
	595.1653
	11.44
	Vitexin-2-O-rhamnoside
	Vicenin 2
	0.96
	137
	Flavones
	Flavones
	—
	—
	Vicenin 2 / 3

	2523
	303.0499
	12.69
	Goniodiol
	Tricetin
	0.973
	65
	Flavones
	Flavonols
	—
	—
	Tricetin / 3

	2617
	463.087
	13.19
	Luteolin-7-glucoside
	Kaempferol-3-O-glucuronoside
	0.938
	59
	Flavonol
	Flavones
	—
	—
	Kaempferol-3-O-glucuronoside / 3

	2627
	1177.3963
	13.21
	NCGC00385624-01
	Cyanidin-3-O-sambubioside-5-O-glucoside
	0.76
	59
	None
	Anthocyanidins
	Luteolin 7-galactoside
	0.81
	Unresolved / 3

	5377
	371.1493
	31.05
	MEGxp0_001925
	5,7-dihydroxy-2-(4-hydroxy-3-methoxyphenyl)-6-(3-methylbut-2-enyl)-2,3-dihydrochromen-4-one
	0.75
	10
	Flavanones
	Flavanones
	—
	—
	Unresolved / 3

	5265
	469.1857
	29.96
	
	9-methoxy-7-[4-[(2S,3R,4S,5S,6R)-3,4,5-trihydroxy-6-(hydroxymethyl
)oxan-2-yl]oxyphenyl]-[1,3]dioxolo[4,5-g]chromen-
	0.66
	45
	Flavones
	Flavones
	—
	—
	Unresolved / 3

	5352
	30.8
	313.0708
	MEGxp0_001925
	Aflatoxin B1
	0.90
	45
	Flavanones

	Flavanones
	—
	—
	Unresolved / 3

	4146
	20.32
	271.0601
	isoliquiritigenin
	Apigenin
	0.78
	105
	Flavones
	Flavones
	—
	—
	Apigenin / 3

	1205
	6.18
	289.0707
	Fustin
	Eriodictyol

	0.93
	91 and 105
	Flavanones

	Flavan-3-ols
	—
	—
	Eriodictyol
 / 3

	2994
	14.63
	463.1235
	ReSpect:PT10419
	Peonidin-3-O-beta-galactoside
	0.96
	68
	None
	Flavones
	—
	—
	Peonidin-3-O-beta-galactoside /3

	2205
	11.0
	1029.3447

	2''-O-beta-D-Xylopyranosylorientin
	—
	—
	137
	Flavonols
	Flavonols
	—
	—
	Unresolved / 3

	2311
	11.56
	867.2131
	Procyanidin C1 40eV
	—
	—
	105
	Flavonols
	Proanthocyanins
	Procyanidin B2
	0.76
	Procyanidin C1 40eV / 2

	2436
	12.27
	579.1495
	Procyanidin_B6
	Vitexin 2''-O-p-coumarate
	0.96
	105
	Flavones
	
	Proanthocyanins
	Procyanidin B2
	0.76
	Procyanidin C1 40eV / 2

	2197
	10.98
	1189.3237
	—
	Flavone base + 4O, C-Hex-dHex
	0.75
	137
	Flavones
	Flavonols
	—
	—
	Unresolved / 3

	6168
	37.42
	283.0622
	8-Prenylnaringenin
	6,3',4'-Trihydroxyflavone
	0.46
	74
	Flavones
	Flavones
	—
	—
	Unresolved / 3

	5265
	29.96
	469.1857
	1-Hexadecanoyl-2-(5Z,8Z,11Z,14Z-eicosatetraenoyl)-sn-glycero-3-phosphoethanolamine
	9-methoxy-7-[4-[(2S,3R,4S,5S,6R)-3,4,5-trihydroxy-6-(hydroxymethyl)oxan-2-yl]oxyphenyl]-[1,3]dioxolo[4,5-g]chromen-8-one
	0.66
	45
	Flavones
	Isoflavones
	—
	—
	Unresolved / 3
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	Supplementary Figure 8 | Glandular trichomes in inflorescence bracts from the sixth week of the short-day phase of Cannabis sativa L under (A) blue, (B) UVA (C) reference treatments.
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	Supplementary Figure 9 | (A) Model performance statistics (R2, Q2, and accuracy) obtained by 5-fold cross-validation, and (B) Features with variables in projection (VIP) scores ≥ 2.5 corresponding to the PLS-DA of the ‘phenylpropanoid/shikimate’ dataset. A red asterisk (*) indicates that the predictive performance (Q2) of the four-component PLS-DA model is significantly greater than that of permuted models (p < 0.05), as determined by permutation testing.
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	Supplementary Figure 10 | Volcano plots displaying relative abundance changes in response to short-wavelengths. (A) UVB vs reference, (B) UVA vs reference, and (C) blue vs reference. X-axis shows Log2 fold-change, positive values indicate higher relative abundance in light treatment. The y-axis shows -log10(p-value), higher points indicate stronger statistical significance. Dotted lines indicate fold-change (vertical) and p-value (horizontal) cutoffs threshold of 0.05 and 2, respectively. Color scale indicates direction of change (blue = downregulated; red = upregulated), and point size corresponds to the p-value. Labeled points (ID number) correspond to features meeting both significance criteria. An orange underscore indicate those features which are flavonoids.
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