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A B S T R A C T

Accurately predicting drought tolerance in woody perennial bioenergy crops is critical for sustainable biomass 
production under fluctuating precipitation. Hyperspectral imaging (HSI) in the visible-near-infrared (VNIR) and 
shortwave-infrared (SWIR) ranges offers a promising approach for predicting plant biochemical traits, yet its 
application in metabolite profiling remains underexplored. We integrated VNIR+SWIR HSI with untargeted 
metabolomics to investigate drought-induced metabolic shifts in Populus leaves from eight Populus genotypes. 
Metabolite profiling identified 127 compounds, with 73 showing significant drought responses spanning amino 
acids (AA), carbohydrates (CHO), phenolic glycosides (PG), organic acids (OA), fatty acids and alcohols (FA), 
terpenes (T), phenolic metabolites (P), and unclassified metabolites. Spectral analysis revealed consistently 
higher reflectance across VNIR and SWIR wavelengths in drought-stressed plants, corresponding with increased 
accumulation of AA and reduced CHO and PG levels. Least absolute shrinkage and selection operator (LASSO) 
regression modeling identified robust spectral predictors of metabolite concentrations, associating VNIR wave
lengths (500–700 nm) predominantly with AA and P, whereas SWIR wavelengths (1680–1700 nm) reliably 
predicted CHO, OA, and T. Several stable spectral-metabolite associations persisted across the two watering 
regimes (drought vs. well-watered), highlighting their potential as spectral biomarkers for non-destructive stress 
monitoring. Minimal genotype-specific variation suggests that observed spectral and metabolic responses were 
driven primarily by environmental factors, likely reflecting limited genetic diversity among the commercial 
Populus genotypes examined. This work establishes VNIR+SWIR hyperspectral imaging as a powerful, non- 
destructive phenotyping tool for precision monitoring and targeted improvement of drought resilience in bio
energy crops.

1. Introduction

The increasing severity and frequency of drought events pose critical 
threats to global agricultural productivity and ecosystem function (Lesk 
et al., 2016; Masson-Delmotte et al., 2021; Naik et al., 2010; Raina et al., 

2024). Enhancing plant resilience to drought stress is imperative to 
address these challenges, particularly in the context of sustainable 
biomass production. Perennial bioenergy crops offer distinct environ
mental benefits over annual crops, including enhanced carbon seques
tration, reduced soil erosion, and improved nutrient retention 
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(Anderson-Teixeira et al., 2013; Oates et al., 2016; Pugesgaard et al., 
2015; Schmer et al., 2014). Poplar (Populus spp.), a fast-growing and 
genetically diverse genus, has emerged as a model system for studying 
plant responses to abiotic stress and a leading candidate for bioenergy 
applications (Clifton-Brown et al., 2019; Taylor et al., 2019; Tuskan 
et al., 2006). Its extensive genomic resources, metabolic plasticity, and 
adaptability to diverse environments make poplar an ideal species for 
dissecting the biochemical and physiological mechanisms underlying 
drought resilience (Jansson and Douglas, 2007; Sun et al., 2024; Viger 
et al., 2016).

Metabolite profiling has long been a cornerstone of plant stress 
biology, revealing pivotal roles of metabolites as osmoprotectants, an
tioxidants, and signaling molecules in mediating drought responses 
(Kumar et al., 2021; Obata and Fernie, 2012; Ramachandra Reddy et al., 
2004; Tschaplinski and Tuskan, 1994). However, traditional approaches 
typically require destructive sampling and extensive labor, limiting their 
scalability and real-time applicability, and relevance for practical 
breeding and management decisions (Fernie and Schauer, 2009; Hall 
et al., 2002). Current field-based phenotyping methods for poplar ge
notypes typically involve time-consuming and costly visual assessments. 
Developing high-throughput phenotyping methods capable of rapidly 
screening large poplar germplasm collections under environmental 
stresses could significantly improve genetic selection for drought resil
ience. Recent advancements in high-throughput phenotyping, particu
larly hyperspectral imaging (HSI), offer a transformative approach for 
non-destructive monitoring of plant physiological and biochemical 
traits (Abebe et al., 2023; Araus and Cairns, 2014; Fahlgren et al., 2015; 
Homolová et al., 2013; Lowe et al., 2017; Moncholi-Estornell et al., 
2022). By capturing detailed reflectance spectra across a broad range of 
wavelengths, HSI enables the detection of subtle biochemical and 
structural changes in plant tissues associated with drought stress 
(Abdelhakim et al., 2024; Montes et al., 2022; Serbin et al., 2016; 
Yendrek et al., 2017). Integrating HSI with metabolite profiling could 
provide a real-time, non-destructive method for monitoring metabolic 
shifts, offering new insights into plant stress responses.

Despite advances in high-throughput phenotyping, linking spectral 
data to metabolite composition remains a key challenge. The complexity 
of metabolic networks and the variability in spectral reflectance across 
environmental conditions make direct associations difficult to establish. 
Least absolute shrinkage and selection operator (LASSO) regression 
provides a powerful statistical framework to address this challenge by 
identifying key spectral predictors while minimizing overfitting (Hastie, 
2009; Tibshirani, 1996; Wold et al., 2001). While HSI and machine 
learning approaches have been applied to plant trait characterization, 
their potential for metabolite prediction remains largely unexplored 
(Meacham-Hensold et al., 2020; Ting et al., 2023; Vergara-Diaz et al., 
2020).

We hypothesize that specific metabolite classes and even individual 
metabolites exhibit distinct spectral signatures due to differential ab
sorption and reflectance properties across the electromagnetic spec
trum. In particular, based on work Curran (1989) and Tschaplinski and 
Tuskan (1994), we propose that drought-induced osmotic adjustment 
alters amino-acid and carbohydrate pools, which in turn create diag
nostic shifts in visible-near-infrared (VNIR, 500–900 nm) and 
shortwave-infrared (SWIR, 950–1700 nm) reflectance via changes in 
N-rich pigments and O-H bond absorptions. By integrating VNIR and 
SWIR HSI, we aim to identify robust spectral-metabolite associations to 
enable non-destructive drought monitoring in Populus.

This study combines VNIR+SWIR hyperspectral imaging with 
untargeted metabolite profiling to investigate metabolic shifts in leaves 
of drought-tolerant and drought-susceptible Populus genotypes under 
drought (D) and well-watered (W) conditions. Using LASSO regression, 
we analyzed 637 spectral profiles and quantified 127 metabolites 
spanning eight biochemical classes, assessing the relationships between 
spectral reflectance and metabolic composition. Our primary objective 
was to identify spectral signatures associated with drought-responsive 

metabolites and to evaluate the predictive capability of hyperspectral 
imaging for non-destructive metabolic phenotyping. This work estab
lishes a foundation for deploying HSI in bioenergy crop breeding, 
bridging the gap between genotype and phenotype with precision phe
notyping tools.

2. Material and methods

2.1. Plant material, growth conditions, and drought experiment

The greenhouse experiment was conducted at the Photon Systems 
Instruments (PSI) Research Center phenomics facility in Drásov, Czech 
Republic, using dormant poplar cuttings derived from eight commercial 
hybrid poplar genotypes. These genotypes were selected based on their 
known growth characteristics, drought tolerance, and suitability for 
biomass production, with each genotype represented by 10 cuttings, 
yielding a total of 80 plants. The drought-tolerant hybrids ‘AF18’ and 
‘AF34’ (Populus deltoides × P. nigra) are characterized by vigorous 
growth, tolerance to fungal diseases, and adaptability to short- and 
medium-rotation forestry. Drought-susceptible hybrids ‘AF16’, ‘AF17’, 
and ‘AF24’ (P. deltoides × P. nigra), as well as ‘AF28’ (P. deltoides × (P. 
deltoides × P. nigra)), were chosen for their favorable stem form, growth 
rates, and disease resistance despite lower drought tolerance. Addi
tionally, ‘I-214’ and ‘Boccalari’, traditional P. × canadensis genotypes 
widely used in poplar cultivation, were included despite their sensitivity 
to drought and various biotic stresses.

Prior to planting, poplar cuttings were treated with a 1 % fungicide 
solution, and their distal ends lightly coated with rooting hormone. 
Cuttings were then planted in 250-mL pots containing a standardized 
substrate mixture consisting of Klassman substrate 2, supplemented with 
15 % perlite and dolomite limestone. Plants were cultivated under 
controlled environmental conditions (16-h photoperiod/8-h dark 
regime; light intensity: 300 μmoles⋅m− 2⋅s− 1 white light [54 %] and 4.5 
μmoles⋅m− 2⋅s− 1 far-red light [19 %]; temperature: 19–21◦C; relative 
humidity: 60 %) for a total of 11 weeks. After an initial seven-week 
establishment period, five plants from each genotype were randomly 
assigned to drought (D) treatment, and the remaining five served as 
well-watered controls (W). For the W group, substrate moisture levels 
were maintained at the second-highest pot weight recorded during the 
experiment through daily watering. For the D treatment, watering was 
progressively withheld to induce stress conditions by weighing each pot 
and restricting watering to gradually reduce substrate moisture levels 
(Balasubramanian et al., 2024; Mateus et al., 2021). This approach 
ensured consistent drought stress while allowing for physiological 
monitoring of the plants stress responses. At the end of the full 11-week 
experimental period (7-week establishment plus 4-week treatment), 55 
viable plants remained (D: n = 28, W: n = 27) for subsequent spectral 
and metabolite analyses. These 55 plants represented all eight original 
genotypes: five P. deltoides × P. nigra (‘AF16’, ‘AF17’, ‘AF18’, ‘AF24’, 
‘AF34’), one P. deltoides × (P. deltoides × P. nigra) (‘AF28’), and two 
P. × canadensis (‘I-214’, ‘Boccalari’), with 7–8 ramets per genotype.

2.2. Hyperspectral, thermal infrared, kinetic chlorophyll fluorescence, 
and RGB imaging in a high-throughput phenotyping facility

Following the seven-week establishment period, plants underwent 
automated phenotyping every 2–3 days for a total of 11 rounds to cap
ture detailed physiological and morphological traits. Imaging was con
ducted using the high-throughput PlantScreen™ Modular System 
(Photon Systems Instruments, PSI, Czech Republic), which integrates 
kinetic chlorophyll fluorescence, thermal infrared (IR), hyperspectral, 
and red–green–blue (RGB) imaging sensors.

Photosynthesis-related traits were measured regularly at 10:00 am 
using kinetic chlorophyll fluorescence imaging and a short light protocol 
as described in Abdelhakim et al. (2024). Temperature profiles of plants 
were recorded via thermal imaging, and image acquisition and 
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segmentation were processed according to established methods 
(Abdelhakim et al., 2021; Findurová et al., 2023; Zagorščak et al., 2025). 
Morphological and growth dynamics were assessed using RGB imaging 
from the top and multiple-angle side views, (0◦, 120◦, 240◦), with pro
jected leaf area estimated by summing non-overlapping plant pixel 
counts across views. Image processing followed the methods of Awlia 
et al. (2016) and Abdelhakim et al. (2021).

Hyperspectral reflectance data were collected using visible-near- 
infrared (VNIR, 420–900 nm) and shortwave infrared (SWIR, 
950–1700 nm) sensors integrated into the PlantScreen™ system as 
described in Abdelhakim et al. (2024). These sensors cover the spectral 
range from the green–red portion of visible wavelengths through the 
entire near-infrared and initial shortwave-infrared regions, capturing 
detailed spectral reflectance information with spectral resolutions of 
~1.14 nm and ~2.54 nm, and with a 1:1 binning setting forming 480- 
and 318-band hypercubes for VNIR and SWIR, respectively. The phe
notyping workflow consisted of two stages: the first stage included 
automatic height measurement, light adaptation for chlorophyll fluo
rescence imaging, and IR imaging. The second stage involved RGB im
aging (top and side view), hyperspectral reflectance measurements, and 
plant watering and weighing.

Raw image data acquired from chlorophyll fluorescence, RGB, IR, 
and hyperspectral imaging sensors were automatically processed, and 
phenotypic parameters were extracted using the PlantScreen™ Analyzer 
software (PSI, Czech Republic). For predicting metabolite concentra
tions, only hyperspectral data obtained during the final measurement 
(week 11) were used, as leaf samples for metabolite analysis were 
collected immediately following this final hyperspectral measurement. 
VNIR and SWIR hyperspectral data were normalized using white and 
dark references prior to subsequent analysis to account for sensor vari
ability and environmental factors. To minimize spectral noise, bands 
below 500 nm (VNIR) and 950 nm (SWIR) were excluded. Subsequent 
analyses focused on VNIR wavelengths (500–700 nm) and SWIR wave
lengths (1680–1700 nm). Pre-computed plant masks from the 
PlantScreen™ Analyzer were used to isolate plant tissue from back
ground pixels for each spectral band. Hyperspectral signatures were 
derived by computing the mean, standard deviation, median, minimum, 
and maximum values for each spectral band.

The data of all phenotyping parameters were collected from 55 
biologically independent plants (28 drought-treated, 27 well-watered), 
with one full image set per plant per timepoint. While direct leaf rela
tive water content and water potential were not measured, drought was 
induced using a pot-weight–based watering protocol (see 2.1), which 
was accompanied by consistent declines in chlorophyll fluorescence and 
reproducible metabolic and spectral shifts.

2.3. Growth assessment and statistical analysis

Morphological measurements, including total leaf area, were 
captured for all plants of each genotype using RGB imaging from three 
camera angles previously specified. Growth was defined as the differ
ence in total leaf area between the initial and final measurement rounds. 
To assess treatment-specific effects, average growth per plant was 
calculated from the three camera angles under D and W conditions. A 
two-way ANOVA was performed to examine the main effects of treat
ment (D vs. W), genotype, and their interaction on total leaf area growth. 
In addition, genotype-specific comparisons were performed using Wil
coxon rank-sum tests to evaluate the differences in growth between D 
and W treatments for each genotype individually. P-values from the 
Wilcoxon rank-sum tests were adjusted using the Benjamini-Hochberg 
correction to control for the false discovery rate (FDR).

To validate that drought treatment induced physiological stress, four 
light-adapted chlorophyll fluorescence parameters—maximum PSII ef
ficiency (Fv.Fm_Lss), operating PSII efficiency (QY_Lss), photochemical 
quenching (qP_Lss), and the fraction of open PSII centers (qL_Lss)—were 
analyzed. Raw fluorescence data were extracted from the PlantScreen™ 

Analyzer. Only measurements from the final imaging round, corre
sponding to the end of the 4-week drought period, were used for com
parison. Fluorescence data were averaged by genotype and treatment 
group, and two-way ANOVA was used to assess the effects of drought 
treatment and genotype for each parameter. Statistical significance from 
the ANOVA was used to annotate treatment comparisons in Supple
mentary Fig. S1, with p-values indicating differences between drought 
and control groups for each fluorescence parameter.

All statistical analyses were performed in R (v4.2.0) using the aov 
function for ANOVA and wilcox.test for non-parametric comparisons (R 
Core Team, 2013). Data visualizations were generated using the ggplot2 
package (Wickham, 2011).

2.4. Leaf metabolites profiling

Untargeted metabolomics was performed on all 55 viable plants (D: 
n = 28, W: n = 27) using gas chromatography-mass spectrometry (GC- 
MS), with one fully expanded leaf collected per plant. Leaf metabolites 
were extracted from frozen, finely powdered leaf tissue, with approxi
mately 50 mg weighed into a centrifuge tube per sample. Each sample 
was extracted twice overnight using 2.5 mL of 80 % ethanol. For internal 
standardization, 75 µL of sorbitol (1 mg⋅mL⁻¹) was added to the first 
ethanol extract. Following centrifugation, the extracts were combined, 
thoroughly mixed, and a 1 mL aliquot was evaporated to dryness under a 
gentle nitrogen stream.

To prepare samples for GC-MS, the dried extracts were silylated to 
produce trimethylsilyl (TMS) derivatives by dissolving them in 500 µL 
silylation grade acetonitrile, followed by addition of 500 µL of N-methyl- 
N-trimethylsilyltriflouroacetamide (MSTFA) with 1 % trimethyl
chlorosilane (TMCS), and heated at 70 ◦C for 1 h. After 2 days, a 1 µL 
aliquot was injected into an Agilent 7890 A GC coupled with a 5975 C 
Inert XL MS. The instrument was configured as previously described 
(Abraham et al., 2016). Briefly, the GC inlet was configured in splitless 
mode, and the MS was operated in electron impact (70 eV) ionization 
mode with a scan range of 50–650 Da.

Metabolite peaks were extracted using key mass-to-charge ratios (m/ 
z) to minimize interference from co-eluting peaks, scaled to total ion 
chromatogram using previously calculated correction factors, and 
normalized to internal standard recovered, analyzed volume, injection 
volume, and leaf mass extracted. A large user-created database (~2800 
spectra) of electron-impact ionization fragmentation patterns of TMS- 
derivatized compounds, as well as the Wiley Registry 12th Edition 
combined with NIST 2020 mass spectral library, were used to identify 
metabolites.

All leaf samples were processed and analyzed individually; no 
pooling was performed. The 127 metabolites reported represent the 
total number of unique compounds detected across all 55 samples, 
including both D and W treatments.

2.5. LASSO regression analysis

To predict metabolite levels from hyperspectral data, LASSO 
regression models were applied, because the method shrinks many co
efficients exactly to zero, yielding a concise, interpretable subset of 
informative wavelengths—an advantage in high-dimensional hyper
spectral data. Reflectance spectra from VNIR, SWIR, and combined 
VNIR+SWIR datasets were used as predictors, while metabolite levels 
served as response variables. Four distinct scenarios were evaluated: raw 
metabolite data with and without treatment information, and log- 
transformed data with and without treatment information. Each of 
these scenarios was applied across the VNIR, SWIR, and combined 
VNIR+SWIR spectral datasets, resulting in a total of twelve LASSO 
model configurations.

Spectral data consisted of median reflectance values for each cutting, 
which were normalized to ensure comparability. Metabolite data were 
processed with low-variance metabolites filtered out prior to analysis. 
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To ensure robust model performance, we utilized 5-fold cross- 
validation, repeated 20 times for each scenario. This cross-validation 
approach allowed for optimal selection of the regularization param
eter (λ) to prevent overfitting. The performance of each model was 
assessed using the adjusted R² to quantify the proportion of explained 
variance and the root mean square error (RMSE) to evaluate prediction 
accuracy. Additionally, the standardized RMSE was obtained by 
normalizing the RMSE against the range of the actual metabolite values, 
enabling comparison across metabolites with different scales.

Spectra selected as predictors were identified based on their non-zero 
coefficients in the LASSO models, with frequency tracking across repli
cations to provide insights into the consistency and importance of spe
cific wavelengths. Detection rates for each spectrum were calculated to 
highlight key regions contributing to metabolite prediction accuracy.

3. Results

3.1. Physiological, spectral, and metabolite data overview

This study evaluated 55 poplar plants, including five Populus deltoides 

× P. nigra genotypes, one P. deltoides × (P. deltoides × P. nigra) genotype, 
and two P. × canadensis genotypes, grown for 11 weeks in a high- 
throughput phenomics greenhouse. Twenty-eight plants were sub
jected to drought treatment (D), while 27 served as well-watered con
trols (W), with 3–4 biological replicates per genotype per treatment. 
Plant growth was monitored via total leaf area, quantified using RGB 
images captured from three angles per plant.

Total leaf area was significantly greater in W plants than in D plants 
(P-adj<0.001; Fig. 1a). Among the eight commercial genotypes, geno
types, six exhibited statistically significant growth reductions under 
drought (P-adj < 0.01), with reductions ranging from 59 % to 91 %. 
Specifically, growth was reduced by 91 % in AF16, 65 % in AF17, 76 % 
in AF24, 66 % in AF28, 74 % in Boccalari, and 59 % in I-214. The 
drought-tolerant hybrids AF18 and AF34 showed no or only minor re
ductions in growth: AF18 displayed a smaller, although statistically 
significant, reduction (P-adj = 0.032), while AF34 exhibited no signifi
cant difference (P-adj = 0.272). These results confirm that drought stress 
was effectively imposed and highlight strong genotype-specific differ
ences in growth responses to water deficit.

Chlorophyll fluorescence imaging further corroborated drought- 

Fig. 1. (a) Boxplot of total leaf area (mm²) growth across all samples and per genotype, comparing drought-treated (D) and well-watered (W) groups. Horizontal 
lines within each box indicate the median, the boxes represent the interquartile range, and symbols (*, **, ***, ns) denote ANOVA-adjusted P-values < 0.05, < 0.01, 
< 0.001, and not significant, respectively. (b) Mean visible and near-infrared (VNIR)+shortwave-infrared (SWIR) reflectance spectra with standard deviations for D 
and W groups. (c-d) Principal component analysis (PCA) of VNIR+SWIR reflectance spectra, showing D and W clusters and corresponding waveband contributions in 
the first two components (PC1 and PC2). (e-f) PCA of metabolite profiles, highlighting D and W clusters and metabolite contributions in the first component (PC1).
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induced physiological stress (Supplementary Fig. S1). The maximum 
efficiency of PSII photochemistry in light-adapted samples under steady- 
state illumination (Fv/Fm_Lss) was significantly reduced in drought- 
treated plants (p < 0.001), indicating stress-induced impairment of 
photosystem II. Similarly, the fraction of open PSII centers (qL_Lss) was 
significantly lower under drought conditions (p < 0.001), reflecting a 
decline in electron transport capacity. In contrast, the quantum yield or 
operating efficiency of photosystem II under light steady-state (QY_Lss) 
showed no significant difference between treatments, suggesting that 
drought primarily affected maximal rather than steady-state PSII func
tion. Interestingly, photochemical quenching (qP_Lss) was significantly 
increased under drought. Together, these fluorescence parameters 
confirm the presence of drought-induced photosynthetic stress. The 
observed reductions in Fv/Fm_Lss, qL_Lss, and the compensatory in
crease in qP_Lss are consistent with pigment degradation and impaired 
electron transport, which likely contributed to the elevated VNIR and 
SWIR reflectance observed in drought-treated plants (Fig. 1b). This 
observation supports a physiological basis for the optical signals dis
tinguishing drought from well-watered treatments.

Hyperspectral reflectance data were collected in the VNIR 
(500–900 nm) and SWIR (950–1700 nm) regions, yielding 340 and 297 
spectral measurements per sample, respectively. For each wavelength, 
reflectance spectra were averaged across all samples within each treat
ment (D or W), with standard deviations used to assess within-group 
variability. D plants consistently exhibited higher reflectance than W 
plants across both VNIR and SWIR regions (Fig. 1b), with similar stan
dard deviations between treatments. This suggests that the spectral 
shifts observed were primarily driven by treatment effects rather than 
differences in spectral variability among replicates.

Principal component analysis (PCA) of spectral data further sup
ported treatment-related differentiation. The first PC (PC1) explained 
94.5 % of the total variance, with eigenvalues distributed evenly across 
VNIR and SWIR wavelengths, suggesting a general spectral response to 
drought stress rather than specific wavelength-driven effects (Fig. 1c-d). 
The second PC (PC2) captured an additional 3.7 % of the variance. 
While PC1 highlighted a trend towards separation between the D and W 
samples, overlap along this axis indicated substantial shared spectral 
variation between treatments.

Untargeted metabolite profiling using GC-MS identified 127 metab
olites in poplar leaves across the 55 plants. PCA of metabolite data 
revealed treatment-related clustering, though with greater overlap than 
spectral data (Fig. 1e). Unlike spectral data, where PC1 explained a 
dominant 94.5 % of the variance, the first two metabolite PCA compo
nents explained only 22.3 % (PC1) and 14.9 % (PC2), capturing a 
combined 37.2 % of the total variance. This lower explained variance 
suggests that metabolite profiles are influenced by a broader range of 
factors beyond treatment effects alone. Contributions of individual 
metabolites to PC1 varied significantly, with eigenvalues ranging from 
− 0.14–0.15 (Fig. 1f), reflecting the complex and diverse responses of 
metabolites to environmental conditions. This broad distribution of 
metabolite contributions may suggest that multiple metabolic pathways 
are involved, rather than a response dominated by a few key 
metabolites.

3.2. Metabolite changes in response to drought

To further assess metabolite responses to drought, ANOVA with FDR 
adjustment was applied to log-transformed metabolite data. Interaction 
effects between treatment and genotype were tested but were not sta
tistically significant for all metabolites (FDR>0.05), indicating consis
tent treatment responses across genotypes. Therefore, our analysis 
focused on overall treatment effects (D vs. W).

Out of the 127 metabolites detected through untargeted GC-MS 
profiling, 73 exhibited significant treatment effects (FDR < 0.05), 
spanning amino acids (AA), carbohydrates (CHO), phenolic glycosides 
(PG), organic acids (OA), fatty acids and alcohols (FA), terpenes (T), 

phenolic metabolites (P), and other secondary metabolites (Fig. 2a). 
Among them, 46 metabolites were elevated under drought conditions, 
whereas 27 decreased in D-treated plants (Fig. 2b, c; Table 1).

Across metabolite classes, AA exhibited the most pronounced in
crease under drought stress, with 12 metabolites increased and only one 
showing no change (Fig. 2a). CHO also responded strongly, with eight 
metabolites increasing and only one decreasing. PG and OA exhibited a 
more balanced response, with a similar proportion of increased and 
decreased metabolites, reflecting dynamic adjustments in primary and 
secondary metabolism. Notably, most FA and P remained unchanged, 
suggesting these classes were less responsive to drought stress. These 
results indicate differential metabolic reprogramming across classes, 
with AA, CHO, OA, and PG exhibiting the most substantial shifts in 
response to drought.

To further examine metabolite-specific responses to drought, we 
analyzed the log2 fold changes of individual metabolites between D and 
W conditions (Fig. 2b, c). Log2 fold change values are calculated as 
log2(metabolite levels in D + 1) - log2(metabolite levels in W + 1), 
reflecting relative changes under drought stress. Among the significantly 
increased metabolites, AA accounted for a substantial proportion of 
elevated metabolites, with citrulline (3.09 log2 fold change), glutamic 
acid (3.02), and asparagine (2.41) displaying the largest increases. 
These AA are known to be integral to osmotic adjustment and nitrogen 
cycling, which are well-documented adaptive responses to drought 
stress (Abbas et al., 2023; Song et al., 2020; Zulfiqar et al., 2019). Other 
significantly increased AA included tryptophan (1.52), aspartic acid 
(1.50), glutamine (1.50), and glycine (1.49). Similarly, CHO metabolites 
such as raffinose (1.15), arabitol (0.82), and ribitol (0.81) increased, 
consistent with their known roles in osmoprotection (Vinson et al., 
2020). In the PG class, p-coumaric acid 4-O-glucoside (0.93), purpurein 
(0.89), and grandidentatin (0.83) showed significant increases, likely 
supporting antioxidant defense. Additionally, terpenes (T), including 
α-tocopherol (1.38) and phytol (0.41), were significantly elevated, 
indicating their role in membrane stability and antioxidant protection 
during drought stress.

In contrast, 27 metabolites were significantly reduced under D con
ditions, with PG and OA metabolites being the most affected groups. 
Among PG metabolites, α-salicyloylsalicin (-1.56) and salicortin (-1.38) 
exhibited the largest decreases, suggesting a shift in secondary meta
bolism investment under unfavorable conditions. Similarly, OA metab
olites, including threonic acid (-1.30) and shikimic acid (-1.16), declined 
under drought stress, indicating potential suppression of biosynthetic 
pathways involved in plant growth and defense mechanisms. Glucose 
(-0.33) was the only CHO metabolite significantly reduced under 
drought, likely reflecting increased energy demand and carbohydrate 
mobilization to support osmotic adjustment and other stress responses. 
This reduction in carbohydrate levels may be closely linked to impaired 
photosynthetic performance, as indicated by significant declines in Fv/ 
Fm_Lss and qL_Lss (Supplementary Fig. S1). Reduced carbon assimila
tion and compromised electron transport efficiency under drought likely 
constrained primary metabolism, thereby limiting the availability of 
precursors for the synthesis of OA and secondary metabolites such as PG.

To investigate potential genotype-specific metabolic responses, PCA 
was conducted using the 73 metabolites with significant treatment ef
fects (Fig. 2d). The analysis aimed to determine whether drought- 
tolerant genotypes (AF18 and AF34) exhibited distinct clustering 
compared to drought-susceptible genotypes. However, no distinct 
genotype-related clustering was observed, suggesting that variation in 
metabolite profiles was primarily driven by treatment effects rather than 
genetic differences among the tested genotypes. This indicates that 
while drought triggered broad biochemical reprogramming, genotype- 
specific responses were not clearly distinguished. This may be due to 
the limited genetic diversity among the tested commercial genotypes, 
which could have reduced the likelihood of detecting strong genotype- 
driven metabolic differentiation.
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Fig. 2. (a) Bar plot showing the number of metabolites per class that exhibited a significant increase, decrease, or no change when comparing drought-treated (D) 
and well-watered (W) groups. A total of 73 metabolites with significant treatment effects were identified, including amino acids (AA), carbohydrates (CHO), phenolic 
glycosides (PG), organic acids (OA), fatty acids and alcohols (FA), terpenes (T), phenolic metabolites (P), and unclassified compounds (UNKNOWN). (b) Box plot of 
the 46 metabolites that showed a significant increase in D, categorized by metabolite class. (c) Box plot of the 27 metabolites that showed a significant decrease in D, 
categorized by metabolite class. (d) The first two principal components (PC1 and PC2) of the 73 metabolites with significant treatment effects, with color indicating D 
(orange) and W (light blue) clusters and shape distinguishing drought-tolerant (circle) and drought-susceptible (triangle) genotypes.
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3.3. Metabolite-spectrum correlations

To investigate the relationships between leaf reflectance spectra and 
metabolite profiles, Pearson correlation analyses were performed across 
the full spectral range (VNIR and SWIR; 500–1700 nm) and all 127 
identified metabolites. Analyses were performed for the full dataset and 
separately for D and W treatments.

In the full dataset, significant correlations (FDR<0.05) were 
observed for 78 metabolites across various spectral regions, as visualized 
in a heatmap (Fig. 3a). Correlation coefficients (r) ranged from 0.31 to 
0.79 in absolute value, with the most pronounced associations observed 
across both VNIR and SWIR regions. These metabolites spanned multiple 
biochemical classes, including amino acids (AA, 7 metabolites), carbo
hydrates (CHO, 6), fatty acids and alcohols (FA, 3), organic acids (OA, 
12), phenolic metabolites (P, 12), phenolic glycosides (PG, 22), terpenes 
(T, 3), and 13 unclassified compounds. Positive correlations were pre
dominant in AA, CHO, and T classes, whereas negative correlations 
primarily occurred with FA, OA, and P compounds. The PG class 
exhibited an equal occurrence of positive and negative correlations. 
Some metabolites displayed broad spectral associations, while others 
only exhibited correlations within specific spectral regions, suggesting 
wavelength-dependent sensitivity.

To identify the strongest metabolite-spectral associations, we 
examined correlations exceeding |r|> 0.5 (FDR<0.05). Out of the 78 
metabolites, 33 showed correlations with spectral data with |r|> 0.5 
(Fig. 3b). Several metabolites exhibited strong correlations within spe
cific spectral regions, while others showed consistent associations across 
the entire spectrum (e.g., shikimic acid and threonic acid at 
500–1700 nm). Notably, arabitol exhibited the strongest positive cor
relation (average r = 0.72), while shikimic acid exhibited the strongest 
negative correlation (average r = -0.72) across the entire spectral range.

When analyzed separately by treatment, fewer metabolites showed 
significant correlations, although some had higher individual r values. 
Under D, significant correlations (|r|>0.5; FDR<0.05) ranged from 0.57 
to 0.89 (Fig. 3c). Arabitol, fructose, and α-sorbofuranose, ascorbic acid, 
and maleic acid, as well as UNIDENTIFIED compounds 13.33 235 
glycoside and 14.11 351 glycoside), 1,2-cyclohexanediol glucoside, and 
ethyl-phosphate (an extraction artefact correlated with phosphate) 
exhibited positive correlations. Only one partially-identified PG 
metabolite, 20.88 219 597 375, a coumaroyl-conjugate, showed a sig
nificant negative correlation.

Under W, more significant correlations were observed compared to 
the D treatment (Fig. 3d). Positively correlated metabolites included 
citrulline, xylitol, glycerol 1/3-phosphate, 16.48 297 225 450 glycoside, 
2-phenethyl-glucoside, and coniferin, 13.33 235 glycoside and 14.11 
351 glycoside, and ethyl-phosphate (extraction artefact correlated with 
phosphate). Negatively correlated metabolites included glutamine, 
quinic acid, shikimic acid, and threonic acid, as well as 2-methoxyhydro
quinone-4-O-glucoside, salicin, and 2-hydroxy,2-(hydroxymethyl)-3- 
cyclohexen-1-one.

Despite significant metabolite-spectrum associations under both 
conditions, no clear treatment-specific spectral response patterns were 
identified. However, certain metabolites, including 13.33 235 glycoside, 

Table 1 
Metabolite changes in response to drought identified through ANOVA with false 
discovery rate (FDR) adjustment. Metabolites are classified into biochemical 
groups, including amino acids (AA), carbohydrates (CHO), phenolic glycosides 
(PG), organic acids (OA), fatty acids and alcohols (FA), terpenes (T), phenolic 
metabolites (P), and unclassified compounds (UNKNOWN). Column D-W rep
resents the log₂ fold change of metabolite levels in drought-treated (D) plants 
compared to well-watered (W) plants, where positive values indicate increased 
abundance under drought and negative values indicate a decrease. FDR column 
reports the adjusted p-value with significant values (FDR < 0.05).

Metabolites D-W Class FDR

citrulline 3.09 AA 7.11E− 06
glutamic acid 3.02 AA 2.21E− 11
12.25 347 464 449 257 2.83 UNKNOWN 1.31E− 09
asparagine 2.41 AA 3.53E− 12
a-tocopherol 1.52 S 2.67E− 08
aspartic acid 1.51 AA 1.01E− 08
tryptophan 1.50 AA 1.04E− 07
glutamine 1.50 AA 4.17E− 04
glycine 1.49 AA 1.31E− 09
raffinose 1.15 CHO 3.27E− 08
14.66 321 205 glycoside 1.09 UNKNOWN 1.19E− 15
erythronic acid 1.09 OA 7.23E− 13
phenylalanine 1.07 AA 3.17E− 04
p-coumaric acid 4-O-glucoside 0.93 PG 1.71E− 09
13.33 235 glycoside 0.92 PG 3.02E− 06
purpurein 0.89 PG 3.84E− 07
grandidentatin 0.83 PG 7.47E− 07
ascorbic acid glucoside 0.83 OA 5.70E− 11
arabitol 0.82 CHO 1.75E− 11
ribitol 0.81 CHO 1.25E− 07
malic acid 0.76 OA 1.31E− 09
serine 0.73 AA 1.24E− 03
1,2-cyclohexanediol glucoside 0.71 UNKNOWN 1.41E− 03
16.58 331 283 193 glycoside 0.70 PG 8.21E− 05
14.34 169 263 233 331 0.69 PG 5.53E− 04
14.11 351 glycoside 0.63 UNKNOWN 1.85E− 03
5-oxo-proline 0.62 AA 6.11E− 06
ornithine 0.54 AA 1.69E− 03
syringin 0.53 PG 3.46E− 04
galactinol 0.48 CHO 2.96E− 02
sucrose 0.48 CHO 1.40E− 06
myo-inositol 0.45 CHO 3.84E− 07
16.48 297 225 450 gycoside 0.45 P 3.45E− 03
phytol 0.45 S 3.17E− 04
fumaric acid 0.42 OA 1.53E− 03
putrescine 0.42 AA 1.20E− 02
2-methoxyhydroquinone− 1-O-glucoside 0.39 PG 2.65E− 05
salirepin 0.38 PG 1.15E− 04
xylitol 0.38 CHO 2.98E− 04
2-phenethyl-glucoside 0.38 PG 1.07E− 02
13.42 342 299 315 0.37 PG 6.67E− 07
citric acid 0.33 OA 5.81E− 03
stearic acid 0.28 FA 6.31E− 04
α-sorbofuranose 0.26 CHO 4.10E− 02
2-methoxyhydroquinone− 4-O-glucoside 0.17 PG 3.47E− 02
palmitic acid 0.17 FA 3.27E− 02
salicylic acid − 0.18 P 3.25E− 02
caffeoyl− 1,2-cyclohexanediol glucoside pkB − 0.23 PG 3.25E− 02
coumaroyl− 1,2-cyclohexanediol glucoside 

pkD
− 0.31 PG 4.28E− 02

2,3-dihydroxybenzoic acid− 3-O-glucoside − 0.31 PG 2.95E− 02
glucose − 0.33 CHO 2.87E− 03
caffeic acid − 0.39 P 2.87E− 03
caffeoyl− 1,2-cyclohexanediol glucoside pkA − 0.45 PG 5.31E− 04
12.56 354 382 397 476 461 − 0.48 P 6.67E− 07
adenosine − 0.50 UNKNOWN 2.59E− 03
6-hydroxy− 2-cyclohexenone alcohol − 0.57 UNKNOWN 1.70E− 02
coumaroyl− 1,2-cyclohexanediol glucoside 

pkC
− 0.60 PG 1.69E− 03

gallic acid glucoside − 0.61 PG 1.26E− 04
monopalmitin − 0.61 FA 8.92E− 04
18.88 219 307 375 597 171 − 0.63 PG 1.44E− 03
succinic acid − 0.68 OA 5.31E− 06
a-keto-glutaric acid − 0.71 OA 4.76E− 05
catechol − 0.78 P 4.76E− 05

Table 1 (continued )

Metabolites D-W Class FDR

12.29 389 491 401 − 0.92 UNKNOWN 2.11E− 03
dihydroxymalonic acid − 0.95 OA 1.31E− 05
quinic acid − 1.03 OA 2.24E− 03
11.11 305 248 406 − 1.12 UNKNOWN 2.06E− 06
shikimic acid − 1.16 OA 5.68E− 03
4-O-caffeoyl-quinic acid − 1.22 P 3.51E− 06
threonic acid − 1.30 OA 1.09E− 05
salicortin − 1.38 PG 6.67E− 07
20.88 219 597 375 − 1.39 PG 5.31E− 06
a-salicyloylsalicin − 1.56 PG 2.35E− 08
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a likely PG, 14.11 351 glycoside, and ethyl-phosphate, showed consis
tent positive correlations under both D and W treatments, suggesting a 
stable influence on leaf reflectance. In contrast, arabitol and α-sorbo
furanose showed strong correlations exclusively under drought, while 
citrulline and shikimic acid were more strongly associated with spectral 
variation under W conditions. These findings highlight that while some 
metabolites serve as general indicators of reflectance variability, others 
may provide condition-specific insights into physiological or biochem
ical status.

3.4. Prediction accuracy and detection rates of metabolite classes using 
LASSO models

To assess the potential of hyperspectral reflectance data in predicting 
metabolite concentrations, LASSO regression models were applied to 
spectral data from the VNIR (500–900 nm), SWIR (950–1700 nm), and 
combined VNIR+SWIR regions. Model performance was evaluated 
using adjusted R² (adj-R²) and standardized root mean square error 
(sRMSE), with 5-fold cross-validation repeated 20 times to ensure robust 
assessment. LASSO models were constructed under four analytical 
conditions: raw metabolite data with treatment (RT), raw data without 
treatment (R), log₂-transformed data with treatment (LT), and log₂- 
transformed data without treatment (L).

Across all models, 51 metabolites achieved adj-R² > 0.3, indicating 
moderate to strong prediction accuracy, and 15 of them exceeded adj-R² 
= 0.5 (Table 2, Fig. 4a). Among the best-performing models, top pre
dictions included 1,2-cyclohexanediol glucoside (adj-R² = 0.77, VNIR), 
13.33 235 glycoside (adj-R² = 0.72, VNIR), arabitol (adj-R² = 0.70, 
VNIR+SWIR), and ascorbic acid (adj-R² = 0.66, SWIR). These models 
also showed low sRMSE values (0.07–0.17), indicating high predictive 
reliability.

Among spectral sources, VNIR alone provided the highest adj-R² for 
24 metabolites, SWIR for 18, and VNIR+SWIR for 9 metabolites 
(Table 2, Fig. 4b). Including treatment as a predictor improved adj-R² for 
34 of the 51 metabolites, while log₂-transformation enhanced prediction 
for 26 metabolites. These results highlight the predictive strength of 
VNIR spectra and the influence of data preprocessing choices on model 
performance.

Among the 51 well-predicted metabolites (adj-R² > 0.3), 43 also 
displayed significant changes under drought stress—30 of which 
increased and 13 decreased (Table 2). Notably, many of these drought- 
responsive metabolites, which also exhibited strong spectral correla
tions, are involved in osmotic adjustment or stress mitigation. For 
example, arabitol, a known sugar alcohol osmolyte, showed both high 
prediction accuracy (adj-R² = 0.70) and high average spectral correla
tion (r = 0.72), highlighting its clear optical signature. Similarly, shi
kimic acid, one of the most significantly reduced metabolites under 
drought, showed a strong negative correlation with spectral data 
(r = –0.72). These results demonstrate that spectral shifts reflect un
derlying biochemical changes relevant to drought physiology.

To further elucidate the spectral regions most relevant for metabolite 
prediction, detection rates were calculated across all wavelengths for the 
51 metabolites with adj-R² > 0.3 (Fig. 4c). In the SWIR region, the 
highest detection frequencies occurred at 1695 nm (49.5 %) and 
1698 nm (36.3 %), while 502 nm (30.9 %) and 698 nm (17.1 %) were 
most frequently selected in VNIR. These wavelengths represent key 
spectral regions that consistently contributed to metabolite predictions 
across multiple classes. Additional high-detection regions included the 
600–700 nm range in VNIR and 1400–1500 nm in SWIR, suggesting 
their importance in capturing biochemical variability across different 
metabolite groups.

Detection rates also varied by metabolite class (Fig. 4d). The 

Fig. 3. (a) Heat map showing significant correlations (FDR < 0.05) between 78 metabolites and spectral data (500–1700 nm) across the entire drought-treated (D) 
and well-watered (W) datasets. Correlation coefficients (r) range from 0.31 to 0.79 (absolute value). (b) Heat map of 33 metabolites showing significant correlations 
(FDR < 0.05) with |r| > 0.5 for the entire D and W datasets. (c) Heat map of 11 metabolites showing significant correlations (FDR < 0.05) with |r| > 0.5 for the D 
treatment. (d) Heat map of 17 metabolites showing significant correlations (FDR < 0.05) with |r| > 0.5 for the W treatment.
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1695 nm region in SWIR exhibited the highest class-specific detection 
rates for OA (70.8 %), T (70.0 %), CHO (60.0 %), P (50.0 %), AA 
(45.3 %), PG (44.7 %). Additionally, 1698 nm was a major detection 
region for OA (52.5 %), P (50.0 %), and AA (45.0 %). The strong spec
tral response of 1693 nm in SWIR is for AA (47.5 %), T (43.7 %), and PG 
(39.7 %). P (55.0 %) is the only category that showed a high detection 
rate at 1670 nm.

In the VNIR region, 698 nm exhibited the highest detection rates for 
AA (43 %) and T (42 %), reinforcing its potential role in nitrogen-related 
and membrane-associated metabolic processes. The 502 nm band was 
particularly important for detecting phenolic metabolites (66 %), while 
697 nm showed the highest detection frequency for P (76 %), indicating 

this region’s strong responsiveness to aromatic ring-containing molec
ular structures. The highest detection for unidentified metabolites 
occurred at 504 nm (43 %) in VNIR and 1695 nm (41 %) in SWIR, 
suggesting that these wavelengths are associated with strong, but as yet 
unclassified biochemical signals.

These results confirm that metabolite predictability from hyper
spectral data is not only robust, but also closely aligned with drought- 
induced biochemical responses. Metabolites that accumulated under 
water deficit (e.g., arabitol) or declined (e.g., shikimic acid) were also 
those with the clearest and most stable optical signatures, indicating a 
direct biochemical basis for the spectral models. The VNIR region 
(500–700 nm) exhibited strong associations with AA and P, while the 

Table 2 
Performance summary of least absolute shrinkage and selection operator (LASSO) regression models for predicting metabolite concentrations from hyperspectral 
reflectance data. Metabolites are classified into biochemical groups, including amino acids (AA), carbohydrates (CHO), phenolic glycosides (PG), organic acids (OA), 
fatty acids and alcohols (FA), terpenes (T), phenolic metabolites (P), and unclassified compounds (UNKNOWN). The highest adjusted R² (adj-R²) value among the four 
LASSO model scenarios and three spectral sources is reported for each metabolite. Model performance metrics include adjusted R² (adj-R²) and standardized root mean 
square error (sRMSE). LASSO models were run using three spectral sources: visible and near-infrared (VNIR), shortwave-infrared (SWIR), and VNIR+SWIR across four 
data transformation scenarios: raw metabolite data with treatment (RT), without treatment (R), log₂-transformed data with treatment (LT), and without treatment (L). 
Drought response column indicates whether a metabolite significantly increased, decreased, or remained unchanged under drought conditions. Correlation column 
represents the average spectral correlation between metabolite abundance and hyperspectral reflectance.

Metabolites Class adj-R2 sRMSE Model Source Drought response Correlation

1,2-cyclohexanediol glucoside UNKNOWN 0.77 0.07 R VNIR Increase 0.48
13.33 235 glycoside PG 0.72 0.07 RT VNIR Increase 0.55
arabitol CHO 0.70 0.12 LT VNIR+SWIR Increase 0.72
ascorbic acid OA 0.66 0.12 R SWIR No change 0.38
14.11 351 glycoside UNKNOWN 0.64 0.10 R VNIR Increase 0.53
14.66 321 205 glycoside UNKNOWN 0.62 0.11 RT VNIR Increase 0.62
erythronic acid OA 0.59 0.15 LT SWIR Increase 0.48
14.34 169 263 233 331 PG 0.58 0.10 R VNIR+SWIR Increase 0.53
maleic acid OA 0.58 0.11 RT VNIR No change 0.35
2-hydroxy,2-(hydroxymethyl)− 3-cyclohexen− 1-one UNKNOWN 0.58 0.09 L VNIR Decrease − 0.54
tryptophan AA 0.56 0.15 L VNIR Increase 0.33
shikimic acid OA 0.54 0.16 R SWIR Decrease − 0.72
a-salicyloylsalicin PG 0.52 0.11 L VNIR Decrease − 0.55
monogalactosylglycerol FA 0.51 0.17 RT VNIR+SWIR No change
a ±-sorbofuranose CHO 0.50 0.13 RT VNIR Increase 0.55
myo-inositol CHO 0.48 0.14 RT SWIR Increase 0.51
alpha-linolenic acid FA 0.47 0.18 R VNIR+SWIR No change
ribitol CHO 0.47 0.12 RT VNIR Increase 0.50
12.29 389 491 401 UNKNOWN 0.47 0.12 L VNIR+SWIR Decrease − 0.48
threonic acid OA 0.46 0.17 LT VNIR Decrease − 0.63
raffinose CHO 0.46 0.12 RT VNIR Increase 0.37
phytol S 0.45 0.13 RT SWIR Increase 0.48
ascorbic acid glucoside OA 0.45 0.17 RT VNIR Increase 0.51
asparagine AA 0.45 0.20 L VNIR Increase 0.46
salicortin PG 0.44 0.14 L SWIR Decrease − 0.53
glycine AA 0.44 0.16 LT VNIR Increase 0.38
quinic acid OA 0.43 0.19 R SWIR Decrease − 0.59
sucrose CHO 0.42 0.17 LT SWIR Increase
adenosine UNKNOWN 0.40 0.16 R SWIR Decrease − 0.47
purpurein PG 0.40 0.13 LT VNIR Increase 0.50
4-O-caffeoyl-quinic acid P 0.40 0.15 LT VNIR Decrease − 0.53
p-coumaric acid 4-O-glucoside PG 0.40 0.16 LT SWIR Increase 0.39
5-oxo-proline AA 0.39 0.10 R VNIR+SWIR Increase 0.38
12.25 347 464 449 257 UNKNOWN 0.38 0.24 LT VNIR Increase 0.31
caffeic acid P 0.38 0.14 LT VNIR+SWIR Decrease − 0.48
grandidentatin PG 0.37 0.13 LT VNIR Increase 0.49
11.11 305 248 406 UNKNOWN 0.36 0.17 LT VNIR Decrease − 0.47
glutamic acid AA 0.34 0.18 LT SWIR Increase
gallic acid glucoside PG 0.33 0.14 R VNIR Decrease − 0.42
malic acid OA 0.32 0.14 RT VNIR+SWIR Increase 0.34
caffeoyl− 1,2-cyclohexanediol glucoside pkB PG 0.32 0.14 RT VNIR+SWIR Decrease − 0.31
serine AA 0.32 0.14 L VNIR Increase 0.49
glycerol FA 0.32 0.18 RT SWIR No change
aspartic acid AA 0.32 0.17 LT SWIR Increase 0.35
guanosine UNKNOWN 0.32 0.14 LT SWIR No change − 0.32
a-keto-glutaric acid OA 0.31 0.19 LT SWIR Decrease − 0.53
a-tocopherol S 0.31 0.19 LT SWIR Increase 0.36
linoleic acid FA 0.31 0.16 RT SWIR No change
monopalmitin FA 0.31 0.15 LT VNIR Decrease − 0.41
citrulline AA 0.31 0.22 LT VNIR Increase
ethyl-phosphate UNKNOWN 0.30 0.18 RT SWIR No change 0.45
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Fig. 4. (a) Bar plot showing the adjusted R² (adj-R²) values from least absolute shrinkage and selection operator (LASSO) regression models for the 51 metabolites 
belonging to amino acids (AA), carbohydrates (CHO), phenolic glycosides (PG), organic acids (OA), fatty acids and alcohols (FA), terpenes (T), phenolic metabolites 
(P), and unclassified compounds (UNKNOWN) with adj-R² > 0.3, using visible and near-infrared (VNIR), shortwave-infrared (SWIR), and VNIR+SWIR spectral 
sources. (b) Box plot comparing the adj-R² values across VNIR, SWIR, and VNIR+SWIR for the 51 metabolites with adj-R² > 0.3, highlighting the distribution of 
prediction accuracy across spectral sources. (c) Overall detection rate of individual wavelengths across the 51 metabolites with adj-R² > 0.3, representing the 
frequency of wavelength selection in LASSO models over 20 iterations. (d) Class-specific detection rates, showing the proportion of metabolites within each 
biochemical class that were detected by key VNIR and SWIR wavelengths.
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SWIR region (1680–1700 nm) demonstrated high predictive accuracy 
for OA, CHO, and T. The overlap between spectral detection and 
drought-induced metabolic responses underscores the feasibility of HSI 
as a non-destructive and accurate approach for monitoring plant phys
iological changes. By identifying key spectral wavelengths linked to 
biochemical composition, this study provides a framework for future 
targeted spectral modeling approaches, enabling efficient metabolic 
phenotyping under various environmental stress conditions.

4. Discussion

This study highlights the potential of VNIR+SWIR hyperspectral 
imaging (HSI) for detecting drought-induced metabolic shifts in Populus. 
By integrating spectral analysis, untargeted metabolomics, and predic
tive modeling, we established an accurate, non-destructive framework 
for monitoring drought stress in a bioenergy crop context. Clear spectral 
differences were observed between drought-treated (D) and well- 
watered (W) plants, with higher reflectance across VNIR and SWIR 
wavelengths under drought. These spectral shifts coincided with 
drought-responsive metabolic changes—most notably, increased amino 
acid (AA) accumulation and reduced carbohydrate (CHO) and phenolic 
glycoside (PG) concentrations.

4.1. Spectral and metabolic responses to drought

Drought stress induces well-documented structural and biochemical 
changes in plants that alter leaf optical properties and metabolism. In 
this study, D-treated plants exhibited higher reflectance in both VNIR 
and SWIR regions, consistent with previous findings that link water 
deficit to changes in leaf surface structure, internal anatomy, and 
pigment concentration (Serbin et al., 2012; Yendrek et al., 2017). These 
changes—such as reduced leaf hydration, cell wall thickening, and 
pigment degradation—are known to increase reflectance under stress 
(Ge et al., 2016). Furthermore, drought-treated plants exhibited signif
icant reductions in fluorescence parameters such as Fv/Fm_Lss and 
qL_Lss, alongside increases in qP_Lss (Fig. S1), confirming the presence 
of physiological stress impairing photosynthetic function. The observed 
increase in qP_Lss has been documented in other plant species and is 
interpreted as a compensatory mechanism to sustain photochemical 
activity during stress conditions (Yin et al., 2024). The declines in 
fluorescence parameters are consistent with pigment loss and alterations 
in mesophyll structure, which together support the mechanistic basis for 
elevated VNIR/SWIR reflectance observed under drought stress.

Among the 127 detected metabolites, 73 exhibited significant 
treatment effects, with 46 increasing and 27 decreasing under drought. 
The most pronounced changes were observed in AA, CHO, and PG, 
reflecting a trade-off between osmotic adjustment, stress signaling, and 
energy storage. AA showed the most substantial increase, with citrulline, 
glutamic acid, and asparagine displaying the highest accumulation 
under drought. These compounds are well-known for their roles in 
osmoprotection, nitrogen metabolism, and drought tolerance, as they 
help maintain cellular turgor pressure and facilitate stress adaptation 
(Abbas et al., 2023; Song et al., 2020; Zulfiqar et al., 2019). In contrast, 
CHO and PG levels were generally reduced, suggesting a shift in meta
bolic allocation away from energy storage and secondary metabolite 
synthesis under stress. The decline in CHO such as glucose and raffinose 
likely reflects increased metabolic demand for osmoprotectants and 
enhanced carbohydrate catabolism to sustain cellular function during 
drought (Vinson et al., 2020). Similarly, reduced PG levels, including 
salicortin and α-salicyloylsalicin, suggest a lower investment in antiox
idant defense pathways, possibly due to resource reallocation toward 
immediate stress mitigation.

Despite these pronounced metabolic shifts, genotype-specific clus
tering was not observed in either spectral or metabolite data, indicating 
that drought responses were primarily driven by treatment effects rather 
than genetic differences and/or the limited genetic diversity contained 

in the tested plant materials. One possible explanation is that the tested 
commercial clones share a narrow genetic base and similar physiological 
traits, limiting detectable genotype-specific variation. Future research 
incorporating a broader range of genetic materials will be essential to 
determine the extent of genotype-specific metabolic plasticity in 
response to drought. The present study underscores the potential of our 
approach, and it also sets the stage for larger-scale investigations 
encompassing broader poplar genetic material, and potentially in other 
environmental stress areas as well.

4.2. Linking spectral and metabolic data for non-destructive monitoring

Accurate, non-destructive prediction of plant biochemical composi
tion from hyperspectral data represents a transformative approach for 
not only high-throughput phenotyping programs but also for precision 
forestry research. In this study, we demonstrated that hyperspectral 
reflectance data from VNIR (500–700 nm) and SWIR (1680–1700 nm) 
spectral regions, combined with LASSO regression modeling, accurately 
predicted the concentrations of a wide range of metabolites in Populus 
leaves. Among the 127 metabolites analyzed, 51 exhibited moderate to 
strong predictive accuracies (adj-R² > 0.3), including 15 with high ac
curacy (adj-R² > 0.5)—notably, 1,2-cyclohexanediol glucoside, arabitol, 
and ascorbic acid.

The strong predictive performance of VNIR spectra (500–700 nm) 
for specific AA and P aligns well with prior findings highlighting the 
sensitivity of VNIR reflectance to nitrogen-rich cellular constituents, 
including proteins and chlorophyll-associated nitrogenous compounds 
(Blackburn, 2007; Serbin et al., 2016). Asparagine and serine exhibited 
high spectral predictability, consistent with their central roles in osmotic 
adjustment and nitrogen remobilization under drought stress (Abbas 
et al., 2023; Hildebrandt et al., 2015). Additionally, phenolic com
pounds exhibited notable spectral associations at 502 nm and 698 nm, 
possibly reflecting changes in aromatic ring molecular structures and 
leaf pigments sensitive to drought-induced stress (Meacham-Hensold 
et al., 2019; Ustin et al., 2009).

In contrast, SWIR wavelengths, especially in the 1680–1700 nm 
range, provided strong predictive power for organic acids (e.g., ascorbic 
acid, shikimic acid), carbohydrates (e.g., arabitol, sucrose), and terpenes 
(e.g., α-tocopherol, phytol). This aligns with existing literature demon
strating that SWIR reflectance captures biochemical information linked 
to carbon-oxygen and carbon-hydrogen bonds common in carbohydrate 
and lipid structures (Curran, 1989; Ely et al., 2019; Kokaly and Skid
more, 2015). OA such as shikimic acid and threonic acid, critical in
termediates in plant primary metabolism, showed strong negative 
spectral correlations, underscoring the sensitivity of SWIR wavelengths 
to metabolic alterations driven by drought stress (Serbin et al., 2016; 
Ustin et al., 2004). Specific CHO metabolites such as arabitol—an 
established osmolyte—demonstrated robust spectral predictability 
(adj-R² = 0.70) and a strong spectral correlation (average r = 0.72), 
confirming that our model captures physiologically meaningful 
carbohydrate-based osmoprotection under stress conditions (Silva-Perez 
et al., 2018; Vinson et al., 2020).

Incorporating drought treatment as a model covariate improved 
prediction accuracy for 34 metabolites, underscoring how environ
mental context enhances spectral-metabolite separability. Furthermore, 
applying log₂-transformation to metabolite concentrations improved 
model accuracy for 26 metabolites. These findings highlight the value of 
considering environmental context and data normalization to 
strengthen spectral-metabolite predictive relationships, consistent with 
previous hyperspectral phenotyping studies (Burnett et al., 2021; Serbin 
et al., 2019).

4.3. Stable spectral-metabolite associations and their applications

A key advancement of this study is the identification of metabolites 
that exhibited stable spectral associations across both drought and well- 
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watered conditions, highlighting their potential as robust, non- 
destructive indicators of metabolic status. Metabolites such as 13.33 
235 glycoside (a likely PG), 14.11 351 glycoside (UNKNOWN), and 
ethyl-phosphate (reflecting phosphate level) consistently displayed 
strong positive correlations with spectral reflectance under both drought 
and well-watered conditions. The persistence of these spectral signa
tures across distinct moisture regimes implies their connection to 
inherent biochemical traits that are minimally influenced by environ
mental fluctuations. Such metabolites may thus serve as reliable spectral 
biomarkers for general growth assessment and metabolic status moni
toring in precision agriculture and forestry (Serbin et al., 2019; 
Silva-Perez et al., 2018).

Conversely, several metabolites demonstrated pronounced 
treatment-specific spectral associations, highlighting their dynamic 
involvement in stress-specific metabolic adjustments. Under drought 
stress, carbohydrates including arabitol and α-sorbofuranose showed 
strong correlations with reflectance spectra, reflecting their critical roles 
in osmoprotection and stress adaptation (Vinson et al., 2020). The 
robust spectral association of these CHO specifically under drought 
conditions indicates their potential as diagnostic spectral markers for 
early drought detection. Conversely, AA, including citrulline, and OA, 
including shikimic acid, displayed stronger spectral associations under 
W conditions, suggesting active contributions to growth and homeo
stasis in the absence of stress. Such condition-dependent spec
tral-metabolite patterns are consistent with previously documented 
adaptive metabolic strategies in plants responding to fluctuating envi
ronmental pressures (Araus et al., 2018; Ely et al., 2019).

The combination of stable and condition-specific spectral-metabolite 
associations uncovered in this study provides a comprehensive spectral 
framework for plant stress monitoring. Stable spectral markers offer 
broad applicability for monitoring baseline metabolic health, while 
treatment-specific associations enhance precision in stress diagnosis and 
facilitate targeted physiological assessments (Burnett et al., 2021; 
Meacham-Hensold et al., 2019). In parallel, future work could bench
mark alternative regression or machine-learning algorithms (ridge or 
elastic-net regression, random forests, neural networks) to determine 
whether modest gains in predictive accuracy justify sacrificing the 
sparsity and interpretability provided by the LASSO models used here. 
Leveraging these insights, future phenotyping efforts could develop 
targeted hyperspectral indices and sensor-based analytical platforms 
capable of discriminating specific metabolic responses to drought. Such 
targeted approaches would significantly improve the effectiveness of 
plant phenotyping platforms, aiding the selection and breeding of 
stress-resilient genotypes and optimizing management strategies in 
precision forestry.

5. Conclusions

Our results demonstrate that HSI in VNIR and SWIR regions when 
integrated with untargeted metabolite profiling and statistical modeling, 
effectively captures drought-induced metabolic responses in Populus. We 
identified specific spectral-metabolite associations, highlighting VNIR 
wavelengths (500–700 nm) as predictors of nitrogen-rich metabolites, 
particularly AA, and SWIR wavelengths (1680–1700 nm) as robust in
dicators for OA, CHO, and T. This study demonstrates the utility of HSI 
as a non-destructive, high-resolution phenotyping tool capable of 
accurately capturing biochemical shifts under drought stress in poplar.

Furthermore, by distinguishing metabolites exhibiting stable spec
tral correlations from those with environment-specific responses, this 
work advances our understanding of how spectral signatures relate to 
biochemical pathways underlying drought adaptation. These stable 
spectral biomarkers could enable real-time and accurate monitoring of 
plant health, whereas metabolites with environment-specific spectral 
patterns offer potential for real-time stress diagnostics in the field.

Future research should integrate more diverse genotypes and 
tailored multi-omics analyses, including genomics, transcriptomics, 

proteomics, and other multidimensional data to refine predictive 
models, ultimately advancing HSI as a real-time precision phenotyping 
tool for developing drought-resilient crops under changing climatic 
conditions. This approach should therefore be a successful strategy for 
high-throughput phenotyping of large breeding populations, thereby 
facilitating informed and expedited decision-making within poplar 
breeding programs. With high-quality data available to poplar breeders 
at an accelerated pace, this study offers a competitive advantage over 
conventional evaluation techniques. The success of coupling spectral 
phenomics, non-targeted metabolomics, and predictive modeling in 
poplar also suggests its application to other plant species, or at least 
forest crops.
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Chen, Y., Goldfarb, L., Gomis, M., 2021. Climate change 2021: the physical science 
basis. Contrib. Work. Group I sixth Assess. Rep. Intergov. Panel Clim. Change 2, 
2391.

Mateus, N., de, S., Florentino, A.L., Santos, E.F., Ferraz, A., de, V., Goncalves, J.L., de, M., 
Lavres, J., 2021. Partial substitution of k by na alleviates drought stress and 
increases water use efficiency in eucalyptus species seedlings. Front. Plant Sci. 12. 
https://doi.org/10.3389/fpls.2021.632342.

Meacham-Hensold, K., Fu, P., Wu, J., Serbin, S., Montes, C.M., Ainsworth, E., Guan, K., 
Dracup, E., Pederson, T., Driever, S., Bernacchi, C., 2020. Plot-level rapid screening 
for photosynthetic parameters using proximal hyperspectral imaging. J. Exp. Bot. 71, 
2312–2328. https://doi.org/10.1093/jxb/eraa068.

Meacham-Hensold, K., Montes, C.M., Wu, J., Guan, K., Fu, P., Ainsworth, E.A., 
Pederson, T., Moore, C.E., Brown, K.L., Raines, C., Bernacchi, C.J., 2019. High- 
throughput field phenotyping using hyperspectral reflectance and partial least 
squares regression (PLSR) reveals genetic modifications to photosynthetic capacity. 
Remote Sens. Environ. 231, 111176. https://doi.org/10.1016/j.rse.2019.04.029.

Moncholi-Estornell, A., Van Wittenberghe, S., Cendrero-Mateo, M.P., Alonso, L., 
Malenovský, Z., Moreno, J., 2022. Impact of structural, photochemical and 
instrumental effects on leaf and canopy reflectance variability in the 500–600 nm 
range. Remote Sens. 14, 56. https://doi.org/10.3390/rs14010056.
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