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ABSTRACT
This study presents an integrated multivariate and univariate analysis of circadian metabolomic signatures in Ilex paraguar-
iensis (yerba mate) clones cultivated under semi-hydroponic conditions. Using repeated measures ANOVA–Simultaneous 
Component Analysis (RM-ASCA+) and hierarchical clustering on principal components (HCPC), we explored clone-specific 
and photoperiod-dependent metabolic responses across light and dark phases, complemented by high-resolution timepoint 
sampling (HRS) and targeted screening. Clone EC21 exhibited elevated levels of sugars, amino acids, and organic acids, sug-
gesting a metabolic strategy adapted to saline stress and nocturnal energy demands. Photoperiod effects revealed circadian 
regulation of central carbon metabolites (e.g., glucose, fructose, maltose) and phenylpropanoid intermediates linked to bio-
active compounds such as caffeoyl-quinic acids. Interaction effects highlighted metabolic plasticity, particularly in nitrogen 
assimilation, with compounds like 2-oxo-glutaric acid, glutamine, and ornithine showing clone-specific temporal patterns. 
Caffeine, a heritable and physiologically relevant metabolite, displayed distinct circadian profiles. EC24 accumulated caf-
feine during the day, while EC21 peaked at night. This dynamic distribution, supported by allantoin patterns in caffeine 
catabolism, suggests divergent nitrogen turnover strategies between clones. These findings underscore the importance of 
genotype selection and temporal regulation in optimizing yerba mate performance under semi-hydroponic systems. The 
combined use of RM-ASCA+ and univariate analysis proved to be a powerful approach for profiling metabolomic rhythms, 
offering valuable insights for breeding programs targeting bioactive compound enhancement, stress resilience, and meta-
bolic efficiency.

1   |   Introduction

Yerba mate (Ilex paraguariensis A. St. Hill.) is an arboreal spe-
cies native to South American countries, including Brazil, 
Paraguay, Argentina, and Uruguay. It has been gaining popular-
ity in global markets, with exports reaching more than 60 coun-
tries (Bracesco 2019). This increasing demand is largely due to 
the presence of phytochemicals in its leaves, which offer various 

health benefits, such as anti-inflammatory, anti-atherogenic, 
diuretic, and energizing effects (Heck and De Mejia  2007). 
Among the bioactive compounds found in yerba mate, caffeine 
(Ashihara et al. 2008) and phenolic compounds, such as chloro-
genic acids (Palavicini et al. 2025), are particularly beneficial to 
human health. Yerba mate cultivation is carried out using native 
or planted trees (produced by seeds or by clones), under forest 
understory conditions, agroforestry systems, or monoculture 
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plantations in open fields (de Aguiar et  al.  2023; Westphalen 
et al. 2020).

A semi-hydroponic system, already well-established for mini-
cuttings production in yerba mate cloning, has been proposed 
for biomass and bioactive compounds production (Vieira 
et al. 2021; de Tomasi et al. 2024a, 2024b). Both biomass yield 
and bioactive compounds concentrations vary significantly 
across genotypes, highlighting the genotype-dependent nature 
of yerba mate (de Aguiar et al. 2022; de Tomasi et al. 2024b). One 
major advantage of this system is the ability to produce biomass 
every 20 days throughout the year, with frequent harvests of 
young and mature leaves. This contrasts with traditional field 
cultivation, where leaves and branches are harvested only once 
every 18–24 months (Santin et al. 2019).

For breeding programs aimed at producing bioactive com-
pounds (e.g., caffeine) to be effective, high heritability of these 
compounds is required. Therefore, it is assumed that the expres-
sion of these compounds in plants is not (or is little) influenced 
by abiotic factors (e.g., light) (Dalmagro et  al.  2018; Gutiérrez 
et al. 2008). However, the production and consumption of these 
bioactive compounds, and other metabolites, may naturally 
undergo biochemical changes to maintain basal biological ac-
tivities necessary for plant growth and functioning, as well as 
in response to environmental variations (Richter et  al.  2015; 
Mehta and Vyas 2023; Salam et al. 2023). This occurs because 
the metabolism and physiology of all organisms are natural 
processes that, when not altered by external agents, are endog-
enously generated and self-sustaining (Kiełbowicz-Matuk and 
Czarnecka 2014).

In the initial phase of the yerba mate breeding initiative, var-
ious clones exhibiting distinct phenotypes (i.e., biomass yield 
and caffeine levels) were chosen and cultivated in a semi-
hydroponic system for the purpose of cloning, where their 
leaf biomass and caffeine contents were evaluated (Vieira 
et al. 2021). Concerns arise from the established plants in that 
semi-hydroponic environment about their ability to retain the 
phenotypic traits observed in the breeding program (i.e., bio-
mass yield and bioactive compounds, de Aguiar et al. 2022; de 
Tomasi et  al.  2024a). In this context, fundamental inquiries 
surface regarding the influence of circadian rhythms during 
yerba mate cultivation in a semi-hydroponic system. Circadian 
cycles incorporate temperature compensation mechanisms 
that prevent minor temperature fluctuations from causing sig-
nificant variations in the biological clock (Gould et al. 2006; 
Dodd et  al.  2005); this feature is feasible due to the inheri-
tance of circadian rhythms, as originally proposed by Darwin 
(McClung 2006). Metabolites, which are the final products of 
various cellular activities, can be viewed as the connection be-
tween genotype and phenotype (Fiehn  2002). In plants, the 
circadian clock orchestrates metabolic processes to synchro-
nize physiological activities with daily environmental cycles 
(Johnson 2005; Kuhlman et al. 2007). Rather than accelerating 
under temperature fluctuations, the circadian rhythm main-
tains near 24-h periodicity through temperature compensa-
tion mechanisms, although low temperatures can attenuate 
clock amplitude and modify metabolite accumulation pat-
terns, as observed in Arabidopsis thaliana (Gould et al. 2006; 
Bieniawska et al. 2008; Dong and Farré Thomashow 2011).

During metabolome analysis, it is typical to examine several 100 
analytes, making data interpretation a complex task. Therefore, 
integrating untargeted GC–MS multi-analyte data with multi-
variate analysis is crucial to uncover relationships among the 
dependent factors, for example, dark and light periods and 
clones (Paul and de Boves Harrington  2021). The incorpora-
tion of ANOVA—Simultaneous Component Analysis (ASCA) 
and its extensions, such as repeated measures ASCA+ (RM-
ASCA+), offers a powerful framework for dissecting complex 
metabolomic data. By integrating general linear models with 
principal component analysis (PCA), these methods enable 
the decomposition and visualization of distinct experimental 
effects, even in unbalanced designs (Smilde et  al.  2012; Thiel 
et al. 2017; Madssen et al. 2021). Applied to yerba mate clones, 
this approach may enhance the understanding of how circadian 
rhythms shape the metabolome responses across light and dark 
phases. Additionally, when high-dimensional data are involved 
(e.g., multiple time points across a day), Hierarchical Clustering 
on Principal Components (HCPC), which integrates PCA, hi-
erarchical clustering, and proves useful for visualizing clusters 
through dendrograms and identifying quantitative variables 
significantly associated with these clusters (Husson et al. 2014). 
Following multivariate statistics, univariate statistical analysis 
can provide additional insights into how the circadian cycle sig-
nificantly influences metabolites identified by the multivariate 
model (Melo et al. 2021; Menegolla et al. 2025). Considering the 
genotype-dependent nature of yerba mate with respect to both 
caffeine content (de Tomasi et al. 2024a) and biomass produc-
tion (de Tomasi et al. 2024b), this methodology not only clarifies 
metabolic variations among clones but also helps the under-
standing of how circadian factors shape metabolite distribution. 
Such insights may inform breeding strategies aimed at enhanc-
ing bioactive compound levels and overall productivity in this 
species.

In summary, metabolome analysis can provide valuable in-
sights into the interactions between genotype and environment 
in plants responding to different cultivation systems and en-
vironmental conditions. Yerba mate clones, which can be dis-
tinguished based on their genotypic differences, may exhibit 
changes in gene expression due to circadian regulation in semi-
hydroponic systems. Therefore, metabolite profiling can help 
elucidate interactions between genotype and photoperiod, sup-
porting breeding programs aimed at improving biomass produc-
tion and the accumulation of heritable bioactive compounds in 
yerba mate. In this context, the present work aims to investigate 
the influence of the circadian cycle through untargeted metabo-
lite analysis. Two clones with contrasting biomass production in 
the semi-hydroponic system were analyzed to explore genotype 
× photoperiod interactions.

2   |   Material and Methods

2.1   |   Plant Growth and Tissue Collection

The experiments were carried out at Embrapa Florestas lo-
cated in Colombo (25.32° S, 49.16° W), using two experimental 
clones (EC24, EC21) from a breeding program (Sturion  2009) 
with distinct leaf biomass production (EC24–9.58 kg m−2 year−1 
and EC21–13.73 kg m−2 year−1). The stock plants are far from 
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each other around 250 km (EC24—Quedas do Iguaçu (25.45° 
S, 52.91° W) and EC21—Barão de Cotegipe (27.62° S, 52.38°)). 
The plants used were cloned by the cutting technique in sep-
arate vessels. After 2 months, they were transplanted and kept 
in a mini clonal garden in a semi-hydroponic system with sand 
(Figure  S1), allocated in a greenhouse, with periodic mainte-
nance by pruning every 2.5 months. The plants were kept under 
drip irrigation with nutrient solution twice a day (2.5 L m−2, 
Wendling et al. 2007) for a period of 4 min and 40 s. Plant mate-
rial (i.e., mature leaves) for metabolome analysis was collected 
after 16 months, in the week before maintenance pruning. The 
circadian experiment was held, respecting the stimuli, bright, 
with collections before and after sunrise and sunset (Figure 1). 
According to Simepar (Paraná Meteorological System), on the 
collection date the temperatures had few fluctuations with a 
maximum temperature of 19°C registered at 14:00 h and min-
imum of 13°C at 5:00 h. Two radiation peaks were registered, 
one at 11:00 am and the other at 2:30 pm with the values of 2000 
and 1800 μmol m−2 s −1, respectively. The experiment involved 12 
treatments (two clones across six time points), with 4 or 5 bio-
logical replicates, resulting in unbalanced data. For the targeted 
analysis, the data were reorganized to compare dark (ASS, MN, 
BSR) and light (ASR, MD, BSS) phases, which provided 13 or 14 
replicates for each restructured treatment.

2.2   |   Metabolite Analysis

The extraction and metabolite profiling were performed as 
previously described by (Dethloff et al. 2014), with slight mod-
ifications. Briefly, 20 mg (±5 mg) of fresh-frozen and ground 
plant material (i.e., mature leaves) were mixed with 300 μL of 
pre-cooled methanol in 2 mL microcentrifuge tubes. The solu-
tion was vortexed and supplemented with 30 μL of 13C6-sorbitol 
(internal standard, 0.2 mg mL−1 in methanol) and 30 μL of n-
nonadecanoic acid (extraction control, 2.0 mg mL−1 in chloro-
form). Extraction was carried out at 70°C and with agitation at 
450 rpm for 15 min. After cooling to room temperature, 200 μL 
of chloroform were added, followed by vortexing and incubation 
in a thermomixer at 37°C and 450 rpm for 5 min. Subsequently, 
400 μL of ultrapure water were added, the mixture was vortexed 
for 20 s, and centrifuged at 9659 g for 7 min. From the resulting 
biphasic solution, two aliquots (160 μL each) of the polar upper 
phase were transferred to separate 1.5 mL conical microcen-
trifuge tubes and dried under vacuum at room temperature. 
Methoximation was carried out by adding 40 μL of a solu-
tion containing 4-(dimethylamino) pyridine (5 mg mL−1) and 

methoxyamine hydrochloride (40 mg mL−1) in pyridine to the 
dried extracts. The mixture was incubated in a thermomixer at 
30°C and 950 rpm for 90 min. Subsequently, trimethylsilylation 
was performed by adding 70 μL of N,O-bis(trimethylsilyl)tri-
fluoracetamid (BSTFA) and 10 μL of a standard mixture of n-
alkanes in pyridine (Dethloff et al. 2014), followed by vortexing 
and incubation at 37°C and 950 rpm for 30 min in a thermo-
mixer. The samples were centrifuged at 20,817 g for 5 min, and 
an 80 μL aliquot of the supernatant was transferred to conical 
glass vials for GC–MS analysis.

Polar metabolite profiling was performed using a 6890 N24 gas 
chromatograph (Agilent Technologies) coupled to a Pegasus III 
TOF mass spectrometer (LECO Instrumente GmbH). Separation 
was achieved on a VF-5MS capillary column (30 m × 0.25 mm, 
0.25 μm film thickness and an integrated 10 m guard-column) 
with splitless injection. The oven program consisted of an initial 
temperature of 70°C (1 min), followed by heating at 9°C min−1 
up to 350°C (5 min). Injector temperature was set to 230°C, with 
helium carrier gas (0.6 mL min−1). The GC–MS interface and ion 
source were both maintained at 250°C. The mass spectrome-
ter operated in positive electron ionization mode (70 eV) with a 
mass range of 70–600 Da. Chromatograms were acquired, visu-
ally controlled, baseline corrected and exported in NetCDF file 
format using ChromaTOF (v. 4.22; LECO). Compounds were 
identified by mass spectral and RI matching to the reference col-
lection of the Golm Metabolome Database (Hummel et al. 2010; 
Kopka et al. 2005) under manual supervision using TagFinder 
software (Luedemann et al. 2008). Guidelines for manually su-
pervised metabolite identification were suggested by Strehmel 
et al. (2008). For relative abundance (a.u. g−1), the intensities of 
the metabolites (i.e., peak height) were normalized by the fresh 
weight of the samples (g) and internal standard (13C6-Sorbitol). 
Annotated metabolites received an internal identification num-
ber, using the prefix “C” followed by running numbers, to sup-
port numerical data analyses (Table S1).

2.3   |   Post-Analysis Treatment

Firstly, for data filtering, a percentage relative abundance based 
on total amount of annotated compounds (a.u. g−1) was calcu-
lated, then a threshold of 0.01% was applied to the percentage 
relative abundance matrix, and compounds below this limit 
were considered non-detected. Secondly and independently in 
the annotated normalized matrix (i.e., fresh weight of the sam-
ples and internal standard, see above) all compound amount 
values (a.u. g−1) identified previously (including missing ones, 
attributed as zero) were used to calculate the minimum detect-
able amount according to Skoog et  al.  (1996). The calculated 
value (a.u. g−1) was used to replace the corresponding entries in 
the dataset.

Univariate statistical analyses were conducted in R (R 
CoreTeam  2018) using the packages stats, multcomp, lattice, 
agricolae, and effects. Prior to model selection, metabolite data 
were evaluated for normality and homoscedasticity. Based on 
the fulfillment of these assumptions, the appropriate statistical 
approach was applied, including analysis of variance (ANOVA), 
generalized linear models (GLM), or non-parametric tests. 
Post hoc comparisons among treatments were performed with 

FIGURE 1    |    Circadian sample collection strategy in yerba mate 
clones. Sampling was conducted at six time points: Midday (MD), before 
sunset (BSS), after sunset (ASS), midnight (MN), before sunrise (BSR), 
and after sunrise (ASR), under natural light conditions with 11 h of light 
and 13 h of darkness. Arrows indicate collection times aligned with 
light stimuli: Before (16:30 h and 5:30 h) and after (18:30 h and 7:30 h) 
sunrise and sunset.

10:00 16:00 20:00 00:00 04:00 08:00

12:00 16:30 18:30 00:30 05:30 07:30

17:39 06:40
light period dark period
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adjustment for multiple testing, adopting a significance thresh-
old of p < 0.05, with Tukey's Honestly Significant Difference 
(HSD) test used following ANOVA, single-step adjustment 
applied for GLM, and the Holm correction employed for non-
parametric analyses (Melo et al. 2021).

The multivariate analyses employed in this study included re-
peated measures—ANOVA Simultaneous Component Analysis 
(RM-ASCA+), Principal Component Analysis (PCA), and 
Hierarchical Clustering on Principal Components (HCPC), each 
selected for its ability to explore and visualize metabolite dis-
tribution patterns across experimental conditions. RM-ASCA+ 
was used to decompose the variability associated with differ-
ent factors and their interactions, and HCPC was particularly 
valuable for detecting structure within high-dimensional time 
series data, enabling the identification of distinct metabolite 
clusters and their association with specific experimental phases. 
All multivariate analyses were performed using R software, 
utilizing packages such as ALASCA (RM-ASCA+), factoM-
ineR, and factoextra (Husson et al. 2014; Jarmund et al. 2022; R 
CoreTeam 2018).

3   |   Results

3.1   |   General Aspects of Circadian 
High-Resolution Time-Point Sampling Strategy 
(HRS)

Metabolite profiling of yerba mate clone leaves across the circa-
dian cycle resulted in the detection of 148 metabolites, of which 
74 signals were annotated, corresponding to 52% of the total de-
tected features. The predominant chemical classes comprised 
amino acids, phenolic compounds, sugars, organic acids, sugar 
acids, nitrogen-containing compounds, and sugar alcohols. 
Carbohydrates and their derivatives (including sugar acids and 
sugar alcohols) accounted for a substantial proportion of the ex-
tract, with sucrose being the most abundant compound. Notably, 
a large fraction of the unidentified metabolites exhibited charac-
teristic carbohydrate-associated mass fragments (m/z 217, 205, 
and 319), suggesting their structural relation to carbohydrate 
derivatives. Central carbohydrate metabolism was represented 
by key intermediates such as glucose-6-phosphate, fructose-
6-phosphate, glucose, fructose, sucrose, and maltose. Organic 
acids were predominantly associated with the tricarboxylic acid 
(TCA) cycle, including succinic, 2-oxoglutaric, fumaric, citric, 
and malic acids. Nitrogen metabolism was characterized by the 
presence of amino acids such as glutamic acid, aspartic acid, glu-
tamine, and asparagine. Additionally, characteristic bioactive 
metabolites of yerba mate with recognized health-promoting 
properties, including caffeine and chlorogenic acids, were also 
identified (Table S1).

First, PCA were employed to reveal the underlying structure of 
the data using semi-quantitative data of known and unknown 
metabolites (Figure  S2). In the circadian cycle, the first six 
principal components (PC) encompassed 77.2% of the total vari-
ance from this data set; such a high number of PCs was nec-
essary to explain the complexity of a high-dimensional dataset. 
The huge dataset involved 2 yerba mate clones and 6 sampling 
times (i.e., 54 individuals including their replicas), which are 

described by 148 variables. Thus, these numbers of PCs (i.e., 6 
for circadian cycle) were used as a pre-processing step for the 
clustering (Husson et al. 2014). Thus, the hierarchical clustering 
dendrogram serves as a summary of the distance matrix, which 
reveals the similarities and differences between individuals in 
each cluster. Dendrograms of hierarchical clustering based on 
Ward's criterion with a graph output of inertia gain is shown in 
Figure 2.

In the circadian cycle, 12 clusters were depicted summing 
sampling time and clones; this number of optimal clusters 
was estimated by the ratio of two successive within-group in-
ertia that gives the small possible value (WI), in this case 
0.388 = 3.956/10.195, and by the visualization of inertia gain, in 
which any decrease is seen after 12 clusters (Figure 2, insert). 
Based on the hierarchical clustering, three major clusters are ob-
served, considering that the height of the branches indicates the 
dissimilarity between the clusters. The first group has samples 
ASS for clone EC24 and BSS for clone EC21; both samples were 
collected around sunset, before and after sunset for clones EC21 
and EC24, respectively. The second with sampling times MN, 
ASR, MD, and ASS for clone EC21, and the third has the rest 

FIGURE 2    |    Hierarchical Clustering on Principal Components 
(HCPC) based on Ward's criterion, applied after log2 data transfor-
mation. The height of dendrogram branches represents the dissim-
ilarity between clusters. Cluster assignment was determined from 
sample coordinates projected onto the first six principal components. 
Abbreviations: EC24 and EC21 (Clones), midday (MD), before sunset 
(BSS), after sunset (ASS), midnight (MN), before sunrise (BSR), and af-
ter sunrise (ASR). Inset: Inertia gain plot illustrating the evolution of 
within-group inertia during agglomeration. Ward's criterion, derived 
from the Huygens theorem, decomposes the total inertia into between- 
and within-group variance. At each step, clusters are merged to mini-
mize the increase in within-group inertia, and the optimal number of 
clusters is generally inferred from both the dendrogram structure and 
the inertia gain plot (Husson et al. 2010). In this case, 12 clusters were 
identified. Principal components beyond PC6 (up to PC10, explaining 
93.7% of variance) were examined, but did not reveal additional biolog-
ical structure, suggesting that residual variance reflects background 
noise rather than meaningful signal.
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of the sampling times for clone EC24, and one sample of clone 
EC21 (BSR). Most samples are grouped considering the clone 
factor, so it seems that clone factors are more important than 
sampling times, even with respect to the dark and light periods.

Although clustering analysis distinguished the effects of clone 
variation across the circadian cycle, a large number of metabo-
lites were required to resolve this complex system. Interestingly, 
several unannotated metabolites also contributed substantially 
to the observed separations. To identify the most significant 
annotated compounds differentiating the clones, a volcano 
plot was generated comparing EC24 and EC21 using cutoffs of 
p ≤ 0.05 and log2 fold change ≥ 1 (Figure 3A). Only six annotated 
metabolites showed significant contributions across the circa-
dian cycle. These compounds are associated with physiolog-
ical balance and leaf tissue resilience to environmental stress. 
Specifically, cis-caffeic acid (C86) and 3,4-dihydroxybenzoic 
acid (C3) were more abundant in clone EC24, while tyramine 
(C85), threonic acid (C105), 2-oxo-glutaric acid (C9), and argi-
nine (C138) were enriched in clone EC21 (Figure 3B).

3.2   |   Contrasting the Dark and Light Periods

To streamline metabolomic analysis and prioritize biologically 
interpretable outcomes, we transitioned from high-resolution 
sampling (HRS), which involved six time-point collections per 
day, to a more targeted approach focused exclusively on anno-
tated metabolites. The data were reorganized to contrast dark 
(ASS, MN, BSR) and light (ASR, MD, BSS) phases. However, 
following this adjustment, PCA and HCPC failed to effectively 
separate the experimental groups (Figures S3 and S4). As a re-
sult, we applied RM-ASCA+, which enables direct evaluation of 
clone effects, photoperiod influence, and their interactions on 
metabolite profile shifts. By restricting the analysis to identified 

compounds, we enhanced biological relevance and reduced 
model complexity, facilitating clearer insights into circadian-
driven metabolomic variation across light and dark periods.

The RM-ASCA+ analysis revealed a clear partitioning of vari-
ance across three principal components, each providing distinct 
insights into the metabolomic dynamics of yerba mate clones 
(Figure 4). PC1, which explained the largest proportion of vari-
ance (52.2%), was strongly associated with the clone effect, high-
lighting systemic shifts in metabolite profiles between clones 
EC24 and EC21 (Figure 4A), consistent with patterns observed 
in the previous HCPC analysis (Figure 2). PC2, accounting for 
28.2% of the variance, captured the photoperiod effect, distin-
guishing metabolic profiles between the dark (MN, BSR, ASS) 
and light (MD, BSS, ASR) phases (Figure 4B). Meanwhile, PC3, 
contributing 19.6% of the variance, reflected the interaction be-
tween clone and photoperiod, reflecting differential metabolic 
plasticity among genotypes in response to circadian modulation 
(Figure 4C).

All annotated metabolites (74 variables) underwent univariate 
statistical analysis, being 46 compounds statistically signifi-
cant (Tables 1–3). Most of the univariate results were in strong 
concordance with the key metabolites in RM-ASCA+ findings 
(Figure 4D–F). These metabolites included amino acids, organic 
acids (notably TCA cycle intermediates), sugars, and their de-
rivatives, such as acids, alcohols, and phosphates. Sugar dis-
tribution was particularly significant in clone separation: 15 
compounds contributed to this effect, with clone EC21 showing 
higher sugar content, except for mannose (C124) (Table 1). Eight 
sugars were associated with photoperiod, with elevated levels 
observed during the dark phase, highlighting the sugars of cen-
tral carbohydrate metabolism glucose (C121), fructose (C118), 
and maltose (C123, Table  2). Regarding the interaction factor, 
only fucose (C119) showed statistical significance.

FIGURE 3    |    Univariate statistical volcano plot illustrating the clone effect (EC21 vs. EC24, n = 27). Log2 fold change (FC) represents the ratio of 
the mean values (a.u. g−1) of each metabolite. Each dot corresponds to a single metabolite: Gray dots indicate non-significant differences (FC < 1.0 and 
p > 0.05), blue dots represent metabolites significantly more abundant in clone EC21 (p < 0.05), and red dots represent metabolites significantly more 
abundant in clone EC24 (p < 0.05) (A). Box plots display the mean values (a.u. g−1 ± SE, n = 27) of the metabolites highlighted in the volcano plot (B).
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FIGURE 4    |     Legend on next page.
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7 of 16Physiologia Plantarum, 2026

FIGURE 4    |    Results from Repeated Measures ANOVA–Simultaneous Component Analysis plus Linear Mixed Models (RM-ASCA+) showing 
metabolomic variation associated with clone, photoperiod (dark/light), and their interaction. The analysis was performed using the ALASCA pack-
age with default parameters, except for validate = True and wide = True (i.e., each observation occupies a separate row, with variables in separate 
columns; Jarmund et al. 2022). Score plots illustrate separation along principal components: PC1 distinguishes clones (EC24 in red, EC21 in blue) 
(A), PC2 separates photoperiods (B), and PC3 captures the interaction effect (C). Loading plots for PC1 (D), PC2 (E), and PC3 (F) highlight metab-
olites contributing to each effect, with a vertical dotted line separating high and low loadings. Each dot represents a metabolite: Gray dots indicate 
non-representative metabolites (absolute normalized loading [ANL] < 0.2), while black dots denote representative metabolites (ANL > 0.2). Dark red 
bars in plots D and E indicate metabolites also identified as significant in univariate analysis for clone (Table 1, p < 0.05) and photoperiod (Table 2, 
p < 0.05), respectively. Dark blue bars in plots D, E, and F mark metabolites showing significant interaction effects in univariate analysis (Table 3, 
p < 0.05). Match values represent the percentage overlap between metabolites with ANL > 0.2 (black dots) and those identified via univariate analysis 
(color bars). Error bars in both score and loading plots reflect 95% confidence intervals based on 1000 bootstrap iterations. For metabolite codes in 
D, E and F see Table S1.

TABLE 1    |    Mean values of statistically significant metabolites (a.u. g−1 ± SE, n = 30, p < 0.05) showing aclone effect based on univariate analysis 
of the photoperiod (dark vs. light) by a metabolite-targeted approach.

Code Compounds Classes EC24 EC21

C136 Alanine amino acid 41.7 ± 5.6 55.3 ± 7.3

C138 Arginine amino acid 4.3 ± 1.5 10.7 ± 3.2

C142 4-amino-butanoic acid (GABA) amino acid 80.0 ± 14.0 45.3 ± 5.0

C147 Glycine amino acid 95.3 ± 8.1 127.1 ± 13.9

C154 Threonine amino acid 124.8 ± 10.7 168.6 ± 15.2

C85 Tyramine nitrogen compound 24.6 ± 2.6 51.3 ± 8.2

C11 Succinic acid organic acid 84.4 ± 8.1 118.4 ± 11.5

C129 Citric acid organic acid 36.7 ± 3.2 54.4 ± 9.3

C131 Quinic acid organic acid 235.6 ± 14.5 309.3 ± 23.4

C13 Kampeferol phenol 55.4 ± 3.2 74.3 ± 6.8

C86 Cis-caffeic acid phenol 23.3 ± 1.6 10.8 ± 2.4

C98 Erythronic acid sugar 69.4 ± 5.1 92.0 ± 7.4

C99 Galactaric acid sugar 41.7 ± 3.4 59.2 ± 4.3

C100 Galactonic acid sugar 61.3 ± 3.7 109.1 ± 7.1

C104 Saccharic acid sugar 44.7 ± 2.7 67.4 ± 5.0

C105 Threonic acid sugar 41.9 ± 4.2 89.0 ± 12.4

C108 Myo-inositol sugar 128.3 ± 7.6 182.3 ± 13.2

C109 Ribitol sugar 24.8 ± 1.8 39.2 ± 2.4

C116 Galactinol sugar 42.8 ± 2.7 60.2 ± 5.2

C117 Arabinose sugar 20.2 ± 2.3 33.1 ± 6.9

C122 1,6-anhydro-beta-glucose sugar 64.7 ± 3.6 101.3 ± 6.4

C124 Mannose sugar 65.6 ± 6.4 42.7 ± 5.0

C126 Ribose sugar 109.5 ± 10.5 147.0 ± 10.1

C127 Ribulose sugar 56.1 ± 5.1 77.4 ± 7.6

C128 Xylose sugar 118.9 ± 8.9 92.2 ± 8.5

C135 Sucrose sugar 289.8 ± 20.4 376.4 ± 33.2
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8 of 16 Physiologia Plantarum, 2026

Seven amino acids were important for the main effects. Alanine 
(C135) was associated with both clone and photoperiod, while 
arginine (C138), GABA (C142), glycine (C147), and threonine 
(C154) were linked to clone differences, with GABA being the 
only one more abundant in EC24 (Table 1). Alanine (C136), as-
partic acid (C140), and phenylalanine (C148) were associated 
with photoperiod, with phenylalanine accumulating during the 
light phase (Table 2). Ornithine (C137) was the only amino acid 
significantly affected by the interaction factor. Nitrogen com-
pounds, 2-hydroxy-pyridine (C84), and caffeine (C156) showed 
strong relevance for the interaction factor (Table 3). Tyramine 
was more abundant in EC21, reflecting a clone-specific effect. 
Among organic acids, succinic acid (C11), citric acid (C129), and 
quinic acid (C131) were more abundant in EC21, indicating a 
clone effect. Oxalic acid (C9) was associated with the light pho-
toperiod (Table 2), while 2-oxo-glutaric acid (C7) and lactic acid 
(C8) were significant for the interaction factor (Table 3). Only 

three phenolic compounds showed significant differences: 
kaempferol (C13) and cis-caffeic acid (C86) were linked to 
clone effects, with kaempferol more abundant in EC21 and cis-
caffeic acid (C86) in EC24 (Table 1). Cis-caffeic acid (C86) also 
varied with photoperiod, accumulating during the light phase 
(Table 2). 3,4-Dihydroxy- benzoic acid (C3) was the only phenol 
showing a significant interaction between clone and photope-
riod (Table 3).

Interestingly, the strong concordance between RM-ASCA+ and 
univariate statistical analyses reinforces the reliability of the iden-
tified metabolic markers (Figure 4D–F). When considering only 
RM-ASCA+ key metabolites with absolute normalized loading 
values above 0.2%, 51% of those associated with the clone effect 
were also identified in the univariate analysis. For the photoperiod 
effect, 43% of the metabolites overlapped, while 22% of those linked 
to the interaction factor were congruent between both approaches.

TABLE 2    |    Mean values of statistically significant metabolites (a.u. g−1 ± SE, n = 30, p < 0.05) showing photoperiod effect (dark vs. light) based 
on univariate analysis.

Code Compounds Classes Light Dark

C136 Alanine amino acid 28.9 ± 2.2 68.1 ± 7.3

C140 Aspartic acid amino acid 70.2 ± 5.7 97.4 ± 8.4

C148 Phenylalanine amino acid 72.3 ± 6.9 33.6 ± 6.5

C9 Oxalic acid organic acid 31.9 ± 4.0 21.2 ± 3.2

C86 Cis-caffeic acid phenol 20.2 ± 2.1 13.8 ± 2.4

C95 Glyceric acid-3-phosphate sugar 60.0 ± 6.9 21.2 ± 5.9

C99 Galactaric acid sugar 45.0 ± 3.5 55.9 ± 4.6

C118 Fructose sugar 19.5 ± 2.5 31.4 ± 5.2

C120 Galactose sugar 62.0 ± 5.9 87.0 ± 8.8

C121 Glucose sugar 282.1 ± 25.7 383.2 ± 43.0

C123 Maltose sugar 42.2 ± 4.7 93.6 ± 9.1

C124 Mannose sugar 44.6 ± 4.0 63.6 ± 7.3

C128 Xylose sugar 91.1 ± 6.1 120.0 ± 10.6

TABLE 3    |    Mean values of statistically significant metabolites (a.u. g−1 ± SE, n = 15, p < 0.05) showing interaction effects between clone and 
photoperiod (dark vs. light) based on univariate analysis.

Code Compounds Classes EC24_light EC21_light EC24_dark EC21_dark

C137 Ornithine amino acid 14.6 ± 3.5 4.8 ± 2.3 6.7 ± 3.0 16.8 ± 5.1

C84 2-hydoxy-pyridine nitrogen compound 25.5 ± 2.8 25.6 ± 1.6 19.0 ± 2.6 36.6 ± 5.9

C156 Caffeine nitrogen compound 40.8 ± 4.1 20.6 ± 4.0 31.8 ± 3.0 35.7 ± 6.3

C7 2-oxoglutaric acid organic acid 18.0 ± 1.8 32.7 ± 3.3 0.0 ± 0.0 27.2 ± 2.0

C8 Lactic acid organic acid 20.2 ± 4.1 14.6 ± 1.7 16.0 ± 3.2 26.4 ± 3.3

C3 3,4-dihydroxy-benzoic acid phenol 122.6 ± 10.1 0.0 ± 0.0 0.0 ± 0.0 18.1 ± 8.0

C119 Fucose sugar 64.1 ± 6.3 88.2 ± 8.8 97.5 ± 9.3 83.2 ± 8.1
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9 of 16Physiologia Plantarum, 2026

4   |   Discussion

4.1   |   Multivariate and Univariate Statistics 
Approaches

Initially, the circadian high-resolution time-point sampling 
strategy (HRS) was evaluated using Hierarchical Clustering on 
Principal Components (HCPC), which was preferred over tradi-
tional hierarchical cluster analysis (HCA), performing hierarchi-
cal clustering (HCA) directly on the original high-dimensional 
data can be problematic, as the large number of variables may 
introduce noise and reduce the interpretability of the clustering 
results. HCPC integrates dimension reduction through princi-
pal component analysis (PCA), extracting continuous variables 
that capture the most significant variance. These PCA results 
are then subjected to clustering, serving as a noise-filtering step 
to enhance robustness (Lê et  al.  2008), with the advantage of 
exploiting a mixed algorithm for the clustering process, a com-
bination of the Ward's classification method with the K-means 
algorithm (Maugeri et al. 2021).

While HCPC revealed a clear clone effect (Figure 2), the com-
plexity of the data made it difficult to pinpoint which variables 
were driving the separation mainly due to a high number of un-
known annotated compounds. To improve interpretability and 
maximize contrast between experimental factors (i.e., clone and 
photoperiod), the sampling strategy was refined from six time 
points per day to a more targeted design (dark vs. light peri-
ods). However, after this adjustment, HCPC failed to separate 
the groups effectively (Figures S3 and S4). This limitation likely 
stems from the unsupervised nature of HCPC, suggesting that 
clone and photoperiod differences do not represent the domi-
nant source of variance in the dataset (Jolliffe 2002).

To address this, we incorporated external knowledge of the ex-
perimental design using RM-ASCA+, a supervised method that 
focuses not on total variance, but on the variance explained by 
predefined factors (Bertinetto et  al.  2020), namely clone, pho-
toperiod, and their interaction. The RM-ASCA+ model suc-
cessfully isolated these targeted effects, confirming that both 
clone and photoperiod exert statistically significant influences 
on the metabolite profiles (Figure  4). To a certain degree, the 
concordance between RM-ASCA+ and univariate statistical 
analysis stems from their shared principle: both methods isolate 
and quantify the effect of one factor while controlling for others 
(Bertinetto et al. 2020), (Figure 4D–F). Results showed strong 
overlap between RM-ASCA+ and univariate analysis for the 
independent effects of clone and photoperiod, 51% and 43%, re-
spectively (Figure 4D,E, Tables 1 and 2), while the interaction ef-
fect revealed a lower degree of overlap, 22% (Figure 4F, Table 3).

This indicates a more complex, multivariate phenomenon 
during interaction, where the metabolic shift is not driven by 
individual metabolites alone, but by a coordinated and subtle 
reorganization of the entire metabolome, captured through 
multivariate approaches. In this context, interaction was not 
driven predominantly at the level of single metabolites, and the 
evidence supports the view that the interaction reflects a dis-
tributed pattern involving multiple metabolites whose combined 
behavior differentiates clones across photoperiods. Finally, for 
selected metabolites, univariate analysis was applied to the HRS 

dataset to evaluate their rhythmic behavior across the six time 
points of the circadian cycle (Figure 5).

4.2   |   Metabolic Inferred Saline Stress 
Environment

Clone main effect analysis revealed distinct metabolic profiles 
between yerba mate genotypes, with clone EC21 generally ex-
hibiting higher amounts of sugars, amino acids, and organic 
acids (Figure 4, Table 1). Notably, several sugars abundant in 
EC21, such as sucrose (C135), galactinol (C116), myo-inositol 
(C108), threonic acid (105) (also detected in the HRS, Figure 3), 
and galactaric acid (C99), have been previously associated 
with salt stress responses in other plant species (Richter 
et  al.  2015; Filippou et  al.  2021), suggesting a potential role 
in osmotic adjustment and stress signaling. Similarly, organic 
acids like citric acid (C129), succinic acid (C11), also elevated 
in EC21, are TCA cycle intermediates known to contribute to 
redox balance and energy metabolism (Richter et al. 2015), po-
tentially supporting EC21's energetic advantage under semi-
hydroponic conditions.

Among amino acids, alanine (C136) and threonine (C154) were 
more abundant in EC21 and have been linked to osmotic regu-
lation under stress (Filippou et al. 2021; Gavaghan et al. 2011), 
while GABA (C142), another stress-responsive metabolite 
(Ghosh et  al.  2021; Patel et  al.  2020), showed higher levels in 
EC24. Interestingly, EC24 also displayed elevated amounts of 
cis-caffeic acid (C86), a known antioxidant involved in scaveng-
ing reactive oxygen species (ROS) under salt stress (Mehmood 
et al. 2021). Tyramine (C85), arginine (C138), and 2-oxo-glutaric 
acid (C7) were also significant to the clone effect in the HRS 
(Figure 3), although only the TCA-related organic acid showed a 
known association with salt stress (Richter et al. 2015). During 
the dark/light photoperiod analysis, this compound followed 
an interaction pattern, further suggesting its plasticity between 
clones and photoperiod.

Soluble carbohydrates such as galactinol (C116), myo-inositol 
(C108), and sucrose (C135), found in higher amounts in clone 
EC21, are directly or indirectly linked to the raffinose family 
of oligosaccharides (RFOs). Myo-inositol plays a role in abiotic 
stress responses in plants (Ishitani et al. 1996; Valluru and Van 
den Ende 2011), and RFOs metabolites are known to accumu-
late under salt stress, functioning as osmoprotectants (Sengupta 
et  al.  2015). Although organic acids from the TCA cycle typi-
cally decrease under high salinity conditions, possibly due to 
the metabolic shift toward osmoprotectant synthesis (Gavaghan 
et al. 2011; Takabe 2012), the elevated levels of citric and suc-
cinic acids in EC21 suggest enhanced energy metabolism, poten-
tially supporting its growth under semi-hydroponic conditions. 
Indeed, biomass production in clone EC21 is superior to that of 
EC24 in this system (Vieira et al. 2021). These findings suggest 
that the clones may adopt distinct metabolic strategies; EC21 
appears to favor the accumulation of osmolytes and energy in-
termediates, while EC24 shows increased levels of phenolic 
compounds and GABA, suggesting a stress response pathway 
centered on antioxidant and GABA shunt signaling functions, 
which allows the cell to recycle carbon and nitrogen under stress 
(Michaeli and Fromm 2015; Mehta and Vyas 2023).
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10 of 16 Physiologia Plantarum, 2026

Semi-hydroponic systems represent a promising strategy for 
yerba mate biomass production, supporting both mature and 
young leaf development through soil-free cultivation and con-
trolled nutrient delivery (de Aguiar et  al.  2022; de Tomasi 
et  al.  2024b). However, a key limitation of this approach may 
be its susceptibility to saline stress, which can result from nutri-
ent accumulation over time. Elevated salinity disrupts osmotic 
balance, impairs root function, and reduces photosynthetic effi-
ciency, ultimately constraining biomass yield (Hualpa-Ramirez 

et  al.  2024). To ensure sustained productivity and system via-
bility, it is essential to manage salt build-up through periodic 
flushing, customized nutrient formulations, and the selection of 
salt-tolerant (halophytic) genotypes.

Although yerba mate is not traditionally recognized as a halo-
phytic species, emerging experimental data suggest that certain 
clones may possess some degree of resilience to saline condi-
tions (de Aguiar et al. 2023). These indications, however, remain 

FIGURE 5    |    Histograms of high-resolution time-point sampling for metabolites associated with photoperiod effects (A and B), interaction effects 
(C, D, and E), and regression curves for sum of caffeoyl-quinic acids versus phenylalanine and allantoin versus caffeine (F). Panel A shows maltose 
and fructose (left y-axis) and glucose (right y-axis); panel B shows the sum of caffeoyl-quinic acids and phenylalanine. Mean values (a.u. g−1 ± SE, 
n = 8–10) followed by the same letter do not differ statistically across time-point sampling (p < 0.05). Panels C, D, and E show sucrose, caffeine, and 
allantoin, respectively, with mean values (a.u. g−1 ± SE, n = 4–5). Capital letters indicate significant differences between clones (EC24 vs. EC21), while 
lowercase letters denote differences across time points within each clone (p < 0.05). Panel F presents regression curves (solid lines) and data points 
(dots, a.u. g−1) for selected compounds, with shaded areas representing 95% confidence intervals. In all histograms, the dark periods are indicated 
by a grey box. Abbreviations: Midday (MD), before sunset (BSS), after sunset (ASS), midnight (MN), before sunrise (BSR), and after sunrise (ASR).
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11 of 16Physiologia Plantarum, 2026

preliminary, and targeted studies on stress tolerance in yerba 
mate are still limited (Gabira et al. 2024). In the context of semi-
hydroponic systems, where nutrient accumulation can intensify 
salinity stress, the selection of salt-tolerant genotypes becomes 
especially critical. This approach has proven effective in other 
crops, where identifying and cultivating halophytic varieties has 
significantly improved system performance and biomass yield 
(Hualpa-Ramirez et al. 2024).

Additionally, metabolomic profiling offers a powerful tool 
to advance our understanding of yerba mate's physiologi-
cal responses to the potential salinity environment (Jorge 
et al. 2017). By analyzing shifts in metabolic pathways under 
semi-hydroponic conditions, both multivariate (e.g., RM-
ASCA+) and univariate analyses can help identify biomark-
ers of tolerance and guide the selection of genotypes better 
suited to the potential saline conditions of semi-hydroponic 
environments.

4.3   |   Photoperiod Effect

Univariate analysis revealed that several metabolite classes, in-
cluding amino acids, phenolic compounds, organic acids, and 
sugars, were significantly influenced by photoperiod (Table 2). 
This indicates that light and dark phases modulate key aspects 
of yerba mate's metabolic profile. Among these, sugars such as 
maltose (C123) and glucose (C121), phenylalanine (C148) and 
cis-caffeic acid (C86), the last two involved in the phenylpro-
panoid pathway, have been associated with circadian rhythms 
(Harmer et  al.  2000) and also here show a clear photoperiod-
dependent variation in yerba mate.

Maltose (C123) and glucose (C121) are key products of starch 
breakdown, with maltose serving as the primary form of car-
bon export from chloroplasts during the night (Lu et al. 2005; 
Lu and Sharkey 2006). In the high-resolution sampling (HRS), 
maltose levels were photoperiod-dependent: they increased 
after sunset, peaked around midnight, and declined toward 
dawn, reaching their lowest levels at midday (Figure  5A). 
This pattern suggests that maltose metabolism in yerba mate 
is under circadian control and operates independently of clone 
identity (Lu et al. 2005). In Arabidopsis, starch exhibits a pro-
nounced circadian rhythm, accumulating during the day and 
degrading at night to prevent predawn carbon starvation, as 
reflected by the nocturnal increase in maltose (C123) in yerba 
mate (Table 2, Figure 5A; Graf et al. 2010; Müller et al. 2014; 
Venkat and Muneer  2022). This accumulation aligns with 
the hydrolytic pathway of starch degradation being predom-
inant in leaf metabolism, as also observed in potato leaves 
(Urbanczyk-Wochniak et al. 2005).

Glucose (C121) showed a significant interaction between photo-
period and clone in the RM-ASCA+ analysis (Figure 4C,F), with 
elevated levels in clone EC21 during the light period. However, 
in the HRS dataset, glucose remained relatively stable across 
all time points. In contrast, maltose (C123) and fructose (C118) 
were more abundant at night, with maltose reaching its lowest 
levels at midday and fructose peaking after sunrise (Figure 5A). 
While most sugars exhibited clone-dependent variation, with 
EC21 accumulating higher amounts (Table  2), fructose and 

glucose stood out for their strong photoperiod influence. These 
sugars are central to carbon and energy metabolism and reflect 
a light-dependent dynamic (Zheng et  al.  2025). Metabolomic 
profiling revealed synchronized diurnal oscillations of metab-
olites, indicating circadian regulation of carbon and energy 
metabolism. This pattern is consistent with distinct diurnal 
carbon partitioning strategies observed in Arabidopsis, potato, 
and barley (Urbanczyk-Wochniak et al. 2005; Müller et al. 2014; 
Dantas et  al.  2023). Elevated nocturnal sugar levels may rep-
resent species-specific adaptations to maintain energy balance 
throughout the night.

In plants, sucrose is the primary product of photosynthesis and 
the main transport sugar, showing a strong correlation with 
trehalose-6-phosphate (Tre6P) across various tissues, develop-
mental stages, and environmental conditions (Lunn et al. 2014). 
In this study, sucrose (C135) exhibited clone-dependent varia-
tion, with higher levels in EC21, potentially reflecting its osmo-
protectant role under saline stress (Table 1, Figure 4D; Mehta 
and Vyas 2023).

Under the high-resolution sampling (HRS) strategy, sucrose 
showed an interaction effect: clone EC24 maintained relatively 
stable levels throughout the photoperiod, similar to glucose 
(Figure  5A), whereas EC21 displayed a distinct peak at mid-
night (MM) followed by a sharp decline before sunset (BSS) 
(Figure  5C). This drop in sucrose may be accompanied by a 
decrease in Tre6P (though typically not detectable by GC–MS) 
which could facilitate accelerated starch degradation to meet su-
crose demand. This pattern aligns with maltose accumulation at 
night (Figure 5A) and may reflect the regulatory role of Tre6P in 
balancing sucrose and starch metabolism during the dark phase, 
linking carbon availability to growth (Lunn et al. 2014; Fichtner 
et al. 2020). In yerba mate, the elevated accumulation of soluble 
sugars in EC21 may therefore reflect both osmotic adjustment 
under salt stress and differences in circadian carbon partition-
ing between semi-hydroponically grown clones.

Caffeoyl-quinic acids are among the most important bioactive 
compounds in yerba mate, contributing significantly to its an-
tioxidant capacity (Heck and De Mejia 2007). These secondary 
metabolites are synthesized via the phenylpropanoid pathway, 
with phenylalanine and caffeic acid as key precursors (Clifford 
et al. 2017). Both compounds tend to accumulate during the light 
period, consistent with their activation under sunlight and the 
light-dependent synthesis of phenolics via the phenylpropanoid 
pathway (Clifford et al. 2017). Interestingly, RM-ASCA+ anal-
ysis revealed an interaction effect for phenylalanine, with ele-
vated levels during the dark phase in clone EC24 (Figure 4C,F). 
However, HRS data showed a photoperiod and interaction ef-
fects: phenylalanine peaked from midday to shortly after sun-
set and declined toward midnight and sunrise, a pattern also 
observed in potato leaves (Figure  5B; Urbanczyk-Wochniak 
et al. 2005).

The sum of caffeoyl-quinic acids also showed an interaction 
effect, yet their temporal profile followed a photoperiod pat-
tern during HRS data: the relative abundances peaked around 
midnight and remained elevated until sunrise, with the lowest 
levels observed after sunset (Figure 5B). This contrasting behav-
ior between phenylalanine and its downstream products may 
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reflect their roles as precursor and end-product within the same 
biosynthetic pathway (Clifford et al. 2017). Considering chloro-
genate as the major soluble phenylpropanoid, its levels increase 
in potato leaves during the dark period (Urbanczyk-Wochniak 
et al. 2005). Moreover, the decline in caffeoyl-quinic acids during 
light conditions may indicate their active consumption to miti-
gate photooxidative stress. Acting as potent antioxidants, these 
compounds help protect plant tissues from damage caused by 
solar radiation, particularly ultraviolet light (Moyo et al. 2022).

Given that both compounds showed interaction effects during 
HRS, a correlation analysis was performed between phenyl-
alanine and the sum of caffeoyl-quinic acids. Interestingly, 
only clone EC24 exhibited a significant relationship, modeled 
by a second-order curve (Figure  5F), in which high levels of 
caffeoylquinic acids coincided with low levels of phenylalanine. 
As previously suggested, this pattern reinforces the idea that 
clone EC24 may possess a more pronounced stress-response 
mechanism, likely centered on antioxidant pathways (as seen 
for saline stress), an interpretation further supported by the ob-
served correlation.

4.4   |   Nitrogen Metabolism: The Metabolic 
Plasticity of Clones

Univariate statistical analysis highlighted several nitrogen-
containing compounds, caffeine (C156), ornithine (C137), and 
the TCA cycle intermediate 2-oxo-glutaric acid (C7), as key 
metabolites showing interaction effects between clone and pho-
toperiod (Table 3). These compounds are involved in nitrogen 
assimilation, cellular stress responses, and plant defense mech-
anisms (Buezo et  al.  2025; Kim and Sano  2008; Nunes-Nesi 
et al. 2010). Notably, 2-oxo-glutaric acid (C7) deviates from the 
general interaction pattern, showing consistently higher levels 
during the light period in EC24, while EC21 maintains elevated 
amounts in both dark and light phases (Table 3). As a central 
intermediate in the TCA cycle, 2-oxo-glutaric acid serves as a 
direct precursor for the synthesis of several amino acids, partic-
ularly through the interconversion of glutamate, a key molecule 
in nitrogen assimilation (Chandel 2021).

RM-ASCA+ analysis further supports this nitrogen-related 
dynamic as a metabolomic system as a whole, revealing that 
amino acids such as glutamine (C145), arginine (C135), aspar-
agine (C139), and alanine (C136), along with citric acid (C129), 
are associated with the dark period in EC21 and the light period 
in EC24 (Figure 4C,F). Ornithine (C137) accumulates predom-
inantly during the dark phase in EC21, while its levels remain 
stable across both photoperiods in EC24 (Table  3). As part of 
the urea cycle, ornithine plays a crucial role in managing excess 
ammonium, which may be linked to saline stress and the ac-
cumulation of nitrogen cycle intermediates such as glutamine, 
arginine, and ornithine (Buezo et al. 2025).

Caffeine (C156), a well-known bioactive compound in yerba 
mate, is notable not only for its physiological effects but also 
for its heritability (Cardozo Junior et  al.  2010; Heck and De 
Mejia  2007), making it a valuable trait in breeding programs. 
In EC24, caffeine relative abundance is higher during daylight 
hours when compared to EC21 daylight, both clones have equal 

levels at night. Any difference of dark and light periods was de-
tected for EC24, in contrast, EC21 exhibits its highest caffeine 
levels during the night (Table  3). Yerba mate genotypes can 
be classified based on caffeine content (de Aguiar et  al.  2023; 
de Tomasi et  al.  2024b), and RM-ASCA+ analysis confirms a 
clone effect, with caffeine (C156) correlating strongly with EC24 
(Figure  4A,D). However, the distinct daytime and nighttime 
distribution of caffeine in EC21 is particularly intriguing. High-
resolution sampling (HRS) reveals an interaction between clone 
and photoperiod: EC24 shows elevated caffeine levels at BSS, 
BSR, and ASR, while EC21 peaks at MN (Figure 5D). For EC24, 
the highest amount occurs at BSS, with significantly lower levels 
at night and early morning (i.e., MN, BSR, and ASR). In EC21, 
caffeine peaks at MN, showing no significant differences from 
MM but differing from BSR and ASR.

The statistical evidence supports the view that the interaction 
reflects a distributed pattern involving multiple metabolites 
of the nitrogen cycle dynamics, whose combined behavior 
differentiates clones across photoperiods, making caffeine ca-
tabolism a relevant area of investigation. Caffeine degradation 
involves intermediates such as allantoin, which was also an-
notated in this study and displays a similar temporal pattern 
to caffeine in EC21 with higher amounts at MN (Figure 5E). 
Allantoin (C81) is a key intermediate in purine catabolism, fa-
cilitating nitrogen recycling from degraded purines and serv-
ing as a significant nitrogen storage and transport molecule, 
particularly in tropical legumes (Kaur et  al.  2023). Elevated 
levels of caffeine (C156) and allantoin (C81) may contribute 
to maintaining nitrogen homeostasis and supporting growth 
during the night by balancing carbon and nitrogen metabo-
lism in the clone EC21. This relationship is supported by a 
positive correlation between the two compounds in EC21, 
where a linear regression curve was fitted (Figure 5F). In con-
trast, no significant correlation was observed in EC24, further 
highlighting the distinct metabolic strategies employed by 
each clone.

The contrasting multivariate reorganization of the metabolome 
between clones suggests that EC24 activates nitrogen metabo-
lism in response to light, while EC21 also relies on nocturnal 
nitrogen turnover, reflecting distinct strategies of metabolic 
plasticity. This clone-specific temporal regulation of nitrogen-
related compounds underscores the importance of genotype 
selection in optimizing yerba mate performance under semi-
hydroponic and circadian-influenced conditions. Notably, the 
strategy employed by EC21 appears particularly well-suited 
to semi-hydroponic cultivation, where the accumulation of 
nitrogen-related metabolites during the night period may suffi-
ciently support growth demands during the phase (Figure 4F).

5   |   Conclusion

This study demonstrates the value of integrating multivariate 
and univariate approaches to unravel the metabolomic dynam-
ics of yerba mate under semi-hydroponic conditions. High-
resolution sampling (HRS) provides a comprehensive view of 
temporal metabolic shifts, although the complexity of the data 
can limit interpretation without summarizing specific meta-
bolic patterns. In contrast, targeted comparisons between light 
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and dark phases prove more effective for independently visual-
izing metabolite behavior.

The integration of RM-ASCA+ and univariate statistical analy-
sis yielded overlapping results, reinforcing the robustness of the 
combined approach. Despite their methodological differences, 
RM-ASCA+ capturing the multivariate relation across exper-
imental factors and univariate analysis assessing each metab-
olite independently, the convergence of findings strengthens 
confidence in the identified metabolic markers across clone, 
photoperiod (dark vs. light), and interaction effects.

Among these factors, the clone effect emerged as most influen-
tial, with metabolite distribution reflecting adaptive responses 
to saline conditions. Clones EC21 and EC24 appear to engage 
distinct strategies, suggesting metabolic specialization under 
stress.

The photoperiod effect revealed strategic adaptations to main-
tain energy balance during the night. Carbohydrates such as 
fructose, glucose, and maltose accumulated rhythmically, point-
ing to circadian regulation of carbon metabolism. Additionally, 
photoperiod influenced the phenylpropanoid pathway, with 
phenylalanine and caffeic acid contributing to the biosynthesis 
of caffeoyl-quinic acids, key bioactive compounds in yerba mate.

The interaction factor between clone and photoperiod un-
derscored the metabolic plasticity of yerba mate genotypes. 
Metabolites involved in nitrogen assimilation, such as glutaric 
acid, 2-oxo-glutaric acid, glutamine, and ornithine, exhibited 
clone-specific temporal patterns, reflecting differential regula-
tion of nitrogen metabolism.

Caffeine, a heritable and physiological compound, was asso-
ciated with clone EC24, particularly during daylight hours. 
However, EC21 displayed higher caffeine levels at night, a trend 
confirmed by HRS. This dynamic behavior may be linked to caf-
feine catabolism, with allantoin, a purine degradation product, 
showing similar patterns in EC21. These findings suggest that 
each clone employs distinct strategies for nitrogen turnover and 
resource allocation, further emphasizing the importance of gen-
otype selection for optimizing yerba mate performance under 
semi-hydroponic cultivation.
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Supporting Information

Additional supporting information can be found online in the Supporting 
Information section. Table  S1: Annotated metabolite codes used in 
multivariate and univariate analyses. Figure S1: Semi-hydroponic sys-
tem at Embrapa Florestas (Colombo, Paraná, Brazil). Mini-stumps were 
cultivated in a sand-based semi-hydroponic system under greenhouse 
conditions, with an average temperature of 25.3°C and no control of rel-
ative humidity. Plants were spaced at 15 cm × 15 cm, totaling a density 
of 44 mini-stumps per square meter. Nutrient solution (pH 5.5; electri-
cal conductivity 2.47 mS cm−1) was delivered via drip fertigation three 
times daily, totaling 5 mm day−1, and contained: NO3

− (156.0 mg L−1), 
NH4

+ (50.0 mg L−1), P (as PO4
2−, 25.0 mg L−1), K+ (200.0 mg L−1), Ca2+ 

(200.0 mg L−1), Mg2+ (45.0 mg L−1), S (as SO4
2−, 76.9 mg L−1), B (as BO3

3−, 
1.5 mg L−1), Cu2+ (0.1 mg L−1), Fe2+ (5.0 mg L−1), Mn2+ (1.0 mg L−1), Zn2+ 
(0.7 mg L−1), and Mo2− (0.07 mg L−1). To prevent salt accumulation, the 
sand substrate was regularly flushed with 40 L of water. Figure S2: Bi-
plot of principal component analysis (PCA) showing scores and load-
ings from high-resolution time-point sampling, following log2 data 
transformation. Data represent EC24 and EC21 yerba mate clones. 
Abbreviations: midday (MD), before sunset (BSS), after sunset (ASS), 
midnight (MN), before sunrise (BSR), and after sunrise (ASR). For me-
tabolite codes in the loading plot, see Table S1, the absence ones indicate 
unknown metabolites. Figure S3: Bi-plot of principal component anal-
ysis (PCA) showing scores and loadings from a targeted approach fo-
cused exclusively on annotated metabolites (clone × photoperiod: dark/
light), following log2 data transformation. Data represent EC24 and 
EC21 yerba mate clones. For metabolite codes in the loading plot, see 
Table S1. Figure S4: Hierarchical Clustering on Principal Components 
(HCPC) based on Ward's criterion, applied to log2-transformed data 
from the targeted approach focused exclusively on annotated metabo-
lites (clone × photoperiod: dark/light). Cluster assignment was deter-
mined from sample coordinates projected onto the first three principal 
components. Data represent EC24 (red) and EC21 (blue) yerba mate 
clones. Abbreviations: midday (MD), before sunset (BSS), after sunset 
(ASS), midnight (MN), before sunrise (BSR), and after sunrise (ASR). 
Expected clustering patterns should include separation by clone and/
or photoperiod: dark (ASS, MN, BSR) and light (ASR, MD, BSS). Dark 
periods are indicated by a grey box. 

 13993054, 2026, 3, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/ppl.70917 by E

M
B

R
A

PA
 - E

m
presa B

rasileira de Pesquisa A
gropecuaria, W

iley O
nline L

ibrary on [18/05/2026]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense

https://doi.org/10.1007/s00425-005-1483-y
https://doi.org/10.1016/j.plantsci.2011.07.009
https://doi.org/10.3389/fpls.2022.836244
https://doi.org/10.1017/S1479262121000150
https://doi.org/10.1590/S0100-204X2007000200019
https://doi.org/10.1007/s10457-019-00451-y
https://doi.org/10.1007/s10457-019-00451-y
https://doi.org/10.1111/tpj.70142

	Integrated Multivariate and Univariate Analysis of Circadian Metabolomic Signatures in Yerba Mate Clones in a Semi-Hydroponic System
	ABSTRACT
	1   |   Introduction
	2   |   Material and Methods
	2.1   |   Plant Growth and Tissue Collection
	2.2   |   Metabolite Analysis
	2.3   |   Post-Analysis Treatment

	3   |   Results
	3.1   |   General Aspects of Circadian High-Resolution Time-Point Sampling Strategy (HRS)
	3.2   |   Contrasting the Dark and Light Periods

	4   |   Discussion
	4.1   |   Multivariate and Univariate Statistics Approaches
	4.2   |   Metabolic Inferred Saline Stress Environment
	4.3   |   Photoperiod Effect
	4.4   |   Nitrogen Metabolism: The Metabolic Plasticity of Clones

	5   |   Conclusion
	Author Contributions
	Acknowledgments
	Funding
	Data Availability Statement
	AI Generative Statement
	References


